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Abstract

Individual participant data (IPD) meta-analyses of randomised trials are considered
a reliable way to assess participant-level treatment effect modifiers but may not
make the best use of the available data. Traditionally, effect modifiers are explored
one covariate at a time, which gives rise to the possibility that evidence of treatment-
covariate interaction may be due to confounding from a different, related covariate.
We aimed to evaluate current practice when estimating treatment-covariate interac-
tions in IPD meta-analysis, specifically focusing on involvement of additional covari-
ates in the models. We reviewed 100 IPD meta-analyses of randomised trials,
published between 2015 and 2020, that assessed at least one treatment-covariate
interaction. We identified four approaches to handling additional covariates: (1) Sin-
gle interaction model (unadjusted): No additional covariates included (57/100 IPD
meta-analyses); (2) Single interaction model (adjusted): Adjustment for the main
effect of at least one additional covariate (35/100); (3) Multiple interactions model:
Adjustment for at least one two-way interaction between treatment and an addi-
tional covariate (3/100); and (4) Three-way interaction model: Three-way interaction
formed between treatment, the additional covariate and the potential effect modifier
(5/100). IPD is not being utilised to its fullest extent. In an exemplar dataset, we
demonstrate how these approaches lead to different conclusions. Researchers should
adjust for additional covariates when estimating interactions in IPD meta-analysis
providing they adjust their main effects, which is already widely recommended. Fur-
ther, they should consider whether more complex approaches could provide better
information on who might benefit most from treatments, improving patient choice
and treatment policy and practice.
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1 | INTRODUCTION

Individual participant data (IPD) meta-analysis of random-
ised trials is recognised as the most reliable and flexible
way to assess participant-level treatment effect modifiers
and enables researchers to make the best use of the avail-
able data.' Identifying whether and how treatment effects
vary across different participant groups (referred to as an
interaction) is vital to informing how best to treat individ-
ual patients®* and thus to improving patient outcomes.

Traditionally, meta-analysis methods have pooled
results across trials for each patient subgroup and com-
pared the subgroup meta-analyses results using a chi-
square test of interaction.” As this approach is at risk of
aggregation bias,”® an alternative approach has recently
been proposed, in which interactions are first estimated
within each trial and then pooled using a standard meta-
analysis model.>® However, both approaches usually
consider only one covariate at a time. Thus, estimates
of interaction derived from a one-covariate at a time
approach may be due, in part at least, to the interaction
effect of a different covariate. This could be seen as a
form of confounding. For example, if a cancer treatment
is effective only in metastatic disease, and older patients
are more likely to have metastatic disease, then an inter-
action between treatment and age would be expected.
This would be a genuine interaction, because treatment
would on average benefit older patients more than youn-
ger patients; but it would be a confounded interaction,
because the interaction with metastatic disease provides
a fuller and more clinically useful description.

Meta-analyses in clinical areas where they are many
related participant-level covariates, such as tumour char-
acteristics in prostate cancer,'® may be at the biggest risk
of such confounding occurring. In IPD meta-analysis,
access to participant-level data enables additional covari-
ates to be incorporated when estimating treatment-
covariate interactions, which may alleviate the impact of
potential participant-level confounding. These covariates
could be included in several ways. Simple adjustment for
main effects of potentially-confounding covariates is
already widely recommended.*'' However, more com-
plex modelling using higher-level interaction terms is
also possible, and potentially allows more relevant clini-
cal questions to be answered. Currently, it is unclear if,
and how researchers utilise this opportunity, and what
the impact of their chosen approach is.

The aim of this article is to describe and critique cur-
rent practice when estimating treatment-covariate interac-
tions in an IPD meta-analysis, specifically focusing on
involvement of additional covariates in the models. The
article is structured as follows. In Section 2, we outline the
methodology of the literature review. Section 3 describes

the findings of the review, detailing the snapshot of cur-
rent practice in IPD meta-analysis when estimating
treatment-covariate interactions. In Section 4, we present
example statistical models for each identified approach,
the question each model addresses and apply these
approaches to an exemplar dataset for illustration pur-
poses. We follow with a discussion and brief conclusions.

