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Abstract

Introduction Tuberculosis causes substantial morbidity and mortality, with 10 million
new cases and 1.5 million deaths per year worldwide. We may acquire a new tubercu-
losis prevention tool in the foreseeable future as the anti-tuberculosis vaccine candidate
M72/AS01E is poised to enter phase III trials. If phase III trials demonstrate efficacy, we
must ensure that models and model evidence are rapidly and reliably available to support
decision making around whether to introduce the new vaccine.

Prior mathematical models of tuberculosis vaccination have aimed to inform vaccine
development, for example, by investigating the impact of varying vaccine durability and
efficacy, or the host-infection status required for vaccine efficacy in low and high burden
settings. These studies have identified vaccine characteristics most likely to achieve global
tuberculosis control goals, providing core evidence for the World Health Organization
(WHO) Preferred Product Characteristics for New Tuberculosis Vaccines. Collectively,
this evidence has provided direction for vaccine research and development efforts, in-
cluding the identification of indications and clinical trial endpoints. However, work to
substantiate vaccine introduction, bridging the gap between development and broad-scale
adoption, is limited.

I address two aims in this thesis, corresponding to two research needs that we should
meet to advance models to support vaccine introduction:

1. Estimate the epidemiologic impact, cost-effectiveness and affordability of new
tuberculosis vaccines in India and China, incorporating drug-resistance transmis-
sion and acquisition. This aim reflects the need to adapt models to include locally
important features of, and uncertainty in, tuberculosis epidemiology and health
systems.

2. Describe how different assumptions of adapting social contact structures to long-
term demographic trends in India—as a country undergoing the demographic
transition—might affect vaccine impact estimates. This aim reflects the need to
establish whether vaccine impact estimates are robust to structural decisions in
model design.

Methods I constructed an age-, drug-resistance, and treatment-history stratified differ-
ence equation-based dynamic transmission model of Mycobacterium tuberculosis, set in
India and China, calibrated to epidemiologic data over 2000–2017. To this, I attached a
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country-specific cost model of programmatic tuberculosis control—including multidrug-
resistant or rifampicin-resistant TB (MDR/RR-TB) diagnosis and treatment—and vaccine
delivery. The calibrated model was used to estimate the epidemiologic impact and cost-
effectiveness of a prevention-of-disease vaccinemodelled onM72/AS01E, with 50% efficacy,
conferring 10-years of protection over 2027–2050.

To assess the affordability of vaccine deployment, I estimated the total cost of untargeted
mass vaccination of all adults and adolescents (ages ≥ 10y) compared to 10-year wide
age bands in India and China, while valuing the health benefits of vaccination at cost-
effectiveness thresholds based on country-specific healthcare opportunity costs.

Finally, I developed a second transmission model of tuberculosis to investigate whether
adapting age-specific social contact patterns to evolving demography—using multiple
update methods, each preserving different properties of social mixing matrices—affected
model-based estimates of vaccine impact in an India-like scenario.

Results Vaccination was found to substantially reduce future MDR/RR-TB in China
and India, reducing incidence rate by 73% (uncertainty interval: 66–76) and 72% (UI:
65–77) in 2050, with a similar impact on drug-susceptible tuberculosis. In both countries,
vaccination was found likely to be cost-effective at country-specific willingness to pay
thresholds.

Untargeted yet cost-effective large scale adult mass vaccination was estimated to require
$21 billion (uncertainty interval: 16–27) and $15 billion (UI: 12–29) by 2050 in India and
China, respectively. In India and China, targeting 50–59-year-olds and 60–69-year-olds,
respectively, was found to avert the most disability-adjusted life-years per vaccine course
delivered. Targeted yet cost-effective mass vaccination of these age groups was estimated
to require $5 billion (UI: 4–6) and $6 billion (UI: 4–7) in India and China, respectively.

Vaccine epidemiologic impact estimates remained robust to different methods of updating
age-specific social contact structures to match secular trends in demography. Across
a range of methods that spanned no updates to match demography, to methods that
preserved both contact reciprocity (balanced total contacts between age groups) and
assortativity (inherent preference for contact by age-group with another), the maximum
difference in vaccine-mediated incidence rate reduction in 2050 was found to be 7%.

Conclusions In this thesis, I develop mathematical models that provide evidence to
support decision making around tuberculosis vaccine introduction. This thesis makes
three unique contributions to the tuberculosis vaccine modelling literature: estimating
the impact of new tuberculosis vaccines on MDR/RR-TB, incorporating both direct and
transmission effects of a vaccine, estimating the total maximum cost of large scale adult
tuberculosis vaccination at country-specific healthcare opportunity cost-based thresholds,
and investigating whether structural assumptions around how social contact patterns
change with evolving demography affect estimates of vaccine impact.
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Vaccines are predicted to substantially and cost-effectively reduce the future burden of
drug-resistant (and drug-susceptible) tuberculosis in India and China and could be an
integral tool in MDR/RR-TB control efforts. The expected total cost of cost-effective
untargeted mass adult vaccination for tuberculosis is likely to be substantial at current
willingness-to-pay thresholds, but age-targeting may improve affordability. Funding for
tuberculosis vaccines will require a careful situating within that for wider tuberculosis
control efforts. Vaccine impact estimates may be reasonably robust to different methods
of updating social contact patterns to evolving demography. This finding improves
confidence in existing estimates of vaccine impact from long time-horizon models and
increases the utility of model results in vaccine decision making. Overall, this thesis
adds evidence in favour of tuberculosis vaccine introduction, contributing to the initial
knowledge base that decision-makers may build on to address further context-specific
questions regarding vaccine feasibility and implementation.
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1 Overview

In this chapter, I briefly introduce the research context of this thesis, its rationale, general
aims, and specific objectives.

To aid the reader in navigating this work, I then outline the thesis structure, summarizing
the forthcoming chapters and how they relate to the stated aims of the work.

1.1 Introduction

Tuberculosis (TB) remains a major source of global infectious disease morbidity and
mortality, leading to approximately 10 million new cases and 1.5 million deaths each
year[1]. The causative agent,Mycobacterium tuberculosis (Mtb), infects around one quarter
of the global population and it is estimated thatMtb infection carries around a 10% lifetime
risk of disease[2]. TB control and elimination are therefore ongoing global health priorities.
Global aspirations for TB control are embodied in the World Health Organization (WHO)
End TB Strategy[3], which sets targets for the global community to reduce TB incidence
and mortality rates by 90% and 95%, respectively, by 2035 (compared to 2015)[3].

The mainstay of TB control is a four drug regimen first introduced in the 1980s[4] that
remains successful in 85% of treated cases under optimal conditions. In addition, a TB
vaccine—bacillus Calmette-Guérin (BCG)—has existed since 1921[5,6]. Approximately
100 million doses BCG are administered to children annually, which confer >70% pro-
tection against severe TB, TB meningitis and miliary TB in childhood[7]. However, the
estimated efficacy against pulmonary TB in adults is highly variable, ranging 0–80%[8–11].

Despite the availability of drug treatment and BCG, we are not on course to meet global
TB control targets, as TB incidence is declining globally by only 1.5–2% per year[12]. Even
with optimal use of existing technology, global TB control targets are unachievable. New
tools, including new vaccines and vaccine strategies, are required.

We may have a new candidate for such a vaccine. In a recent phase IIb trial, subunit
vaccine M72/AS01E containing mycobacterial antigens Mtb39A and Mtb32A and the
AS01E adjuvant[13] was found to have 50% efficacy against TB disease[14]. M72/AS01E
is expected to progress to a phase III trial, raising the prospect of a new efficacious TB
vaccine in the foreseeable future.
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1 Overview

However, there is a substantial gap between developing a safe and effective vaccine and
using it as an effective and affordable tool for TB elimination. When deciding whether to
adopt and roll out a new vaccine, decision-makers must consider many factors, including
the expected impact of a new vaccine, resource requirements for vaccine introduction
and delivery, optimal vaccine implementation strategy, and local public health priorities.
Additionally, some factors, for example, future changes to programmatic (non-vaccine)
TB control, may be completely or partially unknown (or unknowable).

We must urgently develop modelling tools to address these issues, as our focus shifts from
questions around vaccine development to those around vaccine adoption.

1.2 Rationale for this Thesis

Piot et al[15] describe four ‘valleys of death’ that a prospective vaccine must traverse in
its progression from preclinical concept to broadly accepted public health intervention.
Each valley could prevent the progression of a vaccine candidate to sustained implement-
ation. The first ‘valley of death’ represents the transition from discovery to early clinical
development, testing for clinical proof-of-concept and safety. The second represents the
transition from early clinical development to large efficacy trials and licensure; this is
most often the expensive and high-risk phase of development. The third ‘valley’ occurs
between licensure and wide adoption. Adoption requires that country-specific decision-
makers decide the new vaccine is suitable for their respective setting, given the health
system and epidemiologic context, leading to a policy recommendation for its use. This
stage also requires that implementation capacity is readily available to deploy the vaccine
as recommended. The final ‘valley’ represents the challenges involved in maintaining
a sustained vaccination effort, including the sustainability of supply and demand, and
sociopolitical acceptance of immunisation.

Prior mathematical models of tuberculosis vaccination have aimed to inform vaccine
development—i.e., the challenges of the first and second aforementioned ‘valleys’. For ex-
ample, population-level models have investigated the impact of varying vaccine durability
and efficacy[16], or the host-infection status required for vaccine efficacy in low[17] and
high[17,18] burden settings; these studies have identified vaccine characteristics most likely
to achieve global tuberculosis control goals, providing core evidence for the WHO Pre-
ferred Product Characteristics for New Tuberculosis Vaccines[19]. At the within-host level,
the emergent discipline of immunodynamics and immunostimulation[20] aims to apply
established pharmacokinetics and pharmacodynamics methods to vaccine dose finding.
Collectively, this evidence provides direction for vaccine research and development efforts,
including the identification of indications and clinical trial endpoints.

However, modelling studies that investigate the third ‘valley’—the anticipated gap between
potential licensure and introduction—have been limited, in part due to a lack of candidates
in or approaching phase III. While vaccine clinical trials can establish individual-level
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safety and efficacy, they cannot account for epidemic dynamics within populations, nor
predict second-order phenomena such as drug resistance. These broader or distal effects
are important considerations in vaccine introduction and can be readily approximated
by mathematical models; however, to do so accurately, we must adapt models to local
epidemiology and priorities.

One key priority ismultidrug-resistant TB (MDR-TB) control in India andChina. In 2019,
India accounted for 26%of all global TBburden and 27%of allmultidrug-resistant or rifampicin-
resistant TB (MDR/RR-TB)[1]. China accounted for 8.4% of all global TB and 14% of
MDR/RR-TB[1].

Although we assume a priori that a new TB vaccine will reduce MDR/RR-TB burden in
India and China, we lack quantitative estimates of this effect. Further, we have no evidence
to characterise how planned scale-up of programmatic (non-vaccine) TB management—
including for MDR-TB—by national tuberculosis programmes (NTPs) might affect vac-
cine impact. As MDR-TB is rare at the population level, vaccine trials powered to directly
detect reductions in MDR-TB incidence are unlikely. Taken together, there is a need for
dynamic TB vaccine models that explicitly model MDR-TB acquisition and transmission
that can estimate vaccine impact on MDR-TB burden (Research Gap 1).

It is unknown how the cost-effectiveness of potential TB vaccines might be impacted by
combined uncertainties in (i) MDR-TB epidemic dynamics; (ii) TB management costs,
new vaccine costs, and vaccine characteristics; and (iii) changes (MDR-)TB programmatic
management. Further, the impact of heterogeneous willingness to pay thresholds on the
resulting price and, therefore, risk for developers and purchasers are also unknown. These
gaps identify a need for economic evaluation of new TB vaccines that integrates these
sources of uncertainty (Research Gap 2).

Before adopting TB vaccines, decision makers in India and China must assess whether
vaccination programmes will be affordable. Affordability will reflect both the willingness-
to-pay for unit health benefit by purchasers (e.g. countries) and the total scale and strategy
of implementation. To date, we can estimate how much vaccine programmes may cost
at given (hypothetical) vaccine prices. However, vaccine prices are not necessarily fixed
and suppliers and health systems may negotiate prices specific to particular contexts. To
inform these pricing strategies, decision makers must know the expected costs of TB
vaccine programmes whose health benefits are valued at prevailing cost-effectiveness
thresholds. (Research Gap 3).

Finally, decision-makers require that model evidence is robust. We can improve the
reliability of modelling evidence by investigating whether model-based conclusions are
sensitive to structural choices that we make during model construction. A recent struc-
tural development in TB vaccine models is the implementation of inter-age-group social
contact (mixing) matrices, which aim to better capture age-specific burden and trans-
mission patterns. These matrices assume that the model has a specific demographic
composition. However, demography can vary substantially over the long time horizons

3



1 Overview

Tuberculosis Vaccine Modelling Evidence Pathway

WHAT

characteristics would be
most optimal?


• efficacy
• durability
• host-infection status
required
• prevention of disease v
infection

IF

we should introduce TB
vaccines, given


• predicted vaccine
characteristics
• local epidemiologic
and health system
context

while ensuring models
are robust

HOW

should we introduce TB
vaccines?


• targeting—age? risk
groups?

• mass or routine
campaigns?

• vaccine price?

• subnational analysis?


Figure 1.1: TB Vaccine Modelling Evidence Pathway

of TB vaccine models. Long time horizons are necessary in vaccine models to adequately
capture vaccine impact, which lags behind delivery as dynamic effects propagate through
the population. This lag is especially long—years to decades—for TB vaccines as TB
latency introduces a gap between infection and disease. Over these timescales, model
demography may deviate substantially from that assumed by model contact matrices.
Any resulting error may be amplified over time and may propagate through the dynamic
effects of the vaccine. To date, there has not been any systematic study of if—and how—
adapting contact structures to match changing demography might affect estimates of
vaccine impact (Research Gap 4).

This thesis aims to address the research gaps above and contribute to the wider modelling
literature that supports TB vaccine adoption.

Figure 1.1 shows a schematic of the TB vaccine decision-making pathway and the points
at which mathematical modelling may contribute. Research questions progress from
basic vaccinologic considerations (“what”), through to macroscopic feasibility and impact
assessment (“if ”), to granular questions regarding vaccine delivery strategies and financing
(“how”). As described above, most published TB vaccine models have addressed “what”-
related questions.

This thesis contributes evidence further along the pathway, pertaining to “if ”-related
questions. In contrast to prior work, the focus is to generate mathematical modelling
evidence that incorporates context-specific epidemiologic and health economic features
and to assess whether structural decisions in model design substantially affects the policy-
relevant conclusions drawn from them. In doing so, I aim to contribute to the beginnings
of evidence generation to inform TB vaccine introduction.
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1.3 Aims

1.3 Aims

This thesis has two broad aims, reflecting two research needs that wemustmeet to advance
models to support vaccine introduction:

1. Estimate the epidemiologic impact, cost-effectiveness and affordability of new
TB vaccines in India and China, incorporating drug-resistance transmission and
acquisition. This aim reflects the need to adapt models to include locally important
features of, and uncertainty in, TB epidemiology and health systems (research gaps
1–3).

2. Describe how different assumptions of adapting social contact structures to long-
term demographic trends in India—as a country undergoing the demographic
transition—might affect vaccine impact estimates. This aim reflects the need to
establish whether vaccine impact estimates are robust to structural decisions in
model design (research gap 4).

1.4 Research Objectives

Todefine these aims fully, I first undertook a systematic review of the TB vaccinemodelling
literature (chapter 2) to (a) determine what features of TB epidemiology, TB vaccines,
demography (including social contact), and health systems are integrated within currently
published TB vaccine models and (b) characterise the extent to which current dynamic
TB vaccine models include drug resistance, cost-effectiveness analysis, and affordability
analysis.

Following this review, this thesis sets out four objectives to achieve the specified research
aims.

I address Aim 1 through the following specific objectives:

1. Develop a transmission model of Mtb including dynamic acquisition and transmis-
sion of drug resistance, calibrated to overall and drug-resistant TB epidemiologic
data from India and China, with an attached country-specific cost-model of TB
programmatic control and vaccination.

2. Using the calibrated model to assess the epidemiologic impact of new vaccines on
drug-resistant TB and TB overall in India and China; and

a) assess the cost-effectiveness of new TB vaccines, incorporating costs of drug-
resistant TB diagnosis and management; and

b) integrate country-specific plans to scale up programmatic (non-vaccine) TB
control in both India and China to investigate how these might interact with
estimates of vaccine epidemiologic impact and cost-effectiveness.

5
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3. Using the calibrated model and country-specific willingness to pay thresholds,
estimate total maximum cost of—and affordability of—large scale adult TB vac-
cination programmes that are considered cost-effective based on their value to the
health system

a) Investigate age targeting as a strategy to improve affordability.

The following objectives address Aim 2:

4. Develop Mtb transmission models calibrated to an India-like epidemiologic scen-
ario and

a) incorporate a more precise representation of long-term future demographic
trends;

b) implement different methods to update social contact matrices to match
evolving demography; and

c) investigate whether different contactmatrix updatemethods result in different
estimates of vaccine impact by 2050.

1.5 Thesis Structure

This document conforms to the structure guidelines and regulations for a “research
paper” style thesis at the London School of Hygiene and Tropical Medicine. Typeset
versions of published manuscripts are included as-is without further editing. Submitted
manuscripts, technical appendices, and online supplementary materials are also included,
however, these are reformatted as appropriate to conform to typographic conventions
and pagination in the rest of the thesis. Manuscripts and supplementary material are
accompanied, where appropriate, by additional introductory and discussion material to
construct unified chapters.

A summary diagram that presents the mapping between research gaps, aims, and object-
ives is presented in Figure 1.2.

In chapter 1 (this chapter), I provide a brief introduction to the research context of this
thesis, a rationale for the work, aims and objectives, and an outline of the forthcoming
chapters.
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Needs

Aims

Objectives

Chapters

1

Develop Mtb
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2
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Estimate
vaccine
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3 4

Estimate vaccine impact on drug resistant TB,
vaccine cost-effectiveness and affordability in

India and China
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Establish robustness of
vaccine impact to

structural uncertainty

Assess if different social
contact update methods

affect vaccine impact

4 
Estimate if contact matrix

updates in India affect
vaccine impact as

demography changes

5

Figure 1.2: Layout of thesis

Chapter 2 presents a brief summary of the burden and natural history of TB relevant
to vaccination. It includes background to the epidemics of TB and drug-resistant TB
in India and China. I include a published systematic review, which summarises (i) the
current status of the TB vaccine development pipeline; and (ii) the current state of the TB
vaccine modelling literature. In the latter, I which identify new vaccine characteristics,
targeting strategies, epidemiologic features, and economic evaluations are included in
recent studies. This chapter identifies the research gaps described in section §1.2

Weerasuriya, CK, Clark, RA, White, RG, Harris, RC New TB
vaccines: advances in clinical development and modelling (Re-
view Symposium). J Intern Med, 2020; 288: 661– 681. https:
//doi.org/10.1111/joim.13197

Chapter 3 addresses objectives one and two. It includes a published manuscript and its
associated technical appendix. This study presents a dynamic transmission model of
Mtb, stratified by age-, drug-resistance-, and treatment history- calibrated to historical
epidemiologic data from India and China, with an attached country-specific cost-model
of programmatic (non-vaccine) TB control and vaccine delivery. I project two future
baseline (no new vaccine) scenarios for each country—one where programmatic (non-
vaccine) TB control continues unchanged from 2018 (known as “Status Quo”) and the
other where programmatic control is scaled up according to country-specific plans per
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published national strategies and expert input (known as “Policy”). Using the calibrated
model, I estimate the epidemiologic impact of vaccines on both drug-resistant TB and
overall TB, and vaccine cost-effectiveness.

Weerasuriya, C.K., Harris, R.C., McQuaid, C.F. , Bozzani, F.,
Ruan, Y., Li, R., Li, T., Rade, K., Rao, R., Ginsberg, A.M.,
Gomez, G.B., White, R.G. The epidemiologic impact and cost-
effectiveness of new tuberculosis vaccines on multidrug-resistant
tuberculosis in India and China. BMCMed 19, 60 (2021). https:
//doi.org/10.1186/s12916-021-01932-7

Chapter 4 addresses objective three. First, I discuss how commonly used cost-effectiveness
thresholds do not reflect health system budget constraints or the affordability of health
interventions. Then, I briefly review how the cost-effectiveness threshold against which
vaccines should be appraised might change as the proposed total cost of vaccine deploy-
ment changes. Finally, I present a published study where, using the calibrated model in
chapter 3, I estimated the total maximum cost at which vaccine programmes in India
and China would remain cost-effective, if the health benefits gained by vaccination were
valued at country-specific cost-effectiveness thresholds.

Weerasuriya, C.K.; Harris, R.C.; Quaife, M.; McQuaid, C.F.;
White, R.G.; Gomez, G.B. Affordability of Adult Tuberculosis Vac-
cination in India and China: A Dynamic Transmission Model-
Based Analysis. Vaccines 2021, 9, 245.
https://doi.org/10.3390/vaccines9030245

In chapter 5 I address objective four. This chapter includes a manuscript under review
and its associated technical appendix. This study estimates the impact of TB vaccines
in four simplified Mtb transmission models calibrated to an India-like epidemiologic
scenario. Each model uses a different method to update contact structures to match
evolving demography. I compare vaccine impact on TB burden in 2050 between the
update methods. This manuscript builds on the work of Arregui et al.[21], who describe
methods to update social contact matrices to match long-term demographic trends in
dynamic transmission models.

Finally, in chapter 6, I synthesize and discuss the main findings of this thesis, the im-
plications for vaccine adoption and methodological limitations of the work. I conclude
by outlining new research questions identified by this work that may warrant further
research.
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2 State of the Art

This chapter presents essential background on the natural history and burden of TB,
including drug resistance and economic impact. It identifies current research gaps through
a published review of recent TB vaccine trials and vaccine modelling literature.

2.1 The Natural History of Tuberculosis

The natural history of TB is complex and multifaceted. The following summary highlights
those aspects of TB natural history that are important from a vaccine perspective.

Active TB typically presents as a potentially infectious pulmonary disease with a classic
triad of fever, night sweats, and weight loss[1,2], often with cough, haemoptysis and
lymphadenopathy. However, disease can also take an extrapulmonary non-infectious
form, either in other organs or disseminated throughout the body. Extrapulmonary TB is
considerably less common, accounting for 16% of all globally notified cases in 2019[3].

TB is caused by the bacillus Mycobacterium tuberculosis (Mtb). In most cases, Mtb is
transmitted when airborne bacilli—expelled when an infectious person coughs—are
inhaled by another individual. Infection generally leads to one of two outcomes:

1. Fast progression: The first outcome is “fast progression” to active symptomatic
disease. If Mtb can be identified in expectorated sputum (“smear-positive”), active
disease is considered infectious. If Mtb cannot be identified in sputum (“smear-
negative”) and the patient is diagnosed with TB on clinical or radiologic grounds[1],
active disease is considered to be substantially less infectious[4]. A proportion of
“smear-negative” cases may subsequently be microbiologically confirmed through
mycobacterial culture or molecular assays. Non-infectious disease may progress
to infectious disease. The risk of developing active disease is highest in the first
twenty-four months after infection and declines continuously over time.

2. Latent tuberculosis infection: Alternatively, infection can lead to an asymptomatic,
non-infectious state known as latent tuberculosis infection (LTBI). LTBI can persist
for years to decades, but in a proportion of individuals, Mtb may “reactivate” to
active disease[1,5].
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Currently, we cannot accurately predict whether a given person will develop LTBI or
active disease after Mtb infection. Most people develop LTBI after infection; the lifetime
risk of progression to disease after infection is approximately 10%[1]. Progression to
disease is more likely with advanced age, immunocompromise, infection with specific
virulent Mtb strains, and previous history of Mtb infection or TB disease[6,7]. Similarly,
advanced age and immunocompromise increase the risk of reactivation from LTBI[8,9].

Untreated active disease may spontaneously cure (“natural cure”) or progress, ultimately
leading to death. In HIV-negative persons, the estimated lifetime case fatality rates
for untreated smear-positive and smear-negative TB are approximately 70% and 20%,
respectively[10]. Case fatality in persons with AIDS, or other complicating factors such as
diabetes, is substantially higher[11–13].

Individuals may also “relapse” back to active disease after natural cure or successful
treatment; thus, latent infection and the recovered state act as long term reservoirs ofMtb
in the population. Both groups of persons can also be reinfected withMtb, which can then
fast-progress to disease. However, the experience of prior infection in latently infected or
recovered individuals confers incomplete immunity, reducing the risk of fast-progression
on subsequent reinfection by 59–75%[14–16].

2.2 Tuberculosis Burden and Control

Over the last decade, TB has killed more people than any other infectious disease. In
2019, TB caused an estimated 1.6 million deaths worldwide[3]. Ten million new cases
of TB occur each year, overwhelmingly in low- and middle-income countries. In 2019,
approximately 7.1 million new cases of TB were diagnosed and notified, suggesting that
2.9 million cases remained unreported or undiagnosed[3]. Two-thirds of the global TB
burden occurs in eight countries: India (26%), Indonesia (8.5%), China (8.4%), the
Philippines (6.0%), Pakistan (5.7%), Nigeria (4.4%), Bangladesh (3.6%) and South Africa
(3.6%)[3].

Globally, key risk factors for TB include HIV/AIDS, advanced age, diabetes mellitus, alco-
hol misuse, malnutrition, structural lung disease including silicosis, indoor air pollution,
and smoking. Most risk factors are associated with socioeconomic deprivation; unsur-
prisingly, TB follows a socioeconomic gradient and disproportionately affects society’s
poorest and most vulnerable members[17].

The current first-line drug treatment regimen for drug susceptible TB (DSTB) was estab-
lished in the 1980s. It is highly effective, attaining cure rates of approximately 85%[3,18].
This all-oral regimen lasts six months and consists of two phases: rifampicin, isoniazid,
ethambutol, and pyrazinamide for two months, followed by rifampicin and isoniazid
for four months[19,20]. Recent evidence suggests that a four-month regimen comprising
rifapentine, isoniazid, pyrazinamide, and moxifloxacin is at least as safe and effective as
the standard six-month regimen[21]. World Health Organization (WHO) plans to include
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the new four-month regimen as an alternative to the standard regimen in the 2021 update
to the consolidated guidelines on TB[22].

2.2.1 Drug-resistant Tuberculosis

Global TB control efforts are threatened by antimicrobial resistance. rifampicin-resistant tuber-
culosis (RR-TB) and its subtype multidrug-resistant TB (MDR-TB)—the latter defined as
resistance to both rifampicin and isoniazid—lead to poor disease outcomes and require
treatment with drug regimens that are longer, more complex, cause more adverse effects,
and have poor success rates[23,24].

Approximately 465,000 new cases of multidrug-resistant or rifampicin-resistant TB
(MDR/RR-TB) occurred in 2019 worldwide, of which 78% were MDR-TB. Among noti-
fied TB cases, MDR/RR-TB constituted 3.3% (95% confidence interval [CI]: 2.3–4.3%) of
new and 18% (95% CI: 9.7–27%) of previously treated cases of TB[3].

MDR/RR-TB is most frequently identified in people who have previously had TB or
received treatment for TB[25,26]. Other risk factors vary by context and geographic set-
ting and include advanced age, HIV/AIDS, lung disease including chronic obstructive
pulmonary disease, infection with the Beijing strain of Mtb, a history of incarceration,
male gender, smoking, and alcohol use[27–30].

At the cellular level, most de novo drug resistance in Mtb arises through mutations in
bacterial genes that encode drug targets rather than via horizontal transfer from other
(myco)bacteria[31]. Once a resistance-conferring mutation is acquired, antimicrobial
selection pressure favours the survival of resistant organisms at the expense of drug-
susceptible organisms.

Where a drug-susceptible infectingMtb strain gains resistance through de novomutations,
this is termed “secondary resistance”. Alternatively, MDR/RR-TB may be due to “primary
resistance”, where the patient is infected with drug-resistant Mtb[23]. The pathways to
clinical MDR/RR-TB include primary resistance, secondary resistance, reinfection with a
drug-resistant strain during or after treatment for DSTB, or mixed initial infection with
drug-resistant and susceptible strains, with treatment unmasking resistance[23,32].

Until recently, established dogma held that secondary resistance caused most MDR/RR-
TB, consistent with the higher rate of disease observed in persons who have had or had
been treated for TB. Specifically, secondary resistance was attributed to treatment non-
adherence during the six-month treatment regimen for DSTB. However, phylogenetic
analysis of drug-resistantMtb isolates is challenging this consensus. Authors across a range
of settings have demonstrated high levels of clustering and relatedness in drug-resistant
Mtb isolates[33–36] using methods such as IS6110 restriction-length polymorphism fin-
gerprinting[37], mycobacterial interspersed repetitive units-variable numbers of tandem
repeat typing[38], and whole-genome sequencing[39]. High levels of clustering suggest a
substantial proportion of MDR/RR-TB is due to primary resistance[23,40]. Moreover, the
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dominant driver of secondary resistance may not be non-adherence but factors such as
insufficient tissue and serum concentrations of anti-TB drugs[41].

Health systems typically group RR-TB and MDR-TB together as the recommended treat-
ment for both are identical[42]. The WHO consolidated guidelines for the management
of drug-resistant TB[42] recommendations include both standard long regimens lasting
18–20 months and a shorter standardised regimen (indicated for a subset of patients)
lasting 9–12 months. Drug composition in long MDR/RR-TB regimens varies per local
treatment protocols, the specific antimicrobial resistance patterns of the Mtb isolate, and
patient response. Unlike first-line therapy, most second-line regimens include at least
one parenteral agent, necessitating in-patient or in-facility treatment[42]. Treatment out-
comes remain poor: globally, only 57% of people who began MDR/RR-TB treatment in
2017 successfully completed treatment[3]. This estimate is heterogeneous, with treatment
success rates ranging from 52% in the WHO South-East Asia region to 64% in the WHO
Eastern Mediterranean and African regions[3].

Drug resistance beyond MDR-TB is classified as extensively drug-resistant TB (XDR-
TB), defined as resistance to rifampicin, isoniazid, a fluoroquinolone (moxifloxacin or
levofloxacin), and either bedaquiline or linezolid[43]. Fortunately, XDR-TB remains
relatively rare: 12,350 cases were notified in 2019, predominantly in Eastern Europe[3].

Several recent and ongoing developments in TB diagnosis and management may substan-
tially alter future programmatic and clinical MDR/RR-TB management.

First, the delivery of drug susceptibility testing (DST) to TB patients is increasing, leading
to improved rates of MDR/RR-TB diagnosis. Universal DST is a goal of the WHO End
TB strategy and DST coverage has increased from 2012 to 2019, rising from 7% to 61%
of all globally notified pulmonary TB cases[3]. This increase has been driven mainly by
the routine use of molecular assays for TB diagnosis—notably Xpert MTB/RIF—that can
simultaneously detect rifampicin resistance[3].

Second, drug treatment for MDR/RR-TB has progressed substantially. Several new
(e.g. bedaquiline[44], delamanid[45], and pretomanid[46]) and repurposed drugs (e.g.
clofazimine[47]) are under investigation as new components of second-line treatment
regimens. Some of these are oral agents currently in, or recently completed, trials as part
of standardised all-oral short (6–9 month) treatment regimens[47–50]. However, local
resistance patterns to existing second-line drugs vary, and new resistance to new drugs
emerge over time. Together, these facts likely preclude a universal second-line regimen
for MDR/RR-TB; programmatic control of MDR/RR-TB is likely to remain an ongoing
challenge despite improved diagnosis and treatment.
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2.3 The Cost of Tuberculosis

Besides the human cost, TB imposes a substantial financial burden on health systems and
patients, both directly and indirectly.

The programmatic costs of DSTB control encompass those for drugs, surveillance, dia-
gnosis and monitoring, dedicated human resources, facilities and hospitalisation (where
necessary). Some modes of TB care delivery—e.g. Private-Public Financing strategies or
directly observed treatment, short-course chemotherapy (DOTS), where trained health-
care providers directly supervise the administration of each dose to the patient—incur
additional costs. Accurately estimating these costs is challenging as the methodological
quality of studies that report them is very heterogeneous. Nonetheless, in a compre-
hensive systematic review, Laurence et al.[51] estimated the costs of treating DSTB from
a provider perspective. They estimate that, per patient, high-income countries spend
$14,659, upper-middle-income countries spend $840, lower-middle-income spend $273,
and low-income countries spend $258. In total, WHO has estimated that $4.2 billion
was mobilised in 2020 for TB prevention, diagnosis, and treatment over the low- and
middle-income countries (LMICs) that accounted for 98% of all notified TB cases. Despite
these costs, programmatic TB control has been demonstrated to be cost-effective over a
range of settings[52].

Patients and their families also incur substantial direct and indirect costs due to TB.
For example, Tanimura et al.[53] estimated that patients in low- and middle- income
countries suffered a total mean cost of $847 (range $55–$8198), comprising 20% direct
medical costs, 20% non-medical costs and 60% income loss. Similarly, other studies have
consistently demonstrated patients often experience catastrophic costs[53–56]—defined as
costs that exceed 20% of annual household income[57]—from TB.

2.3.1 The Cost of Drug-resistant Tuberculosis

While the burden of MDR/RR-TB is smaller than DSTB, the former imposes greatly
disproportionate costs on health systems from additional diagnostic tests, drug sensitivity
testing, expensive drugs, and long hospitalisation. MDR/RR-TB control required $2.26
billion of the $6.5 billion available globally for TB in 2020[3], despite constituting less
than 5% of all incident TB. In their systematic review, Laurence et al. estimated mean
provider costs of $83,365, $5,284, $6,313, and $1,218 per MDR-TB case treated in high-,
upper-middle-, lower-middle- and low-income countries respectively[51].

MDR-TB is also very expensive for patients. One study from India estimated that
MDR/RR-TB patients with an annual income of $608 ($228–$912) spent $171 ($72–$432)
out-of-pocket before treatment[58]. Similarly, a study in Ethiopia, Indonesia, and Kazakh-
stan found that patients spent $1,838, $2,342, and $3,125, respectively, out-of-pocket, for
MDR-TB diagnosis and treatment[59].
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Changing epidemic dynamics may affect the health system costs of MDR/RR-TB . Health
systems have invested in improving adherence for DSTB treatment, working on the
assumption that most resistance is secondary. However, as primary resistance increasingly
underlies MDR/RR-TB[23,60], these strategies will decline in effectiveness, necessitating
investment into (more costly) early diagnosis and treatment of MDR/RR-TB .

2.4 Country Selection Rationale

This thesis modelled epidemiologic and health systems scenarios set in China and India
(chapters 3 and 4), or an India-like setting (chapter 5).

Modelling across these two countries is valuable for at least three reasons. First, the results
will inform policy in high MDR/RR-TB and overall TB burden settings. Second, India
and China have substantially different TB epidemiology and health systems that provide
TB care; modelling across heterogeneous contexts may improve the generalisability of
results. Third, it may elucidate how epidemiologic differences affect the importance of
particular vaccine characteristics.

TB incidence in China and India accounted for approximately 34.4% of the global total in
2019. What follows is a brief description of the context in each country.

2.4.1 India

It is challenging to accurately characterise TB epidemiology and burden in India. To
date, granular, empirically derived, nationally representative estimates are unavailable.
The country’s first national TB prevalence survey was expected to report in 2021 but
is currently on hold due to the COVID-19 pandemic. The best available countrywide
estimates are derived from routine surveillance data, extrapolated frompooled subnational
estimates[61–63], or inferred from other sources, such as the National Family Health
Survey[64].

Per WHO estimates, India experienced 2.64 million (uncertainty interval [UI] 1.80–3.63)
incident TB cases in 2019, equivalent to 192 (UI: 132–266) cases per 100,000 population
and accounting for 26% of the global total[3,65]. Of these, 71,000 (UI: 49,000–98,000)
cases—equivalent to 5.2 (UI: 3.6–7.2 cases per 100,000)—occurred among people living
with HIV. While we do not currently have reliable empirical data to characterise the
age distribution of TB in India, model-based estimates suggest that TB incidence is
concentrated between ages 15–64 years[3]. Treatment coverage is estimated at 82% (UI:
60–120), suggesting that approximately a fifth of incident cases are not notified. Finally,
the case fatality ratio is estimated at 17% (UI: 12–24), corresponding to approximately
445,000 (UI: 413,000–478,000) deaths in 2019.

16



2.4 Country Selection Rationale

MDR/RR-TB accounted for 124,000 (UI: 73,000–189,000) of incident TB cases in India in
2019, corresponding to 9.1 (UI: 5.3–14) cases per 100,000 population and 27% of global
burden[3]. High-quality estimates of the distribution of multidrug/rifampicin resistance
by treatment history were generated by the first national anti-tuberculosis drug resistance
survey[66]. This survey, conducted 2014–2016, found MDR/RR-TB among 2.8% (95% CI:
2.3–3.5%) of new, 11.6% (CI: 10.2–13.2%) of previously treated, and 6.2% (95% confidence
interval, CI: 5.6–6.96%) of overall TB patients.

Within India, tuberculosis epidemiology is heterogeneous, with variation by urbanisation,
gender, and socioeconomic status. That poverty and lower socioeconomic status are
associated with a higher risk of, and poorer outcomes from, TB is well established across
a range of settings[17]. This relationship is complex, likely representing an interconnected
set of risk factors—social, environmental, and biological—that are more prevalent in
lower-income groups. Estimates of the differential burden by wealth groups in India
vary, ranging from 242 vs 149 (per 100,000 population) in those below vs above the
poverty line[67] to 201 per 100,000 population (95% CI 142–260) among the wealthiest
population quintile to 1105 per 100,000 population (95% CI 919–1291000) in the poorest
quintile[68]. Similarly, the degree of urbanisation is associated with differences in burden
and outcomes. One study estimated the nationwide annual risk of tuberculosis infection
at 2.2% and 1.3% in urban and rural areas respectively[69]. Findings regarding treatment
outcomes are mixed, with some studies finding poorer Revised National Tuberculosis
Control Programme (RNTCP) outcomes in remote tribal areas[70] and others reporting
worse treatment outcomes with increasing urbanisation[71,72]. Finally, consistent with
global findings[3], multiple studies have demonstrated an approximately 2:1 male:female
ratio in TB burden in India[73,74]. This discrepancy has been attributed to a range of
causes including biological factors, occupational risk, contact patterns, and care-seeking
behaviour[75,76].

Many aspects of programmatic TB control have progressed in the last two decades. The
National Tuberculosis Elimination Programme (NTEP), formerly the RNTCP, achieved
nationwide coverage of DOTS in 2006. Programmatic management of drug-resistant
TB was initiated in 2007 and scaled nationwide in 2013[66]. Following the initiation of a
national TB case reporting platform (“Nikshay”) in 2012, TB case notifications rose from
1.2 million in 2013 to 2.2 million in 2019[3]. As a result, treatment outcomes for DSTB in
the public health sector have improved, although outcomes for drug-resistant TB remain
poor[3].

Further progress in TB control is complicated by the complex structure of the Indian
healthcare system. Supplementing publicly funded healthcare, India has a large, hetero-
geneous, and variably regulated private healthcare sector whose contribution to national
TB control is not known accurately. Consensus holds that the private sector delivers at
least half of all TB treatment, but analyses of private sector sales of anti-tuberculosis drugs
and community surveys[77] suggest this proportion may be up to two-thirds. Patients
treated for TB in the private sector are less often notified to the national tuberculosis
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programme (NTP), less likely to receive appropriate diagnostic testing (including drug
sensitivity testing), more likely to be treated empirically with broad-spectrum antibiotics,
less likely to receive appropriate first-line anti-tuberculosis therapy, and suffer from worse
treatment outcomes[78–81]. Inappropriate private sector management may also contribute
to increasing levels of antimicrobial resistance.

India’s RNTCPpublished theNational Strategic Plan forTuberculosis Elimination 2017–2025
(NSP)[82]in 2017. The NSP acknowledges the challenges above and sets out wide-ranging
strategic goals over all aspects of programmatic TB management. Includes specific aims
to (1) improve diagnostic capabilities, increase overall case detection rates; (2) increase
drug sensitivity testing coverage to 100% by 2025; (3) increase private sector engagement,
improving rates of notification from the private sector. The document also identifies the
challenges posed by MDR/RR-TB, noting that MDR/RR-TB management is responsible
for 40% of RNTCP expenditure.

In summary, India is a settingwith a high burden of TB, includingMDR/RR-TB.MDR/RR-
TB imposes a substantial health burden on the populace and a substantial financial burden
on theNTP. In addition, many of aims of theNSPmay impactMDR/RR-TB burden. Taken
together, there is a clear need to quantify the potential impact of a new TB vaccine in India,
incorporating the uncertainties introduced by the planned scale-up of programmatic TB
management.

