A Cronfa

Swansea University's Research Repository

I = Swansea
£

A2 University

Prifysgol
Abertawe

Bayesian evidence synthesis methods for
two diagnostic tests: application to

Alzheimer’s disease dementia
by

Athena McBride

Submitted to Swansea University in
fulfilment of the requirements for the

Degree of Doctor of Philosophy

Swansea University

2025

Copyright: The Author, Athena McBride, 2025. Licensed under the terms of a

Creative Commons Attribution-Only (CC-BY) license. Third party content is
excluded for use under the license terms.


A.A.ZASHEVA
New Stamp


Abstract

This thesis considers a range of methodological challenges related to the synthesis of
comparative diagnostic accuracy studies that evaluate two tests in the same patients,
and aims to address them through the development of novel meta-analysis methodol-
ogy in a Bayesian framework. The novel methods are applied to a real-world example
in Alzheimer’s disease dementia, for which test comparisons are important in opti-
mising diagnostic pathways and improving detection. Firstly, the thesis introduces
complex dependence structures present in meta-analyses of comparative diagnostic
accuracy studies; in particular, within-study associations arising between sensitivi-
ties and specificities when patients undergo both tests of interest. This thesis assesses
the impact of accounting for within-study dependencies on key test accuracy param-
eters by fitting a meta-analysis model that treats the two tests as independent to
simulated data in which the associations are known. Ignoring within-study depen-
dencies is shown to lead to underestimation of joint sensitivity and specificity, which
measure the agreement between tests and enable modelling of diagnostic test com-
binations and pathways. This motivates the need for methodological development
to jointly model the accuracy of two diagnostic tests and the associations between
them. Novel Bayesian meta-analysis models for synthesising evidence on the ac-
curacy of two diagnostic tests are developed, capturing within-study dependencies
using bivariate copulas. Motivated by an example in Alzheimer’s disease dementia,
the bivariate copula framework is shown to lead to improved model fit compared
to the approach that does not account for within-study associations. The bivariate
copula models are extended to incorporate individual participant data on combined
test performance, capturing within-study dependencies through trivariate copulas.
These methods can be used to inform optimal combinations of diagnostic tests for
health care policy and decision-making.
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Chapter 1

Introduction

1.1 Aims of the thesis

The increasing availability of diagnostic tests in contemporary healthcare has moti-
vated the development of meta-analysis models to jointly synthesise the accuracy of
multiple tests. The gold standard of evidence on the comparative or combined per-
formance of two diagnostic tests is a comparative diagnostic accuracy study, which
evaluates the accuracy of both tests in the same patients. Comparative diagnostic
accuracy studies most commonly use a within-subject design, in which all patients
undergo all tests of interest. Under this paired design, however, within-study asso-

ciations arise between the sensitivities and specificities of the two tests.

Currently, the impact of accounting for these associations on key test accuracy pa-
rameters is unknown. While a number of meta-analysis models have been proposed
to synthesise data on the accuracy of two diagnostic tests, many of these approaches
do not account for correlations between multiple tests evaluated using a paired de-
sign. This is partially driven by limited reporting of fully cross-classified data, needed
to account for within-study associations, in comparative diagnostic accuracy stud-
ies. The models that do account for the associations often make restrictive distribu-
tional assumptions and their application is restricted by availability of cross-classified
data. This thesis considers a range of methodological challenges related to the meta-
analysis of paired diagnostic accuracy studies. The limitations of existing methods
are addressed through the development of novel meta-analysis models that account
for within-study associations through a flexible Bayesian framework, making use

of the full range of possible reporting formats for comparative diagnostic accuracy



studies.

The aims of the thesis are as follows:

1. Evaluate the impact of ignoring within-study associations between sensitivities

and specificities in a meta-analysis of paired diagnostic accuracy studies.

2. Develop Bayesian meta-analysis models to evaluate the comparative diagnostic
accuracy of two tests assessed against a common reference standard through
a paired design, using a combination of study- and individual-level data to

capture within-study associations.

3. Extend the models to evaluate the combined accuracy of two tests compared
to a common reference standard under a paired design, using data at the

individual-level to account for within-study associations.

The Bayesian evidence synthesis methods developed in this thesis will be applied to
a case study in Alzheimer’s disease dementia. Current research in Alzheimer’s dis-
ease indicates that changes in certain biomarkers may precede clinically recognisable
disease by decades.|[1, 2] These biomarkers are beginning to be utilised in the diagnos-
tic pathway for Alzheimer’s disease dementia, allowing for earlier diagnosis and the
possibility of preventative treatment. Through the application of methodology devel-
oped in this thesis to biomarker data, it is possible to evaluate their comparative and
combined diagnostic accuracy, enabling the assessment of different testing strategies
and diagnostic pathways. This could help to provide urgent answers on the utility
of biomarkers as diagnostic tools and improve the diagnosis of patients with, or at
risk of, Alzheimer’s disease dementia. Methodological developments undertaken in

this thesis will be generalisable to a wide range of disease areas.

In the remainder of this chapter, background information is provided on concepts
that are key to understanding this thesis. Section 1.2 describes important features
of meta-analysis of diagnostic accuracy studies, Section 1.3 introduces Bayesian sta-
tistical methodology, and Section 1.4 highlights the challenges faced in the diagnosis
and treatment of Alzheimer’s disease dementia and how biomarkers can help to ad-
dress them. Section 1.5 describes the structure of the thesis and how each chapter

relates to these aims.



1.2 Meta-analysis of diagnostic test accuracy

studies

Meta-analysis is the statistical combination of results from two or more studies that
answer the same research question, used to derive conclusions on the body of research
and, in the context of healthcare decision-making, to inform evidence-based clinical
practice.[3] Data from primary studies, identified through a systematic search of the
available literature, are synthesised in a single analysis with the aim to produce
a summary estimate of a parameter of interest, for example the effectiveness of an
intervention for treating a condition or the accuracy of a diagnostic test for confirming

or excluding it.

As well as allowing the integration of findings from multiple studies in a quantitative
and coherent review, meta-analysis may produce a more precise estimate of the effect
or accuracy measure compared to single studies that contribute to the analysis.[4]
Meta-analysis can aid in understanding often-variable study results by identifying
differences attributable to chance, those explained by observed differences in study
or patient characteristics, and those likely to be real.[4] The degree of conflict in the
literature is assessed by estimating the between-study standard deviation, and the
uncertainty in the summary estimate is summarised using a confidence interval (or

credible interval in a Bayesian framework, see Section 1.3).

Meta-analysis is not without its limitations if bias is introduced to the study pool
or if statistical models are misused, however. If primary studies are biased due to
their design, or if bias arises at the review stage through inappropriate research
methodology, then the summary estimate produced by the resulting meta-analysis
may not reflect the actual effect and lead to erroneous conclusions. Therefore, it
is important to assess to what extent each primary study is at risk of bias using
a validated tool, and to ensure that systematic reviews are conducted in line with
guidelines such as the Cochrane Handbook for Systematic Reviews of Interventions

or the Cochrane Handbook for Systematic Reviews of Diagnostic Test Accuracy.[5, 4]

Diagnostic test accuracy studies evaluate the ability of a test to correctly classify
participants as having the target condition or not. The results (positive or negative)
of an index test are compared to a reference standard test, which is assumed to
perfectly classify participants’ disease status. Diagnostic accuracy studies typically
produce a pair of test accuracy measures that evaluate a test’s ability to confirm

or exclude a target condition, with sensitivity (the proportion of participants with



the target condition that are correctly identified by the test) and specificity (the
proportion of participants without the target condition that are correctly identified

by the test) being the most common metrics used.[6]

Heterogeneity often arises between sensitivity and specificity when diagnostic accu-
racy studies are combined in a meta-analysis due to differences in patient or test
characteristics across studies. This between-study heterogeneity induces a depen-
dence between sensitivity and specificity. A common source of between-study het-
erogeneity is test threshold, a criteria (such as a numerical cut-off) applied to a test
to define a positive or negative result. As threshold for test positivity increases,
specificity increases while sensitivity decreases. This trade-off results in a nega-
tive between-studies correlation between sensitivity and specificity, that may lead
to their underestimation unless the association is adequately captured.[7] Sensitivity
and specificity in each study are estimated using distinct patient populations: those
with the target condition and those without. Therefore, in a meta-analysis of di-
agnostic accuracy studies evaluating a single test against a reference standard, the

measures are considered independent at the within-study level.

1.2.1 Methodological challenges in meta-analyses of multi-

ple diagnostic tests

In comparison to evidence synthesis methods for single diagnostic tests, method-
ological development to jointly evaluate the accuracy of two tests against a common
reference standard is relatively novel and as such guidance and best practice are
ever-evolving. Most clinically relevant questions are comparative in nature; whether
a novel diagnostic test is sufficiently accurate to use in practice depends on the accu-
racy of other, existing tests. Joint synthesis of multiple tests also enables assessment
of the accuracy of different testing strategies and diagnostic pathways. Diagnostic
accuracy studies, however, often focus on evaluating single tests, making direct com-
parison challenging and potentially introducing bias where non-comparative studies

are combined to answer comparative questions on test accuracy.[§]

Unlike intervention studies, in which patients are frequently randomised to indepen-
dent treatment groups, participants of comparative diagnostic accuracy studies of
two tests often undergo both tests of interest plus a reference standard. Under this
paired design, within-study dependencies arise between sensitivities and specificities

of the two tests. Cross-classified data for each study - containing all possible com-



binations of test results compared to true disease status, equivalent to individual
participant data (IPD) - are typically required to account for the associations be-
tween multiple tests, but are rarely reported in practice.[9, 10, 11, 4] Assessing the
importance of accounting for these dependencies in an evidence synthesis framework
- whether they impact summary accuracy estimates, and under which conditions
- represents a novel area of methodological development. The need to investigate
whether more complex models for synthesising comparative diagnostic accuracy stud-
ies, including methods that incorporate within-study associations between multiple

tests, outperform simpler models, which assume independence between tests, has
been highlighted.[12]

As well as additional, complex dependence structures present in paired studies, com-
putational difficulties may also arise as a consequence of synthesising data on mul-
tiple tests in a single analysis. As the number of tests increases, the number of
estimated parameters increases exponentially. This can lead to computationally de-
manding models with long run times, imprecise estimates of key parameters, and
issues with model convergence, particularly if the number of participants or studies
is low. Choice of model parametrisation, Bayesian sampler (see Section 1.3) and
software are important considerations when jointly modelling multiple tests and the

dependence structures between them.

1.2.2 Health technology assessment of diagnostic tests

Health technology assessment (HTA) is a systematic process for evaluating the prop-
erties of a health technology used in the prevention, diagnosis or treatment of a con-
dition. HTA assesses the clinical and cost-effectiveness of an intervention, as well as
its impact, both direct and indirect, on the broader health system. It is a multidisci-
plinary process that aims to inform healthcare decision-makers, and acts as a bridge
between scientific research and policy-makers.[13] The National Institute for Health
and Care Excellence (NICE) determines whether novel health technologies are reim-
bursed by the National Health Service (NHS) in England and Wales, balancing high
quality health and social care with value for money by producing evidence-based

guidance to improve outcomes for both individual patients and society as a whole.

The accuracy of a novel diagnostic technology may be evaluated through one of two
NICE programmes. The first is the Medical Technologies Evaluation Programme,

which covers tests that offer similar health outcomes at less cost to the NHS or



improved outcomes as the same cost at current NHS practice. The second is the
Diagnostics Assessment Programme,[14] which covers tests that have the potential
to improve health outcomes but at an increased cost to the NHS, meaning their
evaluation is more complex and may require clinical and cost-effectiveness analysis
or assessment in comparison to other technologies. The latter can require the use of
complex evidence synthesis methods, particularly those that allow the joint meta-

analysis of diagnostic accuracy data on two or more tests.

A report by the NICE Decision Support Unit published in 2020, commissioned to
support NICE HTA programmes, found there was no clear guidance on the synthesis
of comparative diagnostic accuracy studies that use a paired design.[15] The report
noted that cross-classified data (discussed in detail in Section 2.3.4) are required to
account for within-study associations between tests. The authors also highlighted
that research questions prioritised by the NICE Diagnostics Assessment Programme
often relate to the joint accuracy of multiple diagnostic tests used in combination,
estimation of which requires modelling techniques that account for within-study de-
pendencies. Existing models that allow explicit estimation of joint accuracy param-
eters were reported to often run into computational difficulties, even for seemingly

simplistic scenarios.

1.3 Bayesian methodology

Bayesian methodology possesses several defining features that make it a natural ap-
proach for healthcare decision-making. There are two distinct schools of thought
in statistical inference, which differ primarily in their handling of uncertainty: the
frequentist approach and the Bayesian approach.[16] In a frequentist framework, pa-
rameters are assumed to have fixed, but unknown, true values. Inference is made
about the probability of the observed data at specific parameter values, rather than
the parameter itself. In a Bayesian framework, each parameter in the model is as-
sumed to be unknown and is estimated from a probability distribution; both the
model parameters and the data are treated as random elements, meaning uncer-
tainty around each is captured.[17] Bayesian methods are a natural fit for the clini-
cal and cost-effectiveness analyses that form a vital component of the HTA process,
as healthcare decision-making is often relatively conservative and required under a
level of uncertainty.[3] Using Bayesian modelling, direct probability statements about

posterior parameters can be made, allowing conclusions to be presented in a more



intuitive form that aids decision-making.

Bayesian models can be updated in light of new knowledge regarding a parame-
ter or set of parameters, forming posterior distributions that summarise both the
observed data via specification of a likelihood and external evidence via a prior
distribution. This feature of Bayesian methodology offers a flexible approach to
modelling complex clinical scenarios, while making efficient use of the available liter-
ature base. The development of accessible and user-friendly software to implement
different Bayesian samplers, including Markov Chain Monte Carlo and Hamiltonian
Monte Carlo simulation, make it relatively straightforward to fit increasingly com-

plex Bayesian models.[16]

1.4 Alzheimer’s disease dementia

Dementia describes a progressive, clinical syndrome in which there is impairment in
cognitive function beyond what might be expected during the usual process of age-
ing. It encompasses a range of cognitive, psychological and behavioural symptoms,
including difficulties with memory loss, problems with language and communication,
and change in personality.[18] Dementia is characterised by the progressive loss of
ability to perform activities of daily living;[19] people with dementia will eventually
be unable to look after themselves, and may lose the ability to communicate. De-
mentia is thought to progress through a series of stages, from biologically active but
clinically silent, to impairments of memory and thinking that are not sufficient to

interfere with daily activity (mild cognitive impairment), to overt dementia.

According to recent WHO statistics, dementia is currently the seventh leading cause
of death among all diseases worldwide and is recognised as a global health priority,
subject to the WHO ‘Global action plan on the public health response to dementia
2017-2025.[20, 21] A report published by the Alzheimer’s Society in 2019 estimated
that there are approximately 885,000 older people living with dementia in the UK,
increasing by 80% to an estimated 1.6 million by 2040.[22] The same report estimated
that dementia cost the UK £34.7 billion in 2019, with social care (£15.7 billion),
unpaid care (£13.9 billion) and healthcare (£4.9 billion) accounting for the majority
of the expense. By 2040, this figure is expected to rise to £94.1 billion - an increase
of 172%.[22]

As well as the challenge to health and social care provision, dementia has consid-



erable impact on the physical, mental and social well-being of people living with
the condition, along with their carers and families. Caring is often a stressful and
mentally demanding role, reflected in the increased rates of depression and anxiety
found in dementia carers.[23, 24] The psychological effect of caring is exacerbated
by increased social isolation and lack of support. The effects of caring for a family
member with dementia on physical health are well documented, with carers found
to be at increased risk of cardiovascular problems, lowered immunity, and chronic
conditions such as diabetes and arthritis.[25] Carers are less able to partake in pre-
ventative lifestyle activities such as exercise and more likely to smoke, drink alcohol
and have poor sleep patterns.[25] Considerable financial effects are felt by those with
dementia and their carers, including both direct costs, such as health and social care,
and indirect costs, such as loss of earnings, unpaid care, and the mortality burden.
In England, an estimated 60.6% of the cost of social care is met by service users and
their families.[22]

Alzheimer’s disease is the most common cause of dementia, estimated to be
attributable in 62% of dementia cases in people aged 65+ years in the UK.[26]
Alzheimer’s disease is thought to be caused by the build up of abnormal protein
structures in the brain, such as amyloid plaques or tau tangles, which disrupt the
connection between nerve cells. Alzheimer’s disease dementia is characterised by
impairment in the ability to learn and recall recent information.[27] Other subtypes
include vascular dementia (17%), dementia with Lewy bodies (4%), frontotemporal
dementia (2%) and Parkinson’s dementia (2%).[26] The boundaries between different
types of dementia can be indistinct. ‘Mixed’ forms of dementia, which occur when a
person simultaneously has two or more types, account for around 10% of dementias
in the UK ,[26] and the majority of dementia found in patients aged 80 years or
older.[28, 29

1.4.1 Diagnosis of Alzheimer’s disease dementia

Dementia is underdiagnosed and typically detected at a relatively late stage in the
disease process. Alzheimer’s Disease International estimates that there are 41 million
undiagnosed cases of dementia globally, representing 75% of people with dementia
worldwide.[30] This rate is as high as 90% in some lower- and middle-income coun-
tries. COVID-19 has exacerbated the issue further, causing, for the first time, a
sustained drop in dementia diagnoses. Alzheimer’s Society report that, from Jan-

uary 2020 to January 2022, dementia diagnosis rates in England dropped from 67.6%
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to 61.6%, falling short of the UK government objective to maintain a minimum of
two-thirds diagnosis rate.[31] Due to the backlog caused by the COVID-19 pandemic,
it is estimated that there are over 30,000 people living without the dementia diagnosis
they would otherwise have received,[32] restricting their access to essential support
services. International healthcare systems are looking to redesign their diagnostic
pathways for dementia, and new technologies such as biomarkers are expanding the

diagnostic options available.[33]

Early diagnosis of dementia enhances the potential for good quality of life for people
with dementia, carers, and their families. From the perspective of the person liv-
ing with dementia, diagnosis increases access to vital care resources, aids symptom
management through the support of a multidisciplinary care team, and provides an
explanation for potentially distressing cognitive and behavioural changes. Prompt
detection enables people with dementia and their carers to plan and prepare for the
future, and ensure appropriate levels of care and legal powers are in place when
they are needed so that quality of life does not suffer. Early diagnosis empowers the
person living with dementia to be involved in decisions around their care when they
are most able to do so. From a therapeutic perspective, a confirmatory diagnosis of
Alzheimer’s disease dementia is required for any pharmacological intervention to be
prescribed. Improved diagnostic systems can also help to identify participants with
early cognitive impairment for trials of new treatments.[2] With the emergence of
new therapeutic medications for the first time in decades,[34, 35] early diagnosis may
provide vital access to drugs that delay symptom progression and cognitive decline

in the near future.

Under current NICE guidelines in the UK,[36] patients with suspected dementia
undergo cognitive testing using a validated brief structured cognitive instrument,
such as the Mini-Cog or Memory Impairment Screen. Dementia subtype is deter-
mined by further cognitive testing in a specialist setting; most patients will receive
an imaging test and, where uncertainty around the diagnosis persists, may undergo
additional biomarker testing. Clinical diagnosis can be particularly challenging in
the earlier stages of Alzheimer’s disease dementia when symptoms are mild. Where
there are several similar tests for the same condition, such as cognitive questionnaires
for diagnosing Alzheimer’s disease dementia, models that estimate the comparative
diagnostic accuracy of the tests are key to determining which should be used in
clinical practice. To compare the accuracy of different diagnostic pathways or test-

ing strategies comprising of multiple components, statistical methods that estimate



combined test accuracy are required. For example, the combination of two or more
biomarker tests for Alzheimer’s disease dementia may increase their sensitivity or
specificity compared to each test applied in isolation. However, this can only be as-
sessed through the joint synthesis of diagnostic accuracy data on all tests of interest,

using a model that accounts for dependencies between multiple tests.

More work is needed to ensure that an accurate and timely diagnosis is available
to each person living with dementia. An Alzheimer’s Society survey of people with
dementia or close to someone with dementia found that 91% saw at least one ben-
efit to getting a diagnosis, such as access to medication or practical support from
health and social care services, with many wishing they had received their diagnosis
earlier.[37] Identifying the condition early in the disease process improves quality of
life for people with dementia and those around them, and, as new treatments be-
come available, offers an opportunity to manage symptom progression. If and when
a preventative treatment is available through the NHS, early diagnosis will be key

to identify patients who would benefit from the intervention.

1.4.2 Biomarkers

Biomarkers are characteristics that can be objectively measured and used to evaluate
a biological process. Current research in Alzheimer’s disease indicates that changes
in certain biomarkers may precede clinically recognisable disease by decades.[1, 2]
Figure 1.1 gives a theoretical example of how biomarkers could move from normal
to abnormal over time as an individual moves from a cognitively normal state to a

state of overt dementia.

Biomarkers can be used as early diagnostic indicators of changes in Alzheimer’s dis-
ease pathology. A review by Hampel et al [38] summarised the existing literature
on cerebrospinal fluid (CSF) biomarkers as diagnostic tools for Alzheimer’s disease
dementia. There is evidence that amyloid-beta (AS) peptides, measured in the CSF,
decline as amyloid plaques in the brain accumulate and cognition becomes increas-
ingly impaired, indicating their potential as diagnostic tool for Alzheimer’s disease
dementia. At the time of the review around 20 studies of AS had been conducted
in approximately 2,000 Alzheimer’s disease dementia patients and controls, with the
estimated sensitivity and specificity of the marker ranging between 80-90%. The
same review found that sensitivity and specificity of total tau (t-tau) protein, an-

other characteristic pathology of Alzheimer’s disease dementia measured in the CSF,
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ranged between 80-90%, respectively, based on around 50 studies in approximately

5,000 patients and controls.

In a more recent review, Ritchie et al [39] found that sensitivity and specificity of
CSF A biomarkers for Alzheimer’s disease dementia ranged between 36-100% and
29-91%, respectively, in their analysis of 14 studies. In another review, Ritchie et
al [40] found that sensitivity of t-tau biomarkers in the CSF ranged between 51-
90% and specificity ranged between 48-88%, based on their analysis of 6 studies.
Considerable uncertainty around the accuracy of combinations of biomarkers for

diagnosing Alzheimer’s disease dementia remains.

Threshold for test positivity

Biomarker

— AB

= Tau protein

== Brain structure
Memory
Clinical function

Biomarker measurement
(diagnostic test)

Coghnitively normal Mild cognitive Dementia
impairment

Figure 1.1: Diagram showing the theoretical progression of different biomarkers
over time, adapted from a schematic diagram by Jack et al (2010).[1]

Biomarkers for Alzheimer’s disease dementia have other potential uses beyond their
utility as diagnostic tests. They may also be used to develop a mechanistic under-
standing of the underlying biology of the disease, conduct population-level screening
to detect Alzheimer’s disease risk, measure treatment effects on Alzheimer’s disease
pathology over time, and act as a surrogate endpoint for treatment effect on cog-
nitive impairment in clinical trials of pharmacological interventions for Alzheimer’s
disease dementia. Application of biomarkers to predict treatment effects is still at an
early stage compared to their use as diagnostic tests. The FDA approved the use of
biomarkers as surrogate endpoints in clinical trials of treatments for early Alzheimer’s
disease dementia in 2018,[41] and the first treatments have recently been approved

in the US using this accelerated pathway.[34, 35] Appropriate evaluation of novel
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biomarkers as reliable predictors of clinical benefit through a post-approval study is

required, and is indeed a condition of the accelerated approval pathway.

1.5 Structure of the thesis

The thesis is organised into eight chapters. The first provides an introduction to
current methodological challenges in the field of diagnostic test evaluation that this
thesis aims to address. Important clinical definitions are established and the urgent
need to assess the comparative and combined diagnostic accuracy of biomarkers in

Alzheimer’s disease dementia is highlighted.

Chapter 2 outlines the statistical methods relevant to the thesis, covering the diag-

nostic test evaluation framework, meta-analysis, and Bayesian statistics.

Chapter 3 describes the methodological review undertaken to identify and describe
existing statistical models to jointly analyse the accuracy of two or more diagnostic
tests. Key strengths and limitations of current methods are highlighted and dis-
cussed. These methods will be formally evaluated and extended, representing novel

methodological development, in Chapters 5, 6 and 7.

Chapter 4 describes the literature review undertaken to identify comparative diag-
nostic accuracy studies of cognitive, imaging and biomarker tests for Alzheimer’s
disease dementia. These data are used in Chapters 5, 6 and 7 to enable development
of novel methodology and to evaluate the accuracy of different tests and testing

combinations for diagnosing Alzheimer’s disease dementia.

Chapter 5 presents the simulation study undertaken to evaluate the impact of ac-
counting for within-study dependencies between sensitivities and specificities in a
meta-analysis of comparative diagnostic accuracy studies, addressing the first aim
of this thesis. The currently recommended meta-regression approach for synthe-
sising diagnostic accuracy data on two tests assessed using a paired design, which
treats tests as independent, is fit to simulated data where within-study dependen-
cies are known. Data are simulated based on a motivating example in Alzheimer’s
disease dementia, extracted as part of the literature review in Chapter 4. The find-
ings of this chapter, alongside the methodological review in Chapter 3, motivate
the need for methodological development to jointly model two diagnostic tests and
the within-study dependencies between them, using a flexible and computationally

efficient meta-analysis approach.

12



Chapter 6 describes model development undertaken in a Bayesian meta-analysis
framework to jointly evaluate the accuracy of two diagnostic tests. Aggregate, study-
level data are fed into the models, which use bivariate copulas to flexibly account
for within-study dependencies between the sensitivities and specificities of two tests
assessed using a paired design. The models can utilise external evidence, as well
as IPD from a single study or a subset of studies, to estimate copula dependence
parameters that capture association between multiple tests, improving upon limita-
tions of existing methods highlighted in Chapter 3. The models are fit to data on
the comparative accuracy of two diagnostic tests for Alzheimer’s disease dementia,
demonstrating their contribution to evaluation of novel biomarker tests and appli-
cability to this disease area. The performance of the bivariate copula models are
compared to a meta-regression model that assumes independence between the two

tests and therefore does not account for within-study dependencies.

Chapter 7 extends the models developed in Chapter 6 to fully account for within-
study dependencies between two diagnostic tests evaluated under a paired design.
Trivariate copulas are used to directly estimate both the marginal and joint sen-
sitivities and specificities of the two tests. The models incorporate IPD from all
studies, making full use of the available evidence base. The extension of the bi-
variate copula methodology to a trivariate copula approach addresses questions on
the combined accuracy of the tests, allowing the assessment of realistic diagnostic
pathways and testing strategies. Motivated by an example in Alzheimer’s disease
dementia, the models are fit to individual-level data on the diagnostic accuracy of

two tests simulated in Chapter 5.

Chapter 8 concludes the thesis with a discussion. The findings and conclusions from
Chapters 5, 6 and 7 are summarised. The applicability of the proposed methodology
to improve the diagnosis of Alzheimer’s disease dementia and its generalisability to

other disease areas are considered. Opportunities for further research are discussed.
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Chapter 2

Methodological background

2.1 Chapter overview

Chapter 2 introduces key statistical theories and methodologies that are used and
further developed upon in the remaining chapters of this thesis. Section 2.2 de-
scribes the assumptions and advantages of Bayesian methodology, as well as dis-
cussing Bayesian statistical software for its implementation. Section 2.3 outlines the
conduct of diagnostic test accuracy studies and Section 2.4 describes meta-analysis

models for such studies.

2.2 Bayesian methodology

There are several features of Bayesian methodology that make it a natural approach
for clinical decision-making (see Section 1.2.2); for this reason, the remainder of this

thesis will focus on Bayesian evidence synthesis methods.

Bayesian methods offer a flexible approach to modelling complex clinical situations.
A key feature of Bayesian methodology is the ability to make direct probability
statements about parameters of interest, while capturing uncertainty around the
model parameters and the data by treating both as random elements.[17] Bayesian
models can be updated with new evidence via the prior distribution, making best use
of all the available information and allowing for efficient evaluation of an intervention
or test.[3]

In frequentist statistics, an unknown parameter 6 is assumed to have a fixed true
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value, e.g. 6y, so all probability statements relate to observed random variables,
e.g. data (y). Inference is therefore focussed on estimating the probability of data
at specific parameter values, e.g. p(y | #), known as the likelihood function. A
95% confidence interval can be estimated to quantify the uncertainty around an
estimate and is interpreted as follows: in a series of confidence intervals produced
by replicating the study a large number of times, 95% of these intervals will contain
the true value.[42]

In Bayesian methodology, the reverse is true. Bayesian statistics are derived from

Bayes’ theorem, which states that for some unknown quantity of interest, 6:

_ ply | 0)p(6)

p(0|y) ()

(2.1)

where p(6) is the prior distribution of 6 and the conditional probability p(6 | y) is the
posterior distribution of 8. As in frequentist likelihood-based models, the conditional
probability p(y | 0) is the likelihood function. p(y) is the normalising constant which
ensures that the posterior distribution integrates to 1. As it is not usually necessary

to calculate p(y) in order to infer 0, Bayes theorem is often reduced to the following

3]

p(0 |y) x<ply|0)p0) (2.2)

e.g.Posterior o< Likelihood x Prior

Bayesian methods allow the formulation of direct probability statements about poste-
rior parameter estimates, conditional on both the observed data and prior knowledge
or beliefs. Parameter estimates derived in a Bayesian framework are typically pre-
sented with a 95% credible interval (Crl), which quantifies the uncertainty around
the posterior estimate. A 95% Crl indicates that there is a 95% probability that the
true, unobserved parameter value lies within the interval given the observed data
and prior evidence. The lower and upper limits of the interval can be estimated
using the 2.5% and 97.5% percentiles of the posterior distribution,[16] known as an
equal-tailed interval. Highest posterior density (HPD) intervals, estimated using the
shortest interval with 95% probability of containing the true parameter value, are
an alternative method of estimating the Crl. HDI intervals may be more meaningful

when a posterior distribution is multimodal.[43]

Prior distributions can be based on external evidence from findings in previous stud-
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ies or meta-analyses, or on expert opinion.[17] Minimally informative priors, where a
prior distribution is chosen to represent a feasible range of values a parameter is ex-
pected to take while incorporating a large amount of uncertainty around where that
value lies, can be chosen to allow data-driven estimation of posterior distributions.[44]
It is assumed that the likelihood of observed data informs the posterior estimates
of parameters, while the prior distributions have minimal impact. This assumption
should be tested, however, as it has been demonstrated that choice of prior can
have a large impact on posterior estimates, particularly variance parameters, despite

intending to be non-informative.|[44]

When the prior and likelihood distributions combine to result in a posterior distri-
bution that belongs to the same family as the prior, it is possible to express the
posterior distribution (Equation 2.1) in closed form.[16] These pairs of distributions,
known as conjugates, allow the straightforward application of Bayes’ theorem. When
this is not the case, more complex computational methods are required to estimate
the posterior.[16] These methods are described in Section 2.2.1 and 2.2.2 below.

2.2.1 Markov Chain Monte Carlo and Gibbs sampling

Markov Chain Monte Carlo (MCMC) is an efficient, iterative method for drawing
random samples from a probability distribution, based on repeatedly drawing values
of 6 and then improving on those draws to better approximate the posterior distri-
bution, p(€ | y).[45, 46, 47] The sampler starts at an initial guess for each of the
parameters of interest. Sampling that follows is sequential, with subsequent values
dependent on the previous value drawn, forming what is known as a Markov chain.
Markov chains satisfy the property that the current value of the chain depends on
the previous value only.[16] While MCMC methods were first proposed in the 1950s,
they were not widely adopted until the development of MCMC simulation methods
in the 1980s.

The Gibbs sampler is the simplest Markov chain simulation method.[48] At each
iteration of the Gibbs sampler, a sample is drawn from the posterior distribution
of each parameter in the model, conditional on the current values of the other pa-
rameters. These distributions, known as full conditional distributions, are typically
easier to sample from than the joint distribution due to their univariate qualities.
Initially, these samples may not be representative of the target posterior distribu-

tion; however, it can be shown that with sufficient iterations a chain of simulated
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values will converge to the posterior distribution.[16] Simulations prior to conver-
gence, known as ‘burn-in’ samples, are discarded. After convergence is reached, a
large number of samples are taken from the joint posterior distribution, from which
summary measures are calculated. There are several pieces of software for perform-
ing MCMC simulations using Gibbs sampling, including WinBUGS (Windows op-
erating systems),[49] OpenBUGS (Linux and Windows operating systems),[50] and
JAGS.[51]

While this ‘random walk’ behaviour can be efficient under certain circumstances,
the Gibbs sampler can require long burn-in and sampling phases. Conditional sam-
pling algorithms, such as Gibbs sampling, can be slow when parameters are highly
correlated in the posterior distribution.[47] This is often true when jointly synthesis-
ing diagnostic accuracy data on multiple tests, which features complex dependence
structures both between and within studies (see Section 2.4.2 and 2.4.3). Alternative
sampling methods can offer improved performance through faster convergence and

shorter sampling times.

2.2.2 Hamiltonian Monte Carlo

Hamiltonian Monte Carlo (HMC) is an alternative MCMC method to Gibbs sam-
pling. HMC suppresses the random walk behaviour of the MCMC algorithm, allow-
ing the sampler to move more rapidly through the posterior distribution. A momen-
tum parameter is updated simultaneously with 6 at each iteration, enabling rapid
movement through the space of § that preserves the ‘energy’ of the trajectory.[47] For
more complex models, particularly those with highly correlated parameters, HMC
has been found to be more efficient and stable than Gibbs sampling.[47] The No-U-
Turn Sampler (NUTS) [52] was developed to implement HMC, and packaged into
the Stan software.[53]

2.2.3 Stan

The Stan computer program [53] was developed to apply HMC given a Bayesian
model, and the package rstan created as an R interface to Stan.[54] Due to the pres-
ence of highly correlated parameters within diagnostic accuracy data on two tests,
all models within this thesis will be fit in a Bayesian framework using HMC simu-
lation, implemented in Stan. Stan, unlike WinBUGS and OpenBUGS; also allows
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user-defined functions and distributions, which are crucial to model development in
Chapters 6 and 7.

2.2.3.1 Model specification

Stan models are organised into an ordered sequence of named blocks, in a way that
differs from other Bayesian samplers whose layout is less stringent. The first section
is the function block, which contains user-defined functions that will be called upon
in other parts of the model. The data block defines the variables that will be read
into the model as data, while the transformed data block allows their transformation
prior to model fitting. Variables defined in the parameters block are the parameters
that will be sampled by Stan; further variable derivation based on these parameters is
specified in the transformed parameters block. Parameters can be constrained within
a specified upper and/or lower bound (e.g. standard deviation > 0). Statements
within the model block specify the priors and likelihood of the model. The generated
quantities block derives additional quantities post-sampling based on the parameters

or data, transformed or otherwise.

2.2.3.2 Model initialization

Stan, like other Bayesian samplers, requires the specification of a set of initial val-
ues, which act as a starting point for the NUTS sampler. Initial values can be
specified for all unobserved parameters, and choosing initial values that are likely
under the posterior distribution can speed up convergence. Where no initial values
are provided, Stan will initialise unconstrained parameters with values drawn from

a uniform distribution bounded between (-2, 2).

2.2.3.3 Divergent transitions

Divergent transitions are a common issue encountered when applying HMC. Diver-
gent transitions arise when a region of the posterior distribution is difficult for the
sampler to explore, often caused by a highly degree of curvature.[47] When a large
number divergent transitions are present, or even a small number that are concen-
trated in a particular area of the distribution, sample estimates are unreliable and

valid conclusions cannot be drawn from them.[53]

The number of divergent transitions may be reduced by decreasing the step size of

18



the sampler, causing the sampler to explore the posterior distribution more carefully
(and by extension more slowly). In some cases, such as fitting a hierarchical model
when data are sparse or parameters from different levels of the model are highly
correlated in the posterior, this will not be sufficient and reparameterisation of the

model will be required.

2.2.3.4 Non-centred parameterisation

Reparameterisation, a process in which a model is re-expressed in a mathematically
equivalent form, can reduce computation times for hierarchical (e.g. meta-analysis)
models, and, under certain scenarios, may improve convergence and chain mixing.
Choice of parameterisation is an important consideration for any MCMC or HMC
sampler, but is crucial when specifying a model in Stan due to its impact on the

sampler performance.[53]

The non-centred parameterisation is a flexible method for re-expressing a hierarchical
model in order to separate the dependence between its layers.[55] The more sparse
the data, as is common in meta-analytic data sets where the number of studies
may be small, or more complex the hierarchical model, the greater the need for
reparameterisation. Where Stan indicates a large number of divergent transitions are
present within the sample, the non-centred parameterisation can make the posterior

curvature more manageable, reducing their number or removing them entirely.

Consider the random effects meta-analysis model for synthesising study-level data
on a single outcome, e.g. treatment effect, described in Section 2.4 and used here
to illustrate the centred and non-centred parameterisation. The observed treatment
effects in study ¢ = 1, ..., I, y;, are assumed to be normally distributed around mean
study-specific true treatment effects, p;, with within-study standard deviations o;.
At the between-studies level, the observed relative treatment effects follow a nor-
mal distribution centred around summary treatment effect p and between-studies
standard deviation 7:

yi ~ Normal (,ui, af)

pt; ~ Normal (p, 7%) (2.3)

The data, D; = (y;,0;), forms the bottom of the hierarchy structure and informs
study-specific parameters ;. These in turn interact through a common dependency

on the top level of the hierarchy, the summary parameters ¢ = (i, 7). This interac-
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tion allows the observed data to inform all p;, not just their immediate parent.[56]
However, as the ¢ elements at the bottom of the hierarchy are dependent on the
summary parameters ¢ at the top (see Figure 2.1), a small change in the summary
parameters results in a large change in the posterior density, particularly when data
are sparse. This creates a ‘funnel” shaped posterior density, with the sampler strug-

gling to generate samples from the neck of the funnel.

303

Figure 2.1: Structure of a one-level hierarchical model with a centred-
parameterisation, adapted from a diagram by Betancourt and Girolami (2015).[56]

Dependencies between the layers of the hierarchical model can be reduced through a
non-centred parameterisation, resulting in a posterior distribution that is easier for
the sampler to explore. The between-studies level of the model in Equation 2.2.3.4
is re-expressed as:

Hi = b+ T2

z; ~ Normal(0, 1) (2.4)

In Equation 2.4, the model layers are independent, conditional on z, and the sampler
can more efficiently explore the posterior distribution. To demonstrate the increase
in sampler efficiency gained through a non-centred parameterisation, data from 15
studies were simulated from the random effects meta-analysis model (described in
Equation 2.2.3.4) assuming p = 3, 7 = 3 and o; ~ Uniform(9,10). Centred and
non-centred parameterisations of this model were fit to the simulated data in Stan
[53] and the values of log (1) and p; for each parameterisation were plotted (see model
code in Appendix A.1). Figure 2.2a and 2.2b show that Stan samples more efficiently
from the posterior distribution ‘funnel’ neck using the non-centred parameterisation

compared to the centred parameterisation.
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Figure 2.2a: Posterior distribution of centred parameterisation of the hierarchical
normal model

40 =20 0 20
Ly

Figure 2.2b: Posterior distribution of non-centred parameterisation of the hierar-
chical normal model
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2.2.4 Convergence diagnostics

A vital step in the Bayesian model fitting process is assessing the convergence of
the parameters of interest to the target posterior distribution. This is done through
the inspection of several diagnostic plots, which examine different properties of the
Markov chains. The plots can only be used to detect non-convergence, and not as
proof that convergence has been reached.[57] Highly complex models can require es-
timation of a large number of parameters, for which it may not be feasible to assess
the convergence of each. In this case, the convergence of key parameters of interest
should be evaluated, along with a random sample of the remaining parameters.[57]
Running multiple Markov chains from different initial values enables additional con-

vergence checks to be performed.

2.2.4.1 Trace plots

One such diagnostic plot is a trace plot (sometimes known as a history plot), which
shows the value of a given parameter at each iteration of the sample. If multiple
chains were ran, the plots can further be used to assess their mixing with one an-
other. Where convergence has been reached, the plots should show random scatter
around a stable mean, with chains that are similar in appearance and oscillate around
similar point estimates. Visible trends in the trace plots may be indicative of slow

convergence.[16]

2.2.4.2 Density plots

Density plots are smoothed histograms of the sample for a given parameter, used to
examine its posterior distribution. The peak of the density plot indicates the mode
of the distribution.[16] Unexpected shapes within the density plot, such as a bimodal
distribution (characterised by two peaks) where a unimodal distribution is expected,
may be a sign of poor convergence. Density plots for multiple chains can be overlaid

to assess their mixing.

2.2.4.3 Autocorrelation plots

Due to the sequential sampling property of Markov chains, the MCMC sampler,

whether Gibbs or HMC, will exhibit correlations between subsequent iterations. The
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extent of this correlation is assessed through autocorrelation plots, which show the
correlation between sampled values a specified number of iterations apart (known
as the lag). As the lag increases, the correlation between samples should decrease;

where this is not the case, slow convergence is indicated.[16]

2.2.5 Model fit and comparison

Model fit is assessed throughout this thesis by calculating the widely applicable
information criterion (WAIC), also known as the Watanabe-Akaike information
criterion.[58] The WAIC is a generalised form of the Akaike information criterion
(AIC), and is preferable to the AIC or deviance information criterion (DIC) in
a Bayesian setting.[59] The WAIC will be used for model comparison in later
chapters, with a smaller WAIC indicating better model fit. The WAIC is estimated
by computing the pointwise log-likelihood of the model, which is then penalised by

the effective number of parameters in the model to adjust for overfitting.[59]

2.3 Diagnostic test accuracy

Diagnostic tests are used to identify the presence or absence of disease underlying
a patient’s signs and symptoms. Some tests are capable of measuring the extent of
disease and providing information on prognosis, or may be used to screen for asymp-
tomatic disease and aid in the monitoring and management of existing conditions.
For a test to be used in clinical practice, it must first undergo evaluation to estab-
lish its accuracy and impact on clinical decision-making. Diagnostic accuracy is the
ability of a test to correctly classify a person as with or without a target condition,
and should be assessed within the context of its intended use, target population, and

similar, existing tests for the same condition.

2.3.1 Phases of test evaluation

Diagnostic accuracy can be assessed through a variety of study designs, each of
which addresses a different aspect of test performance. Test evaluation tends to run
through a sequence of such studies, reflecting the increasing cost and resource use
of each study design. Sackett and Haynes describe a framework for test evaluation

formed of four phases.[60]
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Phase I studies ask whether test results differ in those with the target condition com-
pared to healthy participants. This is assessed through a case-control study, where a
group of participants known to have the target condition (cases) and a group known
not to have the target condition (controls) are recruited and the index test applied
to each group. The ability of the test to distinguish between cases and controls
is measured, for example by calculating the median and range of (continuous) test

results in each group, or by comparing imaging test results between groups.

Phase II studies seek to establish whether patients with certain test results are more
likely to have the target condition than patients with other test results. Also a
case-control design, groups of participants known to have the target condition with
differing degrees of severity are recruited, as well as healthy controls, and the index
test applied to each group. At this phase a threshold for test positivity can be
determined that best distinguishes between the groups. Case-control designs have
been shown to inflate test accuracy estimates,[61] hence the need for more robust

study designs further along the test evaluation process.

Phase III studies assess whether a test distinguishes between participants with and
without the target condition in a clinically relevant population. A group of patients
suspected to have the target condition are given both the index test and reference
standard. The accuracy of the index test is compared to the reference standard,
which is assumed to be perfectly accurate. This thesis focusses on studies of this

design, as described in Section 2.3.2.

Phase IV studies measure the clinical effects of introducing a new test into practice,
such as evaluating adverse events and the effect on clinical decision-making in terms
of potential intervention. This is assessed using long-term follow up of randomised
studies, where participants suspected to have the target condition are randomly

assigned to either the index test or usual care.

Lijmer et al performed a systematic review of the phased test evaluation models
proposed between 1978 and 2007,[62] including that of Sackett and Haynes,[60] con-
cluding that evaluations are likely to be a repetitive, cyclic process rather than a
linear one. While these models can be useful to classify different study designs and
identify knowledge gaps, Lijmer et al argued that the reality of test evaluation is more
complex and that a circular process of concurrent test development, assessment, and
implementation is more appropriate.[62] Hovarth et al described a cyclical test evalu-
ation framework outlining the pathway of a biomarker to becoming a clinically useful

test.[63] The proposed test evaluation process consists of five components: analytical
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and clinical performances, clinical and cost-effectiveness, and the broader impact of
testing. The framework combines the five inter-related components in a dynamic,
cyclical evaluation framework driven by the test’s purpose and role within a specified
clinical pathway, with the aim to increase collaboration between laboratory profes-
sionals, experts in evidence-based medicine, industry, policy-makers, and regulatory

bodies. [63]

2.3.2 Diagnostic accuracy studies of a single test compared

to a reference standard

The diagnostic accuracy of a test of interest, known as an index test, is evaluated
through a diagnostic test accuracy study. The performance of the index test is
compared to an existing test for the same condition assumed to perfectly classify
participants as with or without the target condition, known as a reference stan-
dard. Results of such studies are typically reported in the form of four counts that
measure the degree of misclassification between the index test and the reference stan-
dard, known as 2x2 data: the number of true positives (tp), false negatives (fn),
true negatives (tn), and false positives (fp). The total number of participants who
have and do not have the target condition are denoted as N” and N D respectively
(Table 2.1).

Table 2.1: 2x2 data from a diagnostic accuracy study of a single test compared to
a reference standard.

Disease No-disease
Test + tp fp
Test — fn tn
Total NP NP

tp, true positives; fn, false negatives; tn, true negatives; fp, false positives; NP total diseased;
NP total non-diseased

2.3.3 Measures of test accuracy

Diagnostic accuracy can be quantified using several different measures calculated
from the counts described in Section 2.3. Test accuracy is often summarised by a
pair of parameters, which are estimated using distinct patient populations and rep-

resent two desirable qualities of a test: its ability to identify patients with the target
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condition, and its ability to exclude patients without the target condition. These
qualities are most commonly assessed by estimating sensitivity (se), the proportion
of patients who have the target condition that have a positive test result, and speci-
ficity (sp), the proportion of patients who do not have the target condition that
have a negative test result (Equation 2.5).[64, 6] Highly sensitive tests are unlikely
to produce false negative results and can confidently rule out the target condition;
on the other hand, highly specific tests produce few false positive results and can

reliably rule in the target condition.[65]

lp
se = ———
tp+ fn
tn
Sp = ——— 2.5
P tn+ fp (2:5)

An alternative approach for summarising test accuracy is using predictive values.
A positive predictive value (ppv) is the proportion of patients with positive test
results who have the target condition, while a negative predictive value (npv) is the
proportion of patients with negative test results who do not have the target condition
(Equation 2.6).[64] Predictive values are thought to have greater clinical utility than
sensitivity and specificity, as when true disease status is unknown it can be more
valuable to make probability statements concerning the known test result, but are
sensitive to changes in the underlying prevalence of disease and therefore should be

interpreted with caution.

tp
ppv =
tp+ fp
tn
npy = ———— 2.6
P tn+ fn (2:6)

Another summary of diagnostic accuracy is the likelihood ratio, which is the ratio of
the proportion of patients with a specific test result who have the target condition to
the proportion of patients who do not. Positive likelihood ratios (LR") summarise
how many times more likely patients with disease are to have a positive test result
compared to those without disease. Negative likelihood ratios (LR™) summarise how
many times less likely patients with disease are to have a negative test result com-
pared to those without disease (Equation 2.7).[64] Unlike predictive values and, to an
extent, sensitivity and specificity, likelihood ratios are not affected by the prevalence
of the target condition. A likelihood ratio equal to 1 indicates that patients with

and without the target condition are equally likely to receive a particular test result
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(positive for LR and negative for LR™), meaning the result has no distinguishing

ability.
IRt — se
i 1—sp
_ 1—se
LR = (2.7)
sp

Alternatively, test accuracy can be summarised by a single measure, such as the
diagnostic odds ratio (DOR) (Equation 2.8).[66] The DOR summarises the perfor-
mance of a test using a single indicator ranging from zero to infinity, and has the
advantage of allowing the formal ranking of tests, although the ability to distinguish
between a test with high sensitivity and low specificity and vice versa is lost. Higher
values of the DOR indicate a better discriminatory test performance. A value of 1
suggests that a test does not discriminate between patients with and without the

target condition.
_tp/fn  LRT
~ fp/tn LR~

DOR (2.8)

2.3.4 Diagnostic accuracy studies of two tests compared to

a reference standard

To assess the clinical effectiveness of a novel diagnostic test, its performance should
be compared to existing, relevant tests for the same condition.[12] Comparative
diagnostic accuracy studies evaluate the accuracy of two tests against true disease
status, inferred through a common reference standard, allowing direct comparison
of their sensitivity and specificity in a single group of participants.[8] Comparative
accuracy studies may use a paired design, in which all patients undergo both index
tests plus a reference standard, or, less frequently, a randomised design, in which
patients undergo the reference standard and are randomly assigned to one index
test. The remainder of this thesis will focus on paired studies only, as associations

between tests are not present within randomised studies.

Results of studies that utilise a paired design are most commonly reported as ag-
gregate, 2x2 tables of the results of each test compared to the reference standard,
containing the number of true positives (tp;), false negatives (fn;), true negatives
(tn;), and false positives (fp;) for each of the j = 1,2 tests. The number of patients
with and without the target condition are denoted NP and NP, respectively (see
Table 2.2).
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Table 2.2: 2x2 diagnostic accuracy data on two tests for a single study.
individuals undergo both tests plus a reference standard.

All

Disease No disease Disease No disease
Test 1 + tp, i Test 2 4+ tps o
Test 1 — fny tni Test 2 — fng tng
Total NP NP Total NP NP

tp;, true positives; fn;, false negatives; tn;, true negatives; fp;, false positives; j = 1,2 tests; NP,
total diseased; Np, total non-diseased

Less frequently, joint cross-classifications of test results compared to a common refer-
ence standard may be reported, producing a 2x4 table (Table 2.3). IPD for a study
can be reconstructed using cross-classified data by recreating each participants’ test
results (dichotomised at their respective thresholds for positivity) and true disease
status from the counts. The number of patients with each combination of test results
with the target condition (z5) and without the target condition (1) are presented.
k,l = 0,1 denote the first and second test, respectively, where 0 indicates a negative
test result and 1 indicates a positive test result. Cross-classified data allow inference
on the agreement between tests, enabling estimation of within-study dependencies

and evaluation of the accuracy of the tests in combination (see Section 2.3.5).

Table 2.3: Fully cross-classified diagnostic accuracy data for two tests for a single
study. All individuals undergo both tests plus a reference standard.

Disease No disease
Test 2 + Test 2 — Total Test 2 + Test 2 — Total
Test 1 + P rh) tp, xlD x{j o
Test 1 — xf) xd) fnq xéj xOD tnq
Total tpy fng NP fpa tno ND

tp;, true positives; fn;, false negatives; tn;, true negatives; fp;, false positives; j = 1,2 tests; szl,
number of participants with the target condition with each combination of test results; 2, number
of participants without the target condition with each combination of test results; k,I = 0,1, denote
the first and second test, respectively, where O indicates a negative test result and 1 indicates a
positive test result; N©, total diseased; N7, total non-diseased

While cross-classified data are advantageous, they are often not reported in
practice.[9, 10, 11, 4] Methods to obtain cross-classifications where they are not
reported are accompanied by their own challenges and limitations. It may be
possible to contact study authors for the additional data, however they may not

respond or there may be ethical issues with sharing data, including identifiability
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and permissions. Gabelica et al analysed the data availability statements of 3,416
articles in open-access journals, finding that 93% of authors that indicated their
data were available upon request did not respond or declined to share their data.[67]
Where IPD, equivalent to cross-classified data, are stored in electronic health records
there may be issues associated with access and cost, with the records themselves
subject to challenges including missing data, the potential for poor data quality,
and the applicability of the data to the research question.[68] It may be possible to
impute the missing data from studies in which full cross-classifications are reported,

but the imputation method must be valid and reliable to avoid introducing bias.

