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Abstract

Network meta-analysis (NMA) is a common approach to summarizing relative treatment effects from randomized trials
with different treatment comparisons. Most NMAs are based on published aggregate data (AD) and have limited
possibilities for investigating the extent of network consistency and between-study heterogeneity. Given that individual
participant data (IPD) are considered the gold standard in evidence synthesis, we explored statistical methods for IPD-NMA
and investigated their potential advantages and limitations, compared with AD-NMA. We discuss several one-stage
random-effects NMA models that account for within-trial imbalances, treatment effect modifiers, missing response data
and longitudinal responses. We illustrate all models in a case study of 18 antidepressant trials with a continuous endpoint
(the Hamilton Depression Score). All trials suffered from drop-out; missingness of longitudinal responses ranged from 21 to
41% after 6 weeks follow-up. Our results indicate that NMA based on IPD may lead to increased precision of estimated
treatment effects. Furthermore, it can help to improve network consistency and explain between-study heterogeneity by
adjusting for participant-level effect modifiers and adopting more advanced models for dealing with missing response data.
We conclude that implementation of IPD-NMA should be considered when trials are affected by substantial drop-out rate,
and when treatment effects are potentially influenced by participant-level covariates.
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I Introduction

Network meta-analysis (NMA) is a common approach to synthesizing the efficacy of multiple therapeutic
interventions by borrowing information from so-called indirect comparisons.! Because these comparisons are
the result of observational inference making, their inclusion may lead to confounding and thereby generate
heterogeneity and inconsistency in an NMA. This is particularly problematic when effect modification exists
and the distribution of effect modifiers differs across studies.” Several reviews have found that about one-eighth
of NMAs suffer from inconsistency,’ > and that lower heterogeneity is associated with higher rates of detected
inconsistency.> Although the use of NMA meta-regression has been proposed to investigate sources of
heterogeneity in treatment effects,®’ it is well known that this approach has limited power and is substantially
prone to ecological bias when study averages are used to represent covariates that vary at the level of the individual

'Julius Center for Health Sciences and Primary Care, University Medical Center Utrecht, The Netherlands
2Cochrane Netherlands, University Medical Center Utrecht, The Netherlands

3Meta-Research Innovation Center at Stanford, Stanford University, USA

“Institute of Social and Preventive Medicine, University of Bern, Switzerland

*Department of Hygiene and Epidemiology, University of loannina School of Medicine, Greece

®Institute of Primary Health Care, University of Bern, Switzerland

Corresponding author:
Thomas PA Debray, Julius Center for Health Sciences and Primary Care, University Medical Center Utrecht, Utrecht, The Netherlands.
Email: T.Debray@umcutrecht.nl


https://uk.sagepub.com/en-gb/journals-permissions
https://doi.org/10.1177/0962280216660741
journals.sagepub.com/home/smm
http://crossmark.crossref.org/dialog/?doi=10.1177%2F0962280216660741&domain=pdf&date_stamp=2016-08-11

1352 Statistical Methods in Medical Research 27(5)

Table 1. Availability of HAMD responses in the case study.

Trial Comparison N I=1 =2 =3 =4 I=5 =6
| TeCA: Plac 90 84 78 70 67 55 47
2 TeCA: Plac 90 85 77 70 0 60 53
3 TeCA: Plac 149 144 138 106 92 80 63
4 TCA,: Plac 84 74 67 63 60 53 51
5 TCA,: Plac 100 93 83 70 68 54 53
6 TCA,: Plac 100 99 95 91 87 82 78
7 TCA: Plac 100 95 93 89 86 66 63
8 TCA,: Plac 280 261 251 229 223 0 194
9 TeCATCA, 248 246 234 230 228 218 210

10 TeCA: Plac 113 0 0 0 0 0 83

Il TeCA: Plac 50 0 49 48 0 42 0

12 TCA,: Plac 22 0 22 0 16 0 16

13 TeCATCA, 174 0 173 0 146 0 121

14 TeCATCA; 163 0 153 0 142 0 132

15 TeCA: Plac 132 0 123 0 105 97 0

16 TeCATCA, 156 0 142 0 127 118 0

17 TeCATCA, 205 0 0 0 0 0 143

18 TeCATCA, 200 187 178 0 168 0 169

In the primary analyses, we only included trials for which HAMD responses after a follow-up of 6 weeks were available (i.e. Trials 11, I5 and 16 were

excluded from the analysis).
|: follow-up time in weeks; Plac: placebo; TCA: tricyclic antidepressants; TeCA: tetracyclic antidepressants.

participants in the trials.*'© As a result, it is often difficult to identify sources of network inconsistency and
heterogeneity in NMA that are solely based on aggregate data (AD).

It is widely accepted that the use of individual participant data (IPD) is desirable during evidence synthesis, as it
may help to improve the quantity and quality of the data, to standardize outcomes across included trials and
enable detailed data checking.'""'* The use of IPD also offers more flexibility in the investigation of effect
modifiers, and therefore appears to be particularly useful in addressing the inconsistencies of an NMA %13
It may come as no surprise that meta-analysis of IPD has been put forward as the ‘gold standard’ of
systematic reviews,'* and is being increasingly implemented by medical researchers.'"!?