2.4.2 China

TB diagnosis and control in China have made substantial progress in the past three
decades. Smear positive TB prevalence fell by 80% from 1990 to 2010, corresponding to
the initiation and national scale-up of the DOTS programme by the Chinese Centres for
Disease Control (CCDC)[83,84].

Despite this, China experienced 833,000 (UI: 717,000–957,000) incident cases of TB in
2019, equivalent to 58 (UI: 50–67) cases per 100,000 population and corresponding to
8.4% of the global total[3]. TB caused 31,000 (UI: 28,000–34,000) deaths, corresponding
to a rate of 2.2 (UI: 2.0–2.4) per 100,000 and a case fatality ratio of 4% (UI: 3–5). In
general, treatment coverage is high, estimated at 87% (UI: 76–100), with >90% new and
relapse cases registered in 2018 treated successfully[65].

Improvements in diagnosis and treatment outcomes for MDR/RR-TB lag behind DSTB.
The NTP initiated its MDR/RR-TB component in October 2006, with sites in only two
prefectures. The programme had expanded to 92 of 333 prefectures (28%) by 2014 and
continues to expand[85]. However, China still accounts for 14% of global MDR/RR-TB
burden, corresponding to 65,000 (UI: 49,000–83,000) incident cases in 2019, when it was
identified in 7.1% (UI: 5.6–8.7) of new and 23% (UI: 23–24) of previously treated cases of
TB[3,86,87]. MDR/RR-TB burden as a fraction of overall TB has remained relatively stable,
or declined slowly, over the last two decades[86,88,89]. With only 54% of cases treated
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2.4 Country Selection Rationale

successfully in 2018, MDR/RR-TB treatment outcomes remain poor, albeit consistent
with global averages[3].

Heterogeneity in TB epidemiology by urbanisation, gender, and socioeconomic status
also exist in China. Robust data from repeated national prevalence surveys have demon-
strated a higher burden of disease in rural compared to urban populations[83]: in 2010,
bacteriologically-positive prevalence was reported at 163 (95% CI 143–185) per 100,000
population in the former, compared to 73 (95%CI 51–105) per 100,000 in the latter.
Gender disparities also follow global patterns, with 183 (95%CI 157–215) per 100,000
bacteriologically-positive cases in men, compared to 64 (95%CI 52–79) in women[83].
Finally, income has been reported to be negatively correlated with per capita net income
in rural areas and indices of consumption in urban areas[90].

Per national TB control policy, diagnosis and treatment for uncomplicated DSTB are
available nominally free of charge in China, delivered through a system of “TB dispens-
aries” affiliated with CCDC. Patients can also access care at “TB specialist hospitals”,
which are similar to TB dispensaries but tend to treat severe TB, or through an integrated
care pathway, where they receive free diagnosis and care at a TB clinic run within a
general public hospital[91,92]. In contrast, neither the NTP nor basic health insurance
(social health insurance) provide comprehensive coverage of MDR/RR-TB diagnosis
and treatment costs[93]; many patients incur substantial out-of-pocket expenditure and
experience catastrophic costs[94]. Nevertheless, $401 million of $994 million available
in the 2020 NTP budget was required for MDR/RR-TB management, highlighting the
financial burden on the public health sector[3].

In sum, DSTB detection and treatment in China has improved over the last few decades.
The burden of MDR/RR-TB is either constant or declining very slowly. MDR/RR-TB
represents a substantial source ofmorbidity and financial burden to both the health system
and patients. Given the scale of MDR/RR-TB in China, characterising the contribution
of a new vaccine to its control is of particular importance.

Summary of Background

In the preceding sections, I have described the background and context of TB natural
history and epidemiology, both globally and specifically in India and China, focusing
on MDR/RR-TB and the costs to health systems posed by (drug-resistant) TB. Given
the scale of the problem and the potential future impediment to global TB control, these
aspects must be adequately integrated into mathematical models that aim to inform the
adoption of new TB vaccines.

In the next section, I present a published review which includes a systematic review of the
current TB vaccine modelling literature, and review the state of TB vaccine candidates in
clinical trials.
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2 State of the Art

2.5 Advances in Tuberculosis Vaccines

2.5.1 Research Paper 1

This research paper is cited as:

Weerasuriya, CK, Clark, RA, White, RG, Harris, RC New tuberculosis vaccines: ad-
vances in clinical development and modelling (Review Symposium). J Intern Med,
2020; 288: 661– 681.
https://doi.org/10.1111/joim.13197

Research Paper 1 is included under the terms of the Creative Commons Attribution 4.0
International Licence (CC BY 4.0), available online at:

https://creativecommons.org/licenses/by/4.0/
This page is available in the following languages: 

This is a human-readable summary of (and not a substitute for) the license.
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Attribution 4.0 International (CC BY 4.0)

You are free to:
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for any purpose, even commercially.

The licensor cannot revoke these freedoms as long as you follow the license terms.

Attribution — You must give appropriate credit, provide a link to the license, and
indicate if changes were made. You may do so in any reasonable manner, but not in
any way that suggests the licensor endorses you or your use.

No additional restrictions — You may not apply legal terms or technological
measures that legally restrict others from doing anything the license permits.

You do not have to comply with the license for elements of the material in the public
domain or where your use is permitted by an applicable exception or limitation.

No warranties are given. The license may not give you all of the permissions
necessary for your intended use. For example, other rights such as publicity, privacy,
or moral rights may limit how you use the material.

Figure 2.1: Research Paper 1: Creative Commons License
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Tuberculosis remains a major source of morbidity
and mortality worldwide, with 10 million cases and
1.5 million deaths in 2018. Achieving ‘End TB’
prevention and care goals by 2035 will likely
require a new tuberculosis vaccine. The tubercu-
losis vaccine development pipeline has seen
encouraging progress; however, questions around
their population impact and implementation
remain. Mathematical modelling investigates these
questions to inform vaccine development and
deployment strategies. We provide an update on
the current vaccine development pipeline, and a
systematic literature review of mathematical mod-
elling of the epidemiological impact of new tuber-
culosis vaccines. Fourteen prophylactic
tuberculosis vaccine candidates are currently in
clinical trials. Two candidates have shown promise
in phase II proof-of-concept efficacy trials: M72/

AS01E demonstrated 49.7% (95% CI; 2.1, 74.2)
protection against tuberculosis disease, and BCG
revaccination demonstrated 45.4% (95% CI; 6.4,
68.1) protection against sustained Mycobacterium
tuberculosis infection. Since the last modelling
review, new studies have investigated the epidemi-
ological impact of differential vaccine characteris-
tics, age targeting and spatial/risk group targeting.
Critical research priorities for M72/AS01E include
completing the currently in-design trial, powered to
improve the precision of efficacy estimates, include
uninfected populations and further assess safety
and immunogenicity in HIV-infected people. For
BCG revaccination, the priority is completing the
ongoing confirmation of efficacy trial. Critical mod-
elling gaps remain on the full value proposition of
vaccines, comparisons with other interventions
and more realistic implementation strategies.
Using carefully designed trials and modelling, we
must prepare for success, to ensure that new
vaccines will be promptly received by those most
in need.

Keywords: clinical trial, mathematical model, sys-
tematic review, tuberculosis, vaccine.

Introduction

Tuberculosis (TB) was the leading cause of death
due to a single infectious pathogen worldwide in
2018, with an estimated 10 million new cases and
approximately 1.5 million deaths [1]. Over two-
thirds of cases are found amongst eight countries:
India, China, Indonesia, the Philippines, Pakistan,
Nigeria, Bangladesh and South Africa. Global TB
control efforts are hindered by the emergent epi-
demic of drug-resistant tuberculosis.

Approximately 500 000 cases of rifampicin-resis-
tant tuberculosis (RR-TB) arose in 2018, of which
78% were multi-drug-resistant tuberculosis (MDR-
TB).

The global community has set ambitious TB con-
trol and elimination targets. The World Health
Organization (WHO) End TB Strategy defines mile-
stones and targets for TB control by 2035, which
aim to reduce TB deaths by 95% and incidence by
90% compared with 2015 [2]. Despite these goals,
progress has been slow. TB incidence declined only
1.6% per year between 2000 and 2018, and TB
deaths declined 11% between 2015 and 2018. To
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affirm its commitment to TB control, in 2019, the
UN General Assembly issued a political declaration
following the first-ever high-level meeting on TB,
which included targets to mobilize at least USD 13
billion towards TB diagnosis, care and prevention
by 2022, and at least USD 2 billion towards TB
research.

The End TB Strategy recognizes that a lack of
optimal tools to prevent TB, including a vaccine, is
a key barrier for TB control, and calls for intensified
research and innovation in this area. Encourag-
ingly, the TB vaccine pipeline has recently seen
rapid development. There are prophylactic vaccine
candidates at all stages along the clinical develop-
ment pathway [3,4], including three in phase I,
eight in phase II and three in phase III, reflecting a
diverse array of antigens and proposed mecha-
nisms of vaccine effect. Two recent phase II efficacy
trials have reported promising results. A trial of
adolescent bacille Calmette–Guérin (BCG) revacci-
nation in South Africa demonstrated 45.4% reduc-
tion in sustained Mycobacterium tuberculosis (Mtb)
infection [5]. A trial of the new TB vaccine candi-
date M72/AS01E in adults reported 49.7% efficacy
in preventing TB disease at 3 years of follow-up [6].
Given their likely integral role in TB elimination, we
review the current state of clinical development of
TB vaccines. In the following sections, we provide a
general classification of TB vaccines and review the
current candidates along the TB vaccine clinical
development pathway. We summarize the mathe-
matical modelling literature used to inform vaccine
development, focusing on models that address the
epidemiologic impact of new TB vaccines. Finally,
we describe the future for TB vaccines in the effort
towards TB elimination.

Classification of tuberculosis vaccines

Besides conventional characteristics such as the
duration of protection and vaccine efficacy, we
classify prophylactic TB vaccines along the two
major qualitative axes: (a) the host infection status
required for efficacy and (b) the mechanism of
effect (Figure 1).

The host infection status required for efficacy is
defined relative to the tuberculosis natural history
state of the vaccine recipient in which the vaccine
is effective. Vaccines effective only in individuals
who are not infected by Mtb are referred to as
‘preinfection’ (PRI) vaccines (sometimes referred to
as ‘pre-exposure’ vaccines). In contrast, vaccines

effective in individuals who either have current
latent infection or have recovered from disease
(through treatment or through natural cure) are
referred to as ‘postinfection’ (PSI) vaccines (some-
times referred to as ‘postexposure’ vaccines). Vac-
cines effective in uninfected, latent and recovered
individuals are known as ‘pre- and postinfection’
vaccines (P&PI). Therapeutic vaccines, which mod-
ify disease in those with active tuberculosis, are not
considered in this review.

We classify the mechanism of effect as the point
along the progression from infection with Mtb to
the development of active tuberculosis disease at
which the vaccine exerts its effect. A prevention of
infection (POI) vaccine reduces the probability of
infection by Mtb. In contrast, the probability of
infection is unaffected directly by a prevention of
disease (POD) vaccine. POD vaccines act through
one or more of (a) reducing the rate of progression
to active disease following infection or reinfection
with Mtb (‘fast progression’); (b) reducing the rate of
reactivation from latent infection to active disease;
and/or (c) reducing the rate of relapse from recov-
ered to active disease.

Candidates in clinical trials

The need for new TB vaccines and challenges in development

Infant BCG vaccination protects against severe
extrapulmonary forms of TB in young children and
is an important mainstay of national immunization
programmes in TB endemic countries. However,
BCG is contraindicated in HIV-positive individuals,
an epidemiologically important population, due to
an increased risk of disseminated BCGosis. Addi-
tionally, estimates of BCG efficacy against adoles-
cent and adult pulmonary TB vary, ranging from
an ‘absence of clinically important benefit’ in
Malawi and India, to almost 80% protection in the
UK and a North American Indigenous population
[7–9]. Vaccines effective against pulmonary TB in
adolescents and adults, but also in the elderly, and
that are safe and effective in latently infected
individuals and HIV-positive individuals are
urgently needed.

The major impediment to new TB vaccine develop-
ment is the lack of a correlate of protection, which
necessitates large, long and expensive trials to
demonstrate prophylactic efficacy against TB dis-
ease. The relatively low incidence of TB implies that
adequately powered phase III trials will typically
require at least 10 000 participants and cost in the
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order of USD 100 million or more. Until a correlate
of protection exists to allow immunobridging, effi-
cacy trials may be necessary for extending regis-
tration to important populations other than those
in the initial licensure trial, including HIV-positive
populations, other age groups and other geogra-
phies. Short, inexpensive challenge studies are not
yet an option in TB, as unlike malaria or influenza
where quick, safe and effective treatments are

available, TB treatment lasts at least 6 months
and carries a risk of drug resistance.

Progress and innovation in clinical trials

Despite these challenges, the current TB vaccine
candidate development pipeline is the strongest to
date. Fourteen vaccine candidates (Figure 2) are in
clinical development, including seven entering or

Fig. 1 Tuberculosis vaccine mechanism of effect and host infection status required for efficacy. Mechanism of effect is
indicated by double bars along natural history pathways. Host infection status required for efficacy is indicated by
background colour.
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already in proof-of-concept or full efficacy trials.
The pipeline includes vaccines using viral vectors,
live attenuated Mtb, inactivated whole cell and
protein/adjuvant technologies.

Alongside the classical phase I/II/III trials, phase
IIB (proof-of-concept) trials have been used to
provide an initial assessment of efficacy for new
TB vaccine candidates. These are valuable in stage-
gating and de-risking the TB pipeline before the
more substantive investment of a phase III trial.
Studies in adults have historically focused on
pulmonary disease as their outcome. Now, driven
by the need for earlier indications of efficacy and
de-risking of phase III investment, proof-of-concept
trials may investigate infection or recurrence out-
comes. Rates of infection and recurrence are
greater than primary disease, so can help minimize
trial size, as can recruiting other high-risk popu-
lations such as household contacts and healthcare
workers. Furthermore, modelling has demon-
strated the important contribution of reactivation
and relapse to disease burden in many settings,

leading to increased recognition of the need to
protect postinfection (latently infected or recovered)
populations [10–12]. Therefore, increasingly, stud-
ies either include or exclusively recruit postinfec-
tion populations.

We summarize the status of pipeline candidates in
human trials and publicly available plans for
upcoming trials.

Vaccine pipeline

Phase I
The early TB vaccine candidate pipeline is cur-
rently focused on new approaches to vaccine
delivery (e.g. aerosolized, intranasal).

Two adenovirus-vectored candidates based on the
mycobacterial antigen 85A are currently in sepa-
rate phase I trials: Ad5-Ag85A [13] and ChA-
dOx185A-MVA85A prime-boost [14]. Both trials
aim to investigate the safety and immunogenicity of
aerosolized compared with intramuscular delivery

Fig. 2 Classification of tuberculosis vaccines by trial phase, trial outcome (POI or POD) and population where vaccines
were tested for efficacy (PSI, PRI or P&PI). The phase and trial outcome are based on the latest ongoing or completed clinical
trials per candidate. POI and POD trial outcomes are only applicable to proof-of-concept or efficacy trials. H56:IC31 is under
investigation for prevention of recurrent disease effect. VPM1002 is under investigation for both prevention of primary and
recurrent disease effects. The host infection status required for efficacy reflects the various populations the candidate has
been or is being trialled in for efficacy.
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in BCG-vaccinated adults. The ongoing phase I
trial for Ad5-Ag85A, developed by McMaster
University, follows IGRA-negative adults for
24 weeks postadministration. The ongoing phase
I trial for ChAdOx185A-MVA85A, developed at
Oxford University, is following 39 IGRA-negative
participants for 168 days and is expected to com-
plete in late 2020. A phase IB/IIA trial for dose
ranging and age de-escalation is ongoing in
Uganda, with completion expected in 2022 [15],
focusing on intramuscular administration.

AEC/BC02, developed by Anhui Zhifei Longcom,
China, is a whole-cell freeze-dried Mtb vaccine
delivered in six intramuscular doses. A nonrandom-
ized open-label placebo-controlled phase I trial
recruiting 135 adults (18–45 years old) with varying
host infection status was completed in 2019, but
results are unpublished at the time of writing [16].

Phase IIA
Four candidates have recently completed or are
currently in phase IIA trials: TB/FLU-04L, GAMTB-
Vac, MTBVAC and ID93 + GLA-SE.

TB/FLU-04L comprises a recombinant replication-
deficient influenza virus A expressing mycobacte-
rial antigen ESAT-6, developed by Research Insti-
tute of Influenza, St Petersburg [17]. A randomized
open-label phase I trial of intranasal or sublingual
vaccine administration in 36 IGRA-negative 18- to
50-year-olds has demonstrated safety and tolera-
bility [18]. A phase IIA trial in IGRA-positive
individuals is being implemented.

GAMTBVac, a subunit recombinant vaccine con-
taining mycobacterial antigens 85A and ESAT-
CFP10, developed by the Gamaleya Research Insti-
tute of Epidemiology and Microbiology, Russia,
demonstrated safety and underwent dose selection
inphase I. Anongoing phase IIA trial to assess safety
and immunogenicity (measured as interferon-
gammaresponse) inBCG-vaccinated IGRA-negative
adults is expected to be completed in 2020 [19].

In a randomized, double-blind controlled phase IIA
trial, MTBVAC (live attenuated Mycobacterium
tuberculosis) was found to have a similar safety
and reactogenicity profile to BCG in infants, and a
specific and durable immune response up to one
year [20,21]. Two further phase IB/IIA safety and
immunogenicity and dose-finding trials are cur-
rently recruiting in South Africa, in infants [22] and
in adults [23].

Ongoing or upcoming trials of ID93 + GLA-SE (a
recombinant protein comprising four Mtb antigens,
combined with adjuvant GLA-SE) span phases I to
IIA. Safety and age de-escalation has been demon-
strated in a South Korean BCG-vaccinated IGRA-
negative adolescent phase I trial [24]. Phase IIA
demonstrated safety and immunogenicity in 60
adults (aged 18–60 years) with a history of previ-
ous treatment for drug-sensitive tuberculosis [25].
A phase IIA trial of 107 BCG-vaccinated IGRA-
negative South Korean healthcare workers is ongo-
ing, with expected completion in 2020 [26]. A phase
IIB study of 1000 BCG-vaccinated adolescents and
adults in South Korea, China, Indonesia, the
Philippines and Thailand is planned [4].

Phase IIB
There are four candidates that have recently com-
pleted or are currently undergoing phase IIB proof-
of-concept efficacy trials: H56:IC31, DAR-901,
BCG revaccination and M72/AS01E.

H56:IC31, a fusion protein of mycobacterial anti-
gens 85B, ESAT-6 and Rv2660c with IC31 adju-
vant, is currently in a phase IIB trial expected to
report in 2022. The study is recruiting 900 HIV-
negative adults who have been successfully treated
for drug-sensitive tuberculosis [27], with primary
end-point of culture-positive recurrent TB disease
within 12 months after a second vaccination.

Since the introduction of BCG, only a single new
vaccine candidate, SRL-172 (an inactivated whole
cell booster derived from non-tuberculous myco-
bacterium), has demonstrated safety and efficacy in
a phase III trial. However, the agar based manufac-
turing process couldnot be scaled. A candidate from
the samemaster cell bank,DAR-901,has sincebeen
adapted for broth-based production, and recently
completed a phase IIb trial [28,29]. This study
measured the prevention of Mtb infection in 667
BCG-vaccinated, HIV-negative and IGRA-negative
Tanzanian adolescents. A three-dose series of DAR-
901 was safe and well-tolerated, but did not show
any differences in either primary (IGRA conversion)
or secondary (sustained IGRA conversion) end-
points [30]. [Correction added on 22 January
2021, after first online publication: this paragraph
has been amended.]

Given that the historical literature suggests uncer-
tain BCG efficacy for preventing disease in adults
and adolescents, the use of BCG revaccination has
been largely discontinued and remains
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implemented in only nine countries. However,
questions regarding the value of BCG revaccination
to protect Mtb-uninfected individuals at high risk
of Mtb infection have resurfaced following a three-
arm randomized controlled trial recruiting IGRA-
negative, neonatally BCG-vaccinated adolescents
in South Africa, which compared the efficacy of the
new H4:IC31 vaccine candidate or BCG revaccina-
tion against a placebo [5]. H4:IC31 did not meet the
primary efficacy end-point for the prevention of
infection (POI vaccine efficacy: 9.4%, P = 0.63),
and development was discontinued. However, BCG
revaccination did meet the secondary end-point of
prevention of sustained infection compared with
placebo. Efficacy, measured by sustained IGRA
conversion for 6 months, was 45.4% (95% CI; 6.4,
68.1) [5]. As the trial was not primarily designed to
study this end-point, a larger trial is required to
further investigate this result. A BCG revaccination
trial of 1800 BCG-vaccinated IGRA-negative chil-
dren and adolescents (age 10–18) has been initi-
ated in South Africa, with a primary outcome of
prevention of sustained IGRA conversion at 3 and
6 months [31]. Results are anticipated in 2025.
Further studies are likely to be needed to investi-
gate whether sustained IGRA conversion translates
into prevention of TB disease.

The M72/AS01E vaccine was the first protein-adju-
vant vaccine to demonstrate efficacy against TB
disease. The vaccine consists of the M72 antigen
(recombinant fusion of Mtb32A and Mtb39A) and
the liposome-based AS01E adjuvant. The phase IIB
proof-of-concept randomized, double-blinded, pla-
cebo-controlled study enrolled 3575 IGRA-positive
HIV-negative adults aged 18–50 years in Kenya,
South Africa and Zambia. The primary outcomewas
bacteriological confirmation of pulmonary tubercu-
losis, in HIV-negative individuals and sampled
before initiation of any treatment. According to this
primary case definition, the interim analysis at two
years of follow-up demonstrated a vaccine efficacy
of 54% (95% CI; 2.9, 78.2). In the final analysis,
protection was sustained through to three years of
follow-up with overall vaccine efficacy of 49.7%
(95% CI; 2.1, 74.2) [6]. Furthermore, a sensitivity
analysis on this primary end-point applying a more
stringent case definition requiring two bacteriolog-
ically positive tests indicated vaccine efficacy of
68.0% (95% CI; 25.1, 86.3). The study also demon-
strated a good safety profile and highly persistent
humoral and poly-positive cellular responses. The
encouraging results of this vaccine andnext steps in
development were the subject of two World Health

Organization consultations in 2019 [32,33]. Con-
sensus was generated around other priority popu-
lations requiring further safety and/or efficacy
data, including IGRA-negative populations, HIV-
positive populations, age escalation (>50 years),
age de-escalation, broader geography and pregnant
women. Two pathways to registration were consid-
ered: a traditional multi-country phase III or single-
country accelerated licensure based upon the exist-
ing phase IIB data. The accelerated pathway could
theoretically achieve first licensure by 2022 but
would likely be for amuch-restricted indication (e.g.
HIV-uninfected, LTBI-positive individuals in South
Africa). This would likely lead to subsequent chal-
lenges generalizing to other countries, as conduct-
ing further placebo-controlled trials once there is no
longer equipoise may be deemed unethical. The
traditional pathway could ensure broader indica-
tion and generalizability but would likely delay
initial registration by at least 4–5 years. In January
2020,M72/AS01Ewas licensed byGSK to theGates
Medical Research Institute (GMRI). Technology
transfer to GMRI and development of a large safety
study in people living with HIV and planning of the
phase III trial are underway.

Phase III
Three candidates have recently completed or are
currently undergoing phase III trials: M.vaccae,
VPM1002 and Immunovac/MIP.

M.vaccae (a heat-killed preparation of Mycobac-
terium vaccae, developed by Anhui Zhifei Longcom)
is already licensed as adjunctive immunotherapy
for the treatment of active tuberculosis in China. A
phase III efficacy trial of a six-dose regimen inves-
tigating prevention of disease in 10,000 individuals
with LTBI has been completed [34], and publica-
tion of the results is anticipated.

VPM1002 (recombinant BCG modified to improve
immunogenicity, developed by the Max Planck
Institute of Infection Biology and licensed through
Vakzine Projekt Management to Serum Institute of
India) has demonstrated safety and immunogenic-
ity in phase I [35]. In an open-label randomized
phase IIA trial in Cape Town, VPM1002 has shown
safety, tolerability and immunogenicity in 48 HIV-
unexposed newborns [36]. A phase IIB in HIV-
exposed newborns is ongoing [37]. A phase II/III
trial to investigate prevention of recurrence in 2000
participants who have successfully completed
treatment for drug-sensitive tuberculosis is under-
way in India and expected to complete in 2020 [38].
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A 12 000-participant three-arm multi-centre ran-
domized placebo-controlled phase III trial to assess
the ability of VPM1002 or Immunovac/MIP (below)
for preventing disease in household contacts of
patients diagnosed with sputum-positive pul-
monary TB is underway in India [39].

Immunovac/MIP (heat-killed Mycobacterium indi-
cus pranii, a nonpathogenic nontuberculous
mycobacterium, produced by Cadila Pharma) has
been reported to demonstrate safety and efficacy as
an adjunctive therapy for pulmonary TB [40,41],
but to our knowledge is being investigated as a
prophylactic TB vaccine for the first time.

The potential impact of COVID-19 on TB vaccine
trials
The COVID-19 pandemic is likely to have implica-
tions for TB vaccine trials. First, trials are likely to
be disrupted, halted or delayed, leading to lower
recruitment, ability to conduct follow-up visits and
altered participant care seeking behaviour. At the
time of writing, the phase IIB BCG revaccination
confirmatory trial is on hold. Other trials due to
start may also be delayed.

Second, COVID-19 may affect TB incidence in
study populations through two opposing influ-
ences: social distancing and reduced access to
care [42,43]. If social distancing reduces Mtb
transmission, this may reduce end-point accrual,
particularly infection outcomes, and potentially
disease outcomes. If access to TB care is reduced,
transmission and severity could increase. Prelim-
inary mathematical models suggest that increased
social distancing may reduce TB incidence in some
settings, with minimal impact on TB deaths, which
were found to increase substantially with disrup-
tion to TB care [42]. Finally, it is unknown whether
COVID-TB coinfection interacts to alter the rate or
severity of TB cases.

Conversely, TB vaccine development may benefit
from scientific developments due to COVID-19,
and vice versa. Importantly, it may be possible to
leverage clinical trial sites from COVID-19 site
mapping initiatives, and technological develop-
ments for remote data collection and digital health
monitoring may provide valuable tools to facilitate
follow-up in future TB vaccine trials. Public and
governmental perception of the value of vaccines
has also increased during the pandemic, which
may positively affect TB vaccine acceptance and
funding.

Summary of pipeline
The current prophylactic TB vaccine pipeline is
diverse, with candidates across all phases of
trials. Recent positive phase II efficacy results
have shifted focus towards adolescent and adult
TB vaccines. Several phase III trials are planned,
including investigating prevention of disease end-
points. TB vaccine trial design has also evolved,
shifting from demonstrating prevention of disease
in infants, towards more studies assessing pre-
vention of infection, disease or recurrence in
adolescents and adults, including in proof-of-
concept studies to de-risk progression to phase
III.

Mathematical modelling of tuberculosis vaccines

Other than for BCG, the real-world efficacy of the
vaccine candidates discussed above has not yet
been established. Questions around their likely
population-level impact, targeting, delivery strat-
egy and cost-effectiveness remain, which mathe-
matical modelling aims to address by leveraging
empirical data, expert input and scenario analyses.

In 2016, Harris et al [44] published a systematic
review of the tuberculosis vaccine modelling liter-
ature evaluating the body of knowledge on the
epidemiological impact of future TB vaccines. Here,
we briefly summarize this systematic review and
update the systematic searches to reflect the latest
developments in TB vaccine modelling.

Systematically reviewed literature to date

The original systematic review identified 23 studies
modelling the epidemiological impact of new TB
vaccines [44]. These were summarized based on
their proposed vaccine characteristics, implemen-
tation setting and epidemiological impacts.

The review found that most studies modelled
prevention of disease (POD) or prevention of infec-
tion (POI) vaccines in a preinfection (PRI) popula-
tion, or a POD vaccine in a postinfection (PSI)
population. Whilst no clear consensus was
achieved regarding the relative impact of vaccine
types by host infection status required for efficacy,
PSI vaccines appeared to have a generally greater
and more rapid impact on the tuberculosis epi-
demic than PRI vaccines.

The modelling suggested targeting vaccination to
all ages, or to adults/adolescents in place of, or in
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addition to, neonatal vaccination could substan-
tially increase vaccine impact. Most studies were
set in Asia, or modelled Asia-like epidemics. Few
studies were set in Africa or included TB-HIV
coinfection.

The review highlighted several research gaps, includ-
ing the lack of studies investigating differential effects
of PRI versus PSI efficacy, age targeting of vaccines,
impact of vaccines on drug-resistant tuberculosis,
nonrandommixing of individuals or impact of chang-
ing mixing patterns on vaccine impact.

Updated systematic literature review

Search methods
We systematically searched PubMed, Embase and
the WHO Global Health Library for mathematical
modelling studies reporting the epidemiologic
impact of new human tuberculosis vaccines since
1 January 2016 using the same search terms as
Harris et al [44]. Three-stage sifting was conducted
independently by two reviewers (CKW and RAC).
We included mathematical modelling studies esti-
mating epidemiologic outcomes of TB vaccination.
We excluded studies that modelled BCG vaccines
with a single efficacy, studies that modelled the
in vitro or immunological effects of vaccination, and
reviews or commentaries that did not add new
results or analysis. The full inclusion and exclu-
sion criteria, search terms and flow diagram are
presented in the supporting information.

Experts were also consulted to identify research
aims and methods of unpublished work to identify
where research gaps may be met by upcoming
research.

We first describe the characteristics of the included
studies by summarizing the principal modelling
methods, vaccine characteristics and subgroups
(including risk groups) included in the models. We
then discuss and narratively synthesize the find-
ings of these models, grouping the studies by
comparison type. We employed the modelling study
quality and risk-of-bias appraisal tool developed by
Harris et al [44], assessing study design and
reporting against 14 criteria, for a maximum score
of 28 points.

Results
From 380 records identified through database
searches, we identified seven published studies
for inclusion. Through expert input, we also

identified two unpublished studies and one study
published after the search date. The modelled
vaccine profiles and outcomes in the eight pub-
lished papers are summarized in Table 1, and the
research aims of the unpublished studies are
briefly summarized.

Modelling methods. Seven of the eight included
studies used compartmental difference or differen-
tial equation models [10,11,45–49], whilst one
study implemented an individual-based model
[50].

Vaccine characteristics. Vaccine efficacy of
40–80% was most frequently modelled
[10,11,45–47,49,50]. Three studies modelled effi-
cacy up to 100% [11,45,48]. Most studies varied
vaccine efficacy in discrete intervals to undertake
sensitivity analyses around assumptions of vac-
cine impact [10,11,45,49,50].

Vaccines were modelled as ‘leaky’ (also known as
‘degree’) vaccines, where all vaccine recipients
receive protection proportional to the vaccine effi-
cacy, in five studies [10,11,45,46,50]; two studies
modelled vaccines assuming ‘all-or-nothing’ (also
known as ‘take’) efficacy, where all successfully
vaccinated individuals are completely protected
[48,49]. We could not determine whether the vac-
cine was degree or take in one study [46].

Vaccines providing 10 years of protection were
modelled in six studies [10,11,45,46,49,50]. Of
these, three modelled durability of greater than
10 years, including up to 40 years [46] and lifelong
[48]. One study modelled durations ranging from
2 years to lifelong [11]. One study [48] modelled
only lifelong protection, and one study modelled an
average vaccine half-life of five years [47]. Vaccine
waning was modelled as exponential decay [47] or
as ‘exact’ where all vaccine recipients lost protec-
tion at the end of the duration of protection [11].

The eight studies modelled a spectrum of host
infection status required for efficacy and preven-
tion of disease and/or infection effect. Two studies,
one modelling a POI vaccine [48] and one modelling
a POD [49] vaccine, did not specify the host
infection status required for efficacy. In contrast,
POD and POI effects were modelled in four
[10,11,45,46] that assumed PRI efficacy, four
studies that assumed PSI efficacy [10,11,45,50]
and three that assumed P&PI efficacy [10,11,45].
Two studies modelled PSI efficacy with both POD
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and POI effects [11,47] and three studies modelled
PRI efficacy with both POD and POI effects
[11,46,47].

Vaccine deployment, setting, population and risk
groups. Eight studies implemented country-level
models, two of which were set in multiple countries
[11,47]. Three modelled Mtb transmission in China
[10,11,48], three in India [11,45,49] and two in
South Africa [11,50]. One study compared a high-
income country with low Mtb transmission (the
United States) against a lower-middle-income
country with high levels of Mtb transmission
(Cambodia) [47]. Only one study, which investi-
gated spatial targeting, modelled at a subnational
level (in the Indian state of Gujarat) [49].

All models were age-structured. Two models strat-
ified their populations by HIV status [11,50]. Both
studies modelled an increased risk of TB disease
progression and reactivation in people living with
HIV, represented antiretroviral therapy (which
reduced the impact of HIV on TB progression) and
included HIV-specific mortality rates. Shrestha
et al. also included age- and sex-specific risk of
HIV acquisition and increased risk of TB incidence
with decreasing CD4 + cell count. Both studies
assumed that new TB vaccines were effective in
HIV-positive populations, but one [11] further
varied vaccine safety and efficacy in HIV-positive
populations. In this study, vaccine protection in
HIV-positive individuals was modelled at three
levels: equal to HIV negative, 20% relative reduc-
tion in protection than HIV negative and con-
traindicated (not administered).

A single study, set in India, included a diabetes
mellitus (DM) stratum [45]. DM was modelled as
influencing TB natural history and treatment out-
comes, and the DM burden was calibrated to age-
and time-specific trends. Vaccination was targeted
solely to individuals with DM to assess the popu-
lation impact of targeting interventions to this risk
group. This study did not investigate differential
vaccine efficacy by DM status.

Heterogeneous mixing was implemented in four
studies [10,11,49,50]. Two studies implemented
age-specific contact matrices based on empirical
data for China [10,11], and one for South Africa
[11]. One study [49] investigated targeting new TB
vaccines to high incidence spatial ‘hotspots’, com-
pared with random untargeted community vacci-
nation. This population-based model implementedTa
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homogeneous mixing within hotspot and non-
hotspot populations, but differential mixing
between them. Differential inter-population mixing
was modelled by varying the fraction of the per
capita hazard of Mtb infection generated in each
population, which results in Mtb transmission to
members of the alternate population. One further
study [50] developed an individual-based model of
Mtb transmission in miners and their original
labour sending communities. This model investi-
gated the impact of targeted vaccination amongst
miners in comparison with random vaccination of
their originating communities. Miners were
assumed to travel to and stay at the mine whilst
employed, where they only mix with other miners;
on returning to their original communities, they
mix with nonminers.

Epidemiologic impact of future new TB vacci-
nes. Seven studies modelled new, hypothetical
vaccines [10,11,45,47–50], one of which also
included modelling of the potential impact of
adolescent BCG revaccination [11]. One study
[46] modelled the impact of discontinuing BCG
vaccination, with BCG vaccine efficacy varied dur-
ing scenario analysis. These eight studies, along
with their respective modelled vaccine profiles, are
summarized in Table 1.

Age-based vaccine targeting—Three studies com-
pared the impact of targeting vaccine delivery by
age [10,47,48].

Harris et al [10] investigated the relative impact of
targeting adolescents for vaccination compared with
older adults in China. Delivery to adolescents was
modelled as routine annual vaccination, with 70%
coverage of 15-year-olds, beginning in 2025 with an
initial catch-up campaign to 16- to 19-year-olds.
For older adults, routine vaccination was delivered
to 60-year-olds with a catch-up campaign delivered
to 61- to 64-year-olds. Due to the low-transmission,
high-relapse and reactivation-driven TB epidemic in
China, the study found that older adult targeting of
vaccination resulted in greater TB incidence rate
reduction and lower number needed to vaccinate
per case averted than adolescent targeting across all
modelled vaccine characteristics.

Liu et al [48] found that routine neonatal vaccina-
tion with a high efficacy (100%) vaccine delivered
with 95% coverage from 2018 to onwards in China
failed to achieve the ‘End TB’ incidence rate
reduction goal by 2035. In contrast, End TB goals

were achieved with a mixed targeting strategy, with
routine annual neonatal vaccination with 70%
coverage, combined with 5-yearly pulsed mass
vaccine campaigns applied to all ages with 25%
coverage. Decreased inter-pulse intervals and
increased mass campaign coverage were predicted
to achieve the End TB goals sooner, with 80%
neonatal coverage combined with 30% 3-yearly
mass campaign coverage from 2018 accomplishing
the goals by 2030.

Renardy and Kirschner [47] compared the effect of
delivering PRI-POI and PSI-POD vaccines, simul-
taneously, with two distinct age groups in a high
transmission (Cambodia) and low transmission
(the United States) setting. They found that TB
incidence in 2075 was minimized in the United
States through PRI-POI vaccination of adolescents
(aged 12–15) and PSI-POD vaccination of adults
(aged 50–70). In contrast, in Cambodia, the opti-
mal age group for PRI-POI vaccination increased to
age 22–30. Further, in the low transmission set-
ting, the age group targeted for PSI-POD vaccina-
tion was a greater determinant of vaccine impact
than the age group targeted for PRI-POI vaccina-
tion. The latter effect was attributed to a lower rate
of primary Mtb infection in the low transmission
setting. The study also found that including high
coverage routine PRI-POI neonatal vaccination in a
high transmission setting potentially reduced TB
incidence in 2075 further and shifted the optimal
age for adolescent PRI-POI vaccination upwards (to
18- to 30-year-olds).

Host infection status required for efficacy and
mechanism of effect—Three studies directly com-
pared vaccines profiles with varying host infection
status required for efficacy. One of these studies
also compared the relative impact of POI versus
POD vaccines.

In the Awad et al [45] model, PRI-POD, PSI-POD
and P&PI-POD vaccines were administered to
individuals with diabetes mellitus (DM) in India
with 50% coverage. The outcome of interest was the
number of individuals who needed to receive vac-
cination to avert a single TB case (NNVc). This
study assumed that a PRI vaccine was only admin-
istered to DM individuals without TB, whereas a
PSI vaccine was only delivered to DM individuals
with latent TB. PRI-POD vaccination of populations
with DM (conferring lifelong duration of protection,
with 60% protection against fast progression fol-
lowing infection, 50% reduction in reactivation
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from latent TB and a 50% reduction in infectious-
ness) was found to result in an NNVc of 14 by 2050.
In contrast, PSI-POD vaccination of populations
with DM (conferring lifelong duration of protection,
50% reduction in reactivation from latent TB and
60% reduction in infectiousness) was predicted to
achieve an NNVc of 25. Finally, simultaneous PRI-
POD and PSI-POD vaccination of populations with
DM was predicted to achieve an NNVc of 17.
Despite lower overall impact, PSI vaccination had
a faster epidemiologic impact.

The study of age-targeted vaccination in China by
Harris et al [10] modelled POD vaccines and
directly compared PRI-POD, PSI-POD, P&PI-POD
and a further subtype of PSI vaccination only
effective in reducing reactivation from latent TB
infection (PSI-L-POD). The study found P&PI-POD,
PSI-POD, PSI-L-POD and PRI-POD vaccination of
older adults achieved TB incidence rate reductions
in 2050 of 13.8% (uncertainty range: 12.915.2),
10.8% (UR: 10.2–11.2), 6.1% (UR: 1.3–8.7%) and
3.3% (UR: 2.3–5.3), respectively. For adolescent
vaccination, P&PI-POD and PRI-POD vaccination
led to incidence rate reductions in 2050 of 1.8%
(UR: 1.5–2.4) and 1.7% (UR: 1.4–2.3), respectively.
Adolescent PSI-POD and PSI-L-POD vaccination
had a comparatively small impact, leading to
incidence rate reductions of 0.07% (UR:
0.05–0.09) and 0.05% (UR: 0.04–0.07), respec-
tively. As above, these findings likely represent a
TB epidemic dominated by relapse-driven disease
in the elderly population, with a smaller contribu-
tion by primary Mtb infection of younger age
groups.

In a separate study, Harris et al [11] directly
compared the effect of all combinations of P&PI,
PSI and PRI against POI, POD and prevention of
infection and disease (POI&D) across China, South
Africa and India, with the latter reflecting epi-
demics with greater levels of transmission. Vacci-
nes with a POD effect were found to have the
greatest impact overall. A 10-year, 70% efficacy
PSI-POD vaccine delivered routinely to 9-year-olds,
with 10-yearly campaigns to those aged 10 and
above, was predicted to achieve incidence rate
reductions of 51% (UR: 50–51), 52% (44–58) and
54% (44–61) in China, South Africa and India,
respectively. In contrast, PSI-POI vaccination (vac-
cines which protect against reinfection) achieved
the smallest incidence rate reduction, leading to
1% (1–2), 12% (4–24) and 17% (8–31) in China,
South Africa and India, respectively. The impact of

PRI-POI and PSI-POI vaccines was intermediate
and comparable to one another. In South Africa, a
100% efficacy, 10-year P&PI-POI&D vaccine with
equal efficacy between HIV-positive and HIV-nega-
tive populations was predicted to achieve incidence
rate reductions of 84% (81–87%), falling to 79%
(72–84%) and 62% (44–74%) with a relative efficacy
reduction of 20% compared with HIV-negative
populations or contraindicated in HIV-positive
individuals, respectively.

