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Abstract 
Subgroup analyses are essential to generate new hypotheses or to estimate treatment effects in clinically mean-
ingful subgroups of patients. They play an important role in taking the next step toward personalized surgical treat-
ment for brain tumor patients. However, subgroup analyses must be used with consideration and care because 
they have significant potential risks. Although some recommendations are available on the pearls and pitfalls of 
these analyses, a comprehensive guide is lacking, especially one focused on surgical neuro-oncology patients. 
This paper, therefore, reviews and summarizes for the first time comprehensively the practical and statistical con-
siderations that are critical to this field. First, we evaluate the considerations when choosing a study design for 
surgical neuro-oncology studies and examine those unique to this field. Second, we give an overview of the rel-
evant aspects to interpret subgroup analyses adequately. Third, we discuss the practical and statistical elements 
necessary to appropriately design and use subgroup analyses. The paper aims to provide an in-depth and com-
plete guide to better understand risk modeling and assist the reader with practical examples of designing, using, 
and interpreting subgroup analyses.
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Neurosurgeons can choose from an array of surgical modal-
ities and techniques to achieve maximal safe resection of brain 
tumors. For example, techniques can be used to improve the 
extent of resection (eg, intraoperative MRI,1,2 intraoperative 
fluorescence,3 Raman spectroscopy,4,5 or intraoperative ultra-
sound6,7), to prevent neurological deficits (eg, evoked poten-
tials,8–10 minimally invasive techniques such as Laser Interstitial 
Thermal Therapy [LITT]11,12), or both (awake or asleep brain 
mapping13,14). There is increasing evidence on the role of certain 
aspects of surgery for neuro-oncological patients, such as the 
extent of resection, supramaximal resection, and intraoperative 

mapping.15–21 At the same time, there have been notable im-
provements in classifying brain tumor patients based on mo-
lecular information.22–24 These developments warrant new, 
comparative analyses of different surgical treatments in these 
newly classified patient subgroups.

Traditionally, studies have evaluated the benefits of these 
surgical treatments in overall cohorts of brain tumor pa-
tients.1,3,6 Although this is a powerful approach to demon-
strate the overall benefit of a treatment, it fails to inform the 
neurosurgeon for which individual patient it would be bene-
ficial, and for which it is unlikely to improve outcome.25,26 This 

Practical and statistical aspects of subgroup analyses in 
surgical neuro-oncology: A comprehensive review from 
the PIONEER consortium  

© The Author(s) 2024. Published by Oxford University Press on behalf of the Society for Neuro-Oncology.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://
creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, 
provided the original work is properly cited.

D
ow

nloaded from
 https://academ

ic.oup.com
/neuro-oncology/advance-article/doi/10.1093/neuonc/noae261/7918484 by guest on 24 April 2025

https://orcid.org/0000-0003-4619-865X
https://orcid.org/0000-0002-1254-5310
https://orcid.org/0000-0001-8537-106X
https://orcid.org/0000-0003-4798-8231
https://orcid.org/0000-0002-0774-7700
https://orcid.org/0000-0003-4699-260X
https://orcid.org/0000-0002-9854-7404
mailto:j.gerritsen@erasmusmc.nl
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Gerritsen et al.: Subgroup analyses in surgical neuro-oncology 2

means that the specific effects of these treatments in im-
portant subgroups of patients—for example, based on age, 
preoperative functioning status, or molecular mutation 
profile—remain unclear. This, in turn, might lead to the un-
deruse of these modalities due to uncertainty about their 
benefits, even though these approaches could potentially 
improve the outcomes of selected patients. For example, 
recent evidence shows that maximal and supramaximal 
may be more important for astrocytoma grade 2 patients 
than oligodendroglioma grade 2 patients.20

On the other hand, this might also lead to the overuse 
of invasive modalities in patients who might have bene-
fitted from avoiding invasive procedures. This might be 
illustrated by a recent study demonstrating that only pa-
tients <65 years old benefitted from supramaximal resec-
tion.16 Subgroup analyses can also provide insight into 
treatment effects in specific patient populations, informing 
risk stratification for prospective trials. For example, a 
clinical risk score for postoperative outcomes in glioblas-
toma patients can decrease prognostic imbalance between 
study arms.15,26 Last, post-hoc exploratory subgroup ana-
lyses can generate new hypotheses that can be validated 
in subsequent confirmatory studies.27

It is essential to carefully design and interpret these sub-
group analyses, as they are often exploratory post-hoc 
analyses with inherent statistical risks.28–30 This highlights 
the need for a solid understanding of these analyses to 
ensure adequate design and interpretation. While certain 
aspects of subgroup analyses have been previously dis-
cussed in the literature, a comprehensive guide with prac-
tical pearls and pitfalls—especially one focused on surgical 
neuro-oncology patients—remains lacking. The fragmen-
tation of existing recommendations can lead to improper 
use, selective reporting, and misinterpretation, which may 
harm clinical practice. This review aims to fill that gap by 
providing, for the first time, a comprehensive guide on 
planning, analyzing, and interpreting subgroup analyses 
in the context of surgical neuro-oncology studies. This 
guide has been put together by the members of the inter-
national PIONEER Consortium (Personalized Interventions 
and Outcomes in Neurosurgical Oncology Research 
Consortium), an updated name of the previously known 
ENCRAM Consortium (European and North American 
Consortium for Intraoperative Mapping in Glioma Patients) 
that is more representative of the expanded and changing 
scope of the Consortium. For this manuscript, we focus on 
subgroup analyses as stratified analyses of a study popula-
tion of interest. We also evaluate various study designs and 
types of subgroup analyses, highlighting their advantages, 
challenges, pearls, and pitfalls in a practical setting.