Over the past few years, several methods have been proposed to perform NMA' and to combine multiple IPD
sets.'? Although these methods can be combined, to perform IPD-NMA, there is currently little guidance on
deciding whether such complicated analyses should be initiated and how they should be conducted. For this
reason, we set out to explore common challenges and potential advantages of IPD-NMA. Hereto, we present
and illustrate a generic NMA framework to (a) combine IPD, (b) include covariates (prognostic factors or effect
modifiers), (c¢) address missing response data and (d) account for longitudinal responses. With this paper, we aim
to illustrate under what circumstances it might be desirable to obtain IPD, and how statistical models should be
designed to integrate established best practices. While the extension will be apparent,®'* we do not develop
methods for combining IPD and AD, as our motivating data include IPD only. Instead, we compare the IPD-
NMA models with AD-NMA models that make use of commonly reported estimates of relative treatment effect.

2 Case study data

We obtained IPD from 18 randomized trials, including a total of 2456 participants, investigating the comparative
(relative) efficacy of several (three tricyclic (TCA) and one tetracyclic (TeCA)) antidepressants (Table 1 and
the online Appendix 1). All included randomized trials were carried out within Phase IIb, III and IV trials, and
were two-armed, comparing antidepressants versus placebo or versus an active comparator (Figure 1(a)).
We anonymized all trial information that could be used to identify actual drug names or manufacturers.
Because the effects of the three tricyclic antidepressants were similar we considered them in a single node in the
evidence network (Figure 1(b)).

All participants in all trials were diagnosed with major depressive disorder by a psychiatrist according to
DSM-III (Diagnostic and Statistical Manual of Mental Disorders, version III) criteria and met the following
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Figure l. Network of evidence in the case study. (a) Original network of evidence. (b) Simplified network of evidence: treatments
TCAI, TCA2 and TCA3 are merged into a single treatment class TCA.

Plac: placebo; TCA: tricyclic antidepressant; TeCA: tetracyclic antidepressant.

inclusion criteria: >18 years old, at least moderate disease severity according to the Hamilton depression (HAMD)
rating scale (HAMD > 16), non-smoking, non-suicidal and at least one post-baseline assessment. In general,
concomitant use of psychotropic medication or psychotherapy was an exclusion criterion. For all participants,
screening measurements of HAMD scores were performed. These measurements were different from the (separate)
baseline measurements.

The primary response in each trial was the level of depression measured on the HAMD rating scale on a
weekly basis (up to a total follow-up time of 6 weeks). The HAMD rating scale consists of 17 items, each
with a possible score that ranges from 0 to 2 or 0 to 4, with larger values corresponding to more severe
depression. The maximum score that can be achieved is 54. In this study, we evaluated the comparative
treatment effects of TCA and TeCA antidepressants after a follow-up period of 6 weeks. In this regard,
it important to note that all trials suffered from drop-out over time; missingness of responses after 6 weeks
follow-up ranged from 21 to 41%. Drop-out occurred more frequently in trials that included placebo treatment
as comparator (online Appendix 1).

The IPD contains information for each subject on the HAMD score (measured at /=1,...,6 weeks after
treatment allocation) and the baseline response (/=0). Let M indicate the number of studies and N; indicate
the number of participants in study 7 receiving treatment j. We denote HAMD responses as H;y,, where i indicates
the study, j the treatment, k the participant and / the follow-up time. The baseline HAMD measurement is then
denoted as Hjo, and considered as a potential effect modifier. This covariate is centred by subtracting
corresponding values with their overall mean, yielding x;j.

For each trial we also consider the corresponding AD. These AD may, for instance, be reported in the literature
or can be generated from IPD at hand by analysing each trial separately. Let §;, and §% denote the estimated
treatment effect and corresponding error variance in terms of the mean HAMD response at week 6 in trial i. We
here consider three scenarios for obtaining ¥, and 5%6. For all scenarios, we estimate the mean difference in HAMD
score between the active and baseline comparator after a follow-up period of 6 weeks using traditional regression
analysis in each trial (online Appendix 2). This results in treatment effect estimates for 15 (out of 18) trials, as some
trials did not report 6-week follow-up data. The results shown in Table 2 indicate that these scenarios yield roughly
similar and rather imprecise estimates of treatment effect after /=6 weeks.

2.1 Scenario |

In the first scenario, we simply ignore drop-out of participants and limit the analyses to those participants with
complete follow-up data for /=6 weeks. This approach is still very common in the literature. For instance, a recent
review indicated that about 45% of published randomized controlled trials adopt complete case analysis in the
primary analysis."’
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Table 2. Overview of generated aggregate data (AD).