Non-age risk group targeting—Two studies com-
pared targeting subpopulations (not based on age)
against untargeted mass vaccination.

Shrestha et al [50] compared the impact of
targeting members of a mining population with
untargeted vaccination of the originating labour
sending community. Mine-targeted vaccination
averted 1.46 (95% range: 1.13–1.91) times more
TB cases than community vaccination. The
greater impact of mine targeting was correlated
with the proportion of incident TB occurring
amongst adult men (all miners were adult men
in this model). Similarly, the study found that the
proportion of adult men in the original labour
sending community was inversely related to the
impact of mine targeting. The study concluded
that occupational targeting may be most effective
where a substantial demographic gradient of TB
incidence with a concurrent demographic gradient
by occupation exists.

In a separate study, Shrestha et al [49] compared
vaccinating high incidence spatial ‘hotspots’ of TB
with spatially untargeted vaccination in Gujarat,
India. With no mixing of individuals between
hotspots and the general population, targeting
either population led to comparable incidence rate
reductions (approximately 24% compared with no
vaccine). Vaccination of hotspots with increasing
levels of inter-population mixing was predicted to
lead to progressively higher vaccine impact. Spa-
tially targeted vaccination was predicted to be more
impactful as the relative size of TB incidence in
hotspots relative to the general population was
increased.

Health economic analyses—Fu et al [46] modelled
the cost implications of discontinuing the national
BCG programme in an intermediate burden setting
(Taiwan), varying BCG efficacy against pulmonary
and extrapulmonary TB and accounting for
decreased BCG-related side effects and increased
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TB incidence. This study found BCG discontinua-
tion to be cost-saving over all scenarios of vaccine
efficacy; the incremental cost of TB treatment
because of increased burden was small compared
with reduced costs of BCG vaccination.

Modelled time frame—The WHO/Stop TB global
targets aim to reduce TB incidence rates to 10
cases per 100 000 population per year by 2035,
and ‘eliminate’ TB by 2050 (<1 case per million
population). Liu et al [48] presented results sug-
gesting 2035 goals could be met, but assumed
vaccine introduction in 2018 and required rela-
tively frequent mass campaigns in addition to
neonatal vaccination. Five studies modelled time
horizons until at least 2050 [10,11,45–47]. Four of
these studies [10,11,45,47] projected that the
scenarios of novel vaccines and implementation
modelled may not achieve 2035 nor 2050 goals in
the countries modelled (Cambodia, South Africa,
India and China), but would likely provide an
important contribution towards reduction in inci-
dence and cases averted. One study [46] presented
outcomes not aligned with ‘End TB goals’. Two
studies specified their models in relative time,
rather than calendar time, so could not be com-
pared with WHO goals [49,50].

Modelling studies in relation to the vaccine pipeli-
ne. Only one study [46] modelled a currently in-
use vaccine (BCG). As the remaining published
studies modelled hypothetical vaccines, their
results cannot be directly mapped to the possible
epidemiologic impact of late-stage vaccine pipeline
candidates. Moreover, not all candidates in the
late-stage pipeline have been assessed across
comparable populations and implementation sce-
narios to those in the modelling studies. However,
there are broad overlaps between the known (or
under-investigation) host infection status required
for efficacy and mechanism of effect pipeline vac-
cine candidates and vaccines investigated in the
modelling studies (Table 2), with one study explic-
itly modelling vaccines with M72/AS01E and BCG
revaccination-like characteristics [11]

M72/AS01E, VPM1002, Vaccae, MIP/Immunovac
and H56:IC31 have been investigated or are under
investigation for POD effect in PSI populations
(Fig 2). Correspondingly, studies by Harris et al
[10,11], Awad et al [45], Shrestha et al [49,50] and
Renardy and Kirschner [47] have modelled the
possible impact of vaccines with PSI-POD effect.
VPM1002 is planned to be investigated for PRI-

POD efficacy, modelled by Fu et al [46], Harris
et al [11] and Awad et al [45]. Finally, PRI-POI
effect has been investigated for BCG revaccination
and DAR-901 and modelled most closely by Fu
et al [46], Renardy and Kirschner [47], Harris et al
[11] and Liu et al [48]. Finally, two unpublished
studies (below) are expected to directly model
epidemiologic impact and cost-effectiveness of
M72/AS01E or M72/AS01E-like vaccination
[51,52].

Quality appraisal. We found study quality scores
ranging from 11 to 26 out of 28, with a median
score of 23 points (Table S4). The major quality gap
was in model validation: only 1 of 8 studies [45]
was validated.

Unpublished studies. We describe two unpub-
lished studies presented as conference abstracts,
identified through expert consultation. The first
study was an age-structured dynamic transmis-
sion model, which investigates the impact and
cost-effectiveness of routine adolescent M72/
AS01E vaccination in India and South Africa [51].
This study includes stratification by HIV status in
South Africa. The second study was an age-, drug
resistance- and treatment history-stratified
dynamic transmission model, which models PRI,
PSI and P&PI vaccines with POD effect in India and
China, reporting vaccine impact on drug-resistant
tuberculosis and cost-effectiveness [52]. Both
studies explore outcomes over the 2050 time
frame.

Discussion
Since the last systematic review of the epidemio-
logic impact of TB vaccine modelling literature in
2016 [44], new studies have investigated the
differential impact of PRI versus PSI vaccines,
combinations of POI and POD effect, and age and
risk group targeting of vaccination. Whereas in the
previous review, the reason for the polarization of
outcomes for PRI versus PSI vaccines was unclear,
the new studies reviewed here suggested that PSI
versus PRI impact may be driven by the level of Mtb
transmission in the modelled epidemiologic set-
ting. Where disease incidence is driven more by
reactivation or relapse rather than new infections
with fast progression to disease, PSI vaccines were
predicted to have greater impact. This differential
impact for PRI versus PSI vaccines in recurrence-
driven settings like China becomes greater when
vaccines are age-targeted: PSI vaccines were most
impactful when delivered to older populations.
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Similarly, when both PRI and PSI vaccines were
deployed simultaneously, to adolescents and older
adults, respectively, the age group to which PSI
vaccines were targeted was the major determinant
of overall vaccine impact in a low transmission
environment (the United States). In contrast, in a
high transmission environment (Cambodia), the
major determinant was the age group to which PRI
vaccine was targeted. In the previous review, no
models had explicitly explored targeting of vacci-
nation of older adults or the elderly, an evidence
gap that has now begun to be addressed in the
literature. Finally, evidence for the value of all-age
mass campaigns as a supplement to continuous
routine neonatal vaccination has also been
strengthened.

Seven of eight studies modelled vaccines that
included POD effect [10,11,45–47,49,50], whereas
only two studies modelled a vaccine with only POI
effect [11,48]. One study [11] directly compared
POI versus POD vaccination. This study found that
PSI-POD vaccination would be likely to have a
substantially larger epidemiologic impact than
PRI-POD vaccination over the 2050 time frame,
but that PRI-POI and PSI-POI vaccination would
likely lead to intermediate impact, so POD vaccines
would provide greatest impact over the 2050 time
frame if effective in PSI populations. Finally, mod-
elling studies have begun to reflect the latest
developments in the vaccine development pipeline,
now explicitly representing M72/AS01E- and BCG
revaccination-like characteristics.

New developments include studies that investi-
gated vaccine targeting to individuals with diabetes
mellitus [45], targeting by occupation [50] and
targeting to spatial hotspots [49]. These results
suggested that targeting of risk groups may con-
tribute to efficiently reducing overall burden,
through a lower number of people needed to
vaccinate per TB case averted. It is noted that risk
group targeting has been studied only in narrow
contexts and the generalizability of these findings
across epidemiologic settings is unknown. More-
over, other epidemiologically important risk
groups, for example malnourished populations
[53], may need evaluation depending on context.

Significant research gaps persist. The only study
to investigate the impact of vaccination on drug-
resistant TB [52] remains unpublished. No new
studies investigated how vaccine impact might
interact with nonvaccine interventions such as

preventive therapy for latent Mtb infection, novel
diagnostic technologies or changes to national TB
policy, including active case finding strategies.
Few studies implemented heterogeneous mixing
other than between age groups (e.g. between
miners and nonminers, between a hotspot popu-
lation and nonhotspot populations). No studies
assessed how changing patterns of social contact
in the general population over time might affect
TB vaccine impact. Whilst we identified three new
model settings (Taiwan, Cambodia and the United
States), the remaining studies remained focused
on China, India and South Africa. Studies in
other high-burden countries, including Indonesia,
the Philippines, Pakistan, Nigeria or Bangladesh
that collectively account for 28% of global TB
burden, were lacking [1]. Moreover, only one
study investigated a subnational setting. As
implementation-related questions arise, subna-
tional models will be needed for large, heteroge-
neous countries. In the previous review, HIV
stratification was only present in four studies
and was identified as an important research gap
for exploring vaccine impact. Of two new studies
that included people living with HIV, one investi-
gated differential vaccine safety and efficacy by
HIV status. In South Africa, where HIV prevalence
is high, contraindication in HIV-positive popula-
tions was found to substantially reduce the over-
all epidemiologic impact of TB vaccination.
However, neither study investigated HIV-related
targeting. Whilst incremental progress has been
made, the impact of TB vaccines on TB-HIV
coinfection remains underexplored. One unpub-
lished study including HIV stratification investi-
gating vaccine cost-effectiveness in a high-HIV-
burden setting may contribute towards address-
ing this research need [51].

Previous modelling literature found new TB vacci-
nes to be an overwhelmingly cost-effective inter-
vention. New economic analyses were limited to
questions around BCG, and gaps remain for
assessing the full potential value of new TB vacci-
nes and for estimating the value of reducing
uncertainties around estimates of vaccine impact.
Studies have not explored differential costs of
differential routes of administration or dose regi-
mens. Finally, the range of vaccine implementation
strategies was limited, with no exploration of
country-specific delivery strategies grounded in
local capacity, strategic objectives or costs. How-
ever, cost-effectiveness analyses of new TB vacci-
nes are underway with publication anticipated.
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The key strength of this review is the conduct of
independent search, filtration, data extraction and
quality appraisal by two authors. Analysis of
study results was limited by lack of access to
underlying data, leading to crude estimates of
outcomes such as proportion immunized (if these
data were not reported). We found that the median
quality of new TB modelling studies was slightly
higher than in the previous review, possibly
reflecting continuing maturation of TB vaccine
modelling as a field.

Our findings, taken together with the results from
the systematic review by Harris et al [44] in 2016,
suggest a growing consensus amongst TB vaccine
models. Overall, Mtb transmission is driven by
pulmonary disease amongst adults, with a rela-
tively larger contribution from younger adults in
high transmission settings, for example Cambodia,
or the elderly in high reactivation settings, for
example China. Effective vaccines targeted towards
these higher burden populations are likely to
achieve a greater and more rapid epidemiologic
impact than vaccines targeted towards neonates.
As such, routine or period mass campaigns of
adolescents and/or adults may be required if End

TB targets are to be met. However, the specific
characteristics of any new vaccine, and epidemiol-
ogy within the population to which it is being
introduced, must be factored into targeting and
deployment strategies. If multiple vaccine candi-
dates with differing characteristics (e.g. PRI vs PSI
efficacy) are successfully developed, mixed vacci-
nation strategies targeting differing groups may be
appropriate depending on the specific epidemiol-
ogy of the target setting. Previous work has found
adult and adolescent tuberculosis vaccination to
likely be overwhelmingly cost-effective. Whilst no
further cost-effectiveness analyses have been pub-
lished, the epidemiological evidence now suggests
that targeting to (context-specific) risk groups may
be more efficient in terms of number needed to
vaccinate per case averted. The cost-effectiveness
of such targeting strategies must be explored to
inform optimal implementation strategies. Evi-
dence for the impact of vaccines on other cost
drivers, such as drug-resistant tuberculosis, needs
further exploration and is upcoming. Overall, the
implementation aspects of TB vaccine delivery
remain underexplored. As there is little precedent
for large-scale adolescent and adult vaccination in
the order likely required for TB control, and as

Table 2. Overlap between known or under-investigation host status required for efficacy and mechanism of effect in late-
stage vaccines and vaccines in modelling studies

Investigated for

efficacy in:

BCG

revaccination DAR-901 H56:IC31 M72/AS01E

MIP/

mmunovac Vaccae VPM1002

PRI-POI PRI-POI PSI-POD PSI-POD PSI-POD PSI-POD

PRI-POD

PSI-POD

Shrestha et al. [49] a a a a a

Liu et al. [46] a a

Shrestha et al. [50] a a a a a

Fu et al. [46] a a a

Renardy and

Kirschner [47]

a a a a a a a

Harris et al. [10] a a a a a

Awad et al. [45] a a a a a

Harris et al. [11] a a a a a a a

Harris et al.

(unpublished) [51]

a a a a a

Weerasuriya et al.

(unpublished) [52]

a a a a a

aIndicates that a vaccine candidate (column) had characteristics overlapping with a vaccine profile investigated in a
modelling study (row). Overlap in vaccine efficacy and duration of protection are not shown.
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candidates progress towards licensure, such stud-
ies will become increasingly important to inform
decision-making.

Concluding remarks and future directions

We have identified critical priorities for M72/AS01E

and BCG revaccination, for other late-stage candi-
dates, for modelling and for the field as a whole.

A larger confirmatory M72/AS01E trial, currently
in-design, should be powered to improve the pre-
cision of efficacy estimates, include uninfected
populations and further assess safety and
immunogenicity in HIV-infected people. Further
investigations will need to explore protection in
other high-risk groups and the duration of vaccine
protection. Results from multiple geographical
settings may be required to generalize findings.
Investments are needed not only for the next phase
of clinical trials, but also to ensure sustainable and
affordable supply of vaccine antigens and adju-
vant. Preparatory work on licensure and policy
pathways, equitable access and delivery should be
initiated early to allow rapid implementation,
should phase III trial results be positive.

For BCG revaccination, the priority is completing
the ongoing confirmation of efficacy trial to esti-
mate vaccine efficacy with more precision, as the
original confidence intervals were wide [5]. Further
trials are likely to be needed to explore efficacy
against disease. Even if confirmed, obstacles to
BCG delivery would include its current contraindi-
cation for people living with HIV. Support for other
candidates should continue in case BCG revacci-
nation or M72/AS01E do not succeed, and to
ensure a pipeline of next-generation vaccines.

Samples from the two recent efficacy trials [5,6] are
being examined to identify mechanisms and corre-
lates of protection, which should lead to a better
understanding of protective immunity against TB.
This, in turn, should guide future vaccine discov-
ery and accelerate the clinical testing of candi-
dates. Trials incorporating other important risk
groups, such as the elderly, patients with diabetes
or pregnant women, will become important as
candidates advance towards the end of the devel-
opment pipeline.

Tuberculosis vaccine modelling has produced use-
ful new insights over the past four years, by
exploring the differential impact of vaccine

characteristics, age targeting, spatial or risk group
targeting and accounting for drug-resistant TB.
Future models should generate evidence on the full
value proposition of TB vaccines including com-
parison with other interventions, more realistic
implementation strategies including vaccine tar-
geting, and estimating the value of information to
reduce uncertainties about BCG revaccination and
M72/AS01E impact.

The TB vaccine field needs to progress strategi-
cally. An increase and diversification of resources
is required because currently available funding for
TB vaccines [54] is insufficient. Allocation of these
resources should include the discovery and devel-
opment of early pipeline candidates and increasing
clinical trial capacity.

Finally, we must prepare now for the prompt and
equitable implementation of a successful new
vaccine, so that the benefits are felt quickly by
people most in need.
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2 State of the Art

2.5.2 Health Economic Evaluation of TBVaccines

In this section, I provide context for health economic analyses in this thesis by briefly
summarising published dynamic model-based economic evaluations of TB.

In their seminal review, Harris et al.[95] identified seven static[96–99] and dynamic[100–102]

modelling studies that evaluated the cost-effectiveness of either new TB vaccines or novel
bacillus Calmette-Guérin (BCG) reuse (e.g. with varying efficacy or new targeting). The
review in section 2.5.1 identified one additional dynamic model[103]. Published studies
included a mix of healthcare and societal perspectives and the overall methodological
mix was similar to that found in the economic evaluation of vaccines in general[104].

The static models included three Markov decision-analytic models[96–98] and one cohort-
based cost-effectiveness analysis of universal BCG vaccination[99]. Two dynamic models
estimated incremental cost-effectiveness ratios (ICERs) of new TB vaccines or novel
BCG use[101,102] and one estimated the incremental disability adjusted life years (DALYs)
and cost-savings incurred by discontinuation of routine BCG vaccination in Taiwan[103].
The final study overlaid a constrained-optimisation analysis on a dynamic transmission
model to mix variable efficacy vaccination with first-line therapy under a fixed healthcare
budget[105].

I briefly review the conclusions of the two studies that evaluated a new TB vaccine or
novel BCG reuse through dynamic transmission models: Dye[101] and Knight et al.[102]

Dye modelled the impact of revaccinating all Mtb uninfected HIV-negative 15-year olds
in Cape Town, South Africa, with BCG. This study assumed 10–80% vaccine efficacy and
10 years duration of protection. Vaccination priced at $1–10 had an ICER of $116–9237
per DALY averted when accounting for DALYs averted among vaccine recipients (i.e.
the direct effect of vaccination). Including indirect (i.e. transmission) vaccine impact
reduced the ICER to $52–4540, rendering vaccination cost-effect at a 1×gross domestic
product (GDP) per capita threshold ($8000 in 2011).

Knight et al. estimated the cost-effectiveness of vaccines in 91 low- and middle-income
countries assuming tiered vaccine prices by country income group ($1.50–10 per dose)
and a 1× Gross National Income per capita cost-effectiveness threshold. This study used
a fixed econometric cost model that included vaccine delivery and TB treatment costs
(including TB treatment costs to the health system and a fixed productivity loss from the
patient perspective).

Due to the fixed cost model, cost-effectiveness estimates in this study derived their
uncertainty solely from epidemiologic sources. The cost model did not include country-
specific variation in vaccine delivery costs nor differing standards of care.

Knight et al. assumed that MDR/RR-TB accounted for a proportion of all TB, specific
for each country and informed by data, for which a proportionate top-up was added to
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2.6 Summary

DSTB costs. However, since MDR/RR-TB was not modelled dynamically, this proportion
remained invariant over time.

Knight et al. reported that vaccines targeted at adolescents and adults would be cost-
effective or cost-saving over 2024–2050 if vaccine durability was 10 years or more, or
efficacy was 20% or greater. In contrast, neonatal vaccination was not cost-effective, unless
it had high efficacy and conferred lifelong protection.

Whereas both Knight et al. and Dye investigate adult and adolescent vaccination, the
remaining economic evaluations focused on neonatal vaccination—either a novel BCG
strategy[97,99,103,105]or adding hypothetical booster vaccines[96,98]. Unlike Knight et al. and
Dye, these studies have heterogeneous conclusions, finding neonatal vaccination to be
variably cost-effective or ineffective depending on the study context.

2.6 Summary

This chapter had two main components: (i) brief overviews of the natural history and
epidemiology of TB and MDR/RR-TB , focusing on India and China and aspects most
relevant to vaccines; and (ii) a review of recent developments in mathematical modelling
of TB vaccines. These sections identify and provide context for the research gaps first
described in chapter 1.

In sections §2.2, 2.3, and 2.4 I described the outsized challenge that MDR/RR-TB poses
to TB control. Absolute MDR/RR-TB burden is greatest in India and China, where it also
imposes a substantial financial burden to both patients and health systems. Both settings
have made substantial recent progress in (MDR/RR-)TB control. India, in particular, has
a published short-medium term strategy to scale up programmatic TB control further,
which may interact with any new vaccine. It is thus important to quantify the impact of a
new TB vaccine in these settings, incorporating MDR/RR-TB and changes to program-
matic control. In section 2.5.1, I demonstrated that no studies yet address these questions
and confirmed research gap 1.

In section §2.5, I also described the current state of dynamic transmission model-based
economic evaluations of new and repurposed TB vaccines. Only one cost-effectiveness
analysis included the costs of MDR/RR-TB , which was represented as a (non-dynamic)
fixed top-up to DSTB costs. Despite the emergent consensus that adult and adolescent
vaccination might be the more cost-effective delivery strategy, no studies appeared to
examine the total cost and affordability of large scale adult vaccination. These findings
confirm research gap 2 (cost-effectiveness of vaccines when accounting for MDR/RR-TB
) and research gap 3 (total cost and affordability of vaccines).

Finally, the systematic review in section 2.5.1 identified age-targeting—of neonates[102,106,107],
adults and adolescents[102,107–110] or the elderly[111]—as the most frequently investigated
deployment strategy in TB vaccine models. Age-targeting results may be especially
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sensitive to structural choices in models that aim to improve age-specific burden and
transmission patterns. To this end, only two studies[108,111] implemented age-specific con-
tact (mixing) matrices, neither of which varied these structures over time with evolving
demography. Thus, to date, there is no investigation whether vaccine impact estimates
are affected by the secular evolution of contact patterns as demography changes (research
gap 4).

In the subsequent chapters, I present studies that address these research gaps in turn.
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3 Vaccine Impact on Drug Resistant
Tuberculosis and Cost-effectiveness

This chapter includes Research Paper 2, which investigates the epidemiologic impact of
new vaccines on multidrug-resistant or rifampicin-resistant TB (MDR/RR-TB) and their
cost-effectiveness. I then briefly review new studies and trial results that have emerged
since this study was conceived and their implications for the results of this work.

3.1 Research Paper 2

This research paper is cited as:

Weerasuriya, C.K., Harris, R.C., McQuaid, C.F. , Bozzani, F., Ruan, Y., Li, R., Li, T.,
Rade, K., Rao, R., Ginsberg, A.M., Gomez, G. B., White, R. G. The epidemiologic
impact and cost-effectiveness of new tuberculosis vaccines on multidrug-resistant
tuberculosis in India and China. BMCMed 19, 60 (2021).
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Research Paper 2 is included under the terms of the Creative Commons Attribution 4.0
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Abstract

Background: Despite recent advances through the development pipeline, how novel tuberculosis (TB) vaccines
might affect rifampicin-resistant and multidrug-resistant tuberculosis (RR/MDR-TB) is unknown. We investigated the
epidemiologic impact, cost-effectiveness, and budget impact of hypothetical novel prophylactic prevention of
disease TB vaccines on RR/MDR-TB in China and India.

Methods: We constructed a deterministic, compartmental, age-, drug-resistance- and treatment history-stratified
dynamic transmission model of tuberculosis. We introduced novel vaccines from 2027, with post- (PSI) or both pre-
and post-infection (P&PI) efficacy, conferring 10 years of protection, with 50% efficacy. We measured vaccine cost-
effectiveness over 2027–2050 as USD/DALY averted-against 1-times GDP/capita, and two healthcare opportunity
cost-based (HCOC), thresholds. We carried out scenario analyses.

Results: By 2050, the P&PI vaccine reduced RR/MDR-TB incidence rate by 73% (UI:66–76) and 72% (UI:65–77), and
the PSI vaccine by 29% (UI: 27–31) and 47% (UI: 37–58) in China and India, respectively.
In India, we found both USD 10 P&PI and PSI vaccines cost-effective at the 1-times GDP and upper HCOC thresholds
and P&PI vaccines cost-effective at the lower HCOC threshold. In China, both vaccines were cost-effective at the 1-
times GDP threshold. P&PI vaccine remained cost-effective at the lower HCOC threshold with 49% probability and PSI
vaccines at the upper HCOC threshold with 21% probability. The P&PI vaccine was predicted to avert 1.0 million (UI:
0.6–1.3) and 0.8 million (UI: 0.5–1.4) second-line therapy regimens in China and India between 2027 and 2050,
respectively.

Conclusions: Novel TB vaccination is likely to substantially reduce the future burden of RR/MDR-TB, while averting the
need for second-line therapy. Vaccination may be cost-effective depending on vaccine characteristics and setting.
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Background
Rifampicin-resistant and multidrug-resistant tuberculosis
(RR/MDR-TB) threatens to impede global tuberculosis
(TB) control efforts and progress towards the World
Health Organization End TB targets [1], with approxi-
mately half a million incident cases in 2018 [2]. RR/
MDR-TB has worse treatment outcomes than drug-
susceptible TB (DS-TB) and imposes a disproportionate
cost on health systems and patients [3, 4]. Further, pro-
longed multi-agent treatment for RR/MDR-TB may con-
tribute to wider antimicrobial resistance [5]. As such,
there is an urgent need for novel interventions to control
and prevent RR/MDR-TB.
Prophylactic TB vaccine candidates progressed consid-

erably through the development pipeline in 2018–2019.
Results from the M72/AS01E [6] and BCG revaccination
[7] trials suggest possible vaccine efficacy of 50% and
46% in Interferon-γ release assay (IFNy) + and IFNy-
negative patients, respectively. These trials did not in-
clude RR/MDR-TB endpoints due to its relative rarity.
Mathematical modelling techniques could investigate

the potential effect of vaccination on RR/MDR-TB.
However, to date, no modelling studies have assessed
the epidemiologic impact of novel TB vaccines on RR/
MDR-TB. Furthermore, studies of TB vaccine cost-
effectiveness have omitted RR/MDR-TB or not modelled
RR/MDR-TB dynamically [8, 9].
The global distribution of RR/MDR-TB is heterogenous,

with India and China accounting for 27% and 14% of all
global cases, respectively [2]. High-quality national RR/
MDR-TB burden estimates are derived through large and
infrequent drug-resistance surveys; consequently, data to
inform drug resistance trends are sparse. In 2017, globally,
3.5% (95% CI 2.5–4.7%) of new and 18% (95% CI 6.3–
34%) of previously treated TB cases were estimated to
have RR/MDR-TB [10]. Data from China indicate slightly
higher rates, with estimates of 7.1% (95% CI 5.6–8.7) and
24% (95% CI 20–24) RR/MDR-TB among new and previ-
ously treated cases. Data from India indicate slightly
lower-than-global rates. Estimates from the first national
drug-resistance survey, reporting in 2018, place RR/MDR-
TB among new and previously treated cases at 2.8% (CI
2.3–3.5) and 11.6% (10.2–13.2), respectively. Approxi-
mately 69% and 74% of RR-TB cases are estimated to
be MDR-TB (defined as resistance to isoniazid in
addition to rifampicin) in India and China, respectively,
consistent with the global average of 78%. Despite these
similarities, China and India have substantially differing
demographics, TB epidemiology and health systems [2,
11, 12]. As such, in this study, we modelled the epide-
miologic impact, cost-effectiveness and budget impact
of prophylactic vaccination against TB, while dynamic-
ally modelling epidemics of DS- and RR/MDR-TB in
China and India.

Methods
Model structure and calibration
We programmed an age-, treatment history- and drug
resistance-stratified compartmental transmission model
of TB in R [13], extending previously developed methods
[8, 14, 15]. Details of model structure, diagram, equa-
tions, calibration, vaccine implementation, demography
and health economic analysis are described in Add-
itional file 1 [2, 7, 8, 11–14, 16–101]. The model time
horizon was 1950–2050.
The model allowed for five states of TB disease: (1)

susceptible; (2) latently infected; (3) active disease (both
infectious, i.e., bacteriologically sputum-positive, and non-
infectious, i.e., bacteriologically sputum-negative, and
extra-pulmonary); (4) on-treatment; and (5) recovered
from disease, stratified by drug-susceptible/drug-resistant,
and treatment history (Fig. S1 in Additional file 1). All
states were stratified by vaccination status. Transitions
between states represented acquisition of infection, pro-
gression to latency or active disease, conversion of non-
infectious to infectious active disease, detection of active
disease and initiation of treatment, treatment success or
failure, reactivation from latency and relapse from recov-
ered states. Misdiagnosis of RR/MDR-TB was assumed to
lead to inappropriate initiation of DS-TB treatment and
treatment failure. Consistent with empirical data, progres-
sion to active disease following re-infection of latent and
recovered populations was assumed to occur at a lower
rate than naive populations [42]. We assumed that RR/
MDR-TB could develop following drug resistance acquisi-
tion in situ while on treatment for DS-TB or following
transmission of drug-resistant M. tuberculosis. Transmis-
sion could occur between drug-resistance strata. We as-
sumed resistance acquisition and RR/MDR-TB treatment
began in 1970.
Neonates entered the model uninfected. We modelled

0–100 years in 1-year age groups and applied all-cause
mortality to all states, with TB-specific mortality applied
to active-disease and on-treatment states. We applied
age-assortative contact patterns using empirical data for
China [39] and by adapting POLYMOD contact matrices
[40] for India.
We obtained prior ranges for natural history parame-

ters from the literature (Additional file 1, section 2.4),
including age-stratified ranges where available. We as-
sumed RR/MDR-TB was less than or equally transmis-
sible to DS-TB [28, 29]. We constrained rates of fast
progression to active disease, reactivation from latent in-
fection, relapse from recovered state and TB mortality to
be greater or equal in children (age < 15 years) than
adults [21, 47]; in China, we also constrained these rates
to be greater or equal in the elderly (age > 64 years) than
in adults (age 15–64). We applied the opposite con-
straint to natural cure rate [21, 47].
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We used country-specific case-detection rates to inform
diagnosis and treatment initiation [31] (Additional file 1,
section 2.5). RR/MDR-TB was diagnosed through a com-
bined probability of drug-susceptibility testing (deter-
mined by country-specific drug-susceptibility testing
coverage) and empirical diagnosis (Additional file 1, sec-
tion 2.5). We based treatment success for DS-TB and RR/
MDR-TB treatment on historical data [31, 58]. In India,
we adjusted case-detection and DS-TB treatment success
rates for a large private healthcare sector [2, 11, 32], where
we assumed a lower treatment success rate for DS-TB and
unsuccessful treatment of RR/MDR-TB [Rao, R., personal
communication]. Beyond 2018, we maintained constant
rates of treatment initiation, drug-susceptibility testing
coverage and treatment success.
We calibrated the model to historical rates of all TB

prevalence, incidence, notification and mortality [2, 34,
35, 69], RR/MDR-TB incidence rate and percentage RR/
MDR-TB among notifications (stratified by treatment
history) in each country. In India, we fitted to total RR/
MDR-TB treatment initiations in the public sector. In
China, we constrained the number of RR/MDR-TB
treatments contributing to cost-effectiveness calculations
to the number of laboratory-confirmed RR/MDR-TB
treatment initiations reported by China Centres for

Disease Control [31]. Where data allowed, we stratified
calibration targets by age group (< 15, 15–64 and ≥ 65
years in China, and < 15 and ≥ 15 years in India).
Model calibration used Approximate Bayesian Compu-

tation (ABC) rejection-sampling process and ABC Mar-
kov chain Monte Carlo sampling. We randomly
subsampled 1000 fully calibrated parameter sets to gen-
erate model runs, whose median trajectory we used as
an estimate of central tendency and whose maximum
and minimum trajectories represent uncertainty
intervals.

Vaccine implementation
We simulated vaccine introduction in 2027 for each
country and estimated vaccine impact for 2027–2050 by
comparison to the corresponding unvaccinated baseline
model runs.
We modelled two simultaneous vaccination strategies:

routine annual vaccination and mass vaccination cam-
paigns. We assumed routine annual vaccine administration
to 9-year-olds, co-delivered with human papillomavirus
(HPV) vaccine, with coverage of 80%, based on HPV vac-
cine coverage in South Africa and secondary school enrol-
ment ratios in China and India. Mass campaigns were
delivered 10-yearly to ages ≥ 10 at 70% coverage based on

Fig. 1 Model calibration: TB incidence and mortality of RR/MDR-TB and All TB in India and China. Lines represent median model trajectory. RR/
MDR-TB mortality presented for comparison–no calibration targets available. Ribbons represent model uncertainty. Error bars represent calibration
targets and uncertainty. Note: y-axis scales on subplots differ
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existing data for Menafrivac mass campaigns delivered to
1–29-year-olds. We delivered vaccination to populations in
the model who had neither active disease or nor were re-
ceiving treatment, assuming no pre-immunisation testing
for latent TB [73]. No other targeting or eligibility criteria
were applied. We assumed a prevention of disease vaccine,
priced at US$10, conferring 50% efficacy for 10 years, with
vaccine efficacy in individuals with a previous history of M.
tb infection (“post-infection”; PSI) or irrespective of infec-
tion (“pre- and post-infection”; P&PI). Vaccine was mod-
elled as a reduction in the rates of progression to disease
following infection, reactivation from latency and relapse
from the recovered state. The reduction was proportional
to vaccine efficacy. A lower burden of active disease further
depressed the force of infection, leading to lower
rates of M. tb transmission. We modelled vaccination
as equally protective against DS-TB and RR/MDR-TB
and in those with or without previous treatment his-
tory for either. In addition to the direct prevention of
disease mechanism (above), vaccine reduced RR/
MDR-TB burden indirectly by reducing DS-TB bur-
den. Reduced DS-TB burden translated to reduced
total patient-time on treatment for DS-TB, leading to
lower drug-resistance acquisition. Vaccine waning was
implemented as instantaneous at the end of duration
of protection. We did not explicitly represent existing
Bacillus Calmette–Guérin (BCG) immunisation pro-
grammes as we assumed protection conferred by BCG
to be reflected in calibration targets.
As measures of vaccine impact, we calculated percent-

age reduction in incidence rate and mortality rate, in
vaccine scenarios in 2030 and 2050, compared to base-
line and corresponding number of cumulative averted
TB cases and deaths.

Cost, cost-effectiveness and budget impact
We estimated costs from a public sector perspective
using an ingredients approach. Unit cost assumptions,
estimates and full references are provided in Add-
itional file 1, section 5. Briefly, we calculated costs in-
curred by the vaccine and TB programmes.
We estimated three categories of intervention (vaccine

programme) costs: vaccine, delivery and programme
costs. We modelled vaccines priced at US$10 as the base
case. We estimated US$1.13–2.40 (routine) or US$1.20–
2.47 (mass campaign) delivery cost per person vacci-
nated in India, and US$1.60–2.80 for both routine and
mass campaign delivery cost in China. Programme costs
included mass campaign organisation and management,
which we estimated from the literature at US$25,374,949
per campaign in India, and US$16,133.10 per 10,000
persons vaccinated per campaign in China.
TB programme costs represented service costs for TB

diagnosis (including drug-susceptibility testing) and

treatment (Additional file 1, section 5.1). For India, we
added costs representing nutritional support payments
to patients and government incentives to improve TB
case notification in the private healthcare sector. We
inflated historic cost-data to 2018 values where
appropriate.
We calculated incremental costs of vaccination as the

difference in total costs predicted between vaccine and
corresponding baseline scenario.
Using standardised outputs from the model (deaths

due to DS and RR/MDR-TB by age and year and time
spent with active DS and RR/MDR-TB disease), we
calculated total (DS-TB and RR/MDR-TB) disability-
adjusted life years (DALYs) averted by vaccination. We
applied disability weights per the Global Burden of
Disease study [95] and life expectancy from the UN
World Population Prospects [38]. Future costs and
DALYs averted were discounted at 3%.
We calculated incremental cost-effectiveness ratios

(ICERs) for the 1000 vaccine runs and constructed cost-
effectiveness acceptability curves for each vaccine profile
through a probabilistic sensitivity analysis. Input costs
were sampled from their corresponding uncertainty
ranges and attached to each vaccine run. We report the
proportion of ICERs which fall below three illustrative
thresholds per country: 1-times 2018 World Bank gross
domestic product (GDP) per capita and the lowest and
highest healthcare opportunity cost (HCOC) thresholds
estimated by Ochalek et al. [101].
We present budget impact for immunisation and TB pro-

grammes separately. For the immunisation programme, we
present total costs incurred by instantaneous deployment
of vaccine. For the TB programme, we present annual total
costs for programmatic management of TB. Health
economic analysis was undertaken in line with the
Consolidated Health Economic Evaluation Reporting
Standards [102] (Additional file 2).

Scenario analysis
We conducted scenario analyses in two areas: product
related, pertaining to vaccine characteristics and cost,
and baseline related, pertaining to uncertainty in pro-
grammatic (non-vaccine) TB management and associ-
ated future health system investments.
Under product-related scenario analysis, we modelled

vaccines with 30%, 70% and 90% efficacy, 5-years dur-
ation of protection, 30% mass campaign coverage and a
vaccine price of US$30. There are no vaccine candidates
in advanced development that prevent disease solely in
uninfected (i.e., pre-infection) populations. Therefore,
we present vaccines effective pre-infection (PRI) vaccines
as a scenario analysis.
For baseline-related uncertainty, to capture the impact

of vaccination in the context of uncertainty in future
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health system investments, and in contrast to the base-
line scenario with no programmatic change after 2018,
we defined an alternative “Policy” scenario, representing
a scaled-up programmatic TB management for each
country (Additional file 1, section 2.6).
For China, the Policy scenario was informed by coun-

try expert opinion. It included linearly scaling up drug-
susceptibility testing coverage to 90% by 2036 and intro-
duction of a standard 9-month RR/MDR-TB treatment
regimen (with the same treatment success rate), linearly
increasing this to 40% of all second-line therapy by 2036
[Li, R., personal communication].
For India, the National Strategic Plan of the Indian Re-

vised National Tuberculosis Control Programme [36] in-
formed the Policy scenario, defined as (1) increased case
detection rate (combined across private and public sec-
tors) to 85%, (2) increased drug-susceptibility testing
coverage among public sector notifications to 100% and
(3) increased proportion of notifications originating from
the private sector to 35%, all by 2025.

Model uncertainty
The final estimates of uncertainty in the results reflect a
combination of epidemiologic input parameter uncer-
tainty (delineated through sampling during calibration)
and cost input uncertainty (incorporated through sam-
pling during the probabilistic sensitivity analysis for
cost-effectiveness analysis).

Role of the funder
The study funder was involved in developing the re-
search question and commented on the draft manu-
script, but had no role in study design, data collection,
analysis, interpretation, nor writing the initial draft. The
corresponding author had full access to all study data
and materials and had final responsibility for the deci-
sion to submit for publication.

Results
Calibration
We calibrated to all TB prevalence, incidence, notifica-
tion and mortality, and to RR/MDR-TB specific rates of
incidence, proportion among all TB notifications (strati-
fied by treatment history) and number of treatment initi-
ations (Fig. 1; further details in Additional file 1, section
6). The model predicted a RR/MDR-TB incidence and
mortality rate per 100,000 in 2018 of 7.8 (UI: 6.7–10.1)
and 2.4 (UI: 1.8–2.8) in India, respectively, and 5.4 (UI:
4.2–5.7) and 0.3 (UI: 0.1–0.4) in China, respectively
(Fig. 1, rows 1 and 3). Baseline epidemiologic projections
(without vaccine) are provided in Additional file 1, sec-
tion 6. The model predicted that RR/MDR-TB incidence
in China was predominantly driven by infection of sus-
ceptible (naive) individuals. In contrast, RR/MDR-TB

incidence in India was driven by equal proportions of
new infection of susceptible and re-infection of latently
infected individuals (Additional file 1, section 7.2).

Epidemiologic impact
A summary of the epidemiologic impact of both P&PI
and PSI vaccines is presented in Figs. 2 and 3 and
Tables 1 and 2.
In India, we found the P&PI vaccine reduced the RR/

MDR-TB incidence rate in 2050 by 72% (UI: 65–77),
corresponding to 2.0 (UI: 1.4–4.1) million cases averted
(Table 1, Fig. 2). The PSI vaccine reduced the RR/MDR-
TB incidence rate in 2050 by 47% (UI: 37–58), corre-
sponding to 1.3 (UI: 0.9–2.6) million cases averted
(Table 1, Fig. 2). The P&PI and PSI vaccines reduced all
TB incidence rate in 2050 by 67% (UI: 59–71) and 44%
(UI: 39–49), respectively (Table 1, Fig. 3).
In China, we found the P&PI vaccine reduced the RR/

MDR-TB incidence rate in 2050 by 73% (UI: 66–76),
corresponding to 2.1 (UI: 1.1–2.7) million cases averted
(Table 2, Fig. 2). The PSI vaccine reduced the RR/MDR-
TB incidence rate in 2050 by 29% (UI: 27–31), corre-
sponding to 0.7 (UI: 0.5–0.9) million cases averted
(Table 2, Fig. 2). The P&PI and PSI vaccines reduced all
TB incidence rate in 2050 by 56% (UI: 53–59) and 37%
(UI: 35–38), respectively (Table 2, Fig. 3).
We found a similar relative effect of P&PI vaccines

compared to PSI vaccines on RR/MDR-TB mortality rate
and deaths averted, and on all TB mortality rate, and
cases and deaths averted (Tables 1 and 2).