Advantages and Challenges of Different 
Study Designs in Surgical Neuro-

Randomized controlled trials (RCTs) are challenging for any 
surgical intervention, and this also holds true for neuro-
oncology. The need for individual and clinical equipoise 
greatly limits the options for control groups and blinded 
randomization is nearly impossible.31 Individual equi-
poise means that the treating physician is truly uncertain 

about which treatment might be the best for a specific 
patient. In contrast, clinical equipoise embodies a similar 
uncertainty but expanded to the profession.31–33 As such, 
only a handful of RCTs have been published evaluating 
surgical modalities’ benefit in glioblastoma patients.1,3,34 
There are a few actively enrolling RTCs for glioblastoma 
patients: for instance, the SAFE trial is investigating the 
potential benefits of awake craniotomy (NCT03861299),35 
the RESURGE trial is investigating re-resection in recurrent 
tumors (NCT02394626), and the BOLD and G-SUMIT trials 
are comparing supramaximal resection to other resections 
(NCT04243005 and NCT04737577, respectively). Table 1 
summarizes key RCTs’ design and study protocol and pro-
spective cohort studies on resection for newly diagnosed 
diffuse gliomas.

It is undisputed that RCTs have major strengths: it cannot 
be overstated that they are the only study design that can 
account for both known and unknown confounders due 
to randomization, unlike observational studies that can 
account for only known confounders. Additionally, they 
can be combined with blinding techniques (single-blind, 
double-blind, and triple-blind), although complete blinding 
is not feasible for surgical studies in practice.42 When pre-
ceded by appropriate power analyses, they are the best 
approach for comparing the overall benefit of different 
treatment arms with high internal validity.43 However, 
several issues make designing and completing RCTs for 
investigating surgical neuro-oncological modalities par-
ticularly difficult.44 Critically, the lack (or perceived lack) 
of equipoise often results in highly selective study re-
cruitment, slow accrual and lack of external generaliza-
bility.45–48 Moreover, many RCTs suffer from slow accrual 
due to the highly selective inclusion of patients with ex-
ceptional high-performance statuses. As a result, a con-
siderable proportion of RCTs fail to be completed across 
neuro-oncology.49,50 The effect of a lack of patient accept-
ance to be randomized in the context of brain tumor sur-
gery is another barrier. Critically, RCTs are extremely costly 
and require significant resources and time to complete 
relative to observational studies with carefully selected 
propensity-matched groups.51 Finally, RCTs cannot in-
clude updates on the techniques when the trial is active 
(also called “episodic design”), which can limit the inclu-
sion of new technology or fail to account for a change in 
equipoise during trial enrollment, potentially making any 
results outdated before they are published. Given these 
limitations, RCTs may be best applied to questions for 
very specific subgroups of patients in which there is a true 
equipoise of treatment, where broad generalizability is not 
necessary, and a large multicenter effort can accelerate 
patient recruitment. Randomized controlled trials can be 
followed by post-hoc exploratory, hypothesis-generating 
subgroup analyses and subsequently, large observational 
studies with pre-defined subgroups to assess the risk-
benefit ratio for selected patient subgroups. When there 
is a lack of equipoise and a large heterogeneity in clin-
ical practice, prospective observational studies coupled 
with matching methods might be better suited to answer 
the research question. Notably, it has been shown that 
well-designed observational studies may find a similar 
magnitude of the associations between exposure and out-
come as RCTs.52,53 Figure 1 evaluates the methodological 
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strengths and weaknesses of randomized versus observa-
tional study designs in surgical neuro-oncology.

Reasons to Use Subgroup Analyses

Generally, there are 4 main reasons for subgroup analyses, 
as described comprehensively by Rothwell in 2005.54 The 
first reason is possible heterogeneity in treatment effects 
related to risk. This poses an additional challenge because 
study arms are often skewed in the risk distribution within 
the study arms. This means that a disproportionate (low) 
number of patients is responsible for a disproportionate 
(high) risk. As a consequence, the treatment effect might be 
over-interpreted for low-risk patients.55 The long-standing 
debate on biopsy versus resection for elderly glioblastoma 
patients could be an example.56,57 Within this subgroup, 
the location of the tumor causes possible heterogeneity 
in treatment effect: deep-seated, butterfly, or basal gan-
glia tumors have vastly different risk profiles than cortical 
tumors. This difference in risk warrants an additional sub-
group analysis to adequately compare resection versus 
biopsy. The second reason is closely related: instead of 

differences in risk, there are potential differences in patho-
physiology among the patients. Our previous publications 
might be practical examples.14,19 We demonstrated that 
awake mapping and maximal resection only led to longer 
survival outcomes in patients with 06-methylguanine-
DNA-methyltransferase (MGMT) methylated tumors, but 
not in MGMT unmethylated tumors. We hypothesized that 
the cytoreduction synergized with the adjuvant treatment 
only in MGMT-methylated patients.

The third reason is a clinically important question re-
garding the practical application of the treatment, such as 
differences in risk-benefit ratios across patients due to age 
categories or surgery timing. For instance, Molinaro and 
coauthors found that supramaximal resection conferred 
a survival advantage only among patients 65 years or 
younger.16 Young and coauthors found that a longer time 
between diagnosis and surgery did not negatively im-
pact survival in glioblastoma patients.58 Importantly, they 
concluded that “future studies are needed to explore sub-
groups for whom time-to-surgery may impact clinical out-
comes.” The fourth reason consists of the underuse of the 
treatment in specific groups. In neurosurgical oncology, for 
example, tumors presumed inoperable by some surgeons 
or centers may benefit from surgical resection. Krieg et al. 

Design, implementation, and analysis Randomized
controlled trial

Observational study +
propensity-score matching

Prospective design

Accounts for known confounders

Adequate when there is clinical or individual equipoise

Adequately powered

Stratification

Can identify causal relationships or efficacy

Accounts for unknown confounders, high internal validity

Loss of statistical power because of matching

Adequate when there are ethical concerns for randomization

Adequate when there is no clinical or individual equipoise#

Cost

Potential problems with accrual

Risk of limited external validity

Episodic in design and techniques used / studied

Double-blinding or sham-controlled design possible

Yes

Yes

Yes

Yes

Optional

Yes

Yes

No

No

No

High

Yes

Yes

Yes

No

Optional

Yes

Yes

Yes

Optional

Yes

No

Yes

Yes

Yes

Low

No

No

No

No

#No equipoise which causes high heterogeneity in indication setting and procedure

NB: Table cells that state “yes” or “low” indicate favorable criteria (n = 11 for observational, n = 8 for RCT),
while “no” or “high” indicates unfavorable criteria (n = 4 for observational, n = 7 for RCT).

