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Outline

| will cover:
* Missing data issues in HTA (CEA) studies using IPD
* Advantages of using R in three HTA settings:

 Hierarchical studies

e Joint modelling
* Missing not at random outcomes

This talk will not include:

e Case studies primarily based on modelling or
aggregate data.

e Summary of all relevant R packages to HTA users
facing missing data problems 2



Setting 1 - Hierarchical studies

Hierarchical structure must be accounted for in the missing data
model (as is in the substantive model)

Probability of observing the data is likely to be more similar
within groups/clusters (e.g. GP practices)

» Patient characteristics more similar within those groups

e Data collection efforts may differ across sites (clusters)

Missing data methods that ignore clustering will lead to:

* |Imprecise cost-effectiveness estimates

 Biased results if cluster size is informative - cost accumulation or
treatment effectiveness changes with no. patients recruited to cluster

(Gomes et al 2013)



Multilevel Ml

Non-hierarchical Ml model:
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e Bayesian hierarchical models would also be suitable (Diaz-Ordaz
et al 2014)
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Maternity study - Gomes et al 2013

 CEA of intervention to improve diagnosis of active labour in
women having 15t child.
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Why R?

* Implementation of Multilevel Ml outside R is challenging
* Requires specialist software - e.g. REALCOM-Impute macros for MLwiN
e Stata ‘mi impute’ currently does not allow for clustering
* One can call REALCOM-Impute from Stata but prone to issues

* Several packages to implement multilevel Ml

e Pan - implements multilevel Ml based on multivariate mixed model
(Schafer and Yucel 2002)

e Mice - can include random-effects, but less clear how the full
hierarchical structure is handled when imputing non-Gaussian outcomes

« Jomo — more recent package to handle joint hierarchical MI models

* Flexible platform to run Bayesian hierarchical models (More on
this in Andrea’s talk)



Example R code

* ### Using mice package ##

* datalO<-subset (data, arm==0,
select=c(galy,total cost,cluster,agecat,eco status,english
,Sizecl,bgaly,epds bwe,epds 6mo))

* 1ini <- mice(data0, maxit=0) #initial wvalues
* pred <- iniSpred
* # Select variables to imputation model

* predll,] <-c¢(0, 1, -2, 1, 1, 1, 1, 1, 1, 1) i
l=predictor; -2=cluster; 0O=variable to be 1mputed

* pred(2,] <~ c¢(1, 0, -2, 1, 1, 1, 1, 1, 1, 1)

e 1mp0 <- mice (data0, m=M, meth=c ("21.pan","21.pan",
rep("",8)), seed=1710, pred=pred, maxit=D)h)

e Other OptiOnSZZl.norm, 21.bin, 21.jomo, 2lonly.norm (..)



Setting 2 - Joint modelling

* Joint modelling is central to CEA

* Typically CEAs are required that costs and outcomes are jointly modelled

* Other settings also require joint modelling

* Individual patient data meta-analysis
* Receiving increasing attention in HTA
e Consistent inclusion/exclusion criteria
* Analysis can be standardised across studies
* Consider information beyond that included in original publication
 More plausible assumptions about the missing data



Case study

FDA-commissioned IPD meta-analysis of cardiac devices

Aim: synthesise evidence from 5 RCTs (N=5273) on cardiac
resynchronisation (CRT) alone versus CRT combined with cardio
defibrillator for chronic heart failure

Mortality | NYHA class | 6-min walk | Quality of Life
(5% missing) | (15% missing) | (22% missing) | (44% missing)

Study 1 (N=490) v x v x v % v X
Study 2 (N=555) v v x v % v x
Study 3 (N=1798) v v x v x x

Study 4 (N=610) v v x v % v %
Study 5 (N=1820) v x v x v x v %

v': fully-observed; v %: partially missing %: completely missing ;



IPD random-effects meta-analysis

Joint hierarchical model (2 binary, 2 continuous)
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RA study results

Compared joint versus chained equations M| (Gomes et al 2016)

* Correlation between outcomes at study-level not properly accounted for by
the chained equations approach
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Why R?

 Option to implement multivariate normal (MVN) Ml was not
available in Stata (back in 2013)
* Nowwecanuse mi impute mvn option

e Clustering not allowed for
 Again we’d have to use REALCOM-Impute macro (either in MLwiN or

Stata)

* More sophisticated packages to conduct multilevel Ml
* For example, jomo package allows distinct imputation models for
missing variables at patient versus study level

* Further flexibility to undertake IPD meta-analysis
* Bringing data together (from different studies) is straightforward

* Bayesian methods for evidence synthesis
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Setting 3 - Missing not at random

* In many CEA settings, the chances of observing the data tend to
be associated with the underlying unobserved values

* For example, patient-reported outcomes are widely used for
assessing the benefits of health interventions (e.g. NICE, WHO),
but are prone to missing data and unlikely to be MAR

* The chances of patients completing health questionnaires are
typically related to their true health status, i.e. data are missing
not at random (MNAR)
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Selection models

* Selection models usually involve estimating the missing
data and analysis models jointly

V;=BX;+e, &~N(0,0%)
logit(P(R; = 1)) =yZ; + aY; R; = 1ifY; is observed, 0 otherwise

Where the missing data model is a function of MNAR outcome.

This can be estimated in many ways (examples in CEA/econometrics)
 Heckman 2-step approach (Heckman 1976)

 MI (Gomes et al 2020)

* Copula models (Gomes et al 2019)

e Bayesian analysis (Mason et al 2021)
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Pattern mixture models

* Pattern mixture models address MNAR by allowing for
differences between the distribution of observed and
unobserved data

Y;~N(u; + 6(1 — R;), 09) R;= 1ifY; is observed, 0 otherwise

 Where the distribution of unobserved values differs from that of
observed values by §

This can be estimated in many ways (examples in CEA)
e Bayesian analysis (Mason et al 2018)
Ml (Leurent et al 2018)
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Why R?

* Natural framework to conduct Bayesian analysis

E.g. using JAGS or Stan
Either selection or pattern mixture approaches

Flexible to handle non-Normal (and correlated) cost-effectiveness
endpoints

Mason et al 2018 and 2021 provide R code for handling MNAR

* Flexibility offered for copula selection models (e.g. not available
in Stata or SAS)

Wide range of non-Gaussian outcome distributions

Different copula functions (to reflect the dependence between non-
response and the outcome)

GJRM package — R code provided in Gomes et al 2019
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