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Outline

• Subgroups and interactions in a single trial

• Subgroups and interactions in meta-analysis: Aggregation bias

• Our new approach: A within-trial framework

• Example: STOPCAP Docetaxel meta-analysis

• Example: PORT meta-analysis

• What’s next?
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Subgroups and interactions 
in a single trial



Interactions and subgroup effects

• The aim of a clinical trial is to estimate an overall treatment effect 

comparing intervention to control

• Trials recruit a diverse population → we also want to know whether the 

overall effect varies due to patient covariates (interaction) 

• Often it is important to know the subgroup effects as well as the

interactions

• Focus today is on participant-level factors:

• Participant characteristics: Age, Sex, BMI, Smoking status, Comorbidities etc.

• Disease characteristics: Disease severity, tumour mutations etc.

• Treatment characteristics: E.g., Some patients got additional treatments as part 

of Standard of Care (SoC)
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Interpreting subgroups in the STAMPEDE trial

Population: People with locally advanced or metastatic prostate cancer

Intervention: Abiraterone + Standard of care (SoC)

Comparator: Standard of care 

Outcome: Overall survival (HR)

Subgroup: Metastatic status at randomisation (M0, M1)

1917 patients randomised: 915 M0, 1002 M1

Overall survival (All patients): HR 0.63, CI:(0.52, 0.76)



Does effect of Abiraterone vary based on 
metastatic status? 

HR<1 favours abiraterone 

Time for a poll…



Does effect of Abiraterone vary based on 
metastatic status? 

Interaction HR 
(ratio of HRs):

0.81 (0.50, 1.33)

Interaction P-value=0.37

• Test for effect between subgroups “interaction p=0.37 shows no good evidence of 
heterogeneity of treatment effect across these subgroups”

• Can also calculate Interaction HR (or ratio of HRs)



8

Subgroups and interactions 
in meta-analysis: 
Aggregation bias



Convalescent plasma for people with COVID-19 

28-day mortality: Antibodies detected at baseline subgroup analysis
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What could go wrong with this approach? 

Low

Subgroup and trial

Trial 1

Trial 2

High Trial 1

Trial 2

Trial 3

Subgroup effect

Subgroup effect

Interaction

Trial 3

OR Interaction OR

Favours 

treat

Favours 

control
Greater effect 

for high severity

Greater effect 

for low severity

Weight

80%

10%

10%

10%

45%

45%

Example: Disease severity; “Subgroup-first” approach

Aggregation bias: Treatment effects for 
trials with covariate ratio imbalances may 
appear to be different from each other



Low

High

Interaction

Trial 2 Low

High

Interaction

Trial 3 Low

High

Interaction

Within-trial 

Interaction

Trial and subgroup

Trial 1

OR Interaction OR

Favours 

treat
Favours 

control
Greater effect 

for high severity

Greater effect 

for low severity

Weight

45%

30%

25%

Alternative approach to estimate interactions 
Example: Disease severity; “Trial-first” approach

This approach gives bias-free interaction 
testing, but doesn’t naturally produce 
associated subgroup effects



What subgroup effects to use?

• The “subgroup-first” approach uses both across- and within-trial 

information so is at risk of aggregation bias

• The “trial-first” approach gives bias-free interaction testing: only uses within-

trial information 

• BUT… “trial-first” approach doesn’t produce associate subgroup effects. The 

“subgroup-first” approach does. Should we use these subgroup effects?
➢ These are valid estimates of effect for patients in specific subgroups, but if we compare 

subgroup effects then the issue of aggregation bias comes in

➢ Also, these “naïve” subgroup effects are not necessarily compatible with the within-trial 
interaction free of aggregation bias

So we needed a new approach!
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Our new approach: A within 
trial framework



Within-trial framework: Aims

We developed a new framework to:

1. Estimate within-trial interactions across two or more subgroups, ordered 
or unordered, for categorical covariates 

2. Estimate subgroup effects that make maximum use of available data and 
are compatible with the within-trial interactions

3. Clearly present this data using novel implementations of forest plots
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Within-trial framework: Subgroup effects

Meta-analysis with n trials (𝑖 = 1, … , 𝑛)

Covariate with k subgroups (𝑗 = 1, … , 𝑘)

መ𝛽𝑗𝑖 = observed trt. effect in subgroup 𝑗 of trial 𝑖

෡𝜷𝑖 = vector of effects መ𝛽𝑗𝑖 for trial 𝑖

Standard MV-MA model:

෡𝜷𝑖~𝑀𝑉𝑁 𝜷, 𝑺𝑖 + 𝚺𝛽

Disease severity, k=2

 

መ𝛽11 is effect for low severity in trial 1  
መ𝛽21 is effect for high severity in trial 1 

෡𝜷1 = 
መ𝛽11

መ𝛽21

 ෡𝜷2 = 
መ𝛽12

መ𝛽22

   ෡𝜷𝑛 = 
መ𝛽1𝑛

መ𝛽2𝑛

Covariance matrix 

Subgroup effects in each trial

Pooled subgroup effects

Between-trial heterogeneity matrix
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Within-trial framework: Interactions