Figure 1.  Comparison of study designs in surgical neuro-oncology.
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showed that a safe resection was possible in most of these 
patients in expert centers.59 Additionally, Southwell et al. 
showed that the use of intraoperative mapping could even 
lead to not only a safe but also a maximum resection in a 
high percentage of these patients.60

The following paragraphs will elaborate on 3 methods 
of subgroup analysis: (1) prospective and confirmatory 
subgroup analyses (inferential subgroup analysis), (2) 
prospective and exploratory subgroup analyses (consist-
ency assessment and supportive subgroup analysis), and 
(3) post-hoc, exploratory subgroup analyses.61,62 These 
3 types of subgroup analysis61 (Figure 2A) are powerful 
methods that can be employed for both randomized and 
observational study designs but need to be designed, per-
formed, and interpreted cautiously.

The 3 Types of Subgroup Analysis

(1) Prospective, Confirmatory Subgroup Analyses

With prospective subgroup analyses, the researchers 
define the subgroups they are interested in and their ex-
pected direction of treatment effect before the study starts 
(also called pre-defined subgroups). Often, these sub-
groups are defined by systematically evaluating previous 
evidence and identifying all potentially relevant factors 
(in a clinical or biological sense) and their potential inter-
actions. The primary aim of the prospective, confirmatory 
subgroup analysis is to determine the efficacy of a certain 
treatment, surgery, or other intervention within a specific 
patient population. This requires comprehensive method-
ological planning and correcting for multiple tests to study 
causal relationships (inferential analyses).

There are 2 general risks when planning prospective 
subgroup analyses: type I and type II errors. Type I errors 
(false positives) are often caused by studying too many dif-
ferent subgroups and carry the risk of overinterpretation 
of the results.29,63,64 Type II errors (false negatives) are fre-
quently the consequence of inadequate power because 
the subgroups were not considered during the sample size 
calculation. This leads to underpowered analyses and un-
reliable results.29 This is an inherent weakness with post-
hoc subgroup analyses (elaborated upon later); however, 
prospective studies (discussed here) can pre-empt this 
problem by considering the subgroups when planning the 
study’s sample size.

Trial design is one of the key considerations when plan-
ning a prospective subgroup analysis. In a fixed design 
trial, the study design is documented before the start of 
the study and no modifications are allowed during the trial. 
Often, these trials only include the specific subgroup that 
the researcher is interested in, for example, to study the 
benefit of resection in elderly patients >80 years of age 
(single population).57 On the other hand, studies can include 
multiple subgroups simultaneously (multi-population). 
For example, the currently accruing SUPRAMAX study in-
vestigates the benefit of supramaximal resection in 3 pre-
defined subgroups: age, MGMT methylation status, and 
preoperative Karnofsky Performance Score (KPS) status.65

The alternative to a fixed design is an adaptive trial de-
sign. This means that the study design can be modified 
during the study by using an interim analysis at a time 
that was decided before the start of the trial.66,67 It is up to 
the statistical and clinical committees to decide about the 
timing of the interim analysis. This is done in order to de-
tect an early trend in the data to decide whether the trial 
needs to be stopped or modified. The timing of this varies 
by the research question, study team/statistician, the spe-
cific design, the expected recruitment and event rates, 
the length of time to assess the outcome, and other eth-
ical considerations, without inflating the type I error rate 
or compromising power.68 Notably, if the analysis is con-
ducted too early, it may lack sufficient power to detect any 
statistical significance and may erroneously lead to prema-
ture stopping. Hence, controlling for increased type I and 
type II errors while calculating sample size is needed.69,70 
An example is adaptive randomization, in which the group 
allocation is altered based on the interim analysis and 
more (or even all) patients are allocated to the treatment 
group that is performing better (“drop-the-loser”).71 To our 
knowledge, neurosurgical trials have yet to use an adaptive 
design, but these are already utilized in neuro-oncological 
trials. For example, Rahman et al. used adaptive random-
ization in their study to compare abemaciclib, neratinib, 
and CC-115 (with chemotherapy plus radiotherapy as con-
trol arm) for their efficacy as adjuvant treatment in newly 
diagnosed glioblastoma patients.72 They started the trial 
with a 1:1:1:1 randomization allocation, which was then au-
tomatically adapted during the trial. Based on the interim 
results, CC-115 had inferior progression-free survival (PFS) 
than the other treatment arms. Consequently, the random-
ization probability for this treatment arm decreased from 
25% to 16% and as a result, 12 instead of 18 patients were 
included in the CC-115 arm.

Adaptive trial designs can be advantageous for sub-
group analyses in neurosurgical studies.71 For example, 
they can reduce the required sample size with the same 
power by a drop-the-loser design or re-estimating the 
sample size based on the interim analysis. Decreasing or 
eliminating randomization to inferior treatment arms also 
helps accrual and acceptance of patients to be random-
ized, which are notable issues for neurosurgical trials.71 
A second advantage is the possibility to combine in one 
study both exploration and confirmation of (1) a treatment 
effect (eg, effect of resection versus biopsy in thalamic 
glioma patients explored and confirmed) or (2) a covariate 
threshold (eg, age cutoff value of 65, 70, and 75 years old 
for supramaximal explored, selected, and confirmed).