2 | REVIEW METHODS

2.1 | Protocol

Our literature review followed a prospectively registered
protocol'? (version from 2nd August 2021) that shares
some methods, including the search strategy, with a review
by Marlin et al.'*'* (PROSPERO no. CRD42019126768).

2.2 | Literature search

Using a cohort of IPD meta-analysis reports published
between 2015 and 2020,"* we included IPD meta-analyses
with at least two randomised trials in which at least one
participant-level treatment-covariate interaction was
reported. Articles were screened for eligibility by one
reviewer (NM), with another reviewer (PJG, ER, and CC)
independently confirming eligibility.

2.3 | Sample size

We sought to identify 100 eligible IPD meta-analyses. A
random sample from the potentially eligible records was
obtained by selecting each 10th record until we either
reached the predefined sample size or exhausted the num-
ber of potentially eligible records. The justification for this
number was that we deemed it sufficient to identify the
majority of the current methods used when estimating
treatment-covariate interactions in IPD meta-analysis,
without being unnecessarily resource intensive.'®

2.4 | Data collection and extraction

We used a bespoke data collection form that was piloted
on five eligible IPD meta-analyses (see Appendix S1).
The form was split into four sections: general informa-
tion (publication year, medical area, number of trials
included, IPD meta-analysis approach), non-linear
effects (only relevant for the related review'?), effect mod-
ification (number of treatment-covariate interactions
assessed, number of outcomes considered for effect
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modification, whether additional covariates were
involved beyond the treatment-covariate interaction in
any statistical models, and if so how they were selected/
involved) and contact details of the IPD meta-analysis
team.

Data were extracted in duplicate by at least two
reviewers (two from PJG, ER, CC, and NM), with discrep-
ancies resolved through discussion. Extracted data was
collated in an Excel spreadsheet and cross-checked for
accuracy against the completed data extraction forms.

We sought additional documents for eligible IPD
meta-analyses (i.e., protocol, statistical analysis plan etc.)
to supplement the data extraction, as appropriate. Where
further clarifications were required, we contacted one of
the authors of the IPD meta-analysis for more details. For
pragmatic reasons, we also made several assumptions
when extracting data. These included:

1. A one-stage fixed-effect approach had been used if the
methods described an analysis ‘stratified by trial’ or
‘adjusted for trial’.'®'”

2. The software used was indicative of the analytical
approach. For example, if Stata commands metan or
ipdmetan'® had been used we assumed a two-stage
approach.

3. A random-effects model had been used if the methods
mentioned ‘a random effect for study/trial’ or ‘random
effects model’. Conversely, a fixed-effect model was
assumed if the methods described a ‘random intercept’.'®

4. We assumed that no covariates (over and above the
effect modifier itself) were involved if none were men-
tioned in either the methods or in tables/figures dis-
playing the results of the statistical models.

2.5 | Data synthesis and analysis

All data in this review are summarised narratively. Con-
tinuous variables are presented with mean and standard
deviation or median and interquartile range. Categorical
variables are described with frequency counts and per-
centages. All analyses were performed using Stata soft-
ware (version 16.1).

3 | RESULTS OF
METHODOLOGICAL REVIEW

In order to reach 100 IPD meta-analyses meeting out eli-
gibility criteria, we had to assess a random sample of
211 from the 738 potentially eligible records (Figure 1).
The included IPD meta-analyses are evenly distributed
in terms of their publication year between 2015 and 2020
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(Table 1). They comprised a variety of medical fields, with
29% addressing questions in cardiovascular research. About
a quarter of the IPD meta-analyses were prospectively regis-
tered on PROSPERO. Median meta-analysis size was five
datasets (trials) and 2816 participants. Most of meta-analyses
used a one-stage IPD method either as the sole approach
(60%) or in addition to a two-stage approach (19%). A two-
stage IPD method as the only approach was rare (19%).
Fixed-effect models were used slightly more than a random-
effects model (39% vs 30%), although a fifth of IPD meta-
analyses used both fixed-effect and random-effects models,
with one often employed as a sensitivity analysis.