Averted treatment
In India, P&PI and PSI vaccines were predicted to avert
0.8 (UI: 0.5–1.4) million and 0.5 (UI: 0.3–1.1) million
RR/MDR-TB treatment regimens (not shown). In China,
the model predicted the P&PI and PSI vaccines would
avert 1.0 (UI: 0.6–1.3) million and 0.3 (UI: 0.2–0.4) mil-
lion RR/MDR-TB treatment regimens, respectively (not
shown).

Cost-effectiveness
In India, in a discounted analysis, we estimated ICERs of
$151 (UI: 82–210) and $284 (UI: 189–389) for P&PI and
PSI vaccines priced at USD 10, respectively (Fig. 4), over
2027–2050. The P&PI vaccine was predicted to be cost-
effective in 100% of model runs at the 1-times GDP, and
upper and lower HCOC thresholds. The PSI vaccine was
predicted to be cost-effective in 100%, 99% and 27% of
runs at the 1-times GDP, upper HCOC and lower
HCOC thresholds, respectively.
In China, in a discounted analysis, we estimated ICERs

of $3663 (UI: 2763–4754) and $6059 (UI: 4591–7749)
for P&PI and PSI vaccines priced at USD 10, respectively
(Fig. 4), over 2027–2050. The P&PI vaccine was

Weerasuriya et al. BMC Medicine           (2021) 19:60 Page 5 of 13

61



predicted to be cost-effective in 100% of runs at the 1-
times GDP threshold and upper HCOC threshold, and
49% of runs at the lower HCOC threshold. The PSI vac-
cine was cost-effective at 100% and 21% of runs at the 1-
times GDP and upper HCOC threshold, but not cost-
effective at the lower HCOC threshold.

Budget impact
The total undiscounted costs for instantly deployed
mass campaigns and routine annual vaccination for a
50% efficacy P&PI vaccine providing 10 years of pro-
tection and total savings in the TB programme over
2027–2050 are presented in Table 3. Immunisation
programme costs were similar for a PSI vaccine
priced at US$10 in India and China (Additional file 1,
section 9) but with lower TB programme savings. The
total annual expenditure by the National Tuberculosis
Programmes for India and China over 2027–2050 is
shown in Fig. 5.

Scenario analyses
We found increasing vaccine efficacy increased percent in-
cidence rate reduction, cases averted, percent mortality
rate reduction, deaths averted in both RR/MDR-TB and
all TB, and averted DS-TB and RR/MRD-TB treatment
regimens. Reduced duration of protection to 5 years or re-
duced vaccine efficacy (Additional file 1, sections 7.3 and

7.4) had the opposite effect. PRI vaccines had a compar-
able or lower impact than PSI vaccines in all cases except
for RR/MDR-TB in China, where PRI effect was greater
than PSI (Additional file 1, sections 7.2 and 7.3).
We found vaccines (of all types, efficacies and

durations of protection) affected a similar per cent
incidence rate reduction and per cent mortality rate
reduction in both all TB and RR/MDR-TB, in both India
and China, in the Policy scenario as compared to the
unchanged baseline. Fewer cases and deaths were averted
in the Policy scenario, leading to a lower absolute
impact of vaccination. ICERs for vaccination were
higher in undiscounted analyses, with a vaccine priced
at US$30, and in the Policy scenario for each country
(Additional file 1, section 8).

Discussion
We estimate that the introduction of new TB vaccines in
India and China in 2027 might substantially reduce RR/
MDR-TB burden by 2050. A pre- and post-infection
vaccine (effective in all individuals, irrespective of their
infection status by M. tb) was projected to reduce RR/
MDR-TB incidence rate by approximately 70% in both
India and China if delivered annually to 9-year-olds and
every 10 years to ages 10 and above. A post-infection
vaccine (effective only in individuals with latent M. tb
infection or who have recovered from TB) was projected

Fig. 2 Incidence rate reduction of all TB by 50% efficacy, 10-year duration of protection pre- and post-infection efficacy (P&PI) and post-infection
efficacy (PSI) vaccines in India (top) and China (bottom). Lines represent median model incidence rate; ribbons represent model uncertainty.
Vaccine is introduced in 2027. Note: y-axis scales on subplots differ
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to impart lower but still substantial reductions of ap-
proximately 50% and 30% RR/MDR-TB incidence rate
reduction in India and China, respectively.
P&PI vaccines priced at US$10 were highly likely to

be cost-effective in India and China at the 1-times
GDP and upper HCOC thresholds. In India, P&PI
vaccines were also likely to be cost-effective at the
lower HCOC threshold. While we found PSI vaccines
to be less cost-effective than P&PI vaccines in gen-
eral, a PSI vaccine priced at US$10 remained highly
likely to be cost-effective at the 1-times GDP

threshold in both India and China and at the upper
HCOC threshold in India. In both countries, vaccin-
ation was projected to avert approximately 1 million
RR/MDR-TB regimens by 2050.
We attributed the greater PSI vaccine impact on RR/

MDR-TB in India than China, to the proportionally
greater rate of re-infection and fast progression of latent
RR/MDR-TB (which is avertible through post-infection
vaccine efficacy) at baseline (Additional file 1, section
7.2). Moreover, in China, the RR/MDR-TB epidemic—
driven by new infections among susceptible (naive)

Fig. 3 Incidence rate reduction of RR/MDR-TB by 50% efficacy, 10-year duration of protection pre- and post-infection efficacy (P&PI) and post-
infection efficacy (PSI) vaccines in India (top) and China (bottom). Lines represent median model incidence rate; ribbons represent model
uncertainty. Vaccine is introduced in 2027

Table 1 India–Epidemiologic impact for 50% efficacy, 10-year duration of protection vaccines. Estimates are median (uncertainty
interval) values. Incidence and mortality rate reductions compare annual values of vaccine vs baseline in 2030 and 2050. Cases and
deaths averted are cumulative over 2027–2030 and 2027–2050

Pre- and post-infection vaccine Post-infection vaccine

Resistance status Outcome 2030 2050 2030 2050

RR/MDR-TB % Incidence rate reduction in year 42% (37–45) 72% (65–77) 27% (20–34) 47% (37–58)

% Mortality rate reduction in year 20% (15–24) 69% (60–75) 13% (8–19) 45% (33–55)

Cumulative cases averted, millions 0.2 (0.1–0.3) 2.0 (1.4–4.1) 0.1 (0.1–0.2) 1.3 (0.9–2.6)

Cumulative deaths averted, millions 0.015 (0.008–0.02) 0.4 (0.3–0.7) 0.009 (0.004–0.015) 0.3 (0.2–0.4)

All TB % Incidence rate reduction in year 47% (41–51) 67% (59–71) 34% (28–39) 44% (39–49)

% Mortality rate reduction in year 36% (28–41) 66% (59–71) 25% (18–31) 44% (38–49)

Cumulative cases averted, millions 6.1 (5.0–7.0) 57.1 (45.9–70.0) 4.3 (3.3–5.2) 39.6 (31.4–48.2)

Cumulative deaths averted, millions 0.4 (0.3–0.5) 5.9 (4.7–7.9) 0.3 (0.2–0.3) 4.1 (3.0–5.3)
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individuals—was more impacted by PRI than PSI vaccine
efficacy (Additional file 1, section 7.2).
We found that vaccination averted a substantially higher

absolute number of all TB cases and deaths in India than
China. This reflected higher TB incidence and substan-
tially higher TB mortality at baseline in India than China.
The greater averted burden translated to greater averted
life-years otherwise lost to TB; thus, despite lower TB
management costs, for all vaccine profiles, ICERs in India
were lower than in China. Correspondingly, savings in the
TB programme were greater in India than China and re-
flect an underestimate for both countries, as vaccine-
mediated protection and the dynamic impact of vaccin-
ation on the TB epidemic would continue to suppress TB
burden beyond the model time horizon.
This study had several limitations pertaining to (1)

model parameterisation and structure, (2) baseline sce-
narios and (3) vaccine implementation, which we con-
sider in turn.
Data to substantiate natural history parameters for

RR/MDR-TB were sparse and heterogeneous [28, 103,

104]. We assumed RR/MDR-TB transmissibility was
equal to or lower than DS-TB [28, 29] and sampled from
wide parameter priors. In the absence of evidence or a
priori reasoning for differing values, we assumed other
RR/MDR-TB and DS-TB parameters had the same
values. As new empirical evidence arises, our predictions
and estimates can be updated, but it is currently difficult
to identify their direction of bias. Further, we maintained
constant country-specific contact patterns over the
model time horizon between DS and RR/MDR-TB. If in-
dividuals with RR/MDR-TB were to mix with one an-
other preferentially, our results may overestimate
vaccine impact.
To test our baseline assumptions of post-2018 constant

case detection rates and drug-sensitivity testing coverage,
we implemented a contrasting scaled up programmatic
management scenario based on country-specific national
policy. Our conclusions regarding relative vaccine impact
remained robust to programmatic scale-up. However, we
did not change RR/MDR-TB treatment success rate nor
introduce a theoretical future highly effective diagnostic

Table 2 China–Epidemiologic impact for 50% efficacy, 10-year duration of protection vaccines. Estimates are median (uncertainty
interval) values. Incidence and mortality rate reductions compare annual values of vaccine vs baseline in 2030 and 2050. Cases and
deaths averted are cumulative over 2027–2030 and 2027–2050

Pre- and post-infection vaccine Post-infection vaccine

Resistance status Outcome 2030 2050 2030 2050

RR/MDR-TB % Incidence rate reduction in year 44% (42–46) 73% (66–76) 14% (13–16) 29% (27–31)

% Mortality rate reduction in year 22% (18–24) 67% (59–72) 8% (6–10) 28% (25–30)

Cumulative cases averted, millions 0.2 (0.1–0.2) 2.1 (1.1–2.7) 0.05 (0.04–0.06) 0.7 (0.5–0.9)

Cumulative deaths averted, millions 0.003 (0.001–0.005) 0.1 (0.0–0.2) 0.001 (0.001–0.002) 0.04 (0.02–0.06)

All TB % Incidence rate reduction in year 42% (40–44) 56% (53–59) 28% (26–29) 37% (35–38)

% Mortality rate reduction in year 29% (26–32) 53% (48–58) 21% (18–24) 35% (33–36)

Cumulative cases averted, millions 1.4 (1.2–1.5) 10.5 (8.9–12.0) 0.9 (0.8–1.0) 6.9 (5.9–7.8)

Cumulative deaths averted, millions 0.02 (0.01–0.04) 0.4 (0.2–0.5) 0.02 (0.01–0.03) 0.3 (0.1–0.4)

Fig. 4 Cost-effectiveness acceptability curves. Vertical axis shows the probability that 50% efficacy, 10-year duration of protection pre-and post-
infection (P&PI; top) and post-infection (PSI; bottom) vaccines are cost-effective at or below a given willingness to pay value (horizontal axis), in
India (left) and China (right). Reference lines are 2018 World Bank GDP and upper and lower health-care opportunity-cost thresholds. Note: x-axis
scales differ between subplots
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technology, either of which may reduce vaccine impact es-
timates. In India, we assumed the private health sector did
not treat RR/MDR-TB successfully, based on in-country
expert opinion. Should overall treatment success improve
because of a larger private sector engagement effort, rela-
tive vaccine impact might remain stable, but absolute im-
pacts may be reduced. We cannot speculate on the impact
on cost-effectiveness, as this would depend on the specific
mechanism of increased private sector engagement.
Should the strategic focus of the Indian National Tubercu-
losis Programme change to include improved RR/MDR-
TB treatment in the private healthcare sector, a new

baseline scenario could be modelled to estimate the po-
tential effect on vaccine impact. In China, we assumed the
number of RR/MDR-TB treatment initiations contributing
to programme costs was equal to the number starting
treatment as reported by the Chinese Centre for Disease
Control and Prevention (CDC). However, the averted
number of treatments estimate applies to all RR/MDR-TB
treatment—both CDC and non-CDC. As the total RR/
MDR-TB treatment volume is unconstrained, our result
of averted treatment may be an overestimate. We confined
our health-economic analysis to a public sector healthcare
perspective. TB-related costs to patients, including indir-
ect costs from seeking healthcare and productivity losses,
can be substantial [3]; these costs are not factored into our
cost-effectiveness analysis. However, our analysis does in-
clude TB programme costs related to patient and private
sector support: in India, we included nutritional support
payments to TB patients and payments to incentivise pri-
vate sector healthcare providers.
We implemented vaccine waning as an instantaneous

loss of efficacy. If empirical data suggested a different
waning shape, our estimates may over or underestimate
the impact. We did not investigate vaccine targeting (e.g.
by age, or by RR/MDR-TB risk group); targeting could
improve cost-effectiveness estimates but reduce overall
impact. We assumed population-wide mass campaigns
were deployed instantaneously, with simultaneously ap-
plied costs, instead of through phased multi-year

Fig. 5 Budget impact analysis. Annual expenditure by the national TB programmes TB-related costs. Vertical axis represents annual expenditure, in
millions USD, by the national TB programme, with and without vaccine, in India (top) and China (bottom). Lines represent median modelled
expenditure; ribbons represent model uncertainty

Table 3 Estimated cumulative total cost of vaccine
programmes and cumulative TB programme savings over 2027–
2050. Costs are presented for a 50% efficacy P&PI vaccine
providing 10-years of protection. All costs are undiscounted and
in billions USD

Type Amount

India Routine vaccination costs $5.2 (4.9–5.4)

Mass vaccination costs $33.4 (31.9–34.6)

All vaccination programme costs $38.6 (37.1–39.9)

TB Programme savings $19.4 (13.0–27.2)

China Routine vaccination costs $3.4 (3.2–3.5)

Mass vaccination costs $38.1 (36.4–39.2)

All vaccination programme costs $41.5 (39.8–42.6)

TB programme savings $5.2 (3.9–6.8)
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campaigns. These assumptions have one main conse-
quence: vaccine-associated costs, which were calculated
assuming that countries do not need additional capacity
to deliver these campaigns, are an underestimate. How-
ever, as the benefits of such campaigns were also realised
from the start, the ICERs may not be an underestimate.
Finally, while we capture the cost-savings due to averted
RR/MDR-TB treatment, the positive externalities this af-
fords through a reduced contribution to antimicrobial
resistance are not included in the cost-effectiveness ana-
lysis. We assumed a US$10 price per vaccine course and
vaccine introduction in 2027. Should vaccine price de-
cline over time, this might increase the probability of
cost-effectiveness at the low HCOC threshold in either
country or of PSI vaccines in China at the upper HCOC
threshold. We speculate that delayed vaccine introduc-
tion by a few years would affect vaccine costs and bene-
fits to similar extents and so is unlikely to substantially
alter our findings.
Any evaluation of new TB vaccines must be compared

to BCG. Neonatal BCG is still offered routinely in India
and China [105]. Epidemiologic evidence suggests that
BCG prevents severe disease—particularly miliary tuber-
culosis and tuberculous meningitis—in young children
[106]. The effect of neonatal BCG vaccination on pul-
monary tuberculosis risk in adults with estimates ran-
ging from none to substantial [107–109]. Current
evidence indicates that neonatal BCG vaccination will be
inadequate to end transmission of M. tb among adults,
which is a prerequisite for global TB elimination. In con-
trast, we suggest that adolescent and adult vaccination—
with efficacy similar to late-stage vaccine candidate
M72/AS01E—which prevents pulmonary TB disease may
be a useful contributor towards this goal.
Previous estimates of TB vaccine cost-effectiveness ei-

ther omit MDR-TB or do not model MDR-TB dynamic-
ally [8, 9]. This is the first study to dynamically model
the impact of potential novel vaccines on MDR-TB. We
modelled both the de novo acquisition of drug-
resistance and transmission of drug-resistant M. tuber-
culosis. We also developed a country-specific cost model
and estimated the cost-effectiveness of these vaccines.
Consequently, our ICER estimates incorporated both the
direct impact of vaccination on RR/MDR-TB and indir-
ect effects due to reduced transmission. In India, we also
adjusted for differential treatment by the private sector.

Conclusions
Novel TB vaccination is likely to substantially reduce the
future burden of RR/MDR-TB, while averting the need
for RR/MDR-TB treatment. Vaccination may be cost-
effective, but this depends on the local context and spe-
cific characteristics of the vaccine. There is an urgent
need for new TB vaccines to prevent disease and for

further investment in and acceleration of development
of such vaccines to progress towards global TB elimin-
ation goals. As development of such vaccines continues,
decision-makers should consider their potential role in
national tuberculosis programmes and in wider anti-
microbial resistance control efforts.
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3 Vaccine Impact on Drug Resistant Tuberculosis and Cost-effectiveness

3.2 Technical Appendix

Reprint Notes This technical appendix was originally published online in BMC
Medicinewith Research Paper 2. It is reprinted in this chapter and has been reformatted
to fit with the remainder of the thesis. The reprint differs from the original only in
pagination and typography. The cross-references and citations in the reprint are
internal and do not refer to the remainder of the thesis. The original published version
is available online at:
https://doi.org/10.1186/s12916-021-01932-7

70

https://doi.org/10.1186/s12916-021-01932-7


The epidemiologic impact and
cost-effectiveness of new tuberculosis

vaccines onmultidrug resistant
tuberculosis in China and India

Technical Appendix

Weerasuriya CK, Harris RC, McQuaid CF, Bozzani F, Ruan Y, Li R, Li T, Rade K, Rao R, Ginsberg A, Gomez
GB, and White RG

71



Contents

1 Summary 76

2 Model Structure and Parameterisation 76
2.1 Drug Sensitive Stratum . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
2.2 Drug Resistant Stratum . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
2.3 Equations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

2.3.1 Susceptible Compartment . . . . . . . . . . . . . . . . . . . . . . . . . . 80
2.3.2 Drug-Sensitive Tuberculosis . . . . . . . . . . . . . . . . . . . . . . . . 80
2.3.3 Drug-Resistant Tuberculosis . . . . . . . . . . . . . . . . . . . . . . . . 82
2.3.4 Vaccine Stratum . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

2.4 Natural History Parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
2.5 Diagnosis and Treatment Parameters . . . . . . . . . . . . . . . . . . . . . . . . 86

2.5.1 Private-Public Health Sector Treatment Proportions in India . . . . . . . 86
2.5.2 Treatment Initiation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
2.5.3 Treatment Regimens . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

2.6 Baseline Scenarios . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
2.7 Demographic Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
2.8 Transmission and Contact Mixing . . . . . . . . . . . . . . . . . . . . . . . . . . 96

2.8.1 India . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

3 Model Calibration 98
3.1 Sampling and Calibration Method . . . . . . . . . . . . . . . . . . . . . . . . . . 98
3.2 Calibration Targets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

3.2.1 India . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
3.2.2 China . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

4 Vaccine implementation 104
4.1 Vaccine Characteristics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104
4.2 Deployment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

5 Cost-effectiveness Analysis 106
5.1 TB-related Cost Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
5.2 Vaccine-related Cost Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
5.3 Disability Adjusted Life Years Calculations . . . . . . . . . . . . . . . . . . . . . 107
5.4 Cost-effectiveness Analysis and Willingness to Pay Thresholds . . . . . . . . . . 108

6 Calibration and Baseline Scenario Projections 109
6.1 Posterior Distributions of Parameters . . . . . . . . . . . . . . . . . . . . . . . . 109
6.2 India . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

6.2.1 Calibration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109
6.2.2 Baseline Scenario Projections . . . . . . . . . . . . . . . . . . . . . . . . 109

6.3 China . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
6.3.1 Calibration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
6.3.2 Baseline Scenario Projections . . . . . . . . . . . . . . . . . . . . . . . . 114

7 Vaccine Impact 123
7.1 Vaccine Efficacy and Duration of Protection . . . . . . . . . . . . . . . . . . . . 123
7.2 Host-Infection Status Required for Vaccine Efficacy . . . . . . . . . . . . . . . . 123
7.3 Scenario Analyses: Variable Mass Vaccine Campaign Coverage . . . . . . . . . . 124

72



7.4 Scenario Analyses: Tuberculosis Incidence and Mortality Rate Reduction . . . . 126
7.5 Scenario Analyses: Tuberculosis Cases and Deaths Averted . . . . . . . . . . . . 126
7.6 Scenario Analyses: Averted Anti-tuberculosis Therapy . . . . . . . . . . . . . . . 126

8 Cost-effectiveness 144
8.1 Incremental Cost Effectiveness Ratios . . . . . . . . . . . . . . . . . . . . . . . . 144

9 Budget Impact 150

References 151

73



List of Figures

S1 Model diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
S2 Case Detection and Treatment Success Rates . . . . . . . . . . . . . . . . . . . . 90
S3 Demographic Model–India and China . . . . . . . . . . . . . . . . . . . . . . . 95
S4 Posterior distributions of sampled parameters—India . . . . . . . . . . . . . . . 110
S5 Posterior distributions of sampled parameters—India (contd.) . . . . . . . . . . 111
S6 Posterior distributions of sampled parameters—China . . . . . . . . . . . . . . . 112
S7 Posterior distributions of sampled parameters—China (contd.) . . . . . . . . . . 113
S8 Calibration Results—All Tuberculosis in India . . . . . . . . . . . . . . . . . . . 115
S9 Calibration Results—RR/MDR-TB in India . . . . . . . . . . . . . . . . . . . . . 116
S10 Baseline (no vaccine) projections–India . . . . . . . . . . . . . . . . . . . . . . . 117
S11 Calibration Results—Prevalence and Incidence of All TB in China . . . . . . . . 119
S12 Calibration Results—Notifications and Mortality of All TB in China . . . . . . . 120
S13 Calibration Results—RR/MDR-TB in China . . . . . . . . . . . . . . . . . . . . 121
S14 Baseline (no vaccine) projections–China . . . . . . . . . . . . . . . . . . . . . . 122
S15 Latent tuberculosis infection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
S16 Incident tuberculosis, disaggregated by incidence source . . . . . . . . . . . . . 125
S17 Incidence Rate Reduction in India: 30% Mass Campaign Coverage . . . . . . . . 126
S18 Incidence Rate Reduction in China: 30% Mass Campaign Coverage . . . . . . . 127
S19 Incidence Rate Reduction in India. . . . . . . . . . . . . . . . . . . . . . . . . . 128
S20 Mortality Rate Reduction in India. . . . . . . . . . . . . . . . . . . . . . . . . . 129
S21 Incidence Rate Reduction in China. . . . . . . . . . . . . . . . . . . . . . . . . . 130
S22 Mortality Rate Reduction in China. . . . . . . . . . . . . . . . . . . . . . . . . . 131
S23 RR/MDR-TB Cases Averted in India by 2030 and 2050. . . . . . . . . . . . . . . 132
S24 RR/MDR-TB Deaths Averted in India by 2030 and 2050. . . . . . . . . . . . . . 133
S25 All TB Cases Averted in India by 2030 and 2050. . . . . . . . . . . . . . . . . . . 134
S26 All TB Deaths Averted in India by 2030 and 2050. . . . . . . . . . . . . . . . . . 135
S27 RR/MDR-TB Cases Averted in China by 2030 and 2050. . . . . . . . . . . . . . . 136
S28 RR/MDR-TB Deaths Averted in China by 2030 and 2050. . . . . . . . . . . . . . 137
S29 All TB Cases Averted in China by 2030 and 2050. . . . . . . . . . . . . . . . . . 138
S30 All TB Deaths Averted in China by 2030 and 2050. . . . . . . . . . . . . . . . . . 139
S31 RR/MDR-TB Treatment Regimens Averted by 2030 & 2050 in India. . . . . . . . 140
S32 DS-TB Treatment Regimens Averted by 2030 & 2050 in India. . . . . . . . . . . 141
S33 RR/MDR-TB Treatment Regimens Averted by 2030 & 2050 in China. . . . . . . 142
S34 DS-TB Treatment Regimens Averted by 2030 & 2050 in China. . . . . . . . . . . 143
S35 ICER for vaccination in India at USD 10 per vaccine . . . . . . . . . . . . . . . . 145
S36 ICER for vaccination in India at USD 30 per vaccine . . . . . . . . . . . . . . . . 146
S37 ICER for vaccination in China at USD 10 per vaccine . . . . . . . . . . . . . . . 147
S38 ICER for vaccination in China at USD 30 per vaccine . . . . . . . . . . . . . . . 148
S39 ICER for vaccination in India at USD 10 per vaccine and 30% mass campaign

coverage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149
S40 ICER for vaccination in China at USD 10 per vaccine and 30% mass campaign

coverage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

74



List of Tables

S1 Model equations—symbols . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
S2 Parameters for births and deaths . . . . . . . . . . . . . . . . . . . . . . . . . . 89
S3 Parameters determining transmission and drug-resistance . . . . . . . . . . . . 91
S4 Parameters determining disease progression . . . . . . . . . . . . . . . . . . . . 92
S5 Parameters determining disease relapse and natural cure . . . . . . . . . . . . . 92
S6 Parameters related to treatment initiation and treatment success . . . . . . . . . 93
S7 Scale up of drug sensitivity testing coverage in the “Policy” scenario in China . . 94
S8 RR/MDR-TB treatment regimens in the China “Policy” scenario. . . . . . . . . . 94
S9 Calibration targets—India. Rates are expressed per 100,000 population . . . . . . 101
S10 Calibration targets—China . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
S11 China Incidence Target Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
S12 Modelled vaccine types and impact on disease states . . . . . . . . . . . . . . . . 105
S13 TB-related Unit Costs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
S14 Vaccine-related Costs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
S15 Willingness to Pay Thresholds . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
S16 Vaccine Impact by 50% efficacy, 10-year P&PI and PSI vaccines . . . . . . . . . . 124
S17 Incidence of TB disaggregated by origin . . . . . . . . . . . . . . . . . . . . . . 124

75



Model Description

1 Summary

We took the following overarching steps during our analysis:

1. Constructed a dynamic transmission model of tuberculosis stratified by age, prior treatment
history, drug resistance status and vaccina status. We only enabled the vaccine stratum
during vaccine simulation.

2. Calibrated the model to nationally representative epidemiologic data from China and India.

3. Constructed future baseline scenarios of programmatic MDR-TB and TB management (i.e.
without novel TB vaccines).

4. Implemented a country-specific cost-model for programmatic management of TB and
RR/MDR-TB within the future baseline scenarios.

5. Implemented vaccines into the future baseline scenarios and estimate epidemiologic impact,
vaccine cost-effectiveness, budget impact and treatment regimens averted by vaccination in
comparison to baseline.

2 Model Structure and Parameterisation

We represented the following states of tuberculosis within the model:

1. Susceptible (never infected by Mycobacterium tuberculosis);

2. Latent infection (infected with Mycobacterium tuberculosis, but without active disease);

3. Infectious active disease (symptomatic bacteriologically positive disease capable of trans-
mission);

4. Non-infectious active disease (symptomatic TB, but bacteriologically negative and incapable
of transmission);

5. On-treatment for tuberculosis and;

6. Resolved (asymptomatic, having recovered from active tuberculosis, either via treatment or
through natural cure).

A diagram of the model is presented in Figure S1.

Where appropriate, the natural history states were orthogonally stratified into three layers:

1. by treatment history, into never-treated and previously-treated status;

2. by drug-sensitive or drug-resistance status; and

3. by new TB vaccine vaccination status (the vaccinated stratum was only enabled when
modelling vaccine scenarios).

Susceptible populations infected by either drug sensitive or drug resistant Mycobacterium tuber-
culosis could become latently infected or rapidly and directly to active disease. Populations in the
active disease state had three possible exit routes: (1) detection and treatment; (2) natural cure; or
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(3) death from tuberculosis or other causes. Those who naturally curedmoved to the resolved state.
Those starting treatment entered the treatment state where they could either succeed treatment
(and move to the resolved state) or fail (and move back to active disease). Treatment failures were
redirected back to active TB disease. Latently infected and resolved populations could reactivate
and relapse, respectively, back into the active disease state. These populations could also be
reinfected and experience rapid progression to active disease but their rate of rapid progression
to disease was lower than a naive individual—presumed due to pre-existing immunity—due to
existing infection (latent) or previous experience of infection (resolved) .

We introduced an additional vaccine stratum, duplicating the drug resistance- and treatment
history- strata within it, when simulating vaccine.

We modelled age in single years, over the range 0–99 years, and simulated over 1900–2050 in
calendar time with a 3-month model timestep. Within this period, 1900–1999 represented “burn
in” where the model equilibrated between various states. We calibrated to data select time points
between 2000–2017, and projected from the model from 2018 to 2050. The full demographic
model is described in section 2.7. We programmed the model in the R language for Statistical
Computing [1] and implemented it as a series of difference equations.

2.1 Drug Sensitive Stratum

We modelled infection of the susceptible population at rate λS . Following infection, a proportion
(p–“fast progressors”) progressed directly to active disease, whereas the remainder (1-p) became
latently infected. Those who progressed to active disease developed either infectious or non-
infectious active disease through a partitioning parameter f . Latently infected populations could
(1) remain latent; (2) reactivate to active disease at rate v or; (3) be reinfected at a reduced rate
compared to the susceptible population (reduction specified by parameter x).

From the active disease compartments, populations could:

1. be detected and initiated on treatment, moving to a treatment compartment or;

2. undergo natural cure, moving to the resolved compartment or;

3. die due to tuberculosis.

Those initiated on treatment could:

1. be successfully treated and transition to the resolved compartment or;

2. experience treatment failure and transition back to the active disease compartment or

3. die on treatment

We used the WHO definition of prior treatment for tuberculosis (≥ 2 months of previous anti-
tuberculosis therapy). Consequently, populations in the never-treated drug-sensitive on-treatment
compartment exited to destinations in the previously-treated stratum. Entry into the resolved state
in the “never treated” stratum was only possible through natural cure. As was in latent infection,
the resolved state conferred protection against reinfection compared to the susceptible population
(through parameter x). Resolved populations could relapse back to active disease, but could not
transition to the latently infected state.

Similarly, we only represented susceptible and latent states in the never-treated stratum. By
definition, any populations with any previous experience of tuberculosis disease or treatment could
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Figure S1: Model diagram. Compartments on blue background represent DS-TB. Compartments
on red background represent RR/MDR-TB. Compartment symbols as follows: S: sus-
ceptible; L: latent; I: active infectious disease; N: active non-infectious disease; T:
on-treatment, with ψ, φ, andM representing RR/MDR-TB treatments which succeed,
fail and are misdiagnosed and treated with DS-TB treatment regimen, respectively; R:
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not re-enter the susceptible state. Similarly, entry into the latent infection state was only possible
from the susceptible state, or through re-infection while in the latent infection state itself. Relapse
from the resolved state to latent infectionwas not possible in thismodel. Drug resistant populations
in their respective susceptible, latent infection and resolved states could also be infected with drug
sensitive tuberculosis as described above. Extant drug resistant latently infected and resolved states
conferred also protection against drug sensitive reinfection. Populations experiencing treatment
failure would transition back into active infectious disease, or active non-infectious disease in
proportion to the relative prevalence of infectious vs non-infectious active disease in the preceding
time step.

2.2 Drug Resistant Stratum

The drug resistant stratum differed from the drug sensitive in two key areas:

1. Acquisition of resistance

2. Treatment (stratification of outcomes and misdiagnosis)

A proportion of the population on treatment for drug-sensitive tuberculosis developed drug-
resistance. We began the acquisition of drug resistance in 1970—timed to co-incide with the
discovery of rifampicin [2–4]. We implemented this as a flow of a fixed proportion [5, 6] of the
drug-sensitive on-treatment for tuberculosis population (in both treatment history strata) to the
previously-treated drug-resistant stratum.

The population moving from the drug-sensitive to drug-resistant stratum in this way comprised
multiple sub-populations. Firstly, a proportion was converted to a drug-resistant tuberculosis
treatment regimen and moved into the previously-treated drug-resistant on-treatment compart-
ments, through the proportion correctly treated parameter (Pc(t)—section 2.5). The remainder
moved to previously-treated drug-resistant active disease (both infectious and non-infectious,
determined by parameter f ). Acquisition of resistance and transition to latent infection was
impossible; latent infection is not represented in the previously treated stratum. Moreover, such
a transition would represent a move from active disease on treatment to asymptomatic latent
infection.

Treatment in the drug resistant stratum differed from drug sensitive stratum as follows. In the
drug sensitive stratum, all treatment was aggregated into a single state from which treatment
success, failure or death were possible outcomes. In comparison, in the drug resistant stratum,
transition from active disease into treatment was disaggregated. Those with active disease could
be empirically misdiagnosed and transition into a “misdiagnosed and treatment state”, where
they received inappropriate treatment for drug-sensitive tuberculosis. Alternatively, they could
be correctly diagnosed and transition to treatment for drug resistant tuberculosis, either into
treatment which is predestined to succeed, or into treatment which is predestined to fail. Correct
identification and diagnosis of drug-resistant tuberculosis was governed by parameters determin-
ing the proportion receiving drug sensitivity testing (for infectious active drug-resistant disease) and
proportion empirically diagnosed (for both infectious and non-infectious drug-resistant disease),
described in section 2.5. Treatment successes moved to the resolved compartment. Treatment
failures returned to the previously-treated active disease state (infectious or non-infectious) from
which they originated. In contrast to drug sensitive tuberculosis, transitions from drug-resistant
infectious active disease remained separate to those with non-infectious active disease. The on-
treatment predestined-to-fail state originating from active infectious disease continued to be
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infectious on treatment. This structure of treatment allowed for independent counting of time
spent on treatment by both treatment failures and successes.

2.3 Equations

Model equations are described in sections 2.3.1, 2.3.22.3.3 and 2.3.4. A key to symbols in the
equations is provided in Table S1.

2.3.1 Susceptible Compartment

Births in year k are added in the first timestep of each year to the susceptible compartment.

St,0 = St,0 + bk

Mortality and new infections were then applied to the susceptible compartment.

St,j = (1− µt−1,j − λSt−1,j − λRt−1,j)St−1,j

2.3.2 Drug-Sensitive Tuberculosis

Never-Treated Drug-Sensitive Tuberculosis

LSt,j = (1−µt−1,j)L
S
t−1,j+(1−pj)λSt−1,j(St−1,j+xL

R
t−1,j)+vjL

S
t−1,j−xλSt−1,jpL

S
t−1,j−xλRt−1,jL

S
t−1,j

ISt,j = (1− µt−1,j)I
S
t−1,j + ωNS

t−1,j + pjfjλ
S
t−1,j(S + xLRt−1,j + xLSt−1,j)

+ vjfjL
S
t−1,j + (pjxλ

S + jrj)fjR
S
t−1,j

+ pjfjxλ
S
t−1,jR

R
t−1,j − (nj + κIt−1,j + µi)I

S
t−1,j

NS
t,j = (1− µt−1,j)N

S
t−1,j + pj(1− fj)λ

S
t−1,j(S + xLR + xLS)

+ vj(1− fj)L
S
t−1,j + (1− fj)(pjλ

S + rj)R
S
t−1,j + (1− fj)pjxλ

S
t−1,jR

R
t−1,j

− (nj + κNt−1,j + µn)N
S
t−1,j − ωNS

t−1,j

TSt,j = (1− µt−1,j)T
S
t−1,j + κIt−1,jI

S
t−1,j + κNt−1,jN

S
t−1,j − (ξ + ψS + φS + µT )T

S
t−1,j

RSt−1,j = (1− µt−1,j)R
S
t + nj(I

S
t−1,j +NS

t−1,j)− (pjxλ
S
t−1,j + rj + pjxλ

R
t−1,j)R

S
t−1,j

Previously-Treated Drug-Sensitive Tuberculosis The equations which follow determine
changes in the previously-treated drug sensitive compartments. Superscript pR and pS indicate
previously-treated drug-resistant and drug-sensitive compartments, respectively.
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Table S1: Model equations—symbols.

Type Symbol Description

Super/sub-
scripts

Subscripts i Time step
Subscript j Age
Super-
scripts
R,S, pR, pS

Applied to terms to indicate to resistant- or sensitive- ; p represents
previously-treated.

Super-
scripts I,N

Applied to terms relating to active infectious- or non-infectious TB,
respectively

Super-
scripts
M,C

Applied to κ terms to indicate correct diagnosis and treatment initiation
rate onto RR/MDR-TB treatment (C) or misdiagnosis and treatment
initiation onto DS-TB treatment (M).

Compart-
ments

S Susceptible (naive to infection)
L Latently-infected
T On-treatment
I Active infectious disease
N Active non-infectioius disease
R Resolved following active disease, through treatment or natural cure

Coefficients

κ Treatment initiation risks, derived from case detection ratio (as per
section 2.5.2).

ψ, φ % Treatment failure and success, respectively
λ Transmission parameter
µi,j , µI , µN , µT Mortality risks: background, active infectious disease, active

non-infectious disease and on-treatment respectively.
ξ Risk of acquiring multidrug resistance on first line therapy
pj Proportion of (re-) infected Susceptible, Latents or Recovereds

developing active TB, in age group j
x Protection from re-infection or developing active TB due to being

latently infected or recovered from infection
vj Risk of reactivation in age j of latently infected population
fj Proportion of new active cases directly becom- ing infectious (primary

disease), at age j
ω Risk of converting from non-infectious to infec- tious active case
nj Risk of natural cure
rj Risk of relapse from recovered to active (RR/MDR-)TB
bk Number of births in year k
Pc(t) Proportion correctly diagnosed and initiated onto RR/MDR-TB

treatment; see section 2.5.2 and eq 5.
Yt,j Ratio of infectious- to non-infectious drug-sensitive disease in timestep t
τM , τC Exit risk, per time-step from drug-resistant TB treatment compartments,

representing 24-months (τC ) and 6-months (τM ) of treatment.
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IpSt,j = (1− µt−1,j)I
pS
t−1,j + ωNpR

t−1,j + (pjxλ
S + jrj)fjR

pS
t−1,j + pjfjxλ

S
t−1,jR

pR
t−1,j

+ Yt−1,jφ
S(TSt−1,j + T pSt−1,j)− (nj + κIt−1,j + µi)I

pS
t−1,j

NpS
t,j = (1−µt−1,j)N

pS
t−1,j+(1−fj)(pjλS+rj)RpSt−1,j+(1−fj)pjxλSt−1,jR

pR
t−1,j−(nj+κ

N
t−1,j+µn)N

pS
t−1,j

T pSt,j = (1− µt−1,j)T
pS
t−1,j + κIt−1,jI

pS
t−1,j + κNt−1,jN

pS
t−1,j − (ξ + ψS + φS + µT )T

S
t−1,j

RpSt−1,j = (1−µt−1,j)R
pS
t +nj(I

pS
t−1,j+N

pS
t−1,j)+ψ

S(TSt−1,j+T
pS
t−1,j)−(pjxλ

S
t−1,j+rj+xλ

R
t−1,j)R

pS
t−1,j

2.3.3 Drug-Resistant Tuberculosis

Never-Treated Drug-Resistant Tuberculosis The equations which follow determine changes
in the never treated drug resistant compartments.

Here, superscriptR andS indicates never-treated drug-resistant and drug-sensitive compartments
respectively.

LRt−1,j = (1−µt−1,j)L
R
t,j+(1−pj)λRt−1,j(St−1,j+xL

S
t−1,j)+vjL

R
t−1,j−xλRt−1,jpL

R
t−1,j−xλSt−1,jL

R
t−1,j

IRt,j = (1− µt−1,j)I
R
t−1,j + ωNR

t−1,j + pjfjλ
R
t−1,j(S + xLRt−1,j + xLSt−1,j) + vjfjL

R
t−1,j

+ (pjxλ
R + rj)fjR

R
t−1,j + pjfjxλ

R
t−1,jR

S
t−1,j − (nj + κt−1,j + µi)I

S
t−1,j

NR
t,j = (1− µt−1,j)N

R
t−1,j + pj(1− fj)λ

R
t−1,j(S + xLR + xLS)

+ vj(1− fj)L
R
t−1,j + (1− fj)(pjxλ

R
t−1,j + rj)R

R
t−1,j + (1− fj)pjxλ

R
t−1,j

RSt−1,j − (nj + κNt−1,j + µn)N
R
t−1,j − ωNR

t−1,j

T Iψt,j = (1− µt−1,j)T
Iψ
t−1,j + κC,IψRIRt−1,j − (τC + µ)T Iψt−1,j

T Iφt,j = (1− µt−i,j)T
Iφ
t−1,j + κC,IφRIRt−1,j − (τC + µ)T Iψt−1,j
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TNψt,j = (1− µt−1,j)T
Nψ
t−1,j + κC,NψRIRt−1,j − (τC + µ)TNψt−1,j

TNφt,j = (1− µt−i,j)T
Nφ
t−1,j + κC,NφRIRt−1,j − (τC + µ)TNψt−1,j

TM,I
t,j = (1− µt−i,j)T

M,I
t−1,j + κM,IIRt−1,j − (τM + µm)TM,I

t−1,j

TN,It,j = (1− µt−i,j)T
N,I
t−1,j + κM,NIRt−1,j − (τM + µm)TN,It−1,j

RRt,j = (1− µt−1,j)R
R
t−1,j + nj(I

R
t−1,j +NR

t−1,j)− (λRt−1,jpjx+ rj + λSt−1,jpjx)R
R
t−1,j

Previously-Treated Drug-Resistant Tuberculosis The equations which follow determine
changes in the previously-treated drug sensitive compartments. Superscript pR and pS indicate
previously-treated drug-resistant and drug-sensitive compartments, respectively.