Scenario | Scenario 2 Scenario 3
Trial Comeparison
i tib; Ho i, Ho db, Ho i,
| TeCA: Plac 222 —3.54 (2.63) 22.1 —6.72 (1.80) 22.1 —6.07 (2.35)
2 TeCA: Plac 23.7 —1.94 (2.16) 23.6 —1.46 (1.78) 23.6 —2.22 (2.10)
3 TeCA: Plac 229 —0.77 (1.81) 23.1 1.59 (1.40) 23.1 L1 (1.71)
4 TCA: Plac 247 —6.92 (2.11) 24.8 —5.36 (1.77) 24.8 —7.00 (2.15)
5 TCA: Plac 21.5 1.80 (1.06) 21.6 —3.00 (1.40) 21.6 —0.23 (1.25)
6 TCA: Plac 27.6 —4.67 (1.60) 27.2 —3.77 (1.57) 27.2 —4.49 (1.72)
7 TCA: Plac 23.3 —3.33 (1.79) 23.4 —5.34 (1.49) 23.4 —5.56 (1.90)
8 TeCA: Plac 21.9 —3.03 (1.06) 22.2 —2.22 (1.00) 222 —2.78 (1.09)
9 TeCA:TCA 25.8 0.13 (1.11) 259 0.02 (1.23) 259 0.21 (1.24)
10 TeCA: Plac 24.0 —3.46 (2.02) 24.0 —1.83 (1.73) 24.0 —3.46 (2.09)
12 TCA: Plac 29.1 —0.95 (2.44) 30.2 2.89 (4.08) 30.2 —0.50 (3.37)
13 TeCA:TCA 26.0 2.00 (1.17) 25.7 0.99 (1.34) 25.7 1.81 (1.21)
14 TeCA:TCA 22.4 0.14 (1.19) 22.3 —0.50 (1.24) 22.3 0.42 (1.16)
17 TeCA:TCA 27.2 0.82 (1.23) 26.8 1.96 (1.36) 26.8 0.82 (1.24)
18 TeCA:TCA 247 0.42 (0.91) 24.6 0.68 (0.96) 24.6 0.57 (0.90)

Estimates represent mean differences in HAMD scores (with corresponding posterior standard deviation) after | = 6 weeks. Negative values favour the
first treatment. Results for Scenario | are based on JAGS; results for Scenario 3 are based on Stan. Note that for Trials |1, 15 and 16, no response data
were available and no treatment effects could be estimated. Scenario | is based on participants with observed HAMD scores, whereas Scenarios 2 and
3 are based on all participants.

Ho: Trial average HAMD score at time baseline for included participants; Plac: placebo; TCA: tricyclic antidepressants; TeCA: tetracyclic
antidepressants.

2.2 Scenario 2

We here consider the last observation carried forward (LOCF) approach as another common approach to account
for drop-out of participants.'>'® Advantages of the LOCF approach are that participants with missing responses
are no longer excluded from the analysis (hence, preserving randomization within trials), and that its
implementation is fairly straightforward.

2.3 Scenario 3

In the final scenario, we consider a more advanced approach to account for drop-out of participants and to reduce
the risk of bias in estimated treatment effects. Hereto, we treat the longitudinal HAMD responses as a multivariate
outcome within each trial.'” Missing HAMD responses are then imputed by borrowing information from the
observed HAMD responses across all time points within each participant. Statistical details are provided in online
Appendix 2.

3 Estimation framework

In the following sections, we discuss random-effects models to combine two-arm trials for estimating the
comparative efficacy of multiple treatments. For each model, we evaluate the extent of between-study
heterogeneity (measured by t°) and the presence of network inconsistency. The presence of network
inconsistency is estimated a posteriori by quantifying the agreement between the direct and indirect evidence for
the comparison TCA: Plac (online Appendix 3). Hereto, the consistency equations of each NMA model are
removed and all parameters are re-estimated. Note that the resulting (inconsistency) model can be viewed as a
series of separate, independent meta-analyses for each treatment comparison, sharing a common heterogeneity
variance."'® This model is also known as the unrelated mean effects model. We do not present fixed effects models,
as their implementation is only justifiable in the absence of heterogeneity and network inconsistency.

We here adopt a Bayesian paradigm to synthesize the treatment effects of the included trials. For all models
described in this paper, we specified a uniform prior distribution U(0, 10) for the square root of the between-trial
(%) and within-trial (0%) variance parameters.'”* The prior distribution for the treatment contrasts and
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regression coefficients was A/(0, 100%). Furthermore, for the inconsistency factor we used a weakly informative
prior distribution wrca.prac ~ U(—10, 10). As part of a sensitivity analysis, we informed the estimation procedure that
HAMD responses are, a priori, known to lie between 0 and 54 by applying truncation: e ~ N (m,k, cr,%) 7(0,54). All
analyses were implemented in JAGS 4.0.0 (unless specified otherwise), and are based on four chains. For each chain,
we allowed 50,000 adaptation samples and a burn-in period of 200,000 samples to ensure that convergence was
reached (as inspected by the Gelman and Rubin diagnostic). Results are based on 4 x 100,000 samples after the burn-
in period. The source code of each model is presented in online Appendix 4.

4 Meta-analysis using aggregate data

To illustrate the potential limitations of synthesizing AD, we first describe and implement meta-analysis methods
that do not account for participant-level characteristics. We hereto consider the situation where only summary
data (from Scenarios 1, 2 and 3) are available for the trials of our case study, and that these data have, for instance,
been published in the literature.

4.1 Pairwise meta-analysis

In our case study, there are three types of trials in the simplified network of evidence: trials comparing tetracyclic
antidepressants with placebo (TeCA: Plac), trials comparing tricyclic antidepressants with placebo (TCA: Plac)
and trials comparing tetracyclic antidepressants with tricyclic antidepressants (TeCA:TCA). A pairwise meta-
analysis (PMA) can then be achieved by implementing the usual random-effects model for each comparison:!

model PMA-1"¢
Pie ~ N (8, 3,26)

8; ~ N(d,,bi, th,b,») (1)

where b; represents the baseline treatment and #; represents the active treatment in trial i. The parameter d,, then
represents the summary estimate for relative change in HAMD score between #; and b;. To improve the
interpretation of subsequent NMA models, we also fitted a simplified PMA model with a common
heterogeneity term 7> across all comparisons (model PMA-2").