2.3.5 Measures of comparative or combined test accuracy

Where only 2x2 data are reported, test accuracy estimates are limited to the in-
dividual (or marginal) sensitivity and specificity of each test (as in Equation 2.5),
enabling their comparison but not evaluation of their performance in combination.
Comparative accuracy measures such as the differences in sensitivity and specificity
(Equation 2.9) or relative sensitivity and specificity (Equation 2.10) and their cor-
responding confidence or credible intervals can also be estimated from the marginal

sensitivities and specificities.

Difference in sensitivity represents the change in the proportion of patients with
the target condition detected by test 1 compared to test 2 (seg4s7). Difference in
specificity represents the change in the proportion of patients without the target
condition detected by test 1 compared to test 2 (spg,;;).[4] Relative sensitivity (se,)
is a ratio of two sensitivities; if relative sensitivity is 1 then the sensitivity of the two

tests is the same (similarly for relative specificity, sp,..;)-

S€diff = S€1 — S€2 SPgirr = SP1 — SP2 (2.9)
seq sp
2

Where full cross-classifications are reported, we can estimate additional measures
that capture the joint diagnostic accuracy of the two tests. Joint accuracy measures,
such as joint sensitivity and joint specificity, measure the concordance between the
tests (Equation 2.11). Joint sensitivity (se€;oint) is the proportion of patients who have
the target condition that have a positive result on both tests, while joint specificity

(8Djoint) 1s the proportion of patients who do not have the target condition that have
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a negative result on both tests.

a7 Loo

S€joint = ND SPjoint = ~D (2.11)
Using the joint accuracy measures, it is possible to derive summary estimates of
test accuracy for test combinations (Equation 2.12). Tests may be combined under
an ‘AND’ rule, also known as a ‘both positive’ rule, where both component tests
must be positive for the final result to be positive. The ‘AND’ rule increases the
specificity of the combined tests compared to the marginal specificities of each test
considered in isolation, and is analogous to joint sensitivity. Alternatively, tests may
be combined under an ‘OR’ rule, also known as an ‘either positive’ rule, where the
final result is positive if either of the two component tests are positive. The ‘OR’ rule
increases the sensitivity of the combined tests compared to the marginal sensitivities

of each test considered in isolation.[69]

D D D D
_ T T R T Rt
AND = sejom = 11 OR = T2 (2.12)

Where full cross-classifications are not reported, and only 2x2 data on each test is
available, joint accuracy measures may be estimated by assuming independence be-
tween the results of the first and second test (Equation 2.13). Ignoring within-study

associations between tests may introduce bias to the estimates of joint accuracy.[15]

8€joint = 5€1 X €3 SPjoin = 5€1 X S€9 (2.13)

2.4 Meta-analysis

Meta-analysis is a method of integrating the findings of two or more studies that
answer the same research question by calculating a quantitative combination of their
results, typically based on a weighted average.[5] It is a two-stage process. In the
first, a parameter of interest is calculated for each study using its raw data, such
as a treatment effect or test accuracy measure. In the second stage, a summary
estimate of the parameter of interest is produced as a weighted average of the study-
specific effects. Fixed effect meta-analysis assumes that each study is estimating the
same parameter of interest. Random effects meta-analysis, assumes that studies are

not estimating the same parameter but rather parameters that follow a distribution
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across studies, can be performed (see Section 2.4.1). The latter allows for variation
between studies, known as heterogeneity, due to differences in patient and study

characteristics.

2.4.1 Meta-analysis of a single outcome
2.4.1.1 Continuous outcome

The majority of meta-analysis models in interventional research synthesise data on
a single outcome. For example, a study that evaluates the efficacy of a treatment
may report a mean difference, representing the difference in a continuous outcome
of interest between treatment and control groups. Consider a meta-analysis of ¢ =
1,..., I studies that evaluate such an outcome. Under random effects, it is assumed
that the true treatment effect varies between studies, but according to a pre-specified
distribution (e.g. normal distribution). The observed treatment effects in study 4, y;,
are assumed to follow a normal distribution with study-specific mean true treatment
effect, p;, with within-study variance ¢2.[70] At the between-studies level, the true
treatment effects follow a normal distribution centred around summary treatment

effect 1 and between-studies variance 72
yi ~ Normal (,uz-, 01-2)
i ~ Normal (u, 72) (2.14)

In a Bayesian framework, prior distributions are placed on the unknown parameters
in the model: namely, ¢ and 72. In the absence of external evidence, minimally
informative prior distributions may be specified. For a continuous treatment effect,
a normal distribution centred at 0 (no effect) with a large variance relative to the
scale of the outcome of interest may be used, such as y ~ Normal (0,10%). Variance
72 is restricted to positive values and a prior distribution must be chosen that reflects
this. A uniform distribution, (e.g. 72 ~ Uniform (0,2)) or a half-normal distribution
(e.g. 72 ~ HalfNormal (2%)) may be suitable choices. As discussed in Section 2.2,
minimally informative prior distributions may have a large impact on the posterior

distribution and should be explored through sensitivity analyses.[44]

Under fixed effects, the true treatment effect, u, is assumed to be the same across

studies (analogous to 7 =0 in a random effects model). The observed treatment
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effects, y;, are assumed to be normally distributed with a common summary true

treatment effect 4 and within-study standard deviations o;.[71]

yi; ~ Normal (u, 02-2) (2.15)

In a Bayesian setting, a prior distribution must be provided for p. Similar to the
random effects model, a normal distribution with large variance that spans the range
of plausible values for the outcome of interest, such as j ~ Normal (0,10%), may be

specified.

2.4.1.2 Dichotomous outcome

Where the data are dichotomous, studies may instead report odds ratios, represent-
ing the odds of an outcome of interest in the treatment group to the odds of that
outcome in the control group. In this case, it is common to transform observed treat-
ment effects to work on the log odds ratio scale. DerSimonian and Laird proposed
that the logs odds ratios can be assumed to follow a normal distribution, similar to
Equation 2.14.[72] However, it has been demonstrated that using a normal approx-
imation can produce biased summary estimates, particularly when the outcome of
interest is rare or data are sparse,[73] and lead to computational issues when there
are no events in one or more study arms. An alternative approach is to assume that
the number of events in the control arm, r4;, and the treatment arm, 75 ;, in the ith

study follow independent binomial distributions:

ria ~ Binomial (p; o, N;a), 7Tip ~ Binomial (p; g, Nip), (2.16)

where p; 4 and p; g are the study-specific true probabilities of an event and N; 4 and
N, g are the number of patients in the control and treatment arms, respectively.[73]
pi,a and p; p are logit-transformed to calculate the baseline and treatment effects
(Equation 2.17). The logit-transformation maps p; 4 and p; g, which are bound be-
tween [0, 1], to log-odds, which are real numbers in (—o0, 00). This transformation
overcomes the restricted range of probabilities. At the between-studies level, the ob-
served relative treatment effects 9; are modelled using a normal distribution, similar
to Equation 2.14:

logit (pi,a) = pi, logit (pip) = i + 0;
d; ~ Normal (d, 7%) (2.17)
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To fit the model in a Bayesian framework, prior distributions must be placed on p;
(for each of the 7 studies), d, and 72. Log-transformed data can be assumed to be ap-
proximately normally distributed; therefore, in the absence of external information,
a minimally informative normal distribution with large variance may be specified,
e.g. p; ~ Normal (0,10%) and d ~ Normal (0,10?).[16] For between-study variance
72 a restricted distribution such as a uniform (72 ~ Uniform (0,2)) or half-normal

(e.g. 72 ~ HalfNormal (2%)) distribution ensures only positive values are sampled.

2.4.1.3 Heterogeneity

While random effects incorporate between-studies heterogeneity in the true treat-
ment effects across studies, they do not account for all sources of variability. Ran-
dom effects meta-analysis models make distributional assumptions about the effects
being estimated in the different studies, addressing heterogeneity that cannot be ex-
plained by other, observed factors.[5] It is important to explore heterogeneity in the
study pool through techniques such as subgroup analyses, where subsets of studies or
patients are split into subgroups to aid their comparison, or meta-regression, where
the effect of study or patient characteristics on the outcome are investigated through

their incorporation as covariates in the model.[4]

2.4.2 Meta-analysis of a single diagnostic test compared to

a reference standard

Meta-analysis of diagnostic accuracy studies differs from a typical interventional
meta-analysis due to the presence of two, correlated outcomes within diagnostic accu-
racy data, e.g. sensitivity and specificity. Between-studies correlation arises between
sensitivity and specificity, driven by heterogeneity in both parameters across studies.
Test accuracy may be underestimated if such correlation is not adequately accounted
for.[7] Univariate pooling of sensitivity and specificity using standard methods for
meta-analysing proportions is not usually appropriate, except when there are few

studies or sparse data.[74]

2.4.2.1 Bivariate random effects model

Reitsma et al proposed a bivariate meta-analysis approach to summarise the accuracy

of a single test at a common threshold, assuming logit-transformed sensitivity and
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specificity are normally distributed around a mean value.[75] Chu and Cole suggested
that using exact binomial likelihoods are a more natural choice to model within-study
variability in sensitivity and specificity,[76] a correction that is widely accepted and

is referred to throughout this thesis as the bivariate random effects meta-analysis
(BRMA) model.

At the within-study level, the number of true positive (tp,;) and true negative (tn;)
results for study ¢ = 1, ..., [ are assumed to follow independent binomial distributions
from a sample of disease positive and disease negative individuals, respectively. These
counts are modelled independently as the populations of diseased and non-diseased
are mutually exclusive, i.e. an individual cannot contribute to both the estimation

of sensitivity and specificity:

tp; ~ Binomial (sei, NiD) tn; ~ Binomial (spi, NZ-D) (2.18)

where se; and sp; denote the sensitivity and specificity in the " study, respectively,
and NP and NP the number of patients with and without the target condition, re-
spectively. At the between-studies level, logit-transformed study-specific sensitivities
(1i,5¢) and specificities (p;s,) are jointly modelled using a bivariate normal distri-
bution centred around logit-transformed summary sensitivity and specificity, jse
and i, accounting for between-studies correlation arising between sensitivity and

specificity due to differences in study characteristics. Between-studies variances are

2

2
denoted o7, and o},

respectively, while p, represents the between-studies correlation

parameter.

logit (se;) = fise, logit (sp;) = pisp

. 2
Hise ) Normal Hise , Tse prSQe sp (2.19)
Hi sp Msp Pb0se0 sp Usp

Prior distributions are placed on the unknown parameters in the model, namely
[ise; [sps Oses 0oy, and py. A normal distribution centred at 0 with a large vari-
ance is a suitable minimally informative prior for pe, s, ~ Normal (0,10%). For
the between-studies variance parameters, a restricted distribution such as a uniform
(e.g. 02,03, ~ Uniform(0,2)) or half-normal (e.g. 02,02, ~ HalfNormal (2%))
distribution is an appropriate choice. The between-studies correlation parameter
is bound between [—1,1] and a prior must be chosen to reflect this. Examples of

suitable priors include: a uniform distribution (p ~ Uniform (0,1)) which assign
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equal weighting to all possible values, positive or negative, of correlation; a trans-
formed beta distribution (e.g. 25 ~ Beta(1.5,1.5)), which is relatively flat across
the range of values with exception of the extreme values (close to -1 or 1), which are
highly unlikely; or the Fisher z-transformation (p = tanh (2),z ~ Normal (0,1)),
which produces an approximately normal distribution with appropriate bounds. As
discussed in Section 2.2, variance parameters are particularly sensitive to choice
of prior and their impact upon the posterior should be explore through sensitivity
analyses. Stan code for the BRMA model implemented in a Bayesian framework is

presented in Appendix A.2.

2.4.2.2 Hierarchical summary receiver operating characteristic model

Another widely accepted method of meta-analysing diagnostic accuracy studies is the
hierarchical summary receiver operating characteristic (HSROC) model, described
by Rutter and Gatsonis.[77] A fixed effects summary receiver operating characteristic
(SROC) model was first proposed by Moses et al, accounting for variation due to
threshold for test positivity and chance only.[78, 79] The HSROC model extends the
SROC model, accounting for both within-study and between-studies variability in

sensitivity and specificity.[77]

For each of the ¢ = 1,..., I studies, the number of patients testing positive in each
of the diseased and non-diseased groups are denoted y;; and ¥, respectively. The
number testing positive in each of the j = 0,1 disease groups are assumed to follow
independent binomial distributions from a sample of patients with (/V;;) and without
(Nijo) the target condition individuals, respectively (Equation 2.20). m;; denotes
the probability of a positive test result in the diseased and non-diseased groups,

representing the true positive and true negative rate in the i'* study, respectively.

Yij ~ Binomial (7Tij7 Nz ) (220)

At the within-study level, the HSROC model takes the form:

lOth (’/Tij) == (191 + OéiXij> €_ﬁXij (221)

X,j is a dummy variable for true disease status, coded as 0.5 for the diseased group
and -0.5 for the non-diseased group in the i study. ¥; is a threshold parameter and

a; is a measure of diagnostic accuracy that incorporates sensitivity and specificity
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for the " study.[4] 3 is a shape or scale parameter that incorporates asymmetry in
the SROC curve by allowing diagnostic accuracy to vary with threshold. ¥; and «;
are allowed to vary between studies and modelled as random effects; 3 is modelled

as a fixed effect.

At the between-studies level, ©; and «a; are modelled using independent normal dis-

tributions with means © and A and standard deviations oy and o, respectively:

0; ~ N (©,03) (2.22)
a; ~ N (A, 0?) (2.23)
(2.24)

The HSROC model produces an SROC curve summarising sensitivity and specificity
across a number of different thresholds for test positivity. Using a range of values for
1 - specificity (false positive rate, FPR), corresponding average values for sensitivity
(true positive rate, TPR) are calculated from the estimated average location (A) and

scale parameter (3) [4]:

1
TPR = 2.2
R 1+ exp (— (Ae=958 + logit (FPR) e=?)) (225)

2

)

In a Bayesian setting, prior distributions are specified for parameters ©, A, 3, o
and 03. In the absence of prior beliefs, a minimally informative normal distribution
centred around 0 for threshold parameter © ~ Normal (0,10%), accuracy param-
eter A ~ Normal (0,10%), and slope parameter 3 ~ Normal (0,10%) are suitable
choices. For between-study variances, a restricted distribution such as a uniform
(02,02 ~ Uniform(0,2)) or half-normal (e.g. 02,05 ~ HalfNormal (2%)) distribu-

tion ensures only positive values are sampled.

2.4.2.3 Choice of model

While the BRMA and HSROC models differ in their parametrisations, they
have been shown to be mathematically equivalent in the absence of study-level
covariates.[80] Hierarchical models have been shown to outperform univariate
meta-analysis methods for estimating pooled sensitivity and specificity, due to a

‘borrowing of strength’ across endpoints arising from the inclusion of between-studies
correlation.[81, 82, 83]
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The bivariate parametrisation models sensitivity, specificity, and the correlation be-
tween them directly, leading to summary point estimates (e.g. summary sensitiv-
ity and specificity) plus corresponding confidence intervals at a common threshold.
The HSROC parameterisation, however, models functions of sensitivity and speci-
ficity, naturally giving rise to an SROC curve summarising the trade off between the
two measures across different cut-off points.[4] The latter may be more appropriate
where threshold varies across studies. As such, while the two models are equiva-
lent under certain circumstances, choice of parametrisation is driven by the focus of
inference (summary points or SROC curves), data availability (single threshold or
multiple thresholds), and whether covariates will be included in the model to explore
heterogeneity.[84] Neither the BRMA or HSROC approach explicitly incorporates in-

formation on varying thresholds for test positivity across studies.

As the majority of diagnostic meta-analysis models for evaluating two tests are ex-
tensions to the BRMA rather than the HSROC parameterisation (see Chapter 3),

the remainder of this thesis will focus on evaluating and building upon the former.

2.4.3 Meta-analysis of two diagnostic tests

Systematic reviews comparing the accuracy of two (or more) diagnostic tests are
of greater relevance to healthcare decision-makers than reviews assessing a single
test.[84] Such reviews can adopt two approaches. In the first, analysis is restricted
to studies that have evaluated both tests in the same group of participants. In the
second, all studies that evaluated one or both tests are included in the analysis.[4]
The latter approach may introduce bias to the study pool where test comparisons

are potentially based on indirect evidence.|§]

Additional correlation structures are present when synthesising data on two diag-
nostic tests in a meta-analysis framework. Comparative diagnostic accuracy studies,
unlike parallel studies comparing the efficacy of multiple interventions, often evaluate
both index tests in the same patients using a paired design. If a study estimates the
sensitivity and specificity, se; and sp;, of j = 1,2 tests in the same individuals, then
within-study dependence arises between se; and sey, and between sp; and sp,.[15]
The impact of account for within-study associations on test accuracy parameters is,

so far, unknown.

Current guidelines recommend a meta-regression approach to compare the accuracy

of two or more diagnostic tests, where test type is included as a covariate in either

37



the BRMA or HSROC model.[4] However, this strategy does not account for within-
study dependencies between tests. A number of novel models have recently been
proposed to synthesise data on multiple diagnostic tests. Reimbursement agencies
such as the NICE Decision Support Unit have highlighted that further evaluation of

these methods is required before they are adopted into routine use.[15]

2.5 Chapter summary

This chapter has introduced key statistical theories and methodologies that are used
and further developed throughout this thesis. The following chapter builds upon this
theoretical knowledge, describing a methodological review undertaken to identify
models for synthesising evidence on two or more diagnostic tests. Through the
critical appraisal of existing methodologies, motivation for novel model development
in Chapters 6 and 7 is established.

38



Chapter 3

Methodological review of
meta-analysis models for

evaluating two diagnostic tests

3.1 Chapter overview

Chapter 3 presents a methodological review of models for jointly synthesising data on
two or more diagnostic tests. This chapter serves to summarise and critically appraise
the existing literature base, providing motivation for methodological development
undertaken in later chapters. Section 3.2 describes the methods used to identify
articles describing such methods, including the search strategy and selection process.
Section 3.3 presents the results of the methodological review, highlighting the key
features, strengths and weaknesses of the existing models. Whether and how each
methods accounts for within-study associations, present when more than one test is
evaluated in the same patient group through a paired diagnostic accuracy study, is
considered. Section 3.4 concludes the chapter with a discussion, including a summary
of the limitations of the methods that Chapters 6 and 7 aim to address.

3.2 Methods

A methodological review was conducted to identify meta-analysis models to jointly

synthesise data on two or more diagnostic tests.
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3.2.1 Literature search

PubMed was searched for relevant articles on the 20th June 2023, combining terms for
‘meta-analysis’, ‘diagnostic test’” and ‘comparative accuracy’ in any field. Forward
citation searching was used to identify articles that cited key papers. Database
searching was supplemented through internet searches, using keywords such as ‘test
comparison’, ‘multiple tests’ and ‘meta-analysis’ as a source of potentially relevant

papers.

3.2.2 Inclusion criteria

Inclusion was restricted to articles published from 15* January 2014 onwards, the
year that the first joint meta-analysis model for two diagnostic tests compared in the
same participants using a paired design was published.[85] Meta-analysis methods
for comparing diagnostic test accuracy published up to and including July 2014 have
been summarised previously.[9] Articles that proposed a novel method for meta-

analysis of two or more diagnostic tests were included.

3.2.3 Study selection

Titles and abstracts identified through electronic database and web searching were
uploaded to Rayyan and screened by one reviewer to identify potentially relevant
studies.[86] Papers were considered potentially relevant where they appeared to pro-
pose a novel meta-analysis model for evaluating diagnostic test accuracy. Following
this initial assessment, full-text articles were obtained and assessed by one reviewer

for inclusion in the review.

3.3 Results

A total of 1,309 articles published between January 1986 and June 2023 were identi-
fied through PubMed, most of which described applied systematic reviews and meta-
analyses comparing the accuracy of multiple diagnostic tests. Figure 3.1 shows the
number of PubMed articles meeting the search criteria published each year, demon-
strating proliferating interest in performing comparative accuracy reviews. This is

further supported by a study by Veroniki et al, which analysed applied network
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meta-analyses of diagnostic test accuracy studies, finding a substantial increase in
publications since 2010.[87]

200
1501
Trikalinos et al, 2014
S 100
(@]
Q
Reitsma et al, 2005
207 Rutter and
Gatsonis, 2001 I

1986 2022
Year

Figure 3.1: Number of PubMed articles containing the phrases ‘meta-analysis’,
‘diagnostic test’, and ‘comparative accuracy’ published per year. The publication

of key methodological developments, discussed in detail within this chapter, are
highlighted.[77, 75, 85]

After restricting search results to articles published from 1% January 2014, 1,024
potentially relevant articles were identified and underwent screening. Of these, a
total of 12 relevant articles that met the inclusion criteria were identified.[85, 88, 89,
90, 91, 92, 93, 94, 95, 96, 97, 98] Within these papers, 15 methods for synthesising
diagnostic accuracy data on two tests were described. Table 3.1, adapted from a

similar table in Owen et al,[95] summarises the key features of each method.

41



41

Table 3.1: Summary of statistical meta-analysis models for evaluating the accuracy of two diagnostic tests, adapted from
Owen et al [95]

Model Model description Data required Multiple Software

type thresholds
per test

Trikalinos et al, 2014.[85]

Arm-based  Multinomial distributions jointly model the  Fully No JAGS 3.1.0 implemented through
cross-classified results of the two tests. A cross-classified R package rjags. R code available
six-dimensional normal distribution data in supplementary material.
accounts for between-studies correlations.

Menten and Lesaffre, 2015.[88]

Contrast- Hierarchical latent class model. Fully No OpenBUGS 3.0.3 called from

based Incorporates direct and indirect evidence on  cross-classified within R 3.0.1 using BRugs
test accuracy and adjusts for the use of data library. OpenBUGS code
imperfect reference standards. available in supplementary

material.

Nyaga et al, 2016a.[89]

Arm-based  Two-stage hierarchical model analogous to 2x2 data for No Stan programming language

single factor ANOVA method with repeated
measures. Shared random effects induce
study-level correlations. Model allows
borrowing of information where single-arm

studies are included.

each test

implemented within R 3.3.0 using
rstan 2.9.0 package. Stan code
provided in supplementary

material.



9374

Model Model description Data required Multiple Software

type thresholds
per test

Nyaga et al, 2016b.[90]

Arm-based  One-stage approach models directly on the 2x2 data for No Stan implemented within R 3.3.1
probability scale (without-logit each test using rstan 2.11.1 package.
transformation), using marginal
beta-binomial distributions for sensitivity
and specificity linked by a copula density at
the between-studies level.

Dimou et al, 2016.[91]

Arm-based  Four-dimensional normal distribution with Fully No Stata, illustrative code given in

closed-form expression for the within-study
covariance matrix (requires full
cross-classifications). When only 2x2 data
is available, full reporting used to impute

the correlation between tests.

cross-classified or
2x2 data for

each test

supplementary material.
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Model Model description Data required Multiple Software
type thresholds
per test
Cheng, 2016.[92]
Arm-based  All proposed models are capable of Fully a. No JAGS called from R through
synthesising single-arm studies and cross-classified or  b. Yes package R2jags.
accounting for partial cross-classifications. 2x2 data for c. No
a. Multinomial model with decomposition each test
of test- and study-specific effects.
b. Multivariate extension of the HSROC
model.
c. Beta-binomial marginals are linked by
multivariate Gaussian copulas at the
between-studies level.
Ma et al, 2018.[93]
Arm-based  Hierarchical model incorporating single-arm  Fully No JAGS software via rjags package
and randomised studies, studies with and cross-classified in R.
without a gold standard, studies that did data

not evaluate all tests, and disease

prevalence.



1

Model Model description Data required Multiple Software

type thresholds
per test

Hoyer and Kuss, 2018a.[94]

Arm-based  Four-dimensional Gaussian and vine copula  2x2 data for No SAS PROC NLMIXED procedure
models. Allows for flexible modelling of each test with default options.
correlation structures, while avoiding
complex numerical approximation required
by incorporating random effects.

Owen et al, 2018.[95]

Arm-based  Extension of the BRMA model, 2x2 data for Yes WinBUGS 1.4.3 software.
incorporating constraints on increasing test  each test Example code given in
threshold while accounting for within-study supplementary material.
correlations between sensitivities and
specificities using random effects.

Hoyer and Kuss, 2018b.[96]

Arm-based  Generalised linear mixed model, similar to 2x2 data for Yes GLIMMIX procedure using SAS

Trikalinos et al.[85] A four-dimensional
normal distribution models marginal
sensitivities and specificities. Does not

account for within-study dependencies.

each test

9.3, available in supplementary

material.
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Model Model description
type

Data required

Multiple
thresholds
per test

Software

Lian et al, 2019.[97]

Arm-based  Extension of HSROC model, incorporating
single-arm and randomised studies, studies
with and without a gold standard, studies
that did not evaluate all tests, and disease
prevalence.

Nikoloulopoulos, 2019.[98]

Arm-based  Extension to generalised linear mixed model
propsed by Hoyer and Kuss.[96] A vine
copula representation of the random effects

allows for between-studies dependencies.

Fully
cross-classified
data

2x2 data for

each test

Yes

JAGS 4.2.0 via rjags package in
R 3.3.2.

R functions to implement D-vine
copula mixed model are part of
the R package CopulaREMADA.

ANOVA, analysis of variance; BRMA, bivariate random effects meta-analysis; HSROC, hierarchical receiver operating characteristic



3.3.1 Trikalinos et al 2014

Trikalinos et al proposed a joint model for synthesising data on two diagnostic tests
evaluated against a common reference standard under a paired design.[85] The arm-
based model parametrises test accuracy in terms of the absolute sensitivity and
specificity of each test.[88] At the within-study level, four-dimensional multinomial
distributions jointly model cross-classified data for the diseased and non-diseased
groups, capturing within-study associations between two tests assessed using a paired
design. At the between-studies level, a six-dimensional normal distribution accounts
for between-studies correlations. By utilising fully-cross classified data for each study,
the model is able to directly estimate both the marginal and joint sensitivities and
specificities while incorporating within-study dependencies. The model is imple-

mented in a Bayesian framework using JAGS via the R package rjags.

While the authors assert that the incorporation of randomised or non-comparative
studies is possible through minor modifications to the model, these adaptations are
not explicitly described. It is also stated that the model can be extended to evaluate
three or more tests in theory, although this is not demonstrated in the paper. With
each additional test, the number of model parameter will increase rapidly, however,
which may lead to convergence issues. Indeed, fitting this model to simulated data
on the diagnostic accuracy of two diagnostic tests compared to a common reference
standard using a paired study design was explored as part of the development of
this thesis. The model was found to be highly computationally intensive, even for
this relatively simple example, and convergence issues were common. This is further

supported in the existing literature.[15]

3.3.2 Menten and Lesaffre 2015

where (logit-transformed) sensitivities and specificities are modelled relative to a

baseline or comparator test.[95] Similar to network meta-analysis, both the

Menten and Lesaffre described a Bayesian approach to evaluating two or more di-
agnostic tests.[88] Their contrast-based method models the relative accuracy of two
tests compared to a baseline test through their head-to-head comparison. Similar
to network meta-analysis, both the direct comparisons, evaluated using comparative
diagnostic accuracy studies, and indirect comparisons, assessed through a common

diagnostic test, are modelled.[95] The model utilises latent class analysis to adjust
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for the use of imperfect reference tests. Within this framework, the true disease
status of study participants is treated as an unobserved, or latent, variable with
two mutually exclusive categories: those with the target condition, and those with-
out. The model also incorporates external information on the diagnostic accuracy of
the reference standard through the prior distribution. The posterior distribution is
estimated through an MCMC sampler via OpenBUGS.

The model requires cross-classified data from each study to inform the latent class
analysis, but does not account for within-study associations present between two
tests evaluated under a paired design. The sensitivities and specificities of three or
more diagnostic tests, including those of the reference standard(s), may be modelled

through separate bivariate normal distributions.

3.3.3 Nyaga et al 2016a

Nyaga et al proposed a two-way analysis of variance (ANOVA) method for synthesis-
ing data on multiple diagnostic tests for the same condition.[89] At the within-study
level of their arm-based model, the number of true positive and true negative results
are modelled using independent binomial distributions. At the between-studies level,
random effects of study and fixed effects of test induce between-studies correlation
between sensitivity and specificity. Within-study associations between two tests as-
sessed in the same study participants using a paired design are not accounted for.

The model is implemented in a Bayesian framework in Stan via the rstan package.

The model requires 2x2 data for each study only. The diagnostic accuracy of three
or more index tests can be modelled without creating high computational demands.
Using this model, it is possible to include studies that evaluated one, some, or all
of the index tests. Missing test results within studies are assumed to be missing at
random and tests must form a connected network, i.e. there must exist at least one
study evaluating a test of interest together with at least one of the remaining index

tests.

3.3.4 Nyaga et al 2016b

Nyaga et al proposed a second Bayesian approach for the meta-analysis of two or
more diagnostic tests, utilising a copula approach for capturing associations present

across studies.[90] In their arm-based method, independent binomial likelihoods
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model the number of true positives and true negatives for each test at the within-
study level. At the between-studies level, a bivariate copula captures the associations
between the sensitivities and specificities of the tests. The authors consider one type
of bivariate copula only: the Frank copula (see Section 6.4.1 for a description of

copula families). The model is implemented in Stan through the rstan package.

Two-by-two data comparing the diagnostic accuracy of each test of interest to a
common reference standard is required to fit the model, and within-study associ-
ations present between tests assessed using a paired design are not accounted for.
The diagnostic accuracy of more than two index tests can be evaluated using the
method, as is demonstrated in the paper through a motivating example comparing
the accuracy of 11 index tests. It is also possible to include studies that evaluated

one, some, or all of the index tests in the analysis.

3.3.5 Dimou et al 2016

Dimou et al outlined an arm-based frequentist approach for modelling the diagnostic
accuracy of two tests for the same condition.[91] In their paper, the authors describe
using a multivariate normal distribution to model logit-transformed true positive
rates and true negative rates of the two tests. By assuming that data are missing at
random, studies that evaluated only one of the two tests may be incorporated within

the analysis. The model is implemented in Stata using the mvmeta command.

Where cross-classified data are available, the within-study covariances may be cal-
culated through a closed-form expression. Where only 2x2 data are available for
a subset of studies, the missing cross-classified counts are derived using those stud-
ies with complete data. Random effects meta-analysis is used to estimate summary
conditional odds ratios for diseased and non-diseased groups, representing the associ-
ation between two tests, for the complete studies. These summaries, combined with
the available 2x2 data, are used to derive cross-classified for the remaining studies.
While the authors state that the model can be extended to evaluate more than two
diagnostic tests, this is not elaborated upon in the paper. Similar to the multivariate
meta-analysis model proposed by Trikalinos et al [85], convergence issues may arise

due to a high number of model parameters associated with additional tests.
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3.3.6 Cheng 2016

Cheng proposed three Bayesian meta-analysis models for evaluating multiple diag-
nostic tests.[92] In their thesis, Cheng aimed to extend three meta-analysis mod-
els for single diagnostic tests to the case of three tests: the bivariate normal or
BRMA model, the HSROC model, and the beta-binomial model with bivariate
copulas.[99, 100] For each method, a shared-parameter modelling framework enables
the synthesis of mixed study types, including studies that assessed a single test or a
subset of the tests of interest. All three models are arm-based, and can synthesise
cross-classified and /or 2x2 data, where available. The three models are implemented
in JAGS via the R package R2jags.

The first model extends the BRMA model for single tests (described in Sec-
tion 2.4.2.1) to three tests. At the within-studies level, cross-classified counts for the
diseased and non-diseased groups are assumed to follow multinomial distributions.
The logit-transformed true positive rates and false positive rates are decomposed
into test- and study-specific effects, allowing for a full range of study types. Where
2x2 data only are available, the true positive and false positive counts for each
test are modelled using independent binomial distributions. The second model
extends the HSROC model for single tests (described in Section 2.4.2.2) to three
tests. The model may be simplified where cross-classified data are not reported.
As in the case for single tests (see Section 2.4.2.3), in the absence of study-level
covariates the extended HSROC model for 2x2 data is equivalent to the extended
BRMA model for 2x2 data. The third model extends the beta-binomial model with
bivariate copulas for single tests [99, 100] to three tests. Beta-binomial marginal
distributions capture the observed number of true positive and true negative test
results. Multivariate Gaussian copulas link the pairs of marginals, modelling

dependencies between and within studies.

3.3.7 Ma et al 2018

Ma et al described an arm-based Bayesian hierarchical meta-analysis model for two
or more diagnostic tests.[93] Using this model, it is possible to synthesise data from
paired design studies, randomised studies and studies that evaluated a single test
using a missing data framework. By considering all studies as if participants under-
went all index tests of interest plus a reference standard, and treating outcomes from

non-evaluated tests as missing data, pooling of studies that assessed different tests of

20



interest is enabled. Studies without a reference standard may also be incorporated.

The model is implemented in JAGS via rjags.

The model accounts for within-study associations present between multiple tests eval-
uated in the same study participants using a paired design, requiring cross-classified
data for each study. Similar to network meta-analysis of multiple treatments, the
model assumes that indirect evidence is consistent with direct evidence. In practice
this assumption may not be upheld, and a formal test for inconsistency in network

meta-analysis of diagnostic tests has yet to be developed.

3.3.8 Hoyer and Kuss 2018a

Hoyer and Kuss proposed an arm-based approach to modelling the sensitivities
and specificities of two diagnostic tests compared to a common reference standard
through the application of quadrivariate copulas.[94] A quadrivariate Gaussian cop-
ula model and a quadrivariate vine copula model are proposed to capture between-
studies dependence between sensitivities and specificities. A closed-form likelihood
function avoids the more complex numerical approximation methods required by
random effects models. The vine copula was found to be the more robust of the
two methods through a simulation study presented in the paper. The models are

implemented in a frequentist framework using SAS software.

The model requires 2x2 data from each study, and therefore does not account for
within-study associations present between two tests evaluated using a paired study
design. It is not possible to incorporate single-arm studies using this approach, and

the models are limited to two diagnostic tests.

3.3.9 Owen et al 2018

Owen et al outlined an arm-based method for synthesising data on two or more diag-
nostic tests where 2x2 data are reported at multiple thresholds within a study.[95] At
the within-study level, independent binomial likelihoods model the number of true
positive and true negative results. At the between-studies level, a bivariate normal
distribution captures across-study dependence between sensitivities and specificities.
Random effects of sensitivity and specificity due to study and study-specific test and
fixed effects of sensitivity and specificity due to test-threshold combinations allow

the incorporation of multiple tests and multiple thresholds of the same test. Con-
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straints are specified on increasing test thresholds, such that higher thresholds have
an increased specificity but decreased sensitivity compared to lower thresholds of the

same test.

Implemented in a Bayesian framework, WinBUGS code for the model is provided.
While the model accounts for within-study associations present due to multiple
thresholds, it does not account for within-study associations present due to paired
underlying study design. It is straightforward to extend this method to more than
two diagnostic tests and it is possible to include single-arm studies, which evaluated

a single index test only, in the analysis.

3.3.10 Hoyer and Kuss 2018b

Hoyer and Kuss proposed an arm-based quadrivariate extension to the BRMA model
for single diagnostic tests (see Section 2.4.2.1).[96] Where two diagnostic tests are
evaluated against a common reference standard, the true positive true negative re-
sults for each test are assumed to follow independent binomial distributions. At the
between-studies level, a four-dimensional normal distribution captures dependencies
between logit-transformed sensitivities and specificities. The model is implemented

through a frequentist approach using SAS software.

Where studies report results at multiple thresholds for test positivity, this informa-
tion is incorporated into the model as a covariate to the linear predictor. The model
requires 2x2 data for each study, and does not account for within-study associations
present in paired studies of two tests. The model is restricted to two diagnostic tests

and cannot incorporate studies that evaluated a single test only.

3.3.11 Lian et al 2019

Lian et al described an arm-based extension to the HSROC model for single diag-
nostic tests (see Section 2.4.2.2) to two or more tests.[97] By implementing a missing
data framework, it is possible to incorporate paired design studies, randomised stud-
ies and single arm studies, as well as studies without a reference standard. Disease
prevalence, and its correlation with test accuracy measures such as sensitivity and
specificity, is taken into account alongside within-study associations between multi-
ple tests evaluated using a paired study design. The model requires cross-classified

data from each study and is estimated using a Bayesian sampler in JAGS, via the
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rjags package.

Similar to the model proposed by Ma et al [93], the HSROC network meta-analysis
model makes several assumptions about the underlying evidence. The model as-
sumes consistency across direct and indirect evidence on test accuracy, and where
a study did not evaluate all tests of interest assumes this data is missing at ran-
dom. The authors discuss the limitations of these assumptions, in light of the lack
of methodology to detect inconsistency in network meta-analysis of diagnostic tests.
While the model may be applied to three or more diagnostic tests, the number of
parameters and therefore the computational burden may hinder the assessment of
additional tests. Estimation of high-dimensional covariance matrices may be partic-

ularly challenging when the number of studies is small.

3.3.12 Nikoloulopoulos 2019

Nikoloulopoulos proposed an arm-based, frequentist approach to assessing the accu-
racy of two diagnostic tests compared to a common reference standard, capturing
between-studies dependencies between sensitivities and specificities through the ap-
plication of copula methodology.[98] At the within-study level, four independent
binomial distributions model the number of true positive, false negative, true nega-
tive and false positive results. At the between-studies level, a drawable vine (D-vine)
copula models the associations the sensitivities and specificities of the two tests. Vine
copulas enable the extension of parametric bivariate copula families to more than
two dimensions by decomposing high-dimensional probability density functions into
bivariate copulas and marginal densities.[101] D-vine refers to a specific structure of
vine copula, where each level (or tree) of the copula forms a path that determines

both the dependence structure and the structure of the level(s) below.

The model requires 2x2 data for each study, and does not account for within-study
associations between two tests. The model is limited to evaluating the diagnostic
accuracy two index tests compared to a common reference standard, using paired
comparative accuracy studies. The model may be implemented through the R pack-

age CopulaREMADA, increasing its usability.
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3.4 Discussion

Fifteen meta-analysis methods for synthesising two or more diagnostic tests were
identified from 12 papers included in the methodological review. A review by
Veroniki et al, published in 2022, which aimed to identify novel methodological de-
velopment in network meta-analysis of three or more diagnostic tests demonstrated
significant overlap with this review. Nine relevant articles were included, all of which
were also identified within this review. Veroniki searched three electronic databases
for published and unpublished articles, including grey literature searches, and con-
ducted paired, independent screening of all results. While the searches in this chapter
could have been further augmented, for example through outreach to experts in the
field to identify unpublished or potentially relevant published work that may have

been missed, it seems likely that the search was comprehensive.

All proposed methods extend the BRMA model for meta-analysis of a single diagnos-
tic test (described in Section 2.4.2.1), except for models suggested by Cheng [92] and
Lian et al [97], which build upon the HSROC parameterisation (described in Sec-
tion 2.4.2.2). All but one of the models [88] use an arm-based approach. Trikalinos
et al [85], Hoyer and Kuss [96], and Cheng [92] propose using multinomial distri-
butions to model within-study variation between multiple tests. Dimou et al [91]
suggest using multivariate normal distributions to account for within-study covari-
ances. Trikalinos et al [85], Dimou et al [91], and Hoyer and Kuss [96] make use of
full cross-classifications (i.e. counts of all possible combinations of test results for
patient groups both with and without the target condition), meaning within-study
correlations are accounted for. Cheng [92] and Lian et al [97] extend the HSROC
model to compare multiple tests, with the latter borrowing strength from indirect
comparisons through a common diagnostic test. Menten and Lesaffre [88] also make
use of indirect evidence in their model, which can be further extended to account for
imperfect reference standards. Nyaga et al [89], Ma et al [93], and Owen et al [95]
proposed hierarchical (two-stage) approaches based on [ogit-transformed sensitivity
and specificity. Nyaga et al [90], Hoyer and Kuss [94], Cheng [92], and Nikoloulopou-
los [98] propose copula approaches (discussed in more detail in Chapter 6 and 7) as
a flexible method to capture between-study dependencies. Four of the models were
performed within a frequentist framework [91, 94, 96, 98]; the remainder were devel-

oped in a Bayesian setting.

There are common themes that are present across many of the identified models.
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The majority of methods do not account for within-study associations, while those
that do typically require cross-classified data from each study, make restrictive as-
sumptions about the underlying distributions of the variables, or are implemented
using a Bayesian sampler that is less computationally efficient for parameters that
are high correlated in the posterior (e.g. diagnostic accuracy data). There is a need
for further model development to address these limitations. In particular, the de-
velopment of models that can flexibly account for within-study associations, applied
using an efficient Bayesian sampler. In practice, cross-classified data may be avail-
able for all comparative diagnostic accuracy studies included in an analysis, a subset
of studies or one studies, or no studies. A series of models that make optimal use of
the different levels of data would help to address this knowledge gap and contribute
to the understanding of the comparative and combined accuracy of diagnostic tests

in an evidence synthesis framework.

3.5 Chapter summary

This chapter described a methodological review of meta-analysis models for evaluat-
ing the accuracy of two diagnostic tests. Motivated by the strengths and weaknesses
of the existing methods, Chapters 6 and 7 will aim to address these limitations
through novel model development. The following chapter describes a literature re-
view undertaken to identify comparative diagnostic accuracy studies in Alzheimer’s

disease dementia, on which methodological development in later chapters is based.
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Chapter 4

Literature review of comparative
diagnostic test accuracy studies in

Alzheimer’s disease dementia

4.1 Chapter overview

To meet the aims of this thesis, a motivating clinical example must be identified on
which to base the methodological development described in later chapters. Driven by
the need to assess the comparative and combined performance of diagnostic tests and
testing strategies for Alzheimer’s disease dementia, this chapter describes a literature
review undertaken to source comparative diagnostic accuracy studies evaluating two
or more tests for the condition. The studies are used in Chapter 5 to inform the
data generating mechanism for a simulation study evaluating the performance of an
existing meta-analytic model for jointly synthesising accuracy data on two diagnostic
tests. Building on these models, novel evidence synthesis methods are proposed in
Chapters 6 and 7. The models’ utility as healthcare decision-making aids is explored

through their application to comparative test accuracy data acquired in this chapter.

In Section 4.2, an overview of the types of diagnostic tests for Alzheimer’s disease
dementia, as well as the currently recommended testing pathway in the UK is given.
Section 4.3 outlines the literature review methodology. Methods of literature search-
ing, study selection, and data extraction are described. Section 4.4 summarises key
characteristics of the included studies. Comparative test accuracy data extracted

from the studies, used throughout the remainder of this thesis, are presented. Sec-
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tion 4.5 concludes the chapter with a discussion.

4.2 Diagnostic tests for Alzheimer’s disease de-

mentia

Current estimates from NHS England indicate that 38% of people living with de-
mentia do not have a formal diagnosis as of September 2022.[102] An early and
accurate dementia diagnosis grants access to additional support services and emerg-
ing treatments to manage symptoms and disease progression, as well as providing an
explanation for potentially distressing symptoms. Prompt diagnosis also aids with
planning both in terms of the health and social management of the individual liv-
ing with dementia, but also for their families and carers. In accordance with current
NICE guidelines in the UK, [36] patients with suspected Alzheimer’s disease dementia
are assessed using a combination of structured cognitive testing, imaging tests and /or
by examining patients’” CSF for biomarkers known to be associated with the devel-
opment of Alzheimer’s disease. People with suspected dementia typically present to
primary care, where they undergo blood and urine tests to exclude reversible causes
of cognitive decline (such as conditions of the liver, kidney, or thyroid, diabetes,
vitamin B12 or folate deficiencies, or infection), and a structured cognitive question-
naire (Section 4.2.1). Where dementia is still suspected, patients are referred to a
specialist dementia service such as a memory clinic or community old age psychiatry
service. Dementia subtype is determined through additional cognitive testing, with
further tests for Alzheimer’s disease dementia including imaging (Section 4.2.2) and
biomarker tests (Section 4.2.3).

4.2.1 Cognitive tests

Cognitive tests may be performed in primary or secondary care settings, including
specialist dementia services such as memory clinics, and are a common starting point
for investigations in patients presenting with cognitive complaint. Patients’ short-
and long-term memory, language and communication skills, concentration and orien-
tation (awareness of time and place) are evaluated using structured, validated ques-
tionnaires. Common cognitive tests for Alzheimer’s disease dementia include the
Mini Mental State Examination (MMSE), Montreal Cognitive Assessment (MoCA),

and Mini-cog. While cognitive questionnaires are advantageous due to their minimal
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time and resource demands, and low risk of adverse events, there is a lack of evidence
supporting their role as a stand-alone test for diagnosing dementia or distinguishing
one dementia subtype from another.[103, 104, 105, 106, 107, 108] Cognitive ques-
tionnaires are often used for screening or triage purposes, i.e. identifying patients

that require further testing.

4.2.2 Imaging tests

Brain imaging tests are often used as part of the diagnostic pathway for Alzheimer’s
disease dementia after referral to a specialist dementia service, aiding the identifi-
cation of dementia subtype and ruling out of other conditions. Imaging tests for
Alzheimer’s disease dementia include structural magnetic resonance imaging (MRI),

computerised tomography (CT), and positron emission tomography (PET).

4.2.3 Cerebrospinal fluid and plasma biomarkers

CSF is found in the tissue surrounding the brain and spinal cord and is sampled using
a fine needle inserted between two vertebrae, known as a lumbar puncture. Changes
in levels of CSF biomarkers such as A, t-tau and phosphorylated tau (p-tau) are

known to be associated with the development of Alzheimer’s disease.

Plasma biomarkers, measured in the blood, are emerging as novel, highly sensitive
tests for Alzheimer’s disease dementia. Blood concentrations of AS and tau proteins
have been shown to correspond to CSF levels as well as amyloid- and tau-based
PET scans.[109] Blood-based biomarkers have the potential to revolutionise the di-
agnosis of Alzheimer’s disease dementia due to their accessibility, affordability and
minimally-invasive nature, although further validation is required before they are

implemented into routine clinical practice.[33]

4.2.3.1 ApB

ApB plaques are one of the two hallmark pathologies of Alzheimer’s disease. There
is evidence that amyloid deposition can precede structural changes to the brain and
clinically recognisable disease by decades.[1, 2] A4z is the most commonly measured
form of AB. Lower levels of Afss measured in the CSF are associated with the

accumulation of amyloid plaques in the brain and resulting cognitive impairment.
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While another form of A3, Af,, has been reported to have little ability to detect
the condition on its own, it is thought that the ratio of AB4 to ABs (ABaz/a0) is
superior to A4y alone for predicting progression to Alzheimer’s disease dementia
from MCI.[110] CSF sampling is invasive compared to other diagnostic methods for
Alzheimer’s disease dementia, and is subject to potential adverse effects including
headache, back pain, and swelling at the puncture site. Historically, CSF biomarkers
suffered from a lack of standardisation in their conduct and interpretation, leading to
variability between measurements across laboratories. Recently, however, a uniform
protocol has been developed to homogenise testing procedures and enable their use

in routine clinical practice.[111]

4.2.3.2 Tau

Tau protein tangles are the second hallmark pathology of Alzheimer’s disease, with
elevated levels of t-tau and p-tau associated with the development of the condition.
There is a growing body of evidence suggesting that A5 and tau work together,
independently of their respective accumulation, with each marker exacerbating the
toxic properties of the other.[112] Ratios of t-tau or p-tau to AfS, (t-tau/Af4 or

p-tau/Af42) have been shown to outperform any of the markers evaluated alone.[113]

4.3 Methods

The literature review was performed in two stages. In the first, systematic reviews
of the accuracy of diagnostic tests for Alzheimer’s disease dementia were identified
through electronic database searching. In the second, the primary studies included
within the systematic reviews were screened for comparative diagnostic accuracy
data on two or more tests for Alzheimer’s disease dementia. Where reported, these
data were extracted and compiled in a data set of comparative diagnostic accuracy

data. This data set forms the basis of model development in later chapters.

A full systematic review was not an appropriate use of time and resources for this
thesis. As the focus of this thesis is methodological development, the aim of the
literature review was to identify a clinically relevant example on which to base this
methodology rather than the application of such methods to answer questions on

the clinical utility of diagnostic tests for Alzheimer’s disease dementia.
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4.3.1 Literature search

Cochrane is an independent, international organisation that aims to produce trusted,
accessible evidence on the effectiveness of healthcare.[4] Cochrane reviews are of con-
sistently high quality and considered the gold standard of systematic reviews. Strin-
gent reporting guidelines enable straightforward extraction of meta-analytic data
collected as part of the systematic reviews, making them a valuable resource for
data on which to base model evaluation and development. The Cochrane Library
was searched on the 10" August 2023 for articles containing ‘Alzheimer’s disease’ in
the title, abstract or among the keywords. Results were filtered by diagnostic test

accuracy reviews.

4.3.2 Inclusion criteria

Systematic reviews of diagnostic accuracy studies for tests for Alzheimer’s disease
dementia were identified from the pool of potentially relevant articles. Systematic re-
views of other dementia subtypes (e.g. vascular, frontotemporal) were not included.
Reviews that included only studies in which the target diagnosis was all-cause de-
mentia that did not report separate accuracy data for Alzheimer’s disease dementia
were excluded. Reviews of non-numerical tests, such as clinical judgement as a di-
agnostic tool, were further excluded. Longitudinal cohort (index test administered
to participants at baseline, reference standard of clinical diagnosis obtained through
follow-up) or cross-sectional (index test and reference standard administered within a
short, specified timespan, e.g. six months) study designs were included. Case-control

designs were excluded as they have been shown to overestimate test accuracy.[61]

Primary studies identified within the systematic reviews that reported comparative
test accuracy data on two or more diagnostic tests were included. Studies that used
a paired or randomised design were eligible for inclusion. Studies that reported diag-
nostic test accuracy data on a single test only were excluded from further analyses,
as the inclusion of non-comparative test accuracy studies in meta-analyses compar-
ing multiple tests has been shown to lead to bias in summary accuracy estimates.|8]
Furthermore, it is not possible to incorporate studies evaluating a single test within
the models that will be fit to the extracted data in later chapters.
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Systematic reviews excluded (n =5)
Systematic reviews Wrong target condition:
identified through _ All-cause dementia: 2
database searching ! Frontotemporal dementia: 1
(n=18) Dementia with Lewy bodies: 1
Qualitative index test: 1

A A

Systematic reviews
included as a source of
primary studies
(n=13)

Systematic reviews

Primary studies

Primary studies identified
within systematic reviews
(n=115)

v
Primary studies screened
for comparative test Primary studies excluded (n = 35)
accuracy data after Reported diagnostic accuracy data on

duplicates removed one test only: 35
(n = 105)

v

Comparative diagnostic
test accuracy studies
(n=70)

Figure 4.1: Adapted Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) diagram showing the flow of studies through the literature
review.[114]
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4.3.3 Study selection

In the first stage of study selection, titles and abstracts of systematic reviews identi-
fied through searching The Cochrane Library were screened by one reviewer. Articles
considered potentially relevant were obtained and assessed by one reviewer for in-
clusion. Systematic reviews that met the inclusion criteria were used as a source of

primary studies in the second stage of the review.

In the second stage of study selection, primary studies included in the systematic
reviews were obtained and screened for comparative diagnostic accuracy data on two

or more tests by one reviewer.

4.3.4 Data extraction

Data from each systematic review and primary study were extracted by one reviewer.
Summary data on participant characteristics, index tests, and reference standard of

included studies were extracted from each systematic review.

Two-by-two and /or 2x4 data (fully cross-classified data, see Section 2.3.4) evaluating
the accuracy of two or more diagnostic tests for Alzheimer’s disease dementia in the
same patient group was extracted from each of the identified comparative diagnostic
test accuracy studies. The threshold for positivity for each test was also extracted for
each 2x2 or 2x4 table. Where diagnostic accuracy data were reported for all-cause
dementia with Alzheimer’s disease dementia as a subgroup, data were extracted for

this subgroup only.