A third advantage of adaptive designs is subgroup en-
richment.73,74 This means the subgroup of patients most 
likely to benefit from the treatment is selected. Although 
this is often a 2-step approach in which the first study post-
hoc identifies this subgroup, and a second study is pro-
spectively “enriched” for this subgroup, these 2 steps can 
be combined into 1 study with an adaptive design. This 
allows individual patients quicker access to the most ef-
fective treatment and decreases unnecessary exposure to 
less effective treatments. Potential downsides of adaptive 
designs are the higher costs due to added support require-
ments from data managers and statistics staff, and the risk 
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Confirmatory Exploratory

Prospective
confirmatory

Objective

Characteristics

Pearls

Pitfalls

Single-step

Bonferroni

Pros

Cons

Holm Hochberg Hommel Fixed Fallback Chain

Stepwise

Data-driven Pre-specified

Prospective
exploratory

Post-hoc
exploratory

Efficacy assessment

Predefined subgroups

Predefined interactions

Predefined efficacy threshold

Subgroups included in power analysis

Always multiplicity correction

Adaptive design to combine
exploration and confirmation of

treatment effect or threshold

Forest plots

Shrinking estimation

Treatment-by-subgroup
interaction or differential

treatment effect test

Consistency criterion fails to
take into account variability

around point estimate

Cannot be used for inference

High risk of type II errors

A void large numbers of
post-hoc subgroup analyses

“Data mining” after failed study

Consistency criterion less
useful when investigating

treatments with large
interactions

Predefined algorithms for
subgroup identification

Assess reproducibility

Positive findings must be
confirmed in a confirmatory

analysis

Enriched design to increase power
of subgroup analysis

Decision making framework

Inadequate definition of enriched subgroup

Inappropriate choice of multiplicity
correction method

Not using enrichment adjustment approach

Easy to use
Non-parametric

Prone to be overly
conservative

More power than Bonferroni
Non-parametric (Holm) Easy to use

Testing continues
after a hypothesis

is not rejected

Transfers
error rate

Testing stops once
a hypothesis is

not rejected

More advanced
than fixed-
sequence

More advanced than Bonferroni
Parametric (Hochberg, Hommel)

Predefined subgroups

Predefined interactions

Predefined consistency criterion

Subgroups included in power analysis

Multiplicity correction optional

Consistency assessment Hypothesis generating

No predefined subgroups or
interactions

Subgroups not included in
power analysis

Multiplicity correction
optional

(A)

(B)

Figure 2.  (A) Subgroup analysis methods. (B) Multiplicity correction methods.
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of operation bias because caregivers and surgeons might 
learn which treatment is better during the trial.

(2) Prospective, Exploratory Subgroup Analyses 
(Consistency Assessment)

The second type of subgroup analysis is the consistency 
assessment. Its primary aim is to examine if a treatment 
benefit demonstrated in an RCT, can be extrapolated to 
one or multiple pre-defined subgroups (treatment effect 
homogeneity). For instance, when a new surgical strategy 
is implemented and its effects are measured in the overall 
cohort, it could be useful to evaluate if the effects are the 
same in all the relevant subgroups. The RCT by Stummer et 
al. on using 5-aminolevulinic acid (5-ALA) in glioblastoma 
surgery is an example of this type of analysis.3 They found 
that the 6-month PFS was higher in the 5-ALA arm than in 
the conventional surgery arm (41.0% vs. 21.1%, P = .003). 
After stratifying these analyses for the pre-defined sub-
groups based on age, they found that this beneficial effect 
was consistent for younger and older patients (≤55 vs. < 55 
years). To make the consistency assessment results easily 
interpretable, making a forest plot can be helpful. A forest 
plot summarizes the treatment effects across different sub-
groups in one comprehensive figure. This makes the re-
sults across the subgroups easier to digest for the reader 
and allows for examination if indeed there is treatment ef-
fect homogeneity.62 However, because these results can be 
underpowered, they must be interpreted cautiously.

(3) Post-hoc and Exploratory Subgroup Analyses

The third type of subgroup analysis is the post hoc, ex-
ploratory analysis. Because it is sometimes impossible 
to predefine all potentially important subgroups, some 
must be examined post-hoc (after completing the study). 
This can be true for electronic health records, claims data-
bases, and registry studies. Importantly, even though the 
subgroups are identified post-hoc, the methods to identify 
them can be defined prospectively. Alternatively, relevant 
patient subgroups can be identified post-hoc with a sys-
tematic (disciplined) subgroup search.61,75 This search aims 
to find patient subgroups that have a stronger effect on the 
surgery or treatment than other patient subgroups. It is im-
portant to note that post-hoc analyses cannot be used for 
inferential (causal) conclusions: their findings always need 
to be validated in a subsequent prospective confirmatory 
study. Furthermore, they are prone to confounding and 
should only be used as hypothesis-generating analyses.

The GLIOMAP study is an example of a study that uses 
post-hoc, exploratory subgroup analyses, in this case, to 
stratify for baseline prognostic imbalance. For this study, 
we compared the survival of awake craniotomy versus 
asleep resection using Kaplan-Meier curves.14 For the 
overall cohort and some of the matched subgroups, we 
observed “crossing curves.” This simply means that the 
Kaplan-Meier curves crossed each other and can indicate 
non-proportional hazards. One way to address this issue 
is to stratify the analysis for an important prognostic vari-
able, molecular factors (MGMT methylation status and IDH 
mutation status). After stratifying the analyses for these 

molecular factors, the survival curves separated without 
crossover. Other reasons to use post-hoc analyses are to 
investigate if certain subgroups may benefit from the in-
tervention (when the overall effect was negative), those 
that may benefit the most from the intervention (when 
the overall effect was positive), or have a different safety 
profile.

Therefore, the primary aim of post-hoc exploratory sub-
group analyses is to investigate these differences between 
subgroups (treatment effect heterogeneity) and to gen-
erate new hypotheses.