Standard MV-MA model:

ෝ𝜸𝑖~𝑀𝑉𝑁 𝜸, 𝑽𝑖 + 𝚺𝛾

k=2, so:    ෝ𝜸𝑖 = ො𝛾2𝑖 = መ𝛽2𝑖 − መ𝛽1𝑖

In each trial 𝑖, the within-trial interaction is:

 [effect for high severity] – [effect for low severity]

Covariance matrix

Interactions within each trial

Pooled interaction effect(s)

Between-trial heterogeneity matrix

=

መ𝛽2𝑖 − መ𝛽1𝑖

⋮
መ𝛽𝑘𝑖 − መ𝛽1𝑖

=
ො𝛾2𝑖

⋮
ො𝛾𝑘𝑖

ෝ𝜸𝑖
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We wish to link the model for the subgroup effects (𝜷) with the model 

for the interactions (𝜸)

Define a compatibility relationship:

𝜷 = 𝛽1𝟏 +
0
𝜸

Relationship ensures that:

[difference between subgroup effects] = [within-trial interaction(s)]

Within-trial framework: Compatibility

“Floating” subgroup effects

Pooled effect in reference subgroup Pooled within-trial interaction(s)

𝜷 =
𝛽1

𝛽2
=

𝛽1

𝛽1 + 𝛾2

Subgroup effect for high severity is effect for 

low severity + interaction 

Vector of 1’s, length k
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Interaction: [effect for high] – [effect for low]



Random-effects considerations

Three basic forms for heterogeneity covariance matrices 𝜮𝜸 and 𝜮𝜷:

Common-effect: No heterogeneity variance for interactions and no heterogeneity 

variance for subgroups-specific treatment effects

Exchangeable random-effects: Single heterogeneity parameter for subgroup 

effects (𝜏𝛽
2) and single heterogeneity parameter for interactions (𝜏𝛾

2), which may be 

set to 0. 

Unstructured random-effects: This allows a different heterogeneity variance to 

be estimated within each subgroup
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Within-trial framework: Implementation

Step 1: Estimate the within-trial interaction (𝜸) and its variance

Step 2: Estimate “floating” subgroup-specific treatment effects (𝜷), 

constrained by 𝜸; and their “apparent” variances 

Step 3: Correct the variance of the floating subgroup-specific 

treatment effects to incorporate error in 𝜸
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New example: Interaction by disease severity 
Setup, 3 different trials in meta-analysis
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Greater effect 

for high severity

Greater effect 
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New example: Interaction by disease severity 
Step 1: Estimate within-trial interaction 
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Greater effect 

for high severity
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New example: Interaction by disease severity 
Step 2a: Scale the non-reference data by the pooled interaction

2.00 (1.30, 3.08) 

2.00 (0.95, 4.22)

2.21 (1.05, 4.66)

1.81 (0.86, 3.82)
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Scaled: 0.32
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0.70 (0.52, 0.94)
Scaled: 0.35
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New example: Interaction by disease severity 
Step 2b: Pool the reference subgroup and scaled non-reference to estimate reference
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New example: Interaction by disease severity 
Step 2c: Estimate non-reference subgroup using compatibility relationship 
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New example: Interaction by disease severity 
Step 3: Correct the variance of the floating subgroup effects 
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Key features

• Within-trial framework gives bias-free interaction(s) and compatible subgroup 

effects for any categorical covariate 

• Importantly, designed to be used with aggregate data as well as with IPD

• Uses all the available data when estimating subgroup effects

▪ “Single-subgroup” trials can be incorporated

▪ Requires an assumption about that the pooled interaction would still apply to this trial

• Heterogeneity can be incorporated in estimation of interaction(s) and 

subgroup effects

• Software available in Stata
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Example: STOPCAP 
Docetaxel meta-analysis



Example 1: STOPCAP Docetaxel MA

Population: People with metastatic hormone sensitive prostate cancer 

Intervention: Docetaxel chemotherapy

Comparator: SoC (Androgen deprivation therapy, ADT)

Outcome: Progression free survival (HR)

Subgroup 1: Volume of disease (Low, High)

Subgroup 2: Clinical tumour stage (T1-2, T3, T4) 

3 trials included, 2261 participants 
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Subgroup 1: Volume of disease

29

Int HR: 0.76 (0.60, 0.96)

Int p-value: 0.020
Low: 0.80 (0.66, 0.96)

High: 0.60 (0.53, 0.69)



Subgroup 2: Clinical tumour stage

30
Interaction 1: T3 vs T1-2
Interaction 2: T4 vs T1-2
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Example: PORT meta-
analysis



Example 2: Nodal status in PORT MA

Population: Patients with non-small cell lung cancer 

Intervention: Post operative radiotherapy (PORT) 

Comparator: No PORT 

Outcome: Overall survival (HR)

Subgroup: Nodal status (N0, N1, N2/3)

Reference group: N2/3
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Example 2: Nodal status in PORT MA 
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Subgroup first

Within-trial framework



Nodal status in 
PORT MA

Green interaction: N2/3 vs N0

Blue interaction: N2/3 vs N1 



Random-effects in PORT MA 
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What’s next?