Effect modification tended to be explored based on a
small number of outcomes (median of two), although this
ranged from 1 to 16 (Table 2). A median of six covariates
per IPD meta-analysis were explored as potential effect
modifiers. The majority of IPD meta-analyses (81%) con-
sidered at least one categorical effect modifier. A quarter
of IPD meta-analyses (26%) kept continuous effect modi-
fiers as continuous when estimating treatment-covariate
interactions while in almost two-thirds (63%) continuous
effect modifiers were categorised.

Only around a third of IPD meta-analyses (35%) pro-
vided sufficient detail to ascertain whether within- and
across-trial information was appropriately separated out
when estimating treatment-covariate interactions, either
written in the main text, appendices or in supplementary
documents (e.g., in protocols or statistical analysis plans)
(Table 2). Of these, 15 used methods that separated out
within- and across-trial information. Less than half (43/100)
of the included IPD meta-analyses involved additional cov-
ariates when estimating treatment-covariate interactions.

In IPD meta-analyses that involved additional covari-
ates, most of these covariates were selected a priori with
only three IPD meta-analyses reporting use of a stepwise
procedure (Table 3). The reasons for involving additional
covariates varied (Table 3). They were mostly included as
main effects alongside the treatment-covariate interaction
of interest (35/43, 81%). In eight IPD meta-analyses, the cov-
ariates were used in a more complex model: adjustment for
at least one additional two-way treatment-covariate interac-
tion (3/43, 7%) or inclusion of a three-way interaction
between two covariates and treatment (5/43, 12%).

4 | APPROACHES TO ESTIMATING
TREATMENT-COVARIATE
INTERACTIONS IN THE CONTEXT
OF INCLUSION OF ADDITIONAL
COVARIATES

In our review we identified four different approaches to
handling additional covariates when estimating treatment-
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FIGURE 1
flow diagram. *Full-text articles
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covariate interactions, with most of the IPD meta-analyses
estimating interactions without including additional cov-
ariates. The identified approaches are as follows:

Approach 1: Single interaction model (unadjusted).
When estimating the treatment-covariate interaction
the analysis does not involve any additional covari-
ates and is unadjusted.

Approach 2: Single interaction model (adjusted).
When estimating the treatment-covariate interaction
the analysis is adjusted for the main effect of at least
one additional covariate.

Approach 3: Multiple interactions model. When
estimating the treatment-covariate interaction the
analysis adjusts for at least one two-way interaction
between an additional covariate (often a further
potential effect modifier) and treatment.

Approach 4: Three-way interaction model. When esti-
mating the treatment-covariate interaction the analysis
includes a three-way interaction term with treatment,
the potential effect modifier, and an additional covari-
ate (often a further potential effect modifier).

Table 4 contains example statistical models for the
four approaches for both one-stage and two-stage meta-

analysis, with these models presented for a continuous
outcome and correctly separating out within- and across-
trial information.*® The approaches 2-4 (Table 4) assume
only involvement of one additional covariate, although
approaches 2 and 3 can easily be extended by making wy;,
P, and y, vectors. Approach 4 can potentially be
extended to include higher-order interaction terms as
appropriate. Note, we do not make a distinction here
between fixed-effect and random-effect models, as this is
not relevant when specifying the covariates to be
included in a model. Further, it is important to note that
in these models it is inappropriate to draw inference from
the coefficient of the average treatment effect, 6. Through
inclusion of treatment-covariate interaction terms, these
models all assume that there is heterogeneity in this
treatment effect. Therefore, 6 is not interpretable on its
own and instead now depends on the values of other
coefficients in the model.

The four identified approaches address three different
questions (Table 4). Approaches 1 and 2 use different
methods to address the same question in the single inter-
action model: this validly estimates an interaction effect,
and this information could be appropriately used to
inform treatment decisions. However, if there is at least
one true additional effect modifier, then incorporating
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TABLE 1 Characteristics of the included individual participant
data meta-analyses.