In statistical terms, treatment effect heterogeneity is de-
fined as interaction: the treatment effect differs between 
subgroups because there is an interaction between the 
treatment and the subgroup covariate.76 The GLIOMAP 
study might illustrate this.14 One of the study’s aims was to 
evaluate if awake craniotomy was predictive of complete 
resection of the contrast-enhancing tumor. We used mul-
tiple multivariable logistic regression analyses in the overall 
cohort and subgroups for age, preoperative NIHSS score, 
and preoperative KPS. The regression analyses showed 
that awake craniotomy was predictive of complete resec-
tion in the overall cohort (odds ratio [OR] 1.88, P = .013), 
and the subgroups aged <70 (OR 1.86, P = .028), aged ≥70 
(OR 2.31, P = .012), NIHSS 0–1 (OR 1.97, P = .038), and KPS 
90–100 (OR 2.44, P = .0080). However, no significant effect 
was found in the subgroups of NIHSS ≥ 2 (OR 1.35, P = .66), 
and KPS ≤ 80 (OR 2.19, P = .18). We then used an interaction 
term between the treatment (awake craniotomy) and the 
subgroup covariate (age, NIHSS, or KPS) to study treatment 
effect heterogeneity among the subgroups. The interaction 
term is coded as a “*” between the treatment and subgroup 
covariate. The null hypothesis of the interaction is that test 
the treatment effect is the same for different covariate values, 
for example, younger or older patients. In our analysis, 
the interaction terms were nonsignificant for awake*age 
(P = .77), awake*NIHSS (P = .50), and awake*KPS (P = .47). 
This indicates no statistical difference in the treatment effect 
of awake craniotomy on complete resection across these 
subgroups. In other words, the association between awake 
craniotomy and complete resection is similar for patients ir-
respective of age, preoperative NIHSS score, or preopera-
tive KPS. The fact that we observed a nonsignificant effect 
in 2 subgroups (NIHSS ≥ 2 and KPS ≤ 80) suggests that the 
analyses for these subgroups might have been underpow-
ered. This may have led to a type II error (false negative 
finding due to insufficient power). A common mistake is to 
claim that there is treatment effect heterogeneity because 
the association (OR and hazard ratio) between the treat-
ment and the outcome is different within each of the levels 
of the baseline variable. For example, testing the associa-
tion between awake craniotomy and complete resection in 
younger patients and then separately in older patients does 
not answer if age influences this association. Only the in-
teraction test (eg, awake*age) determines if the effect in 
younger patients is different than in older patients. The the-
oretical reasons for this have been explained in previous 
papers.30,77

Interpreting post-hoc subgroup analyses can be a chal-
lenge. It is often helpful to evaluate if certain factors have 
been pre-specified. This provides insight and may ben-
efit the credibility of the subgroup findings. Examples of 
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factors that can be pre-specified are the rationale for the 
subgroup analysis (such as clinical or biological plausi-
bility), the effect size and direction, covariate levels, and 
cutoff values, the statistical methods that will be used, or 
the endpoint that will be studied. It is important to keep 
in mind that plausibility is not always reliable: most sub-
groups are comprised of well-known predictive or prog-
nostic factors, and it is therefore very common for these 
subgroups to be considered “plausible.” One way to ad-
dress this is to prospectively discuss a range of factors that 
would be by their underlying mechanism the most prob-
able factors, along with their direction of effect.

Multiplicity Correction

Post-hoc analyses are often done with several subgroups. 
In an extreme form, this can lead to “data dredging” or 
“fishing expeditions.” This means that multiple subgroups 
are analyzed with the deliberate goal of finding a subgroup 
that has a significant outcome. This is problematic because 
analyzing multiple subgroups (multiple testing) makes 
these analyses prone to false-positive findings (type I 
error). The risk of false-positive findings increases with the 
number of tests that are performed (read: the number of 
hypotheses that are tested, the number of subgroups that 
are studied).62,64 This can be explained by the fact that typ-
ically, each analysis has an α of 5% associated with it (the 
risk to find a false-positive finding). If 3 analyses are per-
formed with an α of 5%, the overall risk of a false-positive 
finding increases to 15%. This underlines the fact that for 
a correct interpretation of post-hoc analyses, it is vital to 
know how many tests have been performed for the sub-
group analyses. The elevated risk of false-positive find-
ings due to multiple tests can be mitigated by correcting 
for doing multiple tests (multiplicity correction). For mul-
tiplicity correction, 3 methods can be used: lowering the 
significance level α, increasing the p-value, or widening the 
confidence interval of the individual tests. The goal of all 
3 methods is to make it more difficult to reject the null hy-
pothesis for an individual test (to get a significant result). 
This will decrease the risk of false-positive results. We will 
focus on the first method (lowering the significance level) 
because this is the most frequently used in daily practice. 
The approaches to do this are summarized in Figure 2B.

The most commonly used multiplicity correction method 
is the Bonferroni method. This method is relatively simple: 
it divides the significance level α for the individual tests by 
the total number of tests performed. For example, when 
5 hypotheses are tested in a study with an overall signifi-
cance level of 0.05, the Bonferroni method lowers the sig-
nificance level for the individual tests to 0.01. This ensures 
that testing 5 hypotheses with a significance level of 0.01 or 
testing one hypothesis with a significance level of 0.05 will 
have the same probability of finding false-positive results. 
The Bonferroni method is a so-called single-step multiple-
testing procedure. This means that with one single adjust-
ment to the significance level, all the hypotheses of the 
study can be tested simultaneously (eg, all hypotheses are 
significant when P < .01, instead of P < .05). The limitation of 
this method is that it decreases the power of the individual 

tests significantly as the number of tests increases. In other 
words, it can make the significance level α too conserva-
tive (e,. 0.01 instead of 0.05 can be too strict statistically 
in some instances). Alternatives that carry greater power 
are stepwise procedures,63,64,78 which test the hypotheses 
in a particular order. This means that after each test, the sig-
nificance level is adjusted based on the “data” of the first 
test, and with this new significance level, the next hypoth-
esis is tested. Because the adjustment of the significance 
level of the test is based on the “data” of the previous 
test, these stepwise procedures are called data-driven. 
Examples of data-driven procedures are Holm’s method, 
Hochberg’s method, and Hommel’s method.79–81 The alter-
native to data-driven procedures is pre-specified proced-
ures: the adjustment of the significance level is not based 
on the previous test but is pre-specified. Examples are the 
fixed-sequence procedure, the fallback procedure, and the 
chain procedure63,64 (Figure 2B). The theory behind these 
methods falls outside of the scope of this paper.