4.4 Results

4.4.1 Systematic review characteristics

A total of 18 potentially relevant systematic reviews were identified through a search
of The Cochrane Library (see the adapted Preferred Reporting Items for System-
atic Reviews and Meta-Analyses (PRISMA) study flow diagram in Figure 4.1).[114]
Thirteen systematic reviews fulfilled the inclusion criteria. Two reviews for which
the target condition was all cause dementia were excluded; studies included in the re-
views were examined but none reported diagnostic test accuracy data on Alzheimer’s

disease dementia only.[105, 108] Two reviews were not considered relevant as the
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target condition was a different dementia subtype (frontotemporal dementia and
dementia with Lewy bodies, respectively),[115, 116] while another was excluded be-
cause the index test was qualitative in nature (clinical judgement by primary care
physicians).[117] Key features of the included reviews, including participant charac-

teristics, study type, index test and reference standard, are summarised in Table 4.1.
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Table 4.1: Summary of Cochrane reviews of diagnostic tests for Alzheimer’s disease dementia. The number of studies that
were included after excluding studies with a target condition of all-cause dementia or other dementia subtype is indicated.

Test type  Studies Review characteristics

(participants), n

Arevalo-Rodriguez et al, 2021'.[103]

Cognitive 11 (1569) Date of search: May 2014.
Included: Participant characteristics and setting: Participants with a diagnosis of MCI
8 (1128) recruited from community, primary care and secondary care settings.

Exclusions: Studies on participants with a secondary cause of cognitive impairment,
including alcohol or drug abuse, central nervous system trauma, tumour and infection.
Study type: Longitudinal cohort.
Index test(s): MMSE.
Reference standard: Clinical diagnosis using recognised diagnostic criteria.

Chan et al, 2021'.[104]

Cognitive 3 (1415) Date of search: March 2019.
Included: Participant characteristics and setting: Participants recruited from secondary care
1 (279) settings, including inpatient and outpatient hospital populations.

Exclusions: Studies on participants with a developmental disability that prevented them
from undergoing cognitive testing.

Study type: Cross-sectional.

Index test(s): Mini-cog.

Reference standard: Clinical diagnosis using recognised diagnostic criteria, including

additional confirmatory neuroimaging procedures.
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Test type  Studies

(participants), n

Review characteristics

Davis et al, 2021'.[106]
Cognitive 7 (9422)
Included:
3 (6788)

Fage et al, 2021'.[107]

Cognitive 3 (1620)
Included:
2 (464)

Date of search: August 2012.

Participant characteristics and setting: Participants recruited from community,
primary care, memory clinic and other secondary care settings.

Exclusions: Studies on participants with a secondary cause of cognitive impairment,
including alcohol or drug abuse, central nervous system trauma, tumour and infection, and
in specific clinical groups, e.g. participants with Parkinson’s disease or MCI.

Study type: Cross-sectional.

Index test(s): MoCA.

Reference standard: Clinical diagnosis using recognised diagnostic criteria.

Date of search: March 2013.

Participant characteristics and setting: Participants recruited from community
settings.

Exclusions: Studies on participants with a developmental disability that prevented them
from undergoing cognitive testing.

Study type: Cross-sectional.

Index test(s): Mini-cog.

Reference standard: Clinical diagnosis using recognised diagnostic criteria, including

additional confirmatory neuroimaging procedures.



99

Test type  Studies

(participants), n

Review characteristics

Kokkinou et al, 2021.[118]
39 (5000)
Included:
13 (1704)

Biomarker

Lombardi et al, 2020.[119]
33 (3935)
Included:
22 (3150)

Imaging

Date of search: February 2020.

Participant characteristics and setting: Participants with a clinical diagnosis of any
form of dementia recruited from specialist dementia services, either inpatient or outpatient.
Exclusions: Studies on participants with MCI.

Study type: Cross-sectional.

Index test(s): CSF AfByo.

Reference standard: Clinical diagnosis using recognised diagnostic criteria.

Date of search: January 2019.

Participant characteristics and setting: Participants with a diagnosis of MCI.
Exclusions: Studies on healthy participants, participants with subjective cognitive decline
in the absence of objective cognitive dysfunction, and studies that based MCI definition on
biomarker results.

Study type: Longitudinal cohort.

Index test(s): Structural MRI.

Reference standard: Clinical diagnosis using recognised diagnostic criteria.
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Studies

(participants), n

Test type

Review characteristics

Martinez et al, 2017(a).[120]
Imaging 1 (45)

Included:

1 (45)

Martinez et al, 2017(b).[121]
2 (243)

Included:

2 (243)

Imaging

Date of search: May 2017.

Participant characteristics and setting: Participants with a diagnosis of MCI.
Exclusions: Studies on participants with a secondary cause of cognitive impairment,
including alcohol or drug abuse, central nervous system trauma, and other neurological
conditions, e.g. Parkinson’s or Huntington’s diseases.

Study type: Longitudinal cohort.

Index test(s): *F-florbetaben PET.

Reference standard: Clinical diagnosis using recognised diagnostic criteria.

Date of search: May 2017.

Participant characteristics and setting: Participants with a diagnosis of MCI.
Exclusions: Studies on participants with a secondary cause of cognitive impairment,
including alcohol or drug abuse, central nervous system trauma, and other neurological
conditions, e.g. Parkinson’s or Huntington’s diseases.

Study type: Longitudinal cohort.

Index test(s): '®*F-flutemetamol PET.

Reference standard: Clinical diagnosis using recognised diagnostic criteria.
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Studies

(participants), n

Test type

Review characteristics

Martinez et al, 2017(c).[122]
3 (453)

Included:

2 (448)

Imaging

Ritchie et al, 2014.[39]
17 (2228)
Included:
16 (1967)

Biomarker

Date of search: May 2017.

Participant characteristics and setting: Participants with a diagnosis of MCI.
Exclusions: Studies on participants with a secondary cause of cognitive impairment,
including alcohol or drug abuse, central nervous system trauma, and other neurological
conditions, e.g. Parkinson’s or Huntington’s diseases.

Study type: Longitudinal cohort.

Index test(s): 8F-florbetapir PET.

Reference standard: Clinical diagnosis using recognised diagnostic criteria.

Date of search: December 2012.

Participant characteristics and setting: Participants with a diagnosis of MCI.
Exclusions: Studies on participants with a secondary cause of cognitive impairment,
including alcohol or drug abuse, central nervous system trauma, and other neurological
conditions (e.g. Parkinson’s or Huntington’s diseases); participants with psychiatric,
neurological, metabolic, immunological, hormonal, or cerebrovascular disorders;
participants with other dementia co-morbidity (e.g. vascular or frontotemporal dementias)
or potential genetic cause for their dementia; and participants under 50 years old.

Study type: Longitudinal cohort.

Index test(s): CSF AB42, CSF Ay, CSF ABy9/40 ratio.

Reference standard: Clinical diagnosis using recognised diagnostic criteria.
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Test type

Studies

(participants), n

Review characteristics

Ritchie et al, 2017.[40]

Biomarker

15 (1282)
Included?:
11 (987)

Smailagic et al, 2015.[123]

Imaging

14 (421)
Included:
14 (421)

Date of search: January 2013.

Participant characteristics and setting: Participants with a diagnosis of MCI.
Exclusions: Studies on participants with a secondary cause of cognitive impairment,
including alcohol or drug abuse, central nervous system trauma, and other neurological
conditions, e.g. Parkinson’s or Huntington’s diseases.

Study type: Longitudinal cohort.

Index test(s): CSF t-tau, CSF p-tau, CSF t-tau/ Af ratio, CSF p-tau/Ap ratio.

Reference standard: Clinical diagnosis using recognised diagnostic criteria.

Date of search: January 2013.

Participant characteristics and setting: Participants with a diagnosis of MCI.
Exclusions: Studies on participants with a secondary cause of cognitive impairment,
including alcohol or drug abuse, central nervous system trauma, tumour, infection, and
other neurological conditions, e.g. Parkinson’s or Huntington’s diseases.

Study type: Longitudinal cohort.

Index test(s): 8F-fludeoxyglucose (\8F-FDG) PET.

Reference standard: Clinical diagnosis using recognised diagnostic criteria.
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Test type  Studies

(participants), n

Review characteristics

Zhang et al, 2014.[124]
Imaging 9 (274)
Included:
9 (274)

Date of search: January 2013.

Participant characteristics and setting: Participants with a diagnosis of MCI.
Exclusions: Studies on participants with a secondary cause of cognitive impairment,
including alcohol or drug abuse, central nervous system trauma, tumour, infection, and
other neurological conditions, e.g. Parkinson’s or Huntington’s diseases.

Study type: Longitudinal cohort.

Index test(s): !'C-labelled Pittsburgh Compound-B (1'!C-PIB) PET.

Reference standard: Clinical diagnosis using recognised diagnostic criteria.

A, amyloid beta; CSF, cerebrospinal fluid; MCI, mild cognitive impairment; MMSE, Mini Mental State Examination; MoCA, Montreal Cognitive

Assessment; MRI, magnetic resonance imaging; PET, positron emission tomography; p-tau, phosphorylated tau; t-tau, total tau

IThe title and objectives of this review were revised in 2021 to clarify that short screening tests alone cannot make a diagnosis of a dementia subtype

such as Alzheimer’s disease dementia, in line with feedback from a group of dementia researchers. There were no other changes to the review, but the

citation was updated to reflect the revision date. The date of the literature search is included to make the cut-off point for publication inclusion clear.

2Two studies involved the same participants, only one was included.



Participants were recruited from the community (population-based screening), pri-
mary care (where patients may present to their general practitioner with cognitive
issues, or be screened opportunistically), and secondary care (specialist care services,
including hospitals and memory clinics). Due to their expense and complexity, imag-
ing and CSF biomarker tests were assessed in secondary care settings only, whereas
cognitive tests were evaluated across all settings. Most reviews specifically targeted
participants diagnosed with mild cognitive impairment (MCI), also known as pro-
dromal dementia, based on cognitive decline beyond what would be expected as part
of the normal ageing process that does not meet the criteria for clinically probable
dementia.[125] MCI differs from a dementia diagnosis in that cognitive impairment is
not severe enough to significantly impact daily activities, although people with MCI
are more likely to go on to develop dementia than people without MCI. One study
found that 46% of participants with MCI at baseline developed dementia within
the 3 years of follow-up, compared with 3% of age-matched participants without
impairment.[126] Prevalence of Alzheimer’s disease dementia across studies exhib-

ited a high pf heterogeneity, ranging from 12.3-77.1%.

The reviews assessed the diagnostic accuracy of cognitive, imaging, and CSF and
plasma biomarker tests for Alzheimer’s disease dementia. Two reviews evaluated the
accuracy of multiple diagnostic tests.[39, 40] Most reviews restricted their inclusion

to longitudinal cohort studies.

In all reviews the reference standard for confirming the presence or absence of
Alzheimer’s disease dementia was clinical diagnosis using recognised diagnostic cri-
teria, such as the Diagnostic and Statistical Manual of Mental Disorders (DSM), the
International Classification of Diseases (ICD), or the National Institute of Neuro-
logical and Communicative Disorders and Stroke and the Alzheimer’s Disease and
Related Disorders Association (NINCDS-ADRDA). All criteria require an individ-
ual to experience impairment in multiple areas of cognitive function that impact
daily living to meet the threshold for diagnosis. These criteria are considered the
gold standard for ante-mortem diagnosis of Alzheimer’s disease dementia, although
a definitive diagnosis can only be made post-mortem via autopsy. Some reviews
included studies that used additional neuroimaging procedures, such as MRI or CT

scans, to further clarify the diagnosis.[104, 107]
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Table 4.2: Details of the included comparative diagnostic test accuracy studies.

Study population

Index tests

Study, year Study ADD. | Test
? design c p | R se, sp,
g Population| N % type Test Threshold tp | fn |tn | fp % %
Anchisi et al Longitudinal Imaging BF_-FDG PET rCGMr<1.14 | 13 | 1 28 | 6 92.9 | 824
’ MCI 48 29.2
2005.[127] cohort Cognitive | CVLT-LDFR 6/16 13 |1 |20 |14 | 929 |588
Biomarker | CSF Af49 512 ng/L 18 | 2 99 | 43 | 90.0 | 69.7
; itudi Biomarker | CSF t-tau 613 ng/L 12 8 130 | 12 60.0 91.5
Bjerke et al, Longitudinal MCT 162 | 12.3 g/
2009.[128] cohort Biomarker | CSF p-tau 66 ng/L 17 |3 109 | 33 | 85.0 | 76.8
Biomarker | CSF ABs/t-tau | 1.2 19 1 101 | 41 95.0 71.1
Biomarker | CSF AB4o 82 pM 9 5 5 9 64.3 35.7
itudi Biomarker | CSF A 1615 pM 5 12 2 64.3 85.7
Blom et al, Longitudinal MCI 98 50.0 Bao p
2009.[129] cohort Biomarker | CSF t-tau 428 ng/L 7 7 11 50.0 | 78.6
Biomarker | CSF p-tau 51 ng/L 6 1 |3 57.1 78.6
Borson ot al. | Cross Cognitive | MMSE 23/30 106 | 6 | 118 |22 | 946 | 84.3
’ . Community | 252 | 44.4
2005.[130] sectional Cognitive | Mini-cog 2/5 111 | 1 116 | 24 | 99.1 | 82.9
Biomarker | CSF Af4 612 pg/mL 89 |20 |26 |30 | 817 |46.4
Brettschneider Cross Al Biomarker | CSF AB45/40 1.15 101 | 8 24 32 92.7 42.9
et al, ross” “ea 165 | 66.1 | Biomarker | CSF t-tau 389 pg/mL | 74 |35 |36 |20 |67.9 |64.3
90061131 sectional dementia
[131] Biomarker | CSF p-tau 62.5 pg/mL | 72 |37 |40 | 16 | 66.1 | 71.4
Biomarker | CSF NfHSMI35 15 pg/mL 85 |24 |16 | 40 | 78.0 | 28.6
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Study population

Index tests

Study, year Study ADD, | Test
’ design : ’ e Threshol S€e, SPs
g Population| N % —_— Test reshold tp | fn|tn | fp % %

Biomarker | CSF AB42/40 0.099 19 |3 26 | 17 | 86.4 | 60.5
Biomarker | CSF p-tau 38.6 pg/mL 16 38 72.7 | 88.4
Biomarker | CSF t-tau 605.5 pg/mL | 15 | 7 39 | 4 68.2 | 90.7

Brys et al, Longitudinal ) CSF

2009.[132] cohort MCI 65 | 33.8 Biomarker | " /AB1a 10 6127 17 |5 |35 |8 |77.3 |8l4
Biomarker CSF 445.9 16 | 6 37 | 6 2.7 86.0

p-tau/AB42/40

Biomarker | CSF IP 47.5 pg/mL 12 110 |39 |4 54.5 | 90.7
Cognitive | MMSE 28/30 5 | 7 28 | 56 | 88.9 | 33.3

Buchhave et Longitudinal .

al, 2008.[133) cohort MCI 147 | 42.9 Cognitive | CDT 3/5 33 | 30 |57 |27 | 524 | 67.9
Cognitive | CCT 12/20 34 |29 |60 |24 |54.0 | 714

Carmichael et | Longitudinal Imaging MRI-LV NR 9 3 8 9 75.0 47.1

MCI 29 41.4

al, 2007.[134] | cohort Imaging | MRI-WB NR 11 |1 |7 |10 |91.7 |41.2
Imaging MRI-HC, total NR 9 0 6 8 100.0 | 42.9
Imaging MRI-HC, left NR 1 9 88.9 64.3

Caroli et al, Longitudinal MCI 23 391 ) X

. MRI-MTL,

Imaging total NR 6 3 11 |3 66.7 | 78.6
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Study population

Index tests

Study, year Study ADD. | Test
? design i ’ e se, SPs
g Population| N % — Test Threshold tp | fn |tn | fp % %
Biomarker | CSF Af40 741 pg/mL 17 | 6 16 | 2 73.9 | 88.9
Biomarker | CSF t-tau 363 pg/mL 12 | 11 16 | 2 52.2 | 88.9
Biomarker | CSF p-tau 51 pg/mL 20 13 |5 87.0 | 72.2
Biomarker | CSF HFABP 451 pg/mL 19 | 4 9 9 82.6 | 50.0
Chiasserini et | Longitudinal
MCI 41 | 56.1 . CSF
B ki 0.7 18 | 5 18 |0 78.3 100.0
al, 2010[136] cohort lomarker HFABP/Aﬁ42
. CSF
Biomarker HFABP /t-tau 1.3 10 | 13 16 | 2 43.5 88.9
. CSF
Biomarker HFABP /p-tau 8.6 8 15 14 | 4 34.8 77.8
Imaging MRI-HC, total NR 71 20 154 | 83 | 78.0 65.0
Clerx et al, Longitudinal . MRI-MTL,
2013.[137] cohort MCI 328 | 27.7 Imaging total NR 60 | 31 | 152 | 85 | 65.9 | 64.1
Imaging MRI-LV NR 48 | 43 | 161 | 76 | 52.7 | 67.9
deToledo- Loneitudinal Imaging MRI-HC, total NR 9 1 10 | 7 90.0 58.8
Morrell et al, Ol?grlt“ B (@ 27 | 37.0 .
Imaging MRI-HC, total NR 20 | 15 | 87 | 17 | 57.1 | 83.7
Imaging MRI-HC, left NR 24 |11 |71 |33 | 68.6 | 68.3
Imaging MRI-HC, right NR 29 | 6 62 | 42 | 829 | 59.6
Devanand et Longitudinal MCI 139! | 25.2 )
al, 2007.[139] cohort : Imaging MRI-ERC, total | NR 22 |12 |8 |15 | 64.7 | 85.6
Imaging MRI-ERC, left NR 22 |12 | 88 |16 | 64.7 | 84.6
Imaging MRI'ERC’ NR 20 | 14 |92 |12 | 58.8 | 88.5
right
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Study population

Index tests

Study, year Study ADD. | Test
? design c 9 || 1K= se, Sp,
g Population| N % type Test Threshold tp | fn |tn | fp % %
Cognitive | MMSE NR 9 24 |8 |9 27.3 | 90.2
Cognitive | SRT NR 16 |16 |84 |9 50.0 | 90.3
itudi Cognitive | UPSIT NR 16 17 82 9 48.5 90.1
Devanand et Longitudinal MCT 1251 | 26.4 g
al, 2008.[140] | cohort Cognitive | FAQ NR 11 |22 |77 |8 |333 |[90.6
Imaging | MRI-HC, total | NR 12 |17 |80 |9 | 414 |89.9
Imaging MRI-ERC, total | NR 14 14 80 9 50.0 89.9
5 itudi Imagin MRI-HC, left NR 11 2 16 5 84.6 76.2
Eckerstrom et | Longitudinal MCI 34 389 gimng
al, 2013.[141] | cohort Imaging | MRI-HC, right | NR 9 |4 |17 |4 |692 |8L0
Erten-Lyons Lonsitudinal Imaging MRI-HC, total NR 14 | 8 11 | 4 63.6 | 73.3
et al, cohogrt MCI 37 59.5 Imaging MRI-LV NR 13 19 11 | 4 59.1 73.3
2006.[142] Imaging | MRI-WB NR 19 [3 |7 |8 |864 |467
Fei et al, Longitudinal N s65 | 434 Biomarker | Plasma AfB4o 0.64 ng/mL | 210 | 35 | 159 | 161 | 85.7 | 49.7
2011.[143] cohort . Biomarker | Plasma AB49/40 | 0.95 ng/mL 210 | 35 | 221 | 96 | 8.7 | 69.7
i itudi Biomarker | CSF p-tau 50 ng/mL 4 4 100.0 | 33.3
Fellgiebel et Longitudinal MCT 16 95.0 p g/
al, 2007.[144] | cohort Imaging IBF.FDG PET | NR 4 9 |3 [100.0 | 750
Imaging MRI-HC, total NR 18 10 71 16 64.3 81.6
Frolich et al Longitudinal Biomarker | CSF A4 600 pg/mL 17 |11 |65 | 22 | 60.7 | 74.7
’ MCI 115 | 24.3
2017.[145] cohort Biomarker | CSF t-tau 300 pg/mL |24 |4 |46 |41 | 857 | 529
Biomarker | CSF p-tau 60 pg/mL 17 | 11 | 60 | 27 | 60.7 69.0
Imaging BF.FDG PET | t sum>11.09 | 11 7 17 | 786 | 29.2
Galluzzi et al, | Longitudinal 1 Biomarker | CSF Af49 500 pg/mL 18 25 | 17 | 81.8 | 59.5
MCI 86 25.6
Imaging total ’ NR 12 10 | 51 13 | 54.5 79.7




9.

Study population

Index tests

Study, year Study ADD, | Test
? design i g || He= se, sp,
Population| N % type Test Threshold tp | fn |tn | fp % %
Imaging MRI-LTL, right | NR 9 9 81.8 50.0
Galton et al, Longitudinal -
2005.[147] cohort MCI 29 37.9 Cognitive | ADAS NR 4 16 63.6 | 88.9
Cognitive | ACE NR 3 18 |0 72.7 | 100.0
Cognitive | MMSE NR 94 | 39 |38 |24 | 70.7 | 61.3
Cognitive | CDR-SB NR 85 | 48 |48 |14 | 639 | 774
Cognitive | ADAS NR 86 | 47 | 50 | 12 | 64.7 | 80.6
Imaging MRI-HC, left NR 70 | 63 |50 | 12 | 52.6 | 80.6
Gaser et al, Longitudinal MCT 105! | 68.2 -
2013.[148] cohort . Biomarker | CSF Af40 NR 59 7 12 21 89.4 36.4
Biomarker | CSF t-tau NR 58 13 |20 | 879 | 394
Biomarker | CSF p-tau NR 45 |21 |19 | 14 | 68.2 | 57.6
. CSF
B k NR 61 5 14 19 92.4 42.4
iomarker |\ B2 /p-tau
HaInpel et al LOIIgltudlIlal Biomarker CSF t-tau 479 ng/L 26 3 ].]. ].2 89.7 47.8
' MCI 52 55.8
2004.[149] cohort Biomarker | CSF AB4, 679 ng/L 24 |5 |13 |10 | 828 | 56.5
Biomarker | CSF t-tau 350 pg/mL 55 | 2 47 | 30 | 96.5 61.0
Biomarker | CSF p-tau 60 pg/mL 54 | 3 45 | 32 | 94.7 | 584
Hansson et al, | Longitudinal
2006.[150] cohort Ml BEIES piomarker | O5F 6.5 L [55 |2 |61 |16 965 |79.2
- iomarker ABas/p-tau .5 pg/m . .
Biomarker | CSF Af4 530 ng/L 5 | 1 50 | 27 | 98.2 | 64.9
- cod Biomarker | CSF A 0.64 ng/L 53 | 4 41 | 36 | 93.0 | 53.2
Hansson et al, | Longitudinal | \ 134 | 425 Baz g/
2007.[151] cohort Biomarker | CSF AfBys/40 0.95 ng/L 50 60 | 17 | 87.7 | 77.9
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Study population

Index tests

Study, year ST ADD. | Test
? design i g || He= se, sp,
g Population| N % type Test Threshold tp | fn |tn | fp % %
Biomarker | CSF Af4o 209 pg/mL 47 |5 75 | 32 1904 | 70.1
Biomarker | CSF t-tau 100 pg/mL 38 |14 |8 |25 | 731 76.6
Biomarker | CSF p-tau 51 pg/mL 22 |30 |96 | 11 | 42.3 | 89.7
Hertze et al, Longitudinal MCT 159 | 32.7 Biomarker | CSF Af 0 /t-tau | 2.5 47 |5 75 | 32 | 904 70.1
2010.[152] cohort CSF
Biomarker 6.6 45 7 77 | 30 | 86.5 72.0
A2 /p-tau
Biomarker | CSF t-tau/AB4 | 0.010 43 9 78 29 82.7 72.9
Biomarker | CSF AB42/40 0.069 45 | 7 70 | 37 | 86.5 | 65.4
Imaging MRI-HC, total NR 8 0 8 5 100.0 | 61.5
Imaging MRI-HC, left NR 6 2 8 5 75.0 | 61.5
Imaging MRI-HC, right NR 7 1 9 4 87.5 | 69.2
Imaging MRI-ERC, total | NR 7 1 10 | 3 87.5 76.9
Herukka et al, | Longitudinal Imaging MRI-ERC, left NR 7 1 9 4 87.5 | 69.2
MCI 21 38.1
Imaging . ’ NR 7 1 9 4 87.5 | 69.2
right
Biomarker | CSF Af4 450 pg/mL 6 2 11 75.0 | 84.6
Biomarker | CSF t-tau 400 pg/mL 2 7 6 75.0 | 53.8
Biomarker | CSF p-tau 70 pg/mL 7 1 7 87.5 53.8
] Cal Loneitudinal Imaging MRI-LV NR 44 | 25 | 161 | 110 | 63.8 | 59.4
ang et al, ongitudina.
MCI 340 | 20.3 18 i
2018.[154] cohort Imaging PEFTﬂorbetap“ SUVR>1.10 | 61 |8 | 143|128 | 88.4 | 52.8
Biomarker | CSF Af4 435 pg/mL 35 |14 |12 |3 71.4 | 80.0
Kapaki et al, Cross- All-cause .
2003.[155] sectional dementia 64 76.7 Biomarker | CSF t-tau 437 pg/mL 35 |14 | 14 71.4 | 93.3
Biomarker | CSF t-tau/AfB4s | 0.94 35 |14 |15 | O 71.4 | 100.0
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Study

Study population

Index tests

Study, year design Population| N %DD’ 3;;2 Test Threshold |tp | fn | tn | fp ';f’ ;?
itudi Biomarker | CSF t-tau 356 pg/mL 35 |7 29 |29 | 833 | 50.0
gOGFIé[Egé]aL gc?ﬁlogl:twdmal Mel 100 42.0 Biomarker | CSF AfB4o 495 pg;mL 32 |10 |42 |16 | 76.2 | 724
Biomarker | CSF AfB42 550 pg/mL 59 |79 |55 | 12 | 42.8 | 82.1
g?zgig?ﬁg% S;ﬁfmal dAinC;LEZ 205 | 67.3 | Biomarker | CSF t-tau 300 ng/L 90 |48 |52 |15 | 652 | 776
Biomarker | CSF p-tau 79 ng/L 65 | 73 |60 |7 47.1 89.6
Biomarker | CSF p-tau 70 pg/mL 2 3 2 7 40.0 | 22.2

Kloi;(;lor;en et Longitudinal MCI 14 357 . OSF
al, [158] | cohort Biomarker | 3 /-t 6.5 pg/mL 4 |1 |3 |6 |80.0 |333
Lee et al, Cross- Secondary 150 | 977 Cognitive | MoCA 25/30 4 |0 59 | 56 | 100.0 | 51.3
2008.[159] sectional care Cognitive | MMSE 25/30 38 81 | 34 |86.4 | 704
Imaging | MRI-HC, right | NR 108 | 69 | 106 | 60 | 61.0 | 63.9
Imaging | MRI-ERC, total | NR 108 | 69 | 100 | 66 | 61.0 | 60.2
Imaging | MRI-LV NR 90 | 87 | 116 | 50 | 50.8 | 69.9
Imaging | MRI-WB NR 92 | 85 |81 |85 | 520 | 48.8
Imaging | MRI-MTG NR 104 | 73 | 100 | 66 | 58.8 | 60.2
nggﬁféo‘j“’ gsl?og;tmdmal MCI 343 1516 | pnaging i\ggll‘amygdala’ NR 12|65 | 113 |53 | 633 | 68.1
Imaging i\ffiﬂ‘amygdala’ NR 108 | 69 | 106 | 60 | 61.0 | 63.9
Imaging ?fgﬁ‘amygdala’ NR 112 | 65 | 111 |55 | 63.3 | 66.9
Imaging | MRI-CGM NR 97 |80 |93 | 73 | 54.8 | 56.0
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Study population

Index tests

Study, year sy ADD. | Test
s desien . , es se, sp,
g Population| N % type Test Threshold tp | fn | tn | fp % %

Biomarker | CSF Af4 500 pg/mL 19 |3 9 2 86.4 | 81.8

Lewczuk et al, | Cross- All-cause 231 | 667 Biomarker | CSF Af42/40 11.0 20 |1 8 2 95.2 | 80.0

2004.[161] sectional dementia ' Biomarker | CSF Aj340 4800 pg/mL | 8 13 |9 1 38.1 | 90.0
Biomarker | CSF t-tau 400 pg/mL 18 | 4 8 3 81.8 | 72.7
Biomarker | CSF A4 490 pg/mL 40 |11 |21 |9 78.4 | 70.0

Maddalena et | Cross- All-cause Biomarker | CSF p-tau 35 pg/mL 37 |14 |19 |11 | 725 | 63.3

. . 81 63.0

al, 2003.[162] | sectional dementia CSF

Biomarker 83 41 10 | 22 |8 80.4 73.3
p-tau/AS 42

Cognitive | Mini-cog NR 195120 |64 |0 90.7 100.0

Milian et al, Cross- Secondary -

2012.[163) sectional care 279 | 771 Cognitive | CDT 3/6 174 | 41 | 62 | 2 80.9 | 96.9
Cognitive | MMSE 24/30 175 | 40 64 0 81.4 100.0
Cognitive | MMSE 29/35 22 7 16 8 75.9 66.7

Modrego et Longitudinal Imaging MRI-HC, left NR 18 |11 | 13 | 11 | 62.1 | 54.2

MCI 53 54.7 ;

al, 2005.[164] | cohort Imaging | MRI-PC, right | NR 18 |11 |17 |7 |621 | 708

Imaging MRI-OC, left NR 29 |0 18 100.0 | 75.0
itudi Cognitive | MMSE 30/35 26 | 31 | 42 45.6 | 87.5

Modrego et Longitudinal MCT 105 | 54.3 g /

al, 2013.[165] | cohort Cognitive | MIS 2/8 39 |18 |35 |13 | 684 | 729
Biomarker | CSF t-tau 77.5 pg/mL 8 3 18 | 8 72.7 | 69.2
Biomarker | CSF p-tau 54.5 pg/mL 9 2 15 | 11 | 81.8 | 57.7

Monge- o .

Argilés et al, Longitudinal MCT a7 997 Biomarker | CSF t-tau/AfB42 | 0.18 pg/mL 10 |1 13 | 13 | 90.9 50.0

2011.[166] cotrt Biomarker | Cor 017pg/mL |9 |2 |17 |9 |8L8 | 654

iomarker p-tat/A B 17 pg/m . .

Biomarker | CSF AfB42 320 pg/mL 9 2 16 | 10 | 81.8 61.5
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Study population

Index tests

Study, year Study ADD. | Test
? design : ’ e Threshol se, Sp,
g Population| N % — Test reshold tp | fn|tn | fp % %
Biomarker | CSF Ay 1125 pg/mL | 19 | 0 2 6 100.0 | 25.0
Montine et al, | Cross- All-cause .
2001.[167] sectional dementia 27 70.4 Biomarker | CSF t-tau 300 pg/mL 15 | 4 5 3 78.9 | 62.5
Biomarker | CSF IP 25 pg/mL 17 | 2 3 5 89.5 | 37.5
Mosconi et al Longltudlnal Imaging 18F—FDG PET NR 3 5 28 ]. 37.5 96.6
’ MCI 37 21.6
2004.[168] cohort Cognitive | MMSE NR 2 |6 |28 |1 |250 |96.6
Imaging MRI-HC, left NR 6 3 24 |7 66.7 | 774
Imaging MRI-HC, right NR 6 3 23 | 8 66.7 74.2
Nesteruk et Longitudinal MCL 10 595 Imaging MRI-ERC, left NR 5 4 21 | 10 | 55.6 | 67.7
al, 2016.[169] | cohort ' Biomarker | CSF AfB4 609.5 pg/mL | 7 |2 |18 |13 | 77.8 | 58.1
Biomarker | CSF t-tau 277.0 pg/mL | 6 3 20 | 11 | 66.7 | 64.5
Biomarker | CSF p-tau 55.1 pg/mL 3 6 24 |7 333 | 774
Imaging BF_FDG PET NR 9 2 20 | 2 81.8 | 90.9
Nobili et al, Longitudinal .
2008.[170] cohort MCI 33 33.3 Cognitive | SRT-IR NR 7 4 14 | 8 63.6 | 63.6
Cognitive | SRT-DR NR 6 5 11 | 11 | 54.5 | 50.0
18
Ong et al Longitudinal Imaging P-florbetaben | arypatas |18 [2 |19 |6 | 900 | 760
’ MCI 45 | 44.4 PET
2015.[171] cohort
Imaging MRI-HC, total NR 10 |10 |16 |9 50.0 | 64.0
: 18
Ossenkoppele Longitudinal Imaging F-FDG PET NR 3 1 7 1 75.0 87.5
et al, cohort MCI 12 33.3 ) "
« : 8%
Ossenkoppele Longitudinal Imaging F-FDG PET NR 5 1 6 0 83.3 100.0
et al, MCI 12 50.0
cohort Imaging 11C-PIB PET NR 6 0 5 1 100.0 | 83.3

2012b.[173]
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Study population

Index tests

Study, year Study ADD. | Test
? design c g || HEE se, Sp,
g Population| N % type Test Threshold tp | fn |tn | fp % %
Biomarker | CSF t-tau 87 pg/mL 42 |10 | 58 | 23 | 80.8 | 71.1
Biomarker | CSF p-tau 39 pg/mL 35 |17 |70 |11 | 673 | 864
Palmqvist et Longitudinal .
al, 2012.[174] cohort MCI 133 | 39.1 Biomarker | CSF Af4 208 pg/mL 47 |5 56 | 25 | 90.4 | 69.1
Cognitive | MMSE 26/30 32 |20 |68 | 13 | 61.5 | 84.0
Cognitive | CDT 3/5 23 |29 |70 | 11 | 442 | 86.4
Biomarker | CSF Af4o 500 pg/L 4 7 30 |3 36.4 | 90.9
<50 years:
300 pg/mL
Parnetti et al, | Longitudinal . 51-70 years:
2006.[175] cohort MCI 44 25.0 Biomarker | CSF t-tau 450 pg/mL 5 6 32 |1 455 | 97.0
>T71 years:
500 pg/mL
Biomarker | CSF p-tau 80 pg/mL 9 2 32 |1 81.8 | 97.0
Biomarker | CSF A4 421 pg/mL 18 |14 |56 |2 56.3 | 96.6
. 12282
Biomarker | CSF AB49 pe/mL. 20 12 31 27 | 62.5 53.4
Biomarker | CSF AB43/40 5 23 19 53 71.9 91.4
Parnetti et al, | Longitudinal .
2012.[176] cohort MCI 90 35.6 Biomarker | CSF t-tau 406 pg/mL 20 |12 |51 |7 62.5 | 87.9
Biomarker | CSF p-tau 62 pg/mL 26 | 6 52 81.3 | 89.7
Biomarker | CSF Af4s/t-tau | 348 30 2 38 20 93.8 65.5
Biomarker CSK 1074 26 | 6 55 | 3 81.3 94.8

AB4o/p-tau
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Study population

Index tests

Study, year Study ADD, | Test
? design i ’ e se, SPs
g Population| N % — Test Threshold tp | fn |tn | fp % %
Biomarker | CSF Af40 500 ng/L 40 | 7 13 | 15 | 85.1 46.4
Biomarker | CSF t-tau 350 ng/L 18 |29 |24 |4 383 | 8.7
Biomarker | CSF p-tau 61 ng/L 33 |14 |18 | 10 | 70.2 | 64.3
Perani et al, Cross- All-cause 1 Biomarker | CSF t-tau/AB42 | NR 37 |10 |19 |9 78.7 | 67.9
. . 75 62.7
2016.[177] sectional dementia CSF
Biomarker NR 39 |8 18 | 10 | 83.0 | 64.3
p-tau/AfB4o
Imaging MRI-WB NR 9 10 | 8 474 | 50.0
Imaging 8F.FDG PET | NR 4 |3 24 93.6 | 85.7
itudi Cognitive | MMSE 26/30 32 18 | 44 11 64.0 80.0
Pozueta et al, | Longitudinal MCT 105 | 476 g /
2011.[178] cohort Cognitive | CVLT-LDFR 4/16 37 |13 |39 |16 | 740 | 70.9
Imaging | MRI-HC, total VQV'QSSOYG < |16 |13 |34 |10 |52 | 773
Prestia et al, Longitudinal MCT 73 39.7 o
2013a.[179] cohort ' Imaging BBF_FDG PET | t sum>13.48 | 23 | 6 32 |12 | 793 | 72.7
Biomarker | CSF Af4o 500 pg/mL 21 29 15 72.4 65.9
Imaging | MRI-HC, total sz}sgore S s |13 |1 |1 |2r8 | 944
Prestia et al, Longitudinal el Ny 00 Biomarker | CSF Af4o 500 pg/mL 17 |1 9 9 94.4 | 50.0
2013b.[180] cohort ' <70 years:
Biomarker | CSF t-tau Bope/mb |y s 1y e | 833
>T1 years:
500 pg/mL
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Study population

Index tests

Study, year = ishy ADD. | Test
? design 9 ’ es hreshol se, Sp,
g Population| N % type Test Threshold tp | fn|tn | fp % %
Imaging i\ggﬁ'MTL’ NR 42 |62 |57 |10 | 404 | 85.1
Rhodius- L tudinal
Meester et al, Oﬁlglsu mat | vicr 171 | 60.8 Biomarker | CSF AB4 550 pg/mL 58 | 27 |38 |14 | 682 | 731
conor
2016.[181] Biomarker | CSF t-tau 375 pg/mL | 72 |13 |35 |17 | 847 |67.3
Biomarker | CSF p-tau 52 pg/mL 75 10 | 30 | 22 | 88.2 57.7
Rosler et al, Cross- All-cause 51 550 Biomarker | CSF AfB4 375 pg/mL 21 | 6 14 |10 | 77.8 | 58.3
2001.[182] sectional dementia ' Biomarker | CSF t-tau 440 pg/mL |24 |3 |16 |8 | 839 | 66.7
18T ;
Schreiber et | Longitudinal Imaging P-florbetapir | ariypa111 |53 |8 | 172 | 168 | 86.9 | 50.6
MCI 4011 | 15.2 PET
al, 2015.[183] | cohort
Biomarker | CSF Ay 192 pg/mL 33 | 4 86 | 133 | 89.2 | 39.3
Smach et al, | Cross- All-cause P Biomarker | CSF Afy, 505 pg/mL | 60 |13 |25 |10 | 822 | 714
2008.[184] sectional dementia ' Biomarker | CSF t-tau 355 pg/mL | 59 |14 |24 |11 |80.8 | 686
Spies et al, Cross- All-cause 138 | 500 Biomarker | CSF Af49 NR 57 | 12 |51 | 18 | 82.6 | 73.9
2010.[185] sectional dementia ' Biomarker | CSF AfB45/40 NR 50 |10 |59 | 10 | 85.5 | 85.5
Tapiola et al, | Cross- All-cause 107 | 748 Biomarker | CSF Af49 340 pg/mL 55 | 25 |16 | 11 | 68.8 | 59.3
2000.[186] sectional dementia ' Biomarker | CSF t-tau 380 pg/mL | 50 |30 |18 |9 | 625 |66.7
Biomarker | CSF A, 500 pg/mL | 214 | 50 | 262 | 223 | 81.1 | 54.0
Tariciotti et Cross- All-cause .
oL, 2018187 | sectional domentia 749 | 35.2 Biomarker | CSF t-tau 350 pg/mL | 203 | 61 | 165 | 320 | 76.9 | 34.0
Biomarker | CSF p-tau 61 pg/mL 193 | 71 | 97 | 388 | 73.1 | 20.0
18F_
Thurfjell et Longitudinal MCI 19 474 Imaging flutemetamol SUVR>1.5 8 1 8 2 88.9 | 80.0
al, 2012.[188] | cohort ' PET
Imaging | MRI-HC, total | NR 7 12 |3 |7 |778 |300




78

Study population

Index tests

Study, year Study ADD. | Test
? design i ’ e se, SPs
g Population| N % — Test Threshold tp | fn |tn | fp % %
Imaging MRI-HC, total NR 2 4 77.8 | 66.7
Imaging MRI-HC, left NR 5) 0 44.4 100.0
Imaging MRI-HC, right NR 1 4 88.9 66.7
van der Flier o1 . MRI-MTL,
ot al, Longitudinal MCI 15 60.0 Imaging total NR 7 2 3 3 77.8 50.0
2005.[189] cohort .
’ Imaging MRI-MTL, left NR 8 1 2 4 88.9 33.3
. MRI-MTL,
Imaging right NR 2 7 6 0 22.2 100.0
Imaging MRI-WB NR 3 6 0 33.3 100.0
Visser et al Longitudinal Imaging MRI-HC, total NR 9 0 3 1 100.0 | 75.0
’ MCI 13 69.2
1999.[190] cohort Imaging | MRI-LTL, total | NR 5 |4 1 | 556 | 75.0
Vi | Loneitudinal Imaging MRI-HC, total NR 6 1 17 |5 85.7 | 773
1sser et al, ongitudina. 1
MCI 30 23.3 -
2002.[191] cohort Imaging i\ggl MTL, NR 6 |1 17 |6 | 8.7 | 739
Biomarker | CSF p-tau 51 pg/mL 31 | 4 46 | 77 | 88.6 374
Visser et al, Longitudinal MCI 158 | 22.2 Biomarker | CSF Af4q/t-tau | 1 35 0 53 70 100.0 | 43.1
2009.[192) cohort CSF
Biomarker 9.92 28 | 7 74 |49 | 80.0 | 60.2
AB4o/p-tau
Biomarker | CSF Af4o 500 pg/mL 62 |29 |82 |41 | 68.1 66.7
<70 years:
Vos et al, Longitudinal . 450 pg/mL
2013.[193] cohort MCI 214 | 42.5 Biomarker | CSF t-tau >70 years: 65 |26 |95 |28 | 714 | 772
500 pg/mL
Biomarker | CSF Afys/t-tau | 1 87 | 4 63 | 60 95.6 51.2




g8

Study population

Index tests

Study, year Study ADD. | Test
? design c p | R se, sp,
g Population| N % type Test Threshold tp | fn|tn | fp % %
Imaging MRI-HC, total NR 15 32 78.9 82.1
Imaging MRI-HC, left NR 15 31 78.9 | 79.5
Imaging MRI-HC, right NR 14 30 73.7 76.9
T . MRI-amygdala,

Wang et al, | Longitudinal | , 58 | 328 | Imaging | NR 1|8 |32 |7 |579 |82l

2006.[194] cohort ' tota
Imaging i\ffftu‘amygdala’ NR 15 |4 |24 |15 | 789 |6L15
Imaging | “Rlamygdala, | \p 12 |7 |28 |11 |632 | 718

right

Imaging MRI-HC, total NR 6 1 4 85.7 | 66.7
Biomarker | CSF t-tau/AS42 | 0.821 1 85.7 100.0
Cognitive | MMSE 27/30 4 5 2 44.4 33.3

Wood et al, Longitudinal 1 . 4 Mountains

2016.[195] cohort MCI 157 | 600 | Cognitive | o, 8/15 9 |0 |5 |1 |]100.0 833
Cognitive | RAVLT 3 6 2 3 3 75.0 | 50.0

. Trail Making 102.6

Cognitive Test-B seconds 5 3 6 0 62.5 100.0

Xu et al Longitudinal Cognitive | MMSE 26/30 29 |18 | 252 |52 | 61.7 | 829

’ MCI 351 | 134
2002.[196] cohort Cognitive | CCSE 25/30 35 |12 | 258 | 46 | 74.5 | 84.9

I'Not all participants underwent all index tests.
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Abbreviations:

HC-PIB, 'C-labelled Pittsburgh Compound B; '¥F-FDG, ®flourine-fluorodeoxyglucose; A3, amyloid beta; ACE, Addenbrooke’s Cognitive
Examination; ADAS, Alzheimer’s Disease Assessment Scale; ADD, Alzheimer’s disease dementia; CCSE, Cognitive Capacity Screening
Examination; CCT, cube copying test; CDR-SB, Clinical Dementia Rating ‘sum of boxes’; CDT, clock drawing test; CSF, cerebrospinal fluid;
CVLT-LDFR, California Verbal Learning Test - Long Delay Free Recall; FAQ, Functional Activities Questionnaire; fn, false negatives; fp, false
positives; HFABP, heart fatty acid binding protein; IP, isoprostane; MCI, mild cognitive impairment; MIS, Memory Impairment Screen; MMSE,
Mini Mental State Examination; MoCA, Montreal Cognitive Assessment; MRI-CGM, magnetic resonance imaging - cortical grey matter;
MRI-ERC, magnetic resonance imaging - entorhinal cortex; MRI-HC, magnetic resonance imaging - hippocampus; MRI-LTL, magnetic resonance
imaging - lateral temporal lobe; MRI-LV, magnetic resonance imaging - lateral ventricles; MRI-MTG, magnetic resonance imaging - medial
temporal gyrus; MRI-MTL, magnetic resonance imaging - medial temporal lobe; MRI-OC, magnetic resonance imaging - occipital cortex;
MRI-PC, magnetic resonance imaging - parietal cortex; MRI-WB, magnetic resonance imaging - whole brain; N, number of participants; NfH,
neurofilament heavy chain isoform; NR, not reported; PET, positron emission tomography; pM, picomole; p-tau, phosphorylated tau; RAVLT,
Rey Auditory Verbal Learning Test; rCGMTr, regional cerebral glucose metabolism ratio; se, sensitivity; sp, specificity; SRT, Selective Reminding
Test; SRT-DR, Selective Reminding Test - Delayed Recall; SRT-IR, Selective Reminding Test - Immediate Recall; SUVR, Standardised Uptake
Volume ratio; tn, true negatives; tp, true positives; t-tau, total tau; UPSIT, University of Pennsylvania Smell Identification Test




4.4.2 Diagnostic accuracy data comparing two or more tests

One hundred and fifteen diagnostic accuracy studies for tests for Alzheimer’s disease
dementia were identified from the 13 systematic reviews (see the adapted PRISMA
study flow diagram in Figure 4.1). After removing duplicates, 105 diagnostic accu-

racy studies were screened for the presence of comparative test accuracy data.

Of the 105 studies identified within the reviews, 70 compared the accuracy of two or
more tests using the same patient group. No studies randomised patients to different
testing arms. Table 4.2 summarises the study and test characteristics. Two hundred
and fifty-one 2x2 tables, reported in Table 4.2, were extracted from the comparative
studies. The majority (126 [50%]) of the 2x2 tables contained data on the accuracy
of biomarkers; 89 (36%) contained imaging data and 36 (14%) contained cognitive
data. The comparative diagnostic test accuracy studies evaluated a minimum of two

and a maximum of nine tests.

Of the 70 comparative studies, 14 (20%) reported cross-classified data, extracted as

2x4 tables, on their combined test performance (see Table 4.3).

// : \\
//'/ Biomarker : \
// 27 (39 %) \\
//‘ \\
/ \
| |
\ /
\ T ~ /
/
. / \\/
s A /? \ 10 (14 %) / \\
// 7\ 2 \ / \‘\
y ;
\ / \
(Cognitive / ~—\ \
7 (10 %) ( | |
\ | s@w | /
\\ \ / Imaging /
\ / 17 (24 %) /

Figure 4.2: Diagram showing the frequencies of different test type comparisons.
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Table 4.3: Fully cross-classified data. Column headings correspond with notation in Table 2.2 and 2.3.

Alzheimer’s No Alzheimer’s
Study Test 1 Test 2 disease dementia disease dementia sey | sey | se1z | Spy | SPy | SP1a
ey | 20 | 25 | Too | 20 | 20 | T3 | 200
‘;0%05}“[?2% al, | 1sp ppa PET CVLT-LDTR 20 1] 1] 0| 1|5 |13 159290929857 |824 588 | 44.1
CSF Ay CSF t-tau 54 | 2 | 1] o[ 13 14| 17| 33 9829650947649 61.0] 429
Hansson et al,
2006, [150) CSF ABys CSF p-tau 54 | 2 | o | 1 |15 ] 12| 18] 32 |982|947 947|649 | 57.1 | 41.6
CSF ABy/p-tau | CSF t-tau 54 | 1 | 1| 1 | 11| 5 |20 ] 41 |965]965 947 | 79.2 | 59.7 | 53.2
Hertze et al, | cap g, CSF t-tau 46 | 1 | 4 | 1 | 20| 12| 46| 29 | 904 | 962 | 885 | 70.1 | 38.3 | 27.1
2010.[152]
Kapaki et al, | g 4 5 CSF t-tau 27| 8 | 8| 6 | o | 3 | 1 |11 |714]|7.4]551]800]933] 733
2003.[155] 42 ' ' ‘ ' ' '
Knapskog et | CSF ABs CSF t-tau 40 [ 195020 5 | 7 [ 10] 45 [ 428 652290821 776 | 672
al, 2019.[157] | CSF AB4» CSF p-tau 31 | 28 | 34 | 45 | 3 9 4 | 51 | 42.8 | 47.1 | 22.5 | 82.0 | 89.6 | 76.1
CSF ABys CSF t-tau 5041300l 2] 3 86.4 | 81.8 | 682 | 81.8 | 72.7 | 545
gg&cﬁé‘l? al | CSF ABu CSF t-tau 6 | 2 | 11 0| 1| 3 38.1 | 81.0 | 28.6 | 90.0 | 70.0 | 60.0
CSF AB4a,40 CSF t-tau 6] 4| 1] 0|20 | 1] 7]9.2]|8.0]7.2]|80.0]|7.0]|70.0
Milan et al,
2012.163] MMSE CDT 152023 22| 18] 0| 0| 2 | 6218141809 70.7 | 100.0/ 96.9 | 96.9
Montine et al, | g o CSF TP 7wl 21010 /| 3] 3| 210|100 8.5]|8.5]|25.0]|375] 00
2001.[167] 42 ' ' ' ' ' '
Ossenkoppele
et al, I8F.FDG PET 11C_PIB PET 510100/ o 1| 5 |8.3]100.0] 833 | 100.0/ 83.3 | 83.3
2012b.[173]
Pozueta et al, |y rap CVLT-LDTR 22 |10 15| 3| 6 | 5 | 10| 34 | 64.0| 740 | 44.0 | 80.0 | 70.9 | 61.8

2011.[178]
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Alzheimer’s No Alzheimer’s

Study Test 1 Test 2 disease dementia disease dementia sey | sey | se1z | spy | SPy | SP1a

D D D D
T11 | 10 | To1 | Too

D
i
MRI-HC, total I8F-FDG PET 15 1 8 5 7 3 5 29 | 55.2 | 79.3 | 51.7 | T7.3 | 72.7 | 65.9
3
4

i | 261 | e

Prestia et al,

2013a.[179] MRI-HC, total CSF ABas 11 3 10 3 7 12 | 22 | 55.2 | 724 | 379 | 77.3 | 65.9 | 50.0

8F_FDG PET CSF ABas 17 6 4 2 8 11 | 21 | 793 | 72.4 | 58.6 | 72.7 | 65.9 | 47.7

Rosler et al,

2001 [182] CSF ABu» CSF t-tau 20| 2 | 4| 1] 4| 6 | 4] 10815889 741|583 667|417

Tapiola et al,

2000.[186] CSF ABys CSF t-tau 42 138 | 17| 4| 7| 5 | 11]|688]| 625525593 66.7 | 40.7
. 18

Thurfjell et F-flutemetamol |y oy e yoga1 6 | 2| 1|0 o0 2| 7|1 |89 78667800/ 300|100

al, 2012.[188] PET

sej, sensitivities; sp;, specificities; j = 1,2 tests; sejp, joint sensitivity; spi2, joint specificity; xﬁ, number of participants with the target
condition with each combination of test results; mkDZ, number of participants without the target condition with each combination of test results;
k,l = 0,1, denote the first and second test, respectively, where 0 indicates a negative test result and 1 indicates a positive test result

1C.PIB, !!'C-labelled Pittsburgh Compound B; ¥F-FDG, !3flourine-fluorodeoxyglucose; AB3, amyloid beta; CDT, clock drawing test; CSF,
cerebrospinal fluid; CVLT-LDFR, California Verbal Learning Test - Long Delay Free Recall; IP, isoprostane; MMSE, Mini Mental State Examination;
MRI-HC, magnetic resonance imaging - hippocampus; PET, positron emission tomography; p-tau, phosphorylated tau; t-tau, total tau



4.5 Discussion

In this literature review, 13 systematic reviews of diagnostic accuracy studies for tests
for Alzheimer’s disease dementia were identified, which included 105 primary studies
that were further examined to identify those that evaluated the accuracy of multiple
tests. Comparative accuracy data, where two or more tests are evaluated in the same
patient group, were reported in 70 studies. In total, 251 2x2 tables of comparative
accuracy data were extracted. The rate of reporting for cross-classified data was low,
with 20% of included comparative diagnostic accuracy studies providing data on the

concordance between tests in the form of 2x4 tables.

