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1 Introduction

Joint models for longitudinal and time-to-event data simultaneously model an outcome measured repeatedly over time (longitudinal) e.g. blood
pressure, and the time until a specified event (time-to-event) e.g. death. For data from a single study, joint models are preferable to separate
longitudinal or time-to-event models when a relationship exists between the longitudinal and time-to-event outcomes. Joint models have been
expanded to allow for clustered data from multiple sources (e.g. studies in a meta-analyses) [1,2]. However, these methods are limited to cases
where the same set of treatments are examined in every data source. This research extends joint modelling methodology to allow analysis of multi-
data source data, where sources may examine different subsets of the possible treatments for a given clinical condition.

2 Standard Multi-Data Source Joint Model
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In the above, f represent fixed effects with corresponding design matrices X, random effects are
approaches —
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denoted b with corresponding design matrices Z. Superscripts denote the level random effects act
on ((2) indicating individual level, (3) indicating study level), and subscripts identify sub-model
membership (L=longitudinal, S=time-to-event).
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3 Extension to joint NMA N
The standard joint model above assumes all included data sources compare the same set of Lower triangle shows
treatments. This is often not the case in healthcare, where different studies, hospitals, sites or treatment effect
may examine different subsets of the possible treatments for a condition. Given the comparisons possible

populations from the different sources are comparable, we can use Network Meta-Analytic using direct pairwise joint

(NMA) techniques [4] to analyse all the treatments across a network of data sources. MA
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7 Selecting study specific random effects
It is vital to be able to allow for between study variation in treatment effect using random
effects. A method is required to update a master covariance matrix, containing estimates of
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4 Basic Parameters in NMA

Treatment effects in an NMA are represented using basic parameters (1 4). They hold

the treatment effect of each treatment h compared to a Network Reference Treatment (NRT) Define block diagonal selection matrix
— the standard (or most commonly used) treatment, which is labelled treatment 1. | : P 0 By for each study fo extract study
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5 Consistency across joint models 8 Running joint NMA model in Stan

Placebo (P), N=13725 Model implemented in R [6] using Stan [7]. Initial values were informed by standalone fits,
prenool ) and then fits on small samples of the data, before final fits on full datasets. A consensus
approach was used where full datasets were >6000 individuals. Current work is focusing on
approaches to allow these methods to run fast enough without the consensus approach [8].
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This research has extended joint modelling for longitudinal and time-to-event data in the
multi-data source setting to allow for differing subsets of potential treatment options
between data sources. The methodology has been implemented in R and Stan for fixed and
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focuses on model fitting speed, and extension to other baseline hazards/associations
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