These methods to correct for multiplicity (single-step or 
stepwise) are examples of sequential approaches. Their lim-
itations are outlined in Figure 2B. An alternative to these 
methods is the alpha spending function, which offers a flex-
ible approach by “spending” portions of the overall type I 
error rate (α, usually 0.05) across multiple tests over time, 
such as the O’Brien-Fleming and Pocock boundaries.82–85 
This approach can be useful particularly when conducting 
interim analyses as part of an adaptive randomized trial. For 
example, rather than requiring a predetermined (fixed) plan 
for carrying out the interim analyses, it allows for flexibility 
in the timing and number of interim analyses. This makes it 
easier to deal with unplanned deviations in the trial or extra 
analyses without inflating the type I error. Furthermore, 
this approach can adapt to the trial data by adjusting the 
spending rate of α based on the results of previous analyses. 
For example, if an early analysis looks promising, a smaller 
portion of α can be spent early, leaving more room for later 
tests. This may result in a higher power (lower type II error 
caused by an underpowered analysis), especially for early 
or unexpected interim analyses, by avoiding the sometimes 
overly conservative nature of traditional sequential ap-
proaches (such as the Bonferroni).

Application Examples of Subgroup 
Analyses in Neuro-Oncology

The choice for a certain method of subgroup analysis is de-
pendent on the hypothesis that the researchers aim to test 
or the research question that they try to answer. This will in-
fluence the choice to confirm, explore, or discover specific 
subgroups. As described earlier, 2 common reasons to use 
subgroup analyses are to study the association between 
treatment and outcome in an already known subgroup (eti-
ological analysis) or to discover important subgroups.

We will give 2 practical examples that illustrate these 
reasons along with the pearls and pitfalls on their indica-
tions, analysis, and interpretation. These are summarized 
in Figure 3. General recommendations for the planning, 
analysis, interpretation, and presentation of subgroup ana-
lyses are presented in Figure 4.
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Regression modelling in a propensity-
score matched cohort design

Indications

Considerations
Advantages

Considerations

Analysis and presentation

Disadvantages

Etiological analysis Discovering new subgroups
Data mining

Prospective or post-hoc in design

Matching minimizes confounding bias by
creating balanced groups at baseline

Matching is flexible: possibility to adjust
settings such as caliper, matching ratio, and

matching method

Matching is transparent: covariate balance
before and after matching can be presented

Useful in observational studies when there are
ethical concerns for performing a randomized

controlled trial

Able to handle heterogeneity in local practices
with excellent external validity

Parametric method Post-hoc in design

Not ideal with continuous or multilevel outcomes

Tree building and structure can be unstable and
may be prone to overfitting

Often not possible to use for inference (random
forests should be used for this)

May miss additional predictive factors during the
latter stages of the partitioning

May increase multiplicity since it considers large
number of possible partitions

Less useful with low number of patients in dataset:
unable to adequately partition

Selection of appropriate matching
covariates (known confounders)

influences propensity scores: subject
matter know ledge is necessary

Matching decreases power and
increases type II error rate because of

excluding non-matched cases

Patients from different groups with
overlapping propensity scores may be
similar to eachother but might not be

representative for their own group

Does not take into account unknown
confounders

Determine matching exposure,
covariates, matching ratio and caliper
settings: balance between too relaxed

(residual confounding) or too strict
(decreased external validity)

Consider if RPA is the most appropriate
machine learning method or if an alternative
method should be used: e.g., another CART
method (MARS, GAM) or an unsupervised

algorithm such as clustering

“Prune the tree” to counteract overfitting

Know when to stop pruning: use an independent
test set or use cross-validation (in case of

smaller datasets)

Use bootstrapping methods to illustrate the
variability of single trees

Use random forests with bootstrapping or
bagging methods for inferential analyses

Perform stratification if applicable

Present the outcome of the matching
procedure: covariate balance before

and after matching

Perform etiological regression
analyses on matched cohorts

Perform predictive regression
analyses on unmatched cohorts

Perform sensitivity analysis

Nonparametric method

Simple, intuitive, easy-to-interpret

Able to identify synergy among factors

Able to identify nonlinear relationships between
predictor and outcome

Able for construct homogenous risk strata

Able to handle missing values and outliers

Able to handle large number of categories

Able to identify predictors when little is known
about the relationships between predictors and

between predictor and outcome

Recursive partitioning
analysis

Figure 3.  Pearls and pitfalls for 2 common subgroup analysis methods in surgical neuro-oncology.
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Indication and planning

Implementation and analysis

Interpretation and reporting

Consider the objective of the subgroup analysis to select the appropriate method

Consider the advantages and disadvantages of nonparametric and parametric methods for subgroup analyses (Figure 3)

Consider post-hoc subgroup analyses to discover subgroups with desirable features such as improved benefit or reduced risks, side effects, or

Consider adaptive trial designs to combine exploration and confirmation of a treatment effect or covariate threshold

Consider targeted subgroup enrichment to increase the power of the subgroup, but one should be cautious to adequately define the subgroup

and to anticipate delays in patient accrual

Predefine the subgroups and their assumed direction of treatment effect: if possible, base them on important factors such as stratification

factors or based on clinical plausibility of the beneficial effect. Avoid defining them based on outcome factors

Predefine potential interactions between covariates

If no subgroups are predefined, predefine the specific algorithms for systematic (disciplined) subgroups identification

Include predefined subgroups in the power analysis and sample size calculation: failure to do so will inflate the type II error (false negatives)

due to inadequate statistical power

When planning a confirmatory subgroup analysis, predefine an efficacy threshold for the treatment effect that is expected to be achieved in

the selected subgroup

When planning a consistency assessment, predefine a threshold that the treatment effect of the least benefitted subgroup ( or the

complemented subgroup in a two-arm study) should meet (consistency criterion)

When planning a post-hoc subgroup analysis as part of a "failed study", make sure that this is based on a solid clinical or methodological

reason (e.g., inclusion criteria too relaxed to demonstrate overall effect).