This review identified relevant systematic reviews through electronic searching of
The Cochrane Library, considered to be of high methodological rigour. Cochrane
reviews are a high quality source of evidence on healthcare interventions and diag-
nostic tests, requiring authors to undertake a thorough literature search, independent
screening and data extraction of all studies performed in duplicate. The reviews cov-
ered a broad range of tests, including cognitive, imaging and CSF biomarker tests,
primarily in populations with MCI. This literature review is novel in its objective
to identify and extract cross-classified data from comparative test accuracy studies
in Alzheimer’s disease dementia. This greater level of granularity enables the esti-
mation of within-study associations between multiple tests evaluated using a paired
design. The data can be used to inform models that account for these dependencies,
either by feeding the data into the model directly or by fixing a dependence param-
eter (e.g. Pearson’s correlation, Kendall’s tau, copula dependence parameter) used

in the model.

The data collection methods used are not without limitations. By design, this lit-
erature review will not identify every diagnostic test accuracy study in Alzheimer’s
disease dementia. The literature review lacked the rigorous methodology of a system-
atic review, such as an exhaustive search strategy including grey literature sources,
or the use of established guidelines for the performing (e.g. Cochrane Handbook for
Systematic Reviews of Diagnostic Test Accuracy [4]) or reporting (e.g. PRISMA for
Diagnostic Test Accuracy [114]) of systematic reviews of diagnostic test accuracy.
Screening and data extraction were performed by one reviewer (single screening),
rather than independently and in duplicate by two reviewers (double screening). Sin-
gle screening of titles and abstracts has been shown to lead to false exclusions, with

a methodological review finding a median proportion of missed studies of 5% for sin-
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gle compared to double screening.[197] Some of the reviews were recently published,
while the oldest review was published in 2014. It is likely that additional studies have
been published since, which were potentially not included in the literature review.
Data on novel blood-based biomarkers for Alzheimer’s disease dementia were sparse;
plasma Af42 and AfB42/40 Were evaluated in a single comparative test accuracy study
only. No studies were identified assessing the diagnostic accuracy of some cognitive
tests recommended in the current NICE guidelines for Alzheimer’s disease dementia,
including the 10-point cognitive screener (10-CS), the 6-item cognitive impairment
test (6CIT), the 6-item screener, and Test Your Memory (TYM).[36]

Diagnostic reviews in particular have been shown to entail a high reviewer
workload,[198] and reporting quality of diagnostic studies is often poor,[199] im-
peding study screening, data extraction, and quality assessment. A comprehensive
systematic review of this breadth is beyond the scope of this thesis. This literature
review was undertaken to identify motivational data sets on which to base model
evaluation and development; it will not, and indeed should not, be used to inform
clinical decision-making in Alzheimer’s disease dementia. Novel diagnostic tests
for Alzheimer’s disease dementia, such as plasma biomarkers, continue to emerge,
and as such there is an ongoing need to evaluate both their accuracy compared to
and combined with existing tests. Future research could include a full systematic
review of comparative diagnostic studies in Alzheimer’s disease dementia, using
meta-analysis models proposed in Chapters 6 and 7 to synthesise the extracted

evidence to model diagnostic pathways utilising novel plasma and CSF biomarkers.

4.6 Chapter summary

In this chapter, a literature review of comparative diagnostic accuracy studies in
Alzheimer’s disease dementia was performed. The literature review was not intended
to be exhaustive; rather, the purpose of the review was to identify motivational data
sets on which to base model evaluation and development in later chapters. A re-
view of systematic reviews was undertaken to identify comparative accuracy studies
containing study- or individual-level data on two or more tests assessed in the same
patients. In the following chapter, the impact of accounting for within-study de-
pendencies between two tests evaluated under a paired design in a meta-analysis
framework is assessed, using simulations based on a motivational data set identified

in this chapter. Novel meta-analysis models for jointly synthesising comparative ac-
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curacy data are proposed in Chapters 6 and 7, using bivariate and trivariate copulas,
respectively, to account for within-study dependencies. The models are fit to moti-
vational examples in Alzheimer’s disease dementia identified through this literature

review to illustrate their use.
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Chapter 5

Meta-analysis of two diagnostic
tests: the effect of ignoring

within-study association

5.1 Chapter overview

Chapter 3 included a methodological review of meta-analysis models for jointly syn-
thesising accuracy data on two diagnostic tests evaluated on the same individuals.
A number of these methods focussed on modelling 2x2 data for each test, meaning
that within-study associations present between the two tests cannot be accounted
for. The impact of modelling these associations on key test accuracy parameters
has not yet been evaluated. In this chapter, the performance of a meta-regression
model currently recommended in evidence synthesis guidelines is assessed through a
simulation study. This method uses 2x2 data for each index test against a common
reference standard, treating the two tests as independent and thus ignoring within-
study associations. By fitting the model to simulated data with known within-study
dependencies, based on a motivating example extracted as part of the literature re-
view conducted in the previous chapter, the impact of ignoring these associations is
measured. The findings of this study will further motivate novel model development

for meta-analysing data on two tests in Chapters 6 and 7.
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5.2 Introduction

In a healthcare decision-making context, we are often interested in simultaneously
evaluating the accuracy of two or more diagnostic tests. Joint meta-analysis mod-
els for two or more tests answer clinically relevant questions that assessing tests
in isolation do not, enabling comparison of the accuracy of multiple tests for the
same condition, as well as evaluation of testing strategies or diagnostic pathways
comprising of multiple tests. Several methods for the synthesis of diagnostic accu-
racy data for two or more tests in a meta-analysis framework have been proposed
in recent years, as summarised in Section 2.4.3. However, despite calls for their

evaluation,[12, 4, 10] there has been no assessment of these approaches so far.

Evaluating test accuracy within a meta-analysis framework makes the best use of the
available evidence by combining all relevant published studies in a single analysis.
Meta-analyses of diagnostic accuracy studies presents different challenges compared
to meta-analyses of randomised controlled trials (RCTs), in part due to additional
dependence structures present in the data. As introduced in Section 2.4.2 and 2.4.3,
there are two sources of association present when meta-analysing diagnostic accuracy
data on two tests assessed using a within-subject design: between-study and within-
study dependencies. Diagnostic accuracy studies that compare two tests under a
paired design may report either 2x2 data on each test (Table 2.2), where the overlap
between results on the first and second test is unknown, or cross-classified data
(Table 2.3), which contain all possible combinations of test results compared to true
disease status. The latter enables inference on the agreement between the tests,

through estimation of measures such as joint sensitivity and specificity.

In the recently published Cochrane Handbook for Systematic Reviews of Diagnostic
Test Accuracy,[4] a meta-regression approach is recommended to compare the accu-
racy of two diagnostic tests compared to a common reference standard, extending
meta-analysis models for single tests to incorporate test type as a covariate. Results
of two tests evaluated under a paired design are treated as independent, meaning
the model fails to account for within-study dependencies between tests. Further de-
velopment of guidance for analysing data from paired diagnostic accuracy studies is
needed, along with investigation into the impact of ignoring within-study associa-
tions on test accuracy parameters.[15]. Based on literature in the field of multivariate
meta-analysis,[81, 85] summary estimates of sensitivity and specificity are likely to

be relatively robust to the assumption of test independence. Measures of joint test
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accuracy (such as joint sensitivity and specificity) may be subject to substantial bias,

however.[15]

In this chapter, a meta-regression model for synthesising diagnostic accuracy studies
that compare two tests, assessed in the same individuals, against a common reference
standard is evaluated. The method treats the tests as independent, using binomial
likelihoods to model 2x2 data on each test, and does not account for within-study
associations present between them. The effect of ignoring within-study dependen-
cies on estimates of marginal and joint test accuracy measures is assessed through a
simulation study. Diagnostic accuracy data on two tests are generated under various
realistic scenarios with known within-study associations, based on a motivational
example in Alzheimer’s disease dementia. The model is fit to the simulated data
sets and key performance characteristics are calculated to estimate bias and vari-
ability. Section 5.3 describes the meta-regression model for combining comparative
diagnostic accuracy studies that will be used to assess the impact of accounting
for dependencies between two tests evaluated using a paired design. The simulation
study methodology is also outlined. The results of the simulation study are presented

in Section 5.4. Section 5.5 concludes the chapter with a discussion.

5.3 Methods

In this section, the methods for the simulation study are described. The meta-
regression model for synthesising diagnostic accuracy studies comparing two tests to
a common reference standard is described in Section 5.3.1. The meta-analysis model
for the joint synthesis of two diagnostic test, capturing within-study dependencies
using multinomial likelihoods, from which the diagnostic accuracy data are simulated
is outlined in Section 5.3.2. The motivating example in Alzheimer’s disease dementia,
on which the simulated data are based, is presented in Section 5.3.3, followed by the
simulation methodology, including the data generating mechanism and calculation

of performance statistics, in Section 5.3.4.

5.3.1 Meta-regression model with test type as a covariate

The BRMA model, described in Section 2.4.2.1, synthesises diagnostic accuracy data
on a single test compared to a common reference standard.[75, 76] The number of

true positive and true negative results are assumed to follow independent binomial
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distributions; at the between-studies level, logit-transformed sensitivities and speci-
ficities are jointly modelled by a bivariate normal distribution. To evaluate the
diagnostic accuracy of two tests assessed against a common reference standard using
a paired design, current evidence synthesis guidelines advise extending the BRMA
model to incorporate test type as a binary covariate (i.e. meta-regression), allowing

the comparison of summary sensitivities and specificities of two tests.[4]

This model requires study-level 2x2 data on each test compared to a common ref-
erence standard (Table 2.2). Consider a meta-analysis of ¢ = 1,...,] comparative
diagnostic accuracy studies in which all patients undergo both tests. In a meta-
regression with test type as a covariate, the tests are treated as independent, and,
as such, within-study dependencies between tests are ignored. The number of true
positives (¢p; ;) and true negatives (tn; ;) for the j = 1,2 tests follow independent

binomial distributions:
tp;1 ~ Binomial(se;1, N),  tp;, ~ Binomial(se;s, Nj), (5.1)
tn;1 ~ Binomial(sp; ;, NP, gy~ Binomial(sp; 5, NP)

se;; and sp; ; are the sensitivity and specificity of the j test in the i*" study, and
NP and NiD the number of patients with and without the target condition, respec-
tively. To assess the accuracy of two diagnostic tests, two pairs of logit-transformed
study-specific sensitivities (u; s;) and specificities (p; sp;) are modelled. Therefore,
the bivariate normal distribution at the between-studies level of the BRMA model
for single tests (Equation 2.19, Section 2.4.2.1) is replaced by a four-dimensional
multivariate normal distribution. By jointly modelling the pairs of sensitivities and
specificities, between-studies correlation between the measures induced by differences

in study characteristics is accounted for:
logit (sei1) = Wiser, logit (sei2) = i se2, (5.2)

logit (spi1) = pispr,  logit (spi2) = fisp2,
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Hi sel Hsel

,ui,se2 Hse2

~ Normal , X
Hi sp1 Hsp1
Hi sp2 Hsp2

3 is the unstructured between-study covariance matrix. A common between-studies
correlation parameter, p,, may be estimated across pairs of sensitivities and speci-
ficities to minimise the number of model parameters and reduce the likelihood of

non-convergence:

2
Ose1 PbOsel0se2  PbO0sel0spl pbaselasp2

2
g PbO0se20sp1  Pb0 se20 sp2

> se2 (53)

2
Osp1 PbOsp10 sp2

2

Usp2

Alternatively, a separate between-studies correlation parameter for each test may be

specified, enabling estimation of between-study and between-test variability [4]:

2
Oge1  Pselse20se10se2  PselsplTselOspl  Pselsp20sel0sp2

2
> = Ose2 Pse2sp10se20spl  Pse2sp20 520 sp2 5.4
- 2 ( . )
O sp1 Psp1sp20 sp10 sp2
2
UspZ

Post-sampling, summary sensitivities and specificities are derived through an inverse-

logit transformation:
Vge1 = logitil (,Usel) s Vgea = lOgitil (,useZ) y (55)

Vsp1 = lOg’it_l (Mspl) ) Vspa = lOgit_l (/lsp2)

The meta-regression model assumes independence between tests. Therefore, joint
sensitivity (vse12) and specificity (vyp12) are estimated by multiplying the marginal

sensitivities and specificities:

Vsel2 = Vsel X Vge2 (56)
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Vsp12 = Vspl X Vgp2

Prior distributions were placed on the unknown parameters in the model. Logit-
transformed summary sensitivities and specificities were assumed to follow a min-
imally informative Normal (0,10%) prior distribution. The between-studies vari-
ance parameters were restricted to positive values and were assumed to have a
uniform Half — Normal (0, 2.52) prior distribution. For the between-studies cor-
relation parameter, the Fisher z-transformation was used, i.e p, = tanh(z),z ~
Normal (0,0.8)). This transformation produces an approximately normal distribu-

tion bound between [—1, 1].

5.3.2 Meta-analysis model with multinomial likelihoods

Trikalinos et al [85] proposed an alternative extension to the BRMA model, us-
ing multinomial likelihoods to jointly model the accuracy of two diagnostic tests
evaluated against a common reference standard using a within-subject design. The
method requires individual-level, cross-classified data (Table 2.3) from all studies and
captures within-study dependencies between sensitivities and specificities through

estimating joint sensitivity and specificity parameters.

As before, let there be ¢+ = 1, ..., I comparative diagnostic accuracy studies in which
all patients undergo j = 1,2 tests. Unlike the meta-regression model (described in
Section 5.3.1), cross-classified data are required for each study. Notation for the
probability of each possible combination of test results for populations with and

without the target condition for study ¢ are presented in Table 5.1.

Multinomial likelihoods are used to model the observed cross-classified results of
the two tests. Notation for the cross-classified counts is presented in Table 2.2.
(8, 7R, W(l))l,ﬂ(%)T and (WB,W%,W@,W%)T denote the vectors containing the prob-
ability of each combination of test results for groups with and without the target
condition, respectively, where T is the transpose of the vector. Notation for the

probabilities of possible combinations of test results against the reference standard
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Table 5.1: Notation for the probability of fully cross-classified diagnostic accuracy
data for two tests for a single study 7. All individuals undergo both tests plus a
reference standard. Adapted from Trikalinos et al [85]

Disease No disease
Test 2 + Test 2 — Total Test 2 + Test 2 — Total
Test 1 + 771‘%1 771‘]?10 tp; 1 775)11 7%'[?10 Ipia
Test 1 — 7T£01 77%0 Jniq 77%1 7[‘1%0 tn; 1
Total tp;o Ino NiD IPpio tn; o NZ-D

tpi j, true positives; fn; ;, false negatives; tn; ;, true negatives; fp; ;, false positives; ¢ = 1,..., 1,
j =1,2 tests; xfkl, number of participants with the target condition with each combination of test
results; xfkl, number of participants without the target condition with each combination of test
results; k,l = 0,1, denote the first and second test, respectively, where 0 indicates a negative test
result and 1 indicates a positive test result; NZ»D , total diseased; NZ»D , total non-diseased

is displayed in Table 5.1.

)
e

Ti11 11
D D
T T
1 . . 1
ZO ~ Multinomial Zbo , NP
L5 o1 ;.01
D D
;00 ;.00
(5.7)
D D
Ti11 11
D D
€I T _
1 . , 1
%0 ~ Multinomial Z]’jo , NP
L; 01 ;.01
zP b

5
o
o

-~
o
=]

The marginal sensitivity and specificity of each test can be expressed in terms of the

following probabilities, where - indicates summation over the respective subscript:

_ . D _ _D D

§€i1 = ;1. = T 10 + T (5.8)
_ D _ _D D

5€i0 =M1 = Mo + 11 (5.9)
D _ _D D

SPi1 = Tio. = Tio1 T M0 (5.10)
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_ . D _ _D D
SPi2 = Ti0 = Ti10 T Ti00 (5.11)

The joint sensitivity and joint specificity are also incorporated into the model to

measure the agreement between tests:

s€i1n = T (5.12)

SDi12 = 7Tz‘[i)o (5.13)

At the between-studies level, the logit-transformed marginal and joint test accuracy
measures are modelled by a six-dimensional normal distribution with mean equal to
the summary estimates of the marginal and joint sensitivities and specificities, and

between-study covariance matrix ®:
logit (se;1) = Wiser, logit (sein) = fisea, l0git(se;12) = lisen2, (5.14)

lOth (Spi,l) = Wi spl, lOth (Spi,Q) = Hisp2, lOth (Spi,l2) = Wi sp,12,

Hi,sel Hsel
,ui,seQ Hse2
Hi se12 ~ Normal Hse12 @
i sp1 Hsp1
i sp2 Hsp2
i, sp12 Hsp12

® is the unstructured between-study covariance matrix. f; se1, fise2, fispt a0d i sp2
denote the logit-transformed study-specific marginal sensitivities and specificities,
while f4; se12 and p; sp12 denote the logit-transformed joint sensitivity and joint speci-
ficity. ® is parametrised as follows, where 0ge1, Ose2, Tse12, Tsp1, Tsp2, and o192 are

the standard deviations in logit-transformed sensitivities and specificities and pj is
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the between-studies correlation parameter:

) | | i | |
Osel ! PO se10 se2 ! P00 s5e10 512 ! pbaselaspl ! pbgselgsp2 ! pb056108p12

L Oia | MOsaTser2 | M0sea0sp | P0sea0sp2 | PrOscadspia
= | o Tser2 i,E?E‘,Sil,%?‘ﬁ?zl,,i,ﬂ’z‘,’ie}?f?f??,j,,p,bff?}?ff@?,,
o I o . o | PoOsp1Osp2 | POsplOsplz
I R D ] O PyOsOs2
ngm
(5.15)

Post-sampling, summary test accuracy measures are derived through an inverse-logit
transformation. Both marginal and joint sensitivities and specificities are estimated

directly within the model.
Vge1 = lOgitil (/Jlsel) sy Vse2 = lOgZ'fl (M862) y Vsel2 = lOgZ'tfl (ﬂselQ) s (516)

Vsp1 = logit_l (:“8191) y Vsp2 = logit_l (:“8192) y Vspl2 = logit_l (ﬂsp12)

Prior distributions are placed on the unknown parameters in the model. Logit-
transformed summary marginal and joint sensitivities and specificities were assumed
to follow a minimally informative Normal (0,10%) prior distribution. The between-
studies variance parameters were restricted to positive values and were assumed to
have a uniform Half — Normal (0, 2.52) prior distribution. For the between-studies
correlation parameter, the Fisher z-transformation was used, i.e p, = tanh (2),z ~
Normal (0,0.8)). This transformation produces an approximately normal distribu-

tion bound between [—1, 1].

5.3.3 Motivational example

Data collection methods are described in detail in Chapter 4. From the 70 compara-
tive diagnostic accuracy studies identified through the literature review, a motivating
example was selected that maximised the availability of comparative data. Prior-
ity was given to test comparisons supported by the largest number of studies and
greatest number of total participants, as well as ensuring cross-classified data were
reported for at least one study. The selected data set compares AF42 and t-tau,
measured in the CSF, on which 36 2x2 tables from 18 studies were extracted. Two

studies contained cross-classified data and the remaining 16 reported 2x2 data only
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(Table 5.2).
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Table 5.2: Data on the accuracy of amyloid-f 42 (Af42, test 1) and total tau (t-tau, test 2) for diagnosing Alzheimer’s disease
dementia. The table contains 2x2 data for each test within each study, and fully-cross classified data where available.

5 Alzheimer’s disease dementia No Alzheimer’s disease dementia
tudy tpy tpy fny fny xf) fE?o 330D1 f”(% NP tny tng  fpr fpo 33?1 xlDo $0D 4”(1)_)0 NP
Bjerke et al, 2009.[128] 18 12 2 8 - - - - 20 199 130 43 12 - - - - 142
Blom et al, 2009.[129] 9 7 ) 7 - - - - 14 5 11 9 3 - - - - 14
Chiasserini et al, 2010.[136] 17 12 6 11 - - - - 23 |16 16 2 2 - - - - 18
Frolich et al, 2017.[145] 17 24 11 4 - - - - 28 | 65 46 22 41 - - - - 87
Gaser et al, 2013.[148] 59 58 7 - - - - 66 |12 13 21 20 - - - - 33
Hampel et al, 2004.[149] 24 26 ) 3 - - - - 29 | 13 11 10 12 - - - - 23
Hansson et al, 2006.[150] 56 55 1 2 54 2 1 0 57 | 50 47 27 30 13 14 17 33 717
Hertze et al, 2010.[152] 47 38 5 14 46 4 52 | 75 82 32 25 20 12 46 29 107
Herukka et al, 2008.[153] 6 6 2 2 - - - - g |11 7 2 6 - - - - 13
Kester et al, 2011.[156] 32 3 10 7 - - - - 42 | 42 29 16 29 - - - - 58
Monge-Argilés et al, 2011.[166] 9 8 2 3 - - - - 11 (16 18 10 8 - - - - 26
Nesteruk et al, 2016.[169] 7T 6 2 3 - - - - 9 |18 20 13 11 - - - - 31
Palmqvist et al, 2012.[174] 47 42 5 10 - - - - 52 | 56 B8 25 23 - - - - 81
Parnetti et al, 2006.[175] 4 ) 7 6 - - - - 11 130 32 3 1 - - - - 33
Parnetti et al, 2012.[176] 18 20 14 12 - - - - 32|56 51 2 7 - - - - 58
Prestia et al, 2013b.[180] 7 11 1 7 - - - - 189 15 9 3 - - - - 18
Rhodius-Meester et al, 2016.[181] | 58 72 27 13 - - - - 8 (38 3 14 17 - - - - 52
Vos et al, 2013.[193] 62 65 29 26 @ - - - - 91 | 82 95 41 28 - - - - 123

tp; is the number of true positives, fn; false negatives, tn; true negatives, and fp; false positives for each of the j = 1,2 tests.
l‘kDZ is the number of participants with the target condition and kaZ is the number of participants without the target condition with each combination
of test results. k,1 = 0,1 denote the first and second test, respectively, where 0 indicates a negative test result and 1 indicates a positive test result.



5.3.4 Simulation study
5.3.4.1 Data generating mechanism

Data were simulated under nine scenarios. Based on the meta-analysis model for
two diagnostic tests developed by Trikalinos et al,[85] fully cross-classified data were
simulated under a multinomial distribution to jointly model the number of patients
with each possible combination of test results (see Step 6 of the data generation
process below). Separate data sets were generated for the distinct groups of patients
with and without the target condition. The within-study associations were varied
through the joint sensitivity and specificity parameters. The impact of the within-
study dependencies on model performance is likely to depend on the strength of the
associations. Therefore, data were simulated assuming strong, moderate and weak
within-study associations (Step 6). To explore the effect of the magnitude of the
marginal sensitivities and specificities on model performance, three sets of scenarios
were further considered for each within-study association: one where sensitivities and
specificities were both high (0.8; chosen from the maximum mean sensitivities and
specificities of Af42 and t-tau in the motivating example), a second where sensitivities
and specificities were both low (0.4; chosen as half of the maximum mean), and a
third where sensitivities were high (0.8) and specificities were low (0.4). Strong
associations represented perfect dependence between the tests (e.g. sejs = se; =
ses = 0.8), weak associations represented no dependence (sejs = se; X ses = 0.64),
and moderate association was chosen as the midpoint between strong and weak
association. Macaskill et al demonstrated that joint sensitivity of the combined tests
will be no more than the lower sensitivity of the component tests.[200] Therefore,
joint sensitivity and specificity are bounded above by the smallest of the marginal
sensitivities and specificities, i.e. se;s < min (sey, sey) and spia < min (spy, sp2),
respectively. Additionally, a lower bound was chosen that represents independence
between the two tests, i.e. se; X sey = sejs and sp; X sps = spr2. Within-study

associations were selected with respect to these constraints (Table 5.3).
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Table 5.3: Nine scenarios from which data were simulated from. 1000 data sets
were simulated per scenario

Scenarios

Within-study associations

Strong

Moderate

Weak

High sensitivities,

high specificities

se; = seja = 0.8

sp; = sp12 = 0.8

sej = 0.8,se12 = 0.7
sp; = 0.8, sp12 = 0.7

se; = 0.8,se12 = 0.64
sp; = 0.8, sp12 = 0.64

Low sensitivities,

low specificities

se; = se;p = 0.4

sp; = sp12 = 0.4

sej =0.4,se12 =0.3
sp;j = 0.4,sp12 =0.3

sej = 0.4, se12 = 0.16
sp; = 0.4,sp12 = 0.16

High sensitivities,

low specificities

se; = se1a = 0.8

sp; = sp12 = 0.4

sej = 0.8,s5e12 = 0.7

sp;j = 0.4,sp12 = 0.3

sej = 0.8,se12 = 0.64
sp; = 0.4, sp12 = 0.16

se; and sp; are the marginal sensitivities and specificities of the j = 1,2 tests.

sp12 are the joint sensitivity and specificity, respectively.

The data generation process was as follows:

sep 2 and

. Set the number of studies (N = 18), based the motivating example comparing
CSF Ap4 and t-tau (Table 5.2).

. Simulate the prevalence of the target condition using a uniform distribution
for each of the i studies. A Uniform (0.30,0.50) distribution was used, with
the upper and lower bounds corresponding to the upper 75" and lower 25"
quartiles estimated from the prevalence of Alzheimer’s disease dementia in the

studies included in the motivational example.

. Simulate the number of patients in each study using a uniform distribution,
rounding to the nearest integer. A Uniform (40,134) distribution was used,
corresponding to the upper and lower quartiles estimated from the number of

patients per study in the motivational example.

. Calculate the number of patients with and without the target condition in each

study based on the prevalence and the total number of patients in the study.

. At the between-studies level, simulate logit-transformed marginal and joint
sensitivities and specificities in each study using a six-dimensional normal dis-
tribution (Equation 5.15). Between-studies correlation was fixed as -0.15, esti-
mated using the motivating example. Between-study standard deviations were
fixed as 0.2; heterogeneity was reduced compared to the motivating example

to prevent sampling at extreme values.
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6. At the within-study level, simulate the number of patients with each possible
combination of results across the two tests using a multinomial distribution for
patients with and without the target condition (Equation 5.7). Marginal and
joint accuracy measures estimated in the previous step were used to populate
the probabilities of combinations of test results in the diseased and non-diseased

patient groups.

7. For the independent binomial likelihoods model, sum across the full cross-

classifications to obtain 2x2 tables of diagnostic accuracy data for each test.

To investigate the impact of ignoring within-study dependencies, the meta-regression
model with a common between-studies correlation parameter (described in Sec-
tions 5.3.1) was fit to each of the simulated data sets across the nine scenarios. The
posterior median and 95% Crl of key test accuracy parameters, such as marginal
sensitivities and specificities, joint sensitivity and specificity, were monitored across
the 1000 simulations. Using these estimates and the known truths from which the
data were simulated, summary performance measures (detailed in Section 5.3.4.2)

were produced.

5.3.4.2 Performance measures

Model performance was assessed on coverage, bias, percentage bias and root mean
square error (RMSE). The measures were calculated for the marginal and joint sen-
sitivities and specificities, which were monitored during the simulation, to assess the
impact of ignoring within-study dependencies on key test accuracy parameters used

in clinical decision-making.

The coverage of a confidence interval is the proportion of simulations for which the

estimated confidence interval contains the true parameter value:

Coverage = 0,, &+ Zi—a2SE (ém) (5.17)

6,, is the summary estimate of a parameter drawn from the m!* simulation, SF (9;1)

is its standard error and Z;_, /5 is the 1 —a/ oth quantile of the standard normal
distribution. Assuming the samples are approximately normally distributed, the
coverage should approximately equal the nominal coverage percentage, 95%. Where
coverage rates are greater than 95%, known as over-coverage, this indicates variability

in the parameter estimates is too large and the estimates are too conservative. Where
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coverage rates are less than 95%, known as under-coverage, this suggests variability is
too small and there is overconfidence in the estimates.[201] Coverage can be difficult
to interpret if the parameters are biased, as the true value is less likely to be contained
in the confidence interval. Poor coverage may arise due to bias in the estimates
drawn from the simulation study, bias in the model variability parameters, poor

distributional properties or a combination of these factors.

Bias measures the deviation in the estimate from the true parameter value, allowing
inference on model performance. For m = 1,..., M simulations, bias is calculated as
the average difference between summary estimate drawn from the simulation study,

0, and the true parameter value, 6,[201]:

1 o= -
Bias = — 0; — 0 5.18
ias m; ( )
—H—¢

Provided that the true parameter value does not equal 0, percentage bias is further

calculated as: _
: 6—0
% Bias = — | % 100 (5.19)

The RMSE assesses the accuracy, or variability of the estimates by incorporating

both bias and variability into a single measure [201]:

= 2 AN 2
RMSE::VX@—@)-+SE(Q) (5.20)
where SE (é) is the standard error of the estimate 6.

5.3.4.3 Sample size

To ensure the simulation study is adequately powered, a sample size must be chosen
that achieves an acceptable Monte Carlo standard error (a measure of uncertainty
due to using a finite number of repetitions) for key performance measures.[202] Based
on bias being the performance measure of interest, and assuming a variance of 0.04,
1000 simulations per scenario lead to a Monte Carlo standard error of 0.006. As
this is below 0.01, it is deemed to be satisfactory and the simulation study proceeds

generating 1000 simulated data sets for each scenario.
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5.3.4.4 Estimation

The model was implemented in a Bayesian framework using Stan version 2.32.2 [53]
within R version 4.3.1 [203] via the rstan version 2.32.5 package.[54] Stan, a Bayesian
sampler for performing Hamiltonian Monte Carlo simulation, is particularly compu-
tationally efficient and stable when parameters are highly correlated in the posterior
distribution — as in diagnostic meta-analysis. A non-centred parameterisation of the
model was used to reduce dependencies between successive levels of the hierarchical
structure, further increasing the efficiency of the sampler (see Section 2.2.3.4).[55] Af-
ter discarding 1,000 burn-in iterations, posterior estimates were obtained using three
chains initialised at different starting values, consisting of 5,000 iterations each. The
three chains were initialised at different starting values to aid the evaluation of model

convergence. 95% Crls were computed as highest posterior density intervals.

Model convergence was assessed using diagnostics described in Section 2.2.4, includ-
ing trace plots, density plots, and autocorrelation plots. Stan code for the meta-
regression model is provided in Appendix B.1; Stan code for the multinomial model
- from which the data are simulated, is also provided in B.2 for reference. R code

for the simulation study is available in Appendix B.3.

5.4 Results

5.4.1 Marginal sensitivities and specificities

Table 5.4, 5.5 and 5.6 display the performance measures for marginal and joint
test accuracy parameters across the 9 scenarios, averaged over 1000 simulations per
scenario. The meta-regression model performed well regardless of the strength of the
within-study associations, achieving 0 bias, approximately 95% coverage probabilities
and low RMSE across all scenarios. The magnitude of the marginal sensitivities and
specificities did not impact model performance, with consistently accurate estimates
and acceptable coverage probabilities across all combinations. Overall, there was no
observable effect of ignoring within-study associations between the two tests on the
marginal sensitivities and specificities, with the model achieving high performance

across all scenarios.
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5.4.2 Joint sensitivity and specificity

Figure 6.2 and 6.3 present the coverage, bias and RMSEs of joint sensitivity and
specificity estimates across the nine scenarios. In the scenarios where within-study
associations were low, equivalent to independence between tests, the meta-regression
model accurate estimates of joint sensitivity and specificity, with 0 bias, approxi-
mately 95% coverage and low RMSE. There was no difference in model performance
across the three scenarios simulated using different marginal sensitivities and speci-

ficities.

When within-study associations were moderate or strong, the meta-regression model
resulted in downwardly biased estimates of joint sensitivity and specificity, with
higher RMSEs and under-coverage. The magnitude of the marginal sensitivities and
specificities impacted model performance, with increased bias and RMSEs but lower
coverage for joint test accuracy measures when marginal accuracies low compared to
when marginal accuracies were high. When sensitivities and specificities were low
and within-study associations were strong or moderate coverage was 0% for both joint
sensitivity and specificity, indicating that none of the estimated confidence intervals
across the 1000 simulated data sets per scenario contained the true parameter value.
When sensitivities and specificities were high and within-study associations were
strong coverage was 0% and 0% for joint sensitivity and specificity, respectively,
rising to 32% and 14% when within-study associations were moderate. The difference
in coverage of joint sensitivity is likely explained by the prevalence of the target
condition, which leads to a greater number of patients in the non-diseased than
in the diseased group. The larger sample of patients without the target condition
increases the precision of the joint test accuracy estimate, leading to a narrower

confidence interval and reduced coverage.

Percentage bias, presented in Table 5.4-5.6, reflects these findings. Stronger within-
study associations lead to increased bias in the joint sensitivity and specificity es-
timates. The lower the marginal sensitivities and specificities, the greater the bias.
When sensitivities and specificities were high and within-study associations were
moderate, percentage bias for joint sensitivity and specificity were 8% and 9%, re-
spectively, increasing to 20% and 20% when within-study associations were strong.
When sensitivities and specificities were low this effect was exacerbated, with a
percentage bias for of 47% for both joint accuracy measures when within-study as-

sociations were moderate, rising to 60% when within-study associations were strong.
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Table 5.4: Performance measures for key test accuracy parameters across the 3
scenarios where sensitivities and specificities are both high, averaged over 1000 sim-
ulations per scenario.

Parameter | % Coverage Bias % Bias RMSE
Scenario 1: high sensitivities and specificities with strong
within-study associations, se; = sp; = 0.8,se12 = sp12 = 0.8
seq 95.9 0.002 0.2 0.019
se 95.9 0.002 0.2 0.019
se12 0.1 -0.157 -19.6 0.160
sp1 96.2 0.000 0.0 0.016
Sp2 96.1 0.000 0.0 0.016
5p12 0.0 -0.160 -20.0 0.161
Scenario 2: high sensitivities and specificities with moderate
within-study associations, se; = sp; = 0.8,se12 = sp12 = 0.7
seq 95.7 0.001 0.1 0.019
seg 96.3 0.001 0.1 0.019
seq2 32.2 -0.059 -8.4 0.063
sp1 95.4 0.000 0.0 0.016
5p2 96.0 -0.001 -0.1 0.015
5p12 13.6 -0.061 -8.7 0.064
Scenario 3: high sensitivities and specificities with weak
within-study associations, se; = sp; = 0.8,se12 = sp12 = 0.64
seq 96.0 -0.006 -0.8 0.019
se 95.7 -0.008 -0.9 0.020
se12 95.7 -0.011 -1.7 0.023
sp1 96.3 -0.007 -0.8 0.016
Sp2 95.2 -0.007 -0.8 0.017
sp12 94.1 -0.011 -1.7 0.020
se; and sp; are the marginal sensitivities and specificities of the j = 1,2 tests. se;2 and

sp12 are the joint sensitivity and specificity, respectively. RMSE, root mean square error

110




Table 5.5: Performance measures for key test accuracy parameters across the 3
scenarios where sensitivities and specificities are both low, averaged over 1000 sim-

ulations per scenario.
Parameter | % Coverage Bias % Bias RMSE
Scenario 4: low sensitivities and specificities with strong
within-study associations, se; = sp; = 0.4,se12 = sp12 = 0.4
seq 96.3 -0.001 -0.2 0.023
se 95.8 -0.001 -0.2 0.023
se12 0.0 -0.240 -60.0 0.241
sp1 95.7 -0.001 -0.2 0.020
5p2 95.7 0.000 -0.1 0.019
5p12 0.0 -0.240 -60.0 0.241
Scenario 5: low sensitivities and specificities with moderate
within-study associations, se; = sp; = 0.4, se12 = sp12 = 0.3
seq 96.6 0.000 -0.1 0.024
s€ 96.7 0.000 0.0 0.022
seq2 0.0 -0.140 -46.6 0.141
sp1 94.5 0.000 -0.1 0.021
5p2 95.0 0.001 0.1 0.020
5p12 0.0 -0.140 -46.6 0.140
Scenario 6: low sensitivities and specificities with weak
within-study associations, se; = sp; = 0.4, se12 = sp12 = 0.16
seq 96.9 0.000 0.01 0.023
se 95.0 0.001 0.2 0.024
se12 97.0 0.000 0.3 0.013
sp1 95.0 0.000 -0.1 0.020
Sp2 95.3 0.000 -0.1 0.019
sp12 96.3 0.000 -0.1 0.011
se; and sp; are the marginal sensitivities and specificities of the j = 1,2 tests. se;2 and

sp12 are the joint sensitivity and specificity, respectively. RMSE, root mean square error
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Table 5.6: Performance measures for key test accuracy parameters across the 3
scenarios where sensitivities are high and specificities are low, averaged over 1000
simulations per scenario.

Parameter

% Coverage

Bias

% Bias

RMSE

Scenario 7:
within-stud

high sensitivities and low specificities with strong
y associations, se; = 0.8,se12 =0

-8,sp; = 0.4,sp12 = 0.4

seq
Seo
S€19
SP1
P2

Sp12

97.2
96.2
0.1
96.5
96.1
0.0

0.002
0.002
-0.157
-0.001
0.000
-0.240

0.3
0.2
-19.6
-0.2
0.0
-60.0

0.019
0.019
0.159
0.020
0.020
0.240

Scenario 8:
within-stud

high sensitivities and low specificities with moderate
y associations, se; = 0.8,se12 =0

.7,spj = 0.4,sp12 = 0.3

seq 97.1 -0.001 -0.1 0.018
se 96.8 0.000 0.0 0.018
se12 28.5 -0.060 -8.6 0.065
sp1 95.7 0.000 0.0 0.020
Sp2 94.9 0.000 0.1 0.021
sp12 0.0 -0.140 -46.6 0.140
Scenario 9: high sensitivities and low specificities with weak
within-study associations, se; = 0.8, se;2 = 0.64,sp; = 0.4,
spi12 = 0.16
sep 95.7 -0.007 -0.8 0.020
seg 96.1 -0.006 -0.7 0.019
se19 95.7 -0.010 -1.5 0.023
sp1 94.3 0.000 -0.1 0.020
Sp2 96.3 0.001 0.1 0.020
Sp12 96.1 0.000 0.1 0.011
se; and sp; are the marginal sensitivities and specificities of the j = 1,2 tests. se;2 and

sp12 are the joint sensitivity and specificity, respectively. RMSE, root mean square error
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5.4.3 Convergence diagnostics

Convergence diagnostic plots for key model parameters are given in Appendix B.4.
Interpretation of the diagnostic plots was described in Section 2.2.4. Due to the
large number of simulated data sets and scenarios, a selection of diagnostic plots
are presented for a single simulated data set; however, a random sample of plots
for each scenario were inspected for non-convergence. Trace plots showed random
oscillation around a stable mean and MCMC chains initiated at different starting
values appeared to mix well. Density plots indicated no issues with convergence
or mixing of chains. Autocorrelation between samples decreases sharply, indicating
rapid model convergence. Overall, no issues with convergence or mixing of chains

were detected for any of the scenarios.

5.5 Discussion

In this chapter, the impact of ignoring within-study associations between sensitivities
and specificities in a meta-analysis of comparative diagnostic accuracy studies was
assessed through a simulation study. A meta-regression approach, which does not
account for dependencies between two tests assessed under a within-subject design,
was fit to simulated data with known within-study associations. The model gave
downwardly biased estimates of joint sensitivity and specificity when within-study
associations were strong or moderate, underestimating the joint test accuracy mea-
sures by as much as 60%. As the strength of the within-study associations increased,
model performance declined. The effect was also associated with the magnitude of
the marginal test accuracy measures, with lower sensitivities and specificities lead-
ing to increased bias. When within-study associations were weak, the model per-
formed well across all simulated scenarios. The model produced accurate estimates of
marginal sensitivities and specificities regardless of the strength of the within-study

associations.

Empirically testing whether ignoring dependencies between multiple tests impacts
upon test accuracy measures is an important and timely addition to the existing
literature on diagnostic meta-analysis models. Joint test accuracy measures enable
estimation of the combined accuracy of two tests through ‘AND’/‘OR’ rules (see
Section 2.3.5). In the context of healthcare decision-making, combined test accuracy

measures are used to evaluate the accuracy of different testing strategies and diagnos-
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tic pathways, which often comprise of multiple components. Using a meta-analysis
model that does not appropriately account for within-study dependencies present
between multiple tests may lead to underestimation of joint accuracy, particularly
where associations are strong, potentially resulting in suboptimal decision-making

about which test combinations to use in clinical practice.

Based on the findings of the simulation study, the meta-regression approach is more
suitable for a test comparison framework. When marginal test accuracy is of interest,
for example when the aim of an analysis is to compare test performance with the view
to use the most sensitive or specific, this simpler model appears to be sufficient. By
utilising binomial likelihoods at the within-study level, the model requires only 2x2
data on each test, reflecting current reporting practices for comparative diagnostic
accuracy studies. A method that accounts for within-study dependencies between
multiple tests would be more appropriate to model the combined accuracy of two
tests, particularly when the dependencies are strong. Any such method is likely to
require cross-classified data from some, if not all, of the included studies in order to
estimate within-study dependencies between tests. This level of granularity is often
not reported in diagnostic studies; cross-classifications were available for only 20%
of the comparative studies identified in the literature review in Chapter 4. This is

further supported in the existing literature.[9, 10, 11, 4]

Choice of meta-analysis model to combine comparative diagnostic accuracy studies
requires consideration of a number of factors. Firstly, data availability; where cross-
classified data are reported for a subset of studies or no studies, the models that
can be fit to the meta-analytic data set are limited. As evidenced in this chapter,
choosing a model that requires only 2x2 data on each test may impact on joint test
accuracy estimates, particularly where within-study associations are strong. Where
combined test accuracy is of interest, it is advisable to choose model that accounts for
these dependencies using cross-classified data where available. The number of index
tests is another consideration. A number of meta-analysis models for two diagnostic
tests can readily be extended to three or more tests (see Chapter 3), while for others
this extension is non-trivial and requires further methodological development. Some
models, extended beyond two index tests compared to a reference standard, may
encounter convergence issues due to the large number of parameters that need to be
estimated. Another factor when deciding which model to use is the number of test
thresholds; neither the meta-regression or multinomial likelihoods model discussed

in this chapter accommodate estimates of sensitivity and specificity at more than
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one diagnostic threshold per study, however models developed by Cheng [92], Owen
et al [95], Hoyer and Kuss [96] and Lian et al [97] do. As demonstrated through the
simulation study conducted in this chapter, the test accuracy measures of interest,
particularly in regards to whether they are comparative (e.g. marginal sensitivities
and specificities, differences in sensitivities and specificities) or combined (e.g. joint
sensitivity and specificity, combined accuracy measures based on ‘AND’/‘OR’ rules)
in nature, form a important component of model choice. In selecting an appropriate
meta-analysis model, consideration should also be given to model fit, using measures
such as the AIC or DIC for frequentist methods or the WAIC for Bayesian methods.

The simulation study is subject to a number of potential limitations. Due to the
small number of studies reporting cross-classified data identified through the litera-
ture review in the previous chapter, it was not possible to simulate the diagnostic
accuracy data for the study from the joint sensitivity and specificity estimated using
the motivating example. Instead, plausible values of marginal and joint sensitivities
and specificities were selected based on comparative diagnostic accuracy data ex-
tracted as part of the literature review. The motivating example was used to inform
the study sample sizes and disease prevalence. A literature review by Bachmann et
al estimated the median sample size of diagnostic accuracy studies as 118 (interquar-
tile range (IQR) 71-350) and median prevalence of the target condition as 43% (IQR
27-61%).[204]. The median sample size (95, IQR 40-134) and prevalence (41, IQR
31-50) from which the data were simulated was reflective of the wider evidence base
of diagnostic accuracy studies, increasing the generalisability of the simulation study
findings. The simulation study could be extended to consider additional scenarios
that may introduce bias to test accuracy estimates and impact model performance.
Riley et al suggested that within-study correlation in multivariate meta-analysis
exerts the greatest influence on results when within-study variation in the study
estimates (i.e. sampling error) is large relative to between-study variation in the
true underlying study values.[205] Further scenarios that vary between-study het-
erogeneity, modelled using between-study variance parameters, could be simulated
to explore this hypothesis in the context of diagnostic meta-analysis of multiple tests.
Diagnostic meta-analyses are often limited to a small number of studies; a study by
Rosenberger et al summarised 1,379 meta-analyses of diagnostic test accuracy pub-
lished in The Cochrane Library, finding that a median of 4 (IQR 2-9) studies were
synthesised per analysis.[206] The number of studies in this simulation, which were
chosen based on the motivating example, was relatively high at 18. It was not possi-

ble to explore the impact of few studies on test accuracy, with sparse data leading to
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convergence issues. However, a similar study exploring the impact of within-study
associations on surrogate endpoint evaluation found that smaller study size led to

increased bias compared to larger study size.[207]

The need for comparison of existing meta-analysis methods, including whether more
complex models outperform meta-regression, has been highlighted.[12, 4, 10] The
simulation study could be extended to evaluate and compare the performance of
novel meta-analysis models for jointly analysing diagnostic accuracy data on two
tests, such as the multinomial likelihoods model developed by Trikalinos et al,[85]
to the currently recommended meta-regression approach. There is some uncertainty
over what information would be gained from such a simulation study, however. Data
would need to be simulated from the multinomial model to capture strong tail depen-
dencies, as it is in this chapter, therefore multinomial model would be the best fit for
the data, potentially leading to a circular argument. The question of how to simulate
diagnostic accuracy data on two tests, and the complex dependence structures that
underlie it, holds true for any joint meta-analysis model (such as those summarised

in Chapter 3) to which the meta-regression approach might be compared.

Fitting the multinomial likelihoods model and comparing the results to those of
the meta-regression model was explored as part of thesis development. While the
multinomial model was originally formulated in JAGS,[85] it has been observed to
exhibit high dimensionality and computational demands, even for the case of two
index tests compared to a common reference standard.[15] These findings were cor-
roborated by exploratory analyses conducted in this chapter. Despite running the
model for hundreds of thousands - and then millions - of iterations, it failed to
achieve satisfactory convergence across any of the simulated scenarios. Thus, there
arises a pressing need for further model development to capture the complexities of
diagnostic accuracy data on two tests evaluated using a paired design; specifically,
the need for computationally efficient and flexible methods to model dependencies
between multiple tests. It was not possible to compare the meta-regression model
with separate between-studies correlation (Equation 5.4) to the model with common
between-studies correlation (Equation 5.3), due to the additional parameters leading
to convergence issues when trying to implement the former as part of the simulation
study. In the following chapter, the two meta-regression models are compared to a
novel method that accounts for within-study associations through their application
to two motivating examples. The analyses demonstrate that, although there may be

a small gain in model performance through estimating a separate between-studies
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correlation parameter for certain data sets, both meta-regression methods fall short
of the models that incorporate within-study associations. Similarly, if it were feasi-
ble to include the separate between-studies correlation model in the simulation study
then bias would likely still be observed, albeit a reduction compared to the common

between-studies correlation model.

Given the substantial impact of ignoring within-study dependencies between multiple
tests, particularly when associations are strong, we recommend that cross-classified
data are reported wherever possible. This enables the application of models that ap-
propriately account for within-study associations, a number of which were identified
in the methodological review in Chapter 3, and adds value to healthcare decision-
making about testing pathways. Technical Support Documents (TSDs), produced
by the NICE Decision Support Unit, make recommendations on the implementation
of methods for technology appraisal. TSDs developed for multivariate meta-analysis
of interventional research could be extended to further aid in the translation of diag-

nostic meta-analysis models for multiple tests into healthcare decision-making.[209]

5.6 Chapter summary

In this chapter, a simulation study explored the impact of ignoring within-study de-
pendencies between two tests in a meta-analysis framework on key test accuracy pa-
rameters. When within-study associations are weak, or when inference is focussed on
comparative test accuracy measures, a meta-regression approach requiring 2x2 data
on each test is sufficient. However, it does not make optimal use of the available ev-
idence base and uncertainty persists around how to incorporate cross-classified data
in comparative meta-analysis models when marginal sensitivities and specificities
are the primary measures of interest. When within-study associations are present,
a model that accounts for these dependencies using cross-classified data is required
to capture the joint accuracy of multiple tests. Presently, many meta-analysis mod-
els for synthesising diagnostic accuracy data on two tests evaluated under a paired
design ignore within-study dependencies, while models that incorporate these asso-
ciations often result in slow convergence and long computation times. Motivated by
the findings of the simulation study, the following two chapters introduce novel model
development for meta-analysing diagnostic accuracy data on two tests evaluated in
the same individuals, using copula methodology to flexibly capture within-study

dependencies between sensitivities and specificities.
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Chapter 6

Joint meta-analysis of two
diagnostic tests using a bivariate
copula to model comparative test

accuracy

6.1 Chapter overview

Chapter 5 highlighted the importance of accounting for dependencies between two
tests evaluated using a within-subject design, demonstrating their impact upon key
test accuracy parameters through a simulation study. In this chapter, novel Bayesian
meta-analysis models for evaluating the accuracy of two diagnostic tests are devel-
oped. Building on model development undertaken in the field of surrogate endpoint
evaluation and diagnostic test accuracy, the bivariate random effects meta-analysis
model for a single test is extended to jointly synthesise accuracy data on two tests,
using bivariate copulas to flexibly capture within-study dependencies between sensi-
tivities and specificities. The proposed models address limitations of existing meth-
ods, described in Chapter 3, by making better use of the available evidence base

through the synthesis of full or partial cross-classifications, where available.
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6.2 Introduction

There is an increasing availability of diagnostic tests in contemporary healthcare,
with clinicians wishing to know which of the available options is ‘best’. While the
majority of diagnostic accuracy studies evaluate the performance a single test against
that of a reference standard, most clinically relevant questions are comparative in
nature.[210] Whether a novel test is sufficiently accurate to use in practice depends
on the accuracy of similar, existing tests for the same condition.[12] Furthermore,
joint analysis of two or more diagnostic tests is vital to assess the accuracy of dif-
ferent testing strategies and diagnostic pathways, which often comprise of multiple

components.

In the context of healthcare decision-making, meta-analysis is a powerful tool for
informing evidence-based practice.[3, 16] Several meta-analysis models for evaluat-
ing two or more diagnostic tests have been proposed in recent years, as summarised
in Chapter 3. Whilst the existing models adequately capture between-studies as-
sociation, within-study association is often ignored. As illustrated in the previous
chapter, this assumption can have a substantial impact on test accuracy measures
when within-study associations are moderate or strong. Models that account for
within-study dependencies often make restrictive assumptions about the distribu-
tions of the marginal variables, and result in slow convergence and long computation
times.[15] Furthermore, their use is often hindered by the limited availability of

cross-classified data (see Section 2.3.4).

Copula theory is used to flexibly capture dependence between two (or more) ran-
dom variables.[211] Copulas have previously been used to model between-studies
correlation between sensitivity and specificity in a meta-analytic framework. For
a single test, Kuss et al [99] and Nyaga et al [212] proposed using beta-binomial
marginal distributions, linked by various coupling functions, as a natural choice to
model sensitivity and specificity, which are bound between 0 and 1. Nyaga et al [90]
extended their previous work to evaluate the accuracy of two tests, while Cheng [92]
suggested a similar extension to Kuss et al’s model. Hoyer and Kuss,[94] and later
Nikoloulopoulos,[98] described four-dimensional copula models to capture between-
studies dependence between the sensitivities and specificities. Within the context
of surrogate endpoint meta-analysis, copulas have been used to model within-study
association; either between the surrogate endpoint and the final clinical outcome in

a meta-analysis of RCTs with time-to-event IPD by Burzykowski et al [213] or, as
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proposed by Papanikos et al, between the treatment effects on the surrogate endpoint
and the final clinical outcome within each study in an aggregate-level meta-analysis
of RCTs with binary outcomes.[207] The application of copula models offers a po-
tentially novel solution to capture within-study dependencies arising between two

tests assessed using a paired design.