What’s next?

What is the best way to present interactions and subgroup effects together?

Trial-level two-panel plots struggle with many trials and covariates with >2 
subgroups

Can we incorporate continuous covariates without dichotomising?

Method can be generalised to continuous covariates, but would require IPD

How can we make the method more accessible?

Software available in Stata, but ideally want to get this programmed in R
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Subgroups with 
three categories 

Choice of reference group 

Colours for different interactions

11 trials and 3 categories, 

already this plot is quite 

complicated…
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(Multiple) summary effects only
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Multiple 
subgroups 
and outcomes
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What’s next?

What is the best way to present interactions and subgroup effects together?

Trial-level two-panel plots struggle with many trials and covariates with >2 
subgroups

Can we incorporate continuous covariates without dichotomising?

Method can be generalised to continuous covariates, but would require IPD

How can we make the method more accessible?

Software available in Stata, but ideally want to get this programmed in R
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Continuous covariates 

• We don’t want to categorise (e.g., Age), want to be able to estimate personalised 

treatment effects across the entire age spectrum 

▪ May be non-linear relationships as well

• Work ongoing that builds on ideas from RSM paper (Godolphin et al. 2023), 

tutorial in Stat Med (Riley et al. 2020)  and IPD Handbook (Riley, Tierney, 

Stewart. 2021)

▪ Needs IPD – but also with IPD the method can be more powerful 
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What’s next?

What is the best way to present interactions and subgroup effects together?

Trial-level two-panel plots struggle with many trials and covariates with >2 
subgroups

Can we incorporate continuous covariates without dichotomising?

Method can be generalised to continuous covariates, but would require IPD

How can we make the method more accessible?

Software available in Stata, but ideally want to get this programmed in R
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Software

• metafloat package in Stata, helpfiles and example available

• ipdfloat package in Stata under development 
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github.com/UCL/metafloat

https://github.com/UCL/metafloat


Conclusions

• Subgroup analyses are important in trials & meta-analysis to work out whether 

effects of treatments do vary → impact clinical decision making

• Trials lack power to look at subgroups, so meta-analysis is potentially the most 

reliable way to do this

• BUT… meta-analysis has additional issues that subgroup analysis in a single 

trial doesn’t have → aggregation bias

• We proposed a novel approach to ensure you get compatible subgroup effects 

alongside the bias-free interaction

▪ Can be implemented using aggregate data

• We suggest approaches to present interactions and subgroup effects together    
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Appendix slides



Single-subgroup trials…

• Trials including only a single participant subgroup cannot contribute to the 

within-trial interaction

▪ There is nothing to estimate here

▪ We refer to these as “single-subgroup” trials

• But we can still use the information from this trial in the within-trial framework 

when estimating subgroup-specific treatment effects compatible with this 

interaction 

෡𝜷𝑆𝑆 = 
መ𝛽1𝑆𝑆

.
 ො𝛾2𝑆𝑆 = . − መ𝛽1𝑆𝑆 = 𝑛𝑒



Estimating subgroup-specific effects compatible 
with the interaction with single-subgroup trials

• The unobserved estimates may be considered to be very imprecisely 

estimated

▪ Assign them a value of zero for the effect size

▪ Assign them a large variance (e.g., 10,000)

▪ Similar approach to that used in network meta-analysis 

▪ Important to check that alternative values of the assigned variance give near-
identical results

• Then use all of the information from the trial (observed and augmented

values)

෡𝜷𝑆𝑆 = 
መ𝛽1𝑆𝑆

0
 



Assumption of transitivity

• By using all of the trial’s information, we are making a strong assumption:

Assumption of transitivity across subgroups

• This assumes that any non-observed subgroup-specific treatment effect could 

in principle have been observed

• And its true value would be identical to those of the remaining studies

• If such studies are assigned relatively large weights, then this assumption may 

have a substantial impact upon the subgroup estimates



An extreme example – WHO REACT 
Corticosteroids PMA

Population: Patients 

hospitalised with COVID-19

Intervention: 

Corticosteroids

Outcome: 28-day mortality

Study design: RCTs

Subgroup: invasive 

mechanical ventilation 



Dealing with single-subgroup trials

• If the estimate from a single-subgroup trial is extreme relative to the remaining 

data, then it may be questionable whether the pooled interaction is 

applicable to this trial

• We strongly recommend that reviewers critically evaluate the design and 

setting of “single-subgroup” trials to assess whether this assumption holds

• As a sensitivity analysis, it may be sensible to remove single-subgroup trials 

from estimation procedure to test the impact of this assumption on estimates



An aside: importance of pre-specification

Spears: If data is repeatedly trawled, a 

subgroup will likely be found which appears 

significant. To mitigate, only a small number of 

clinically plausible (or, ideally, hypothesized) 

subgroups should be tested

All of this remains true for meta-analysis
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