Consider using stratification methods to make the subgroups more comparable (homogeneous) before performing the subgroup analysis

Avoid performing large numbers of subgroup analyses: this will lead to inflation of the type I error (false positives) and subsequent over-

interpretation of the results

When performing confirmatory subgroup analyses, complete three steps: trial design and population selection, multiplicity correction,

decision making

Correct for multiplicity using one of three methods: lowering the significance level alpha, increasing the p-value, or widening the confidence

interval of the individual tests

The Bonferroni method is the easiest multiplicity correction method but when large numbers of subgroup analyses are performed, more

advanced methods such as Holm's, Hochberg's, or Hommel's should be used because their increased power

Use Bonferroni or Holm's method when the data warrants the use of a nonparametric method

To visually present treatment effect heterogeneity, use forest plots

To test for treatment effect heterogeneity, use treatment-by-subgroup interaction tests; however, in small subgroups, use tests of differential

treatment effect instead of interaction tests

If subgroup enrichment has been used, one should consider an enrichment adjustment approach to make the results applicable as if there was

no enrichment design

When using recursive partitioning analysis, prune the tree to counteract overfitting

When using regression modelling, combine it with propensity-score matching to decrease confounding-by-indication

When using regression modelling for etiological (inferential) analyses, use the matched subgroups

When using regression modelling for predictive analyses, use the unmatched subgroups

Discuss the methodological and statistical considerations in the Methods section

Report all the subgroup analyses: not only the significant ones

After performing confirmatory subgroup analyses, consider the tailored effect claim, broad effect claim, and the enhanced effect claim

After post-hoc subgroup analyses, assess the reproducibility: clinical plausibility, effect size, and confirmation of the results

Post-hoc subgroup analyses are over-interpreted easily due to their proneness to high type II error rates (false negatives) and cannot be used

for inferential conclusions

Positive findings in an exploratory subgroup (either prospective or post-hoc) should always be confirmed in subsequent confirmatory

subgroup analyses

complications

Figure 4.  Recommendations for subgroup analyses in surgical neuro-oncology studies.
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The study by Molinaro et al. published in 2020 illustrates 
the first reason.16 They investigated the value of minimizing 
the residual non-contrast enhancing (NCE) tumor volume 
in glioblastoma patients. The objective of this study was to 
assess the association of minimizing residual volume and 
survival while considering molecular and clinical factors. 
To this end, a variation of recursive partitioning analysis 
(RPA, a form of classification and regression trees [CART]) 
called partDSA was used to discover 4 distinct patient sub-
groups based on molecular and clinical data.16,86 Each of 
these subgroups corresponded to different survival out-
comes. These CART techniques are often displayed as the 
branches of a tree because they split the data into sev-
eral smaller patient subgroups, hence the name “classifi-
cation tree.” The tree starts with a root node at the top of 
the tree. This root node includes all the available training 
data. From this root node, a split in the tree occurs and is 
based on the variable which increases the homogeneity 
of outcome (here, survival) in the resulting 2 new nodes 
(in this case: temozolomide after surgery: yes or no). 
These nodes can either be terminal or nonterminal nodes. 
Terminal nodes are nodes after which that specific branch 
of the tree stops: there are no more splits after this node. 
These nodes represent a distinct subgroup in the data. In 
this study, the first terminal node occurred after the first 
split: patients who had not undergone temozolomide after 
surgery formed a separate subgroup. Nonterminal nodes 
are nodes after which the branching of the tree continues. 
In this practical example, patients who had undergone 
temozolomide after surgery were split again for IDH status, 
age at diagnosis, and residual NCE tumor after surgery. In 
the end, all the cases included in the learning set end up 
at one specific terminal node and the partition—the set of 
all terminal nodes—is completed. In the Molinaro study,16 
this resulted in 4 distinct subgroups of patients, based on 
4 different nonterminal nodes: patients who did not re-
ceive temozolomide after surgery (subgroup 1), patients 
who received temozolomide, had an IDH wildtype tumor, 
and were older than 65 years old (subgroup 2), patients 
who received temozolomide, had an IDH wildtype tumor, 
were 65 years or younger, and had a residual NCE tumor 
of more than 5.4 ml (subgroup 3), and patients who re-
ceived temozolomide and had an IDH mutated (IDHmt) 
tumor or those who received temozolomide, had an IDH 
wildtype (IDHwt) tumor, were 65 years or younger, and 
had a residual NCE tumor of less than 5.4 ml (subgroup 
4). For this latter subgroup, the overall survival was sim-
ilar between the subset of IDHwt tumors and the IDHmt tu-
mors. Note that the partDSA algorithm differs from CART 
in that it inherently combines subgroups to maximize the 
homogeneity within a terminal node, rather than separate 
subgroups with similar outcomes. This is illustrated in our 
example study by the fact that subgroup 4 was formed by 
2 distinct types of patients: IDHmt patients, and younger 
IDHwt patients with supramaximal resection.

There are a few challenges with RPA.87 The first is the risk 
of overfitting, that is fitting the data not only on the actual 
signal within the data but also on the noise. If the data are 
“overfit”: they only fit on the training data and not on other 
data, such as testing data or validation data (often because 
the model captures noise rather than the underlying pat-
tern, which may lead to poor generalizability). To counteract 

overfitting, it is best not to have too many branches (sub-
groups). Therefore, like a tree, it can be pruned: finding 
a subtree of the “first draft” of the tree that is the best at 
predicting the outcome and is relatively protected to 
overfitting. However, the important part is deciding when to 
stop. There are 2 ways to test this: using an independent test 
set, or cross-validation (preferred for smaller datasets). Both 
these tests work by testing different potential subtrees for 
their potential to reliably predict the subgroups in data other 
than the original training set that the tree was built on.

A random forest is a collection of individual trees which 
has excellent predictive abilities.88 As the name implies, 
this method works by building a large number of trees 
using random subsets of the data (eg, with bootstrapping 
or bagging methods89–91). The final prediction uses results 
from all the different trees (the individual trees should not 
be pruned like in RPA because otherwise, there will be a 
loss of information). Random forests are more stable than 
“single trees” as developed by RPA and are less suscep-
tible to prediction errors. The choice between random 
forest versus “single-tree” RPA depends on a number of 
factors.92 One major advantage of single-tree RPA is the in-
terpretability of the tree structure. Each branch represents 
a clear decision rule and the final leaves represent distinct 
subgroups of patients. This means that single-tree RPA is 
useful to identify a single set of subgroups, assuming that 
the structure of the subgroups is simple and interactions 
are limited. However, single-tree RPA is prone to overfitting 
the data, especially when the tree grows too large. Also, it 
uses a “greedy algorithm,” which means that it splits each 
node without considering the overall structure. This can 
lead to suboptimal subgroup identification if the most in-
formative splits are not chosen early in the tree. Third, it can 
be unstable, meaning that small changes in the data can 
lead to significant changes in the tree structure.93 Random 
forests, however, can solve some of these problems of 
single-tree RPA. Multiple possible splits and interactions 
between variables, which handle complex nonlinear re-
lationships and interactions between subgroups, “rank” 
the variables based on importance, and can visualize the 
relationship between variables. Because random forests 
combine the decisions and predictions of a large number 
of trees, they are more stable and less prone to overfitting, 
and their results are more generalizable than single trees.94 
However, the downside of random forests is that they are 
more difficult to interpret than single trees (the overall 
model is a “black box”). Thus, the clear interpretability and 
identification of subgroups with single-tree RPA means 
that this method is ideal for clinical decision-making. 
Random forests, on the other hand, are particularly useful 
when evaluating which variables are most important in 
predicting the outcome (especially when there is inade-
quate clinical knowledge to select the variables).