In the case study, we found that treatment efficacy was largest for TCA, and lowest for placebo (Table 3).
Estimated mean differences for the comparison TCA: Plac, however, varied substantially across the different
scenarios. For instance, when assuming a common heterogeneity term we found that drca.plac ranged from
—2.29 (Scenario 1) to —3.91 (Scenario 2). These discrepancies are probably related to the substantial degree of
drop-out, and also affected the extent of heterogeneity and inconsistency.

4.2 Network meta-analysis

Network meta-analysis is an extension of PMA where the treatment effects of different comparisons (e.g. dreca-piac
and drca.plac) are linked using a series of consistency equations. These equations state that dg.c =dp.A — dc.a
for any three treatments A, B and C. Hence, when applied to our case study, we have drccatca=
drecA:Plac — dTCA:Plac- This implies that both drecatca (direct evidence obtained from trials comparing
TeCA with TCA) and dreca-plac — drca:piac (indirect evidence obtained from trials comparing TeCA or TCA
with placebo) may contribute towards inference on dreca.tca. As a result, in contrast with PMA, NMA
allows to combine the evidence from a// relevant (direct and indirect) treatment comparisons in a single
statistical model:*!*?

model NMA™
i N (0.5 o
8 ~N(d, —dp,7*) with d, =0
In this model, the expression d,, — dj, forms the basis of the consistency equations that combine the direct and
indirect evidence for each treatment comparison. Hereby, the term d; is set to 0 to ensure identifiability.
A common heterogeneity term t is assumed for all treatment comparisons, for all trials.
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Table 3. Results of meta-analysis models (at a follow-up time of 6 weeks) with corresponding posterior standard deviation in the
simplified network of evidence.

Model M TeCA: Plac TeCATCA TCA: Plac T IF Missing data
(Network) meta-analysis using AD (Scenario 1)

PMA-I"® I5 —2.56 (1.18) 0.66 (0.76) —2.66 (2.26) 0.57 (2.66) M(C)AR
PMA-2"¢ I5 —2.53 (1.17) 0.69 (0.97) —2.29 (1.16) 1.69 (0.74) 0.93 (1.91) M(C)AR
NMA™ I5 —2.18 (0.91) 0.46 (0.82) —2.64 (0.90) 1.67 (0.66) 0.93 (1.89) M(C)AR
NMR I5 —2.31 (0.90) 0.15 (0.74) —2.46 (0.89) 1.26 (0.77) 1.44 (2.13) M(C)AR
(Network) meta-analysis using AD (Scenario 2)

PMA-|"® I5 —2.03 (1.90) 0.60 (0.84) —3.81 (1.46) 2.37 (2.54) MAR
PMA-2"¢ I5 —1.90 (0.92) 0.60 (0.83) —3.91 (1.02) 1.18 (0.76) 1.41 (1.60) MAR
NMA™ I5 —2.36 (0.75) 0.97 (0.71) —3.33 (0.78) 1.21 (0.72) 1.39 (1.60) MAR
NMR I5 —1.98 (1.01) 1.08 (0.84) —3.06 (0.98) 1.58 (0.84) 3.07 (2.04) MAR
(Network) meta-analysis using AD (Scenario 3)

PMA-|"ef I5 —2.50 (1.64) 0.75 (0.74) —3.57 (2.03) 0.31 (2.71) MAR
PMA-2" I5 —2.44 (1.04) 0.75 (0.84) —3.35(1.09) 1.27 (0.79) 0.17 (1.72) MAR
NMA"ef I5 —2.65 (0.78) 0.51 (0.71) —3.17 (0.85) 1.17 (0.75) 1.13 (1.74) MAR
NMR' I5 —2.83 (0.94) 0.43 (0.78) —3.26 (0.99) 1.33 (0.87) 1.50 (2.14) MAR
(Network) meta-analysis using IPD

PMA-| P I5 —2.55 (1.20) 0.67 (0.75) —2.66 (2.25) 0.57 (2.66) M(C)AR
PMA-2/Pd I5 —2.55 (1.15) 0.68 (0.96) —2.28 (1.15) 1.65 (0.76) 0.95 (1.89) M(C)AR
NMAP I5 —2.17 (0.89) 0.46 (0.80) —2.63 (0.89) 1.62 (0.68) 0.96 (1.89) M(C)AR
NMA-PF I5 —1.99 (0.93) 0.50 (0.85) —2.49 (0.92) 1.79 (0.72) 1.02 (1.98) M(C)AR
NMA-TX I5 —2.81 (0.82) 0.48 (0.69) —3.29 (0.84) 1.07 (0.72) 0.46 (1.75) M(C)AR
MNMA' 18 —2.55 (0.52) 1.04 (0.56) —3.59 (0.59) 0.71 (0.56) 0.73 (1.23) MAR
(Network) meta-analysis using IPD — sensitivity analyses

NMAPET I5 —3.24 (1.22) 0.98 (1.15) —4.21 (1.28) 1.91 (1.16) 1.14 (2.73) MAR
NMA-PF" I5 =3.11 (1.17) 1.16 (1.10) —4.27 (1.23) 1.72 (1.13) 0.81 (2.65) MAR
NMA-TX" I5 —2.76 (0.82) 0.50 (0.69) —3.26 (0.84) 1.07 (0.72) 0.49 (1.78) MAR
PMAPd I5 —3.16 (1.30) 0.82 (0.78) —2.68 (2.36) 1.30 (2.80) MNAR
NMA/P I5 —2.30 (0.89) 0.48 (0.79) —2.77 (0.90) 1.48 (0.77) 0.73 (1.91) MNAR
NMA-PF I5 —2.06 (0.89) 0.58 (0.78) —2.64 (0.92) 1.44 (0.84) 0.55 (1.94) MNAR
NMA-TX I5 —3.20 (0.79) 0.61 (0.62) —3.20 (0.79) 0.70 (0.59) 1.14 (1.72) MNAR