IpRt,j = (1− µt−1,j)I
pR
t−1,j + ωNpR

t−1,j + (xλR + rj)fjR
pR
t−1,j + fjxλ

R
t−1,jR

pS
t−1,j

+ ξfj(1− Pc(t))(T
S
t−1,j + T pSt−1,j) + τC(T Iφt−1,j + T pIφt−1,j)

+ τM (1− Pc(t))(T
M,I
t−1,j + T pM,I

t−1,j )− (nj + κIt−1,j + µT )I
S
t−1,j

NpR
t−1,j = (1− µt−1,j)N

pR
t−1,j + (1− fj)(xλ

R
t−1,j + rj)R

pR
t−1,j + (1− fj)xλ

R
t−1,jR

pS
t−1,j

+ ξ(1− fj)(1− Pc(t))(T
S
t−1,j + T pSt−1,j) + τC(TNφt−1,j + T pNφt−1,j)

+ τM (1− Pc(t))(T
M,N
t−1,j + T pM,N

t−1,j )− ωNpR
t−1,j − (nj + κNt−1,j + µn)N

R
t−1,j

T pIψt,j = (1− µt−1,j)T
Iψ
t−1,j + κC,IψRIpRt−1,j + ψRPc(t)τ

M (TM,I
t−1,j + T pM,I

t−1,j )

+ fjPc(t)ψ
Rξ(TSt−1,j + T pSt−1,j)− (τC + µT )T

Iψ
t−1,j

T pIφt,j = (1− µt−1,j)T
Iφ
t−1,j + κC,IRφRIpRt−1,j + φRPc(t)τ

M (TM,I
t−1,j + T pM,I

t−1,j )

+ fjPc(t)φ
Rξ(TSt−1,j + T pSt−1,j)− (τC + µI)T

Iψ
t−1,j
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T pNψt,j = (1− µt−1,j)T
Nψ
t−1,j + κC,NψRNpR

t−1,j + ψRPc(t)τ
M (TM,N

t−1,j + T pM,N
t−1,j )

+ (1− fj)Pc(t)ψ
Rξ(TSt−1,j + T pSt−1,j)− (τC + µT )T

Nψ
t−1,j

T pNφt,j = (1− µt−1,j)T
Nφ
t−1,j + κC,NφRNpR

t−1,j + φRPc(t)τ
M (TM,N

t−1,j + T pM,N
t−1,j )

+ (1− fj)Pc(t)φ
Rξ(TSt−1,j + T pSt−1,j)− (τC + µN )TNφt−1,j

TM,I
t,j = (1− µt−1,j)T

M,I
t,j + κM,I

t−1,jI
pR
t−1,j − (τM + µI)T

M,I
t−1,j

TM,N
t,j = (1− µt−1,j)T

M,N
t,j + κM,N

t−1,jI
pR
t−1,j − (τM + µN )TM,N

t−1,j

RpRt,j = (1− µt−1,j)R
pR
t−1,j + nj(I

pR
t−1,j +NpR

t−1,j)

+ τC(T pIψt−1,j + T pNψt−1,j + T Iψt−1,j + TNψt−1,j)− (pjxλ
S
t−1,j + rj + λRt−1,jx)R

pR
t−1,j

Treatment Initiation Rate Terms Per section 2.5.2 and equation 5, we (1) partitioned overall
treatment initiation, κ for RR/MDR-TB into initiation of correct vs incorrect (misdiagnosis)
therapy; (2) included probabilities of empirical detection vs drug-sensitivity testing; into four
sub-components (equation 1). These were the specific treatmment initiation rates onto cor-
rect treatment for active infectious RR/MDR-TB; correct treatment for active non-infectious
RR/MDR-TB; incorrect (misdiagnosed) treatment for active infectious RR/MDR-TB; and incor-
rect (misdiagnosed) treatment for active non-infectious RR/MDR/TB. Treatment inititiation onto
correct treatment was then partitioned into those predestinated to succeed and fail treatment, as
described above.

κC,It,j = κIt,jPc(t)

κC,Nt,j = κNt,jPc(t)

κM,I
t,j = κIt,j(1− Pc(t))

κM,N
t,j = κNt,j(1− Pc(t)) (1)

2.3.4 Vaccine Stratum

We duplicated all compartments, where for a given compartment C , we created a corresponding
compartment CV . The equations determining flow between the CV compartments were identical
to those for C , with coefficients for v, r and pmodified by vaccine efficacy, as described in section
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4. Within the time step of immunisation, vaccination and waning of protection were implemented
as flow from C → CV and CV → C respectively, per equation 2,

CV = CV + qC − (1− q)wCV

C = C − qC + (1− q)wCV (2)

where q represents the coverage of vaccination and w represents the proportion experiencing
waning of protection in that time step.

2.4 Natural History Parameters

Natural history parameters with prior ranges and references are presented in Tables S2–S5.

The natural history of tuberculosis varies with age, which manifests as differences in presentation
(including extra-pulmonary, pulmonary or disseminated disease), rates of progression following
infection, reactivation from latency, relapse following natural cure or treatment and tuberculosis
related mortality [7–10]. Therefore, we modelled the corresponding natural history parameters p
(progression to active disease), f (progression to infectious disease), v (reactivation from latency),
r (relapse from cure or after treatment), µI and µN (infectious and non-infectious TB mortality)
as age-variant. We independently sampled age-specific values for children (age<15), and adults
(age≥ 15) for these parameters in the India model. We also sampled additional age-specific values
for elderly (age ≥ 65) in the China model, including an elderly-specific risk of natural cure (n), as
data were available to calibrate this model to additional targets for elderly age groups.

Age-specific parameter ranges were based on data where available (Tables S2–S5). No direct
data was found to inform the upper bound of the parameter p (progression to active disease) in
the elderly age-group. Therefore, we assumed that immunocompromise served as a reasonable
approximation of age-related decline in immunity and used data from HIV+ populations to
inform this value, consistent with historical literature [11, 12]. Point estimates of overall, all-age
TB mortality risk were informed by systematic reviews of data from the pre-chemotherapeutic
era [13, 14]. Based on empirical data [7], we applied age-specific TB mortality calibration factors
(uiscale terms) to these point estimates (represented by TB mortality parameters µI and µT ), to
generate age-specific TB mortality risks used within the model (Table S2). To allow for higher
rates of progression, infectiousness and reactivation from latency in the elderly, and higher TB
mortality in children and elderly, than adults, we constrained the sampling process (section 3.1)
to retain parameter values only if the elderly/child values were greater than adult values [7–10].

Values for z (risk of transmission per infectious contact), x (protection against reinfection con-
ferred by latent infection or resolved disease), ω (risk of converting from non-infectious to
infectious disease), ξ (risk of developing drug-resistance on first line therapy) were fixed across
ages.

We calibrated force of infection by multiplying Mycobacterium tuberculosis transmission param-
eters (λSi,j and λRi,j) by calibration factors qS and qR for DS-TB and RR/MDR-TB, respectively.
Estimates of the fitness cost of multidrug resistance and its consequent impact on relative trans-
missibility are heterogeneous [15–17]. In the absence of a precise estimate, we assumed (1) that
drug-resistance was unlikely to confer a transmissibility benefit; and (2) a wide prior range of
fitness, constrained to be lower than or equal to DS-TB and derived qR by multiplying qS with
sampled fitness parameter DR_TS (Table S3). We derived an estimate of the risk of acquiring
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drug-resistance on DS-TB treatment from systematic reviews of the impact of rifampicin duration
on TB treatment outcomes [5, 6, 18].

2.5 Diagnosis andTreatment Parameters

We used case detection ratios (CDR) from WHO [19] to inform treatment initiation from active
infectious disease (compartments I and N ). We fitted a generalised logistic function to CDR
data from China and India [19] to remove artefactual noise in the data and derive a smoothed
curve over 2000–2017 (Figure S2A). We then converted CDR to a risk of treatment initiation from
prevalent active disease (section 2.5.2). We applied the same case detection ratio to both DS-TB
and RR/MDR-TB tuberculosis, as we modelled the identification of drug-resistance as an event
subsequent to diagnosis (section 2.5.2). To fit the model to case-notification and incidence data,
we applied a scaling factor (cdrscale—Table S6) prior to converting to a treatment initiation risk.
Bacteriologically negative (non-infectious) tuberculosis was assumed to be detected at a lower
rate relative to bacteriologically positive TB [11], using a sampled parameter e.

We independently sampled values of natural cure, mortality and case detection scaling factors
during the calibration process (section 3.1) and discarded sample sets where the resulting scaled
sum of treatment initiation, mortality and natural cure (the total outflow from active disease)
exceeded 1. When simulating increased future case detection (and therefore treatment initiation)
in the India “Policy” scenario (section 2.6), we scaled this total outflow to equal 1 as necessary,
while maintaining the relative proportions of treatment initiation, natural cure and mortality.

Parameter prior ranges, constraints and details are summarised in Table S6.

2.5.1 Private-Public Health Sector Treatment Proportions in India

In India, the CDR accounted for differential detection the public and private sectors. We adjusted
the case detection ratio for the presence the private sector, which manages approximately 40–66%
of all tuberculosis treatment [20, 21]. Despite this only 20% of tuberculosis case notifications were
estimated to originate from private sector providers in 2017 [22, 23]. Moreover, the quality of care
and treatment outcomes in the private sector differ to that of the public sector [22].

We accounted for the presence of the private sector in India by incorporating (1) the proportion
TB treatment in the private sector, ppm; and (2) the proportion of all case notifications originating
from the private sector. We increased the proportion of case notifications arising from the private
sector from 0% in 2012 to 20% in 2017 per WHO data [22] and adjusted the overall case detection
ratio as per,

R =
TPu + TPr

I

TPr = ppm(TPu + TPr)

TPu =
C · I ·NPu

PPu

R = C · NPu

PPu

(
1 +

ppm

1− ppm

)
(3)

whereR is adjusted case detection ratio, assuming each notification reflects a treatment initiation,
I is incidence, C is case detection ratio,NPu is the the proportion, among notifications, which
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originate in the public sector, PPu is the proportion of treatment initiations in the public sector
which are notified1, ppm is the proportion of all treatment which occurs in the private sector, TPr
is the total treatment volume in the private sector and TPu is the total treatment volume in the
public sector.

The upper bound for the ppm prior range was informed by literature, which suggests up to 66%
of treatment might occur in the private sector [21]. We derived the lower bound compatible
with WHO notification data through back-calculation [22]. WHO estimates that percentage of
notifications that originate from the private sector climbs from 0% 2012 to 20% in 2017, which in
the “Policy” baseline scenario we further increase to 35% by 2025. We combined this range 0–35%
with reported case detection ratio data for India until 2018 [19] (and an assumed increase in case
detection ratio to 85% by 2025 in the “Policy” scenario—section 2.6) to estimate a minimum
bound of 37% using equation 3. Here, we assumed (1) that 100% of public sector treatment
initiations are notified; (2) the proportion of private sector treatment initiations which are notified
cannot exceed 100% of all private sector treatment initiations; and (3) overall risk of treatment
initiation cannot exceed 100%.

2.5.2 Treatment Initiation

WHO defines case detection as the ratio of case notifications among estimated incident cases.
Assuming that each case notification corresponded to an initiation of anti-tuberculosis treatment,
we modelled the outflow from prevalent, active, disease as the sum of treatment, natural cure and
mortality. Based on this assumption, we derived a risk of treatment initiation per equation 4.

CDR ≈ κ

κ+ µ+ n

κ ≈ CDR(µ+ n)

1− CDR
(4)

Here, κ is risk of treatment initiation; CDR is case detection ratio; µ is mortality risk; and n is risk
of natural cure.

In the drug sensitive stratum, following treatment initiation we moved populations from the active
disease compartments into the on-treatment compartment, assuming that all such cases receive
correct anti-tuberculosis therapy.

In contrast, althoughwe initiated drug-resistant active disease cases onto treatment at the same rate
as drug-sensitive active disease, they subsequentlymoved to one of three on-treatment destinations:
successful RR/MDR-TB treatment, failing RR/MDR-TB treatment and failing (inappropriate)
DS-TB treatment. We first partitioned the treatment initiation outflow into two streams—correct
treatment (onto RR/MDR-TB treatment, irrespective of treatment outcome) or incorrect treatment
(onto DS-TB treatment)—using the proportion correctly treated:

Pc(t) = Pdst(t) + Pe(t)(1− Pdst(t)) (5)

where Pc(t) is proportion correctly treated at time t; Pdst(t) is proportion receiving drug sen-
sitivity testing at time t; and Pe(t) is proportion empirically identified as drug-resistant at time

1PPuwas assumed to equal 100% when calculating the adjusted case detection ratio, but uncertainty was introduced by
adding uncertainty intervals to notification rate calibration targets (section 3.2)
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t.

To construct functions Pdst(t) and Pe(t), we linearly interpolated from zero (in 2007 and 1970) to
values dst_p in 2018 and emp_tx_p in 2018, respectively. dst_p was the proportion receving a drug
sensitivity test in 2018 and emp_tx_pwas the proportion empirically identified as drug-resistant in
2018. A study on scale up of programmatic MDR-TB management in China [24] and results from
the first national tuberculosis anti-tuberculosis drug resistance survey of India [25] indicate that
programmatic drug-sensitive testing was initiated in 2006–2007; therefore, we initialised Pdst(t)
at zero in 2007 for both China and India. DST coverage was set at 35% in 2018 based on data from
the national strategic plan for tuberculosis elimination in India [26] and expert opinion from both
China and India. Beyond 2018,Pdst(t) remained constant (“Status Quo” scenario) or incremented
(“Policy” baseline scenario) as described in section 2.6. We assumed that bacteriologically-negative
patients did not receive drug-sensitivity testing; therefore for identification of non-infectious
(bacteriologically-negative) RR/MDR-TB, we set Pdst(t) equal to 0. We sampled emp_tx_p during
calibration (section 3.1).

Once partioned, we further stratified the “correct treatment” flow using the RR/MDR-TB treatment
success rate (see section 2.5.3) into successful and failing RR/MDR-TB treatment respectively.

RR/MDR-TB treatment in China

Based on 2013 drug resistance survey results, WHO estimates approximately 46–69,000 cases of
RR-TB among all notified pulmonary TB disease in China [19]. However, between 2014–2017,
the global TB database reports only 5,807–13,069 laboratory confirmed cases of RR/MDR-TB
diagnosed and treated in China. We modelled this gap as treatment occurring outside the of Chi-
nese Centre for Disease Control and Prevention (CDC) tuberculosis dispensary system [27]. We
sampled a parameter chr, which we used to partition the total RR/MDR-TB treatment initiations
in the model; the chr treatment subflow was calibrated to total RR/MDR-TB volume in the China
CDC system, which used towards cost-effectiveness calculations (sections 3.1 and 5.4).

2.5.3 Treatment Regimens

Per WHO guidelines [46, 47], we assumed a treatment duration of 6 months for DS-TB treatment
and 24-months for RR/MDR-TB treatment (the latter up to 2018—section 2.6 for differences
between baseline scenarios).

We used DS-TB treatment success rates for India and China per the WHO TB database [19] up
to 2018 (Figure S2B), which we held constant when projecting into the future in all scenarios.
For India, we assumed WHO values to applied to treatment in the public sector; we assumed
treatment success rate in the private sector to be 5% lower at any given time point and calculated
an overall treatment success rate using the private-public mix parameter ppm (sections 2.5.1 and
3.1).

For second line therapy we assumed a constant treatment success rate of 46% and 48% in China
and India respectively [48, 49] from 1970 over the model time horizon.

2.6 Baseline Scenarios

We assumed a baseline scenario of unchanged future programmatic (i.e. non-vaccine) manage-
ment of DS-TB and RR/MDR-TB as constant case detection, drug-sensitivity testing and TB
treatment after 2018. In this document, this is referred to as the “Status Quo” scenario. To test
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Table S2: Parameters for births and deaths

Symbol Description Prior Range and Constraints References

Births
bk Number of births in year k Source data per UN ESA [28]

Deaths
µi,j Background (all cause) risk of

deaths
Calculated from UN DESA Population Division
mortality projections as number of projected
deaths in a given age, divided by the total
projected population in that age group j, in year
i

[28]

µI

µN

Death risk for infectious
untreated TB, varies by age
Death risk for non-infectious
untreated TB, varies by age

0.6
0.21
Both values calibrated by uiscale to TB
mortality, as below

[14]

µT Death risk on-treatment for
DS-TB, varies by age

0.035
Value calibrated by uiscale to TB mortality, as
below
The definition of treatment failure in
RR/MDR-TB include mortality; therefore, a
specific mortality term is not applied while
“on-treatment” for RR/MDR-TB. Instead,
mortality terms for infectious and
non-infectious RR/MDR-TB are applied as
appropriate.

[13]

uiscaleA

uiscaleC

uiscaleE

(China
only)

Calibration factor for TB
mortality

uiscaleC = uiscale[ j < 15] = (-)0.99 – (+)0.99
uiscaleA = uiscale[j ≥15] = (-)0.99 – (+)0.99
(India)
uiscaleA = uiscale[ j ≥ 15, <65] = (-)0.99 –
(+)0.99 (China)
uiscaleE = uiscale[ j ≥ 65] = (-)0.99 – (+)0.99
(China)
Constraint: Parameter set only retained if child
(India and China) and elderly (China only)
parameters selected were greater than or equal
to adult parameter.

Assumed
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Figure S2: Case Detection and Treatment Success Rates. A: case detection ratios for China and
India. Dots represent WHO estimates, solid line represents fitted curve. B: Treatment
Success Rate for first line therapy. Source for A and B: WHO Tuberculosis Database
[19].
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Table S3: Parameters determining transmission and drug-resistance

Symbol Description Prior Range and Constraints References

Transmis-
sion
λSi,j , λ

R
i,j M. tb transmission risk (force

of infection ) in time step i,
for age j for DS-TB and
RR/MDR-TB

Calculated in model (equations 6 and 7)

qS Force of infection calibration
factor—DS-TB

Scales respiratory contacts to annual number of
contacts and calibrates to TB incidence
Calibration range: 0–1 (China) and 0–5 (India)

Assumed

qR Force of infection calibration
factor—RR/MDR-TB

Calculated as:
qR = qS × dr_ts

Assumed

Dm,y Daily number of respiratory
contacts by age groupm and
contacts in age group y

Calibrated by qS to match TB incidence [29, 30]

z Probability of transmission
per respiratory contact
between an Infectious and
Susceptible individual

Fixed: 0.1 [12, 31, 32]

Drug
Resistance
ξ Risk of acquiring multidrug

resistance on first line therapy
0.003–0.012 [5, 6, 18]

DR_TS Relative transmission fitness
of RR/MDR-TB

0–1 Assumed

the effect of these assumptions, we performed a scenario analysis by simulating vaccine in an
alternative “Policy scenario” which incorporated country-specific changes to programmatic TB
management.

India

Per the National Strategic Plan for Tuberculosis Elimination 2017-25 [26] we implemented the
following in the India “Policy” scenario:

1. Linearly increase overall case detection ratio (across both private and public sectors) to 85%
by 2025;

2. Increase in drug sensitivity testing coverage among public sector notifications from 35% in
2018 2 to 100% in 2025;

3. Increase in proportion of notifications originating in the private sector to 35% by 2025.

We assumed that all RR/MDR-TB treatment in the private sector was unsuccessful [Rao, R.,
National Tuberculosis Elimination Programme, personal communication].

China

In the “Policy” scenario for the China case study, we implemented the following programmatic
management of MDR-TB:

2The NSP 2017-2025 reports the proportion of notified pulmonary TB patients receiving a drug-sensitivity test in 2016
as 30% [26].
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Table S4: Parameters determining disease progression following infection

Symbol Description Prior Range and Constraints References

pj Proportion of (re-) infected
Susceptible, Latents or
Recovereds developing active
TB, in age group j

p[j < 15] = 0.01–0.06
p[j ≥ 15] = 0.08–0.2 (India)
p[j ≥ 15, <65] = 0.08–0.2 (China)
p[j ≥ 65] = 0.08–0.36 (adult and HIV-positive
range)
Constraints: In China, the parameter set was
retained only if elderly parameter selected was
greater than or equal to adult parameter.

[12, 31–33]

x Protection from re-infection
or developing active TB due
to being latently infected or
recovered from infection

(1-x) = value for the level of protection afforded
Range: 0.25–0.41

[31, 32, 34,
35]

vj Risk of reactivation in age j of
latently infected population

v[j<15] = 0.0001–0.0003
v[j ≥15] = 0.0001–0.0003 (India)
v[j ≥15, j<65] = 0.0001–0.0003 (China)
v[ j ≥ 65] = 0.0001–0.04 (elderly; China)
Constraint: In China, parameter set only
retained if elderly parameter selected was greater
than or equal to adult parameter.

[7, 12, 31,
35, 36]

fj Proportion of new active cases
directly becom- ing infectious
(primary disease), at age j

f[j < 15] = 0-0.15
f[j ≥ 15] = 0.25-0.75 (India)
f[j ≥ 15, <65] = 0.25-0.75 (China)
f[ j ≥ 65] = 0.19-0.75 (elderly; China)
Constraint: In China, parameter set only
retained if adult parameter selected was greater
than or equal to elderly parameter.

[7, 10, 31,
32, 37, 38]

ω Risk of converting from
non-infectious to infec- tious
active case

Range: 0.007 - 0.02 [39]

Table S5: Parameters determining disease relapse and natural cure

Symbol Description Prior Range and Constraints References

nj Risk of natural cure Range: 0.1–0.25 (India)
Age stratified in China:
n[j<55] = 0.1–0.25
n[ j 55-64] = (n[j<55] + n[ j ≥ 65])/2
n[ j ≥ 65] = 0.1–0.25
Constraint: In China, parameter set only
retained if adult parameter selected was greater
than or equal to elderly parameter.

[31, 32]

rj Risk of relapse from recovered
to active (RR/MDR-)TB

r[j <15] = 0.01–0.07
r[j ≥ 15] = 0.01–0.07 (India)
r[j ≥ 15, <55] = 0.01–0.07 (China)
r[j ≥ 55, <65] = (r[j<55] + r[j ≥ 65])/2 (China)
r[j ≥ 65] = 0.01–0.07 (China)

[40–45]
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Table S6: Parameters related to treatment initiation and treatment success

Parameter
Symbol

Description Prior Range and Constraints References

κ Treatment initiation rate,
derived from case detection
ratio (as per section 2.5.2).

NA [19]

CDRscalek case detection ratio scaling
factor in year k (see section

CDRscale[j = all] = (-)0.99 – (+)0.99 (India)
CDRscale[j≤ 15] = (-)0.99 – (+)0.99 (China)
CDRscale[j> 15,≤ 54] = + (-)0.99 – (+)0.99
(China)
CDRscale[j ≥65] = + (-)0.99 – (+)0.99 (China)
CDRscale[j> 55,≤ 64] = (CDRscale[j>65] +
CDRscale[j> 15,≤ 55])/2 (China)
CDRscale factors were applied to CDR as per
scaling function f :
f(CDR) ={

CDR + (1− CDR)× cdrscale if cdrscale ≥ 0

CDR + CDR × cdrscale if cdrscale < 0

In India, a single scaling factor was used across
all age groups; in China, scaling factors for
children, adults and elderly were used.
Constraints: In China, parameter sets only
retained if values for elderly (j≤15) were lower
than for adults.

[19]

emp_tx_p Proportion empirically being
started on RR/MDR-TB
treatment in 2018

0-1 Assumed

e Relative case-detection of
non-infectious cases

0.4–0.8 Assumed

ppm (India only) Proportion of
private sector treatment
among all treatment of DS-TB

0.37–0.66 Derived by
calculation

from
sources [20,

21]
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Table S7: Scale up of drug sensitivity testing coverage in the “Policy” scenario in China

Year DST coverage

2018 35
2019 45
2020 50
2021 60
2026 70
2031 80
2036- 90

1. Scale up of DST coverage (Table S7).

2. Change in RR/MDR-TB treatment regimen from a sole 24-month regimen to a mixture
of 3 regimens, two of length 24 months and one of length 9 months, with no change in
treatment efficacy, but with differing regimen costs (Table S8).

2.7 Demographic Model

We populated the underlying demographic model with new births per year and all-cause, age-wise
mortality with data published by the United Nations Department of Economic and Social Affairs
(UN ESA), Population Division [28].

We input the absolute number of births per annum into the first time step of the year. Age-wise
mortality data was available in 5-year age- and calendar-year blocks; this is converted to annual,
single-year age-wise mortality risk and these values were used as all-cause (background) mortality
within the model. TB mortality was not removed from all-cause background mortality as its
contribution was expected to be small. The median model trajectory for total population by age
group as compared to UN ESA estimates are shown in Figure S3 for India and China.

36LFX(MFX)-BQD-LZD-CFZ-CS/14MFX-CFZ-CS
46CmLfx(Mfx)PtoCsZ/18LfxPtoCsZ

Table S8: RR/MDR-TB treatment regimens in the China “Policy” scenario.

Length (months) Regimen 2018 2019–2020 2021–2025 2026–2030 2031–2035 2036–

9 Short Course 0% 10% 30% 40% 40% 40%

24 R13 0% 10% 30% 40% 50% 55%

R24 100% 80% 40% 20% 10% 5%
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Figure S3: Demographic Model–India and China. Solid line represents median model population
projection. Dashed lines represent UN ESA medium-estimate population projections
until 2050. The age groups are those by which we stratified model calibration factors
and targets.
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2.8 Transmission and Contact Mixing

Both TB and MDR-TB have age-specific epidemiologic patterns of incidence and age-dependent
natural history parameters. Given this, we incorporated age-specific prevalence of infectious
active disease and age-assortativity into the calculation of the age-dependent force-of-infection
parameter λ (equations 6 and 7).

λSi,j = qS
(
1− e

−
∑ymax

y=1 z·Dm,y·
IWy
Ny

)
(6)

λRi,j = qR
(
1− e

−
∑ymax

y=1 z·Dm,y·
IMy
Ny

)
(7)

qR = qS × DR_TS (8)

Here, i represents the time step; j is the age of interest, which suffers risk of infection; m is
the broad ae class, in contact matrices, which contains the age j; y is the broad age class, in
contact matrices, which contacta groupm. There are ymax age classes;Dm,y is the contact matrix,
representing the average number of unique contacts by each member of y with members of group
m;Ny is the total population in y, across age groups and compartments; Iy is the total number of
infectious individuals in y across age all groups; z is the probability of transmission per infectious
respiratory contact; and qS , qRand DR_TS are calibration factors described in section 2.4.

For the China case study we used an social contact matrix for China adapted by Harris, Sumner,
Knight, et al. [11] and Harris [50], initially based contact data from a study based in South-
west China [29] of 1821 individuals divided among urban and rural areas. This study found
strong assortativity among age-based contacts and similar total contacts between urban and rural
residents.

2.8.1 India

For the India case study, we used the socialmixr R package [51] to adapt data from the POLYMOD
[30] study to the population structure of India in 2015. We applied population estimates from
the UN ESA [28]. The POLYMOD study includes the results of eight nationally representative
prospective surveys across European countries, which estimated the daily contact patterns of
individuals over the entire population age range. POLYMOD reported found contact patterns to
be highly age-assortative, particularly among schoolchildren and young adults.

The social mixing model within the socialmixr package estimates the number of contacts made
by an individual of age group i, with members of age group j per unit time (mij), leading to
contact matrixD. The total number of contacts, ai, made by i group individuals is scaled by an
assortativity parameter, bij , reflecting a preference for contact with j group members and the
proportion of the total population comprising group j, cj . This gives

mij = [ai] · [bij ] · [cj ] (9)

We collapsed the population in China into three age groups (age ≤ 14 years, age 15–64 years and
age ≥ 65 years). First, we calculated total contact rates (a) for each group by aggregating data
published in the original POLYMOD study per equations 11. We then computed the proportion of
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each age group j in the total POLYMOD study population, cj and then back calculated assortativity
parameters (b) from equation 9 to derive the assortativity matrix A (equation 9).

D =

i j k mii mji mki i

mij mjj mkj j

mik mjk mkk k

(10)

ai = mii +mij +mik

ai = mji +mjj +mjk (11)

ak = mki +mkj +mkk

A =

i j k bii bji bki i

bij bjj bkj j

bik bjk bkk k

(12)

We then re-applied each age group total contact rate, ai, to the assortativity parameter of the
contact group of interest, bj and j group proportion (cj) for India (from UN ESA data) to generate
an asymmetric pair-wise contact matrix. Finally, we used our new estimated contact rates (m)
and computed the total contacts made by groups i and j (equal in a perfect survey). To ensure
that the total reciprocal number of contacts between any two groups was equal, we averaged these
two values and re-computed new contact rate as per equation 13.

mij = mav ·Ni
mji = mav ·Nj

mav =
(mij ·Ni) + (mji ·Nj)

2
(13)

Heremav is the average total number of contacts;Ni is the population in age group i; andNj is
the population in group j.
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3 Model Calibration

3.1 Sampling and CalibrationMethod

We employed a two-stage calibration process to fit the model to calibration targets (section 3.2).

In the first stage, we utilised Approximate Bayesian Computation Accept-Reject Random sampling
(ABC-RS) [52] to identify parameter space corresponding to a partial fit of the full calibration
target set (>10 calibration targets). We used these partially fitted parameter sets as seeds to
initialise an Approximate Bayesian Computation Markov Chain Monte Carlo (ABC-MCMC) [52,
53] rejection sampling process, to find parameter sets fitting incrementally greater numbers of
calibration targets until all targets were satisfied. The parameter space was then further explored
using the ABC-MCMC process to generate parameter sets fully compatible with the epidemiologic
and health economic data. Within both the ABC-RS and ABC-MCMC sampling processes, we
assumed uniform prior distributions for all parameters. We sampled along approximately 200
parallel Markov Chains each generating 40,000 samples. Finally, 1,000 fully fitted parameter sets
were randomly selected from approximately 100,000 sets in India and 30,000 sets in China. We
used these sets to generate 1,000 runs each for the Status Quo and Policy baseline scenarios. These
1,000 model runs captured uncertainty in TB natural history and costs for each baseline scenario.
We then implemented the vaccine scenarios on each of these 1,000 runs for each baseline scenario
to model vaccine impact.

3.2 Calibration Targets

We calibrated the model to China and India specific epidemiologic targets detailed in Tables S10
and S9 respectively.

3.2.1 India

We calibrated the India country model to seventeen calibration targets, four of which were specific
to RR/MDR-TB (Table S9). These included prevalence, incidence, mortality and notification
rates for all TB, and for incidence rate, laboratory confirmed RR/MDR-TB treatment initiations
and proportion of RR/MDR-TB cases among notifications for all TB. Where data permitted, we
calibrated to age-specific targets. Unless otherwise specified, calibration target quantities represent
the same inter-compartmental transitions described in the China case study, above.

India has not reported the results of a nationally representative tuberculosis prevalence survey.
Therefore, we used estimates of bacteriologically-positive prevalence rate derived through pooling
subnational estimates [54] as a calibration target for all TB prevalence rate. We calibrated all
TB incidence to WHO estimates of all-age all TB incidence rate. While age-stratified incidence
is not reported by WHO nor by country authorities, model-based estimates of paediatric TB
burden suggest that approximately 8% of incident TB in 2010 in India occured in children (age
<15). Assuming the relative proportion of burden between children and adults remained the
same between 2000 and 2017, we calculated age-specific incidence calibration targets from WHO
overall incidence estimates and UN ESA [28] population estimates.

We calibrated to all TB mortality rate and age-specific notification rates per WHO estimates [19].
As discussed in section 2.5.1, we adjusted treatment initiation rates for the presence of the private
sector, including private sector contributions towards case notifications, which are estimated to
have risen from 0% in 2012 to approximately 20% of in 2017, as reported by WHO [22]. Further,
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a systematic review of case detection and patient retention throughout the tuberculosis “case-
cascade” in the Indian Revised National Tuberculosis Control Programme has estimated that of
72% of prevalent TB patients who reach diagnostic centres, only 59% are subsequently registered
on treatment. To allow for (1) uncertainty in the contribution of the private sector towards
case notifications; and (2) losses between diagnosis and treatment initiation, we assumed a 20%
uncertainty interval around WHO point-estimates of case notification data when constructing
notification rate calibration targets.

The model was calibrated to RR/MDR-TB incidence rates as reported by WHO [22] and propor-
tions of RR/MDR-TB cases among notified cases as reported in the first national anti-tuberculosis
drug-resistance survey of India [25]. We calibrated the proportion of RR/MDR-TB treatment
diagnosed through drug-sensitivity testing (Pdst(t)—section 2.5.2) to the reported number of
laboratory confirmed RR/MDR-TB treatment initiations in 2017 [19].

3.2.2 China

We calibrated the China country model to twenty six calibration targets, six of which were
specific to RR/MDR-TB epidemiology and treatment (Table S9). These included prevalence,
incidence, mortality and notification rates for all TB and to RR/MDR-TB incidence rate, volume
of RR/MDR-TB treatment in the CDC system, and proportion of RR/MDR-TB among new- and
previously-treated case notifications. Where data permitted, we calibrated to age-specific targets.

We calibrated the prevalence rate of bacteriologically-positive tuberculosis (overall—including
both drug-sensitive and drug-resistant), by age, to results fromnationally representative prevalence
surveys in 2000 and 2010 [24]. In this model, this represented the sum of I disease states across
treatment history and drug-resistance strata.

Age-specific tuberculosis mortality rates for tuberculosis were provided by CDC [Tao, L., personal
communication]; in the model, these represent disease specific mortality in the I , N , and T
compartments. Although WHO estimates suggest a low case-fatality rate for TB in China [22],
evidence suggests that up to 50% of pulmonary TB patients are attributed a non-TB cause of
death, suggesting potentially high levels of misclassification [55, 56]. We therefore assumed a 50%
uncertainty interval around mid-point estimates of mortality as calibration targets.

Notification rates represented treatment initiations (transitions from I orN compartments into
T compartments. To account for overdiagnosis of bacteriologically negative tuberculosis in
China, we reduced the contribution of bacteriologically-negative and/or clinically diagnosed
case notifications to total case notification targets by 15%, per expert opinion [Tao, L., CDC,
personal communication]. Case notifications reported by WHO before 2013 are disaggregated by
bacteriologic status; for notification rate calibration targets before 2013, we directly reduced the
sputum smear-negative notification value and total notifications to adjust for overdiagnosis. For
targets including and beyond 2013, we reduced the value of clinically diagnosed new tuberculosis
notifications and recalculated total notifications.

Patients in China can access TB care through either the CDC-based tuberculosis dispensary
system, or through the parallel hospital-based system [27]. We assumed that case notification data
only originated from the CDC system, which accounts for 80% of (all TB) treatment. Furthermore,
evidence suggests that the screening algorithm utilised by China NTP may misclassify TB by up
to 20% [11, 57]. Taken together, we applied a 20% uncertainty interval to age-stratified point-
estimates of adjusted case notifications (as above) reported by WHO for China to derive final
notification rate calibration targets.
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Incidence (transitions into disease states I andN ) was calibrated to WHO Global Tuberculosis
Report [22] and Global TB database indidence data [19]. Incidence rates for RR/MDR-TB and
RR/MDR-TB treatment volume were derived from WHO estimates [19, 22]. WHO estimates
of incidence are derived from case notification data; following the case notification adjustment
(above) we adjusted the corresponding values of all TB and RR/MDR-TB incidence rate. RR/MDR-
TB incidence rate was adjusted using the WHO Global Tuberculosis Report method [22, 58] using
equation 14 and data per Table S11.

IMDR = I ((1− f)pn((1− r) + rρ) + fpr) (14)

Here f is the cumulative risk for incident cases to receive a non-relapse retreatment (following
treatment failure or return after default); I is incidence of tuberculosis; IMDR is incidence of MDR-
TB; ρ is risk of RR/MDR-TB in relapses relative to previously untreated cases; pn is proportion
of RR/MDR-TB among new notifications; pr is proportion of RR/MDR-TB among previously
treated notifications; and r is proportion of relapses of the sum of new and relapse cases.

The number of RR/MDR-TB cases treated in the Chinese CDC system was derived from the
WHO Global TB database [19] where we assumed 20% uncertainty interval, as for all TB case no-
tifications. The proportion of RR/MDR-TB among case notifications was derived from nationally
representative drug-resistance survey data [59, 60] and internal data from CDC [Tao, L., personal
communication].
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Table S9: Calibration targets—India. Rates are expressed per 100,000 population

Calibration target Year Subgroup Target Range References

All TB

Prevalence rate 2015 Overall 195–312 [54]

Incidence rate

2000 Overall 149–473

[19, 61]

2017 Overall 140–281

2000 0–14 Years 42–134

2017 0–14 Years 45–91

2000 15+ Years 192–609

2017 15+ Years 176–354

Mortality rate 2017 Overall 29–34 [19]

Notification rate

2007 15+ Years 118–178

[19]
2007 Overall 81–122

2017 15+ Years 139–209

2017 0–14 Years 6–9

2017 Overall 107–160

RR/MDR-TB

Incidence rate 2016 Overall 7–15 [22]

% Resistant among notified
cases

2016 Never Treated 2–3
[25]

2016 Previously
Treated

10–13

Lab confirmed RR/MDR-TB
Treatments

2017 Overall 28,760–43,140 [19]
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Table S10: Calibration targets—China. Rates are expressed per 100,000 population. CDC: Chinese
Center for Disease Control and Prevention

Calibration target Year Subgroup Target Range References

All TB

Prevalence rate

2000 Overall 163–195

[24]

15–29 years 72–116

30–44 years 96–146

60+ years 510–609

2010 Overall 101–132

15–29 years 40–86

30–44 years 54–99

60+ years 106–168

Incidence rate
2000 Overall 77–131

[19]

2017 Overall 50–66

Mortality rate

2010 Overall 1.36–4.07

0–14 years 0.06–0.18

15–64 years 0.88–2.65

65+ years 8.28–24.84

Notification rate

2015 Overall 41.19–61.79

[19]0–14 years 1.22–1.84

15–64 years 43.9–65.85

65+ years 93.9–140.85

RR/MDR-TB

Incidence rate 2017 Overall 4.6–7 [22]

% Resistant among notified
cases

2007 Never Treated 4.59–7.09

[59]2007 Previously
Treated

21.73–29.98

2013 Never Treated 5.6–8.7

2013 Previously
Treated

20–28

CDC confirmed treatment
initiations

2017 Overall 5,943–7,132 [19]
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Table S11: Data values used to substantiate recalculation of adjusted TB incidence targets in China
[58] China Incidence Target Data

Parameter Mean Standard Deviation

f 0.007745 0.00183
r 0.02983 0.002473
ρ 3.377 0.3759
pn 0.0713 0.00801
pr 0.2408 0.01918
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4 Vaccine implementation

To model vaccination, we duplicated both drug resistance and treatment history strata and moved
immunised populations from their state in the unvaccinated stratum to the corresponding state
in the vaccinated stratum. Similarly, when the effect of the vaccine waned (loss of protection),
these populations moved in the reverse direction, from a given state in the vaccinated strata to the
corresponding state in the unvaccinated strata (equation 2).

We implemented a “Prevention of Disease” (PoD)-type vaccines, conferring protection against
the development of active TB disease. We did not model a “Prevention of Infection”, PoI, vaccine
effect—infection by M. tb and transmission was identical vaccinated and unvaccinated strata. To
model a PoD vaccine, we multiplied the following model parameters by a factor equal to (1 −
vaccine efficacy):

1. Primary (“fast”) progression from the susceptible state (p);

2. Reactivation from the latently infected state (v);

3. Relapse from the resolved state (r).

This represented a “leaky” type vaccine, wherein disease continues tomanifest in vaccine recipients,
albeit at a rate reduced in proportion to the efficacy of the vaccine.

We modelled three subtypes of PoD vaccines, whose effect depended on the extant host infection
status at the time of vaccination: (1) “pre-infection” (PRI) vaccineswere only effective in susceptible
individuals; conversely, “post-infection” (PSI) vaccines were effective in those with latent infection
and resolved infection; “pre- and post-infection” (P&PI) vaccines were effective in all three types of
host infection status (Table S12). Vaccines did not affect treatment related parameters (detection,
treatment success or failure rates), natural cure rates nor TB related mortality. Waning (loss of
protection) occurred instantly and exactly at the end of the duration of protection.