Building on the model proposed by Papanikos et al in the field of surrogate end-
point evaluation and meta-analytic models for diagnostic test accuracy,[212, 207]
the following chapter proposes Bayesian meta-analysis models for evaluating the ac-
curacy of two diagnostic tests, using copulas to capture within-study dependencies
between the tests. Models are developed for five types of bivariate copula: Gaussian,
Frank, Gumbel, Clayton and Clayton 180°. Section 6.3 describes the motivational
data sets, extracted as part of Chapter 4, that the developed methodology is applied
to. Section 6.4 describes the bivariate copula methodology. The application of the
methods is demonstrated in Section 6.5, where the results of fitting both the new
models and the meta-regression approach to the motivating examples are presented

and compared. Section 6.6 concludes the chapter with a discussion.

6.3 Motivational examples

Data collection methods are described in detail in Chapter 4. From the 70 com-
parative diagnostic accuracy studies identified through the literature review, two
motivating examples were selected that maximised the availability of comparative
data. Priority was given to test comparisons supported by the largest number of
studies and greatest number of total participants, as well as ensuring cross-classified
data were reported for at least one study. The first example compares A542 and
t-tau, measured in the CSF, on which 36 2x2 tables from 18 studies were extracted.
Two studies contained cross-classified data and the remaining 16 reported 2x2 data
only (Table 5.2, presented in the previous chapter). The second compares the diag-
nostic accuracy of CSF Ap42 and CSF p-tau in 14 studies, of which one reported
cross-classified data (Table 6.1).
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Table 6.1: Data on the accuracy of amyloid-3 42 (A2, test 1) and phosphorylated tau (p-tau, test 2) for diagnosing Alzheimer’s
disease dementia. The table contains 2x2 data for each test within each study, and fully-cross classified data where available.

< Alzheimer’s disease dementia No Alzheimer’s disease dementia
fudy tpy tpy fry fng afy afy all afy NP |tma tna fpy fpy x{)l 95?0 %Dl C'70D NP
Bjerke et al, 2009.[128] 18 17 2 3 - - - - 20 199 109 43 33 - - - - 142
Blom et al, 2009[129]. 9 8 5 6 - - - - 4|5 11 9 3 - - - - 14
Chiasserini et al, 2010.[136] 17 20 6 3 - - - - 23 | 16 13 2 5) - - - - 18
Frolich et al, 2017.[145] 17 17 11 11 - - - - 28 | 65 60 22 27 - - - - 87
Gaser et al, 2013.[148] 59 45 7 21 - - - - 66 |12 19 21 14 - - - - 33
Hansson et al, 2006.[150] 56 54 1 3 54 2 0 1 57 | 50 45 27 32 15 12 18 32 77
Herukka et al, 2008.[153] 6 7 2 - - - - 8 11 7 2 6 - - - - 13
Hertze et al, 2010.[152] 47 22 5 30 - - - - 52 |7 9 32 11 - - - - 107
Monge-Argilés et al, 2011.[166] 2 2 - - - - 11 {16 15 10 11 - - - - 26
Nesteruk et al, 2016.[169] 2 6 - - - - 9 |18 24 13 7 - - - - 31
Palmqvist et al, 2012.[174] 47 3 o5 17 - - - - 92 | 56 70 25 11 - - - - 81
Parnetti et al, 2006.[175] 4 9 7 2 - - - - 1 {30 32 3 1 - - - - 33
Parnetti et al, 2012.[176] 18 26 14 6 - - - - 32 | 56 52 2 6 - - - - 58
Rhodius-Meester et al, 2016.[181] | 58 75 27 10 - - - - 8 |38 30 14 22 - - - - 52

tp. is the number of true positives, fn. false negatives, tn; true negatives, and fp. false positives for each of the j = 1,2 tests.
j j & J < j

mfl is the number of participants with the target condition and xfl is the number of participants without the target condition with each combination
of test results. k,1 = 0,1 denote the first and second test, respectively, where 0 indicates a negative test result and 1 indicates a positive test result.



6.4 Methods

In this section, the bivariate copula methodology is described. Section 6.4.1, 6.4.2
and 6.4.3 introduce bivariate copula theory and the various classes of copula that are
explored in this chapter. Section 6.4.4 outlines the proposed methodology for the
meta-analysis of two diagnostic tests, using bivariate copulas to model dependen-
cies between tests. Section 6.4.5 describes the bootstrap method used to estimate
within-study associations. Section 6.4.6 describes the meta-regression models which
serves as comparators for the bivariate copula models and Section 6.4.7 details the

estimation methods.

6.4.1 Bivariate copula theory

Copula theory is used to flexibly capture dependence between two or more random
variables.[211] Standard multivariate distributions for modelling correlated variables
can make strong assumptions about the marginal distributions of each variable. For
example, the multivariate normal distribution assumes each individual component
(and linear combinations of these components) follows a univariate normal distribu-
tion, which in practice may be violated. Diagnostic accuracy data, in particular, are
often skewed and non-normal; assuming normality may lead to poor model fit and

impact test accuracy estimates.

Copulas enable the separation of the marginals from the dependence structure of a
multivariate distribution, allowing separate specification of both the random vari-
ables and the relationship between them. Copulas are often used to model high-
dimensional data due to this property.[214] As discussed in Section 2.4.3, within-
study dependencies arise between sensitivities and between specificities when two
tests are assessed under a paired design. Diagnostic accuracy data on two tests are
likely to exhibit strong tail dependencies (when sensitivity or specificity is close to
1). The multivariate normal distribution assumes weak association at extreme ends
of the distribution and may not adequately capture the relationship between tests.
There are a number of different copula families and types, discussed in more de-
tail in Section 6.4.2. These allow for a variety of dependence structures, including
strong tail dependencies and asymmetry, which may better represent the relationship

between two tests.

A bivariate copula is a bivariate cumulative distribution function (CDF) with uniform
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marginal distributions on the interval [0,1].[214, 211] Let there be two continuous,
correlated random variables, u; and us. In accordance with Sklar’s theorem,[215]
any bivariate distribution, H, can be expressed in terms of univariate marginal dis-
tribution functions, F and F5, and a copula, C', which describes their relationship to
one another. 6 is the copula dependence parameter, which captures the association
between the two random variables. A copula is a coupling function which links the
univariate marginal distribution functions to their bivariate distribution function,

allowing separate specification of their dependence structure:

H(Ul,UQ,9> :C(F1 (Ul),FQ (UQ),Q) (61)

The derivation of the joint distribution is possible through partial derivatives when
the random variables are continuous. For discrete random variables, such as those
used to model diagnostic accuracy data, which are summarised by counts, the joint

probability mass function is derived through finite differences:

h(ul,u2,9) = C(Fl(ul),Fg(U,g),e) - C(F1<u1 - ]_),FQ(UQ),Q) (6 2)
— C(Fi(w), Fa(us — 1),8) + C(Fi(u — 1), Fy(us — 1),6) '

6.4.2 Families of copulas

Several families of copulas have been described, which classify different copulas based
on their properties. The properties of these different classes of copulas make them
more appropriate for modelling certain types of relationships between variables, such
as strong dependencies at the extreme (tail) ends of their distributions or asymmetric
dependencies. Five types of bivariate copulas belonging to two families are imple-
mented within the diagnostic meta-analytic framework in this chapter. These are the
Gaussian copula, belonging to the elliptical family, and the Frank, Gumbel, Clayton,
and Clayton 180°copulas, belonging to the Archimedean family. The Gaussian cop-
ula was chosen due to its similarities to the multivariate normal distribution, which
has previously been used to model dependencies between multiple tests.[85, 91, 96]
The four Archimedean copulas were specified to explore different approaches to mod-
elling within-study associations present between two tests, such as assuming strong,
tail dependencies, weak tail dependencies or asymmetry. In order to visualise the de-
pendence structures modelled by the five bivariate copula types, 4000 samples were

simulated from each within R version 4.3.1 using the copula version 1.1-2 package
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(Figure 6.1).

6.4.2.1 Elliptical copulas

Elliptical copulas join univariate marginals through an elliptical distribution, the
most commonly used of which is the Gaussian copula. Elliptical copulas model the
full range of correlation between the marginal distributions, meaning they are not
limited to positive or negative dependence only. However, they cannot be expressed

in closed form and are restricted to radial symmetry.

6.4.2.1.1 Gaussian copula The Gaussian copula is a symmetric copula with
weak dependence in the tails of the distribution (see Figure 6.1). For a given corre-
lation matrix R € [—1, 1]2X2, the Gaussian copula modelling the association between

two random variables, u; and us, can be written as:

Ch s (W1, u2) = 0 [0 (), 07 (us)], 0 €[~1,1] (6.3)

where ¢p is the joint CDF of the bivariate normal distribution with mean (0, O)T and
correlation matrix R. ¢! is the inverse CDF of the standard normal distribution.
0 is the copula dependence parameter, which measures the association between the
variables (discussed in more detail in Section 6.4.3). In the case of the Gaussian

copula, € is equivalent to the Pearson’s correlation coefficient.[216]

6.4.2.2 Archimedean copulas

Archimedean copulas are expressed as an explicit formula and depend on a single
parameter that dictates the strength of the dependence. For random variables wuy

and us, bivariate Archimedean copulas are defined by:
C (Ul, UQ) = ’Qb_l [w (Ul) + w (UQ)] s Uy, U € [0, 1] (64)

where 1) and )~ are the generator function and inverse generator function of the
copula, respectively. Generator functions for each copula type used in this thesis
are given in Table 6.2); the bivariate copulas can be constructed by applying these

functions to Equation 6.4.
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Table 6.2: Bivariate Archimedean copula cumulative distribution functions, C' (us | u1;6), generator functions, ¢, and inverse
generator functions, ¢!,

Copula C (uz2 | u130) 0 Generator v (t) Inverse generator 1~ ()
—1
—_6u —e— 0 e—0t _ log(1+e~t(e=?—1
Frank T [1_601»;— (1_66%)} 6 € R\ {0} log (67;_ 11) g( 9( )
1
—((—log(u1))?+(—log(uz))?) ? 1
Gumbel o[ (st st 0 c[1,00) (—log (1)) o t?
6 —1-5 0
Clayton [1 +uf (u; - 1)} 0 € (0,00) L0 _1) (1+0t) 0
_1-1
Clayton 180° | 1— [1 +(1—w) ((1 —ug) - 1)] " he(0,00) L0 _1) (1+0t)70

uj, where j = 1,2, are random variables. u; is substituted for ¢.
0 is the copula dependence parameter.



6.4.2.2.1 Frank copula The Frank copula is a symmetric Archimedean copula
with weak tail dependence (see Figure 6.1). As copula dependence parameter 0 €
(—inf,inf), the Frank copula can model both positive and negative dependence.

Given two random variables, u, us, the Frank copula is expressed as:

1

(e—Gul _ 1) (e—0u2 o 1)
0 0

log |1+ e /1) ;

OFrank: (Ul, Ug) - 0 e R\ {0} (65)

6.4.2.2.2 Gumbel copula The Gumbel copula is an asymmetric copula exhibit-
ing positive dependence, with stronger dependence in the right-hand tail than in the
left-hand tail (see Figure 6.1). Negative (left-hand tail) dependence can be induced
by rotating the copula function by 90°or 270°. For random variables u; and us, and
copula dependence parameter 6, the Gumbel copula is defined as:

—|(— log(u1 04 (—log(u _97%
C1Gumbel (u17u2):€[ [( tost)) (= os(ue) ] }a 06 [1700) (66>

6.4.2.2.3 Clayton copula The Clayton copula is another asymmetric
Archimedean copula exhibiting positive dependence, and can be rotated in a similar
fashion to a Gumbel copula. It forms a funnel shaped distribution, with strong,
left-hand tail dependence and weak right-hand tail dependence (see Figure 6.1).
For random variables u; and uy and copula dependence parameter @, the Clayton

copula is expressed as follows:

S

CClayton (ula U'Q) = [ul_e + u2_9 - 1] B ) e (07 OO) (67)

6.4.2.2.4 Clayton 180°copula When evaluating the accuracy of two diagnostic
tests, it is likely that there will be stronger dependence in the right-hand tail (i.e.
when sensitivities and specificities are close to 1) than in the left (when sensitivities
and specificities are low). This can be induced by rotating the copula function by
180°(see Figure 6.1). For two random variables u; and us and copula dependence

parameter 6, the Clayton 180°copula is defined as:

Cclaytoniso (U1, u2) = U1 + uz — 1 + Coiayton (1 —u1) , (1 — ug)) (6.8)

by — 1+ [(1_u1)*9+<1—u2)*9—1] , 0 (0,00)

D=
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Figure 6.1: Simulated samples from bivariate a) Gaussian, b) Frank, ¢) Gumbel, d)
Clayton, and e) Clayton 180°copulas. 4000 samples were simulated for each copula
type, with fixed Spearman’s correlation coefficient ps = 0.95.

Negative dependence can also be induced by rotating the copula function by 90° or
270°.

6.4.3 Copula dependence parameter

The copula dependence parameter, 6, captures the association between two random
variables modelled by a bivariate copula. Where fully cross-classified results (see
Table 2.3) are available for each study, a separate copula dependence parameter
can be estimated for each, making full use of the available data. Where full cross-
classifications are not available across all studies, a common dependence parameter
can be assumed. Where only 2x2 tables for each test is available, an informative
prior distribution for the dependence parameter can be constructed using external

sources of evidence.[3, 207]

Interpretation of 6 differs from measures of correlation such as a Kendall’s tau or
Spearman’s rank correlation coefficient, which are bounded between -1 (perfect neg-
ative association) and 1 (perfect positive association). Generally, a negative or posi-
tive 6 indicates a negative or positive association between the variables, respectively.
0 = 0 is interpreted as no association. 6 is restricted to positive values for certain

copula types, such as the Gumbel and Clayton copulas, however the copula can
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be rotated to induce negative association (Section 6.4.2). 6 can be converted to
Kendall’s tau or Spearman’s rho; the transformation depends on the copula type
(see Table 6.3). Both Kendall’s tau and Spearman’s rank depend only on the copula

and not the marginal densities.[214]

Table 6.3: Kendall’s tau and Spearman’s rank correlation coefficient as functions
of their corresponding copula dependence parameter, 6 for each bivariate copula.
Adapted from Kojadinovic and Yan [217] and Nikoloulopoulos [98].

Copula (7] Kendall’s tau Spearman’s rank
Gaussian 0ec[-1,1] 2 arcsin (0) S arcsin (§)
Frank GeR\{0}  1-4[Di(—0)—1]  1-12[Dy(=0) - Dy (-0)]
Gumbel 0 €1,00) 1-3 Numerical approximation
Clayton 0 € (0,00) ﬁ Numerical approximation
Clayton 180° | 6 € (0,00) ﬁ Numerical approximation
 is the copula dependence parameter.
Dy, is the Debye function, Dy (0) = % 90 ef—ildt, for k =1,2.[218]

6.4.4 Bivariate copula model

An extension of the BRMA model for single tests described in Section 2.4.2.1 to
jointly synthesise data on two diagnostic tests evaluated using a within-subject de-
sign is proposed. This builds on method development for surrogate endpoint eval-
uation introduced by Papanikos et al,[207] for which the number of events in each
of the treatment and placebo arms of a randomised controlled trial follow bivari-
ate distributions with binomial marginal distributions. A bivariate copula jointly
models the number of events for the surrogate endpoint and final clinical outcome
in each arm, accounting for within-study dependencies between the two outcomes,
while correlation between treatment effects on the surrogate and final outcome (on
the log-odds ratio scale) is incorporated through a bivariate normal distribution at

the between-studies level.

There are two outcomes of interest in the surrogate endpoint model described above:
treatment effect on the surrogate endpoint, and treatment effect on the final clin-
ical outcomes. To jointly synthesise data on two diagnostic tests, four outcomes
of interest are modelled: sensitivity and specificity of first test, and sensitivity and
specificity of the second test. Bivariate copulas capture within-study dependencies

between the sensitivities and specificities for the two tests. For study ¢ = 1,...,1,
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the number of true positive and true negative events for each test follow bivariate

distributions:
ip;q D i D
’ ~ h(sei1, sei2, NP, 0; ) ~h{sp;1,8D0, Ni ,0isp) (6.9)
tDio tn;o ’ ’

with binomial marginal distributions. se;; and sp, ; denote the true study-specific
sensitivities and specificities of the two tests, respectively, NP and NZ-D the num-
ber of patients with and without the target condition as determined by the ref-
erence standard and 0;, and 0;,, are the copula dependence parameters, repre-
senting the within-study dependencies between the sensitivities and specificities,
respectively. A separate dependence parameter can be estimated for each study
7, allowing the within-study dependencies to vary across studies. In practice, full
cross-classifications required to estimate the dependence parameters, 0, and 6,
may not be available for all studies. In this case, a pair of common dependence
parameters can be assumed across studies (see Section 6.4.5). Where only 2x2 data
are available, informative prior distributions for the dependence parameters can be

constructed using external sources of evidence.[3, 207]

The joint probability mass functions are derived through finite differences:

h (tpi,b tpi,2|86i,17 5€;.2, NiDa Hi,se)

) (tpl-71), Fy (tp,;z), Fy (tn;1) and F; (tn;s) are the CDFs of the binomial marginal
distributions on the number of true positives and true negatives, and C' (-, ) is the

bivariate copula.
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At the between-studies level, the logit-transformed study-specific sensitivities and

specificities follow a four-dimensional multivariate normal distribution with means

2

2
se; and o

spj?
between-studies correlation parameter, py, is estimated across pairs of sensitivities

fsej and fig,;, between-study variances o and 7 = 1,2. A common

and specificities to minimise the number of model parameters and reduce the likeli-

hood of non-convergence.
logit (sei1) = fiser, logit (se€i2) = fise2, (6.11)

logit (sz',l) = i spls logit (sz‘,2) = i sp2s

2
Hi,sel Hsel Ogel Pb0se10se2  Pu0se1lOspl  Pb0sel0sp2
2

ﬂi,se2 Hse2 O5e2 Pb0se20sp1  PbO se20 sp2

~ Normal , e ) P P
Hi sp1 Hsp1 Uspl PO sp10 sp2

2

Hi,sp2 Fsp2 Tsp2

Post-sampling, summary sensitivities and specificities are derived through an inverse-

logit transformation:
Nsel1 = ZOQifl (,usel) ) Tse2 = lOQifl (,useQ) ) (612)

Nsp1 = lOgit_l (/’Lspl) ) Nsp2 = lOgit_l (M5p2)

Prior distributions were placed on the unknown parameters in the model. Logit-
transformed summary sensitivities and specificities were assumed to follow a min-
imally informative Normal (0,10%) prior distribution. The between-studies vari-
ance parameters were restricted to positive values and were assumed to have a
uniform Half — Normal (0, 2.52) prior distribution. For the between-studies cor-
relation parameter, the Fisher z-transformation was used, i.e p, = tanh(z),z ~
Normal (0,0.8)). This transformation produces an approximately normal distribu-

tion bound between [—1, 1].
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6.4.5 Bootstrapping methods to obtain copula dependence

parameter

The copula dependence parameters were estimated from available cross-
classifications, which allow the reconstruction of IPD, using a double bootstrap
method.[219, 207] Double bootstrapping allows the estimation of the association
between outcomes with uncertainty. Prior to bootstrapping, IPD was recreated
for each study with cross-classified data by transforming the counts into a data
set of zeros and ones indicating each patients’ test results and disease status.
Bootstrapping involves repeatedly sampling the IPD (with replacement) from a
single study to create many simulated data sets. Sensitivities and specificities were
estimated for each simulated data set, then the association between them estimated
across the multiple bootstrap samples. Where cross-classifications are available for
each of the i = 1,..., ] studies, the simulated data sets are used to estimate 0;
and 0, 5, for each study using maximum likelihood estimation. In the motivating
example used in this chapter, cross-classified data were available for two of the
18 studies.[150, 152] A common pair of dependence parameters, 0, and 6y,, were
assumed across studies by applying the double bootstrap method to each study
and estimating the mean of the two for each dependence parameter. Code for the

bootstrapping method is provided in Appendix C.1.

6.4.6 Meta-regression with test type as a covariate

The BRMA model, described in Section 2.4.2.1, can be extended to incorporate
covariates, allowing the comparison of summary sensitivity and specificity between
groups in a meta-regression framework.[4] The addition of test type as a covariate
enables the synthesis of comparative diagnostic accuracy studies that evaluate two
tests against a common reference standard. The model requires study-level 2x2 data
on each test (see Table 2.2), meaning the two tests are treated as independent and
within-study dependencies between tests are not accounted for. T'wo meta-regression
models, applying a common or separate between-studies correlation parameter, are
used as comparators for the novel meta-analytic models introduced in this chapter,
which account for associations between the two tests using bivariate copulas. Both
the meta-regression and bivariate copula methods are fit to the motivational data
sets, described in Section 6.3. Full specification of the meta-regression models are

given in the previous chapter, see Section 5.3.1.
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6.4.7 Estimation

All models were implemented in a Bayesian framework using Stan version 2.32.2
[53] within R version 4.3.1 [203] via the rstan version 2.32.5 package.[54] A non-
centred parameterisation was used for all models to reduce dependencies between
successive levels of the hierarchical structure, further increasing the efficiency of
the sampler (see Section 2.2.3.4).[55] Copula dependence parameters were estimated
using the bootstrap method described in Section 6.4.5 using R version 4.2.1.[54] After
discarding 1,000 burn-in iterations, posterior estimates were obtained using three
chains initialised at different starting values, consisting of 5,000 iterations each. The
three chains were initialised at different starting values to aid the evaluation of model

convergence. 95% Crls were computed as HPD intervals.

Model convergence was assessed using diagnostics described in Section 2.2.4, includ-
ing trace plots, density plots, and autocorrelation plots. Model fit was compared by
calculating the WAIC using the R package [00,[220] with a smaller WAIC indicat-
ing better model fit.[58] Stan code for the two meta-regression models and the five

bivariate copula models is available in the Appendix B.1 and C.2, respectively.

6.5 Results

6.5.1 Comparison of model fit

Table 6.4 presents the values of the WAIC across the seven fitted models for the two
motivational examples. The meta-regression model with a common between-studies
correlation parameter was the poorest fit for the meta-analytic data set comparing
CSF Ap4s to t-tau, corresponding to the largest WAIC of 180.6. There is strong
evidence that the bivariate copula models resulted in a better fit compared to either
meta-regression approach, with reductions in WAIC ranging from 21.0-29.3 for the
common between-studies correlation model and 12.5-20.8 for the separate between-
studies correlation model. Of the five bivariate copula models, the Gumbel copula
was the best fit for the data with the smallest WAIC of 151.3. The differences in
WAIC between the Gaussian (WAIC = 159.6), Frank (WAIC = 155.4), Clayton
(WAIC = 151.6) and Clayton 180°(WAIC = 156.9) copulas were small, however,

and the evidence to support one copula over another is marginal.

The meta-regression model with a common between-studies correlation parameter

134



was also the poorest fit for the 14 studies comparing the diagnostic accuracy of CSF
AB4 to p-tau, corresponding to the largest WAIC of 135.0. Estimating a separate
between-studies correlation parameter did not lead to improved model fit (WAIC =
134.3). Greater differences in model fit were observed between the bivariate copula
models for this data set, with reductions in WAIC ranging between 8.5-28.3. The
Gumbel copula model was again the best fit for the data, with the smallest WAIC
of 106.7. The differences between the Gumbel, Frank (WAIC = 112.8) and Clayton
180°(WAIC = 113.2) copulas were marginal. There was evidence that the Gaussian
(WAIC = 126.4) and Clayton (124.8) copulas led to a poorer fit compared to the
other bivariate copulas, however this is still a notable improvement over the meta-

regression approach.

Table 6.4: Values of the widely applicable information criterion (WAIC) across the
meta-regression and bivariate copula models for each motivational example.

Change in WAIC compared to
Model WAIC the meta-regression model with
common BSC
ApB4o vs t-tau
Meta-regression (common BSC) 180.6 -
Meta-regression (separate BSC) 172.1 -8.5
Bivariate copula (Gaussian) 159.6 -21.0
Bivariate copula (Frank) 155.4 -25.2
Bivariate copula (Gumbel) 151.3 -29.3
Bivariate copula (Clayton) 151.6 -29.0
Bivariate copula (Clayton 180°) 156.9 -22.8
A4 vs p-tau
Meta-regression (common BSC) 135.0 -
Meta-regression (separate BSC) 134.3 -0.7
Bivariate copula (Gaussian) 126.4 -8.6
Bivariate copula (Frank) 112.8 -22.2
Bivariate copula (Gumbel) 106.7 -28.3
Bivariate copula (Clayton) 124.8 -10.2
Bivariate copula (Clayton 180°) 113.2 -21.8

ApB, amyloid-8; BSC, between-studies correlation;
tau; WAIC, widely applicable information criterion
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6.5.2 Summary sensitivities and specificities 7

The results of fitting the two meta-regression and five bivariate copula models to the
two motivational examples in Alzheimer’s disease dementia are presented in Table 6.5
and 6.6. Figure 6.2 and 6.3 display the posterior medians and 95% Crls for key test

accuracy parameters across each of the models for the two data sets.

The first example compares the diagnostic accuracy of CSF Af,, and t-tau (Ta-
ble 6.5). Based on the best fitting Gumbel copula model, CSF Af,, and t-tau
demonstrated 80.9% (95% Crl: 73.4, 87.5) and 76.4% (95% Crl: 69.4, 83.1) sensitiv-
ity to differentiate Alzheimer’s disease dementia from MCI, respectively. Summary
specificity was 70.3% (95% Crl: 61.3, 78.4) and 72.5% (95% Crl: 63.7, 81.3), re-
spectively. The second compares the diagnostic accuracy of CSF Af4 and p-tau
(Table 6.6). Using the same model, sensitivity of CSF AfS4s and p-tau were 80.2%
(95% Crl: 68.8, 89.4) and 76.8% (95% Crl: 66.1, 87.2), respectively. Summary speci-
ficity was 72.5% (95% Crl: 60.8, 82.7) and 75.7% (95% Cri: 65.9, 84.1), respectively.
The clinical role of biomarkers for dementia is evolving. At present, UK guide-
lines recommend using CSF markers if diagnostic subtype of dementia is uncertain.
Where there is already a clinical suspicion of Alzheimer’s dementia, test accuracy
may be high in this scenario. Overall, similar inferences about the sensitivities and

specificities of CSF Af,s, t-tau and p-tau were drawn regardless of the model used.

Posterior median summary sensitivities and specificities were similar across all the
models; however, the bivariate copula models yielded narrower 95% Crls for these
parameters than the meta-regression models. The Gumbel copula produced the
narrowest Crls for sensitivity and specificity estimates corresponding to both data
sets, with a 16% and 10% decrease in Crl width for sensitivity of AfB4 and t-tau,
respectively, compared to the meta-regression model with common between-studies

correlation.

6.5.3 Between-studies standard deviations o

Posterior median between-studies standard deviation estimates of logit-transformed
sensitivities and specificities of Af4 and t-tau from the Gumbel copula model were
0.80 (95% Crl: 0.44, 1.23), 0.64 (95% Crl: 0.36, 1.00), 0.73 (95% CrI: 0.38, 1.19) and
0.83 (95% CrlI: 0.50, 1.27), respectively. For the data set comparing Af42 and p-tau,
estimates were 1.02 (95% Crl: 0.57, 1.66), 0.94 (95% Crl: 0.53, 1.52), 0.90 (95%
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Crl: 0.46, 1.50) and 0.78 (95% Crl: 0.40, 1.27), respectively. Across both motivating
examples, estimates were larger for the meta-regression than the bivariate copula
models. 95% Crls corresponding to the standard deviations were also wider for the
meta-regression models compared to the bivariate copula models, with the Gumbel
copula model resulting in a 16% and 18% reduction in Crl width for between-studies
standard deviations in sensitivity of Af4s and t-tau, respectively, compared to the

meta-regression model with common between-studies correlation.

6.5.4 Between-studies correlation py

Posterior median between-studies correlation for AfB4 compared to t-tau was esti-
mated as -0.21 (-0.33, 0.03) using the Gumbel copula model, indicating negative
association between sensitivities and specificities. For the data set comparing AS4o
and p-tau, estimated between-studies correlation was -0.07 (-0.30, 0.27). Estimates
were consistently lower, indicating stronger negative association between sensitiv-
ities and specificities across studies, for the bivariate copula models compared to
the meta-regression model with common between-studies correlation. The 95% Crls
for the bivariate copula models were wide, and all spanned 0. When a separate
between-studies correlation parameter was estimated for all possible combination of
sensitivities and specificities across the two tests, the association ranged from -0.77
to 0.49 for the example comparing AfS,s to t-tau and -0.48 to 0.50 for the example

comparing A4 and p-tau.

6.5.5 Convergence diagnostics

Convergence diagnostic plots for key model parameters are given in Appendix C.3-
C.8. Interpretation of the diagnostic plots was described in Section 2.2.4. Due to
the large number of model parameters, and as each model was fit to two motiva-
tional examples, a sample of diagnostic plots are presented; however, plots for each
parameter, model, and example were checked to detect non-convergence. Trace plots
did not show any systematic trends and MCMC chains initiated at different start-
ing values appeared to mix well. Density plots display unimodal distributions for
each parameter and no issues were detected with mixing of chains. Autocorrelation
between samples decreases sharply, indicating rapid model convergence. Overall, no
issues with convergence or mixing of chains were detected for any of the models or

data sets.
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Table 6.5: Posterior medians and 95% credible intervals estimated by fitting the meta-regression and bivariate copula models
to data comparing the diagnostic accuracy of amyloid-f (A4, test 1) and total tau (t-tau, test 2) for detecting Alzheimer’s
disease dementia.

Meta-regression, median (95% CrI) Bivariate copula, median (95% CrlI)
Parameter
Common BSC Separate BSC Gaussian Frank

Nsel 80.24 (71.35, 87.89) 79.45 (69.66, 87.63) 80.82 (73.11, 87.47) 81.03 (73.23, 87.75)

Nse2 76.06 (67.64, 82.79) 76.26 (68.26, 83.36) 76.36 (69.17, 82.94) 76.53 (68.86, 83.00)

Mepl 70.39 (61.34, 79.38) 70.64 (61.32, 79.05) 70.33 (61.86, 78.72) 70.40 (61.36, 78.77)

TNsp2 72.90 (63.34, 82.14) 73.37 (63.77, 81.52) 72.87 (63.44, 81.08) 72.97 (63.89, 81.96)

ool 0.962 (0.508, 1.437) 0.955 (0.526, 1.447) 0.802 (0.453, 1.261) 0.829 (0.472, 1.279)

Ose2 0.721 (0.356, 1.131) 0.760 (0.429, 1.165) 0.640 (0.356, 1.013) 0.674 (0.374, 1.021)

Tapt 0.806 (0.444, 1.284) 0.808 (0.448, 1.238) 0.750 (0.406, 1.212) 0.762 (0.429, 1.224)

Osp2 0.881 (0.525, 1.316) 0.879 (0.551, 1.305) 0.846 (0.516, 1.265) 0.853 (0.528, 1.281)

b 20.174 (-0.308, 0.044) range: -0.772, 0.490 ~0.212 (-0.333, 0.014) ~0.194 (-0.325, 0.038)

Bivariate copula, median (95% CrI)
Parameter
Gumbel Clayton Clayton 180° Nsel, Nse2s Nsp1s and Ngp2 denote

Nsel 80.88 (73.43, 87.52) 81.12 (73.02, 88.12) 80.67 (73.09, 87.61) summary sensitivities and specificities
of test 1 and test 2, respectively.

Nse2 76.39 (69.43, 83.13) 76.60 (68.90, 83.47) 76.29 (68.92, 83.00) Gsel, Tse2s Tspi, and oeps denote

Nspl 70.26 (61.34, 78.36) 70.52 (61.28, 79.19) 70.27 (61.72, 78.56) between-studies standard deviation in

Nsp2 72.48 (63.66, 81.27) 73.02 (63.90, 82.18) 72.50 (63.61, 81.39) logit-transformed sensitivities and
S ificities of test 1 and test 2

Tsel 0.798 (0.439, 1.231) 0.842 (0.486, 1.329) 0.803 (0.451, 1.264) PpECIOTIes OF TRt T e e S
respectively.

Tapt 0.733 (0 375, 1. 188) 0.772 (0 406, 1. 232) 0.742 (0.383, 1.202) correlation parameter.
BSC, between-studies correlation; Crl,

Tsp2 0.831 (0.502, 1.268) 0.861 (0.532, 1.325) 0.831 (0.505, 1.278) credible interval

b -0.205 (-0.333, 0.030) -0.178 (-0.328, 0.069) -0.207 (-0.333, 0.022)
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Table 6.6: Posterior medians and 95% credible intervals estimated by fitting the meta-regression and bivariate copula models
to data comparing the diagnostic accuracy of amyloid-5 (A2, test 1) and phosphorylated tau (p-tau, test 2) for detecting
Alzheimer’s disease dementia.

Meta-regression, median (95% CrI) Bivariate copula, median (95% CrlI)
Parameter
Common BSC Separate BSC Gaussian Frank

Nsel 79.85 (69.11, 89.60) 79.84 (67.96, 89.21) 80.25 (68.92, 89.32) 80.42 (70.12, 90.04)

Nse2 75.85 (63.81, 86.66) 76.04 (63.83, 87.02) 76.60 (65.60, 86.63) 76.93 (66.13, 87.26)

Mspl 72.64 (60.73, 84.12) 73.13 (61.50, 83.62) 72.74 (60.80, 82.99) 72.88 (61.16, 83.13)

MNsp2 75.95 (66.08, 85.33) 76.06 (66.08, 84.88) 75.90 (66.45, 84.79) 76.02 (65.88, 84.66)

Tsel 1.038 (0.539, 1.693) 1.064 (0.592, 1.752) 1.018 (0.559, 1.675) 1.030 (0.578, 1.676)

Tse2 0.965 (0.508, 1.571) 1.017 (0.562, 1.655) 0.936 (0.489, 1.531) 0.943 (0.517, 1.527)

Tspl 0.965 (0.503, 1.598) 0.939 (0.516, 1.519) 0.916 (0.470, 1.525) 0.923 (0.459, 1.511)

Tsp2 0.829 (0.454, 1.375) 0.819 (0.453, 1.313) 0.785 (0.414, 1.288) 0.801 (0.416, 1.309)

Pb -0.032 (-0.261, 0.286) range: -0.479, 0.499 -0.071 (-0.297, 0.263) -0.077 (-0.313, 0.265)

Bivariate copula, median (95% CrI)
Parameter -
Gumbel Clayton Clayton 180 Nsels Nse2, Nspl, and Nspo denote

Nsel 80.16 (68.76, 89.38) 80.20 (69.08, 89.40) 80.27 (69.36, 89.70) summary sensitivities and specificities
of test 1 and test 2, respectively.

Mse2 76.79 (66.06, 87.18) 76.45 (64.89, 86.67) 76.77 (65.56, 86.10) Gacts Goeas Topts and 7ypz denote

Nspl 72.45 (60.80, 82.73) 72.82 (61.27, 84.10) 72.28 (60.79, 83.22) between-studies standard deviation in

Nsp2 75.71 (65.91, 84.12) 76.18 (66.99, 84.97) 75.76 (66.04, 83.88) logit-transformed sensitivities and
specificities of test 1 and test 2,

Tel 1.024 (0.572, 1.664) 1.051 (0.585, 1.736) 1.023 (0.533, 1.633) CPECIe ICs O TR T e
respectively.

Ose2 0-939 (0 528 ]. 519) 0'964 (O 515 1 564) 0.930 (0.491, 1.511) Pb denotes the between_studies

Tspl 0.899 (0.455, 1.503) 0.948 (0.482, 1.584) 0.902 (0.454, 1.517) correlation parameter.
BSC, between-studies correlation; Crl,

Osp2 0.775 (0.397, 1.270) 0.813 (0.414, 1.337) 0.774 (0.403, 1.268) credible interval

Pb -0.074 (-0.296, 0.268) -0.059 (-0.283, 0.284) -0.069 (-0.306, 0.265)
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Figure 6.2: Posterior medians (solid dots) and 95% credible intervals (solid bars) of key test accuracy parameters across the
meta-regression and bivariate copula (BC) models for amyloid-8 (Af42) and total tau (t-tau) data.



71

Sensitivity, AB42 Sensitivity, p-tau Specificity, AB42 Specificity, p-tau
1.0 : 1 .
0.91 : 1
8?: ¢ ¢ ¢ _0_ ® ® ¢ : 4 e ® ¢ 'y Py [ : s s . s s ! Il ¢ ¢ P ¢ P ® P
0.61 1 1
0.51 1 1
(—‘g Between-studies SD, sensitivity AB42 Between-studies SD, sensitivity p-tau Between-studies SD, specificity AB42 Between-studies SD, specificity p-tau
2 2.01 1 -
"G_‘J —_— ——
£ 154 1T -1 1 T g — p——
% 1.09 ¢ * L4 * L4 * * 10 ] ® ¢ ® ® 1 e ® ® 1
__a . L] [ ] ([ ] ® ® ® ® ® ® P ® ®
© 05 ] ]
G
X 0.0+ e ; . ; ; ; — T . ; ; . ; ' ; ; ; ; ; ; .
Yo} o~ S~ o o = P o S S NP P S
o Between-studies correlation S 9 8 _fc“ 2 5§ 3 S 3 8 TC“ 2 5 8 S 3 8 _T% 2 5 3
1.04 m m © = [S > - m m © £ [= > - m o o ol S S
c ) o L > = c c Q o L =] = c c Q o L =] = c
0.57 S v 5 o 2 2 ¢ g2 35 J o 2 2 g g 3w 5 o 2 2 8
=5 E s 8 @ g o £ g8 8@ @ ¢ o &5 £ 58 2@ ¢ 9o 3
0.01 i + + + + 5 @ o @ 5 s & ) SRy o @ 5
L4 £ e Y £ @ Y E o Y
-0.54 X ¥ « X o
—1 s s @ s s @ = = «
A0
O 0O »v x 7z =T o
3 @ 8 T 3 & 8
m m © s e > —
c Q o L 2 pu c
o - (OS] S
£ g o g Y 5 = Models:
m ©
% §' o o o MR (common BSC) -~ BC (Gauss) - BC (Gumbel) - BC (Clayton 180°) -e-
E E 8 MR (separate BSC) - BC (Frank) -e- BC (Clayton) -o-
= =

Figure 6.3: Posterior medians (solid dots) and 95% credible intervals (solid bars) of key test accuracy parameters across the
meta-regression and bivariate copula (BC) models for amyloid-8 (Af42) and phosphorylated tau (p-tau) data.



6.6 Discussion

In this chapter, novel bivariate copula models for synthesising evidence on the ac-
curacy of two diagnostic tests were developed, accounting for associations between
and within studies present between two tests evaluated using a paired design. The
new models offer a robust yet flexible approach to modelling comparative test accu-
racy data, maximising the available evidence base by making use of both study- and
individual-level data where available. The bivariate copula method resulted in im-

proved model fit compared to the currently recommended meta-regression approach.

When applied to the motivating data sets, the bivariate copula models resulted in
lower point estimates of the between-studies standard deviation and correlation pa-
rameters. It has been hypothesised that when within-study dependencies are not
taken into account, the ‘excess’ of the association manifests itself as an upwardly
biased estimate of the between-studies heterogeneity parameters.[221, 207] This may
explain the differences observed between the meta-regression and bivariate copula
approach. The bivariate copula models yielded narrower Crls for summary sensi-
tivity and specificity parameters, likely due to the additional evidence on within-
study associations utilised by the method. In a HTA context, sensitivity and speci-
ficity estimates are used in decision-making to determine whether a novel diagnostic
test should be used in clinical practice over other technologies. Increased preci-
sion in these estimates aids the evaluation of clinical and cost-effectiveness, enabling
more precise decisions on the most efficient use of health resources. Where the es-
timates are used to populate a health economic model, it is vital to capture the
uncertainty in the parameter estimates to provide appropriate recommendations for

reimbursement.[222]

There are a number of existing meta-analysis models for jointly synthesising data
on multiple diagnostic tests, as summarised in Table 3.1. Trikalinos et al [85] pro-
posed extending the BRMA model (Section 2.4.2.1), using multinomial likelihoods
to capture within-study dependencies present between two tests evaluated under a
within-subject design. Multivariate methods such as this make strong distributional
assumptions about the marginal variables, and require cross-classified data from all
studies. A scoping review of meta-analysis models for three or more diagnostic tests
by Veroniki et al found that the majority of existing methods require cross-classified
test results,[87] although publications of diagnostic accuracy studies regularly do not

facilitate access to this data.[9, 10, 11, 4] Indeed, in the review undertaken to identify
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a motivating example for this chapter, full cross-classifications were reported in only
20% of comparative studies. Meta-analysis of multiple outcomes is, in fact, often hin-
dered when within study correlations are not reported in primary studies.[223, 224]
Copula methodology relaxes the requirement for cross-classifications across all stud-
ies, reflecting current reporting standards and making its application in systematic

reviews more generalisable.

The flexibility of copulas, of which a number of types have been defined and explored,
make them a natural approach to model diagnostic accuracy data, which are often
non-normal and likely to exhibit strong tail dependence when marginal sensitivities
(and specificities) are high. The adaptable nature of copulas increases their suitabil-
ity for a range of diagnostic data sets, or indeed any type of data in which multiple,
correlated outcomes are present. An advantage of a copula approach to modelling
related variables is the estimation of a single association parameter, 6, in contrast
to the need to estimate both standard deviation and correlation parameters when
fitting a multivariate normal distribution. If these parameters conflict with one an-
other, for example when extreme values are sampled from the prior distribution, it
can cause the Bayesian sampler to fail to converge. Indeed, the heterogeneity param-
eters estimated using a four-dimensional normal distribution at the between-studies
level in the bivariate copula models were noted to be highly sensitive to choice of

prior distribution and starting values.[44, 225]

The proposed methodology is subject to a number of potential limitations. Inference
focussed on sensitivity and specificity, but alternative test accuracy measures may be
of greater clinical utility in practice when true disease status is unknown. Nonethe-
less, it is straightforward to derive estimates of predictive values, likelihood ratios
and DORs from posterior estimates of sensitivity and specificity. Meta-analysis of
these measures directly is subject to limitations. Predictive values are often more
heterogeneous than sensitivity and specificity due to increased variation with disease
prevalence, which leads to reduced goodness of fit for meta-analysis models.[226]
Bivariate meta-analysis of likelihood ratios can lead to implausible corresponding
values of sensitivity and specificity (i.e. <0).[227] Synthesising DORs rather than
paired test accuracy measures results in the loss of ability to distinguish between
tests with high sensitivity and high specificity.[66] Conversely, paired test accuracy
measures, including sensitivity and specificity, hinder the ranking of tests. Trade-off
between sensitivity and specificity should be considered in the context of the clinical

use of the test; the potential consequences of a false positive or false negative result
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may not be equal.[11]

It can be challenging to interpret copula dependence parameters directly, which are
not as intuitive as correlation between two variables. While conversion between
dependence parameters and correlation coefficients are possible (Table 6.3), this
may be less clinically applicable than joint or combined test accuracy measures, and
only makes use of studies where IPD are available to inform estimates, rather than
pooling estimates across studies accounting for study weight and variability. The
bivariate copula models do not explicitly capture joint accuracy measures, which
would allow the comprehensive evaluation of diagnostic pathways in which multiple
tests are applied. The models’ focus primarily lies in test comparison; extension to a
trivariate copula in the following chapter enables further assessment of combined test
accuracy. In selecting an appropriate copula model, consideration should be given
to model fit, using measures such as WAIC. The Gumbel copula was the best fit
for the motivational example; however, underlying dependence structures may vary
by patient and test characteristics and different copula types should be compared as

part of the model fitting process.

Alternative methods for synthesising data on two diagnostic tests incorporate other,
desirable features that could be considered for future copula model development.
Menten and Lesaffre [88] and Lian et al [97] described meta-analysis models that
account for imperfect reference standards, the former using latent class analysis and
the latter by comparing tests within a missing data framework. Methods introduced
by Owen et al [95] and Hoyer and Kuss [96] allow for multiple thresholds per test by
including threshold information as a covariate, making use of a greater proportion of
the available literature. Several models allow the addition of single arm studies.[89,
93, 97] Sensitivity and specificity are known to vary with disease prevalence.[228]
Hoyer and Kuss [100] and Nikoloulopoulos [101] suggested meta-analysis models for
a single diagnostic test, accounting for disease prevalence using a trivariate copula.
The models could also be adapted to include a copula at the between-studies level,[90,
92, 94, 98] removing the need to estimate between-studies heterogeneity parameters

that may be sensitive to prior distribution choices.

Several models allow the addition of single test studies,[89, 93, 97] although caution
is advisable as non-comparative studies are known to introduce bias to test accuracy
estimates,[8] as, unlike network meta-analysis of interventional research - which in-
cludes indirect evidence on comparative treatment accuracy through a common com-

parator - there is no equivalent control test through which adjustment for differences
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in accuracy between studies is possible.[229, 230] A compromise may be to down-
grade the single test studies within the meta-analysis model. While meta-analysis
models have been described for combining real world evidence from single arm studies
with randomised controlled trials, where single arm data are down-weighted through
prior specification or variance inflation,[231] further methodological development is
needed to incorporate these techniques in diagnostic meta-analysis models. Recom-
mendations for incorporating real-world evidence into meta-analyses of treatment
effects highlight the importance of quality assessment of the real-world studies and
the need for sensitivity analyses to understand the uncertainty around meta-analytic
estimates.[232] Leeflang et al suggested including only single test studies that appear
to be at lower risk of bias as another possible solution to combining comparative with
non-comparative diagnostic test accuracy studies.[12] There is also the potential to
incorporate IPD obtained from linked electronic health records or cohorts such as
Dementias Platform UK, which facilitates access to cohort data on over 3 million
participants to enable research into the detection and treatment of dementia. IPD
could be incorporated to the bivariate copula models to maximise the use of the avail-
able evidence base through the inclusion of patient-level covariates that measure the

effect of patient characteristics on summary accuracy measures.[233]

6.7 Chapter summary

In this chapter, novel Bayesian meta-analysis models were developed for synthesis-
ing data on two diagnostic tests compared to a common reference standard under
a paired design, using bivariate copulas to capture within-study dependencies be-
tween multiple tests. The models were compared to a meta-regression approach that
ignores within-study associations using a motivational example in Alzheimer’s dis-
ease dementia, as described in Chapter 5. Differences were observed in estimates
of the between-studies heterogeneity parameters produced by the two methods; this
is reflective of findings in the previous chapter, which demonstrated the impact of
accounting for within-study dependencies on key test accuracy measures. The bivari-
ate copula methodology introduced in this chapter makes use of a broader evidence
base by utilising both study-level and IPD, where available. The models are ap-
plicable to a wide range of disease areas, aiding evidence synthesis of commonly
reported data items from diagnostic test accuracy studies to improve healthcare pol-

icy and decision-making. The following chapter extends these models to incorporate
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a trivariate copula to fully account for within-study associations between two tests
when cross-classified data are available for each study, allowing the direct estimation

of joint accuracy measures.
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Chapter 7

Joint meta-analysis of two
diagnostic tests using a trivariate
copula to model combined test

accuracy

7.1 Chapter overview

In the previous chapter, bivariate copulas were used to model the associations be-
tween the true positive and true negative results of each test, allowing the evalu-
ation of comparative test accuracy in a meta-analysis framework. Cross-classified
data, where available, are incorporated into the model through the copula depen-
dence parameter. In this chapter, the bivariate copula methodology is extended to a
trivariate copula model, developed to directly estimate both joint and marginal test
results where cross-classified data are available for each study. A simulation study
in Chapter 5 demonstrated the impact of accounting for within-study dependencies
present between multiple tests evaluated using a within-subject design on joint ac-
curacy measures. Furthermore, a methodological review in Chapter 3 found that
present methods that capture these associations often suffer from computational
difficulties and inflexible distributional assumptions, thus motivating the need for
further model development. The novel Bayesian meta-analysis models introduced in
this chapter, which account for within-study dependencies between sensitivities and

specificities using a flexible trivariate copula approach, aim to address limitations of
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existing meta-analytic methods for synthesising cross-classified data.

7.2 Introduction

In Chapter 5, ignoring within-study dependencies was shown to lead to underestima-
tion of joint sensitivity and specificity, particularly when associations were strong.
This emphasises the importance of selecting an appropriate meta-analysis model to
estimate the joint accuracy of two more diagnostic tests; in particular, one which fully
captures within-study associations present between multiple tests evaluated under a
paired design. In the previous chapter, bivariate copulas were used to model within-
study associations between sensitivities and specificities of two tests assessed using
a paired design. While the bivariate copula models provide a flexible framework for
test comparison, able to make use of the entire study pool where cross-classifications
reported for a subset of studies only, they do not directly estimate joint accuracy
parameters used to inform summary estimates of combined test accuracy. Existing
methods for evaluating the joint accuracy of two diagnostic tests often make restric-
tive assumptions about the distributions of the marginal variables, and can run into

computational difficulties.

Building on novel model development in Chapter 6, the following chapter describes
an extension to the bivariate copula models for evaluating the accuracy of two di-
agnostic tests in a meta-analysis framework. Bayesian meta-analysis models for
synthesising comparative diagnostic accuracy studies are described, using trivariate
copulas to account for within-study dependencies between two tests evaluated using
a paired design. Joint sensitivity and specificity are directly estimated in addition
to marginal sensitivities and specificities, requiring cross-classified data from each
study to inform the joint accuracy measures. Models are developed for three types
of trivariate copula: Frank, Gumbel and Clayton. Section 7.3 describes the moti-
vating example, simulated as part of Chapter 5, that the developed methodology
is applied to. Section 7.4 describes the trivariate copula methodology, extending
the bivariate copula framework introduced in the previous chapter to a trivariate
copula. The application of the methods is demonstrated in Section 7.5, where the
results of fitting the trivariate copula models to the simulated example are presented.

Section 7.6 concludes the chapter with a discussion.
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7.3 Motivational examples

A data generating mechanism for simulating full cross-classifications based on a mo-
tivating example was developed in Chapter 5. The process is briefly summarised
here; for a full explanation see Section 5.3.4.1. The motivational data set, provided
in Table 5.2, compares the diagnostic accuracy of CSF A 542 and t-tau for diagnosing
Alzheimer’s disease dementia. The number of studies were fixed, while the preva-
lence of the target condition and the number of patients in each study was simulated
based on descriptive statistics estimated using the motivating example. The marginal
and joint sensitivities and specificities were simulated from a six-dimensional normal
distribution at the between-studies level, with fixed between-studies standard devi-
ation and correlation. At the within-study level, the number of patients with each
possible combination of test results in the diseased and non-diseased groups, pop-
ulated by plausible values of marginal and joint sensitivities and specificities based
on comparative diagnostic accuracy data extracted as part of the literature review,
were simulated from a multinomial distribution. Two data sets were simulated with
moderate within-study associations: in the first, sensitivities and specificities were
high (0.8); in the second, sensitivities and specificities were low (0.4). The simulated
data sets that the trivariate model is fit to are provided in Table 7.1 and 7.2.
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Table 7.1: Simulated data on the accuracy of two diagnostic tests evaluated using a paired design. Sensitivities and specificities
are high and within-study associations are moderate.