For all models, coefficients represent relative change in HAMD score after a follow-up period of 6 weeks. Negative values favour the first treatment. All
estimates of mean difference and between-study heterogeneity are based on consistency models (that is, without estimation of wrca.piac)-

IF: Extent of network inconsistency at a follow-up time /=6 weeks, given as Wrcapiac in the inconsistency model; M: Number of trials used in the
analyses; MNMA: multivariate NMA; NMA: network meta-analysis; NMA-PF: NMA adjusting for prognostic factors; NMA-TX: NMA allowing for
treatment-covariate interaction; NMR: network meta-regression; PMA: pairwise meta-analysis.

TCorresponding models were implemented in Stan owing to the presence of multivariate missing data.

TTruncation was applied to HAMD responses (range: 0 to 54).

In the case study, the NMA yielded similar results to PMA, although a substantial gain in precision was
obtained for the comparative effects of TeCA and TCA versus placebo (Table 3). Although the extent of
between-study heterogeneity was rather substantial for the AD generated in Scenario 1 (t=1.67), equation (2)
yielded much lower heterogeneity in Scenario 3 (r=1.17). This confirms earlier suspicions that drop-out of
participants might have affected estimates of treatment effect across trials.

Because an NMA strongly depends on the consistency of the underlying network, it is important to evaluate
to what extent the direct and indirect evidence are in agreement.'®?® We therefore specified separate
models to investigate the presence of network inconsistency (online Appendix 3). In the case study, we found
an inconsistency factor of wrca.plac = 0.93 (Scenario 1) and wrca.piac = 1.13 (Scenario 3). Although interpretation
of these values is not straightforward (as the inconsistency models might yield different estimates of treatment
effect and heterogeneity), they indicate substantial disagreement between the direct and indirect evidence. For
instance, the inconsistency model for Scenario 3 found that the mean difference of TCA compared with placebo is
less (by w=1.13) when estimated indirectly via TeCA. It is possible that IPD sets were only obtained for those
trials where the comparative effect of TCA versus placebo was relatively strong, for instance owing to data
availability bias.”* However, even when all relevant IPD has been obtained, it is still possible that trials
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comparing TCA with placebo have been conducted in particular subgroups (where TCA is more effective).
Unfortunately, there is much uncertainty around the actual extent of network inconsistency as the posterior
standard deviation of wrca.plac Was 1.89 (Scenario 1) and 1.74 (Scenario 3).

4.3 Network meta-regression

To improve consistency in NMA, it has been recommended that sources of variation in comparative treatment
effects be explored.”> A potential cause of heterogeneity in treatment effect is the presence of variation in effect
modifiers within comparisons,>'? as this may generate different observed treatment effects in different trials. For
NMA, the presence of effect modification becomes particularly problematic when there is imbalance in effect
modifiers berween comparisons, as this may lead to network inconsistency.’

In NMAs that are based on published AD, a meta-regression analysis can be conducted to adjust indirect
comparisons for confounding bias owing to differences in the measured effect modifiers between studies. These
analyses are typically based on study-level data extracted from published reports of trials. For instance, in our case
study it is possible that baseline depression severity influences treatment effect. Because the trial-level averages of
baseline HAMD response varied substantially across the included trials, this might have introduced heterogeneity
(Table 2). We therefore consider the average baseline HAMD response in trial i, denoted X;, and centre this
covariate across the included trials such that the mean of all X; values is zero. We can then explore effect
modification as follows in a random-effects network meta-regression (NMR):

model NMR
J;I'G ~ N(Mia 3126)
1i = (By, — Bp)Xi +6; (3)
8i~N(d, —dy,7") with &y =0 and =0
In Scenario 1 of the case study, we set Plac as the reference treatment and found ,3TCA = —0.54 (posterior

standard deviation 0.35) and ﬁTeCA = —0.07 (posterior standard deviation 0.46). This implies that for the
comparison TeCA: Plac, trials with an average baseline HAMD response equal to the overall mean of 24.5
have a summary treatment effect of dreca.plac =—2.31. When the average baseline HAMD response in these
trials decreases to 23.5, the summary treatment effect becomes

(—0.07 — 0) x (23.5 — 24.5) — 2.31 = —2.24

Furthermore, we found that adjusting for baseline severity decreased the amount of heterogeneity from 1.67
(equation (2)) to 1.26 in Scenario 1. Conversely, when using the AD from Scenario 2 or Scenario 3, the
amount of heterogeneity increased from 1.21 to 1.58, and from 1.17 to 1.33, respectively. In all scenarios,
network consistency deteriorated, as Wrca.prac = 1.44 (Scenario 1), wrca.prac = 3.07 (Scenario 2) and wrca plac =
1.50 (Scenario 3). For this reason, substantial concerns remain about the validity of estimated treatment effects.