Total (n = 100)

Year published
2015 14 (14%)
2016 8 (8%)
2017 19 (19%)
2018 19 (19%)
2019 21 (21%)
2020 19 (19%)
Medical field
Cardiovascular 29 (29%)
Neurology 13 (13%)
Cancer 12 (12%)
Women's Health 7 (7%)
Mental Health 7 (7%)
Critical Care 5(5%)
Public Health 4 (4%)
Infectious Diseases 3 (3%)
Neonatal Health 3 (3%)
Other® 17 (17%)
PROSPERO registration
Yes 22 (22%)
Not reported 78 (78%)
Number of trials®
Median [25th, 75th] 5[3,11]
Min, Max 2,34

Number of participants included®

Median [25th, 75th] 2816 [1094, 4754]

Min, Max 73, 174,000
IPD synthesis method

One-stage 60 (60%)

Two-stage 19 (19%)

Both 19 (19%)

Unclear 2 (2%)
Statistical model(s) used

Fixed-effect only 39 (39%)

Random-effects only 30 (30%)

Both 20 (20%)

Unclear 11 (11%)

Note: All data are frequency (%) unless stated. IPD refers to individual
participant data.

#Other category includes a variety of medical fields that are represented by
two or less IPD meta-analyses (see Appendix S2).

"Excludes five IPD meta-analyses that included a varying number of datasets.
“Excludes nine IPD meta-analyses where multiple numbers of participants
were reported (n = 7) or no information was reported (n = 2).

Synthesis Methods— YW1 LEY_L

TABLE 2 Description of investigation into effect modification
in the included sample of individual participant data meta-analyses.

Total
(n = 100)

Number of outcomes investigated for effect

modification

Median [25th, 75th] 2[1,3]

Min, Max 1, 16
Number of effect modifiers considered

Median [25th, 75th] 6[2,9]

Min, Max 1,28
Covariate type of effect modifiers in each study®

Categorical 81 (81%)

Continuous 26 (26%)

Categorised continuous 63 (63%)
Handling of within- and across-trial

information in analysis of effect modification

Separated out® 15 (15%)

Conflated® 20 (20%)

Unclear 66 (66%)
Involvement of additional covariates when

assessing effect modification

No 57 (57%)

Yes 43 (43%)

Note: All data are frequency (%) unless stated.

“Data are not mutually exclusive.

One IPD meta-analysis carried out one analysis that correctly separated out
within- and across-trial information and another that conflated within- and
across-trial information, so this IPD meta-analysis appears in both
categories.

this in the multiple interactions model (approach 3)
could lead to more nuanced treatment recommenda-
tions. With multiple potential effect modifiers, the
three-way interaction model (approach 4) could be used
to test whether the multiple interactions model is
appropriate, or whether there is an additional relation-
ship between the effect modifiers that needs to be
accounted for. In this situation, the question addressed
could be thought of as “Does the multiple interactions
model describe the data adequately?” Note that for the
three-way interaction model, y; —y; could all be coeffi-
cients of interest, and, as the covariate-specific treatment
effects are all linear combinations of y; -y5, in this case
the question addressed is ‘How does the average treat-
ment effect vary between individuals with higher and
lower levels of w and z?’

These models can be used to test hypotheses about
interactions (e.g., is the single interaction model
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TABLE 3 Description of involvement of additional covariates
when assessing effect modification in the 43 individual participant

data meta-analyses where this occurred.

Total
Item (n = 43)
How were additional covariates selected
Determined a priori 28 (65%)
Stepwise procedure 3 (7%)
Not mentioned/unclear 12 (28%)
How were covariate(s) involved when assessing
effect modification
Main effect of covariate(s) adjusted for 35 (81%)
Two-way interaction with covariate adjusted 3 (7%)
for
Three-way interaction formed with treatment, 5(12%)
effect modifier and covariate®
Reasons given for involving additional
covariate(s)
Confounding explicitly mentioned 5(12%)
Confounding not explicitly mentioned 28 (65%)
Known prognostic factors 13 (30%)
To account for baseline covariates/baseline 10 (23%)
imbalance
Based on previous research 3 (7%)
Stepwise selection 2 (5%)
No reasons given 10 (23%)

Note: All data are frequency (%).

#One study stratified by a covariate and then assessed effect modification
within these strata, which is indirectly forming a three-way interaction with
the covariate, the effect modifier and treatment and is included in this
category.