Disease No disease

Study — = = = =

tpy tpy fny fny P :cl% l’ODl xODO NP | tny tng fp, fpy 8 xl% :véj :L‘OD NP
Study 1 26 29 6 3 25 1 4 2 32 (51 55 15 11 0 15 11 40 66
Study 2 21 16 3 8 16 5 0 3 24 |36 42 9 3 3 6 0 36 45
Study 3 36 34 6 8 31 5 3 3 42 |42 40 8 10 2 6 8 34 50
Study 4 49 44 8 13 40 9 4 4 57 |49 55 15 9 9 6 0 49 64
Study 5 48 47 7 40 8 7 0 55 |57 59 15 13 12 3 1 56 72
Study 6 16 15 3 5 1 0 3 19 (16 19 8 5 2 6 3 13 24
Study 7 38 41 12 9 36 2 5 7 50 |46 41 13 18 6 7 12 34 59
Study 8 33 25 8 16 22 11 3 5 41 3 39 13 7 4 9 3 30 46
Study 9 26 25 7 23 3 2 5 33139 37 8 10 6 2 35 47
Study 10 22 22 9 9 17 ) 4 31 | 42 43 12 11 0 12 11 31 54
Study 11 41 41 9 37 4 4 5 50 |39 3 11 14 6 5 8 31 50
Study 12 39 39 8 8 33 6 2 47|61 61 11 11 1 10 10 51 72
Study 13 43 43 10 10 33 10 10 O 53|68 67 12 13 11 1 2 66 80
Study 14 21 20 8 9 20 1 0 8 29 |48 58 18 8 5 13 3 45 66
Study 15 35 29 7 13 25 10 4 3 42 |40 41 9 8 7 2 1 39 49
Study 16 16 16 6 6 14 2 2 4 22 121 22 7 6 5 2 1 20 28
Study 17 18 17 8 9 13 5 4 4 26 | 43 46 9 6 3 6 3 40 52
Study 18 14 13 2 3 13 1 0 2 16 | 24 23 2 3 0 2 3 21 26

tp; is the number of true positives, fn; false negatives, tn; true negatives, and fp; false positives for each of the j = 1,2 tests.
l‘kDZ is the number of participants with the target condition and kaZ is the number of participants without the target condition with each combination
of test results. k,1 = 0,1 denote the first and second test, respectively, where 0 indicates a negative test result and 1 indicates a positive test result.
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Table 7.2: Simulated data on the accuracy of two diagnostic tests evaluated using a paired design. Sensitivities and specificities
are low and within-study associations are moderate.

Disease No disease

Study — = = = =

tpy tpy fny fny P :cl% l’ODl xODO NP | tny tna fp, fpy P xl% xéjl :L‘OD NP
Study 1 13 17 19 15 12 1 5 14 32|22 23 44 43 32 12 11 11 66
Study 2 12 13 13 12 9 3 4 9 25|16 18 27 25 20 7 5 11 43
Study 3 13 12 28 29 12 1 0 28 41 |24 29 35 30 29 6 1 23 59
Study 4 4 4 16 16 4 0 0O 16 20| 6 9 17 14 14 3 0 6 23
Study 5 28 28 27 27 19 9 9 18 55 | 24 25 48 47 46 2 1 23 72
Study 6 4 4 15 15 4 0 0 5 19 | 14 11 10 13 9 1 4 10 24
Study 7 12 14 25 23 12 0 2 23 37|38 25 39 52 37r 2 15 23 77
Study 8 22 31 30 21 14 8 17 13 52 |35 44 34 25 17 17 8 27 69
Study 9 13 15 22 20 11 2 4 18 35 |24 28 33 29 22 11 7 17 57
Study 10 1 10 11 12 6 9 4 7 22 122 19 24 27 24 0 3 19 46
Study 11 31 23 28 36 19 12 4 24 59 |35 29 38 44 34 4 10 25 73
Study 12 17 11 20 26 10 7 1 19 37 | 20 25 28 23 17 11 6 14 48
Study 13 14 12 17 19 10 2 15 31 | 26 16 29 39 25 4 14 12 55
Study 14 12 11 17 18 11 0O 17 29|27 37 39 29 27 12 2 25 66
Study 15 18 12 24 30 8 10 4 20 42|16 17 33 32 31 2 1 15 49
Study 16 7 6 15 16 5 2 1 14 229 10 19 18 17 2 1 8 28
Study 17 0 9 16 17 5 5 4 12 26 | 18 20 34 32 27 7 5 13 52
Study 18 5 4 11 12 4 1 O 11 16|11 9 15 17 11 4 6 5 26

tp; is the number of true positives, fn; false negatives, tn; true negatives, and fp; false positives for each of the j = 1,2 tests.
l‘kDZ is the number of participants with the target condition and kaZ is the number of participants without the target condition with each combination
of test results. k,1 = 0,1 denote the first and second test, respectively, where 0 indicates a negative test result and 1 indicates a positive test result.



7.4 Methods

In this section, novel methods for jointly analysing data on two diagnostic tests are
introduced, using a trivariate copula to model within-study dependencies between
sensitivities and specificities. A brief overview of trivariate copula theory and the
copula types explored in this chapter are presented in Section 7.4.1 and 7.4.2. The
novel trivariate copula models are described in Section 7.4.3. Section 7.4.4 describes
the bootstrap method used to estimate within-study dependencies and Section 7.4.5

details the estimation methods.

7.4.1 'Trivariate copula theory

Bivariate copula methodology, introduced in Section 6.4.1, can be extended from two-
to three-dimensions, known as a trivariate copula. A trivariate copula is a trivariate
CDF with uniform marginal distributions on the interval [0,1].[214, 211] Let there
be three continuous, correlated random variables, u, us and wuy. Similarly to the
bivariate case, Sklar’s theorem states that any trivariate distribution, H, can be
expressed in terms of univariate marginal distribution functions, F, F, and F3, and
a copula, C, which describes their relationship to one another.[215] 6 is the copula
dependence parameter, which captures the association between the three random
variables. The copula links the univariate marginal distribution functions to their
trivariate distribution function, allowing separate specification of their dependence

structure:
H (u1, uz,,usl) = C (Fy (u1), Fy (ug) ,, Fs (u3)0). (7.1)

For discrete random variables, Equation 6.2 is extended to derive the joint probability
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mass function for the trivariate case via finite differences:

h(uy, ug, usl) = C(Fy(uy), Fa(ug), F3(ug),0)—

C (Fi(u; — 1), Fa(ug), F3(u3),0) —

C (Fi(uy), Fo(ug — 1), F3(us),0) —

C (Fi(uy), Fy(ug), F3(uz — 1),0) + (72)
C(Fi(uy — 1), Fa(us — 1), F3(us),0) +

C(Fi(uy — 1), Fa(ug), F3(uz — 1),0) +

C(Fi(uy — 1), Fy(ug), F3(us — 1),0) —

C(Fi(ug — 1), Fy(ug — 1), F3(ug — 1), 0)

7.4.2 Families of copulas

As described in Section 6.4.2, different classes of copulas possess various proper-
ties that make them more appropriate for modelling certain types of relationships
between variables, such as strong tail dependencies or asymmetry. The bivariate
copula families described in the previous chapter can be extended to the trivariate
case. Three types of trivariate copulas belonging to the Archimedean family are
implemented within the diagnostic meta-analytic framework in this chapter. The
Frank, Gumbel and Clayton copulas were specified to explore different assumptions
about within-study associations present between two tests, such as weak tail depen-
dencies or tail dependencies that are stronger at one end of the distribution than
the other (asymmetry). In order to visualise the dependence structures modelled by
the three trivariate copula types, 2000 samples were simulated from each within R

version 4.3.1 using the copula version 1.1-2 package (Figure 7.1).

7.4.2.1 Archimedean copulas

The bivariate Archimedean copulas described in the previous chapter can be ex-
tended to trivariate copulas, capturing the relationship between three random vari-
ables with varying dependence structures. For random variables u;, us and wusg,

trivariate Archimedean copulas are given by:
C (ur, uz, uz) = ¢~ [d (ur) + ¢ (u2) + ¢ (uz)] (7.3)

where v and ~! are the generator function and inverse generator function of the
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copula, respectively. The generator functions presented in Table 6.3 can be applied

to Equation 7.3 to implement different types of trivariate Archimedean copulas.

7.4.2.1.1 Frank copula Introduced in Section 6.4.2, the Frank copula is a sym-
metric Archimedean copula with weak tail dependence that can model both positive
and negative dependence (see Figure 7.1). Given three random variables, u, us and

us, and a copula dependence parameter, ¢, the Frank copula is expressed as:

1
0

(e—Gul _ 1) (6—9u2 _ 1) (e—9u3 _ 1)
(e —1)°

log |1+ (7.4)

CFrank (Ul, Uz, Us) =

7.4.2.1.2 Gumbel copula Recall that Gumbel copula is an asymmetric copula
exhibiting positive, right-hand tail dependence (see Figure 7.1). For random vari-
ables, uq, us and usz, and copula dependence parameter ¢, the Gumbel copula is
defined as:

=

[ [~ o)+~ o))+~ toxua)) ]

Coumbel (U1, Uz, uz) = € } (7.5)
7.4.2.1.3 Clayton copula As described in Section 6.4.2, the Clayton copula
is an asymmetric Archimedean copula exhibiting positive, left-hand tail dependence
(see Figure 7.1). For three random variables, u;, us and uz, and a copula dependence

parameter, 6, the Clayton copula is expressed as follows:

S

CClayton (uh U2, U3) = [UIG + U59 + U;;e - 2] (76)

7.4.3 Trivariate copula model

The bivariate copula model proposed in Chapter 6 (Section 6.4.4) is extended to
a trivariate copula model. Cross-classified data from each study, containing counts
of combined test results in patient groups with and without the target condition,
are assumed to follow trivariate distributions with binomial marginal distributions.
Correlation between joint and marginal test accuracy measures (on the logit scale) is
incorporated through a six-dimensional normal distribution at the between-studies

level.

154



0.2

04 W\\/(\ L

(a) Frank copula

0.8
0.6+

04

(c) Clayton copula

Figure 7.1: Simulated samples from trivariate a) Frank, b) Gumbel, and ¢) Clayton
copulas. 2000 samples were simulated for each copula type, with fixed Spearman’s
correlation coefficient p; = 0.95.
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A trivariate copula captures within-study dependencies between the two tests. For
the diseased patient group in each study, three counts are used to estimate three
test accuracy measures: the marginal sensitivities of the two tests, se;; and se; o,
and their joint sensitivity, se; .. As in the bivariate copula model, se; ; and se; o are
estimated from the number of true positive results for each test, denoted xfl, for the
first test and x, for the second for consistency with notation for cross-classified data
(Equation 7.7). Joint sensitivity, se; ., is estimated from the number of patients pos-
itive on both tests, denoted xfn (corresponding to notation in Table 2.2). Similarly,
the marginal specificities, sp;; and sp;9, and joint specificity, sp;. are estimated

from counts :L'f?o_, x? o and x{?oo for the non-diseased patient group (Equation 7.8).

D _ D D
i1 = Tio T Tin
=1tp;y
D D D
T 1 =T 01 +X;
i,-1 4,01 2,11
(7.7)
=1p;s
D _ D D
Tio. = Tio1 T Tigo
= tni,l
D D D
T 0 =T 10+ X;
,-0 4,10 4,00
(7.8)
=1n;2
For study ¢ = 1,..., I, the joint and marginal counts follow trivariate distributions

h(sei1, 8¢5, €0, NP, 0ise) and h(sp;1, $pia, sPis, NP, 0;.p), respectively, with bino-
mial marginal distributions. NP and NZ.D denote the number of patients with and

without the target condition, respectively, as determined by the reference standard.

~ h (861‘,1, 5€;2, Sei,*NiDv Qi,se*) (7.9)

i’;o ~h (Spi,h SD;.25 Spi,*Nz'D7 Qi,sp*) (71())

At the between-studies level, the true marginal and joint sensitivities and specificities
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are transformed using a logit link function. The true study-level effects follow a six-

dimensional multivariate normal distribution with means fise1, fhse2, fsexs Mspls Msp2,

: 2 2 2 2 2 2
and fisp«. Between-study variances are denoted 05,1, 0, Oes, T5p1, Ospos and og,,.
pp corresponds to the between-studies correlation parameter.
logit (se;i1) = ftiser, l0git (s€i2) = tise2, 10git (5€;x) = i sexs (7.11)
logit (spin) = pispt, logit (spia) = flisp2, 10git (SPix) = i spss
ui,sel Hsel
Hi,se2 Hse2
i, sex Hsex
~ Normal ., & |,
,U/i,spl Hspl
Hi,sp2 Hsp2
Hi,sps Hsps
& is parametrised as follows:
2 | i | : |
Usel ! PO se10 se2 ! PO se10 sex ! pbaselaspl ! pbgselaspZ ! pbo_sela—sp*
i 2 o LT A
| Oge2 L Pb0se20sex | Pb0se20spl | Pb0se20sp2 | Pb0 se20 spx
| | 2 | | |
g=| o T VTl PTseOap | POsex e |7 )
| l | 2 i l )
R R S s 1 PrOsp1Osp2 | PoOsplTspr
SR S S ]  Osp2_ i PeOsp20spx
1 2
| Crsp*

Post-sampling, summary test accuracy measures are derived through an inverse-logit
transformation. Both marginal and joint sensitivities and specificities are estimated

directly within the model.
VUsel = lOgit_l (,usel) y Use2 = lOgit_l (MSEQ) y  Usex = lOgit_l (;use*) ) (713>

Vep1 = Logit ™" (isp1) s Uspz = L0git ™" (fpa) s Vspe = L0git ™" (fspse)

Using the marginal and joint accuracy measures, it is also possible to derive summary
estimates of combined test accuracy, based on the ‘AND’ (‘both positive’) rule or the
‘OR’ (‘either positive’) rule (see Section 2.3.5). Estimation of summary combined

test accuracy based on the ‘AND’ rule, analogous to summary joint sensitivity, is
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straightforward:

VAND = Usgex (714)

Summary combined test accuracy based on the ‘OR’ rule is estimated through the

relationships described in Equation 2.12 and 7.7:

D D D
Ty + Ty + 27

OR = D (7.15)
(el —af) + (2] —2f) +2f
_ D
P+ a2f —af)
_ D
_eb b B

NP~ NP NP

Therefore:

VOR = VUsgel + Use2 — Ugex (716)

Prior distributions were placed on the unknown parameters in the model. Logit-
transformed summary sensitivities and specificities were assumed to follow a min-
imally informative Normal (0,10?) prior distribution. The between-studies vari-
ance parameters were restricted to positive values and were assumed to have a
uniform Half — Normal (0, 2.52) prior distribution. For the between-studies cor-
relation parameter, the Fisher z-transformation was used, i.e p, = tanh(z),z ~
Normal (0,0.8)). This transformation produces an approximately normal distribu-

tion bound between [—1, 1].

7.4.4 Bootstrapping methods to obtain copula dependence

parameter

The copula dependence parameters were estimated from the simulated cross-
classifications, which allow the reconstruction of IPD, using a double bootstrap
method.[219, 207] Prior to bootstrapping, IPD was recreated for each study by
transforming the cross-classified counts into a data set of zeros and ones indicating
each patients’ test results and disease status. Bootstrapping involves repeatedly
sampling the IPD (with replacement) from a single study to create many simulated
data sets. Sensitivities and specificities were estimated for each simulated data

set, then the association between them estimated across the multiple bootstrap
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samples. For each of the i = 1,...,I studies, 0, s and 0; 5, were estimated using
maximum likelihood estimation. Code for the bootstrapping method is provided in
Appendix D.1.

7.4.5 Estimation

All models were implemented in a Bayesian framework using Stan version 2.32.2
[53] within R version 4.3.1 [203] via the rstan version 2.32.5 package.[54] A non-
centred parameterisation was used for all models to reduce dependencies between
successive levels of the hierarchical structure, further increasing the efficiency of
the sampler (see Section 2.2.3.4).[55] Copula dependence parameters were estimated
using the bootstrap method described in Section 7.4.4 using R version 4.2.1.[54] After
discarding 5,000 burn-in iterations, posterior estimates were obtained using three
chains initialised at different starting values, consisting of 20,000 iterations each.
The three chains were initialised at different starting values to aid the evaluation of

model convergence. 95% Crls were computed as HPD intervals.

Model convergence was assessed using diagnostics described in Section 2.2.4, includ-
ing trace plots, density plots, and autocorrelation plots. Model fit was compared by
calculating the WAIC using the R package [00,[220] with a smaller WAIC indicating
better model fit.[58] Stan code for the three trivariate copula models is available in
the Appendix D.2.

7.5 Results

7.5.1 Comparison of model fit

Table 7.3 presents the values of the WAIC across the three fitted models for two
simulated examples. The Clayton copula model was the poorest fit for the data set
simulated assuming high sensitivities and specificities and moderate within-study
associations, corresponding to the largest WAIC of 238.3. Of the three trivariate
copula models, the Gumbel copula was the best fit for the data with the smallest
WAIC of 225.0. The differences in WAIC between the Gumbel and Frank (WAIC =
229.5) copulas were small and the evidence to support the Gumbel copula over the
Frank copula is marginal. There was evidence that the Clayton copula (WAIC =

238.3) resulted in a poorer fit compared to the other trivariate copulas.
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The Clayton copula was also the poorest fit for the data set with low sensitivities
and specificities and moderate within-study associations, corresponding to the largest
WAIC of 238.1. There was evidence that the Gumbel copula was a better fit for the
data than the other trivariate copula models, corresponding to the smallest WAIC
of 221.5. The difference between the Frank copula (WAIC = 236.9) and the Clayton
copula (WAIC = 238.1) was marginal.

Table 7.3: Values of the widely applicable information criterion (WAIC) the meta-
regression and trivariate copula models for each simulated example.

Change in WAIC compared to the

Model WAIC model with the poorest fit

High sensitivities and specificities with moderate within-study associations

Trivariate copula (Frank) 229.5 -8.8

Trivariate copula (Gumbel) 225.0 -13.3

Trivariate copula (Clayton) 238.3 -

Low sensitivities and specificities with moderate within-study associations
Trivariate copula (Frank) 236.9 -1.2

Trivariate copula (Gumbel) 221.5 -16.6

Trivariate copula (Clayton) 238.1 -

WAIC, widely applicable information criterion

7.5.2 Summary sensitivities and specificities n

The results of fitting the three trivariate copula models to the two simulated data
sets are presented in Table 7.4 and 7.5. Figure 7.2 and 7.3 display the posterior
medians and 95% Crls for key test accuracy parameters across each of the models

for the two data sets.

Posterior median summary sensitivities and specificities were similar across all three
models for both data sets, as were the corresponding 95% Crls. Within-study as-
sociations underlying the data sets were fixed, meaning comparisons can be made
between the known values of joint test accuracy and the estimates produced by the
models. In the first simulated data set, marginal sensitivities and specificities were
fixed at 80.0% and joint sensitivity and specificity at 70.0%, indicating moderate
within-study associations. For the best fitting Gumbel copula model, joint sensitiv-
ity and specificity were 68.8% (95% Crl: 64.6, 72.9) and 71.5% (95% CrI: 67.1, 75.9),

respectively. In the second simulated data set, marginal and joint sensitivities and
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specificities were fixed at 40% and 30%, respectively. Using the same model, joint
sensitivity was 30.5% (95% Crl: 26.3, 34.8) and joint specificity was 31.0% (95%
Crl: 27.2, 34.8). The trivariate copula methodology appears to adequately capture
within-study dependencies between the two tests, producing accurate estimates of
joint test accuracy measures. Estimates of marginal accuracy measures across all

models were also close to the known values.

7.5.3 Between-studies standard deviations o

Posterior median between-studies standard deviation estimates of logit-transformed
sensitivities and specificities of test 1 and test 2 for the first data set were 0.32 (95%
Crl: 0.07, 0.58), 0.27 (95% Crl: 0.00, 0.48), 0.22 (95% Crl: 0.00, 0.48) and 0.34 (95%
CrI: 0.00, 60), respectively. Standard deviations estimates were 0.18 (95% CrlI; 0.00,
0.36) for joint sensitivity and 0.32 (95% Crl: 0.15, 0.53) for joint specificity. For
the second data set, between-studies standard deviation estimates for the marginal
sensitivities and specificities of test 1 and test 2 were 0.29 (95% Crl: 0.11, 0.51),
0.34 (95% Crl: 0.16, 0.55), 0.25 (95% Crl: 0.06, 0.48) and 0.34 (95% CrI: 0.19, 0.55),
respectively. Standard deviations estimates were 0.12 (95% CrI; 0.00, 0.32) for joint
sensitivity and 0.19 (95% Crl: 0.00, 0.38) for joint specificity. 95% Crls corresponding
to the standard deviations were wide, with many spanning 0. Estimates were similar

across the trivariate Frank, Gumbel and Clayton copula models.

7.5.4 Between-studies correlation p,

Using the Gumbel copula model, posterior median between-studies correlation for
the data set with high sensitivities and specificities was estimated as 0.33 (95% Crl:
-0.19, 0.74), indicating positive association across the six marginal and joint test
accuracy measures. Findings were similar for the data set with low sensitivities
and specificities, with between-studies correlation estimated as 0.34 (95% Crl: -
0.11, 0.74). The Gumbel model, which was the best fit for both examples, produced
narrower 95% Crls for between-studies correlation than the Frank or Clayton copulas.
The Crls for between-studies correlation yielded by all three models across the two

data sets were wide, and all spanned 0.
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7.5.5 Convergence diagnostics

Convergence diagnostic plots for key model parameters are given in Ap-
pendix D.3, D.4 and D.5 (see Section 2.2.4 for interpretation). Diagnostic
plots for key test accuracy parameters for each model are presented. Trace plots did
not show any systematic trends and MCMC chains initiated at different starting
values appeared to mix well. Density plots for the between-studies correlation
parameter, rho,, showed a wide distribution with no clear mode across all three
models when sensitivities and specificities were high. Although between-studies
correlation was fixed at -0.15 for the simulated data, the models estimated rho, as
approximately 0.3-0.4. This may be explained by the positive associations between
sensitivities and specificities, specified through the joint accuracy parameters in
the data generating mechanism, driving the between-studies correlation upwards.
Autocorrelation between samples for between-studies correlation decreases less
rapidly than other test accuracy parameters, indicating slower model convergence
for this parameter. Consistent findings across the three models indicate that is likely
to be a feature of the underlying simulated data, rather than an issue with model
estimation. Furthermore, the simulated data with low sensitivities and specificities -
and by extension, lower associations between the measures compared to the scenario
with high sensitivities and specificities - appears to reach satisfactory convergence.
Density plots for this data set show a unimodal, albeit wide, posterior distribution

for rhoy.
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Table 7.4: Posterior medians and 95% credible intervals estimated by fitting the trivariate copula models to simulated data
comparing the diagnostic accuracy two tests against a common reference standard under a paired design. Data were simulated
assuming high marginal test accuracy (sensitivities and specificities = 80%) and moderate within-study associations between

€91

tests.

Trivariate copula, median (95% CrI)
Parameter
Frank Gumbel Clayton

Usel 79.89 (76.23, 83.53) 80.29 (76.11, 84.02) 79.77 (76.04, 83.74)
Vsen 76.70 (72.88, 80.43) 76.87 (72.64, 80.71) 76.02 (72.23, 80.02)
User 68.76 (64.80, 72.62) 68.81 (64.63, 72.90) 68.69 (64.69, 72.37)
Vspl 78.87 (75.29, 82.28) 79.34 (76.00, 82.60) 79.53 (76.25, 82.74)
Usp2 82.43 (78.99, 85.91) 82.61 (79.04, 86.01) 82.22 (79.01, 85.51)
Usps 70.91 (66.23, 75.34) 71.46 (67.10, 75.91) 70.83 (66.59, 75.08)
Osel 0.286 (0.087, 0.511) 0.318 (0.072, 0.575) 0.260 (0.000, 0.520)
Tse2 0.217 (0.000, 0.418) 0.270 (0.000, 0.476) 0.237 (0.000, 0.457)
Oses 0.170 (0.000, 0.350) 0.175 (0.000, 0.364) 0.182 (0.000, 0.359)
Ospl 0.250 (0.000, 0.501) 0.215 (0.000, 0.480) 0.220 (0.000, 0.459)
Osp2 0.311 (0.000, 0.587) 0.340 (0.000, 0.596) 0.265 (0.000, 0.521)
Taps 0.331 (0.148, 0.567) 0.322 (0.149, 0.533) 0.313 (0.127, 0.542)
Pb 0.403 (-0.159, 0.814) 0.333 (-0.190, 0.742) 0.344 (-0.190, 0.769)

Usel, Use2, Uspl, and vUgpe denote summary marginal sensitivities and specificities of test 1 and test 2, respectively. vses and vgp,, are summary joint

sensitivity and specificity, respectively.

Osels Ose2; Osexs Tspl, Osp2, and 0gpy denote between-studies standard deviation in logit-transformed marginal and joint sensitivities and specificities

of test 1 and test 2, respectively.
pu denotes the between-studies correlation parameter.
Crl, credible interval



Table 7.5: Posterior medians and 95% credible intervals estimated by fitting the trivariate copula models to simulated data
comparing the diagnostic accuracy two tests against a common reference standard using a paired design. Data were simulated
assuming low marginal test accuracy (sensitivities and specificities = 40%) and moderate within-study associations between
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tests.

Trivariate copula, median (95% CrI)
Parameter
Frank Gumbel Clayton

Usel 39.40 (34.27, 44.67) 30.19 (33.86, 44.33) 30.63 (34.89, 44.22)
Vsen 37.36 (32.03, 43.21) 37.93 (32.36, 43.47) 37.66 (32.92, 42.46)
Usex 30.14 (26.33, 34.02) 30.48 (26.25, 34.81) 31.53 (27.66, 35.63)
Vspl 39.99 (35.95, 44.25) 40.27 (35.73, 44.63) 40.14 (35.97, 44.35)
Usp2 42.57 (37.85, 47.40) 41.37 (36.16, 46.60) 41.57 (36.41, 46.49)
Vsps 31.44 (27.63, 35.04) 31.03 (27.18, 34.77) 31.25 (27.18, 35.02)
Osel 0.283 (0.097, 0.514) 0.294 (0.112, 0.512) 0.207 (0.000, 0.417)
Tse2 0.327 (0.116, 0.565) 0.336 (0.162, 0.554) 0.256 (0.000, 0.487)
O sex 0.105 (0.000, 0.296) 0.120 (0.000, 0.324) 0.161 (0.000, 0.359)
et 0.224 (0.002, 0.405) 0.250 (0.059, 0.475) 0.217 (0.000, 0.412)
Osp2 0.283 (0.108, 0.498) 0.343 (0.185, 0.553) 0.321 (0.138, 0.538)
Ospx 0.187 (0.000, 0.374) 0.188 (0.001, 0.378) 0.226 (0.003, 0.418)
Pb 0.407 (-0.075, 0.818) 0.341 (-0.105, 0.744) 0.397 (-0.084, 0.811)

Usel, Use2, Uspl, and vUgpe denote summary marginal sensitivities and specificities of test 1 and test 2, respectively. vses and vgp,, are summary joint

sensitivity and specificity, respectively.

Osels Ose2; Osexs Tspl, Osp2, and 0gpy denote between-studies standard deviation in logit-transformed marginal and joint sensitivities and specificities

of test 1 and test 2, respectively.
pu denotes the between-studies correlation parameter.
Crl, credible interval
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Figure 7.2: Posterior medians (solid dots) and 95% credible intervals (solid bars) of key test accuracy parameters across the
trivariate copula (TC) models for the simulated data set with high sensitivities and specificities and moderate within-study

associations.
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7.6 Discussion

In this chapter, novel Bayesian meta-analysis models for jointly analysing accuracy
data on two diagnostic tests were developed, using trivariate copulas to capture
within-study dependencies between two tests evaluated using a within-subject de-
sign. The models use cross-classified data from each study to estimate joint sen-
sitivity and specificity, enabling inference on the combined accuracy of the tests.
Estimation of combined test accuracy measures permits the comparison of different
testing strategies, as well as the evaluation of the accuracy of a novel test in the

context of its intended diagnostic pathway, supporting healthcare decision-making.

The trivariate copula models were applied to a simulated data set with known within-
study associations, allowing comparisons to be made between the estimates of the
sensitivities and specificities and their true, underlying values. Both the marginal and
joint accuracy measures estimated by the models were close to the values from which
the data were simulated. The model appears to capture within-study associations
adequately; the gain in accuracy for the joint sensitivity and specificity between the
meta-regression model that was fit to the simulated data in Chapter 5 and the models
considered in this chapter is notable. Three classes of trivariate copula are specified,
offering a flexible approach to capturing associations between tests. The trivariate
Gumbel copula - an asymmetric copula exhibiting strong positive dependence in the
right-hand tail - was the best fit for both data sets.

The flexibility of the trivariate copula framework, for which several classes of copula
were defined and explored in this chapter, make it possible to avoid strong distri-
butional assumptions about the underlying variables. Diagnostic accuracy data are
often skewed, with strong dependencies at the extreme ends of the distribution, and
non-normal. Where this is the case, the assumption of normality may lead to poor
model fit and impact test accuracy estimates. Joint meta-analysis models that ac-
count for within-study associations are often computationally intensive and slow to
reach convergence. The trivariate copula models developed in this chapter, parame-
terised in Stan,[53] reach rapid convergence and are computationally feasible, taking

just minutes to run.

The proposed methodology is subject to a number of potential limitations. As dis-
cussed for the bivariate copula models, inference in this chapter focussed on sensitiv-
ity and specificity over alternative test accuracy measures, such as predictive values,

likelihood ratios and DORs. In some scenarios, predictive values may be more clin-
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ically relevant than sensitivities and specificities. For example, when a clinician is
screening an individual for a condition, predictive values allow inference on the test
result, e.g. if the test returns a positive result, indicating that the condition of inter-
est is present, the positive predictive value is the probability that the patient does
indeed have the condition.[65] Sensitivity, on the other hand, enables inference on the
true disease status of the patient, which is unknown at the time of testing, e.g. if pa-
tient has the condition of interest, the sensitivity is the probability that they will be
correctly identified by the test. However, as in the previous chapter, it is straightfor-
ward to derive estimates of other test accuracy measures using posterior estimates of
sensitivity and specificity; direct meta-analyses of predictive values, likelihood ratios
or DORs may have disadvantageous properties,[226, 227, 66] as detailed in Chapter
6. Similar to the bivariate copula framework in Chapter 6, the between-studies het-
erogeneity parameters for the trivariate copula models were highly sensitive to prior
distribution and initial values choices.[44, 225] Future model development could fo-
cus on including a copula at the between-studies level,[90, 92, 94, 98] removing the
need to estimate between-studies heterogeneity parameters that may be sensitive to

choices of prior distribution.

The trivariate copula model requires cross-classified data across all included studies
in order to estimate the study-specific copula dependence parameters for the model.
However, publications of studies that compare the accuracy of two or more diagnos-
tic tests in the same individuals do not consistently report this data.[9, 10, 11, 4]
The issues around requesting or imputing missing cross-classifications were discussed
in Section 2.3.4. Model development in this chapter further emphasises the need for

comparative diagnostic accuracy studies to report cross-classified data wherever pos-
sible.

7.7 Chapter summary

In this chapter, novel Bayesian meta-analysis models were developed for synthesis-
ing data on two diagnostic tests compared to a common reference standard under a
paired design, using trivariate copulas to capture within-study dependencies between
multiple tests. The models use cross-classified data from each study to directly esti-
mate joint sensitivity and specificity, making full use of the available evidence base.
By enabling the assessment of combined test accuracy, the trivariate copula frame-

work allows the evaluation of realistic diagnostic pathways and testing strategies
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to support healthcare decision-making. The following chapter concludes the thesis,
summarising the findings and conclusions from previous chapters, together with a

discussion of the limitations and the opportunities for further work.
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Chapter 8

Discussion

8.1 Summary

This thesis considers a range of methodological challenges related to the synthesis of
diagnostic accuracy studies that evaluate two or more tests using a within-subject
design. The development of meta-analysis models that jointly synthesise diagnostic
accuracy data on multiple tests is relatively novel, and guidance and best practice
on their use are evolving. While meta-analysis guidelines for combining diagnostic
accuracy studies focus primarily on the synthesis of data on individual tests,[14, 4]
there are an increasing number of systematic reviews and meta-analyses that address
comparative research questions.[87] A number of models for comparing the accuracy
of two or more tests in a meta-analytic framework have been proposed in the last
10 years; however, there is a lack of clear guidance on their use.[15] Many of these
models do not account for dependencies between tests, while those that do often
result in slow convergence and long computation times. The use of these models can
be restricted by data availability, with many models that capture within-study as-
sociations requiring cross-classified data on combined test performance that are not
consistently reported in the literature.[9, 10, 11, 4] Existing meta-analysis models
for multiple diagnostic tests should be assessed to inform recommendations for their
use. Additionally, the development of novel methods that are less computationally
demanding may help to address the limitations of current approaches. Within-study
associations, present between the sensitivities and specificities of two or more tests
assessed using the same individuals, represent another methodological challenge, ne-

cessitating the evaluation and refinement of existing models as well as the exploration
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of novel approaches to adequately capture such dependencies. The methodological
developments presented in this thesis were motivated by the challenges of diagnos-
ing Alzheimer’s disease dementia. However, the evaluation of the comparative or
combined accuracy of multiple diagnostic tests is relevant to a wide range of disease
areas. The novel meta-analysis models developed here are applicable to a variety
of clinical settings, underscoring their potential for widespread impact in enhancing

evidence-based practice.

Chapter 1 outlined the aims and structure of the thesis. A brief background to
the thesis was provided, covering key concepts in meta-analysis of diagnostic test
accuracy studies, Bayesian statistical methodology and Alzheimer’s disease demen-
tia. Current methodological challenges in the synthesis of evidence on the accuracy
of multiple diagnostic tests were described. Chapter 2 summarised statistical the-
ory relevant to the thesis. Chapter 3 presents a comprehensive review of existing
meta-analysis models for two or more diagnostic tests, highlighting the limitations of
existing methods that model development in later chapters sets out to address. Chap-
ter 4 described the literature review undertaken to identify a motivating example in
Alzheimer’s disease dementia on which to base novel methodological development in
later chapters. Cross-classified data, needed to account for within-study associations
between multiple tests, were provided in only 20% of the included comparative diag-
nostic accuracy studies. This emphasises the importance of developing models that
make realistic assumptions about data availability, utilising a combination of 2x2

and cross-classified data where reported.

Chapter 5 assessed the impact of ignoring within-study dependencies between sensi-
tivities and specificities in a meta-analysis of comparative diagnostic accuracy studies
through a simulation study. A meta-regression approach, which does not account for
associations between two tests assessed under a paired design, was fit to simulated
data with known within-study dependencies. When within-study associations were
strong or moderate, joint sensitivity and specificity were underestimated and model
performance declined. Lower marginal sensitivities and specificities led to increased
bias of joint accuracy measures. When within-study associations were weak, or when
marginal test accuracy is of interest (i.e. in a test comparison framework), the meta-
regression model appears to be sufficient. To model the joint accuracy of two or
more diagnostic tests evaluated in the same individuals, a meta-analysis model that

accounts for within-study associations between multiple tests is more appropriate.

Chapter 6 described novel Bayesian model development for synthesising evidence
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on the accuracy of two diagnostic tests, accounting for associations between and
within studies present between two tests evaluated using a paired design. Using
a novel application of bivariate copulas to capture within-study dependencies be-
tween sensitivities and specificities, the models offer a robust approach to modelling
comparative test accuracy data. The models optimise the available evidence base
by making use of both study- and individual-level data where available. The new
models introduced in this chapter were compared to the currently recommended
meta-regression approach that was formally evaluated in Chapter 5. Compared to
the meta-regression model, which treats the two tests independent and ignores for
within-study associations, the bivariate copula models resulted in improved model
fit and increased precision in sensitivity and specificity estimates. In a HTA setting,
this aids the evaluation of clinical and cost-effectiveness of diagnostic technologies,

enabling more precise decisions on the most efficient use of health resources.

Chapter 7 extended the bivariate copula methodology in Chapter 6 to a trivariate
copula model for jointly synthesising diagnostic test accuracy on two tests assessed
using a within-subject design. The models use individual-level data from each study
to directly estimate joint test accuracy, making full use of the available evidence
base. The trivariate copula framework enables the assessment of realistic diagnostic
pathways and testing strategies. Between the bivariate copula models described in
Chapter 6, which synthesise study- and individual-level data where available, and the
trivariate copula models proposed in Chapter 7, which make use of individual-level
data from every study, novel methodological development in this thesis covers the

full range of possible reporting formats for comparative diagnostic accuracy studies.

8.2 Strengths and limitations

This section discusses the strengths and limitations of the novel methodology for

diagnostic test evaluation developed in this thesis.

In Chapter 5, the impact of accounting for within-study associations in a meta-
analysis of two diagnostic tests evaluated using a paired design was assessed. A mech-
anism for simulating comparative diagnostic accuracy data, incorporating both be-
tween and within study associations, was developed. This represents novel method-
ological advancement, and may be used to assess a number of future models for the
meta-analysis of comparative diagnostic accuracy. Uncertainties around the impact

of within-study associations on test accuracy measures has been highlighted,[15] mak-

172



ing this simulation study an important and timely addition to the existing literature
on diagnostic meta-analysis models. Based on the findings of the simulation study,
recommendations were made on the use of joint meta-analysis models for multiple
diagnostic tests in regards to their handling of within-study associations between
sensitivities and specificities. While simpler models that assume independence be-
tween multiple tests assessed in the same individuals are sufficient when inference
is focussed on comparative test accuracy, more complex models that account for
within-study associations between tests are needed when joint test accuracy is of
interest. Due to the small number of comparative diagnostic accuracy studies that
reported cross-classified data identified through the literature review in Chapter 4,
it was not possible to simulate the data using joint sensitivities and specificities from
a real world example. Concern arises, therefore, whether findings based on the sim-
ulated data will be reflected in meta-analyses of data collected in a clinical setting.
To mitigate this issue, several scenarios for which the strength of the within-study
associations and the magnitude of the sensitivities and specificities were varied. The
findings were consistent across a number of scenarios, increasing confidence in their

robustness.

In Chapter 6, novel meta-analysis models for evaluating the accuracy of two diagnos-
tic tests in a Bayesian framework were assessed, using bivariate copulas to account
for within-study associations between two tests assessed using a paired design. The
methodology led to improved model fit compared to the meta-regression approach,
which does not account for within-study associations, and findings were similar across
two motivational examples comparing different diagnostic tests for Alzheimer’s dis-
ease dementia. The models also reduced the uncertainty around sensitivities and
specificities, aiding evaluation of the clinical and cost-effectiveness of novel diagnos-
tic tests. The model can be fit to 2x2 data on each test where cross-classified data are
not available, incorporating external evidence on within-study associations through
informative priors placed on copula dependence parameters. Where cross-classified
data are available for a subset of studies, as in the motivating examples to which
the models are applied in this chapter, a common copula dependence parameter can
be assumed across studies. Bivariate copula methodology relaxes the requirement
for cross-classifications needed for each study, reflecting current reporting standards
and increasing the possibility of its application within systematic reviews. Diagnos-
tic accuracy data are often non-normal and likely to exhibit strong tail dependence,
particularly when marginal sensitivities and specificities are high; the flexible nature

of copulas make them a natural approach for modelling associations between tests
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in comparison to multivariate methods that make strong distributional assumptions
about the marginal variables. A number of bivariate copulas were explored in Chap-
ter 6, varying the strength and direction of the association between sensitivities and
specificities, increasing the generalisability of the models for a range of diagnostic
data sets. The bivariate copula framework allows estimation of the comparative ac-
curacy of two tests, but does not enable direct estimation of joint or combined test

accuracy measures.

In Chapter 7, the bivariate copula methodology developed in the previous chapter
was extended to trivariate copula models for evaluating the combined accuracy of two
diagnostic tests assessed against a common reference standard using a within-subject
design. The model makes full use of the available evidence base, synthesising cross-
classified data from all studies, allowing estimation of joint sensitivity and specificity.
However, comparative diagnostic accuracy studies are known to rarely facilitate ac-
cess to this data.[9, 10, 11, 4] Where these data are not reported, it will not be
possible to include this study in the trivariate meta-analysis model. Advancement
of imputation methods for comparative diagnostic accuracy data, discussed in more
detail in Section 8.3, may allow the synthesis of such studies in the future. An advan-
tage of a copula approach to modelling related variables is the estimation of a single
association parameter, in contrast to the need to estimate standard deviation and
correlation parameters when fitting a multivariate normal distribution. Where these
parameters conflict with one another, for example when prior distributions are mis-
specified, it can lead to long computation times or non-convergence. The trivariate
copula method is highly computationally efficient compared to other meta-analysis
models for joint synthesis of two diagnostic tests. The advancement of HMC simula-
tion techniques within the freely available Stan software,[53] and the development of
novel methodology for capturing within-study associations between tests, has made

joint meta-analysis of two diagnostic tests computationally feasible.

Hamiltonian Monte Carlo sampling is an efficient method for modelling related vari-
ables, and was used for all methodological development in this thesis. Nevertheless,
the Stan programming language and model specification differs from other more
commonly used Bayesian samplers in the context of HTA, such as JAGS and Win-
BUGS/OpenBUGS, resulting initially in a potential barrier to uptake of these meth-
ods. There are, however, a multitude of online resources available on Stan. R
packages such as shinystan can also aid the visualisation of results and convergence

assessment.[235] To support the implementation of these novel models into wider
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practice, future research could involve the development of an R package or Shiny

app to provide a web-based, user-friendly interface to the models.

8.3 Further work

In this thesis, novel meta-analysis methods for the synthesis of diagnostic accuracy
data on two tests were developed. An area for future methodological development
is the extension of the proposed bivariate and trivariate copula frameworks to three
or more diagnostic tests compared to a common reference standard. Vine copu-
las, which enable the extension of parametric bivariate copula families to higher
dimensions,[101] may be one approach to accomplish this generalisation. While a
number of publications on joint meta-analysis methods for comparative diagnostic
accuracy studies claim that it is possible to extend the respective models to three or
more tests, many do not demonstrate their application beyond two tests.[12] Some
methods, such as the meta-regression model that includes test type as a covariate, can
be readily extended to three or more tests. For other methods, such as the multino-
mial likelihoods model described by Trikalinos et al [85], this extension is non-trivial
and requires further methodological development. Existing models that account for
within-study associations between multiple tests assessed using a paired design are
known to encounter issues with convergence and computational difficulties.[15] As
the number of tests increases, so too does the number of estimated parameters in
the meta-analysis model. Models that are already computationally intensive may

become infeasible beyond a certain number of diagnostic tests.

The need for the evaluation and comparison of existing meta-analysis methods before
their adoption into health technology decision-making has been highlighted.[12, 4,
10, 15] The simulation study performed in Chapter 5 makes some progress towards
this goal, evaluating the currently recommended meta-regression model and its as-
sumption of independence between two tests assessed using a within-subject design.
The performance of other, more complex meta-analysis models for two tests could
be formally compared to the meta-regression method through further simulation
studies. The issue remains, however, as to how to simulate comparative diagnostic
accuracy data and the complex dependence structures that underlie it in a way that
does not influence the conclusions of the study. To capture between and within study
associations present in meta-analytic data sets on two or more diagnostic tests, a

model that captures these dependencies must be used to simulate the data. This may
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lead to a circular argument, however; whichever model the data were simulated from
would be the best fitting model. The data generating mechanism and corresponding
R code developed in Chapter 5 goes some way to addressing this question, enabling

quantification of potential bias from selecting a more simplistic model.

Uncertainty remains around the appropriate method for combining comparative and
non-comparative diagnostic accuracy studies. Restricting to head-to-head compar-
isons, while methodologically sound, does not make best use of available evidence.
However, including all studies that evaluated one or a subset of the tests of interest
in a meta-analysis of multiple diagnostic tests may introduce bias to the study pool
where test comparisons are potentially based on indirect evidence.[8] Future model
development could consider how to combine comparative and non-comparative data
in single analysis while adjusting for potential bias that indirect comparisons may

introduce.

A number of publications of joint meta-analysis models for synthesising two or more
diagnostic tests that account for within-study associations repeatedly make use of
data from a meta-analysis of the diagnostic accuracy of two second trimester ultra-
sound markers for trisomy 21, also known as Down syndrome, published in 2001.[236]
Trikalinos et al first used this data set to demonstrate the application of a joint
meta-analysis model for two diagnostic tests.[85] As full cross-classifications were not
available for all studies, Trikalinos et al partially imputed the data set by drawing on
associations within studies that reported complete data, although the precise impu-
tation method is not specified. This partially imputed data set has been repeatedly
reused to illustrate the application of other meta-analysis models for multiple diag-
nostic tests, presumably at least in part because cross-classified data are infrequently
reported in the literature.[9, 10, 11, 4] Future versions of reporting checklists for diag-
nostic accuracy studies, such as STARD,[208] could include an item stipulating that
cross tabulation of all index test results should be reported where appropriate. Cross
tabulation of index test results was identified as an item in the dementia-specific ex-
tension to STARD, STARDdem.[234] This would improve reporting practices and
increase awareness of the need for comparative data to evaluate combined test accu-
racy, as well as removing barriers to the implementation of models proposed in this
thesis. Future research could also focus on the development of a validated method to
impute partially missing cross-classifications, using associations from studies that re-
port data at the individual-level to derive cross-classifications for studies that report

2x2 tables for each test only.

176



In terms of the clinical application of the methodological developments in this the-
sis, the proposed methodology is generalisable to a wide range of other disease areas.
The diagnostic pathway for Alzheimer’s disease dementia will undergo rapid evolu-
tion in the near future, with the emergence of blood-based biomarkers representing
an scalable, minimally invasive and early diagnosis. These include A markers,
with plasma Af(4 levels being shown to be negatively correlated with CSF A4
levels.[237] Given the recent development of amyloid-based therapies for Alzheimer’s
disease dementia,[34, 35] this discovery could not be more timely. Assessment of
the real world performance of blood-based biomarkers is urgently needed. Novel
methodology proposed in this thesis could be applied to blood-based biomarkers to
address this issue. With a number of blood-based amyloid and tau markers iden-
tified as potential novel diagnostic tests, the application of bivariate copula models
developed in Chapter 6 could be used to compare their accuracy to one another, as
well as existing technologies such as CSF biomarkers or imaging tests. To implement
the blood-based biomarkers within various healthcare systems, an understanding is
needed of the accuracy of the markers in combination with other diagnostic tests
for Alzheimer’s disease dementia. This could be evaluated through the application
of trivariate copula models, developed in Chapter 7, to estimate joint test accuracy
measures while accounting for within-study associations present between multiple

tests.

If cross-classified data on blood-based biomarkers are not available in the published
literature, IPD from electronic health records could be used to inform associations
between sensitivities and specificities. For example, Dementias Platform UK brings
together records of more than 3 million participants, and includes rich biomarker
and imaging data not usually available through routinely collected sources.[238] The
trivariate copula models developed in Chapter 7 could be extended to incorporate
IPD through the inclusion of patient-level covariates that measure the effect of pa-

tient characteristics on summary accuracy measures.[233]

8.4 Conclusions

In conclusion, this thesis has demonstrated the impact of ignoring within-study de-
pendencies present between two diagnostic tests evaluated using a paired design in
a meta-analytic framework. This, in turn, motivated novel methodological develop-

ments to synthesise comparative diagnostic accuracy studies, using a new application
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of copula models to capture within-study associations between tests. The models de-
veloped as part of this thesis are generalisable to a wide range of other research areas
where comparing or combining multiple diagnostic tests is of interest. The models
make use of a broader evidence base by utilising both study- and individual-level
data, where available. The work presented in this thesis has the ability to guide the
development of protocols for synthesising comparative diagnostic accuracy studies

and facilitate informed decision-making regarding the use of diagnostic tests.
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Appendix A

A.1 Centred and non-centred parameterisations

of a hierarchical normal model

This section contains Stan code for implementing a hierarchical normal model for
meta-analysing data on a continuous treatment effect. The difference between cen-

tred and non-centred parameterisations of the model is illustrated in Figure 2.2a
and 2.2b.