We did not explicitly represent existing Bacillus Calmette–Guérin (BCG) immunisation pro-
grammes as we assumed protection conferred by BCG to be reflected in calibration targets.

4.1 Vaccine Characteristics

There is no currently no licensed adult vaccine to prevent tuberculosis. Two candidates in ad-
vanced clinical development—M72/AS01E and BCG revaccination5—have reported efficacies of
49.7% and 45.4% at 3 and 2 years follow up, respectively [62, 63]. BCG revaccination was admin-
istered to IFNγ negative populations, whereas M72/AS01E was administered to IFNγ positive
populations. Additionally, WHO preferred product characteristics (PPC) for new tuberculosis
vaccines [64] specifies a minimum duration of protection of at least 10 years, with a minimum
efficacy of 50%. To encompass the WHO PPC specification, BCG revaccination and M72/AS01E,
we modelled vaccines conferring protection for 5- and 10-years, with efficacy between 30–90% in
20% increments, across PRI, PSI and P&PI vaccine types.

4.2 Deployment

Previous modelling studies suggest that age-targeting vaccination—to adults, adolescents or the
elderly—is likely to achieve a greater impact on all TB burden than infant or early childhood
immunisation [11, 12]. This is reflected in the WHO PPCs for new TB vaccines [64] which

5Revaccination administered to adults
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Table S12: Modelled vaccine types and impact on disease states

Vaccine type States which vaccine is applied to (and effective in)
Susceptible (S) Latent (L) Active Disease (I

or NI)
Recovered (R)

Pre-infection
(PRI)

Yes No No No

Post-Infection
(PSI)

No Yes No Yes

Pre- and
Post-infection
(P&PI)

Yes Yes No Yes

consider these populations the priority target for TB vaccine development. However, to date, there
are no major adult diseases against which large-scale routine vaccination is administered to serve
as a direct analogue to model adult TB vaccine programmes.

We assumed vaccine administration through two strategies, routine vaccination and mass cam-
paigns, both beginning in 2027. We generated assumptions around vaccine coverage based on
immunisation programmes for other diseases, applied to similar age groups in other settings.

We assumed continuous routineTB vaccinationwas delivered to children aged 9with 80% coverage,
along with human papillomavirus vaccine (HPV). The routine coverage estimate was based on
secondary school enrolment rates in China and India, and HPV vaccine programme coverage
among schoolchildren in South Africa [65, 66].

Mass campaigns were delivered to ages 10 and above at a 10-yearly frequency. Menafrivac cam-
paigns delivered to 1–29 year olds in South Africa were reported to achieve coverage of 70–98%
[67]. However, routine vaccination for influenza in China [68, 69]and mass adult campaigns
for Japanese encaphalitis in India [70]—both of which were delivered to populations including
the elderly—have reported coverage estimates of 36–49% and 58%, respectively. As our mass
campaign age-group was wide, including the elderly, we based our mass campaign coverage
(70%) on the lower bound of the Menafrivac coverage estimate. In addition, we simulated mass
vaccination campaigns at 30% coverage as an additional conservative scenario analysis.
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5 Cost-effectiveness Analysis

We calculated total cost from a public healthcare sector perspective as comprised of total tu-
berculosis programme costs (section 5.1) and vaccine programme costs (section 5.2). We then
derived Disability Adjusted Life Years (DALYs) incurred due to active tuberculosis disease in the
(unvaccinated) baseline scenarios and their corresponding vaccinated scenario and calculated
the difference as the health benefit of vaccination (section 5.3). We derived the incremental
cost-effectiveness ratio of vaccination (section 5.4) as a measure of cost-effectiveness.

5.1 TB-related Cost Model

The unit costs of TB management are summarised in Table S13 fo India and China. We estimated
costs from a health service perspective using an ingredient approach [71]. To inform the cost
calculations, we obtained unit costs for DS- and RR/MDR-TB diagnosis, drug-sensitivity testing
and DS- and RR/MDR-TB treatment. In addition, for India, we added the estimated cost of
incentives provided to the private sector to improve case notification and cost of providing
nutritional support to patients on treatment for tuberculosis (in both private and public sectors).
The annual total service delivery cost was calculated as the sum of unit costs incurred each year.
We assumed a top-up of 50% of assumed programme cost, based on the national expenditure
report to the WHO TB programme [22].

The annual total cost was calculated as the sum of the unit cost per output multiplied by the
quantity of outputs each year. The outputs included:

1. Number of persons with presumptive TB tested, calculated from the number of people
diagnosed;

2. Number of person-months of drug sensitive TB treatment;

3. Number of drug sensitivity tests conducted;

4. Number of people started on drug resistant TB treatment; and

5. Number of person-months of drug resistant TB treatment.

To calculate costs of diagnosis, we multiplied the unit costs for diagnosis by the number of people
tested. The number of people tested was calculated using a Test-to-Diagnosis Ratio (TDR), to
adjust for false-negative and true-negative test results. TDR values of 3.57 and 6.48 were applied
to China [72] and India [26] in country-specific starting years 2011 and 2016, respectively. We
then adjusted the TDR value in each subsequent year by the prevalence of active tuberculosis.

5.2 Vaccine-related Cost Model

We separated vaccine-related costs into vaccine, delivery and program costs. The unit costs are
summarised in Table S14.

In India, we used a national analysis of variation in cost and performance of routine immunisation
service delivery[73] to derive uncertainty ranges for routine vaccine delivery cost. We used
estimates from the Indian measles-rubella vaccination campaign operational guidelines [74] to
add delivery costs in mass campaigns.

In China, delivery costs were sourced from literature [75, 76]. We assumed delivery costs per
person immunised to be the same in mass campaign or routine settings. Programme costs
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Table S13: TB-related Unit Costs

Country Cost Value [range] (USD) Distribution Source

India

DSTB diagnosis, per patient 14.82 [11.86–17.79] Normal [78–80]

RR/MDR-TB diagnosis, per patient
(assumed to be DSTB diagnosis cost +20%)

17.78 [14.23–21.35] Assumed

Drug sensitivity testing, per patient 6.00 [4.80–7.20] Normal [80]

DS-TB treatment, per patient-month 26.43 [21.15–31.71] Normal [81–83]

RR/MDR-TB treatment, per patient-month 216.19 [187.88–244.50] Normal [81–83]

Patient nutritional support 7.46 [26]

Private sector incentive 3.73 [26]

China6

DSTB diagnosis, per patient 27.05 [21.63–32.47] Normal [84, 85]

RR/MDR-TB diagnosis, per patient
(assumed to be DSTB diagnosis cost +20%)

32.46 [25.96–38.96] Normal Assumed

Drug sensitivity testing, per patient 13.20 [11.78–14.62] Normal [86]

DS-TB treatment, per patient-month 28.41 [27.14–29.68] Normal [48, 84]

RR/MDR-TB treatment—no injectables, per
patient-month

746.84 [377.29–861.73] β [48, 84]

RR/MDR-TB treatment—including bedaquiline,
per patient-month

346.29 [276.77–413.84] β [48, 84]

Table S14: Vaccine-related Costs

Country Cost Value [range] (USD) Distribution Source

India
Delivery cost per regimen (routine) 1.88 1.13–2.40 β [73]

Delivery cost per regimen (mass) 1.95 1.20–2.47 β [74]

Vaccine campaign cost (fixed) 25,374,949.00 [74]

China
Delivery cost per regimen (routine) 2.32 1.60–2.80 β [75, 76]

Delivery cost per regimen (mass) 2.32 1.60–2.80 β [75, 76]

Vaccine delivery cost (variable cost per 10,000
vaccinated through mass campaigns)

16,133.10 [77]

associated with mass campaigns were estimated from a study of nationwide catch-up vaccination
for hepatitis B [77].

In both countries, we modelled a USD 10 and USD 30 price per vaccine based on expert opinion.
We calculated the annual total cost as the sum of the unit cost per vaccine multiplied by quantity
of vaccines delivered plus programme costs.

5.3 Disability Adjusted Life Years Calculations

To calculate benefits associated with vaccination, we calculated the difference in total Disability
Adjusted Life Years (DALYs) associated with tuberculosis infection between each vaccine and each
of the two baseline scenarios. We used the disability weight (0.333) for tuberculosis as reported in
the Global Burden of Disease 2013 study [87] and calculated total DALYs incurred as per WHO

6Additional costs for first- and RR/MDR-TB treatment received from CDC [Tao, L., personal communication]
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Table S15: Willingness to Pay Thresholds

Threshold Value % GDP

China
WHO7 9771 100

HCOC (lower) 3650 45

HCOC (upper) 5669 71

India
WHO 2016 100

HCOC (lower) 264 17

HCOC (upper) 363 23

CHOICE [88].

5.4 Cost-effectiveness Analysis andWillingness to Pay Thresholds

We calculated the incremental cost effectiveness ratio as the ratio between the incremental benefit,
in DALYs averted, and the incremental cost, in USD, for each run across vaccination and baseline
scenario. Both costs and benefits were discounted to 2027 (when vaccination begain) at 3%, per
the Gates Reference Case for Economic Evaluation [89]. We analysed cost-effectiveness by 2050,
reflecting a 23 year timeframe in line with WHO END TB [90] and UN SDG TB control targets
[91]. We constructed a cost-effectiveness acceptability curve for each vaccine profile, per country
and per baseline scenario and present an estimated probability of vaccine cost-effectiveness against
a continuous willingness-to-pay (WTP) threshold. We report probability of cost-effectiveness
against three WTP thresholds from the literature (Table S15):

1. WHO threshold—1 times gross domestic product (GDP) per capita [84, 92]

2. Healthcare opportunity cost (HCOC) based threshold [93]

7WHO values represent 2018 World Bank GDP per capita estimates.
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Furthers Results and Discussion

6 Calibration and Baseline Scenario Projections

6.1 Posterior Distributions of Parameters

Posterior distributions for parameters sampled and described in sections 2.4 and 2.5 are presented
here for India (Figures S4 and S5) and China (S6 and S7).

6.2 India

6.2.1 Calibration

Calibration results are summarised in Figures S8 and S9.

We calibrated the model to all prespecified targets.

All TB notification rates were predicted to be 103 [UI 86–122] per 100,000 and 142 [UI 118–169]
per 100,000 among all ages and adults (age>14) in 2007, and 119 [UI 107–131] per 100,000, 24
[UI 23–27] per 100,000 and 156 [UI 140–174] per 100,000 among all ages, children (age<15) and
adults (age>14) in 2017, respectively (Figure S8A). All TB incidence rates for all ages, children
(age<15) and adults (age>14) were predicted to be 339 [UI 292–373] per 100,000, 104 [UI 91–107]
per 100,000 and 450 [UI 381–498] per 100,000 in 2010, and 261 [UI 216–273] per 100,000, 65 [UI
60–74] per 100,000 and 339 [UI 278–354] per 100,000 in 2017, respectively (Figure S8B). All TB
mortality rate was predicted to be 31 [UI 29–34] per 100,000 in 2017 (Figure S8C). The model
predicted all TB prevalence rate to be 218 [UI 195–310] per 100,000 in 2015 (Figure S8D).

The model predicted RR/MDR-TB incidence to be 8 [UI 7–10] per 100,000 in 2017 (Figure S9A).
Laboratory confirmed RR/MDR-TB treatments were predicted to be 37,184 [UI 28,841–43,133] in
2017 (Figure S9B). The proportion of RR/MDR-TB cases among all TB notifications in 2016 was
predicted to be 2.7% [UI 2.0–3.0] among never-treated cases and 11.0% [UI 10.0–13.0] among
previously-treated cases, respectively (Figure S9C).

6.2.2 Baseline Scenario Projections

Model projections for overall and RR/MDR-TB epidemiology for India over 2018–2050 are
presented in Figure S10.

At baseline, with no new vaccine and no change to programmaticmanagement of TB after 2018 (the
“Status Quo” baseline scenario), the model projected all TB prevalence rate at 216 [UI 191–301]
per 100,000 in 2018 and 237 [UI 191–341] per 100,000 in 2050 (Figure S10A). Overall incidence
was predicted to be 262 [UI 217–274] per 100,000 in 2018 and 280 [UI 217–334] per 100,000
(Figure S10B) 2050. Overall mortality was predicted to be 31 [UI 29–34] per 100,000 in 2018
and 32 [UI 25–40] per 100,000 in 2050 (Figure S10C). RR/MDR-TB incidence was predicted to
be 8 [UI 7–10] per 100,000 in 2018 and 11 [UI 7–25] per 100,000 (Figure S10D). RR/MDR-TB
mortality rate was predicted at 2 [UI 2–3] per 100,000 in 2018 and 3 [UI 2–5] per 100,000 in
2050 (Figure S10E). The proportion of RR/MDR-TB cases among never treated TB notifications
was predicted to be stable at 3% [UI 2–3] in 2018 and 4% [UI 2–7] in 2050; the corresponding
proportion among previously treated TB notifications was predicted to be 10% [UI 9–13] in 2018
and 13% [UI 10–23] in 2050 (Figure S10F).
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Figure S4: Posterior distributions of sampled parameters—India. Subplots show probability den-
sity of parameter values (y-axis) plotted against the prior range (x-axis) of each pa-
rameter. Parameter names suffixed with adult or A indicate adult specific parameters.
Suffixes child or C indicate children-specific sampled parameters. CDRscale: case
detection ratio scaling factor (cdrscale). DR_ts: RR/MDR-TB relative transmission
fitness cost. DS_neta: transmission scaling factor for all TB. e: relative probability of
case detection of non-infectious TB. emp_tx_p: proportion empirically diagnosed and
treated for RR/MDR-TB. fadult and fchild: proportion fast progressing to infectious
active TB. n: natural cure; omega: risk of converting from non-infectious to infectious
TB. padult and pchild: proportion fast progressing to active TB. ppm: proportion of
all TB treated in private sector.
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Figure S5: Posterior distributions of sampled parameters—India (contd.). Subplots show probabil-
ity density of parameter values (y-axis) plotted against the prior range (x-axis) of each
parameter. Parameter names suffixed with adult or A indicate adult specific parameters.
Suffixes child or C indicate children-specific sampled parameters. radult and rchild:
r, risk of relapse from resolved disease. uiscaleA and uiscaleC: TB mortality scaling
factors. vadult and vchild: v, risk of relapse from latent disease. x: x, relative protection
against reinfection in latent and resolved compartments; xi_init: ξ, risk of acquiring
drug resistance on-treatment for DS-TB.
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Figure S6: Posterior distributions of sampled parameters—China. Subplots show probability
density of parameter values (y-axis) plotted against the prior range (x-axis) of each
parameter. Parameter names suffixed with adult or A indicate adult specific parameters.
Suffixes child or C indicate children-specific sampled parameters. Suffixes elderly or
E indicate elderly-specific parameters. CDRscale and CDRscaleE: case detection
ratio scaling factor (cdrscale). chr: proportion of RR/MDR-TB treatment in CDC
system. DR_ts: RR/MDR-TB relative transmission fitness cost. DS_neta: transmission
scaling factor for all TB. e: relative probability of case detection of non-infectious TB.
emp_tx_p: proportion empirically diagnosed and treated for RR/MDR-TB. fadult,
fchild and felderly: proportion fast progressing to infectious active TB. n and nelderly:
natural cure; omega: risk of converting from non-infectious to infectious TB. padult
and pchild: proportion fast progressing to active TB.
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Figure S7: Posterior distributions of sampled parameters—China (contd.). Posterior distributions
of sampled parameters—India (contd.). Subplots show probability density of parameter
values (y-axis) plotted against the prior range (x-axis) of each parameter. Parameter
names suffixed with adult or A indicate adult specific parameters. Suffixes child or C
indicate children-specific sampled parameters. pelderly: proportion fast progressing
to active TB. radult, rchild relderly: r, risk of relapse from resolved disease. uiscaleA,
uiscaleC and uiscaleE: TB mortality scaling factors. vadult, vchild and velderly: v,
risk of relapse from latent disease. x: x, relative protection against reinfection in latent
and resolved compartments; xi_init: ξ, risk of acquiring drug resistance on-treatment
for DS-TB.
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In the “Policy” baseline scenario with scaled up programmatic TB management, all TB burden
declined and then plateaued compared to 2018. All TB prevalence rate, incidence rate, and
mortality in 2050 were predicted to be 180 [UI 136–268] per 100,000 (Figure S10A), 238 [UI
183–292] per 100,000 (Figure S10B) and 24 [UI 19–31] per 100,000 (Figure S10C) respectively.
RR/MDR-TB incidence and mortality were predicted to be 7 [UI 5–15] per 100,000 (Figure S10D)
and 2 [UI 1–3] per 100,000 (Figure S10E) by 2050 respectively. The proportion of RR/MDR-TB
among never treated and previously treated notifications in 2050 was predicted to be 3% [UI 2–5]
and 7% [UI 6–14] respectively (Figure S10F).

6.3 China

6.3.1 Calibration

The model predicted prevalence rates of all TB for all adults (age >14), ages 15-29, ages 30-44,
ages 45-59 and ages >59 of 178 [UI 168–187] per 100,000, 82 [UI 72–92] per 100,000, 132 [UI
121–146] per 100,000, 179 [UI 174–195] per 100,000 and 531 [UI 510–564] per 100,000 in 2000
and 178 [UI 168–187] per 100,000, 82 [UI 72–92] per 100,000, 132 [UI 121–146] per 100,000, 179
[UI 174–195] per 100,000 and 531 [UI 510–564] per 100,000 in 2010 respectively (Figure S11A).
All TB incidence rates were predicted at 83 [UI 77–93] per 100,000 and cninc2017 in 2000 and
2017 respectively (Figure S11B).

All TB notification rates in 2010 were predicted at 47 [UI 43–56] per 100,000, 2 [UI 1–2] per
100,000, 52 [UI 48–65] per 100,000 and 100 [UI 90–134] per 100,000 for across all ages, in children
(age < 15), adults (age > 14 & and < 65) and elderly (age > 64), respectively (Figure S12A and
C). All TB mortality rates in 2010 were predicted at 3 [UI 1–4] per 100,000, 0.1 [UI 0.1–0.2] per
100,000, 1.6 [UI 0.9–2.6] per 100,000 and 17 [UI 8–25] per 100,000 for across all ages, in children
(age < 15), adults (age > 14 & and < 65) and elderly (age > 64), respectively (Figure S12B and D).

The model predicted RR/MDR-TB incidence to be 5 [UI 4–6] per 100,000 in 2017 (Figure S13A).
RR/MDR-TB treatment by the Chinese Center for Disease Control and Prevention were predicted
to be 6,544 [UI 5,943–7,131] in 2017 (Figure S13B). The proportion of RR/MDR-TB cases among
all TB notifications was predicted to be 4.9% [UI 4.6–5.9] among never-treated cases in 2007, 22.6%
[UI 21.7–26.0] among previously-treated cases in 2007, 7.6% [UI 6.7–8.6] among never-treated
cases in 2013, and 26.5% [UI 23.0–28.0] among previously-treated cases in 2013 respectively
(Figure S13C).

6.3.2 Baseline Scenario Projections

Model projections for overall and RR/MDR-TB epidemiology for China over 2018–2050 are
presented in Figure S14.

At baseline, with no new vaccine and no change to programmatic management of TB after 2018
(the “Status Quo” baseline scenario), the model projected all TB prevalence rate at 76 [UI 74–79]
per 100,000 in 2018 and 86 [UI 77–94] per 100,000 in 2050 (Figure S14A). All TB incidence
rate was predicted to be 64 [UI 63–65] per 100,000 in 2018 and 62 [UI 59–66] per 100,000 in
2050 (Figure S14B). All TB mortality rate was predicted to be 2.1 [UI 1.4–2.8] per 100,000 in
2018 and 2.8 [UI 1.8–4.0] per 100,000 in 2050 (Figure S14C). RR/MDR-TB incidence rate was
predicted to be 5 [UI 5–6] per 100,000 in 2018 and 15 [UI 12–17] per 100,000 in 2050 (Figure
S14D). RR/MDR-TB mortality rate was predicted to be 0.2 [UI 0.2–0.4] per 100,000 in 2018 and
0.8 [UI 0.5–1.2] per 100,000 in 2050 (Figure S14E). The proportion of RR/MDR-TB cases among
never treated TB notifications was predicted to be 10% [UI 9–11] in 2018 and 28% [UI 23–30] in
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Figure S8: Calibration Results–All Tuberculosis in India. A: TB case notifications. B: Incidence
rate for all TB. C: TB mortality. D: TB prevalence. All rates are presented per 100,000
population. Line represents median trajectory; ribbons represent minimum and maxi-
mum trajectories and error bars represent calibration targets.
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Figure S10: Baseline (no vaccine) projections–India. A: All TB Prevalence rate. B: All TB Inci-
dence rate. C: All TB mortality rate. D: RR/MDR-TB incidence rate. E: RR/MDR-TB
mortality rate. F: Proportion RR/MDR-TB cases among notifications, stratified by
treatment history. All rates are expressed per 100,000 population.
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2050; correspondingly, the proportion among previously treated TB notifications was predicted to
be 27% [UI 26–28] in 2018 and 50% [UI 44–53] in 2050 (Figure S14F).

In the “Policy” baseline scenario with scaled up programmatic TB management, all TB burden
remained relatively stable compared to 2018. All TB prevalence, incidence and mortality rates
in 2050 were predicted to be 74 [UI 67–80] per 100,000, 56 [UI 54–60] per 100,000 and 2.5 [UI
1.6–3.5] per 100,000 respectively (Figure S14A-C). RR/MDR-TB incidence and mortality rates
were predicted to be 9 [UI 7–9] per 100,000 and 0.5 [UI 0.3–0.7] per 100,000 by 2050 respectively
(Figure S14D and E). The proportion of RR/MDR-TB among never treated and previously treated
notifications in 2050 was predicted to be 17% [UI 14–19] and 32% [UI 25–33] respectively (Figure
S14F).
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Figure S11: Calibration Results—All TB in China. A: All TB prevalence rate, by age. B: All TB
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Figure S12: Calibration Results—Notifications and Mortality of All TB in China. A: All TB
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Figure S14: Baseline (no vaccine) projections–China. A: All TB Prevalence rate. B: All TB Inci-
dence rate. C: All TB mortality rate. D: RR/MDR-TB incidence rate. E: RR/MDR-TB
mortality rate. F: Proportion RR/MDR-TB cases among notifications, stratified by
treatment history. All rates are expressed per 100,000 population.
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7 Vaccine Impact

7.1 Vaccine Efficacy and Duration of Protection

Following their introduction in 2027, across both baseline scenarios and over all endpoints—
incidence and mortality rate reductions, cases and deaths averted and averted RR/MDR-TB
treatment—we found increasing duration of protection and vaccine efficacy led to greater vaccine
impact by 2050. As expected, by 2030 both 5-year and 10-year duration of protection vaccines
had identical impact as no waning of vaccination had occurred in any cohort which received the
vaccine.

7.2 Host-Infection Status Required for Vaccine Efficacy

We found that pre– and post– infection (P&PI) vaccines had a greater impact than pre-infection
(PRI) vaccines or post-infection (PSI) vaccines (sections 7.4 and 7.5). PRI vaccines had a compa-
rable or lower impact than PSI vaccines on all TB in India and China and RR/MDR-TB in India.
In China, the PRI effect on RR/MDR-TB was greater than PSI effect. Moreover, the impact of PSI
vaccines on RR/MDR-TB was substantially higher in India than China (Table S16), whereas the
impact of P&PI vaccines was comparable. In contrast, the impact of both P&PI and PSI vaccines
on all TB was only modestly greater in India than China.

Two key differences between the TB epidemics in China and India contributed to these differences.
First, the prevalence of latent tuberculosis infection (LTBI) (Fig S15) is substantially higher in
India (~40–50%) than China (~10–15%). Second, the composition of incident tuberculosis in
terms of pathway to arrival at active disease—for both overall and RR/MDR—differed substantially
between China and India. We disaggregated incident TB into the following streams:

1. Active disease due to fast progression following infection (NP), which is further disaggre-
gated into:

a) Active disease due to fast progression following infection of susceptible (NP-S)

b) Active disease due to fast progression following re-infection of latent or recovered
(NP-LR)

2. Reactivation or relapse to active disease from latent or recovered populations (RR).

RR/MDR-TB RR/MDR-TB incidence in India driven by approximately equal proportions of
NP-S, NP-LR and RR streams (Table S17 and Figure S16). In China, RR/MDR-TB incidence was
driven by the NP-S stream, which was approximately twice the proportion of RR, with a very
small contribution from NP-LR.

All Tuberculosis In India, the NP stream (the sum of NP-LR and NP-S) was the dominant
component of all TB incidence, whereas in China the RR stream was the dominant component
(Table S17 and Figure S16). Furthermore, following from the higher prevalence of LTBI in India,
the contribution of the NP-LR stream to incidence was substantially higher (median 19.6–21.8%)
than in China (median 1.5–1.9%).

Differential Vaccine Efficacy Post-infection vaccine efficacy was mediated by two separate
mechanisms (1) reduced fast progression to active disease, following re-infection byM. tuberculosis
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Table S16: Vaccine impact: Tuberculosis incidence rate reduction (uncertainty interval) in 2050
compared to no-vaccine “Status Quo” baseline, by 50% efficacy, 10-year pre- and post-
infection (P&PI), pre-infection (PRI) and post-infection (PSI) efficacy vaccination in
India and China.

P&PI PRI PSI

India
RR/MDR-TB 72% (65–77) 46% (31–54) 47% (37–58)

All TB 67% (59–71) 40% (27–47) 44% (39–49)

China
RR/MDR-TB 73% (66–76) 59% (49–64) 29% (27–31)

All TB 56% (53–59) 30% (24–35) 37% (35–38)

Table S17: Incidence of TB disaggregated by origin. Values presented are median [uncertainty
interval] proportions of the incidence streams, as a percentage, over 2027–2050.

Country Resistance Status Incidence Stream

NP-LR NP-S RR

RR/MDR-TB
India 28.1% [27.2–30.9] 37.7% [33.8–39.9] 34.3% [33.0–35.3]

China 3.3% [2.8–4.0] 64.9% [63.9–67.8] 31.9% [28.2–33.3]

All TB
India 20.2% [19.6–21.8] 39.2% [34.4–41.6] 40.9% [39.2–44.1]

China 1.6% [1.5–1.9] 37.1% [36.0–38.4] 61.3% [59.7–62.4]

in individuals who are in the latent or recovered states and; (2) reduced rate of reactivation and
relapse from the latent and recovered states, respectively. In contrast, pre-infection vaccine efficacy
was mediated by reduced fast progression following infection by M. tuberculosis of susceptible
individuals.

In India, the proportion of RR/MDR-TB incidence “avertible” by PSI vaccine efficacy (the sum of
RR + NP-LR) was considerably larger than China (Table S17). PSI vaccines reduce incidence in
the NP-LR and RR streams—and therefore force of infection—more in India than China, leading
to a greater estimate of vaccine impact (Table S16).

In China, a greater proportion of RR/MDR-TB incidence is “avertible” by PRI efficacy (the NP-S
substream) than PSI efficacy (NP-LR + RR) (Table S17). Consequently, PRI vaccines lead to
a greater reduction in RR/MDR-TB incidence than PSI vaccines. The opposite is true for all
TB, where incidence avertible by PSI vaccination (NP-LR + RR) is greater than avertible by PRI
vaccination (NP-S) (Table S17).

7.3 Scenario Analyses: Variable MassVaccine Campaign Coverage

Percent reduction in incidence rate in 2050 by vaccination for both RR/MDR-TB and all TB in
India and China are presented in Figures S17 and S18, respectively. As expected across all vaccine
types and efficacies, reduced vaccine campaign coverage leads to lower incidence rate reduction.
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Figure S17: Percent Incidence Rate Reduction in India in 2050 by vaccination, where mass vacci-
nation of ages 10 and above at 30% coverage and routine vaccination of 9-year olds at
80% coverage. Points represent median value. Bars represent the uncertainty interval.
P&PI: pre and post-infection efficacy; PSI: post-infection efficacy; PRI: pre-infection
efficacy. Horizontal facets represent drug resistance status. Vaccine provides 10-years
of protection.

7.4 Scenario Analyses: Tuberculosis Incidence andMortality Rate
Reduction

Percent reduction in incidence rate and mortality rate in 2030 and 2050 by vaccination for both
RR/MDR-TB and all TB in India are presented in Figures S19 and S20, respectively. Percent
reduction in incidence rate and mortality rate in 2030 and 2050 by vaccination for both RR/MDR-
TB and all TB in China are presented in Figures S21 and S22, respectively.

7.5 Scenario Analyses: Tuberculosis Cases and Deaths Averted

The number of averted RR/MDR-TB cases and deaths averted by vaccination by 2030 and 2050
in India are presented in Figures S23 and S24. The number of averted all TB cases and deaths
averted by vaccination by 2030 and 2050 in India are presented in Figures S25 and S26.

The number of averted RR/MDR-TB cases and deaths averted by vaccination by 2030 and 2050
in China are presented in Figures S27 and S28. The number of averted all TB cases and deaths
averted by vaccination by 2030 and 2050 in China are presented in Figures S29 and S30.

7.6 Scenario Analyses: Averted Anti-tuberculosis Therapy

The number of averted RR/MDR-TB and DS-TB treatment regimens averted by 2030 and 2050 by
vaccination in India is presented in Figures S31 and S32. The number of averted RR/MDR-TB
and DS-TB treatment regimens averted by 2030 and 2050 by vaccination in China is presented in
Figures S33 and S34.
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Figure S18: Percent Incidence Rate Reduction in China in 2050 by vaccination, where mass
vaccination of ages 10 and above at 30% coverage and routine vaccination of 9-year
olds at 80% coverage. Points represent median value. Bars represent the uncertainty
interval. P&PI: pre and post-infection efficacy; PSI: post-infection efficacy; PRI: pre-
infection efficacy. Horizontal facets represent drug resistance status. Vaccine provides
10-years of protection.
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Figure S19: Percent Incidence Rate Reduction in India by vaccination. Colors represent drug-
resistance status. Points represent median value. Bars represent the uncertainty
interval. P&PI: pre and post-infection efficacy; PSI: post-infection efficacy; PRI: pre-
infection efficacy. Horizontal facets show baseline scenarios.
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Figure S20: Percent Mortality Rate Reduction in India by vaccination. Colors represent drug-
resistance status. Points represent median value. Bars represent the uncertainty
interval. P&PI: pre and post-infection efficacy; PSI: post-infection efficacy; PRI: pre-
infection efficacy. Horizontal facets show baseline scenarios.
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Figure S21: Percent Incidence Rate Reduction in China by vaccination. Colors represent drug-
resistance status. Points represent median value. Bars represent the uncertainty
interval. P&PI: pre and post-infection efficacy; PSI: post-infection efficacy; PRI: pre-
infection efficacy. Horizontal facets show baseline scenarios.
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Figure S22: Percent Mortality Rate Reduction in China by vaccination. Colors represent drug-
resistance status. Points represent median value. Bars represent the uncertainty
interval. P&PI: pre and post-infection efficacy; PSI: post-infection efficacy; PRI: pre-
infection efficacy. Horizontal facets show baseline scenarios.
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Figure S23: RR/MDR-TBCases Averted in India by vaccination by 2030 and 2050. Points represent
median value. Bars represent the uncertainty interval. P&PI - pre and post-infection
efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal facets
show baseline scenarios.
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Figure S24: RR/MDR-TB Deaths Averted in India by vaccination by 2030 and 2050. Points rep-
resent median value. Bars represent the uncertainty interval. P&PI - pre and post-
infection efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal
facets show baseline scenarios.
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Figure S25: All TB Cases Averted in India by vaccination by 2030 and 2050. Points represent
median value. Bars represent the uncertainty interval. P&PI - pre and post-infection
efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal facets
show baseline scenarios.
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Figure S26: All TB Deaths Averted in India by vaccination by 2030 and 2050. Points represent
median value. Bars represent the uncertainty interval. P&PI - pre and post-infection
efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal facets
show baseline scenarios.
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Figure S27: RR/MDR-TB Cases Averted in China by vaccination by 2030 and 2050. Points rep-
resent median value. Bars represent the uncertainty interval. P&PI - pre and post-
infection efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal
facets show baseline scenarios.
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Figure S28: RR/MDR-TB Deaths Averted in China by vaccination by 2030 and 2050. Points
represent median value. Bars represent the uncertainty interval. P&PI - pre and post-
infection efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal
facets show baseline scenarios.
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Figure S29: All TB Cases Averted in China by vaccination by 2030 and 2050. Points represent
median value. Bars represent the uncertainty interval. P&PI - pre and post-infection
efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal facets
show baseline scenarios.
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Figure S30: All TB Deaths Averted in China by vaccination by 2030 and 2050. Points represent
median value. Bars represent the uncertainty interval. P&PI - pre and post-infection
efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal facets
show baseline scenarios.
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Figure S31: RR/MDR-TB Treatment Regimens Averted by 2030 & 2050 in India. Points represent
median value. Bars represent the uncertainty interval. P&PI - pre and post-infection
efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal facets
show baseline scenarios.
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Figure S32: DS-TBTreatment Regimens Averted by 2030& 2050 in India. Points representmedian
value. Bars represent the uncertainty interval. P&PI - pre and post-infection efficacy;
PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal facets show
baseline scenarios.
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Figure S33: RR/MDR-TB Treatment Regimens Averted by 2030 & 2050 in China. Points represent
median value. Bars represent the uncertainty interval. P&PI - pre and post-infection
efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal facets
show baseline scenarios.
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Figure S34: DS-TB Treatment Regimens Averted by 2030 & 2050 in China. Points represent
median value. Bars represent the uncertainty interval. P&PI - pre and post-infection
efficacy; PSI - post-infection efficacy; PRI - pre-infection efficacy. Horizontal facets
show baseline scenarios.
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8 Cost-effectiveness

8.1 Incremental Cost Effectiveness Ratios

Estimated incremental cost-effectiveness ratios for USD 10 and USD 30 vaccines are presented in
Figures S35 and S36 for India and Figures S37 and S38 for China, respectively.

DALYs averted and costs are affected differently in the discounted analyses as benefits of vacci-
nation are realised later compared to costs, which are incurred earlier. Consequently, we find
that ICERs in discounted analyses to be greater than undiscounted analyses across both countries
and over the range of vaccine characteristics. Further, in both countries, we found that ICERs for
vaccination in the “Policy” scenario to be greater than in the “Status Quo” scenario, consistent
with the lower absolute averted burden of disease by vaccination (section 7.5).

Estimated incremental cost-effectiveness ratios forUSD 10 vaccines, deliveredwith routine vaccine
coverage of 80% but mass campaign coverage of 30% for India and China are presented in Figures
S39 and S40 respectively.
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Figure S35: ICER (USD per DALY averted) for vaccination in India over 2027–2050 at USD 10
per vaccine. Points represent median value. Bars represent the uncertainty interval.
P&PI: pre and post-infection efficacy; PSI: post-infection efficacy; PRI: pre-infection
efficacy. Horizontal facets show baseline scenarios.
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Figure S36: ICER (USD per DALY averted) for vaccination in India over 2027–2050 at USD 30
per vaccine. Points represent median value. Bars represent the uncertainty interval.
P&PI: pre and post-infection efficacy; PSI: post-infection efficacy; PRI: pre-infection
efficacy. Horizontal facets show baseline scenarios.
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Figure S37: ICER (USD per DALY averted) for vaccination in China over 2027–2050 at USD 10
per vaccine. Points represent median value. Bars represent the uncertainty interval.
P&PI: pre and post-infection efficacy; PSI: post-infection efficacy; PRI: pre-infection
efficacy. Horizontal facets show baseline scenarios.

147



●

●
●

●

●

●
● ●

●

●
●

●

●

●
● ●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●
●

●

●

●
●

●

●

●
●

●

●

●
●

P&PI PRI PSI

D
iscounted

S
tatus Q

uo

N
ot D

iscounted

S
tatus Q

uo

D
iscounted

P
olicy

N
ot D

iscounted

P
olicy

30% 50% 70% 90% 30% 50% 70% 90% 30% 50% 70% 90%

0

25,000

50,000

75,000

0

25,000

50,000

75,000

0

25,000

50,000

75,000

0

25,000

50,000

75,000

Efficacy

IC
E

R
 (

$/
D

A
LY

)

Duration of Protection (years) ● 5 10

Figure S38: ICER (USD per DALY averted) for vaccination in China over 2027–2050 at USD 30
per vaccine. Points represent median value. Bars represent the uncertainty interval.
P&PI: pre and post-infection efficacy; PSI: post-infection efficacy; PRI: pre-infection
efficacy. Horizontal facets show baseline scenarios.
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Figure S39: ICER (USD per DALY averted) for vaccination in India over 2027–2050 at USD
10 per vaccine and 30% mass campaign coverage. Points represent median value.
Bars represent the uncertainty interval. P&PI: pre and post-infection efficacy; PSI:
post-infection efficacy; PRI: pre-infection efficacy. Horizontal facets show baseline
scenarios.
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Figure S40: ICER (USD per DALY averted) for vaccination in China over 2027–2050 at USD
10 per vaccine and 30% mass campaign coverage. Points represent median value.
Bars represent the uncertainty interval. P&PI: pre and post-infection efficacy; PSI:
post-infection efficacy; PRI: pre-infection efficacy. Horizontal facets show baseline
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9 Budget Impact

For the immunisation programme, we present the total costs incurred through instantaneous
deployment of the vaccine. In India, for a 50% efficacy, 10-year duration of protection PSI vaccine
priced at USD 10, the model predicted costs for instantly deployed mass campaigns in 2027, 2037
and 2047 of USD 10.2 billion, USD 11.2 billion and USD 12.0 billion respectively. In China, for a
50% efficacy, 10-year duration of protection P&PI vaccine priced at USD 10, the model predicted
slightly higher costs for instantly deployed mass campaigns in 2027, 2037 and 2047 of USD 12.7
billion, USD 12.8 billion and USD 12.6 billion, respectively. The corresponding median cost for
routine annual vaccination was US$218.2 million (UI: 197.4–229.1) and US$138.1 million (UI:
131.7–166.1) in India and China respectively.
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3.3 New Developments

3.3 NewDevelopments

Two important developments took place between when Research Paper 2 was conceived
and published. Firstly, Fu et al.[1] published a contemporary study in 2021 investigating
the impact of a post-exposure vaccine on rifampicin-resistant TB across 30 countries,
including India and China. Secondly, in October 2021, investigators presented prelim-
inary results from the TB-PRACTECAL study, which investigated the efficacy of a new
all-oral six-month drug regimen for MDR/RR-TB , at the International Union of Tuber-
culosis and Lung Disease World Lung Health 2021 conference[2,3]. I briefly describe these
developments and their implications for the results in sections §3.1 and 3.1.

3.3.1 Newmodelling studies

Key differences and similarities between my study in section §3.1 (Weerasuriya et al.)
and that by Fu et al. are summarised in 3.1.

Fu et al. estimated how a 50% efficacy, post-exposure vaccine conferring 10 years of
protection would affect rifampicin-resistant tuberculosis (RR-TB) incidence andmortality
among the 30 countries that suffer 90% of global RR-TB . They modelled vaccination of
all 15-year-olds annually from 2025, with two-year catch-up campaigns every 5 years to
all adults >15 years, achieving peak coverage of 72–76%.

Fu et al. estimated that a newTB vaccinewould avert 10% (95% credible interval: 9.7–11%)
of RR-TB cases and 7.3% (6.6–8.1%) of deaths over 2025–2035, with most contributions
from India, China, Indonesia, Pakistan, and the Russian Federation. This result assumed
that programmatic MDR/RR-TB management remained unchanged after 2020 (“Status
Quo” scenario). Fu et al. also modelled an alternative baseline future scenario with 85%
drug sensitivity testing and 75% RR-TB treatment success rates. Combined improvements
to MDR/RR-TB management and vaccination was predicted to avert 14% (12–16%) and
31% (29–33%) of cases and deaths, respectively, compared to the unvaccinated Status
Quo baseline.