(adjusted) adequate or do we need a more complex
approach, such as the multiple interactions model), and
hence to select the most appropriate model. Further,
conditional on the selected model, they can be used to
predict treatment effects for patients.

4.1 | Application to exemplar dataset

To demonstrate how these approaches may provide dif-
ferent estimates of interaction effects, we used an exem-
plar dataset that was simulated to resemble in its
characteristics an average IPD meta-analysis from the
sample of 100 included in our review. This exemplar
dataset comprises five ‘trials’ of varying sizes (range from
200 to 1500), with a total of 3200 participants and a con-
tinuous outcome (score from 0 to 50), where greater
scores are assumed to indicate benefit. Analysis was
undertaken in Stata software (version 16.1).

Under a fixed-effect inverse-variance weighted meta-
analysis using a two-stage model and unadjusted for cov-
ariates, this example shows a beneficial main effect of
treatment and limited statistical heterogeneity (Figure 2).
A fixed-effect model was used in this example for
convenience.

To demonstrate the methods in action, this dataset con-
tained two binary covariates (referred to as Covariate 1 and
Covariate 2, with these covariates indicating some baseline
characteristic such as a co-morbidity) that had a degree of
negative correlation (Pearson's correlation coefficient,
p = —0.31). Using a two-stage framework, an interaction
model was initially fitted within each trial in the first stage
and then interaction coefficients (differences in mean dif-
ferences due to the continuous nature of the outcome)
were pooled in the second stage in a fixed-effect inverse-
variance weighted meta-analysis, that correctly separated
out across- and within trial information.” This was repeated
for both covariates and for three different interaction
models in the first stage: (1) single interaction model
(unadjusted); (2) single interaction model (adjusted);
(3) multiple interactions model. Equations for the five
models fitted (the multiple interactions model is fitted once
with both covariates) are displayed in Appendix S3.

Initially, both covariates appeared to modify the effect
of treatment on their own (using the single interaction
model (unadjusted), see Appendix S3, models 1 and 2). We
then fitted the single interaction model (adjusted), adjust-
ing for the other covariate (see Appendix S3, models 3 and
4) and then finally fitted the multiple interactions model
(see Appendix S3, model 5). The pooled differences in
mean differences and interaction p-values for each
approach and each covariate are presented in Figure 3.

In our illustrative example, there is consistent evi-
dence that Covariate 1 has a modifying effect on
treatment, indicating that those with the Covariate
(e.g., co-morbidity) have greater benefit from treatment
compared to those without the Covariate (Figure 3).
However, evidence of Covariate 2's modifying effect
reduces as the main effect of Covariate 1 is adjusted for
(Approach 2) and disappears when the two-way interac-
tion of treatment and Covariate 1 is adjusted for
(Approach 3). This indicates that the Covariate 1 by treat-
ment interaction explains the Covariate 2 by treatment
interaction. If either of the two single interaction models
had been the main approach in this example, then it may
have been concluded that both covariates are important
when making treatment decisions, whereas the multiple
interactions model demonstrates that Covariate 1 is driv-
ing this modifying effect. We found no evidence of a
three-way interaction between both covariates and treat-
ment, suggesting that the multiple interactions model
describes the data adequately.
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Mean difference % FIGURE 2 Fixed-effect

meta-analysis of five trials for a

(95% Cl) Weight

continuous outcome using
exemplar dataset. [Colour figure
can be viewed at

1.16 (0.40, 1.91) 55.07 . .
wileyonlinelibrary.com]

2.32(0.95, 3.68) 16.82

0.91 (-0.60, 2.42) 13.74

2.85 (1.14, 4.56) 10.74

3.27 (0.33, 6.21) 3.63

1.58 (1.02, 2.14) 100.00

-5 0 5
Control better Treatment better

Difference in mean differences Interaction
(95% ClI) p-value
Approach 1: Single interaction model (unadjusted)
Covariate 1 —_— 2.00 (0.83, 3.17) .001
Covariate 2 —_— -1.54 (-2.83, -0.26) .019
Approach 2: Single interaction model (adjusted)
Covariate 1 —_—— 1.93 (0.77, 3.09) .001
Covariate 2 —— -1.24 (-2.51, 0.02) .054
Approach 3: Multiple interactions model
Covariate 1 —_—— 1.74 (0.51, 2.97) .005
Covariate 2 —e—1— -0.62 (-1.96, 0.72) .364
I I I I
-4 -2 0 2 4
Favours lesser effect of treatment Favours greater effect of treatment with
with Covariate Covariate
FIGURE 3 Differences in mean differences and interaction p-values for the investigation of effect modifiers Covariate 1 and Covariate 2