The advantages and disadvantages of CART techniques 
are shown in Figure 3 along with their indications, organ-
ization, presentation, and interpretation. Other nonpara-
metric methods exist to discover subgroups and have their 
own advantages and disadvantages. For example, some 
are better at handling continuous variables (multivariate 
adaptive regression splines [MARS]95), more useful when 
the relationship between the predictor variable and out-
come is not linear (generalized additive models [GAM]96), 
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or instead of these supervised machine learning algo-
rithms, are unsupervised (clustering97).

The second common reason to use subgroup analyses 
is the etiological analysis to study the association between 
treatment and outcome. Examples of statistical methods 
that can be used for these analyses are linear regression 
models (for continuous outcomes), logistic regression 
models (for binary outcomes), and Cox proportional-
hazards regression models (for censored outcomes). 
Rather than discovering subgroups with “data mining” 
methods such as CART, MARS, and GAM, subgroups that 
already have been defined by the researcher are analyzed.

It is vital that the homogeneity within and between sub-
groups is maximized before moving on to the actual data 
analysis. Homogeneity within the subgroup can be maxi-
mized by using stratification methods. In RCT, this is called 
stratified randomization.98 For example, Stummer et al. 
randomly assigned patients to the 5-ALA and control arm, 
while considering the stratification factors age (≤ 55 vs. > 55 
years), KPS (70–80 vs. > 80), eloquence (non-eloquent vs. el-
oquent), and study surgeon.3 This means that the randomi-
zation method will make sure that the patients in both trial 
arms are evenly balanced for these factors. Observational 
studies can mimic the stratification randomization design 
by first stratifying patients based on pre-defined factors (eg, 
age and functional status) before performing the analysis. 
An example can be observed in the GLIOMAP study and its 
supplementary analysis in which we stratified patients for 
age, preoperative neurological status, and preoperative 
functional status before moving on to the actual analysis.14,19

Homogeneity between subgroups can be improved by 
using matching methods. The most commonly used method 
is propensity score matching.99 This means that every pa-
tient gets assigned a propensity score. In the GLIOMAP 
study, this propensity score corresponded to the probability 
of having a certain exposure (awake craniotomy) based on 
their individual set of covariates (eg, age, functional status, 
etc).14 Patients from the group with the exposure (awake cra-
niotomy) were matched with the patients from the group 
without the exposure (asleep resection) based on their pro-
pensity score (their individual set of covariates). This method 
acts as a countermeasure for confounding bias, a bias caused 
by the prognostic imbalance in the patient’s covariates (eg, 
if awake brain surgery is found to be associated with longer 
survival, but in particular younger patients undergoing awake 
brain surgery: it is now unknown if the longer survival should 
be attributed to the intervention [awake brain surgery] or the 
confounding covariate [age]). It is good practice to show in 
appendix tables the outcome of the matching procedure, that 
is the propensity scores for the unmatched and matched co-
horts. It should be noted that propensity score matching has 2 
major drawbacks: it only addresses known confounders, and 
it affects the statistical power because the available sample 
size is decreased after matching.

After maximizing homogeneity within and between 
subgroups, the second step is regression modeling. 
Regression models can be used for predictive or etiological 
analyses. Predictive analyses look for potential predictors 
in the dataset, for example, which baseline factors are pre-
dictive for a certain postoperative outcome. These analyses 
should be performed on unmatched cohorts to allow for 
optimum identification of the predictors in the “raw” data. 

Etiological analyses (also called inferential analyses) aim 
to determine causal relationships between covariates and 
outcomes, for example, which baseline factors are asso-
ciated with a certain postoperative outcome. Therefore, 
these analyses should be performed on the matched co-
horts to adequately counteract confounding bias. Further 
adjustment might be needed if certain variables were un-
stable in the matching procedure: these can be included in 
the subsequent regression to adjust for them adequately 
(sensitivity analysis). For example, in the GLIOMAP study, 
the molecular factors (MGMT methylation status, IDH mu-
tation status) proved to be unstable in the matching pro-
cedure due to missing data.14 We therefore included these 
factors in the regression analyses as a sensitivity analysis 
to adjust for them. It is considered good practice to present 
the regression analyses without and without these factors 
for a reliable interpretation of the results.

Conclusions

The surgical and nonsurgical treatment options for neuro-
oncological patients are rapidly expanding. The neuro-
oncological community is working together on a number of 
promising studies to try to improve the care for individual 
brain tumor patients. In this current era of personalized 
neuro-oncology, subgroup analyses are necessary to deter-
mine the optimum surgical treatment strategy for individual 
patients, especially given the fact that truly randomized 
studies, even unblinded, are challenging to conduct when 
dealing with surgical questions. However, subgroup ana-
lyses must be used with consideration and care because 
they have important potential risks. We aimed to give the 
reader for the first time a complete overview of the practical 
and statistical considerations regarding these analyses in 
neuro-oncology studies. We examined the pearls and pitfalls 
and evaluated the special considerations that are unique to 
surgical neuro-oncological studies. This paper can be used 
for other medical fields as well, even though the examples 
given were pertinent to neuro-oncology. The goal of this 
comprehensive guide was to assist with practical examples 
of how to design, use, and interpret subgroup analyses.
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