Themost comparable outcomemeasure between Fu et al. andWeerasuriya et al. is the num-
ber of MDR/RR-TB cases averted by a 50% efficacy post-infection efficacy (PSI) vaccine
in their respective Status Quo scenarios. In Weerasuriya et al., vaccination was predicted
to avert 1,300,000 (uncertainty range UR: 900,000–2,600,000) cases in India and 700,000
(UR: 500,000–900,000) cases in China, over the 24 year period 2027–2050. In contrast,
in Fu et al., a similar vaccine averted 201,000 (95% credible interval 116,000–428,000)
and 86,000 (95% CI: 55,000–133,000) cases in India and China, respectively, over the 10
year period 2025–2035. Both studies found that improved diagnosis and treatment of
drug-resistant TB reduced the absolute impact of vaccination compared to a status quo
baseline.
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Table 3.1: Key differences between Weerasuriya et al. and Fu et al. CrI=credible interval
Weerasuriya et al
February 2021

Fu et al
January 2021

Modelling methods
Setting
India and China 30 countries including India and China
Model details
Age-, treatment-history, drug-resistance
stratified compartmental model

Age-, drug-resistance stratified compart-
mental model. HIV+ strata in some coun-
tries (not India or China)

Resistance model
Acquired and transmitted Acquired and transmitted
Demographic model
Single year age compartments Two age compartments: children (aged<15)

and adults (aged≥15)
Data driven annual birth and all-cause death
rates

Time invariant fitted birth and ageing rates

Time invariant data derived all-cause death
rate

Calibration
Calibrated to overall TB incidence, mortality,
prevalence, notifications, DRTB incidence
and proportion DRTB among notifications,
stratified by treatment history

Calibrated to overall TB incidence, mortality,
DRTB incidence, demography

Alternative baseline scenario
Specific to each country per expert opinion
and national plans

Generic improvement in drug sensitivity test-
ing and DRTB treatment success applied to
all countries

Vaccine details
Vaccine time horizon
2027–2050 (24 years) 2025–2035 (10 years)
Vaccine characteristics (central example)
POD vaccine
P&PI and PSI vaccines
50% efficacy
10-year rectangular duration of protection

POD vaccine with no impact on disease relapse
Post-exposure (=PSI) vaccine
50% efficacy
10-year truncated average duration of protection

Vaccine implementation
Annual childhood vaccination (age 9)—cov-
erage 80%

Annual adolescent vaccination (age
15)—coverage 60-80%

Three adult mass campaigns (age ≥10) in
2027, 2037, and 2047—coverage 70%

Two adult (age ≥15) catch up campaigns in
2025/26 and 2030/31—coverage 72–76%
Gradual mass campaign scale up

Results
Averted cases
2027–2050 (24 years):
India: 1,300,000 (UR 900,000–2,600,000)
China: 700,000 (UR 500,000–900,000)
Scaled to 10 years*:
India: 541,667 (UR 375,000–1,083,333)
China: 291,667 (UR 208,333–375,000)

2025–2035 (10 years)
India: 201,000 (95% CrI 116,000–428,000)
China: 86,000 (95% CrI 55,000–133,000)

* See text for scaling assumptions
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3.3 New Developments

The estimates of averted cases are not directly comparable as vaccine time horizons
differed between Fu et al. (10 years) and Weerasuriya et al. (24 years). Due to time and
computational resource constraints, I did not rerun the Weerasuriya et al. model over
a 10-year period to match the Fu et al. time horizon exactly. However, I speculate that
we can make useful inferences by approximately scaling the results from Weerasuriya et
al. to match the time horizon of Fu et al. First, we determine that the vaccine time horizon
of Fu et al. is 41% (≈10/24) of Weerasuriya et al. Then we make the strong assumption
that cases averted in Weerasuriya et al. accumulated linearly with time after vaccine
introduction. Under this assumption, we would expect that, over 10 years, vaccines
in Weerasuriya et al. would avert approximately 541,667 (UR: 375,000–1,083,333) and
291,667 (UR: 208,333–375,000) cases in India and China, respectively. The approximately
scaled results from Weerasuriya et al. are likely underestimates for two reasons: (i) as
it is a dynamic model, vaccine impact is likely to behave non-linearly over time as the
indirect (transmission) effects propagate through the population and (ii) vaccine is scaled
up instantaneously, so most cases are averted soon after vaccine introduction, with accu-
mulation plateauing thereafter. Because the scaled estimates are still greater than those
by Fu et al. despite this underestimation, different vaccine time horizons are unlikely to
be the only cause of the difference in observed vaccine impact.

The models in Weerasuriya et al. and Fu et al. differ in how they represent TB natural
history and treatment. Therefore, it is difficult to pinpoint a single or dominant cause
for the greater vaccine impact predicted by Weerasuriya et al. However, I hypothesize
that two groups of assumptions contributed to this difference: (i) more optimistic vaccine
characteristics and deployment in Weerasuriya et al. and (ii) more optimistic baseline
burden projections in Fu et al. (i.e. lower vaccine avertible TB burden).

Vaccine Deployment and Characteristics Both Fu et al. and Weerasuriya et al. mod-
elled 50% efficacy M72/AS01E-like PSI vaccines with a durability of 10 years, but vaccin-
ation in Weerasuriya et al. conferred more protection through two mechanisms. First,
Weerasuriya et al. assumed that vaccination protected against relapse from the recovered
state, whereas Fu et al. did not. Second, the average vaccinee received more protection in
Weerasuriya et al. than Fu et al. Durability in Weerasuriya et al. was ‘rectangular’ in shape.
Each effectively vaccinated individual was protected for the total duration of protection;
protection was then lost instantly at the end of this period. In contrast, Fu et al. modelled
10 years of protection on average per recipient, truncated in those still protected at the
end of 10 years. In this model, each year, 10% of the remaining vaccinated cohort lost
protection; all individuals still protected at 10 years lost protection at this point. Vaccine
delivery was also more optimistic in Weerasuriya et al. than Fu et al. Weerasuriya et
al. modelled higher coverage (80%) in a larger adult/adolescent cohort (aged ≥10 years)
than Fu et al., who modelled 72–76% peak coverage in those aged ≥15 years. Maximum
coverage was achieved instantly in the former, but through catch-up campaigns lasting
two years in the latter.
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Baseline Burden Fu et al. modelled a lower baseline future burden of MDR/RR-TB
in the Status Quo scenario than Weerasuriya et al., which translated to lower avertible
burden by vaccination. Fu et al. modelled a continuous decline in TB burden over time
representing expected continuing improvements in living standards and nutritional status.
They implemented this trend by applying a continuously decreasing geometric adjustment
parameter to the force of infection of drug susceptible TB (DSTB) and RR-TB from 1970
onwards. In contrast, in Weerasuriya et al., I did not externally constrain future MDR/RR-
TB burden. Instead, trends in MDR/RR-TB were determined solely by the intrinsic
characteristics and programmatic control of MDR/RR-TB .

Taken together, these differences led to

1. vaccine that provides more extended protection, effective in more natural history
states, and delivered to a broader population; and

2. higher vaccine avertible burden at baseline,

in Weerasuriya et al., compared to Fu et al.

Weerasuriya et al. and Fu et al. aimed to answer questions with different policy relevance.
In Weerasuriya et al., I focused on representing local MDR/RR-TB epidemiology and
other local health system features (e.g. case detection rates, treatment success rates,
and private sector care provision) to generate estimates that could inform country level
decisions. In contrast, Fu et al. assess the potential global impact of a new TB vaccine,
maintaining inter-country comparability. Three key differences make Weerasuriya et
al. more suitable to inform local decisions: (i) more specific country-specific calibration,
(ii) alternative scenarios based on country policy, and (iii) a more accurate demographic
model.

In Weerasuriya et al., I calibrated the model to MDR/RR-TB incidence and the proportion
of all TB notifications found to be resistant, stratified by treatment history. In contrast,
RR-TB was calibrated to a single data point (2018 incidence rate) per country in Fu et al.
More generally, I calibrated both country models to TB notification rates to constrain TB
case detection (and treatment initiation) in line with World Health Organization (WHO)
data.

The alternative baseline scenario (“Policy”) in Weerasuriya et al. was constructed with
advice from country experts and a published national strategy. Thus, scale-up plans for
India and China were substantially different. In contrast, Fu et al. assumed a generic
improvement in drug sensitivity testing coverage to 85% and second-line treatment
treatment success to 75% in all settings.

Finally, in Weerasuriya et al., I modelled demography with single-year age groups, with
time variant birth rates and death rates per World Population Prospects[4]. In contrast,
Fu et al. modelled demography using two age compartments (age <15y and age ≥15y),
with time invariant average all-cause mortality based on World Population Prospects and
time invariant birth and ageing rates calibrated to 2018 demography.
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The additional country-specific parameterisation, calibration, and inputs in Weerasuriya
et al. are likely to improve the country-specific reliability of the model at the cost of
reduced comparability between India and China (particularly in the alternative baseline
scenario).

However, despite differences in their structure, vaccine assumptions, and time horizons,
both studies predicted that vaccines would substantially reduce MDR/RR-TB burden in
India and China. Indeed, because the two studies modelled a range of possible future
baseline scenarios, each provided counterfactual results for the assumptions made by
the other, reinforcing their mutual conclusions. The final key difference was that the
Weerasuriya et al. study included a cost-effectiveness analysis. While it is reasonably
certain that, due to the lower burden averted, vaccination in Fu et al. would be less cost-
effective, the authors would need to substantively establish this by attaching a cost-model
to their study.

3.3.2 Developments in second-line therapeutic regimens

In Research Paper 2, I found that vaccine cost-effectiveness was decreased by introducing
a shorter, cheaper standardised MDR/RR-TB treatment regimen in China’s alternative
“Policy” baseline scenario. We can also expect a more effective second-line regimen
to reduce avertible MDR/RR-TB burden, reducing vaccines’ epidemiologic impact and
cost-effectiveness. In this section, I briefly describe two recent trials that investigated
new second-line regimens that are shorter, more-effective, or both: STREAM and TB-
PRACTECAL.

STREAM The Evaluation of a Standard Treatment Regimen of Anti-tuberculosis Drugs
for Patients with MDR-TB (STREAM) Stage 1 trial investigated the outcomes of a short
(9–12 month) standardised regimen for MDR/RR-TB against standard of care. This
multicentre, international phase III non-inferiority randomised controlled trial enrolled
patients between 2012 and 2015 in Ethiopia, Viet Nam, Mongolia, and South Africa.

STREAMStage 1 recruited participantswith bacteriologically positive rifampicin-resistant
but fluoroquinolone and aminoglycoside susceptible TB[5,6]. Patients in the investigational
arm received a 9–12 month standardised drug regimen whereas those in the control arm
received long (20 month) conventional treatment per 2011 WHO guidelines[7]. The
primary outcome was favourable status at 132 weeks, where favourable status was defined
as cultures negative forMycobacterium tuberculosis (Mtb) at 132weeks post randomisation,
with no intervening positive culture or previous unfavourable outcome. An unfavorable
outcomewas defined by the initiation of two ormore drug therapies that were not included
in the assigned regimen, treatment extension beyond the permitted duration, death from
any cause, a positive culture from one of the two most recent specimens, or no visit at 76
weeks or later.
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Final results from the STREAMStage 1 trial were published inMarch 2019[8]. Investigators
found that the short standardised regimenwas non-inferior to long conventional regimens
in both modified Intention to Treat (mITT) and Per-Protocol (PP) analyses. In the
mITT analysis, 99/124 (79.8%) patients in the control arm and 193/245 (78.8%) in the
investigational arm had favourable outcomes, leading to a final difference of 1.0% (95%
CI: (–)7.5–9.5; p = 0.02). Similarly, in the PP analysis, 67/83 (80.7%) patients in the
control arm and 186/227 (81.9%) in the investigational arm had favourable outcomes,
leading to a final difference of –0.7% (95% CI: (–)10.5–9.1).

Incorporating a range of observational data and the results of STREAM Stage 1, the
2019 WHO consolidated guidelines on drug-resistant TB treatment[9] conditionally
recommended a 9–12 month short MDR/RR-TB regimen for selected patients. These
patients should not have been previously treated for more than 1 month with second-line
medicines used in the shorter multidrug-resistant TB (MDR-TB) regimen or should have
resistance to fluoroquinolones and second-line injectable agents excluded. STREAMStage
2, which investigates whether (i) it is possible to replace the injectable aminoglycoside
with (oral) bedaquiline and (ii) whether treatment can be further shortened to six months
is currently ongoing[6,10].

TB-PRACTECAL The Pragmatic Clinical Trial for a More Effective Concise and Less
Toxic MDR-TB Treatment Regimen(s) (TB-PRACTECAL) is an ongoing phase II–III
randomised clinical trial that compares short (six month) all oral second-line regimens
containing bedaquiline, pretomanid, and linezolid (BPaL), with or without additional
clofazimine or moxifloxacin, to WHO recommended standard of care for the treatment
of bacteriologically confirmed MDR/RR-TB . This multicentre trial is ongoing in Be-
larus, Uzbekistan, and South Africa. The composite primary endpoint of the phase
III component is the percentage of patients who experience unfavourable outcomes
(failure, death, treatment discontinuation, recurrence, or loss to follow up at 72-weeks
post-randomisation).

Recruitment into TB-PRACTECAL was terminated in March 2021 because predeter-
mined statistically significant differences between the investigational and control arms
were met. Preliminary results were presented at the 52nd World Lung Health Confer-
ence in October 2021[2,3], where investigators reported that the BPaL + moxifloxacin
regimen was non-inferior to the standard of care (p < 0.0001). In the mITT analyses,
7/62 (11.3%) patients in the investigational arm (BPaL + moxifloxacin, BPaLM) suffered
unfavourable outcomes, compared to 32/66 (48.5%) in standard of care. In the BPaLM
arm, 5 patients discontinued treatment and 2 were lost to follow-up, whereas in the SOC
arm, 2 patients died, 28 discontinued treatment, and 2 were lost to follow-up. Superiority
was demonstrated in the mITT analysis (p < 0.001) but not the PP analysis (p = 0.13).

***
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3.4 Future Work

If the results from studies such as STREAM and TB-PRACTECAL translate into routine
clinical outcomes, this may represent a pivotal step in MDR/RR-TB treatment while also
substantially affecting the impact and cost-effectiveness of new TB vaccines.

As discussed in section §3.1 and section 2.3.1, widespread adoption of a less ineffective new
treatment regimen will likely reduce future vaccine-avertible MDR/RR-TB . However, we
cannot immediately predict the impact on vaccine cost-effectiveness in the short-medium
term.

On the one hand, all else being equal, a six month long all oral drug regimen with no
inpatient treatment costs (e.g. TB-PRACTECAL), fewer side effects, and fewer unfavour-
able outcomes is likely to cost less per patient treated than the current standard of care.
If such a treatment were widespread, the financial value of each averted MDR/RR-TB
would decline, reducing vaccine cost-effectiveness.

On the other hand, a highly successful treatment might motivate the health systems in
India and China to increase their efforts to diagnose and treat MDR/RR-TB . As a result,
more patients may be treated, increasing health system costs in the short-medium term.
Averting these MDR/RR-TB cases (and costs) in the first place might increase vaccine
cost-effectiveness. However, while increased MDR/RR-TB diagnosis might drive costs in
the short term, it will also decrease transmission (primary resistance) in the longer term.
Thus, over a long time horizon, vaccine cost-effectiveness will likely fall.

The discussion above rests on two assumptions.

First, it assumes that the treatment outcomes observed in trials will translate to routine
clinical practice. Under trial conditions, existing second-line treatment regimens have
also shown high treatment success rates. However, we have thus far failed to consistently
replicate these outcomes programmatically. This difference has been explained by the
long duration of conventional second-line regimens, parenteral administration, and drug
toxicity—disadvantages which are mitigated by the new short regimens.

Second, it assumes that new drugs will remain effective. Fluoroquinolone resistance
is well recognised[11,12] and sporadic instances of bedaquiline resistance have been de-
scribed[13–16]. The loss of new drugs due to rapidly emerging resistance may increase the
relative impact of vaccines over time.

3.4 FutureWork

The first aim of this thesis was to integrate context-specific aspects of TB epidemiology
and management into vaccine models. To this end, in section §3.1, I have integrated
(i) a dynamic representation of MDR/RR-TB calibrated to country epidemiologic data,
(ii) country-specific cost models, and (iii) country-specific alternative baseline scenarios.
However, TB burden in India and China varies along many axes that might affect overall
vaccine impact. These sources of heterogeneity should be incorporated in future studies.
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Geographically, burden is higher in Western China[17] and North-Eastern India[18], re-
flecting in-country differences that include healthcare access and population density.
Migration has been implicated in changing burden patterns of MDR/RR-TB: in China,
the transregional movement of patients seeking better healthcare to Beijing has been
hypothesised to drive ongoing transmission[19].

Comorbidities that drive TB are an important source of heterogeneity; two such sources
are diabetes and malnutrition in India.

India is home to 77 million adults with diabetes[20–22], with prevalence (≈7.5% in 2014) is
rising rapidly[20,23,24]. Diabetes mellitus is a risk factor for TB disease[25,26] and poorer TB
treatment outcomes[27–30]. Some studies have identified it as a risk factor for MDR/RR-
TB[30–32]. It has also been associated specifically with infectious TB[26].

Modelling work suggests that one-third of TB incidence and half of TB mortality in India
might be attributable to diabetes by 2050[33]. Conversely, 3.1–12.8% of all TB in India in
2050 could be averted by vaccinating 50–60% of individuals with diabetes over 2020–2025
with a 50% efficacy post-exposure vaccine conferring 10-years of protection[34].

Similarly, thatmalnutrition andTB predispose towards each other is well established[35–38].
Low body mass index (a proxy measure for undernutrition) is consistently associated with
TB disease, adverse treatment outcomes, and TB mortality[39], including MDR/RR-TB
mortality[40]. Providing nutritional support to TB patients reduces the risk of treatment
failure[41]. In addition, improving population nutrition might substantially reduce TB
burden: using a model set in Central-Eastern India, Oxlade et al.[42] showed that policies
and programs that reduced the prevalence of undernutrition could reduce TB incidence
and mortality by 43–71% and 40–68%, respectively.

Nutritional support is an integral part of TB care[36,37] and likely to be an ongoing con-
cern in India, where 15% of the population remained undernourished in 2021[43]. It is
important that any improvements in general nutrition and changes to targeted nutritional
support for TB patients are integrated into estimates of future vaccine impact.

It is clear that there are locally important factors in the epidemiology of India and China
that must be factored into estimates of future vaccine impact. However, it is likely to be
more useful to integrate these aspects when (i) more data about how these factors might
interact with vaccine are available (e.g. the interaction of diabetes and nutrition with
vaccine immunogenicity) and (ii) as more detailed plans for implementation are designed,
where considerations such as targeting to these risk groups can be considered.

3.5 Summary

In this chapter, I attempted to satisfy the first and second objectives of this thesis. The
first objective was to develop a transmission model of Mtb that dynamically modelled
drug resistance, calibrated to epidemiologic data from India and China. The second
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objective was to use the calibrated model to assess the epidemiologic impact of vaccines
on MDR/RR-TB , their overall cost-effectiveness, and how country-specific scale up of
programmatic TB management might affect vaccine impact.

Assuming a “Status Quo” baseline and an M72/AS01E-like PSI vaccine conferring 10-years
of protection, I estimated that vaccination reduced the 2050 MDR/RR-TB incidence
rate by 47% (uncertainty interval, UI: 37–58) and 29% (UI: 27–31) in India and China,
respectively. In India, a $10 vaccine was cost-effective at the 1× gross domestic product
(GDP) and upper healthcare opportunity cost (HCOC) thresholds. In China, vaccination
was cost-effective at the 1× GDP threshold but only 21% likely at the upper HCOC
threshold.

Scaling up programmatic (MDR-)TB management reduced the burden averted by vaccin-
ation and decreased vaccine cost-effectiveness. In India, over 2027 to 2050, total averted
MDR/RR-TB cases declined from 1.3 (UI: 0.9–2.6) million in the Status Quo scenario
to 0.9 (UI: 0.7–1.7) million cases in the Policy (scale-up) scenario. The corresponding
incremental cost-effectiveness ratio (ICER) for a $10 vaccine increased from $284 (UI:
189–389) to $366 (UI: 250–504). In China over 2027 to 2050, total averted MDR/RR-TB
cases declined from 0.7 (UI: 0.5–0.9)million in the Status Quo scenario to 0.6 (UI: 0.4–0.7)
million cases in the Policy (scale-up) scenario. The corresponding ICER for a $10 vaccine
increased from $6059 (UI: 4591–7749) to $6,310 (UI: 4,745–8,109).

Through a dynamic transmission model calibrated to epidemiologic data from India
and China, I found that TB vaccines could substantially reduce future MDR/RR-TB
burden over different future baseline scenarios. Consistent with previous studies, adult
and adolescent vaccination was likely to be cost-effective. However, decision makers
must be vigilant to developments in MDR/RR-TB diagnosis and treatment: as MDR/RR-
TB is a major driver of TB related costs, such advancements may disproportionately
impact vaccine cost-effectiveness. Finally, I also presented estimates of the volume of
second line therapy averted by vaccination and showed that this estimate is likely to rise
if MDR/RR-TB diagnosis and treatment are scaled up.

By incorporating MDR/RR-TB epidemiology, country-specific plans to scale up program-
matic management, country-specific costs and (in India) the private health sector, this
chapter has addressed the first aim of this thesis and contributed to the nascent body of
work that incorporates locally important epidemiologic and health system features and
their uncertainty into estimates of TB vaccine impact in India and China.
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4 Total Cost and Affordability of
Tuberculosis Vaccines

In this chapter, I investigate the total cost and affordability of large-scale cost-effective
adult TB vaccination. First, I discuss the basis of cost-effectiveness thresholds (CETs)
and why they do not necessarily indicate that health interventions will be affordable at
the health system level. I then review the relationship between the expected total cost of
an intervention and the CET it is appraised against. In Research Paper 3, I measure the
affordability of TB vaccination by estimating the expected maximum cost of TB vaccine
programmes whose health benefits are valued at prevailing CET thresholds. Finally, I
review the implications of these estimates for decision makers considering TB vaccine
deployment.

4.1 Cost-effectiveness thresholds and affordability

Whether a cost-effectiveness analysis (CEA) of a new health intervention that compares
its incremental cost-effectiveness ratio (ICER) to a CET to estimate if that intervention
might be cost-effective can address affordability questions is a matter of ongoing scholarly
debate[1–7]. Even under the theoretical conditions where it can, such an analysis requires
that the CET is derived using the actual spending and budget constraints of the setting
to which it applied. However, it is well recognised that the CETs used in practice for
CEAs in low- and middle-income countries (LMICs) are not derived from such data.
Consequently, health interventions, including TB vaccines, indicated as cost-effective by
these analyses may turn out to be unaffordable by health systems[7–13].

4.1.1 Cost-effectiveness thresholds in practice

Previous analyses[14], including chapter 3, predict that hypothetically priced adult and
adolescent TB vaccination is likely to be cost-effective in India and China over a range of
CETs. These thresholds include those specified as multiples of gross domestic product
(GDP) per capita or based on estimates of the marginal productivity of health systems
(healthcare opportunity cost).

Cost-effectiveness literature in global health frequently benchmarks new health interven-
tions against CETs of 1–3× GDP per capita. One systematic review found that 66% of

169



4 Total Cost and Affordability of Tuberculosis Vaccines

all CEAs set in LMICs between 2000 and 2015 used GDP-based thresholds, providing
little justification beyond reference to generic guidelines[12]. The GDP per capita based
thresholds originate in the report of the World Health Organization (WHO)’s Commision
on Macroeconomics and Health (CMH) in 2001[15]. Importantly, the CMH set out to
perform a benefit-cost analysis, comparing the cost of scaling up essential health inter-
ventions in LMICs against the economic value of disability adjusted life years (DALYs)
lost due to disease (assumed to be 1–3× average earnings per capita per DALY). This
calculation was used approximate the direct economic benefit of investing in health. The
threshold values themselves were derived from value per statistical life estimates, which in
turn characterise an individuals’ willingness to spend on small decreases in mortality risk
rather than purchasing goods and services[16]. These threshold values were subsequently
adopted by WHO’s ‘Choosing Interventions that are Cost-Effective’[17] and would go on
to become the de facto CETs used in global health. As such, the resulting GDP-based
CETs had no basis in actual spending by healthcare systems, their capacity, priorities or
population preferences for health interventions.

GDP-based thresholds are now considered too high to be useful in LMICs[8,12,18,19]

because they render too many health interventions cost-effective, leading to misallocation
of resources and net health loss. Nor does demonstrating cost-effectiveness at these
thresholds necessarily lead to adoption: one review found that many countries where
Human Papillomavirus and rotavirus vaccination were ‘cost-effective’ by GDP criteria
had not introduced them[19].

GDP-based thresholds nominally reflect a ‘demand-side’ estimation of the CET that
reflects society’s monetary valuation of health gain[13]. An alternative view holds that
CETs should reflect a ‘supply-side’ estimate, specifically the opportunity costs of healthcare
spending. Here, the CET denotes the health benefit foregone when a health system spends
on a specific intervention instead of the next best alternative[10,13], i.e. the marginal
productivity of the health system. Such a CET that reflects opportunity cost is optimally
determined by the “league table” approach[7,8,13]. Here, the budget impacts of funded
interventions are ranked in descending order of cost-effectiveness until the budget is
exhausted. If the budget is fixed, the least cost-effective intervention that is funded will
be displaced to fund a new intervention; the ICER of this least cost-effective intervention
is the CET of the health system. Alternatively, if additional funds can be procured to
fund the new intervention, the ICER of the most cost-effective alternative intervention
that is not yet funded is the CET of the health system. The league table approach, while
theoretically optimal, is impractical. It requires that decision-makers know the available
budget, its constraints, and the cost-effectiveness and required scale of all available health
interventions for all indications and population subgroups. This information is rarely, if
ever, completely available.

Instead, most recent studies have estimated proxy measures for the opportunity cost of
spending. For example, Ochalek et al.[20] estimated the DALYs averted by a 1% change
in healthcare expenditure across LMICs (including India and China), using a regression
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model that incorporated published estimates[21] of the expenditure elasticity of health
(the elasticity of the effects of government health expenditure on health outcomes). The
reciprocal of this result (cost per DALY averted) estimates the marginal productivity of
the health system, i.e. the opportunity cost of healthcare spending. The input data into
this model includes country-specific estimates of health spending, epidemiology, and
demographics. However, while superior to GDP-based thresholds, the Ochalek thresholds
still only indirectly and approximately reflect budgetary constraints in their respective
settings.

Given the limitations of CETs that underlie prior TB vaccine economic evaluations, there
is a need to assess whether the vaccine programmes found cost-effective are affordable by
estimating the total costs implied by these analyses.

4.1.2 Constant Thresholds and Budget Impact

Section 4.1.1 addressed where CETs used in practice for CEAs in LMICs originate. In
this section, I discuss whether these CETs can be held constant as the budget impact of a
proposed new health intervention grows.

Paulden et al.[22] use a graphical model of the idealised ICER-ordered process described
in section 4.1.1 (the league table approach), termed the “cost-effectiveness bookshelf ”,
to describe the impact of introducing a new intervention into a health system with
a constrained budget. This is the same abstraction as the “league table” approach to
establishing the healthcare opportunity cost-based threshold at the margin of healthcare
spending. They use this model to describe how the budget impact of a proposed new
health intervention might affect the cost-effectiveness threshold against which it should
be appraised.

Central to this model is the non-linearity of the relationship between health expenditure
and health outcomes: the opportunity cost of spending changes disproportionately to
the expected budget impact of a new intervention. As noted above, a new intervention
can be funded either by disinvesting from existing interventions and services, keeping
the overall budget fixed, or increasing the overall budget. The opportunity cost of a new
intervention is the value foregone from the displaced interventions when the budget is
fixed, or the value that could have been gained if the funds were spent elsewhere when
the budget can be increased. The underlying dynamics of the CET with budget impact
are the same in both cases.

This model includes a number of assumptions underlying this model that should be stated
up front:

• The ICERs and total costs of all current and possible interventions are known to
decision-makers.

171



4 Total Cost and Affordability of Tuberculosis Vaccines

• Decision-makers aim to maximise overall health, and select interventions based on
this criterion alone. Interventions are funded frommost- to least- cost-effectiveness
until the budget is exhausted. Conversely, interventions are defunded or displaced
in reverse order from least to most cost-effective.

• Interventions are either completely funded or not at all.

• Disinvestment from existing interventions incurs no costs.

• Interventions do not affect the efficacy, requirement for, or cost of other interven-
tions.

I first discuss the case where the budget is fixed, then the case where the budget may be
increased.

The “cost-effectiveness bookshelf ” is presented in figure 4.1A. Here, the x-axis represents
total expenditure by the health system, with vertical dashed line B as the budget line. Each
rectangle (“book”) represents a health intervention; the width of each “book” represents
the total cost of that intervention. The y-axis shows the ICER for each intervention.
The available interventions are placed in order of cost-effectiveness, from most to least
cost-effective (lowest to highest ICER). Interventions to the left of dashed line B (green
rectangles) are funded, whereas those to the right are not (orange rectangles).

If the budget is fixed, the CET equals the ICER of the least cost-effective funded interven-
tion, i.e. T1. figure 4.1B and figure 4.1C show two vaccine deployments with equal ICER
values (ICER V) but with different budget impacts.

In figure 4.1B, the total cost of vaccination V equals that of D (the least cost-effective
intervention). As ICER V < T1, displacing D with V results in net health gain by the health
system (more DALYs are averted for the same amount of money spent).

In figure 4.1C, the total cost of vaccination equals that of B, C, and D combined. ICER V <
T1 but funding vaccine would defund B, C, and D. The ‘aggregate’ ICER for B, C, and D is
the weighted average of their individual ICERs, represented by T3. T3 is lower than both
T1 and ICER V. Thus, appraising vaccine against T1 but spending an amount equal to that
for B + C + D would lead to a net loss of health for the health system.

Now consider the case where the budget is increased to fund vaccination (figure 4.1D–F).

If there were no vaccine and the budget was increased from B to AF (figure 4.1D), the
next most cost-effective non-vaccine intervention that the health system could buy is
intervention E (figure 4.1D). Intervention E has an ICER T2, which is the CET.

As ICER V < T2, the health system would gain heath by spending an equal amount on vac-
cine over intervention E (figure 4.1D). The opposite is true where ICER V > T2 (figure 4.1E):
here, spending on (not cost-effective) vaccination results in net health loss.

In the final scenario the budget is increased further to AF2 (figure 4.1F). ICER V remains
greater than T2. Based on threshold criteria alone, vaccine is not cost-effective compared
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Figure 4.1: Cost-effectiveness Thresholds and Budget Impact. Each rectangle represents a
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represent different scenarios of funding (displace existing interventions or
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to investing in E and should not be funded. However, if instead of vaccine, the health
system invests in E, F, and G, then the aggregate ICER of all three new interventions (T4)
is higher than ICER V. Thus, at this scale, investing in ICER V would have gained greater
net benefit for the system, despite the fact that vaccine had a higher ICER than the next
most cost-effective option (E).

This model highlights the relationship between the ICER of a proposed new intervention,
its expected budget impact, and why the CET against which it should be appraised might
change.

Taking a fixed budget as an example, under this model, as the expected budget impact
of a new intervention grows, we should appraise it against a progressively lower cost-
effectiveness threshold as the ICER of displaced interventions is progressively decreased.
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4.2 Research Paper 3

In Research Paper 3, I quantify the expected total costs of large scale adult vaccination.
However, there is no data to substantiate TB vaccine prices or large-scale adult mass
vaccination to date (other than COVID-19, which does not represent typical funding
circumstances). Instead, in this analysis, I attempt to answer the following: if the DALYs
averted by vaccination are valued at prevailing cost-effectiveness thresholds, what is the
maximum cost of a vaccination programme to the health system?

Research Paper 3 is cited as:

Weerasuriya, C.K.; Harris, R.C.; Quaife, M.; McQuaid, C.F.; White, R.G.; Gomez, G.B.
Affordability of Adult Tuberculosis Vaccination in India and China: A Dynamic Trans-
mission Model-Based Analysis. Vaccines 2021, 9, 245.
https://doi.org/10.3390/vaccines9030245

Research Paper 3 is included under the terms of the Creative Commons Attribution 4.0
International Licence (CC BY 4.0), available online at:

https://creativecommons.org/licenses/by/4.0/

Terminology Some authors use the term “willingness-to-pay threshold” to refer
exclusively to demand-side thresholds (e.g. GDP-based thresholds), rather than supply-
side thresholds. In the following research paper, willingness-to-pay threshold and
cost-effectiveness threshold are used interchangeably.

This page is available in the following languages: 

This is a human-readable summary of (and not a substitute for) the license.

Under the following terms:

Notices:

Creative Commons License
Deed
Attribution 4.0 International (CC BY 4.0)

You are free to:
Share — copy and redistribute the material in any medium or format

Adapt — remix, transform, and build upon the material

for any purpose, even commercially.

The licensor cannot revoke these freedoms as long as you follow the license terms.

Attribution — You must give appropriate credit, provide a link to the license, and
indicate if changes were made. You may do so in any reasonable manner, but not in
any way that suggests the licensor endorses you or your use.

No additional restrictions — You may not apply legal terms or technological
measures that legally restrict others from doing anything the license permits.

You do not have to comply with the license for elements of the material in the public
domain or where your use is permitted by an applicable exception or limitation.

No warranties are given. The license may not give you all of the permissions
necessary for your intended use. For example, other rights such as publicity, privacy,
or moral rights may limit how you use the material.

Figure 4.2: Research Paper 3: Creative Commons License
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Abstract: New tuberculosis vaccines have made substantial progress in the development pipeline.
Previous modelling suggests that adolescent/adult mass vaccination may cost-effectively contribute
towards achieving global tuberculosis control goals. These analyses have not considered the bud-
getary feasibility of vaccine programmes. We estimate the maximum total cost that the public health
sectors in India and China should expect to pay to introduce a M72/AS01E-like vaccine deemed
cost-effective at country-specific willingness to pay thresholds for cost-effectiveness. To estimate the
total disability adjusted life years (DALYs) averted by the vaccination programme, we simulated a
50% efficacy vaccine providing 10-years of protection in post-infection populations between 2027
and 2050 in India and China using a dynamic transmission model of M. tuberculosis. We investigated
two mass vaccination strategies, both delivered every 10-years achieving 70% coverage: Vaccinating
adults and adolescents (age ≥10y), or only the most efficient 10-year age subgroup (defined as
greatest DALYs averted per vaccine given). We used country-specific thresholds for cost-effectiveness
to estimate the maximum total cost (Cmax) a government should be willing to pay for each vaccina-
tion strategy. Adult/adolescent vaccination resulted in a Cmax of $21 billion (uncertainty interval
[UI]: 16–27) in India, and $15B (UI:12–29) in China at willingness to pay thresholds of $264/DALY
averted and $3650/DALY averted, respectively. Vaccinating the highest efficiency age group (India:
50–59y; China: 60–69y) resulted in a Cmax of $5B (UI:4–6) in India and $6B (UI:4–7) in China. Mass
vaccination against tuberculosis of all adults and adolescents, deemed cost-effective, will likely
impose a substantial budgetary burden. Targeted tuberculosis vaccination, deemed cost-effective,
may represent a more affordable approach.

Keywords: tuberculosis; vaccine; model; affordability; budget; cost-effectiveness

1. Introduction

New tuberculosis vaccines have made substantial progress in the clinical develop-
ment pipeline [1]. The phase IIb trial of M72/AS01E reported vaccine efficacy of 49.7% at
36 months in preventing pulmonary tuberculosis in adults with a previous history of tuber-
culosis infection [2]. Previous modelling studies suggest that new tuberculosis vaccines,
particularly when delivered to adults or the elderly, may substantially contribute towards
achieving global tuberculosis control targets [3–5].

These findings have renewed interest in deploying anti-tuberculosis vaccination to
support achieving global tuberculosis control goals [6]. Previous studies of new or repur-
posed tuberculosis vaccines have consistently projected that vaccination is likely to be
cost-effective [3,7].
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Most studies that analysed cost-effectiveness have used willingness-to-pay (WTP)
thresholds that only indicate if an intervention is good (or poor) value for money at the
margin [8]. Historically, such analyses have used demand-side thresholds (e.g., multiples
of gross domestic product per capita). Demand-side thresholds have been criticized for
not reflecting country-level affordability of interventions. Alternative methods have been
recently proposed, such as supply-side country-level WTP thresholds based on the marginal
productivity of their respective healthcare systems [9,10].

Despite these developments, most studies that establish cost-effectiveness have not
assessed the affordability of vaccination programmes [11]. Affordability is particularly
relevant to vaccination programmes, which while often cost-effective, must be deployed
at a large scale. Discrepancies between cost-effectiveness and affordability may arise
due to the methods of WTP threshold estimation. Demand-side thresholds are typically
exogenously determined, without consideration of other interventions provided by the
health system, the overall healthcare budget, or the different timing of costs and benefits of
vaccination. Supply-side WTP thresholds, although linked to local healthcare budgets, have
raised concerns of transferability across settings. Widely cited examples of such conflicting
results include the provision of directly acting antiviral drugs for Hepatitis C [12,13] and
the use of Gene Xpert rapid molecular diagnostic testing for tuberculosis [14,15].

Tuberculosis vaccination delivered to adults is likely to require large-scale mass
campaigns. This represents a very large target population for two of the countries with
the greatest number of incident TB cases: China and India. While previous studies have
found that adult and elderly TB vaccination may be cost-effective [3,7], no studies have
investigated whether mass vaccination programmes costed based on their maximum
cost-effective value to the healthcare systems could be affordable.

In this study, we estimate the maximum cost of a cost-effective, large-scale adult TB
vaccine programme in China and India, assuming country-specific willingness to pay per
DALY averted thresholds under varying vaccine implementations. Finally, we discuss
the affordability implications of these estimates in the context of tuberculosis-specific and
general expenditure by the public health sectors of India and China.

2. Materials and Methods
2.1. Transmission Model

We developed an age-, treatment-history and drug-resistance stratified compartmental
dynamic transmission model of tuberculosis. The model, parameters, calibration and data
sources are described in full elsewhere [7]. Briefly, uninfected (susceptible) individuals
who acquired Mycobacterium tuberculosis (M. tb) infection could transition directly to active
(infectious or non-infectious disease) or to latent tuberculosis infection (LTBI). Individuals
with LTBI could reactivate to active disease. From active disease, individuals could be
initiated on TB treatment, self-cure or die. Following successful treatment or self-cure,
individuals transitioned to the resolved state from where they could relapse back to active
disease. Individuals could also be infected by drug-susceptible TB and develop drug-
resistance on treatment or be infected by drug-resistant M. tb. A diagram detailing model
compartments and flows is presented in Weerasuriya et al. [7] (additional File 1, Figure S1).
We calibrated the model to historical epidemiologic data in India and China from 2000 to
2018 and projected TB epidemiology over 2018 to 2050, in line with TB control milestones
and timelines specified in the WHO End TB goals [16–18]. In the baseline (no-vaccine)
scenario, programmatic management of TB was unchanged after 2018. Final projections
were derived through the aggregation of results from 1000 fully calibrated parameter sets.

2.2. Vaccine Implementation

We simulated vaccination from 2027 onwards and compared the vaccine-enabled
model output with corresponding unvaccinated baseline model output to estimate vaccine
impact over 2027–2050. We assumed characteristics aligned with M72/AS01E and modelled
a vaccine with 50% efficacy conferring 10-years of protection. The vaccine protected against
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disease, but not infection by M. tb, and was assumed to be effective only in those with a
previous history of infection by M. tb (referred to as a “post-infection” efficacy vaccine). We
did not explicitly model existing neonatal Bacillus Calmette–Guérin (BCG) immunisation
programmes, as the effect of BCG was assumed to be reflected in the baseline epidemiology
through model calibration targets. The vaccine was administered to individuals with
neither active disease nor who were receiving treatment for TB and mediated its effect
through reducing the rate of progression to active disease following infection and reducing
the rate of reactivation or relapse from latent disease or a recovered state. Vaccine waning
was assumed to be instant at the end of the duration of protection.

We investigated two scenarios of adult and adolescent mass vaccination: “all age”
and “targeted”.

2.2.1. All-Age Vaccination

In all age vaccination, vaccination was delivered to all ages ≥10 years through mass
campaigns delivered in 2027, 2037 and 2047. Vaccines were assumed to be delivered within
a single calendar year. As there was no direct analogue for all-age mass vaccination of
adults in India or China on which to base probable vaccine coverage, we assumed a value
of 70% based on a composite of sources: (a) Menafrivac campaigns delivered to 1–29-
year-olds in South Africa, which achieved coverage of 70–98% [19]; (b) routine influenza
vaccination in China [20,21], achieving coverage of 36–49%; and (c) Japanese encephalitis
mass adult vaccination campaigns in India [22], achieving coverage of 58%. Both influenza
and Japanese encephalitis campaigns were delivered to populations that included the
elderly. Since the all-age vaccination strategy we modelled also included the elderly, we
opted for the lower estimate of Menafrivac coverage but performed sensitivity analyses by
simulating coverage of 10% and 90%.

2.2.2. Targeted Vaccination

In the “targeted” scenario, vaccination was delivered to a 10-year wide age band
through similar mass campaigns. For each country, this group was chosen by segmenting
the population between 10 and 99 years into 10-year wide groups and identifying the
group with the highest vaccination efficiency (defined as the number of DALYs averted
per vaccine given). We assumed vaccine coverage of 70% to maintain comparability to the
“all-age” strategy.