5 Meta-analysis using individual participant data

It has previously been demonstrated that meta-regression has limited power to identify effect modification® and
may lead to ecological bias.'***"?® For this reason, we here explore how the (network) meta-analysis might benefit
from using IPD. We focus on one-stage meta-analysis models here, as the implementation of these models has been
recommended, owing to their increased flexibility.'**’

5.1 Pairwise meta-analysis

The PMA model of equation (1) can be extended as follows to combine the IPD from all trials®*>!

model PMA-1P4
H[/kﬁ ~ N(/.L[/'/n 0126)
o ] = b
o+ jED :
6[ ~ N(d)‘,-b," th,vb,)

Mijke = {
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In this model, heterogeneity is estimated separately for each comparison and each comparison’s respective
treatment effect is summarized by d,;,. Although it is not required, owing to randomization equation (4) may
adjust for baseline response to increase statistical power.'*** Again, the term t, », may be replaced by a common
heterogeneity term 7° (yielding model PMA-2"P%) to improve the interpretation of the subsequent IPD-NMA models.

In the case study, similar estimates were obtained as for PMA based on AD (Table 3). Results did not
meaningfully differ when equation (4) was adjusted for H;;( (data not shown).

5.2 Network meta-analysis
In its simplest form, a random-effects IPD-NMA can be written as

model NMAPd
Hies ~ N (e o75)
o :j=5b
Hake = {af+81- D
~N(d, — dy,7") with dy =0

)

Results in Table 3 indicate that this approach yields almost the same results as the NMA that is based on AD
solely (equation (2)). Evidently, this can be expected since the AD used represent sufficient summary statistics for
this particular NMA model.

5.3 Network meta-analysis adjusting for prognostic factors

As previously discussed, adjustment for baseline prognostic factors might be helpful when the meta-analysis includes
trials that were poorly randomized.>** It can, for instance, reduce the amount of heterogeneity in comparative
treatment effects and improve overall network consistency, but also increase precision.***>* We can extend equation
(5) as follows, to adjust for baseline HAMD response by treating corresponding values as a prognostic factor

model NMA-PF
His ~ N (i 075)
a; + ViXijk j=5b
e = {“i +yixg+8 j#D
~N(d, —dy,7*) with dy =0

(6)

In our case study, we did not find any within-trial imbalance (results not shown), and results are again very
similar to equation (5) and to other meta-analysis models that are based solely on (published) AD. Furthermore,
heterogeneity and network inconsistency slightly deteriorated, as we found t=1.79 and wrca.plac = 1.02, whereas
these were previously (in equation (5)) estimated as 7=1.62 and wrca.plac = 0.96, respectively.

5.4 Network meta-analysis adjusting for heterogeneity within and across trials

Recall that baseline HAMD response, although being balanced within trials, are rather imbalanced across trials.
Furthermore, recall that we considered baseline HAMD response as a potential effect modifier of treatment effect
(see section on NMR). Because meta-regression has limited power to detect effect modification and is prone to
ecological bias, we here consider an IPD-NMA model that adjusts for potential effect modifiers on the participant
level. Hereto, we replace the expression y,x;; from equation (6) with y;x; for j=5b and j# b. The resulting model
then assumes that treatment effect is modified by x;;, and can be reformulated as follows, to separate prognostic
effects from treatment—covariate interaction

model NMA-TX
Hie ~ N (i, 07)
_{ a,-—l—)/,-xi/-k ]:b
Hoes = a; + yixje + Oixye + 8 1 jF#Db
~N(d, — dy,7*) with dy =0

(N
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In this model, the coefficient 6; quantifies the effect modification for treatment j due to x;; in study i. Note that
equation (7) treats effect modifiers as nuisance parameters and, hence, allows the extent of effect modification to
differ across studies and across comparisons. Summary estimates of effect modification can still be obtained by
combining estimates of 9; for each trial with the same comparators using fixed or random effects. Alternatively, it is
possible to directly assume that 6; is common or follows a certain distribution across studies.

In the case study, we found more favourable effects for TeCA and TCA when accounting for effect modification
by baseline HAMD response. In particular, dreca.plac changed from —2.17 (equation (5)) to —2.81 and drca-piac
changed from —2.63 (equation (5)) to —3.29. These estimates are, however, only applicable to participants with a
baseline HAMD response that is equal to the average of 24. Owing to the inclusion of interaction terms, the
comparative efficacy of each treatment may vary across participants. For instance, when we pooled the estimated
0, coefficients of TeCA: Plac trials, we found an average interaction effect of 6 = —0.29 (standard error =0.20). The
proportion of total variation in the estimates of 6, that is due to heterogeneity between studies was negligible
(I =1%).>” Hence, for participants with a baseline HAMD response of 25 (instead of 24), the relative change in
HAMD score between TeCA and placebo is —3.1 (instead of —2.81). Similarly, we find that the comparative effect
from equation (5) (dreca-plac = —2-17) applies to those participants with a baseline HAMD response of 21.79.

5.5 Dealing with missing responses

As previously discussed, the included trials suffered from substantive drop-out, leading to a total of 31% of
participants with missing responses after a follow-up period of 6 weeks (online Appendix 1). It is clear that if
participants who left the trial experienced different outcomes from the remaining participants, estimated treatment
effects are prone to bias.'®**% This situation becomes particularly problematic in a meta-analysis, where reasons
for drop-out may vary across trials. Results from our case study demonstrate that methods for dealing with
missing response data (such as complete case analysis, LOCF or multivariate analyses) might yield
substantially different estimates for comparative treatment effects, between-study heterogeneity and network
inconsistency (Table 3). In this regard, a major advantage of IPD models is that they enable careful
investigation of the influence of participants with missing responses.