Centred parameterisation of a hierarchical normal model

data {
int<lower = 0> N;
vector[N] y;

vector<lower = 0>[N] sigma;}

parameters {
real<lower = 0> tau;
real m;

vector [N] mu;}

model {
m ~ normal(0,3);
tau ~ cauchy(0,5);
//centred parameterisation

mu ~ normal (m,tau);
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y ~ normal (mu,sigma);’}

Non-centred parameterisation of a hierarchical normal model

data {
int<lower = 0> N;
vector[N] y;

vector<lower = 0>[N] sigma;}

parameters {
real<lower = 0> tau;
real m;

vector[N] z;}

transformed parameters {
vector [N] mu;
for (i in 1:N) {
//non-centred parameterisation

mu[i] = m + tau * z[i];}}

model {
z ~ std_normal();
m ~ normal(0,3);
tau ~ cauchy(0,5);

y = normal (mu, sigma);}

A.2 Stan code for bivariate random effects meta-
analysis model for evaluating the diagnostic

accuracy of a single test

data {
int<lower = 0> Ns;
int<lower = 0> tp[Ns];
int<lower = 0> tn[Ns];
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0> disease[Ns];

0> nodisease[Ns];}

int<lower

int<lower

parameters {
real rr;
vector[2] b;
vector<lower = 0>[2] tau;
vector[2] z[Ns];}

transformed parameters {
matrix[2,2] Tau;
matrix[2,2] L;
vector [2] mu[Ns];
real<lower = -1, upper = 1> rho;
rho = tanh(rr);
Taul1,1] = taul1]"2;
Taul1,2] tau[1]*tau[2] *rho;
Taul[2,1] taul[l1]*tau[2]*rho;
Taul[2,2] = taul[2]"2;
L = cholesky_decompose(Tau);
for (i in 1:Ns) {

muli] = b + Tauxz[i];}}

model {

// priors

rr ~ normal(0,0.8);

b ~ normal(0,10);

tau ~ normal(0,2.5);

for (i in 1:Ns) {
z[i] ~ std_normal();
// likelihoods
tpl[i]l ~ binomial_logit(diseasel[i], mul[i,1]);
tn[i] ~ binomial_logit(nodisease[i], mul[i,2]);}}

generated quantities {

real<lower = O,upper = 1> sens;
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real<lower = O,upper = 1> spec;
inv_logit(b[1]);
inv_logit(b[2]);}

sens

spec
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Appendix B

B.1 Meta-regression model for evaluating the ac-

curacy of two diagnostic tests

Stan code for implementing the Bayesian meta-regression method for synthesising
diagnostic accuracy data on two tests evaluated using a paired study design, in which
all patients undergo both tests plus a reference standard. Two versions of the model
are available: one that estimates a common between-studies correlation parameter,
one test estimates a separate between-studies correlation parameter for each test

The model specification is described in Section 5.3.1.

data {
int<lower = 0> Ns;
int<lower = 0> tp[Ns,2]; //2x2 data on each test
int<lower = 0> tn[Ns,2];

\4

int<lower = 0> disease[Ns];

int<lower = 0> nodisease[Ns];}

parameters {
real rr; //common between-studies correlation parameter
//vector[6] rr; //separate between-studies correlation parameter
vector[4] b;
vector<lower = 0>[4] tau;
vector[4] z[Ns];}

transformed parameters {

matrix[4,4] Tau;
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matrix[4,4] L;

vector[4] mul[Ns];

real<lower = -1, upper = 1> rho; //common
//vector<lower = -1, upper = 1>[6] rho; //separate

rho = tanh(rr);

//Tau[1,2] = taull]*tau[2]*rho[1]; //separate
//Taul1,3] = taul[l]l*taul[3]*rho[2];
//Taull,4] = taul[l]l*taul[4]*rho[3];
//Taul[2,3] = taul[2]*taul[3]*rho[4];
//Taul2,4] = taul[2]*taul4]*rhol[5];
//Taul[3,4] = taul[3]*taul4]*rho[6];

for (j in 1:4) {
Taulj,jl = tauljl~2;
for (k in (j+1):4) {
Taulj,k] = tauljl*taulk]*rho; //common
Taulk,j]l = Taulj,k];}}
L = cholesky_decompose(Tau) ;
//non-centred parameterisation
for (i in 1:Ns) {
muli] = b + Lxz[i];}}

model {
//priors
rr ~ normal(0,0.8);
b ~ normal(0,10);
tau ~ normal(0,2.5);
for (i in 1:Ns) {
z[i] ~ std_normal();
//binomial likelihoods
tpli,1] ~ binomial_logit(disease[i], muli,1]);
tpli,2] ~ binomial_logit(disease[i], mul[i,2]);
tn[i,1] ~ binomial_logit(nodisease[i], muli,3]);

tn[i,2] ~ binomial_logit(nodiseasel[i], muli,4]);}}

generated quantities {

real<lower = 0, upper = 1> sensl;

184



real<lower = 0, upper = 1> sens2;
real<lower = 0, upper = 1> specl;
real<lower = O, upper = 1> spec2;
real<lower = 0, upper = 1> jsens;
real<lower = 0, upper = 1> jspec;
real<lower = -1, upper = 1> diffsens;
real<lower = -1, upper = 1> diffspec;

vector [Ns] log_lik;
sensl = inv_logit(b[1]);

sens2 = inv_logit(b[2]);
specl = inv_logit(b[3]);
spec2 = inv_logit(b[4]);
jsens = sensl * sens2;
jspec = specl * spec2;

diffsens = sensl - sens2;
diffspec = specl - spec2;
for (n in 1:Ns) {
//monitor log-likelihood to calculate WAIC post-estimation
log_lik[n] = binomial_logit_lpmf(tp[n,1:2] | disease[n],
muln,1:2]);}}

B.2 Multinomial likelihoods model for joint meta-
analysis of diagnostic accuracy data on two

tests

Stan code for implementing the Bayesian multinomial likelihoods model for synthe-
sising diagnostic accuracy data on two tests evaluated using a paired study design,
in which all patients undergo both tests plus a reference standard. The model spec-

ification is described in Section 5.3.2.

data {

int<lower = 0> Ns;
x1[Ns,4]; //cross-classified data
x0[Ns,4];

disease[Ns];

\2

int<lower = O

\4

int<lower = 0

\4

int<lower = O
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int<lower = 0> nodisease[Ns];}

parameters {
real rr;
vector[6] b;
vector<lower = 0>[6] tau;
vector[6] z[Ns];2}

transformed parameters {
matrix[6,6] Tau;
matrix[6,6] L;

vector<lower = 0, upper = 1>[4] p1l[Ns];
vector<lower = 0, upper = 1>[4] pO[Ns];
real<lower = 0, upper = 1> pl_1dot[Ns];
real<lower = 0, upper = 1> pl_dotl[Ns];
real<lower = 0, upper = 1> p0_Odot[Ns];
real<lower = 0, upper = 1> pO_dotO[Ns];

vector[6] mul[Ns];
real<lower = -1, upper = 1> rho;
rho = tanh(rr);
for (j in 1:6) {
Taulj,j]l = tauljl~2;
for (k in (j+1):6) {
Taulj,k] = taul[jl*taulk]*rho;
Taulk,j]l = Taulj,k];}}
L = cholesky_decompose(Tau) ;
//non-centred parameterisation
for (i in 1:Ns) {
//between-studies model
muli] = b + Lxz[i];
//diseased group
p1li,4] = inv_logit(muli,3]);
pl_1dot[i]
pl_dot1[i]
p1[i,2] = pl_doti[i] - p1[i,4];
p1[i,3] = pi_idot[i] - pili,4];

inv_logit(muli,1]);

inv_logit(muli,2]);

186



pili,1] = 1 - pi[i,2] - pi[i,3] - pili,4];
//non-diseased group

p0[i,1] = inv_logit(mu[i,6]);

p0_0dot[i] = inv_logit(muli,4]);
p0_dotO[i] = inv_logit(mu[i,5]);

p0[i,2] = p0_0dot[il - pO[i,1];

p0[i,3] = pO_dotO[i] - pO[i,1];
model {
//priors

rr ~ normal(0,0.8);
b ~ normal(0,10);
tau ~ normal(0,2.5);
for (i in 1:Ns) {
z[i] ~ std_normal();
//multinomial likelihoods
x1[i,1:4] ~ multinomial (p1[i,1:4]);
x0[i,1:4] ~ multinomial(pO[i,1:4]1);}}

generated quantities {

real<lower = 0, upper = 1> sensl;
real<lower = 0, upper = 1> sens2;
real<lower = 0, upper = 1> specl;
real<lower = 0, upper = 1> spec2;

real<lower = 0, upper = 1> jsens;
real<lower = 0, upper = 1> jspec;
inv_logit(b[1]);
inv_logit(b[2]);
jsens = inv_logit(b[31);

sensli

sens?2
specl = inv_logit(b[4]);

spec2 = inv_logit(b[5]);
jspec = inv_logit(b[6]);}
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B.3 Simulation study

R code for implementing simulation study evaluating the performance of the Bayesian
meta-regression model. The model specification is described in Section 5.3.1 and the

data generation mechanism in Section 5.3.4.1.

## Load packages
library(foreign)
library(boot)
library (MASS)
library(coda)
library(rstan)
library(purrr)
library(furrr)

library(parallel)

## Stan options

rstan_options(auto_write = TRUE)

## FUNCTION: Simulate a single data set -~————-———"---""""""""——————
# Define a function to simulate a single data set
simulate_data <- function(extra, sensl, sens2, sensl2, specl, spec2,
specl2, nstudies) {
disease <- 1list() # create list for diseased cohort
nodisease <- list() # create list for non-diseased cohort
for (i in 1:nstudies) {
# Prevalence
prev <- runif(1, 0.30, 0.50)
# Total number of patients
n <- floor(runif (1, 40, 134))
# Number of patients with disease
nl <- round(n * prev) # number of patients with disease
# Number of patients without disease
n0 <- n - nl # number of patients without disease
# Between-studies model
logit_sensl <- logit(sensl) # logit transform sens & spec

logit_sens2 <- logit(sens2)
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logit_sens12 <- logit(sens12)

logit_specl <- logit(specl)

logit_spec2 <- logit(spec?2)

logit_specl2 <- logit(specl2)

theta <- c(logit_sensl, logit_sens2, logit_sensl2,
logit_specl, logit_spec2, logit_specl2)

S <- matrix(c(0.2, 0, 0, 0, 0, O,
0, 0.2, 0, 0, 0, O,
0, 0, 0.2, 0, O, O,
0, 0, 0, 0.2, 0, O,
0, 0, 0, 0, 0.2, 0,
0, 0, 0, 0, 0, 0.2), byrow = TRUE, nrow = 6)

R <- matrix(c(1, -0.15, -0.15, -0.15, -0.15, -0.15,
-0.15, 1, -0.15, -0.15, -0.15, -0.15,
-0.15, -0.15, 1, -0.15, -0.15, -0.15,
-0.15, -0.15, -0.15, 1, -0.15, -0.15,
-0.15, -0.15, -0.15, -0.15, 1, -0.15,
-0.15, -0.15, -0.15, -0.15, -0.15, 1),

byrow = TRUE, nrow = 6)

tau <= S %*% R %*% S # fix matrix for all scenarios

eta <- mvrnorm(1l, theta, tau)

# Upper bound for joint accuracy measures

# Joint sensitivity

if (etal3] > etall] | etal3] > etal2]) {

etal[3] <- min( etal[l1l], etal2] )

b

# Joint specificity

if (etal[6] > etal[4] | etal6] > etal5]) {

etal[6] <- min( etal[4], etal5] )

b

# Within-study model

# Diseased cohort

# Proportion of patients with each combination of test results

pl_11 <- inv.logit(eta[3])

pl_10 <- inv.logit(eta[1]) - p1_11

pl1_01 <- inv.logit(eta[2]) - pi_11
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pl_00 <- 1 - p1_11 - p1_10 - p1_01
if (p1_11 + p1_10 + p1_01 > 1) {
# condition to prevent negative probabilities
a <- abs(1 - (p1_11 + p1_10 + p1_01))
pl_11 <- p1_11 - a/3
pl_10 <- p1_10 - a/3
pl_01 <- p1_01 - a/3
pl1_00 <= 0
}
probl <- c(p1_00, p1_01, p1_10, pl_11)
x1 <- rmultinom(l, nl, probl) # multinomial distribution
disease[[i]] <- x1 # add to data list
# Non-diseased cohort
# Proportion of patients with each combination of test results
p0_00 <- inv.logit(etal6])
p0_10 <- inv.logit(eta[5]) - p0_00
p0_01 <- inv.logit(eta[4]) - p0_00
pO_11 <- 1 - p0_00 - p0_10 - p0_01
if (p0_00 + p0_10 + p0_01 > 1) {
# condition to prevent negative probabilities
b <- abs(l1 - (p0_00 + p0_10 + p0_01))
pO_11 <= 0
p0_10 <- p0_10 - b/3
p0_01 <- p0_01 - b/3
p0_00 <- p0_00 - b/3
}
prob0 <- c(p0_00, p0_01, p0_10, pO_11)
x0 <- rmultinom(l, n0O, prob0) # multinomial distribution
nodisease[[i]] <- x0 # add to data list
}
# Transform lists to data frames
datal <- do.call(cbind, disease) # transform list to data frame
data0 <- do.call(cbind, nodisease)
# Format data frames
# Transpose data frames

datal <- t(datal)
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data0 <- t(data0)

# Generate ID variable

id <- 1:nrow(datal)

datal <- cbind(id = id, datal) # add id variable to data frames

data0 <- cbind(id = id, data0)

# Merge data frames using ID variable

data <- merge(datal, data0, by = "id")

# Rename columns

colnames(data) <- c("id", "x1_00", "x1_01", "x1_10", "x1_11",
"x0_00", "x0_01", "x0_10", "x0_11")

# Calculate number of diseased and non-diseased patients

data$nl <- data$x1_00 + data$x1_01 + data$x1_10 + data$xi_11

data$n0 <- data$x0_00 + data$x0_01 + data$x0_10 + data$x0_11

data$tp.1 <- data$x1_10 + data$xi_11

data$tp.2 <- data$x1_01 + data$xi_11

data$tn.1 <- data$x0_00 + data$x0_01

data$tn.2 <- data$x0_00 + data$x0_10

# Return data in list

return(list(data = data))

## FUNCTION: Fit model to data set - ——-——--—---""—-"""""""""""-"--—
# Define a function to fit binomial model to data set
fit_model <- function(data, nstudies, warmup, iter) {
# Extract data from list returned by simulate data function
data <- data$data
# Build data list for Stan
data_binomial <- list(tp = cbind(data$tp.l, data$tp.2),
tn = cbind(data$tn.1, data$tn.2),
disease = data$nl, nodisease = data$nO,
Ns = nstudies)
# Generate initial values from data
data$sel <- data$tp.1 / data$nl
data$se2 <- data$tp.2 / data$nl
data$spl <- data$tn.l / data$nO
data$sp2 <- data$tn.2 / data$no
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bl <- logit(mean(data$sel))

b2 <- logit(mean(data$se2))

b3 <- logit(mean(data$spl))

b4 <- logit(mean(data$sp2))

# Build initial value list for Stan

init_binomiall <- list(z = structure(.Data = rep(0, (nstudiesx*4)),
.Dim = c(nstudies,4)),
tau = rep(0.2,4), rr = -0.15,
b = c(bl, b2, b3, b4d))

init_binomial2 <- list(z = structure(.Data = rep(0, (nstudiesx*4)),

.Dim = c(nstudies,4)),

tau = rep(0.1,4), rr = -0.20,

b = c(b1-0.1, b2-0.1, b3-0.1, b4-0.1))
init_binomial3 <- list(z = structure(.Data = rep(0, (nstudies*4)),

.Dim = c(nstudies,4)),

tau = rep(0.3,4), rr = -0.10,

b = c(b1+0.1, b2+0.1, b3+0.1, b4+0.1))
init_binomial <- list(init_binomiall, init_binomial?2,

init_binomial3)
# Sample from the posterior distribution

binomial <- stan(

file = ’model_binomial.stan’,
data = data_binomial,
init = init_binomial,

chains = 3,

warmup = warmup,

iter = iter,

cores = 3,

seed = 1234,

control = list(adapt_delta = 0.99, stepsize = 0.1))
# Return results in a list

return(list(binomial = binomial))

## FUNCTION: Extract relevant results -—-—--——————-—H——-"—"—-"""""""""-"--

# Define a function to extract relevant results at each
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# iteration of simulation study
extract_results <- function(data, nstudies, warmup, iter) {
# Fit model
fit.model <- fit_model(data = data, nstudies = nstudies,
warmup = warmup, iter = iter)
# Create data frame of results from each iteration of sampler
all.chains <- data.frame(fit.model[["binomial"]]
@sim[["samples"]][[1]1]1)
# Calculate posterior summaries
# Mean
sens.l <- mean(all.chains$sensl)
sens.2 <- mean(all.chains$sens?)
spec.1l <- mean(all.chains$specl)
spec.2 <- mean(all.chains$spec?2)
joint.sens <- mean(all.chains$jsens)
joint.spec <- mean(all.chains$jspec)
# Standard deviation
sens.sd.l <- sd(all.chains$sensi)
sens.sd.2 <- sd(all.chains$sens?2)
spec.sd.1 <- sd(all.chains$specl)
spec.sd.2 <- sd(all.chains$spec2)
joint.sens.sd <- sd(all.chains$jsens)
joint.spec.sd <- sd(all.chains$jspec)
# Median
sens.med.l <- median(all.chains$sensl)
sens.med.2 <- median(all.chains$sens2)
spec.med.l <- median(all.chains$specl)
spec.med.2 <- median(all.chains$spec?2)
joint.sens.med <- median(all.chains$jsens)
joint.spec.med <- median(all.chains$jspec)
# Lower credible interval
sens.1lb.1 <- quantile(all.chains$sensl, .025)
sens.1lb.2 <- quantile(all.chains$sens2, .025)
spec.lb.1l <- quantile(all.chains$specl, .025)
spec.1b.2 <- quantile(all.chains$specl, .025)
joint.sens.lb <- quantile(all.chains$jsens, .025)
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joint.spec.lb <- quantile(all.chains$jspec, .025)

# Upper credible interval

sens.ub.1l <- quantile(all.
sens.ub.2 <- quantile(all.
spec.ub.l <- quantile(all.
spec.ub.2 <- quantile(all.

chains$sensi,
chains$sens?2,
chains$specl,

chains$spec2,

.975)
.975)
.975)
.975)

joint.sens.ub <- quantile(all.chains$jsens, .975)

joint.spec.ub <- quantile(all.chains$jspec, .975)

# Create data frame of posterior summaries

extract.results <-

data.frame(sens.1l, sens.2, spec.l, spec.2,

joint.sens, joint.spec,

sens.sd.1l, sens.sd.2, spec.sd.l,

joint.sens.sd, joint.spec.sd,

sens.med.1l, sens.med.2, spec.med.

joint.sens.med, joint.spec.med,

sens.1lb.1, sens.1b.2, spec.1lb.1,

joint.sens.1lb, joint.spec.lb,

sens.ub.1, sens.ub.2, spec.ub.1,

joint.sens.ub, joint.spec.ub)

spec.sd.2,

1, spec.med.2,

spec.1b.2,

spec.ub.2,

## FUNCTION: Calculate study performance measures —-—-—-—-——-—-——————-—-—----

# Calculate simulation study performance measures

summary_stats <- function(sim.results, sensl, sens2, sensl2,

specl, spec2, specl2, nSim) {

# Calculate study performance measures

# Sensitivity, test 1

sens.l.bias <- sum(abs(sim.results$sens.1 - sensl )) / nSim

sens.l.rmse <- sqrt(sum((sim.results$sens.l - sensl)”2) / nSim)

sim.results$cov.l <- (sim.results$sens.lb.l <= sensl) *

(sensl <= sim.results$sens.ub.1)

sens.l.cov <- sum(sim.results$cov.1) / nSim

# Sensitivity, test 2

sens.2.bias <- sum(abs(sim.results$sens.2 - sens2)) / nSim

sens.2.rmse <- sqrt(sum((sim.results$sens.2 - sens2)~2) / nSim)
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sim.results$cov.2 <- (sim.results$sens.lb.2 <= sens2) *
(sens2 <= sim.results$sens.ub.2)
sens.2.cov <- sum(sim.results$cov.2) / nSim
# Specificity, test 1
spec.l.bias <- sum(abs(sim.results$spec.l - specl)) / nSim
spec.l.rmse <- sqrt(sum((sim.results$spec.1l - specl)”~2) / nSim)
sim.results$cov.3 <- (sim.results$spec.lb.l <= specl) x*
(specl <= sim.results$spec.ub.1)
spec.l.cov <- sum(sim.results$cov.3) / nSim
# Specificity, test 2
spec.2.bias <- sum(abs(sim.results$spec.2 - spec2)) / nSim
spec.2.rmse <- sqrt(sum((sim.results$spec.2 - spec2)~2) / nSim)
sim.results$cov.4 <- (sim.results$spec.lb.2 <= spec2) *
(spec2 <= sim.results$spec.ub.2)
spec.2.cov <- sum(sim.results$cov.4) / nSim
# Joint sensitivity
joint.sens.bias <- sum(abs(sim.results$joint.sens - sensl2))
/ nSim
joint.sens.rmse <- sqrt(sum((sim.results$joint.sens - sensi2)"2)
/ nSim)
sim.results$cov.7 <- (sim.results$joint.sens.lb <= sensl2) x*
(sens12 <= sim.results$joint.sens.ub)
joint.sens.cov <- sum(sim.results$cov.7) / nSim
# Joint specificity
joint.spec.bias <- sum(abs(sim.results$joint.spec - specl2))
/ nSim
joint.spec.rmse <- sqrt(sum((sim.results$joint.spec - specl2)”2)
/ nSim)
sim.results$cov.8 <- (sim.results$joint.spec.lb <= specl2) *
(specl2 <= sim.results$joint.spec.ub)
joint.spec.cov <- sum(sim.results$cov.8) / nSim
# Return list of summaries of performance measures
sum.stats <-
list(sens.1.bias = sens.l.bias, sens.l.rmse = sens.l.rmse,
sens.l.cov = sens.l.cov, sens.2.bias = sens.2.bias,

sens.2.rmse = sens.2.rmse, sens.2.cov = sens.2.cov,
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spec.1l.bias = spec.l.bias, spec.l.rmse = spec.l.rmse,
spec.l.cov = spec.l.cov, spec.2.bias = spec.2.bias,
spec.2.rmse = spec.2.rmse, sSpec.2.Cov = spec.2.cov,
joint.sens.bias = joint.sens.bias,

joint.sens.rmse = joint.sens.rmse,

joint.sens.cov = joint.sens.cov,

joint.spec.bias = joint.spec.bias,

joint.spec.rmse = joint.spec.rmse,

joint.spec.cov = joint.spec.cov)

## FUNCTION: Run simulation study --—————--—---"""""""""""""""77"7-7-—=
# Define function to run simulation study: simulate nSim data
# sets, fit model to each data set, extract relevant results at
# each iteration and calculate performance measures
run_simulation_study <- function(nSim, nstudies,sensl, sens2,
sens12, specl, spec2, specl2,
warmup, iter) {
# Simulate nSim data sets
data <- lapply(X <- 1:nSim, FUN = simulate_data,
nstudies = nstudies, sensl = sensl,
sens2 = sens2, sensl2 = sensl2, specl = specl,
spec2 = spec2, specl2 = specl2)
# Fit binomial model to each data set and extract results
sim.results <- do.call(rbind.data.frame,
mclapply (X <- data,FUN = extract_results,
nstudies = nstudies,
warmup = warmup, iter = iter))
# Calculate simulation study performance measures
sum.stats <-

summary_stats(sim.results = sim.results, sensl = sensl,

sens2 sens2, sensl2 sensl12, specl = specl,

spec2 = spec2, specl2 = specl2, nSim = nSim)
# Return data set of relevant results and summary statistics

return(list(sim.results = sim.results, sum.stats = sum.stats))

by
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## ANALYSIS: Run simulation and summarise model performance ———---—-
# Run simulation study for a specified number of iterations and

# summarise model performance

# Set seed for reproducibility

set.seed(1234)

# Run simulation study

# Strong within-study associations, high sens and high spec

ptm <- proc.time() # start the clock

simulation.1 <-

run_simulation_study(nSim = 1000, nstudies = 18, sensl = 0.8,

sens2 = 0.8, sensl2 = 0.8, specl = 0.8,
spec2 = 0.8, specl2 = 0.8, warmup = 1000,
iter = 5000)

proc.time()-ptm # stop the clock

# Display performance measures
simulation.1[["sum.stats"]]

# Save simulation results as R data file
results.simulation <- simulation.1[["sim.results"]]

save(results.simulation, file = "simulation_1.RData")
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B.4 Convergence diagnostics for the meta-
regression model
Figure B.1: Trace plots obtained from the meta-regression analysis fit to a simu-

lated data set assuming high sensitivities and specificities with strong within-study
associations.
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Figure B.2: Density plots obtained from the meta-regression analysis fit to a sim-
ulated data set assuming high sensitivities and specificities with strong within-study
associations.
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Figure B.3: Autocorrelation plots obtained from the meta-regression analysis fit to
a simulated data set assuming high sensitivities and specificities with strong within-
study associations
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Appendix C

C.1 Bootstrapping method for bivariate copula

models

R code for double bootstrap method, used to obtain estimates of the bivariate copula
dependence parameters using individual participant data reconstructed from full
cross-classifications from a single study. Where cross-classified data are available
across all studies, the function below should be looped over each study to obtain a

pair of copula dependence parameters per study. More detail on the double bootstrap

method is available in Section 6.4.5.

bootstrap_copula <- function (df, Nb, copula) {

# df = dataframe containing IPD, Nb

names (df) <- paste(c(‘n1_00’, ‘n1_01’, ‘nl1_10’, ‘nl_11’,
‘n0_01’, ‘n0_10’, ‘n0_11’))
s <- length(df$n1_00) # number of observations in the data
tpl <- tp2 <- tnl <- tn2 <- array(l, Nb) # array of ones
for (k in 1:Nb) {
while ((tpllk]==1 && tp2[k]==1) |

sam <-

boot.
boot.
boot.
boot.
boot.
boot.
boot.

N O O N

sample(s, replace = TRUE)

‘n0_00",

df$n1_00[sam]
df$n1_01[sam]
df$ni1_10[sam]
df$ni_11[sam]
df$n0_00 [sam]
df$n0_01[sam]
df$n0_10[sam]
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boot.8 <- df$n0_11[sam]
tpl[k] <- sum(boot.3 + boot.4)
tp2[k] <- sum(boot.2 + boot.4)
tnl[k] <- sum(boot.5 + boot.6)
tn2[k] <- sum(boot.5 + boot.7)}}
11ik1 <- function(p) - sum(dbinom(tpl, prob = p, size = s,
log = TRUE))
11ik2 <- function(p) - sum(dbinom(tp2, prob = p, size = s,
log = TRUE))
11ik3 <- function(p) - sum(dbinom(tnl, prob = p, size = s,
log = TRUE))
11ik4 <- function(p) - sum(dbinom(tn2, prob = p, size = s,
log = TRUE))
p.tpl.hat <- optimize(1likl, c(0,1))3$min
p.tp2.hat <- optimize(11lik2, c(0,1))3$min
p.tnl.hat <- optimize(11lik3, c(0,1))3$min
p.tn2.hat <- optimize(1lik4, c(0,1))3$min
u.tp <- as.numeric(pbinom(tpl, s, p.tpl.hat))
u.tp.1l <- as.numeric(pbinom(tpl - 1, s, p.tpl.hat))
v.tp <- as.numeric(pbinom(tp2, s, p.tp2.hat))
v.tp.1 <- as.numeric(pbinom(tp2 - 1, s, p.tp2.hat))
u.tn <- as.numeric(pbinom(tnl, s, p.tnl.hat))
u.tn.1l <- as.numeric(pbinom(tnl - 1, s, p.tnl.hat))
v.tn  <- as.numeric(pbinom(tn2, s, p.tn2.hat))
v.tn.1l <- as.numeric(pbinom(tn2 - 1, s, p.tn2.hat))
if (copula == "gauss") {
fA <- function(thetal) {-sum(log(cop.pmf(thetal, u.tp, v.tp,
u.tp.1, v.tp.1, "gauss")))}
fB <- function(theta2) {-sum(log(cop.pmf(theta2, u.tn, v.tn,
u.tn.1, v.tn.1, "gauss")))}
optfl <- nlminb(c(.2), fA, lower = -.99, upper = .99,
control = list(iter.max = 1000, eval.max = 1000))
optf2 <- nlminb(c(.2), fB, lower = -.99, upper = .99,
control = list(iter.max = 1000, eval.max = 1000))
} else if (copula == "frank") {

fA <- function(thetal) {-sum(log(cop.pmf(thetal, u.tp, v.tp,
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u.tp.1, v.tp.1, "frank")))}

fB <- function(theta2) {-sum(log(cop.pmf(theta2, u.tn, v.tn,
u.tn.1, v.tn.1, "frank")))}

optfl <- nlminb(c(.2), fA,

control = list(iter.max = 1000, eval.max = 1000))
optf2 <- nlminb(c(.2), £B,
control = list(iter.max = 1000, eval.max = 1000))

else if (copula == "gumbel") {

fA <- function(thetal) {-sum(log(cop.pmf(thetal, u.tp, v.tp,
u.tp.1, v.tp.1, "gumbel")))}

fB <- function(theta2) {-sum(log(cop.pmf(theta2, u.tn, v.tn,
u.tn.1, v.tn.1, "gumbel")))}

optfl <- nlminb(c(.2), fA, lower = 1,

control = list(iter.max = 1000, eval.max = 1000))
optf2 <- nlminb(c(.2), fB, lower = 1,
control = list(iter.max = 1000, eval.max = 1000))

else if (copula == "clayton") {
fA <- function(thetal) {-sum(log(cop.pmf(thetal, u.tp, v.tp,
u.tp.1, v.tp.1, "clayton")))}
fB <- function(theta2) {-sum(log(cop.pmf(theta2, u.tn, v.tn,
u.tn.1, v.tn.1, "clayton")))}
optfl <- nlminb(c(.2), fA, lower = 0.01,

control = list(iter.max = 1000, eval.max = 1000))
optf2 <- nlminb(c(.2), fB, lower = 0.01,
control = list(iter.max = 1000, eval.max = 1000))

else if (copula == "clayton180") {

fA <- function(thetal) {-sum(log(cop.pmf(thetal, u.tp, v.tp,
u.tp.1, v.tp.1, "clayton180")))}

fB <- function(theta2) {-sum(log(cop.pmf(theta2, u.tn, v.tn,
u.tn.1, v.tn.1, "clayton180")))}

optfl <- nlminb(c(.2), fA, lower = 0.01,

control = list(iter.max = 1000, eval.max = 1000))
optf2 <- nlminb(c(.2), fB, lower = 0.01,
control = list(iter.max = 1000, eval.max = 1000))

else {

print("Invalid choice of copula")
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}
return(list(thetafl = optfi$par, thetaf2 = optf2$par,

diagl = optfl$convergence,

diag2 = optf2$convergence))}
# Gaussian copula PDF
pbvncop <- function(u, v, cpar) {
# Boundary corrections to prevent NalN
ull - u < 1.e-9] <- 1-1.e-9
v[l - v < 1.e-9] <- 1-1.e-9
ufu < 1.e-9] <- 1.e-9
viv < 1.e-9] <- 1.e-9
t <- gnorm(u)
s <- qnorm(v)
cdf <- pbivnorm(t, s, cpar)
cdf}

# Frank copula PDF
pfrank <- function(u, v, cpar) {
cdf <- -1 / cpar * loglp((expml((-cpar * u)) *
(expml(-cpar * v)) / (expml(-cpar))))
cdf}

# Gumbel copula PDF

pgumbel <- function(u, v, cpar) {
cdf <- exp(-((-log(u))“cpar + (-log(v)) cpar) (cpar~-1))
cdf}

# Clayton copula PDF

pclayton <- function(u, v, cpar) {
cdf <- (u~(-cpar) + v~ (-cpar) - 1)°(-1 / cpar);
cdf}

# Claytonl180 PDF

pclayton180 <- function(u, v, cpar) {
cdf <-u+v -1+ ((1-u)~(-cpar) +

203



(1-v)~(-cpar) - 1)°(-1 / cpar);
cdf}

cop.pmf <- function(theta, u, v, ul, vl, copula) {
if (copula == "gauss") {
pmf <- pbvncop(u, v, theta) - pbvncop(ul, v, theta) {
pbvncop(u, v1, theta) + pbvncop(ul, vl, theta)
} else if (copula == "frank") {
pmf <- pfrank(u, v, theta) - pfrank(ul, v, theta) {
pfrank(u, vl, theta) + pfrank(ul, vl, theta)
} else if (copula == "gumbel") {
pmf <- pgumbel(u, v, theta) - pgumbel(ul, v, theta) {
pgumbel (u, v1, theta) + pgumbel(ul, v1, theta)
} else if (copula == "clayton") {
pmf <- pclayton(u, v, theta) - pclayton(ul, v, theta) {
pclayton(u, v1, theta) + pclayton(ul, vi, theta)
} else if (copula == "claytonl80") {
pmf <- pclayton180(u, v, theta) - pclayton180(ul, v, theta) {
pclayton180(u, v1, theta) + pclaytoni80(ul, v1, theta)
} else {
print("Invalid choice of copula")l}}

C.2 Bivariate copula models for joint meta-
analysis of diagnostic accuracy data on two

tests

Stan code for implementing the novel Bayesian meta-analysis models for synthesising
diagnostic accuracy data on two tests evaluated using a paired study design, in which
all patients undergo both tests plus a reference standard. The model specification
is described in Section 6.4.4. Five types of bivariate copula capture within-study
dependencies between two tests: Gaussian, Frank, Gumbel, Clayton and Clayton

180°.

functions {

// Gaussian copula CDF
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real fcop(real theta, real ul, real u2) {
real z1 = inv_Phi(ul);
real z2 = inv_Phi(u2);
if (z1 =0 || z2 '=0) {
real denom = fabs(theta) < 1.0 ? sqrt((1 + theta) *
(1 - theta)) : not_a_number();
(z2 / z1 - theta) / denom;
(z1 / z2 - theta) / denom;

real al

real a2
real product = zl * z2;
real delta = product < O || (product == 0 && (z1 + z2) < 0);
return 0.5 * (ul + u2 - delta) - owens_t(zl, al) -
owens_t(z2, a2); }
return 0.25 + asin(theta) / (2 * pi());}

// Frank copula CDF
real fcop2(real theta, real ul, real u2) {
return -1 / theta * loglp((expml(-theta * ul)) x*
(expml(-theta * u2)) / (expml(-theta)));}

// Gumbel copula CDF
real fcop3(real theta, real ul, real u2) {
real neg_log_ul;
real neg_log_u2;
neg_log_ul = -log(ul);
neg_log_u2 = -log(u2);
return exp(-(neg_log_ul~theta +
neg_log_u2”theta) (1 / theta));}

// Clayton copula CDF
real fcop4(real theta, real ul, real u2) {
return (ul”(-theta) + u2~(-theta) - 1) (-1 / theta);}

// Clayton180 copula CDF
real fcopb(real theta, real ul, real u2) {
return ul + u2 - 1 + ((1 - ul)"(-theta) +
(1 - u2)~(-theta) - 1)°(-1 / theta);}
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real Bivfcop_lpmf(int[] r, int n, real theta, vector p) {
vector[2] f;
vector[2] f1;
real prob;
for(i in 1:2) {
f1[i] = binomial_cdf(r[i] - 1| n, pl[il);
if (£1[i] > 1-1.e-9) f1[i] = 1-1.e-9;
if (f1[i] < 1.e-9) f1[i] 1.e-9;
f[i] = binomial_cdf(r[i] | n, plil);
if (£[i] > 1-1.e-9) f[i] 1-1.e-9;
if (£f[i] < 1.e-9) f[i] = 1.e-9; }
fcop(theta,f[1],f[2]) - fcop(theta,f[1],f1[2]) -
fcop(theta,f1[1],f[2]) + fcop(theta,f1[1],f1[2]);
return log(prob);}}

prob

data {
int<lower = 0> Ns;
int<lower = 0> tp[Ns,2]; //2x2 data on each test

int<lower = 0> tn[Ns,2];
int<lower = 0> disease[Ns];
int<lower = 0> nodisease[Ns];

real thetal; //copula dependence parameters
real theta2;}

parameters {
real rr;
vector[4] b;
vector<lower = 0>[4] tau;
vector[4] z[Ns];}

transformed parameters {
cov_matrix[4] Tau;
cholesky_factor_cov[4] L;
vector[4] mul[Ns];
vector<lower = 0, upper = 1>[4] p[Ns];
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real<lower = -1, upper = 1> rho;
rho = tanh(rr);
for (j in 1:4) {
Taulj,jl = tauljl~2;
for (k in (j+1):4) {
Taulj,k] = tauljl=*taulk]*rho;
Taulk, jl = Taulj,k];}}
L = cholesky_decompose(Tau) ;
//non-centred parameterisation
for (i in 1:Ns) {
muli] = b + (Lxz[i]);
plil = inv_logit(mul[il);}}

model {
//priors
rr ~ normal(0,0.8);
b ~ normal(0,10);
tau ~ normal(0,2.5);
for (i in 1:Ns) {
z[i] ~ std_normal();
//1likelihoods
target += Bivfcop_lpmf(tp[i,1:2] | diseasel[il],
thetal, pl[i,1:2]);
target += Bivfcop_lpmf(tn[i,1:2] | nodiseasel[i],
theta2, pl[i,3:41);3}}

generated quantities {

real<lower = 0, upper = 1> sensl;
real<lower = 0, upper = 1> sens2;
real<lower = 0, upper = 1> specl;
real<lower = 0, upper = 1> spec2;
sensl = inv_logit(b[1]);
sens2 = inv_logit(b[2]);
specl = inv_logit(b[3]);

spec2 = inv_logit(b[4]);

vector [Ns] log_lik;
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for (n in 1:Ns) {
//monitor log-likelihood to calculate WAIC post-estimation
log_lik[n] = Bivfcop_lpmf(tp[n,1:2] | disease[n],

thetal, pln,1:2]1);}}

C.3 Convergence diagnostics for the meta-

regression model

Figure C.1: Trace plots obtained from the meta-regression analysis comparing the
diagnostic accuracy of amyloid-5 and phosphorylated tau.
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Figure C.2: Density plots obtained from the meta-regression analysis comparing
the diagnostic accuracy of amyloid-£ and phosphorylated tau.
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Figure C.3: Autocorrelation plots obtained from the meta-regression analysis com-
paring the diagnostic accuracy of amyloid-3 and phosphorylated tau. Autocorrela-
tion is averaged over the three chains.
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C.4 Convergence diagnostics for the bivariate

Gaussian copula meta-analysis model

Figure C.4: Trace plots obtained from the bivariate Gaussian copula meta-analysis
comparing the diagnostic accuracy of amyloid-g and phosphorylated tau.
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Figure C.5: Density plots obtained from the bivariate Gaussian copula meta-
analysis comparing the diagnostic accuracy of amyloid-3 and phosphorylated tau.
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Figure C.6: Autocorrelation plots obtained from the bivariate Gaussian copula
meta-analysis comparing the diagnostic accuracy of amyloid-f and phosphorylated
tau. Autocorrelation is averaged over the three chains.
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Convergence diagnostics for the bivariate

Frank copula meta-analysis model

Figure C.7: Trace plots obtained from the bivariate Frank copula meta-analysis
comparing the diagnostic accuracy of amyloid-5 and phosphorylated tau.
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Figure C.8: Density plots obtained from the bivariate Frank copula meta-analysis
comparing the diagnostic accuracy of amyloid-8 and phosphorylated tau.
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Figure C.9: Autocorrelation plots obtained from the bivariate Frank copula meta-
analysis comparing the diagnostic accuracy of amyloid-# and phosphorylated tau.
Autocorrelation is averaged over the three chains.
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C.6 Convergence diagnostics for the bivariate

Gumbel copula meta-analysis model

Figure C.10: Trace plots obtained from the bivariate Gumbel copula meta-analysis
comparing the diagnostic accuracy of amyloid-g and phosphorylated tau.
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Figure C.11: Density plots obtained from the bivariate Gumbel copula meta-
analysis comparing the diagnostic accuracy of amyloid-3 and phosphorylated tau.
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Figure C.12: Autocorrelation plots obtained from the bivariate Gumbel copula
meta-analysis comparing the diagnostic accuracy of amyloid-f and phosphorylated
tau. Autocorrelation is averaged over the three chains.
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Figure C.13: Trace plots obtained from the bivariate Clayton copula meta-analysis
comparing the diagnostic accuracy of amyloid-5 and phosphorylated tau.
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Figure C.14: Density plots obtained from the bivariate Clayton copula meta-
analysis comparing the diagnostic accuracy of amyloid-3 and phosphorylated tau.
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Figure C.15: Autocorrelation plots obtained from the bivariate Clayton copula
meta-analysis comparing the diagnostic accuracy of amyloid-8 and phosphorylated
tau. Autocorrelation is averaged over the three chains.
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C.8 Convergence diagnostics for the bivariate

Clayton 180°copula meta-analysis model

Figure C.16: Trace plots obtained from the bivariate Clayton 180°copula meta-
analysis comparing the diagnostic accuracy of amyloid-5 and phosphorylated tau.
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Figure C.17: Density plots obtained from the bivariate Clayton 180°copula meta-
analysis comparing the diagnostic accuracy of amyloid-3 and phosphorylated tau.
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Figure C.18: Autocorrelation plots obtained from the bivariate Clayton 180°copula
meta-analysis comparing the diagnostic accuracy of amyloid-f and phosphorylated
tau. Autocorrelation is averaged over the three chains.
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Appendix D

D.1 Bootstrapping method for trivariate copula

models

R code for double bootstrap method, used to obtain estimates of the trivariate copula
dependence parameters using individual participant data reconstructed from full
cross-classifications from a single study. The function below should be looped over
cross-classified data for each study to obtain a pair of copula dependence parameters

per study. More detail on the double bootstrap method is available in Section 7.4.4.

pfrank <- function(u, v, w, cpar) {
cdf <- -1 / cpar * loglp((expml((-cpar*u)) *
(expml (-cpar*v)) * (expml(-cpar*w)) / ((expml(-cpar))~2)))
cdf}

pgumbel <- function(u, v, w, cpar) {
cdf <- exp(-((-log(u)) ~cpar + (-log(v)) cpar +
(-log(w)) “cpar) "~ (cpar~-1))
cdf}

pclayton <- function(u, v, w, cpar) {
cdf <- (u~(-cpar) + v~ (-cpar) + w” (-cpar) - 2)"(-1 / cpar);
cdf}

cop.pmf <- function(theta, u, v, w, ul, vl, wil, copula) {
if (copula == "frank") {
pmf <- pfrank(u, v, w, theta) - pfrank(ul, v, w, theta) -
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pfrank(u, vl, w, theta) - pfrank(u, v, wl, theta) +
pfrank(ul, v1, w, theta) + pfrank(u, vl, wl, theta) +
pfrank(ul, v, wl, theta) - pfrank(ul, vi, wl, theta)
} else if (copula == "gumbel") {
pmf <- pgumbel(u, v, w, theta) - pgumbel(ul, v, w, theta) -
pgumbel (u, v1, w, theta) - pgumbel(u, v, wl, theta) +
pgumbel(ul, vi, w, theta) + pgumbel(u, vl, wl, theta) +
pgumbel (ul, v, wl, theta) - pgumbel(ul, vl1, wl, theta)
} else if (copula == "clayton") {
pmf <- pclayton(u, v, w, theta) - pclayton(ul, v, w, theta) -
pclayton(u, vi, w, theta) - pclayton(u, v, wl, theta) +
pclayton(ul, vi, w, theta) + pclayton(u, vl, wl, theta) +
pclayton(ul, v, wil, theta) - pclayton(ul, vi, wil, theta)
} else {
print("Invalid choice of copula")}}

bootstrap_copula <- function (df, Nb, copula) {
# df = dataframe containing IPD, Nb = number of bootstrap samples
names (df) <- paste(c(’n1_00’, ’n1_01’, ’nl1_10’, ’nl1_11’,
’n0_00’, ’n0_01’, ’n0_10’, ’n0_11’))

s <- length(df$n1_00) # number of observations in the data
tpl <= tp2 <- x1_11 <- tnl <- tn2 <- x0_00 <- array(l, Nb)
for (k in 1:Nb) {

while ((tpll[k] == 1 && tp2[k] == 1 && x1_11[k] == 1) |

(tn1lk] == 1 && tn2[k] == 1 && x0_00[k] == 1)) {

sam <- sample(s, replace = TRUE)
boot.1 <- df$n1_00[sam]
boot.2 <- df$n1_01[sam]
boot.3 <- df$ni1_10[sam]
boot.4 <- df$ni_11[sam]
boot.5 <- df$n0_00 [sam]
boot.6 <- df$n0_01[sam]
boot.7 <- df$n0_10[sam]
boot.8 <- df$n0_11[sam]

tpl[k] <- sum(boot.3 + boot.4)
tp2[k] <- sum(boot.2 + boot.4)

219



x1_11[k] <- sum(boot.4)

tnl[k] <- sum(boot.5 + boot.6)
tn2[k] <- sum(boot.5 + boot.7)
x0_00[k] <- sum(boot.5)}}

11ik1

11ik2

11ik3

11ik4

11ikb

11ik6

<- function(p) -

sum(dbinom(tpl, prob = p, size =
<- function(p) -
sum(dbinom(tp2, prob = p, size =

<- function(p) -

sum(dbinom(x1_11, prob = p, size

<- function(p) -

sum(dbinom(tnl, prob = p, size =
<- function(p) -

sum(dbinom(tn2, prob = p, size =

<- function(p) -

sum(dbinom(x0_00, prob = p, size =

s, log

s, log

s, log

n
]
(@}
(0}
]

n
=
O
[0)¢]
]

s, log

TRUE) )

TRUE) )

= TRUE))

TRUE) )

TRUE) )

= TRUE))

p.tpl.hat <- optimize(1likl, c(0,1))3$min

p.tp2.hat <- optimize(11lik2, c(0,1))$min

p.x1_11.hat <- optimize(11ik3, c(0,1))$min

p.tnl.hat <- optimize(1lik4, c(0,1))3$min

p.tn2.hat <- optimize(11lik5, c(0,1))$min

p.x0_00.hat <- optimize(11lik6, c(0,1))$min

u.tp <- as.numeric(pbinom(tpl, s, p.tpl.hat))

u.tp.1 <- as.numeric(pbinom(tpl - 1, s, p.tpl.hat))
v.tp <- as.numeric(pbinom(tp2, s, p.tp2.hat))

v.tp.1 <- as.numeric(pbinom(tp2 - 1, s, p.tp2.hat))
w.tp <- as.numeric(pbinom(x1_11, s, p.x1_11.hat))
w.tp.1 <- as.numeric(pbinom(x1_11 - 1, s, p.x1_11.hat))
u.tn <- as.numeric(pbinom(tnl, s, p.tnl.hat))

u.tn.l <- as.numeric(pbinom(tnl - 1, s, p.tnl.hat))
v.tn <- as.numeric(pbinom(tn2, s, p.tn2.hat))

v.tn.1l <- as.numeric(pbinom(tn2 - 1, s, p.tn2.hat))
w.tn  <- as.numeric(pbinom(x0_00, s, p.x0_00.hat))
w.tn.1 <- as.numeric(pbinom(x0_00 - 1, s, p.x0_00.hat))
if (copula == "frank") {

fA <- function(thetal) {-sum(log(cop.pmf(thetal, u.tp, v.tp,
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w.tp, u.tp.1, v.tp.1, w.tp.1, "frank")))}

fB <- function(theta2) {-sum(log(cop.pmf(theta2, u.tn, v.tn,
w.tn, u.tn.1, v.tn.1, w.tn.1, "frank")))}

optfl <- nlminb(c(.2), fA,

control = list(iter.max = 1000, eval.max = 1000))
optf2 <- nlminb(c(.2), £B,
control = list(iter.max = 1000, eval.max = 1000))

} else if (copula == "gumbel") {
fA <- function(thetal) {-sum(log(cop.pmf(thetal, u.tp, v.tp,
w.tp, u.tp.1, v.tp.1, w.tp.1, "gumbel")))}
fB <- function(theta2) {-sum(log(cop.pmf(theta2, u.tn, v.tn,
w.tn, u.tn.1, v.tn.1, w.tn.1, "gumbel")))}
optfl <- nlminb(c(.2), fA, lower = 1,

control = list(iter.max = 1000, eval.max = 1000))
optf2 <- nlminb(c(.2), fB, lower = 1,
control = list(iter.max = 1000, eval.max = 1000))

} else if (copula == "clayton") {
fA <- function(thetal) {-sum(log(cop.pmf(thetal, u.tp, v.tp,
w.tp, u.tp.1, v.tp.1, w.tp.1, "clayton")))}
fB <- function(theta2) {-sum(log(cop.pmf(theta2, u.tn, v.tn,
w.tn, u.tn.1, v.tn.1, w.tn.1, "clayton")))}
optfl <- nlminb(c(.2), fA, lower = 0.01,

control = list(iter.max = 1000, eval.max = 1000))
optf2 <- nlminb(c(.2), fB, lower = 0.01,
control = list(iter.max = 1000, eval.max = 1000))

} else {
print("Invalid choice of copula")

}
return(list(thetafl = optfi$par, thetaf2 = optf2$par,
diagl = optfil$convergence, diag2 = optf2$convergence))
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D.2 Trivariate copula models for joint meta-
analysis of diagnostic accuracy data on two

tests

Stan code for implementing the novel Bayesian meta-analysis models for synthesising
diagnostic accuracy data on two tests evaluated using a paired study design, in which
all patients undergo both tests plus a reference standard. The model specification
is described in Section 7.4.3. Three types of trivariate copula capture within-study

dependencies between two tests: Frank, Gumbel and Clayton.

functions {
// Frank copula CDF
real fcop(real theta, real u, real v, real w) {
real a = -1 / theta * loglp((expml(-theta * u)) *
(expml (-theta * v)) * (expml(-theta * w)) /
((expml (-theta))~2));

return a;}

// Gumbel copula CDF
real fcop2(real theta, real u, real v, real w) {
real a;
real tl1 = u;
real t2 = v;
real t3 = w;
real neg_log_u;
real neg_log_v;
real neg_log_w;
if (t1 > .9999999) {t1
if (t2 > .9999999) {t2
if (3 > .9999999) {t3

.9999999;} // boundary condition
.9999999;} // boundary condition
.9999999;} // boundary condition

neg_log_u = -log(tl);
neg_log_v = -log(t2);
neg_log_w = -log(t3);

a = exp(-(neg_log_u"theta + neg_log_v~theta +
neg_log_w theta) (1 / theta));

return a;}
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// Clayton copula CDF
real fcop3(real theta, real u, real v, real w) {
real a = (u~(-theta) + v~ (-theta) +
w™(-theta) - 2)~ (-1 / theta);

return a;}

// Trivariate pmf to model binomial aggregate data jointly

real Trivfcop_lpmf(int[] r,int n, real theta, vector mu) {

real pl = inv_logit(mu[1]);

real p2 = inv_logit(mu[2]);

real p3 = inv_logit(mul[3]);

real f11 = binomial_cdf(r[1] - 1, n, pl);

real f12 = binomial_cdf(r[2] - 1, n, p2);

real f13 = binomial_cdf(r[3] - 1, n, p3);

real f1 = f11 + exp(binomial_logit_lpmf(r[1] |n, mul[1]));

real f2 = f12 + exp(binomial_logit_lpmf(r[2] |n, mul[2]));

real f3 = f13 + exp(binomial_logit_lpmf(r[3] [|n, mul[3]));

real prob = fcop2(theta,f1,f2,f3) -
fcop2(theta,f11,f2,f3) - fcop2(theta,f1,f12,f3) -
fcop2(theta,f1,f2,f13) + fcop2(theta,f11,f12,£f3) +
fcop2(theta,f1,f12,f13) + fcop2(theta,f11,f2,f13) -
fcop2(theta,f11,f12,f13);

return log(prob);l}}

data {
int<lower = 0> Ns;
int<lower = 0> x1[Ns,3]; // xldot, xdotl, x11
int<lower = 0> x0[Ns,3]; // xOdot, xdot0, x00

int<lower = 0> disease[Ns];

0> nodisease[Ns];
real thetall[Ns];
real theta2[Ns];}

int<lower

parameters {

real rr;
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vector[6] b;
vector<lower = 0>[6] tau;
vector[6] z[Ns];}

transformed parameters {
matrix[6,6] Tau;
matrix[6,6] L;
vector[6] mul[Ns];
real<lower = -1, upper = 1> rho;
rho = tanh(rr);
for (j in 1:6) {
Taulj,j]l = tauljl~2;
for (k in (j+1):6) {
Taulj,k] = tauljl=*taulk]*rho;
Taulk,jl = Taulj,k];}?}
L = cholesky_decompose(Tau) ;
//non-centred parameterisation
for (i in 1:Ns) {
muf[i] = b + Lxz[i];}}

model {

//priors

rr ~ normal(0,0.8);

b ~ normal(0,10);

tau ~ normal(0,2.5);

for (i in 1:Ns) {
z[i] ~ std_normal();
//1likelihoods
x1[1,1:3] ~ Trivfcop(disease[i], thetall[i], mul[i,1:3]);
x0[1,1:3] ~ Trivfcop(nodisease[i], theta2[i], mul[i,4:6]1);3}}

generated quantities {

real<lower = 0, upper = 1> sensl;
real<lower = 0, upper = 1> sens2;
real<lower = 0, upper = 1> specl;

real<lower = O, upper = 1> spec2;
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real<lower = 0, upper = 1> jsens;
real<lower = 0, upper = 1> jspec;
real<lower = 0, upper = 1> AND;
real<lower = 0, upper = 1> OR;

sensl = inv_logit(b[1]);
sens2 = inv_logit(b[2]);
jsens = inv_logit(b[31);
specl = inv_logit(b[4]);
spec2 = inv_logit(b[5]);
inv_logit(b[6]);

AND = jsens;

jspec

OR = sensl + sens2 - jsens;
vector [Ns] log_lik;
for (n in 1:Ns) {
//monitor log-likelihood to calculate WAIC post-estimation
log_lik[n] = Trivfcop_lpmf(x1[n,1:3] | disease[n], thetall[n],
muln,1:3]1);3}}
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D.3 Convergence diagnostics for the trivariate

Frank copula meta-analysis model

High sensitivities and specificities with moderate within-

study associations

Figure D.1: Trace plots obtained from the trivariate Frank copula meta-analysis
comparing the diagnostic accuracy of two tests. Sensitivities and specificities are
high and within-study associations are moderate.

sens1 sens2 jsens

5000 10000 15000 20000 5000 10000 15000 20000 5000 10000 15000 20000

chain
— 1
— 2
— 3

5000 10000 15000 20000 5000 10000 15000 20000 5000 10000 15000 20000
tau[1] rho

-0.
5000 10000 15000 20000 5000 10000 15000 20000

226



Figure D.2: Density plots obtained from the trivariate Frank copula meta-analysis
comparing the diagnostic accuracy of two tests. Sensitivities and specificities are
high and within-study associations are moderate.
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Figure D.3: Autocorrelation plots obtained from the trivariate Frank copula meta-
analysis comparing the diagnostic accuracy of two tests. Sensitivities and specificities
are high and within-study associations are moderate. Autocorrelation is averaged
over the three chains.
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Low sensitivities and specificities with moderate within-study

associations

Figure D.4: Trace plots obtained from the trivariate Frank copula meta-analysis
comparing the diagnostic accuracy of two tests. Sensitivities and specificities are low
and within-study associations are moderate.
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Figure D.5: Density plots obtained from the trivariate Frank copula meta-analysis
comparing the diagnostic accuracy of two tests. Sensitivities and specificities are low
and within-study associations are moderate.
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Figure D.6: Autocorrelation plots obtained from the trivariate Frank copula meta-
analysis comparing the diagnostic accuracy of two tests. Sensitivities and specificities
are low and within-study associations are moderate. Autocorrelation is averaged over
the three chains.
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D.4 Convergence diagnostics for the trivariate

Gumbel copula meta-analysis model

High sensitivities and specificities with moderate within-

study associations

Figure D.7: Trace plots obtained from the trivariate Gumbel copula meta-analysis
comparing the diagnostic accuracy of two tests. Sensitivities and specificities are
high and within-study associations are moderate.
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Figure D.8: Density plots obtained from the trivariate Gumbel copula meta-
analysis comparing the diagnostic accuracy of two tests. Sensitivities and specificities
are high and within-study associations are moderate.
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Figure D.9: Autocorrelation plots obtained from the trivariate Gumbel copula
meta-analysis comparing the diagnostic accuracy of two tests. Sensitivities and
specificities are high and within-study associations are moderate. Autocorrelation is
averaged over the three chains.
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Low sensitivities and specificities with moderate within-study

associations

Figure D.10: Trace plots obtained from the trivariate Gumbel copula meta-analysis
comparing the diagnostic accuracy of two tests. Sensitivities and specificities are low
and within-study associations are moderate.
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Figure D.11: Density plots obtained from the trivariate Gumbel copula meta-
analysis comparing the diagnostic accuracy of two tests. Sensitivities and specificities
are low and within-study associations are moderate.
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Figure D.12: Autocorrelation plots obtained from the trivariate Gumbel copula
meta-analysis comparing the diagnostic accuracy of two tests. Sensitivities and
specificities are low and within-study associations are moderate. Autocorrelation
is averaged over the three chains.
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D.5 Convergence diagnostics for the trivariate

Clayton copula meta-analysis model

High sensitivities and specificities with moderate within-

study associations

Figure D.13: Trace plots obtained from the trivariate Clayton copula meta-analysis
comparing the diagnostic accuracy of two tests. Sensitivities and specificities are high
and within-study associations are moderate.
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Figure D.14: Density plots obtained from the trivariate Clayton copula meta-
analysis comparing the diagnostic accuracy of two tests. Sensitivities and specificities
are high and within-study associations are moderate.
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Figure D.15: Autocorrelation plots obtained from the trivariate Clayton copula
meta-analysis comparing the diagnostic accuracy of two tests. Sensitivities and
specificities are high and within-study associations are moderate. Autocorrelation is
averaged over the three chains.
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Low sensitivities and specificities with moderate within-study

associations

Figure D.16: Trace plots obtained from the trivariate Clayton copula meta-analysis
comparing the diagnostic accuracy of two tests. Sensitivities and specificities are low
and within-study associations are moderate.
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Figure D.17: Density plots obtained from the trivariate Clayton copula meta-
analysis comparing the diagnostic accuracy of two tests. Sensitivities and specificities
are low and within-study associations are moderate.
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Figure D.18: Autocorrelation plots obtained from the trivariate Clayton copula
meta-analysis comparing the diagnostic accuracy of two tests. Sensitivities and
specificities are low and within-study associations are moderate. Autocorrelation
is averaged over the three chains.
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Appendix E

E.1 BMC Medical Research Methodology Paper

Manuscript currently under review at BMC Medical Research Methodol-
ogy.