in the exemplar dataset, dependent on model choice. [Colour figure can be viewed at wileyonlinelibrary.com]

We strongly recommend that the covariates included
are determined a priori, that selection is restricted to only
a small number of covariates with a strong clinical
rationale that have a clear stated hypothesis, and that
p-values are not used to determine selection.*

Of note, in our review, none of the IPD meta-analyses
used a risk-based approach as advocated by the PATH
statement® or shrinkage approaches that incorporate
multiple treatment-covariate interactions at once.** Both
methods have been popularised only in recent years, and
our sample does not reflect this newer methodology,
which could be due to ending our search in 2020, or from
us not reviewing the entire sample of IPD meta-analyses,

or from these methods not yet being widely adopted. Fur-
ther work is ongoing that aims to establish what barriers
may exist to using such methodology or the more com-
plex approaches identified in our review, and to identify
why these approaches have not had large take-up yet
from the evidence synthesis community.

Within our sample, reporting on whether within- and
across-trial information was separated was limited. Appro-
priate methodology to separate out across- and within-trial
information for both one-stage and two-stage approaches
exists and has been available for several years.>’ Reassur-
ingly, a greater number of IPD meta-analyses in our review
used an appropriate analysis that did not introduce
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aggregation bias (15%) compared to a prior review by Fisher
et al.® (2%). However, the number of meta-analyses under-
taking appropriate analyses and/or reporting clearly is still
severely lacking and methodological and reporting improve-
ments are warranted. Research should be guided by the
Preferred Reporting Items for a Systematic Review and
Meta-analysis of IPD*; which preceded many of the IPD
meta-analyses included in this review.

Our study was guided by a prospectively developed proto-
col however is not without limitations. First, we included a
pre-determined sample of 100 IPD meta-analyses, and we
did not assess an additional 200-300 IPD meta-analyses of
randomised trials between 2015 and 2020. However, we do
believe that this is a representative sample as our sample is
comparable to IPD meta-analyses identified in a systematic
review?® for a number of characteristics such as clinical area,
number of included studies and number of participants
included. Also, some IPD meta-analyses only investigated
one treatment-covariate interaction and others may not have
found evidence of multiple effect modifiers. Both factors may
have impacted whether IPD meta-analyses would have con-
sidered involving additional covariates at all, potentially
reducing the number that utilised more complex approaches.
However, we reviewed statistical analysis plans and protocols
(where available) and rarely found consideration of involving
additional covariates contained in this additional documenta-
tion. Further, whilst including multiple treatment-covariate
interactions or forming three-way interactions may not have
been appropriate for these cases, simple covariate would
have been possible. Finally, we often had to make assump-
tions when extracting data, but we did contact authors for
clarification on key information, such as reasons for involv-
ing additional covariates, where required.

Future methodological studies should establish a gen-
eral strategy for estimating treatment-covariate interac-
tions whilst taking account of other covariates. Empirical
data should be analysed to understand in which circum-
stances the various possible approaches will lead to dif-
ferent conclusions and based on these findings, advocate
that the most appropriate approaches should be used in
future IPD meta-analyses of randomised trials.

6 | CONCLUSIONS

Researchers should make the most of the IPD they col-
lect, and at a minimum adjust for prognostic factors
when estimating treatment-covariate interactions, pro-
vided they adjust their main effects, which is already
widely recommended. Where multiple effect modifiers
are explored, consideration of additional methods that
alleviate any potential participant-level confounding,
such as the multiple interactions model, may provide

Synthesis Methods— YW1 LEY_L

better information on which participants are most likely
to benefit from treatments, leading to more informed
treatment policy and practice.
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