In general, three missing data mechanisms can be distinguished by relating to the probability of
missingness.*®*° This probability may be independent of observed and unobserved data (missing completely at
random; MCAR). Alternatively, it may be fully dependent on observed data but still independent on unobserved
data (missing at random; MAR).*' When the aforementioned IPD models are implemented without further
specification, participants with missing responses are considered ignorable and do not contribute to estimation
of treatment effects.*>** As such, analyses that exclude participants with missing responses (hence adopting
MCAR) yield the same results as analyses that are based on all data (adopting MAR).?>*' An exception to
this situation occurs when HAMD responses are truncated between 0 and 54. In that case, participants with
missing responses are imputed with informative values, and may therefore influence the posterior distribution of
the meta-analysis models that are based on IPD. In the case study, we found that truncation led to stronger
treatment effects but also decreased their respective precision (Table 3).

Finally, it is possible to assume that the probability of missing responses depends on both observed and
unobserved data (missing not at random; MNAR).** The researcher must then specify an additional model
that describes the pattern of missingness. For instance, in the case study it is possible that participants who are
not experiencing any improvement or who are feeling worse might seek alternative treatment and drop out of the
study. We can implement the following selection model to adjust for this MNAR pattern. Let m,;¢ represent a
covariate indicating whether H ¢ is observed (m; = 1) or missing (m;6 = 0) for participant k receiving treatment
j in trial i. Then

Mijks ~ Bernoulli(Pi/‘k6)
logit(piks) = ai + bi(Hixs — Hiro)

describes that the probability of missingness depends on the participant’s change in HAMD score since
randomization. Note that this MNAR imputation model acknowledges the potential for heterogeneity in the
drop-out mechanisms, as the regression coefficients for imputation are trial-specific.

Because effective estimation for MNAR imputation models requires mildly informative prior distributions, we
assumed that participants for which HAMD scores did not improve were more likely to drop out of the study by
specifying b;~ N (0, 10%)7(0, ) and a;~ N0, 10?). In the case study, we found that the implementation of MNAR
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often decreased the extent of between-study heterogeneity and network inconsistency (Table 3). For instance, by
implementing the equation from above in equation (6), the estimate for t decreased from 1.79 to 1.44 and the
extent of network inconsistency decreased from 1.02 to 0.55. However, the implementation of MNAR was not
always favourable. For instance, in equation (7), we found that Wrca.piac increased from 0.46 to 1.14 despite a
reduction in 7.

It is important to realize that the fit of alternative models can only be evaluated in terms of the observed data,
and therefore it is impossible to verify the nature of the missingness mechanism formally.** For this reason, it is
recommended that one conduct sensitivity analyses in which the influence of different assumptions on the achieved
results is compared. It is generally preferred to improve the justification of M(C)AR analyses by specifying analysis
models that adjust more extensively for the observed data. It is, for instance, possible to further extend equation
(6) by incorporating HAMD responses at intermediate time points. Unfortunately, this approach becomes
problematic when the intermediate responses Hjy, ..., H;s are not fully observed, as in the case study. We
therefore consider a more elegant approach in the next section.

5.6 Modelling longitudinal responses

In the previous section, we demonstrated that drop-out is an important concern and should be carefully analysed.
We therefore imputed missing HAMD responses by drawing from the posterior distribution of the IPD-NMA
model, and evaluated several methods to specify the missing data mechanism. In this section, we go one step
further and describe how the justification of MAR analyses can be improved by modelling the HAMD scores as
longitudinal responses in a one-stage IPD-NMA. This approach not only enables the reduction of bias,***¢ but
may also help to increase the precision of estimated treatment effects and to include trials for which HAMD
responses after 6 weeks are systematically missing (as is the case for Trials 11, 15 and 16, see Table 1).

We here propose to borrow information across time by adopting a one-stage multivariate IPD-NMA (MNMA)
model.'”*”* In this manner, we can use information from all follow-up times across all 18 trials to estimate the
treatment effects after 6 weeks. Note that in our case study, a total of 6286 HAMD scores of a possible total of
14,736 (i.e. 43%) are missing across the 18 trials. Because JAGS does not allow the specification of multivariate
normal distributions with structured missing data, we use Stan 2.6.0 to estimate the following models.’® Hereby,
we used default (uniform) prior distributions for all parameters, and allowed the necessary Jacobian adjustments
for variables that were declared with constraints.

We consider the following MNMA model to account for informative drop-out. This model allows for local
estimates of within-study covariance*”** (modelled by R;) and adopts an auto-regressive model of order one to
account for potential between-study heterogeneity.

Model MNMA
Hijq Mijk1
S ENSVAYN{ B B 3
Hije Wijk6
a1
: j=05b
Mk ’ /
) - Q6
: a;j| i1
ijk6 4 ith (®)
Q6 Si6
‘512 tinn ... {51’1‘[6
8in diy — dp, ) .
{11 5 ... 1aTs
~MVN S
Sis dis — dps

4
St e

R; ~ Wishart ' (v, A)
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In this model, the within-study covariances, R;, are assumed to follow an inverse Wishart distribution with v
degrees of freedom and scale matrix A. This parameterization for the within-study covariances enables
information to be borrowed across the included trials while allowing for exchangeable correlation relationships,
and therefore helps to avoid small-sample estimation fallacies. We used the uniform prior v='~ U(0, 0.16)
to ensure that sampled values for the number of degrees of freedom are compatible with the dimension of the
scale matrix A.