238



10

11

12

13

14

15

16

17

18

19

20

21

22

Title:

Joint meta-analysis of two diagnostic tests using bivariate

copulas to model within-study dependencies

Author’s names:

Athena L Sheppard’? (ORCID: 0000-0003-1564-0740), Tasos Papanikos® (ORCID: 0000-0001-8971-
6221), Terence J Quinn* (ORCID: 0000-0003-1401-0181), Keith R Abrams>®¢ (ORCID: 0000-0002-7557-
1567), Sylwia Bujkiewicz? (ORCID: 0000-0002-3003-9403), Rhiannon K Owen® (ORCID: 0000-0001-

5977-376X)

Author’s affiliations:

1. Population Data Science, Swansea University Medical School, Swansea University, Swansea, UK

2. Biostatistics Research Group, Department of Population Health Sciences, University of Leicester,
Leicester, UK

3. GlaxoSmithKline R&D Centre, GlaxoSmithKline, Stevenage, UK

4. School of Cardiovascular & Metabolic Health, University of Glasgow, Glasgow, UK

5. Department of Statistics & Warwick Medical School (WMS), University of Warwick, Coventry,
UK

6. Centre for Health Economics, University of York, York, UK

Author’s email addresses:

ALS: athena.sheppard@swansea.ac.uk; TP: anastasios.x.papanikos@gsk.com; TJQ:
terry.quinn@glasgow.ac.uk; KRA: keith.abrams@warwick.ac.uk; SB:

sylwia.bujkiewicz@leicester.ac.uk; RKO: r.k.owen@swansea.ac.uk



10

11

12

13

14

15

16

17

18

19

20

21

Corresponding author:

Athena L Sheppard

Swansea University Medical School
Swansea University

Swansea, UK

Email: athena.sheppard@swansea.ac.uk

Declarations

Ethics approval and consent to participate

Not applicable

Consent for publication

Not applicable

Availability of data and materials

All data generated or analysed during this study are included in this published article. All statistical
code is included within the additional files and is available from GitHub

(https://github.com/athenasheppard/bivariate-copula).

Competing interests

ALS declares that she has no competing interests.

TP is an employee of GlaxoSmithKline (GSK).

TJQ was coordinating editor of Cochrane Dementia. He has received grant funding from Chief Scientist

Office, and Stroke Association for research around test accuracy in dementia.



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

KRA is a member of the National Institute for Health and Care Excellence (NICE) Diagnostics Advisory
Committee, the NICE Decision and Technical Support Units, and is a National Institute for Health
Research (NIHR) Senior Investigator Emeritus [NF-SI-0512-10159]. He has served as a paid consultant,
providing unrelated methodological and strategic advice, to the pharmaceutical and life sciences
industry generally, as well as to DHSC/NICE, and has received unrelated research funding from
Association of the British Pharmaceutical Industry (ABPI), European Federation of Pharmaceutical
Industries & Associations (EFPIA), Pfizer, Sanofi and Swiss Precision Diagnostics/Clearblue. He has also
received course fees from ABPI and the University of Bristol, and is a Partner and Director of Visible

Analytics Limited, a health technology assessment consultancy company.

SB is a member of the NICE Decision Support Unit (DSU) and the NICE Guidelines Technical Support
Unit (TSU). She has served as a paid consultant, providing methodological advice, to NICE, CROs and
pharmaceutical industry, has received payments for educational events from Roche and the University
of Bristol, funding to attend conferences from CROs and Roche, research funding from European
Federation of Pharmaceutical Industries & Associations (EEPIA) and Johnson & Johnson and research

support in kind from AstraZeneca and Roche.

RKO is a member of the National Institute for Health and Care Excellence (NICE) Technology Appraisal
Committee, member of the NICE Decision Support Unit (DSU), and associate member of the NICE
Technical Support Unit (TSU). RKO has served as a paid consultant to the pharmaceutical industry and
international reimbursement agencies, providing unrelated methodological advice generally. She
reports teaching fees from the Association of British Pharmaceutical Industry (ABPI) and the University

of Bristol.

Funding

This research was funded by the Medical Research Council, Methodology Research Panel (grant no.
MR/T025166/1) and Health Data Research UK, an initiative funded by UK Research and Innovation,

Department of Health, and Social Care (England) and the devolved administrations, and leading



10

11

12

13

14

15

16

17

18

19

20

21

medical research charities. ALS was supported by Health Data Research UK (HDRUK Studentship
(NIWA1)). SB was also supported by the NIHR Leicester Biomedical Centre (BRC). The views expressed
are those of the authors and not necessarily those of the NIHR or the Department of Health and Social
Care. RKO is supported by a Springboard award (SBF006\1122) funded by the Academy of Medical
Sciences, Wellcome Trust, Government Department of Business, Energy and Industrial Strategy,
British Heart Foundation, and Diabetes UK. ALS and RKO are supported by the Health and Care

Research Wales Evidence Centre.

Author contributions

ALS: Conceptualization, Methodology, Software, Validation, Formal analysis, Investigation, Resources,
Data Curation, Writing - Original Draft, Writing - Review & Editing, Vizualization, Project
administration. TP: Conceptualization, Methodology, Validation, Formal analysis, Investigation,
Writing - Review & Editing, Vizualization. TJQ: Conceptualization, Methodology, Validation, Formal
analysis, Investigation, Writing - Review & Editing, Vizualization, Funding acquisition. KRA:
Conceptualization, Methodology, Validation, Formal analysis, Investigation, Writing - Review &
Editing, Vizualization, Funding acquisition. SB: Conceptualization, Methodology, Validation, Formal
analysis, Investigation, Writing - Review & Editing, Visualization, Supervision, Funding acquisition.
RKO: Conceptualization, Methodology, Validation, Formal analysis, Investigation, Writing - Review &

Editing, Visualization, Supervision, Funding acquisition.

Acknowledgements

Not applicable



10

11

12

13

14

15

16

17

18

19

20

21

22

23

Abstract

Background

Several meta-analysis models have recently been proposed to synthesise data on the accuracy of two
diagnostic tests. Many of these approaches do not account for correlations between multiple tests
within the same patient group owing to a lack of reporting of fully cross-classified data, akin to
individual participant-level data, in comparative diagnostic accuracy studies. This paper describes a
novel application of copula models to capture the within-study dependencies between two diagnostic

tests evaluated in the same patient group, when cross-classified data are not available for all studies.

Methods

We developed Bayesian meta-analysis models for evaluating the accuracy of two diagnostic tests in
the same patients, using bivariate copulas to flexibly capture within-study dependencies between the
two tests. Five bivariate copula models capturing different relationships between the joint sensitivities
and specificities of the two tests were described: Gaussian, Frank, Gumbel, Clayton and Clayton
rotated 180°. The models were compared to the currently recommended meta-regression approach
for modelling two tests through their application to a motivating example in Alzheimer’s disease

dementia.

Results

The diagnostic accuracy of two cerebrospinal fluid biomarker tests, amyloid-p 42 (AB42) and total tau
(t-tau), for Alzheimer’s disease dementia were compared. AB4, and t-tau demonstrated sensitivities
of 80.9% (95% credible interval: 73.4%, 87.5%) and 76.4% (69.4%, 83.1%), respectively. Summary
specificity was 70.3% (61.3%, 78.4%) and 72.5% (63.7%, 81.3%), respectively. There was strong
evidence that the bivariate copula models resulted in a better fit compared to the meta-regression

model. The bivariate copula framework resulted in similar estimates of summary sensitivities and
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specificities to the meta-regression model, but increased precision around estimates by as much as

15%.

Conclusions

The bivariate copula approach led to improved model fit compared to the current meta-regression
method, which ignores associations between tests. This novel methodological development is
applicable to a broad range of disease areas. It aids healthcare decision-making by allowing the
comparison of two tests for the same condition while accounting for complex dependence structures
arising between multiple tests. The models relax the need for cross-classified diagnostic accuracy data,

making better use of the available evidence base.

Keywords

3-10 keywords: diagnostic test accuracy; meta-analysis; test comparison; health technology

assessment; copula; Bayesian analysis

List of abbreviations

AB, amyloid-B; BRMA, bivariate random effects meta-analysis; CDF, cumulate distribution function;
Crl, credible interval; CSF, cerebrospinal fluid; HTA, health technology assessment; IPD, individual
participant data; NICE, National Institute for Health and Care Excellence; RCT, randomised controlled
trial; STARD, Standards for Reporting of Diagnostic Accuracy Studies; TSD, Technical Support

Document; t-tau, total tau; WAIC, widely applicable information criterion
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1. Introduction

There is an increasing availability of diagnostic tests in contemporary healthcare, with clinicians
wishing to know which of the available options is ‘best’. While a diagnostic test can be
comprehensively evaluated in isolation, most clinically relevant questions are comparative in
nature.[1] Whether a novel test is sufficiently accurate to use in practice depends on the accuracy of
similar, existing tests for the same condition.[2] Furthermore, joint analysis of two or more diagnostic
tests is vital to assess the accuracy of different testing strategies and diagnostic pathways, which often

comprise of multiple components.

Meta-analysis methods allow the integration of findings from multiple studies, producing quantitative
summaries of often-variable study results. In the context of health technology assessment (HTA),
meta-analysis is a powerful tool for informing evidence-based practice.[3-4] In a meta-analysis of
multiple diagnostic tests there are two sources of association — at the between-study level and at the
within-study level. Diagnostic accuracy studies most commonly report pairs of sensitivity (the
proportion of participants with the target condition that are correctly identified by the test) and
specificity (the proportion of participants without the target condition that are correctly identified by
the test).[5] When diagnostic accuracy studies are combined in a meta-analysis, heterogeneity in
sensitivity and specificity often arises from between-study variation in patient- or study-level
characteristics, such as the measurement threshold to determine test-positivity. Such between-study
heterogeneity for both parameters generates negative association between sensitivities and
specificities, known as between-studies correlation. Test accuracy may be underestimated if such
correlation is not adequately captured.[6] When inference is focussed on point estimates of sensitivity

and specificity, this correlation is often modelled using a multivariate normal distribution.[7-8]

Unlike intervention studies, in which patients are frequently randomised to independent treatment
groups, diagnostic accuracy studies comparing two index tests often evaluate both tests in the same

patient group compared to a reference standard. Under this paired design, within-study dependencies
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arise between sensitivities and specificities of the two tests. Cross-classified tables for each study —
containing all possible combinations of test results compared to true disease status, equivalent to
individual participant data (IPD) — are typically required to account for within-study associations
between multiple tests. At present, there is a lack of clear guidance on how to best analyse data from
comparative diagnostic studies.[9] Several meta-analysis models for evaluating two or more
diagnostic tests have been proposed in recent years.[10-21] Whilst the existing models adequately
capture between-studies association, within-study association is often ignored. Models that account
for within-study dependencies often make restrictive assumptions about the distributions of the

marginal variables, and result in slow convergence and long computation times.[9]

Copula theory is used to flexibly capture dependence between two (or more) random variables.[22]
Copulas have previously been used to model between-studies correlation between sensitivity and
specificity in a meta-analytic framework. For a single test, Kuss et al [23] and Nyaga et al [24] proposed
using beta-binomial marginal distributions, linked by various coupling functions, as a natural choice to
model sensitivity and specificity, which are bound between 0 and 1. Nyaga et al [13] extended their
previous work to evaluate the accuracy of two tests, while Cheng [15] suggested a similar extension
to Kuss et al’s model. Hoyer and Kuss,[17] and later Nikoloulopoulos,[21] described four-dimensional
copula models to capture between-studies dependence between the sensitivities and specificities.
Within the context of surrogate endpoint meta-analysis, copulas have been used to model within-
study association; either between the surrogate endpoint and the final clinical outcome in a meta-
analysis of randomised controlled trials (RCTs) with time-to-event IPD by Burzykowski et al [25] or, as
proposed by Papanikos et al, between the treatment effects on the surrogate endpoint and the final
clinical outcome within each study in an aggregate-level meta-analysis of RCTs with binary
outcomes.[26] The application of copula models offers a potentially novel solution to capture within-

study dependencies arising between two tests assessed in the same patients.
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Building on the model proposed by Papanikos et al in the field of surrogate endpoint evaluation and
the meta-analytic models for diagnostic test accuracy,[24,26] we propose Bayesian meta-analysis
models for evaluating the accuracy of two diagnostic tests, using bivariate copulas to capture within-
study dependencies between the tests. Section 2 introduces the motivational data example in
Alzheimer’s disease dementia that the developed methodology is applied to. Section 3 describes the
existing and proposed methodology for the meta-analysis of two tests, as well as providing a short
overview of copula theory. The application of the methods is demonstrated in Section 4, where the
results of fitting both the new models and the currently recommended meta-regression approach to
the motivational example are presented and compared. Section 5 concludes the article with a

discussion.

2. Motivational example

Dementia is the leading cause of disability and dependency in older adults, and is recognised as a
global research priority.[27] It is characterised by progressive impairment in cognitive function beyond
normal ageing, describing a range of cognitive, psychological and behavioural symptoms affecting
memory, thinking and activities of daily living. Dementia is thought to progress through a series of
stages, from biologically active but clinically silent, to impairments of memory and thinking that are
not sufficient to interfere with daily activity (mild cognitive impairment), to overt dementia. In 2019,
it was estimated that 55 million people globally were living with dementia, with the figure due to rise
to 139 million by 2050. Despite this, it is thought that 75% of people with dementia have not received
a diagnosis.[28] International healthcare systems are looking to redesign their diagnostic pathways for
dementia, and new technologies such as biomarkers are expanding the diagnostic options

available.[28]
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Alzheimer’s disease is the most common cause of dementia, attributable in 60-70% of cases.[27]
Alzheimer’s disease dementia is the result of the accumulation of abnormal protein structures in the
brain — such as amyloid plaques or tau tangles — that disrupt the connection between nerve cells.[29]
Alzheimer’s disease dementia is diagnosed through a combination of cognitive, imaging and
biomarker testing. Diagnostic rates are low and misdiagnosis is common,[28] impeding management
of the condition, development of targeted treatments, and impacting quality of life for people with
dementia, carers and families. Optimising the diagnostic pathway for Alzheimer’s disease dementia

requires comparison of the available tests using appropriate statistical methods.

Data on which we base the methodological development described in this paper were collected
through a review of systematic reviews of diagnostic test accuracy studies for Alzheimer’s disease
dementia published in The Cochrane Library. The Cochrane Library was searched up to August 2023
for articles containing ‘Alzheimer’s disease’ within the title, abstract or keywords, filtered by
diagnostic test accuracy reviews. Diagnostic accuracy studies included within the reviews were used
as a source of comparative accuracy data. Where available, 2x2 and/or 2x4 (cross-classified, see
Section 3.1) data on the accuracy of two or more tests assessed in the same patient group were
extracted from the primary studies. The reviews evaluated the accuracy of cognitive, imaging and
cerebrospinal fluid (CSF) biomarker tests for Alzheimer’s disease dementia, recruiting patients from

community, primary and secondary care settings.

Seventy comparative diagnostic studies were identified within 13 relevant systematic reviews
published in The Cochrane Library. In total, 251 2x2 tables were extracted, of which cross-classified
data were reported in 14 (20%). From the total study pool, two tests were selected that maximised
the availability of comparative data. These were amyloid-f 42 (AB42) and total tau (t-tau), measured
in the CSF, on which 36 2x2 tables from 18 studies were extracted. Two studies contained cross-

classified data and the remaining 16 reported 2x2 data only (Table 1).

10



1

NO ks WN

Table 1: Diagnostic accuracy data of ABa (test 1) and t-tau (test 2) for Alzheimer’s disease dementia.

J_ Alzheimer’s disease dementia No Alzheimer’s disease dementia

e tp: tpe  fni fr, x xfy x x§ NP | tng tny  fpr fpe X1§1 X?o x051 Xoﬁo NP
Bjerke et al, 2009.[30] 18 12 2 8 - - - - 20 99 130 43 12 - - - - 142
Blom et al, 2009.[31] 9 7 5 7 - - - - 14 5 11 9 3 - - - - 14
Chiasserini et al, 2010.[32] 17 12 6 11 - - - - 23 16 16 2 2 - - - - 18
Frolich et al, 2017.[33] 17 24 11 4 - - - - 28 65 46 22 41 - - - - 87
Gaser et al, 2013.[34] 59 58 7 8 - - - - 66 12 13 21 20 - - - - 33
Hampel et al, 2004.[35] 24 26 5 3 - - - - 29 13 11 10 12 - - - - 23
Hansson et al, 2006.[36] 56 55 1 2 54 2 1 0 57 50 47 27 30 13 14 17 33 77
Herukka et al, 2008.[37] 6 6 2 2 - - - - 8 11 7 2 6 - - - - 13
Hertze et al, 2010.[38] 47 38 5 14 46 1 4 1 52 75 82 32 25 20 12 46 29 107
Kester et al, 2011.[39] 32 35 10 7 - - - - 42 42 29 16 29 - - - - 58
Monge-Argilés et al, 2011.[40] 9 8 2 3 - - - - 11 16 18 10 8 - - - - 26
Nesteruk et al, 2016.[41] 7 6 2 3 - - - - 9 18 20 13 11 - - - - 31
Palmquist et al, 2012.[42] 47 42 5 10 - - - - 52 56 58 25 23 - - - - 81
Parnetti et al, 2006.[43] 4 5 7 6 - - - - 11 30 32 3 1 - - - - 33
Parnetti et al, 2012.[44] 18 20 14 12 - - - - 32 56 51 2 7 - - - - 58
Prestia et al, 2013.[45] 17 11 1 7 - - - - 18 9 15 9 3 - - - - 18
Rhodius-Meester et al, 2016.[46] 58 72 27 13 - - - - 85 38 35 14 17 - - - - 52
Vos et al, 2013.[47] 62 65 29 26 - - - - 91 82 95 41 28 - - - - 123

The table contains 2x2 data for each test within each study, and fully cross-classified data where available.

tp;j is the number of true positives, fn; the number of false negatives, tn; the number of true negatives, and fp; the number of false positives for each of the j = 1,2 tests.
xp, is the number of participants with the target condition with each combination of test results. x,’?l is the number of participants with the target condition with each
combination of test results. k, I = 0,1 denote the first and second test, respectively, where 0 indicates a negative test result and 1 indicates a positive test result.

NP and N are the number of patients with and without disease, respectively.

AB42, amyloid-B 42; t-tau, total tau

11



10

11

12

13

14

15

16
17

18

19

20

21

22

3. Methods

3.1 Diagnostic accuracy studies of two tests compared to a common reference

standard

Comparative accuracy studies evaluate the accuracy of two diagnostic tests against true disease
status, inferred through a common reference standard, allowing direct comparison of their sensitivity
and specificity in a single group of participants. Non-comparative studies that evaluate a single test
may be included in a comparative meta-analysis to increase the study pool, but have been shown to

introduce bias to summary estimates.[48]

Results of studies that utilise this paired design are most commonly reported as aggregate, 2x2 tables
of the results of each test compared to the reference standard, containing the number of true
positives (tp;), false negatives (fn;), true negatives (tn;) and false positives (fp;) for each of the j =
1,2 tests. The number of patients with and without the target condition are denoted N? and

ND, respectively (Table 2).

Table 2: Two-by-two diagnostic accuracy data on two tests for a single study.

Diseased Non-diseased Diseased Non-diseased
Test1 + tps fr Test2 + tp, fp2
Test1 — fny tn, Test2 — fn, tn,
Total NP ND Total NP ND

tpj, true positives; fn]-, false negatives; tn;, true negatives; fpj, false positives; j = 1,2 tests; NP,
total diseased; NB, total non-diseased

Less frequently, joint cross-classifications of test results compared to a common reference standard
may be reported, producing a 2x4 table from which it is possible to reconstruct IPD (Table 3). The
number of patients with each combination of test results with the target condition (x2;) and without
the target condition (x,?l) are presented. k,l = 0,1 denote the first and second test, respectively,

where 0 indicates a negative test result and 1 indicates a positive test result. Cross-classified data

12
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allow estimation of within-study dependencies and evaluation of the accuracy of the tests in

combination or sequence, although in practice they are often not reported.[49-50]

Table 3: Fully cross-classified diagnostic accuracy data for two tests for a single study.

Diseased Non-diseased
Test2 + Test2 — Total Test2 + Test 2 — Total
Testl+ X71 XTo tp1 xp xD fp1
Test1 — xP x5 fny xb, xD tny
Total tp, fn, NP 2 tn, ND

tpj, true positives; fn]-, false negatives; tn;, true negatives; fpj, false positives; j = 1,2 tests; x,?l,
number of participants with the target condition with each combination of test results; x}?l, number
of participants without the target condition with each combination of test results; k,I = 0,1, denote
the first and second test, respectively, where 0 indicates a negative test result and 1 indicates a
positive test result; NP, total diseased:; NE, total non-diseased

3.2 Bivariate random effects meta-analysis

Reitsma et al proposed a bivariate meta-analysis approach to summarise the accuracy of a single test
at a common threshold, assuming logit-transformed sensitivity and specificity are normally
distributed around a mean value.[7] Chu and Cole suggested that using exact binomial likelihoods are
a more natural choice to model within-study variability in sensitivity and specificity,[8] a correction
that is widely accepted and referred to throughout this article as the bivariate random effects meta-
analysis (BRMA) model. This method forms the basis for most meta-analysis models for synthesising

data on two diagnostic tests, including the novel bivariate copula models proposed in Section 3.4.

At the within-study level, the number of true positive (tp;) and true negative (tn;) results for study
i=1,..,I are assumed to follow independent binomial distributions. These counts are modelled

independently as the populations of diseased and non-diseased are mutually exclusive:

tp; ~ Binomial(se;, NP), (1)

tn; ~ Binomial(spi,Niﬁ)

13
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where se; and sp; denote the sensitivity and specificity in the i" study, respectively, and Nl-D and NL-’j
the number of patients with and without the target condition, respectively. At the between-studies
level, logit-transformed study-specific sensitivities (i; s.) and specificities (i; p,) are jointly modelled
using a bivariate normal distribution centred around logit-transformed summary sensitivity and
specificity, pge and g, accounting for between-studies correlation arising between sensitivity and
specificity due to differences in study characteristics. Between-studies variances are denoted o2, and

aszp, respectively, while p;, represents the between-studies correlation parameter.

logit(sel-) = Uise, logit(spi) = Hisp» (2)
; o2 0se0.
(ﬂ%,se) ~ Normal (ﬂse)’ se Pp s;z sp
Hisp Hsp/ "\ ppOsesp Osp

3.3 Meta-regression with test type as a covariate

The BRMA model, described in Eq.1 and Eq.2, can be extended to incorporate test type as a binary
covariate (i.e. meta-regression), allowing the comparison of summary sensitivities and specificities of
two tests.[51] This model requires study-level 2x2 data on each test compared to a common reference
standard (Table 2). Consider a meta-analysis of i = 1,...,I comparative diagnostic test accuracy
studies in which all patients undergo both tests. The number of true positives (tp; ;) and true negatives
(tn; j) for the j = 1,2 tests follow independent binomial distributions. In a meta-regression with test
type as a covariate, the tests are treated as independent, and, as such, within-study dependencies

between tests are ignored, and can be written as:

tp;1 ~ Binomial(se; 1, NP), tp;, ~ Binomial(se;,, NP), (3)

tn; 4 ~ Binomial(spi_l, NP), tn;, ~ Binomial(spi_z, Ni’j)

se; j and sp; j are the sensitivity and specificity of the j™ test in the i*" study, and NiD and Nl-f’ the
number of patients with and without the target condition, respectively. To assess the accuracy of two

diagnostic tests, two pairs of logit-transformed study-specific sensitivities (u;s.;) and specificities

14



10

11

12

13

14

15

16

(1;,spj) are modelled. Therefore, the bivariate normal distribution at the between-studies level of the
BRMA model for single tests (Eq. 2) is replaced by a four-dimensional multivariate normal distribution.
A common between-studies correlation parameter is estimated across pairs of sensitivities and

specificities to minimise the number of model parameters and reduce the likelihood of non-

convergence:
logit(sei,l) = HUise1r logit(sei,z) = Ui se2, (4)
lOQit(SPi,l) = Ui sp1s logit(spilz) = Ui sp2,
2
, Ose1  PbOse10se2 pbo'selo'spl pbo'selo-spz
Hise1 Hse1 5
Ui se2 Use2 Ose2 PbOse20sp1  PbOse20sp2
Lispr | ~ Normal Hspr |/ 5
Lsp Osp1 pbgsplaspz
Ui sp2 HUsp2 2
Osp2

3.4 Bivariate copula models

3.4.1 Introduction to copula modelling

Copulas enable the separation of the marginals from the dependence structure of a multivariate
distribution, allowing separate specification of both the random variables and the relationship
between them. A bivariate copula is a bivariate cumulative distribution function (CDF) with uniform
marginal distributions on the interval [0,1].[22] Let there be two continuous, correlated random
variables x and y. In accordance with Sklar's theorem,[52] any bivariate distribution, H, can be
expressed in terms of univariate marginal distribution functions, F; and F,, and a copula, C, which
describes their relationship to one another. 8 is the copula dependence parameter, which captures

the association between the two random variables:

H(x'y;g) =C(F1(X),F2(J’),9) (5)
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For discrete variables — such as those used to model diagnostic accuracy data, which are summarised

by counts — the joint probability mass function is derived through finite differences:

h(tpi1, tpiz | sei1,5€i2, NP, 0ise) = (6)
C(Fl (tpi,l)t F, (tpi,z): 9i,se) - C(F1 (tpi,l - 1)» F, (tpi,z); 9i,se)

- C(Fl (tpi,1):F2 (tpi,z - 1), ‘9i,se) + C(F1 (tpi,l - 1)' F, (tpi,z - 1)' 0 se )

h(tng1,tnig | spi1spi2 NP, 0ysp) =
C(F]_ (tni'l), FZ (tni'z), 91-,51,) - C(Fl (tnill - 1), FZ (tni’z), Gi,sp)

- C(Fl(tni'l), F2 (tni,2 - 1), Gi,Sp) + C(Fl(tni’l - 1), Fz(tnil - 1), gi,sp )

Fy (tpi,l), F, (tpi,z), F; (tnu) and F, (tnilz) are the CDFs of the binomial marginal distributions on the
number of true positives and true negatives, and C(:,") is the bivariate copula. 8; . and 8; 5, are the
copula dependence parameters, representing within-study dependencies between the sensitivities

and specificities, respectively.

Several families of copulas with a variety of properties have been described. In this paper, we apply
five types of bivariate copula to model within-study dependencies between two tests evaluated in the
same patient group: Gaussian, Frank, Gumbel, Clayton and Clayton 180° (visualised in Figure 1).
Elliptical copulas join univariate marginals through an elliptical distribution, most commonly the
Gaussian copula - a symmetric copula with weak dependence in the tails of the distribution.
Archimedean copulas are expressed as an explicit formula and depend on a single parameter that
dictates the strength of the dependence. The Frank copula is a symmetric Archimedean copula with
weak (positive or negative) tail dependence. The Gumbel copula, of the Archimedean family, is an
asymmetric copula with positive right-hand tail dependence. The Clayton copula is another
asymmetric Archimedean copula exhibiting positive dependence. When evaluating the accuracy of

two diagnostic tests, it is likely that there will be stronger dependence in the right-hand tail (i.e. when
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sensitivities and specificities are close to 1) than in the left (when sensitivities and specificities are

low). This can be induced by rotating the copula function by 180°.

Figure 1: Simulated samples from the bivariate copulas.
Footnote: 4000 samples were simulated for each copula type, with fixed Spearman's correlation
coefficient ps = 0.95.

3.4.2 Model specification

We propose an extension of the BRMA model for single (Section 3.2) to jointly synthesise data on two
diagnostic tests evaluated in the same patients. Bivariate copulas capture within-study dependencies
between sensitivities and specificities for the two tests. For study i = 1,...,I, the number of true

positive and true negative events for each j = 1,2 test follow bivariate distributions:

tpia tn;, b 7
(o2} ~ hlsernseia NP, 0ise ) (pns) ~ h(sPi P12 N2, Bisp) 7

with binomial marginal distributions. se; ; and sp; ; denote the true study-specific sensitivities and

specificities of the two tests, respectively, NiDand Niﬁ the number of patients with and without the
target condition as determined by the reference standard and 6;4 and 6;, are the copula
dependence parameters, representing the within-study dependencies between the sensitivities and
specificities, respectively. A separate dependence parameter can be estimated for each study i,
allowing within-study dependencies to vary across studies. In practice, cross-classified data required
to estimate the dependence parameters may not be available for all studies. In this case, a pair of

common dependence parameters, 85, and 6, can be assumed across studies (see Section 3.5).

sp’
Where only 2x2 data are available, informative prior distributions for the dependence parameters can
be constructed using external sources of evidence.[5,26] We apply five types of bivariate copula in this

paper: Gaussian, Frank, Gumbel, Clayton and Clayton 180° (see the Supplementary Materials for full

specification).

At the between-studies level, the logit-transformed study-specific sensitivities and specificities follow

a four-dimensional multivariate normal distribution with means us; and pg,j;, between-study
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variances aszej and o2

pjr and j = 1,2. A common between-studies correlation parameter is estimated

across pairs of sensitivities and specificities:

logit(seiq) = Miser, logit(seis) = Hisea, (8)

logit(spi_l) = Ui sp1 lOgit(SPi.z) = Hisp2,

2
Ui se1 Use1 /Jsel PpOse10se2  PbOse10sp1 bo-selo-spz\\‘
’ 2
Ui se2 Normal Use2 | Ose2 PbOse20sp1  PbOse20sp2 |
Hisp1 orma Usp1 |’ a2 Gerr T
i " \ spl Pp sp1 sp2 /
i,sp2 sp2
Uspz

3.5 Bootstrapping methods to obtain copula dependence parameter

The copula dependence parameters were estimated from available cross-classifications, which allow
the reconstruction of IPD, using a double bootstrap method.[26,53] Double bootstrapping allows the
estimation of the association between outcomes with uncertainty. Prior to bootstrapping, IPD was
recreated for each study with cross-classified data by transforming the counts into a data set of zeros
and ones indicating each patients’ test results and disease status. Bootstrapping involves repeatedly
sampling the IPD (with replacement) from a single study to create many simulated data sets.
Sensitivities and specificities were estimated for each simulated data set, then the association
between them estimated across the multiple bootstrap samples. Where cross-classifications are
available for each of the i =1, ..., I studies, the simulated data sets are used to estimate 9, ;, and
8;sp for each study using maximum likelihood estimation. In the motivating example used in this
article, cross-classified data were available for two of the 18 studies.[36,38] A common pair of

dependence parameters, 6, and 6y,,, were assumed across studies by applying the double bootstrap

sp/
method to each study and estimating the mean of the two for each dependence parameter. Code for

the bootstrapping method is provided in the Supplementary Materials.
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3.6 Estimation

All models were implemented in a Bayesian framework using Stan version 2.32.2 within R version 4.2.1
via the rstan version 2.32.5 package.[54-56] Stan, a Bayesian sampler for performing Hamiltonian
Monte Carlo simulation, is particularly computationally efficient and stable when parameters are
highly correlated in the posterior distribution — as in diagnostic meta-analysis. A non-centred
parameterisation was used for all models to reduce dependencies between successive levels of the
hierarchical structure, further increasing the efficiency of the sampler.[57] Copula dependence
parameters were estimated using the bootstrap method described in Section 3.5 using R version
4.2.1.[55] Model convergence was assessed using trace plots, density plots and autocorrelation plots.
After discarding 1,000 burn-in iterations, posterior estimates were obtained using three chains
initialised at different starting values, consisting of 5,000 iterations each. 95% credible intervals (Crls)

were computed as highest posterior density intervals.

To implement the models in a Bayesian framework, prior distributions were placed on the unknown
parameters. Logit-transformed summary sensitivities and specificities were assumed to follow a
minimally informative Normal(0,10?) prior distribution. The between-studies variance parameters
were restricted to positive values through a Half-Normal(0,2.52) prior distribution. For the between-
studies correlation parameter, the Fisher z-transformation was used, i.e. p, = tanh(z), z ~
Normal(0,0.8). This transformation produces an approximately normal distribution bound between [-
1,1]. Model fit was compared by calculating the widely applicable information criterion (WAIC), also
known as the Watanabe-Akaike information criterion, with a smaller WAIC indicating better model
fit.[58] Code for the meta-regression model and the five bivariate copula models, as well as

convergence diagnostic plots for a selection of models, is available in the Supplementary Materials.
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4. Results

4.1 Comparison of model fit

Table 4 presents the values of the WAIC across the six fitted models. The meta-regression model was
the poorest fit, corresponding to the largest WAIC of 179.7. There is strong evidence that the bivariate
copula models result in a better fit compared to the meta-regression model, with reductions in WAIC
ranging from 20.3-28.4. Of the five bivariate copula models, the Gumbel copula was the best fit for
the data with the smallest WAIC of 151.3. The differences in WAIC between the Gaussian (WAIC =
159.6), Frank (WAIC = 155.4), Clayton (WAIC = 151.6) and Clayton 180° (WAIC = 156.9) copulas were
small, however, and the evidence to support one copula over another is marginal. No issues with

convergence or mixing of chains were detected for any of the models (see Supplementary Materials).

Table 4: Values of the widely applicable information criterion (WAIC) across models.

Model WAIC Change in WAIC cc?mpared to
the meta-regression model

Meta-regression 179.7 -

Bivariate copula (Gaussian) 159.6 -20.1

Bivariate copula (Frank) 155.4 -24.3

Bivariate copula (Gumbel) 151.3 -28.4

Bivariate copula (Clayton) 151.6 -28.1

Bivariate copula (Clayton 180°) 156.9 -22.8

4.2 Summary sensitivities and specificities

The results of fitting the meta-regression and five bivariate copula models to the motivational example
in Alzheimer’s disease dementia are presented in Table 5. Figure 2 displays the posterior medians and
95% Crls for key test accuracy parameters across each of the models. Based on the best fitting Gumbel
copula model, CSF AB4; and t-tau demonstrated 80.9% (95% Crl: 73.4, 87.5) and 76.4% (95% Crl: 69.4,
83.1) sensitivity to differentiate Alzheimer’s disease dementia from mild cognitive impairment.

Summary specificity was 70.3% (95% Crl: 61.3, 78.4) and 72.5% (95% Crl: 63.7, 81.3), respectively. The
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clinical role of biomarkers for dementia is evolving. At present, UK guidelines recommend using CSF
markers if diagnostic subtype of dementia is uncertain. Where there is already a clinical suspicion of
Alzheimer’s dementia, test accuracy may be high in this scenario. Overall, similar inferences about

sensitivities and specificities were drawn regardless of the model used.

Posterior median summary sensitivities and specificities were similar across all the models; however,
the bivariate copula models yielded narrower 95% Crls for these parameters than the meta-regression
model. The Gumbel copula produced the narrowest Crls for the sensitivity and specificity estimates,
with a 15% and 12% decrease in Crl width for sensitivity of ABs; and t-tau, respectively, compared to

the meta-regression model.

4.3 Between-studies standard deviations

Posterior median between-studies standard deviation estimates of logit-transformed sensitivities and
specificities of ABs2 and t-tau from the Gumbel copula model were 0.80 (0.44, 1.23), 0.64 (0.36, 1.00),
0.73 (0.38, 1.19) and 0.83 (0.50, 1.27), respectively. Estimates were larger for the meta-regression
than the bivariate copula models. 95% Crls corresponding to the standard deviations were also wider
for the meta-regression model compared to the bivariate copula models, with the Gumbel copula
model resulting in a 15% and 17% reduction in Crl width for between-studies standard deviations in

sensitivity of APs; and t-tau, respectively, compared to the meta-regression model.

4.4 Between-studies correlation

Posterior median between-studies correlation was estimated as -0.21 (-0.33, 0.03) using the Gumbel
copula model, indicating negative association between sensitivities and specificities. Estimates were
consistently lower, indicating stronger negative association between sensitivities and specificities
across studies, for the bivariate copula models compared to the meta-regression model. However, the
width of the 95% Crls for the bivariate copula models exceeded the interval for the meta-regression
method. The Crls for between-studies correlation yielded by all five models were wide, and all spanned

0.
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Table 5: Results of fitting the meta-regression and bivariate copula models to the motivating example.

Sensitivity ABaz, Ogeq
Sensitivity t-tau, s,
Specificity ABaz, 0sp1
Specificity t-tau, g,

0.914 (0.506, 1.429)
0.723 (0.397, 1.168)
0.803 (0.442, 1.279)
0.880 (0.542, 1.329)

0.802 (0.453, 1.261)
0.640 (0.356, 1.013)
0.750 (0.406, 1.212)
0.846 (0.516, 1.265)

Meta-regression model, Bivariate copula model, posterior median (95% Crl) 2
Parameter : : o - 3
posterior median (95% Crl) Gaussian Frank Gumbel

Sensitivity (%) i
ABaz, logit ™ (ige,) 80.22 (72.00, 88.36) 80.82 (73.11, 87.47) 81.03 (73.23, 87.75) 80.88 (73.43, 87.52) 5
t-tau, logit ™ (usez) 76.22 (67.90, 83.34) 76.36 (69.17, 82.94) 76.53 (68.86, 83.00) 76.39 (69.43, 83.13) f
Specificity (%) !
ABaz, logit ™ (psp1) 70.44 (61.04, 79.45) 70.33 (61.86, 78.72) 70.40 (61.36, 78.77) 70.26 (61.34, 78.36) 8
t-tau, logit ™! (psps) 72.89 (63.41, 82.50) 72.87 (63.44, 81.08) 72.97 (63.89, 81.96) 72.48 (63.66, 81.27) 12
Between-studies SD “I

0.829 (0.472, 1.279)
0.674 (0.374, 1.021)
0.762 (0.429, 1.224)
0.853 (0.528, 1.281)

0.798 (0.439, 1.231) 1
0.642 (0.355, 1.002)

0.733 (0.375, 1.188) 13
0.831 (0.502, 1.268) 14

Between-studies correlation, p;,

-0.176 (-0.311, 0.034)

-0.212 (-0.333, 0.014)

-0.194 (-0.325, 0.038)

T
-0.205 (-0.333, 0.030)16

Parameter

Bivariate copula model, p

osterior median (95% Crl)

Clayton

Clayton 180°

Sensitivity (%)
ABaz, logit ™ (tser)
t-tau, logit ™" (Use2)

81.12 (73.02, 88.12)
76.60 (68.90, 83.47)

80.67 (73.09, 87.61)
76.29 (68.92, 83.00)

Specificity (%)
ABa2, logit ™ (pgy1)
t-tau, logit ™! (ugp2)

70.52 (61.28, 79.19)
73.02 (63.90, 82.18)

70.27 (61.72, 78.56)
72.50 (63.61, 81.39)

Between-studies SD
Sensitivity ABaz, Ogeq
Sensitivity t-tau, o,
Specificity ABaz, 051
Specificity t-tau, g,

0.842 (0.486, 1.329)
0.681 (0.370, 1.051)
0.772 (0.406, 1.232)
0.861 (0.532, 1.325)

0.803 (0.451, 1.264)
0.654 (0.367, 1.018)
0.742 (0.383, 1.202)
0.831(0.505, 1.278)

Between-studies correlation, p,

-0.178 (-0.328, 0.069)

-0.207 (-0.333, 0.022)

Hse1 Hsezs tsp1 and [, denote logit-transformed summary sensitivities and specificities of test 1 and test 2, respectively.
Ose1, Osez, Osp1 and d, denote between-studies standard deviation in logit-transformed sensitivities and specificities of test 1 and test 2, respectively.

pp denotes the between-studies correlation parameter.
ABa2, amyloid-B 42; Crl, credible interval; SD, standard deviation; t-tau, total tau
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Figure 2: Posterior medians (solid dots) and 95% Crls (solid bars) of test accuracy parameters.

Footnote: AB4z, amyloid-B 42; BC, bivariate copula; Crl, credible interval; SD, standard deviation; t-
tau, total tau

5. Discussion

We have developed novel bivariate copula models for synthesising evidence on the accuracy of two
diagnostic tests, accounting for associations between and within studies present between two tests
evaluated in the same patients. The new models offer a robust yet flexible approach to modelling
comparative test accuracy data, maximising the available evidence base by making use of both study-
and individual-level data where available. The bivariate copula method resulted in improved model fit

compared to the currently recommended meta-regression approach.

When applied to our motivating example, the bivariate copula models resulted in lower point
estimates of the between-studies standard deviation and correlation parameters. It has been
hypothesised that when within-study dependencies are not taken into account, the ‘excess’ of the
association manifests itself as an upwardly biased estimate of the between-studies heterogeneity
parameters.[26,59] The bivariate copula models yielded narrower Crls for summary sensitivity and
specificity parameters, likely due to the additional evidence on within-study associations utilised by
the method. In a HTA context, sensitivity and specificity estimates are used in decision-making to
determine whether a novel diagnostic test should be used in clinical practice over other technologies.
Increased precision in these estimates aids the evaluation of clinical and cost-effectiveness, enabling
more precise decisions on the most efficient use of health resources. Where the estimates are used
to populate a health economic model, it is vital to capture the uncertainty in the parameter estimates

to provide appropriate recommendations for reimbursement.[60]

There are a number of existing meta-analysis models for jointly synthesising data on multiple

diagnostic tests.[10-21] Trikalinos et al [10] proposed extending the BRMA model (Section 3.2), using
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multinomial likelihoods to capture within-study dependencies present between two tests evaluated
in the same patients. Multivariate methods such as this make strong distributional assumptions about
the marginal variables, and require cross-classified data from all studies. A scoping review of meta-
analysis models for three or more diagnostic tests by Veroniki et al found that the majority of existing
methods require cross-classified test results,[61] although publications of diagnostic accuracy studies
rarely facilitate access to this data.[49-51] Indeed, in the review undertaken to identify a motivating
example for this paper, full cross-classifications were reported in only 20% of comparative studies.
Copula methodology relaxes the requirement for cross-classifications across all studies, reflecting

current reporting standards and making its application in systematic reviews more generalizable.

The flexibility of copulas, of which a number of types have been defined and explored, make them a
natural approach to model diagnostic accuracy data, which are often non-normal and likely to exhibit
strong tail dependence when marginal sensitivities (and specificities) are high. The adaptable nature
of copulas increases their suitability for a range of diagnostic data sets, or indeed any type of data in
which multiple, correlated outcomes are present. An advantage of a copula approach to modelling
related variables is the estimation of a single association parameter, 8, in contrast to the need to
estimate both standard deviation and correlation parameters when fitting a multivariate normal
distribution. If these parameters conflict with one another, for example when extreme values are
sampled from the prior distribution, it can cause the Bayesian sampler to fail to converge. Indeed, the
heterogeneity parameters estimated using a four-dimensional normal distribution at the between-
studies level in the bivariate copula models were noted to be highly sensitive to choice of prior

distribution and starting values.[62-63]

The proposed methodology is subject to a number of potential limitations. Inference focussed on
sensitivity and specificity, but alternative test accuracy measures may be of greater clinical utility in
practice when true disease status is unknown. Nonetheless, it is straightforward to derive estimates

of predictive values, likelihood ratios and diagnostic odds ratios from posterior estimates of sensitivity
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and specificity. Meta-analysis of these measures directly is subject to limitations. Predictive values are
often more heterogeneous than sensitivity and specificity due to increased variation with disease
prevalence, which leads to reduced goodness of fit for meta-analysis models.[64] Bivariate meta-
analysis of likelihood ratios can lead to implausible corresponding values of sensitivity and specificity
(i.e. <0).[65] Synthesising diagnostic odds ratios rather than paired test accuracy measures results in
the loss of ability to distinguish between tests with high sensitivity and high specificity.[66] Conversely,
paired test accuracy measures, including sensitivity and specificity, hinder the ranking of tests. Trade-
off between sensitivity and specificity should be considered in the context of the clinical use of the

test; the potential consequences of a false positive or false negative result may not be equal.[50]

It has been highlighted that further evaluation of meta-analysis models for multiple diagnostic tests is
needed before their adoption into HTA.[2,9,48,51] The performance of novel meta-analysis models
for two tests could be formally compared to the currently recommended meta-regression approach
through a simulation study to quantify potential bias from selecting a more simplistic model. This may
lead to a circular argument, however; data would need to be simulated from a copula model to
capture strong tail dependencies, therefore the copula the data was simulated from would be the best
fitting model. In selecting an appropriate copula model, consideration should be given to model fit,
using measures such as WAIC. The Gumbel copula was the best fit for the motivational example;
however, underlying dependence structures may vary by patient and test characteristics and different

copula types should be compared as part of the model fitting process.

The bivariate copula framework could be extended to include direct estimation of joint accuracy
measures, for example using a trivariate copula that incorporates both marginal and joint sensitivities
and specificities. Alternative methods for synthesising data on two diagnostic tests incorporate other,
desirable features that could be considered for future copula model development. Menten and
Lesaffre [11] and Lian et al [20] described meta-analysis models that account for imperfect reference

standards, the former using latent class analysis and the latter by comparing tests within a missing
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data framework. Methods introduced by Owen et al [18] and Hoyer and Kuss [19] allow for multiple
thresholds per test by including threshold information as a covariate, making use of a greater
proportion of the available literature. Several models allow the addition of single arm
studies.[12,16,20] Sensitivity and specificity are known to vary with disease prevalence.[67] Hoyer and
Kuss [68] and Nikoloulopoulos [69] suggested meta-analysis models for a single diagnostic test,
accounting for disease prevalence using a trivariate copula. The models could also be adapted to

include a copula at the between-studies level.[13,15,17,21]

To enable the application of models to appropriately account for within-study associations between
multiple tests, such as the bivariate copula models proposed here, we recommend that comparative
diagnostic accuracy studies report cross-classified data wherever possible. Reporting checklists for
diagnostic accuracy studies, such as the Standards for Reporting of Diagnostic Accuracy Studies
(STARD),[70] have been developed to increase reporting quality and reduce research waste. The
addition of an item stipulating that cross tabulation of all index test results should be reported where
appropriate would encourage this practice and increase awareness of the need for comparative data
to comprehensively evaluate testing strategies. Cross tabulation of index test results was identified as
an item in the dementia-specific extension to STARD, STARDdem.[71] Technical Support Documents
(TSDs), produced by the National Institute for Health and Care Excellence (NICE) Decision Support Unit,
make recommendations on the implementation of methods for technology appraisal. TSDs developed
for multivariate meta-analysis of interventional research could be extended to further aid in the

translation of diagnostic meta-analysis models for multiple tests into healthcare decision-making.[72]

5.1 Conclusions

We have developed novel Bayesian meta-analysis models for synthesising data on two diagnostic tests
evaluated in the same patient group (and compared to a common reference standard), using bivariate
copulas to capture within-study dependencies between multiple tests. The methodology introduced

in this paper is applicable to a wide range of disease areas. The models make use of a broader evidence

26



base by utilising both study-level and IPD, where available. This new approach aids evidence synthesis

of commonly reported data items from diagnostic test accuracy studies to improve healthcare policy

and decision-making.
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Glossary

Alzheimer’s disease: A progressive, neurodegenerative disease thought to be due
to the accumulation of amyloid plaques or tau tangles in the brain which disrupt the

connection between nerve cells, and the most common underlying cause of dementia.

Bayesian inference: Based on Bayes theorem, direct probability statements are
made about posterior parameter estimates, conditional on both the observed data

and prior knowledge or beliefs.

Copula: Statistical technique used to model the dependence between two or more
random variables. A copula is a multivariate cumulative distribution function with

marginals that follow a standard uniform distribution.

Dementia: A progressive, clinical syndrome characterised by decline in cognitive
function that impacts activities of daily living, beyond what might be expected dur-

ing the normal ageing process.

Fixed effects meta-analysis: A meta-analysis model that assumes homogeneity
between studies, meaning effect estimates across studies are estimating the same

underlying true effect. Variation in effect estimates is due to sampling error alone.

Health technology assessment: A systematic process for evaluating the clinical
and cost-effectiveness of a health technology used in the prevention, diagnosis or

treatment of a condition, as well as its impact on the broader health system.

Index test: A new or existing diagnostic test of interest whose performance is being

evaluated.

Meta-analysis: The statistical combination of results from two or more studies

that answer the same research question.

Random effects meta-analysis: A meta-analysis model that assumes heterogene-
ity between studies, meaning the true effect varies between studies according to a

pre-specified distribution.
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Reference standard: The test against which the index test is compared, used
to verify the presence or absence of the target condition. Usually the best available

method for detecting the target condition. Sometimes referred to as a gold standard.

Sensitivity: The proportion of patients who have the target condition that are cor-
rectly identified by the test.

Specificity: The proportion of patients who do not have the target condition that
are correctly identified by the test.

Systematic review: A summary of the evidence on a clearly formulated research
question, using systematic, explicit, and reproducible methods to identify, appraise,
and synthesise all relevant studies. May or may not include a meta-analytic compo-

nent.

Target condition: The condition that a diagnostic test aims to detect. Thresh-
old: A criteria, such as a numerical cut-off, applied to a test to define a positive
result (indicating the presence of disease) or a negative result (indicating the absence

of disease).
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