In the case study, we found that { =0.30 (posterior standard deviation =0.74) and v=32.50 (posterior standard
deviation =2.67). Results demonstrate that equation (8) decreased the extent of between-study heterogeneity from
1.62 (equation (5)) to 0.71, and decreased the amount of network inconsistency from 0.96 to 0.73. Furthermore,
when comparing the IPD analyses with the AD analyses from Scenario 3, we found that the extent of
heterogeneity decreased from 1.17 (equation (2)) to 0.71 (equation (8)), and that network inconsistency
decreased from 1.13 to 0.73. Finally, it is possible that further improvements can be attained by considering
aforementioned treatment—covariate interactions.

6 Discussion

In this paper, we illustrated and discussed several IPD-NMA models for continuous outcome data. We explored
the potential advantages of using IPD over published AD that arise when there is substantial between-study
heterogeneity in treatment effect due to the presence of effect modification or missing response data. It is well
known that using published AD to explore this issue might lead to ecological bias, while the use of IPD avoids this
pitfall.?® For instance, results from our case study indicate that by accounting for effect modification on the
participant level (equation (7)), rather than on the trial level (equation (3)), the extent heterogeneity and
network inconsistency considerably decreased (regardless of how the AD was generated).

Similarly, we demonstrated that access to IPD might overcome potential bias arising from informative drop-
out. In particular, we found that for meta-analysis based on AD, LOCF deteriorated network consistency while
complete case analysis led to excessive heterogeneity. When treating missing responses as non-ignorable
by adopting a multivariate AD-NMA (equation (2) in Scenario 3) or a multivariate IPD-NMA (equation (8)),
we found lower estimates of heterogeneity and network inconsistency, as compared with those models that
assume non-informative drop-out (equation (2) in Scenario 1 and equation (5)). These findings confirm the
need to implement appropriate methods when differential drop-out occurs,'®3%4%4 and illustrate again
the potential advantages of multivariate models.!” Finally, we showed that even when all (published) AD is
based on advanced models accounting for informative drop-out, IPD-NMA may still help to reduce the extent
of between-study heterogeneity, and to improve overall precision and network consistency (as compared with
NMA using AD).

Although not uniquely relevant to NMA, access to IPD also enables more rigorous sensitivity analyses.
Here, we illustrated how different assumptions can be implemented when dealing with missing responses, and
how statistical models can be tailored to the nature of the data. For instance, in our case study, the outcome
HAMD scores represent natural numbers and are bounded between 0 and 54, and using normal approximations
might not be appropriate. As we illustrated, the Bayesian Gibbs sampling framework enables the implementation
of truncated response variables and the exploration of alternative missing data patterns without much additional
effort. These analyses are less straightforward (and often infeasible) when operating in a frequentistic framework,
and can only be implemented when IPD are at hand. The methods presented here can also be extended to analyse
other outcome types, to combine published AD with IPD, to combine multi-arm studies or to include evidence
from non-randomized studies.”’ Adjusting for confounders and other potential sources of bias then becomes
crucial and could, for instance, be selectively applied to the relevant studies.

Some limitations need to be considered in this work. First of all, the IPD in this case study were not obtained
through a comprehensive review. It is generally recommended that one combine all relevant data, and retrieve
AD for trials not providing IPD. Methods and potential advantages for meta-analysing such evidence have been
discussed elsewhere.®'? In this regard, it is important to acknowledge that the quality of the published AD might
substantially affect the validity of an NMA. Results from our case study demonstrated that if trials suffer from
drop-out, inclusion of AD based on complete case analysis might substantially inflate the extent of between-study
heterogeneity. Unfortunately, complete case analysis is still common practice in the literature,'” and other flawed
techniques, such as LOCF,*>* are also likely to degrade network consistency. To explore the impact of this
problem, we here considered that al/l AD is based on complete case analysis (Scenario 1), on LOCF (Scenario 2), or
on multivariate analyses (Scenario 3). Evidently, published trials will often adopt a mixture of methods for dealing
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with drop-out; thus, it is possible that heterogeneity and network inconsistency might further increase as a result.
A second limitation is that we investigated a case study with a relatively simple network of evidence. In practice,
networks tend to be more complicated and potentially include a greater diversity of treatment arms (within and
across trials).”>3* Although the presented models can be extended in a straightforward manner to combine three-
armed studies, estimation of between-study covariance might become problematic in multivariate NMA
models.*”>> Finally, it is possible that the advantages found in this case study might be less (or more)
pronounced in other clinical datasets. For this reason, we believe that simulation studies are needed to pin-
point under what circumstances implementation of the presented models should be pursued. Furthermore,
guidance is warranted to help future investigators in deciding whether the collection of IPD for all (or a certain
subset of) trials would be beneficial for their particular research aim. Major known limitations of IPD include the
difficulty of collecting data from all trials (thus reducing power), the possibility that trials without accessible data
might differ in results from those that have accessible data (thus creating bias), and the much larger amount of time
and effort to make agreements with investigators, organize data collection, clean data and perform analyses.”®>®

In conclusion, IPD-NMA offers several potential advantages over meta-analyses that are solely based on AD.
Its implementation should be considered when trials are affected by substantial drop-out, and when treatment
effects are potentially influenced by participant-level covariates.
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