2.3. Vaccine Programme Cost Estimation
2.3.1. TB Programme Cost Model

We used an ingredients-based approach to estimate the (non-vaccine) TB control
programme costs from the public healthcare sector perspective. We applied country-
specific unit costs to diagnosis, including drug-sensitivity testing and treatment for both
drug-sensitive and drug-resistant TB. For India, we additionally included costs borne by the
public healthcare sector for nutritional support to TB patients on treatment and incentive
payments to the private healthcare sector. A full description of unit costs, including sources,
is given in Weerasuriya et al. [7]. The cost-model was restricted to direct costs to the
TB programme.

2.3.2. Costs and Benefits of Vaccines and Vaccine Programmes

We measured the health benefit of vaccination in disability-adjusted life years (DALYs)
lost by tuberculosis. DALYs were calculated by applying disability weights for tuberculosis
per the Global Burden of Disease study [23] and conditional life expectancy per the UN
World Population Prospects [24]. The effectiveness of vaccination was then estimated as
DALYs averted comparing the vaccine scenario to the baseline (non-vaccine) scenario.

We estimated the maximum total cost of a vaccination programme the public health
sector should be willing to pay, thus the intervention remained cost-effective given our
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assumed vaccine characteristics and implementation strategies. The maximum total cost of
a vaccination programme (Cmax) was calculated as follows:

Cmax = (WTP × ∆DALYs)− (CV − CB) (1)

Where WTP is the willingness to pay threshold per DALY averted; ∆DALYs are the
DALYs averted comparing the vaccine scenario to the baseline (non-vaccine) scenario;
and Cv and CB are the total costs of the TB programme in the vaccine and baseline sce-
narios, respectively. The term WTP×∆DALY represents the monetary value of DALYs
averted by vaccination, whereas the term (CV-CB) represents the net cost-savings in the
TB programme due to reduced TB burden. Cmax represents the maximum incremental
cost the buyer should be willing to pay for vaccination. The incremental cost-effectiveness
ratio for vaccination is equal to the willingness-to-pay threshold. A particular vaccine
implementation that averted more DALYs would lead to a higher Cmax value, reflecting
greater value provided to the health system.

We also calculated the maximum total cost per course of vaccination (including dose,
delivery and programmatic costs) that the public health sector should be willing to pay,
subject to assumptions above, as Cmax divided by the number of vaccines delivered. For a
given WTP threshold, a higher cost per vaccine course was interpreted as the additional
cost per course that a payer should be willing to pay for the greater number of DALYs
averted per vaccine course.

The country-specific willingness-to-pay thresholds were taken from Ochalek et al. [9].
This study estimated the elasticity of mortality outcomes, survival and morbidity burdens
of disease with respect to public healthcare expenditure to derive the estimated number of
DALYs averted by a 1% change in healthcare expenditure. The reciprocal of this value—the
cost per DALY averted—estimated the marginal productivity of the health system, i.e., the
opportunity cost of healthcare spending on a given intervention. These values represented a
supply-side estimate of willingness-to-pay per DALY averted grounded in country-specific
healthcare expenditure and budgets. Ochalek el al. provided 4 estimates per country,
reflecting slightly different assumptions in their calculations. In this analysis, we used
the lowest and highest estimates, for India estimated at $264 and $363 and for China at
$3650 and $5669 per DALY averted, respectively. Given that WHO now encourages the
use of country-based thresholds instead of GDP-based thresholds [8], and given that the
country-specific thresholds are substantially lower than GDP per capita estimates for both
India and China, demand-side thresholds based on GDP per capita were excluded from
our analysis.

We discounted costs and health benefits at 3% to 2018 values in the base case analysis,
per standards from the Gates reference case for economic evaluation [25]. Rates were set at
3% in both India and China to ensure comparability. Undiscounted results were presented
as a sensitivity analysis in supplementary material section 1.1, Figures S1 and S2, and Table
S1. All costs are presented in USD.

2.4. Baseline Scenario Analysis

To capture uncertainty in future health system investments, we defined an alternative
“Policy” baseline scenario, representing a scale-up of programmatic TB management for
each country.

For China, the Policy scenario was informed by country expert opinion [7] and com-
prised 2 changes. First, we linearly scaled-up drug-susceptibility testing coverage to 90%
from 2018 to 2036. Second, we introduced a standard 9-month RR/MDR-TB treatment
besides the baseline 24-month regimen, maintaining the same treatment success rate across
both regimens. The proportion of drug-resistant TB treated with the 9-month regimen was
linearly increased to 40% of all second-line therapy from 2018 to 2036.

For India, we used the National Strategic Plan of the Indian Revised National Tu-
berculosis Control Programme [26] to inform the Policy scenario. We implemented three
changes: (a) Increased case detection rate (combined across private and public sectors)
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from approximately 60% to 85%; (b) increased drug-susceptibility testing coverage among
public sector notifications to 100%; and (c) increased proportion of notifications originating
from the private sector to 35%, all from 2018 to 2025.

2.5. Patient and Public Involvement

Patients were not involved in the conduct of this study.

3. Results
3.1. All-Age Vaccination
3.1.1. Averted Burden

A post-infection 50% efficacy vaccine conferring 10-years of protection, delivered
to all adults (aged ≥10 years) at 10-yearly intervals at coverages of 10%, 70% and 90%,
was predicted to avert 8.3 (Uncertainty Interval [UI]: 6.5–10.5) million, 52.7 (UI 42.8–65.2)
million and 65.7 (UI 53.6–80.9) million DALYs by 2050 in India, corresponding to 0.021
(UI 0.016–0.026), 0.019 (UI 0.015–0.023) and 0.018 (UI 0.015–0.023) DALYs averted per
vaccine delivered.

In China, vaccination at coverages of 10%, 70% and 90%, was predicted to avert 0.5
(UI 0.4–0.7) million, 3.8 (UI 3.0–4.9) million and 4.8 (UI 3.8–6.3) million DALYs by 2050,
corresponding to 0.001 (UI 0.001–0.002), 0.001 (UI 0.001–0.002) and 0.001 (UI 0.001–0.002)
DALYs averted per vaccine delivered.

3.1.2. Maximum Vaccination Programme Cost

The maximum total cost of a vaccination programme for all age vaccination to remain
cost-effective and the predicted total cost per vaccine course are presented in Table 1,
Figures 1 and 2, respectively.

In India, mass vaccination of all adults at 70% coverage was predicted to cost up to
$21 (UI 16–27) billion and $26 (UI 21–33) billion at the lower and upper WTP thresholds of
$264 and $363 per DALY averted, respectively. This corresponded to a maximum total cost
per course of $7 (UI 6–10) and $9 (UI 7–12) for the approximately 3 (UI 3–3) billion vaccines
delivered to remain cost-effective.

In China, mass vaccination of all adults at 70% coverage was predicted to cost up to
$15 (UI 12–19) billion and $23 (UI 18–29) billion at the lower and upper WTP thresholds of
$3650 and $5669 per DALY averted, respectively. This corresponded to a maximum total
cost per course of $5 (UI 4–7) and $8 (UI 7–11) for the approximately 3 (UI 3–3) billion
vaccines delivered to remain cost-effective.

Table 1. Mass vaccine campaigns. Targeted vaccination in India was delivered to ages 50–59 and in China to ages 60–69.
Results are aggregated over three campaigns delivered in 2027, 2037 and 2047. Averted DALYs and estimated net vaccine
implementation costs are discounted to 2018 values at 3% per year. WTP: Willingness to pay.

Country Campaign
Averted
DALYs
(Total) a

Averted
DALYs (per

Vaccine)

Vaccinations
Delivered b

WTP
Threshold

(DALY
Averted)

Maximum
Total Vaccine
Programme

Cost

Maximum
Total Cost

per Vaccine
Course

India
All Ages 52.67M

(42.79–65.18)
0.019

(0.015–0.023)
2.79B

(2.78–2.80)
$264 $21B (16–27) $7 (6–10)
$363 $26B (21–33) $9 (7–12)

Targeted 12.69M
(10.27–15.46)

0.031
(0.025–0.038)

0.41B
(0.41–0.41)

$264 $5B (4–6) $13 (10–16)
$363 $6B (5–8) $16 (12–20)

China
All Ages 3.79M

(2.96–4.89)
0.001

(0.001–0.002)
2.75B

(2.75–2.75)
$3650 $15B (12–19) $5 (4–7)
$5669 $23B (18–29) $8 (7–11)

Targeted 1.40M
(1.03–1.79)

0.003
(0.002–0.004)

0.45B
(0.45–0.45)

$3650 $6B (4–7) $12 (9–15)
$5669 $8B (6–10) $19 (14–23)

a M = millions; b B = billions.
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Figure 1. Maximum total vaccine programme cost. Top panels represent all-age vaccination
(adults ≥10 years); bottom panels represent targeted vaccination (ages 50–59 in India and ages
60–69 in China). WTPT = willingness to pay thresholds per Ochalek et al. [9], estimated at $264 and
$363 per DALY averted in India (lowest and highest estimates, respectively) and $3650 and $5669 per
DALY averted in China (lowest and highest estimates, respectively). Costs discounted to 2018 values.
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and $3650 and $5669 per DALY averted in China (lowest and highest estimates, respectively). Costs
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3.2. Targeted Vaccination
3.2.1. Optimal Target Age Groups and Averted Burden

The predicted efficiency of vaccination (in terms of DALYs averted per vaccine deliv-
ered) is presented in Table 1 and Figure 3. Age-specific TB prevalence in the underlying
transmission model is presented in supplementary material section 1.2, Figures S3 and S4.
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In India, we found that vaccination of 50–59-year-olds was most efficient (Figure 3),
with 70% vaccine coverage averting 12.7 (UI 10.3–15.5) million DALYs by 2050, correspond-
ing to 0.031 (UI 0.025–0.038) DALYs averted per vaccine delivered over 407 (UI 405–410)
million vaccines. Vaccination of the adjacent age groups 40–49 and 60–69 years yielded
similar efficiencies of 0.031 (UI 0.025–0.038) and 0.031 (UI 0.025–0.038) DALYs averted per
vaccine delivered, respectively.

In China, we found that the most efficient age group for vaccination was older, between
60–69-year-olds, averting 1.4 (UI 1.0–1.8) million DALYs by 2050, corresponding to 0.003 (UI
0.002–0.004) DALYs averted per vaccine delivered over 451 (UI 451–452) million vaccines.
In contrast to India, the optimum age group was more sharply defined, with a greater
difference compared to vaccination of adjacent age groups (Figure 3). Fewer DALYs were
averted per vaccine delivered across all age-groups in China compared to India.

3.2.2. Maximum Vaccination Programme Cost

The maximum total cost of a vaccine programme for targeted vaccination to remain
cost-effective and the predicted total cost per vaccine course are presented in Table 1,
Figures 1 and 2, respectively.

In India, mass vaccination of adults aged 50–59 at 70% coverage was predicted to cost
up to $5 (UI 4–6) billion and $6 (UI 5–8) billion at the lower and upper WTP thresholds
of $264 and $363 per DALY averted, respectively. This corresponded to a maximum total
course per vaccine course of $13 (UI 10–16) and $16 (UI 12–20) for the approximately 407
(UI 405–410) million vaccines delivered to remain cost-effective.

In China, mass vaccination of adults aged 60–69 at 70% coverage was predicted to cost
up to $6 (UI 4–7) billion and $8 (UI 6–10) billion at the lower and upper WTP thresholds
of $3650 and $5669 per DALY averted, respectively. This corresponded to a total cost per
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vaccine course of $12 (UI 9–15) and $19 (UI 14–23) for approximately 451 (UI 451–452)
million vaccines delivered to remain cost-effective.

3.3. Policy Scenario Analysis

In India, when (non-vaccine) TB programme activities were scaled up, targeted vacci-
nation at 70% coverage was predicted to cost up to $5 (UI 4–7) billion and $4 (UI 3–5) billion
at the upper and lower WTP thresholds, respectively, corresponding to a maximum total
cost per vaccine course of $13 (UI 10–16) and $11 (UI 8–13). In China, targeted vaccination
at 70% coverage was predicted cost up to $8 (UI 6–10) billion and $5 (UI 4–7) billion at the
lower and upper WTP thresholds, respectively, corresponding to a maximum total cost per
vaccine course of $18 (UI 13–23) and $12 (UI 9–15). In both countries, the maximum costs
for a cost-effective vaccination programme in the policy scenario were lower than for the
baseline scenario without TB programme scale-up, reflecting a lower avertible burden of
TB by vaccination. This effect was substantially smaller in China than India. This reflected
the future TB programme scale-up strategy, which in China focused on increased case
detection and treatment of drug-resistant tuberculosis, while in India was focussed on both
drug-sensitive and drug-resistant tuberculosis. Complete results for the policy scenario are
given in supplementary material section 1.3, Figures S5–S9, and Tables S2 and S3.

4. Discussion

Cost-effective mass vaccination of adults and adolescents aged ≥10 years against
tuberculosis in India was estimated to cost $26B and $21B at high ($363/DALY averted)
and low ($264/DALY averted) willingness-to-pay (WTP) thresholds, respectively, over
2027–2050, corresponding to a total cost per vaccine course (including dose, delivery and
programmatic costs) of $9 and $7, respectively. In China, cost-effective mass vaccination
using the same strategy was predicted to cost $23B and $15B at high ($3650/DALY averted)
and low ($5669/DALY averted) WTP thresholds, respectively, corresponding to a total cost
per vaccine course of $8 and $5, respectively. Cost-effective mass vaccination of a targeted
high-efficiency age group was predicted to incur lower total costs but higher costs per
course of vaccine than mass vaccination of all ages. In India, vaccinating ages 50–59 was
predicted to cost $6B and $5B at the high and low thresholds, respectively, over 2027–2050,
corresponding to a total cost per course of $16 and $13. In China, vaccinating ages 60–69
was predicted to cost $8B and $6B at the high and low thresholds, respectively, by 2050,
corresponding to a maximum total cost per vaccine course of $19 and $12.

Increased investment in the (non-vaccine) TB programme led to substantial reductions
in the estimated maximum vaccination programme costs in India, with moderate reductions
in China. This follows from lower TB case detection rates in India [16] than China of both
drug-sensitive and drug-resistant TB at baseline, which translates into a greater burden
of averted disease due to programmatic scale up. Moreover, the planned scale-up of
programmatic TB management was greater in India than in China.

Each vaccine course averted more DALYs and delivered more value to the health
system in the targeted vaccination scenario compared with the “all-age” scenario. Therefore,
at a given willingness to pay threshold, the total cost per vaccine course that the health
system should be willing to pay was correspondingly higher in the targeted than all age
scenarios. Assuming the vaccine price borne by the health system is independent of the
implementation scenario, this would translate to proportionately more funds available for
programmatic aspects of vaccination (e.g., logistics, campaign organisation).

4.1. In Context

Our study suggests that an all-age adult and adolescent mass tuberculosis vaccination
programme, considered cost-effective at country-specific cost-effectiveness thresholds,
would impose a substantial budgetary burden on the health system in India and China.
We estimated the maximum cost of such a vaccination programme at the lowest WTP
threshold to be $21B (UI 16–27) and $15B (UI 12–19) in India and China, respectively, for
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three vaccination campaigns in 2027, 2037 and 2047. In comparison, annual universal
infant vaccination programmes in India and China are estimated to cost approximately
$700 million (2013–14 levels, adjusted to 2017 prices) [27] and $1B (2015 levels) [28], respec-
tively, while the World Health Organization estimates the total annual budgets available for
national strategic plans for tuberculosis in India and China at $583 million and $719 million
in 2019, respectively. In this context, targeted vaccination may represent a more affordable
approach. The maximum cost of a cost-effective vaccination programme targeted to the
highest efficiency 10-year age group was estimated at between $5B (UI 4–6) and $6B (UI
4–7) in India and China, respectively, for three vaccination campaigns over 2027–2050.
While routine infant vaccination is not a direct comparator to spaced adult and adolescent
mass vaccination campaigns, this approximate comparison suggests that the maximum
estimated costs of cost-effective targeted TB vaccination may be comparable to existing
and funded health interventions. However, routine infant vaccination provides multiple
doses against multiple conditions per fully immunised child.

Our findings suggest that cost-effectiveness estimates, even with supply-side WTP
thresholds, will likely provide an incomplete assessment of the economic feasibility of
mass TB vaccination in India and China to decision makers, as they do not reflect the
probable budget impact of such a programme. Further, marginal WTP thresholds may
inadequately capture the health opportunity costs of interventions, which incur very high
expenditures [29]. Decision makers should, therefore, carefully assess the appropriateness
of WTP thresholds used in the economic evaluation of TB vaccines. This study also
demonstrates the use of a dynamic model to identify a high-efficiency subgroup for vaccine
targeting. While age alone may be an insufficient criterion on which to base targeting
strategies, this approach may be generalisable to identify other risk groups or stratifications,
which can maximise efficiency.

We present total cost-estimates of national vaccination programmes in both India and
China. Both countries have complex health systems with healthcare provisions devolved to
subnational administrative divisions, with variation in TB epidemiology, costs of providing
programmatic TB management and immunisation services. Regional affordability of mass
vaccination is likely to be sensitive to these local factors. Future studies could explore such
factors to assess affordability at the regional level.

4.2. Willingness to Pay Thresholds

In this study, we used healthcare opportunity cost-based willingness to pay thresholds
substantially lower than demand-side WTP thresholds (for example, based on GDP per
capita) for India and China. If country decision makers were to adopt thresholds higher
than the supply-side estimates we used in decision-making around tuberculosis vaccine
programme financing, our cost estimates would be conservative. However, given that
our total vaccination programme costs estimates were still substantial, this suggests that
TB vaccines or vaccination cost-effective at GDP thresholds would be infeasible without
substantial increases in healthcare expenditure beyond current levels, particularly in India.

4.3. Strengths and Limitations of This Study

We highlight two main limitations in our estimates of vaccine impact: (a) Paucity of
data to substantiate vaccine deployment scenarios and their costs; (b) limitations in the
deployed vaccine scenario.

There is no existing precedent for large, national, all-adult and adolescent vaccination
campaigns in India or China. Assumptions around achievable coverage (particularly by
age) are extrapolated from experience in other settings or age groups. We implemented
mass vaccine campaigns within a single year rather than as a gradual scale-up of coverage
and presented the maximum total cost of vaccination over three mass campaigns. The
budget impact of the vaccination programme during each one of these three campaign years
is considerable and not directly comparable to savings in the non-vaccine TB programme
during inter-campaign years. Despite recent examples of COVID-19 vaccination rates, large-
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scale adult mass vaccination for tuberculosis may be delivered in multi-year campaigns.
This would distribute budget impact over time. Vaccine waning is modelled as instant at
the end of the duration of protection. This underestimated ongoing waning during inter-
campaign years and during phased multi-year campaigns, leading to a likely overestimate
of averted burden and of total maximum cost.

Our estimates of vaccine efficiency by 10-year age groups may also be affected by
the lack of age-specific TB burden data. The underlying transmission model [7] was
calibrated to age-specific data (children aged <15 years and adults aged ≥15 years) in
both India and China. We found good concordance between empirical and modelled
TB prevalence estimates by 10-year age group in China (Figure S1). However, nationally
representative age-specific empirical estimates for India do not currently exist. Although
TB prevalence predicted by the model for India (Figure S2) is consistent with a priori
assumptions regarding the age-distribution of disease burden, these may be an over- or
under-estimate. Without further data, it is difficult to deduce how this might bias our
estimated total cost of “targeted” mass vaccination.

We selected an age-group for the “targeted” implementation scenario based solely on
vaccine efficiency. Total cost estimates may be an underestimate, as our analysis does not
consider other priorities, e.g., targeting at-risk groups or equity considerations, which are
often important features of vaccination programmes. As there is no data to inform this
relationship, we assume that vaccine efficacy is invariant with age. Higher rates of vaccine
failure and poorer vaccine responses are reported for influenza, pneumococcal and herpes
zoster vaccines, amongst others [30]. If such a phenomenon were reported for new TB
vaccines, the highest efficiency age groups may change.

A strength of this study is that we make no assumptions regarding the composition of
vaccination programme costs (e.g., unit or programmatic costs), nor how this composition
might vary with implementation (e.g., at different coverage levels, or by targeting to specific
age groups). By modelling vaccines through a dynamic transmission model, we capture
both the direct and indirect (transmission) effects of vaccination on TB burden and the cor-
responding impact on changes to the non-vaccine TB programme, which are incorporated
into our estimates of total cost. Furthermore, our estimates incorporated the (averted) costs
of drug-resistant tuberculosis: The underlying transmission model included a fully dy-
namic representation of resistance acquisition and transmission. The model was calibrated
to rifampicin-resistant and multidrug-resistant tuberculosis (RR/MDR-TB) incidence and
notification data in India and China. The underlying cost-model included country-specific
estimates of RR/MDR-TB diagnosis and treatment costs and drug-sensitivity testing costs.

5. Conclusions

We found that cost-effective mass vaccination against tuberculosis of all adults and
adolescents will likely impose a substantial budgetary burden on health systems in India
and China. Cost-effective targeted tuberculosis vaccination, for example, by age, may
represent a more affordable approach while also allowing greater expenditure per vaccine
course delivered.

Supplementary Materials: The following are available online at https://www.mdpi.com/2076-393
X/9/3/245/s1, Figure S1: Prevalence rate of tuberculosis in China in 2000, 2010 and 2050. Figure S2:
Prevalence rate of tuberculosis in India in 2000, 2010 and 2050. Figure S3: Maximum total vaccine
programme cost in the Policy baseline scenario. Figure S4: Maximum total cost per vaccine course
in the Policy baseline scenario. Figure S5: Vaccination efficiency by target age group in the Policy
scenario. Figure S6: Maximum total vaccine programme cost. Figure S7: Maximum total cost per
vaccine course. Figure S8: Maximum total vaccine programme cost in the Policy scenario. Figure S9:
Maximum total cost per vaccine course in the Policy scenario. Table S1: Mass vaccine campaigns
(undiscounted). Table S2: Mass vaccine campaigns in the Policy scenario. Table S3: Mass vaccine
campaigns in the Policy scenario (undiscounted).
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Affordability of New Tuberculosis Vaccines in India and China: a 
Dynamic Transmission Model-based Analysis 
Online Supplementary Materials 

1 Additional results 

1.1 Undiscounted Analysis 

Total maximum undiscounted costs for the vaccine programme and per vaccine course are presented in Figure 

S1, Figure S2 and Table S1. 

 

Figure S1: Maximum total vaccine programme cost. Top panels represent all-age vaccination (adults≥10 years); 

bottom panels represent targeted vaccination (ages 50–59 in India and ages 60–69 in China). WTPT = 

willingness to pay thresholds per Ochalek et al., estimated at $264 and $363 per DALY averted in India (lowest 

and highest estimates, respectively) and $3650 and $5669 per DALY averted in China (lowest and highest 

estimates, respectively). Costs undiscounted.  

192



2 

 

 

Figure S2: Maximum total cost per vaccine course. Top panels represent all-age vaccination (adults≥10 years); 

bottom panels represent targeted vaccination (ages 50–59 in India and ages 60–69 in China). WTPT = country-

specific willingness to pay thresholds per Ochalek et al., estimated at $264 and $363 per DALY averted in India 

(lowest and highest estimates, respectively) and $3650 and $5669 per DALY averted in China (lowest and 

highest estimates, respectively). Costs undiscounted.  
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Table S1: Mass vaccine campaigns. Targeted vaccination in India was delivered to ages 50–59 and in China to ages 60–69. Results are aggregated over three campaigns 

delivered in 2027, 2037 and 2047. Averted DALYs and estimated net vaccine implementation costs are undiscounted. WTP: willingness to pay 

Country Campaign 
Averted DALYs 

(total)a 

Averted DALYs (per 

vaccine) 

Vaccinations 

Deliveredb 
WTP 

Maximum Total Cost of Vaccination 

Programmeb 

Maximum Total Cost per Vaccine 

Course 

India 

All Ages 
158.21M (125.43–

199.14) 
0.057 (0.045–0.072) 2.79B (2.78–2.80) 

264 $55B (44–70) $20 (16–25) 

363 $71B (56–90) $25 (20–32) 

Targeted 37.44M (29.15–46.41) 0.092 (0.071–0.114) 0.41B (0.41–0.41) 
264 $14B (11–17) $33 (26–42) 

363 $17B (14–22) $42 (34–53) 

China 

All Ages 8.14M (6.21–10.76) 0.003 (0.002–0.004) 2.75B (2.75–2.75) 
3,650 $32B (25–42) $12 (9–15) 

5,669 $49B (38–63) $18 (14–23) 

Targeted 2.93M (2.09–3.77) 0.007 (0.005–0.008) 0.45B (0.45–0.45) 
3,650 $11B (8–14) $25 (18–32) 

5,669 $17B (13–22) $39 (28–49) 

aM=millions 

bB=billions 
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1.2 Age-specific prevalence 

Model estimates of age-specific prevalence rates for tuberculosis in 2000, 2010 and 2050 are provided in 

Figures S3 (China) and S4 (India). In both countries, prevalence rate fell continuously from 2000 to 2050. In 

China (Figure S3), model estimates are shown against age-specific empirical estimates of TB prevalence rate 

derived from data underlying nationally representative TB prevalence surveys in 5-year age-groups in 2000 and 

2010. We found good concordance between available data and model estimates in most age-groups, with 

slightly higher divergence in the elderly. 

Figure S4 shows the age-specific prevalence rates estimated for India. There are no currently available 

nationally representative age-stratified estimates for TB prevalence, therefore corresponding empirical data are 

not shown. Similar to the pattern seen in China, the prevalence rate increased with age; however, the relative 

burden in the elderly (age≥65) was not as great in India. 
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Figure S3: Prevalence rate of tuberculosis in China in 2000, 2010 and 2050. Points represent median model 

estimates, bars represent uncertainty. Triangles represent empirical estimates.  
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Figure S4: Prevalence rate of tuberculosis in India in 2000, 2010 and 2050. Points represent median model 

estimates, bars represent uncertainty.  
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1.3 Policy scenario 

The estimated maximum total costs of the vaccination programme and estimated maximum total costs per 

vaccine course in the “Policy” scenario are presented in Figure S5, Figure S6 and Table S2. For both all age and 

targeted vaccination strategies, across all levels of coverage, estimated maximum total vaccine programme costs 

and maximum total costs per vaccine course were lower than in the converse baseline scenario without scale up 

of TB programme. Correspondingly, estimated averted DALYs per vaccine given (Figure S7) were found to be 

slightly lower. Total maximum undiscounted costs for the vaccine programme and per vaccine course in the 

Policy scenario are presented in Figure S8, Figure S9 and Table S3. 

 

Figure S5: Maximum total vaccine programme cost in the Policy scenario. Top panels represent all-age 

vaccination (adults≥10 years); bottom panels represent targeted vaccination (ages 50–59 in India and ages 60–

69 in China). WTPT = willingness to pay thresholds per Ochalek et al., estimated at $264 and $363 per DALY 

averted in India (lowest and highest estimates, respectively) and $3650 and $5669 per DALY averted in China 

(lowest and highest estimates, respectively). Costs discounted to 2018 values. 
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Figure S6: Maximum total cost per vaccine course in the Policy scenario. Top panels represent all-age 

vaccination (adults≥10 years); bottom panels represent targeted vaccination (ages 50–59 in India and ages 60–

69 in China). WTPT = country-specific willingness to pay thresholds per Ochalek et al., estimated at $264 and 

$363 per DALY averted in India (lowest and highest estimates, respectively) and $3650 and $5669 per DALY 

averted in China (lowest and highest estimates, respectively). Costs discounted to 2018 values.  
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Figure S7: Vaccination efficiency by target age group in the Policy scenario. Efficiency is defined as the number 

of DALYs averted per vaccine delivered. Mass vaccine campaigns were deployed at 70% coverage to each age 

group.  
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Figure S8: Maximum total vaccine programme cost in the Policy scenario. Top panels represent all-age 

vaccination (adults≥10 years); bottom panels represent targeted vaccination (ages 50–59 in India and ages 60–

69 in China). WTPT = willingness to pay thresholds per Ochalek et al., estimated at $264 and $363 per DALY 

averted in India (lowest and highest estimates, respectively) and $3650 and $5669 per DALY averted in China 

(lowest and highest estimates, respectively). Costs undiscounted.  
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Figure S9: Maximum total cost per vaccine course in the Policy scenario. Top panels represent all-age 

vaccination (adults≥10 years); bottom panels represent targeted vaccination (ages 50–59 in India and ages 60–

69 in China). WTPT = country-specific willingness to pay thresholds per Ochalek et al., estimated at $264 and 

$363 per DALY averted in India (lowest and highest estimates, respectively) and $3650 and $5669 per DALY 

averted in China (lowest and highest estimates, respectively). Costs undiscounted.  
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Table S2: Mass vaccine campaigns in the Policy scenario. Targeted vaccination in India was delivered to ages 50–59 and in China to ages 60–69. Results are aggregated over 

three campaigns delivered in 2027, 2037 and 2047. Averted DALYs and estimated net vaccine implementation costs are discounted to 2018 values at 3% per year. WTP: 

willingness to pay 

Country Campaign 
Averted DALYs 

(total)a 

Averted DALYs (per 

vaccine) 

Vaccinations 

Deliveredb 
WTP 

Maximum Total Cost of Vaccination 

Programmeb 

Maximum Total Cost per Vaccine 

Course 

India 

All Ages 
42.23M (33.24–

52.36) 
0.015 (0.012–0.019) 2.79B (2.78–2.80) 

264 $18B (14–23) $6 (5–8) 

363 $22B (17–28) $8 (6–10) 

Targeted 10.31M (7.75–12.36) 0.025 (0.019–0.030) 0.41B (0.41–0.41) 
264 $4B (3–5) $11 (8–13) 

363 $5B (4–7) $13 (10–16) 

China 

All Ages 3.67M (2.86–4.77) 0.001 (0.001–0.002) 2.75B (2.75–2.75) 
3,650 $14B (11–18) $5 (4–7) 

5,669 $22B (17–28) $8 (6–10) 

Targeted 1.38M (1.01–1.77) 0.003 (0.002–0.004) 0.45B (0.45–0.45) 
3,650 $5B (4–7) $12 (9–15) 

5,669 $8B (6–10) $18 (13–23) 

aM=millions 

bB=billions 
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Table S3: Mass vaccine campaigns in the Policy scenario. Targeted vaccination in India was delivered to ages 50–59 and in China to ages 60–69. Results are aggregated over 

three campaigns delivered in 2027, 2037 and 2047. Averted DALYs and estimated net vaccine implementation costs are undiscounted. WTP: willingness to pay 

Country Campaign 
Averted DALYs 

(total)a 

Averted DALYs (per 

vaccine) 

Vaccinations 

Deliveredb 
WTP 

Maximum Total Cost of Vaccination 

Programmeb 

Maximum Total Cost per Vaccine 

Course 

India 

All Ages 
125.21M (95.84–

155.63) 
0.045 (0.034–0.056) 2.79B (2.78–2.80) 

264 $46B (36–58) $16 (13–21) 

363 $58B (45–73) $21 (16–26) 

Targeted 30.03M (21.80–37.18) 0.074 (0.053–0.091) 0.41B (0.41–0.41) 
264 $11B (8–14) $28 (21–34) 

363 $14B (11–18) $35 (26–43) 

China 

All Ages 7.82M (5.95–10.42) 0.003 (0.002–0.004) 2.75B (2.75–2.75) 
3,650 $31B (24–40) $11 (9–15) 

5,669 $46B (36–61) $17 (13–22) 

Targeted 2.87M (2.05–3.72) 0.006 (0.005–0.008) 0.45B (0.45–0.45) 
3,650 $11B (8–14) $25 (18–31) 

5,669 $17B (12–22) $38 (27–48) 

aM=millions 

bB=billions 
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4.4 Implications for TB vaccines

At thresholds of $264/DALY averted and $3650/DALY averted, adult and adolescent
TB vaccine programmes over 2027 to 2050 in India and China, discounted to 2018 US
dollars, were estimated to cost $21 billion (uncertainty interval 16–27) and $15 billion
(UI: 12–19), respectively, at maximum.

As TB vaccination may be unaffordable at these costs, cost-effectiveness will be an in-
complete signal of financial feasibility and decision makers should explicitly consider
budgetary implications when considering whether to adopt TB vaccines. It may be useful
to consider experience with other health interventions that are highly cost-effective but
entail a large total cost.

The prototypical example of a cost-effective but unaffordable health intervention is directly
acting antiviral drugs (DAAs) for Hepatitis C. DAAs are highly effective and achieve
90–100% cure rates. They were also found to be cost-effective in England in 2015 by the
National Institute for Health and Care Excellence (NICE) at the “standard” threshold
of £20,000–30,000 per Quality Adjusted Life Year gained[23]. However, the projected
budget impact of providing DAAs to all eligible patients was large enough to compel
NICE and NHS England to introduce a ‘budget impact test’, delaying DAA introduction
and allowing time for NHS England to negotiate further with manufacturers[24]. In this
situation, costs were driven by the moderately-high prevalence of Hepatitis C and the
very high drug prices ($84,000 initial list price per course[25]). TB vaccines are unlikely to
be priced at comparable levels. However, countries will need to achieve at least moderate
coverage[14] among adults and adolescents to achieve desired TB control goals; thus,
the eligible population in India and China will be very large. As such, similar total cost
considerations will apply. Even if TB vaccines are listed at prices predicted to render them
cost-effective, decision makers in India may need to further negotiate with manufacturers
to mitigate total cost.

The total cost estimates from section §4.2 are a priori more similar to the scenarios in
figure 4.1C or figure 4.1C F than figure 4.1B or figure 4.1D. Given its expected scale, it may
be inappropriate to appraise all-adult mass TB vaccination against a single CET based on
the opportunity cost of marginal healthcare spending. The results from Research Paper 3
may overestimate the total maximum cost at which vaccination is truly cost-effective.

Using a lower threshold, or varying the threshold with expected budget impact may
improve the estimates of total maximum cost and cost-effectiveness. The former approach
was adopted by the Australian Pharmaceutical Benefits Advisory committee when faced
with reimbursing Hepatitis C drugs (estimated cost >$1 billion AUD; ~2% of annual
federal pharmaceutical budget)[26]. Theoretical models to continuously adapt CETs to
increasing budget impact, that incentivise manufacturers to provide drugs at lower prices,
have also been developed[1,4]. However, while these approaches may reduce the total
cost of TB vaccines, they face at least two major obstacles in practice. First, as with the
“league table” method, it will be difficult to empirically determine either a lower CET or a
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4 Total Cost and Affordability of Tuberculosis Vaccines

function to continuously adjust the CET with increasing budget impact. Second, setting
a lower CET for TB (or any specific health condition) may be ethically contentious. The
implication that life-years lost due to TB are “worth less” than other diseases, particularly
given the stark socioeconomic gradient of TB, is likely unacceptable to patients, health
systems, and wider society. Valuing TB mortality and morbidity less may also exacerbate
existing funding shortages faced by global TB control efforts[27].

Finally, decision makers should consider how the large total cost of TB vaccines will
affect the interpretability of studies that find TB vaccines to be cost-effective. If a study
uses an opportunity cost-based CET and assumes a fixed healthcare budget, a positive
cost-effectiveness result should be interpreted with caution as the expected total cost of
vaccines increases.

4.4.1 Limitations

Similar to a formal cost-effective analysis, this study collapsed temporally distributed
costs into a single summary statistic discounted to the date of analysis. In contrast, a
formal budget impact analysis would show costs over time, allowing decision makers to
better estimate the short-medium term demands on health budgets. However, an accurate
budget impact analysis requires that vaccine price, vaccine delivery costs, and a mass
campaign scale up strategy based on the known or planned capacity of the health system,
are known. This information is currently not available for TB vaccination in India nor
China. Moreover, the analysis in section §4.2 aimed to estimate themaximum cost, which
is not the outcome of a budget impact analysis with a fixed vaccine price.

A factor that limits the interpretation of section §4.2 (and many health economic eval-
uations) is that health intervention costs are often incurred substantially before health
benefits. Many theoretical frameworks, e.g. relating cost-effectiveness thresholds to
budget impact as in section 4.1.1, assume that costs and benefits occur in the same budget
cycle. For TB vaccines in particular, costs and benefits are years-decades apart. This
complicates the comparison of ICERs for TB vaccines against other interventions.

The total cost estimates in section §4.2 are also biased downwards by discounting. In
general, discounting disadvantages vaccines in CEA as costs are incurred much sooner
than benefits realised. However, in this analysis, the monetary value was attached to
DALYs at the time they are averted. Consequently, thesemonetary values were discounted
more than their corresponding amounts would have been in a formal cost-effectiveness
analysis.

A new TB vaccine is likely to be one component of a wider comprehensive TB prevention
and control strategy. It will not completely displace existing TB programmes. In fact, per
the Policy scenarios for both India and China, both national TB programmes anticipate
substantial further scale up to meet End TB goals. Assuming that current and planned
non-vaccine programmatic TB management is cost-effective, these may exert downward
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pressure on the CET for TB vaccines in the future. Similarly, advances that improve
the treatment success rate and reduce the duration of multidrug-resistant or rifampicin-
resistant TB (MDR/RR-TB) regimens will reduce the ICER for MDR/RR-TB treatment.

***

If and when a new TB vaccine becomes available and countries elect to deploy it, country
decision makers will be committing to a long term investment that will incur costs and
benefits over years-decades. When the decision to proceed is made, theymust incorporate
the best available, but nonetheless incomplete, information about the future into their
deliberations. Some key uncertainties they are likely to face include how health budgets
will change, and whether cost-effectiveness thresholds will change in tandem.

The results in section §4.2 provide a preliminary approximation of themaximum cost that
the health system would incur, if that system valued TB vaccine derived health benefit
at prevailing cost-effectiveness thresholds. These estimates are substantial, but can be
factored into planning vaccine financing or price negotiations. The analysis could be
repeated with different implementation scenarios as information on feasibility becomes
available. Finally, the study also approximates the impact of changing CETs through the
use of both the minimum and maximum thresholds for each country.

4.5 Summary

This chapter attempted to satisfy objective three of this thesis. I have attempted to assess
the affordability of large scale adult TB vaccination. The two main outputs of this chapter
are these total cost estimates and considerations around their interpretation. Together,
these outputs lead to four key takeaways from this chapter.

First, if we value the health benefits of large scale adult and adolescent mass vaccination
at exogenously determined CETs, we find that the maximum costs that those health
systems would have to pay would be substantial. Cost-effectiveness analysis provides an
incomplete signal of financial feasibility and decision makers may need to employ specific
processes to reduce the total cost of TB vaccination.

Second, unsurprisingly, targeting a smaller population for vaccination reduces the total
estimated cost of vaccination. However, the impact of vaccine, in terms of DALYs averted
per recipient is heterogeneous among age groups. The total price at which vaccination
is cost-effective is highest among 50–59-year olds in India and 60–69-years in China,
reflecting both age group size and the efficiency of targeting these groups. If the price of
vaccination is independent of targeting strategy, then a health system could allocate more
funds towards programmatic aspects of vaccination rather than dose cost.

Third, because scale up in programmatic management of TB reduced baseline future TB
burden and therefore the burden averted by vaccination, this in turn reduced the total
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maximum cost at which the vaccine programme remained cost-effective. In order to
maintain cost-effectiveness, health systemsmay need to negotiate lower prices for vaccines
depending on the planned strategy for national tuberculosis programmes (NTPs).

Fourth, we may need to factor the scale of proposed TB vaccination when selecting
appropriate CETs during cost-effectiveness analysis and total cost-estimation.

The work in this chapter provides preliminary estimates of TB vaccine programme costs
to substantiate decision making around vaccine introduction. Decision makers should
consider the implications of the CETs they use, how theymight change over the course of a
TB vaccine programme, and consider sensitivity analyses of thresholds when considering
the financial feasibility of said programmes.
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5 Contact Matrices, Evolving
Demography, andVaccine Impact

In this chapter, I investigated whether different methods of updating modelled social
contact structures to match secular demographic trends affected estimates of TB vaccine
impact.

It is only recently that TB vaccine models began to include heterogeneous age-dependent
social contact matrices to better reflect age-specific burden and transmission dynam-
ics[1–5]. Social contact structures are typically derived from (real or synthetic) source
populations with specific demographic compositions. However, the demographic struc-
ture of relevant populations in TB models—and especially TB vaccine models—is unlikely
to remain fixed, as they typically project over multi-decade time horizons. Arregui et
al.[6] have recently described methods to continuously update contact structures to match
evolving demography. However, whether or not such adaptation affects model-based
estimates of TB vaccine impact is unknown.

Here, I hypothesized that different methods of updating social contact structures to match
evolving demography might alter transmission dynamics between age groups. These
differential transmission dynamics would then interact with, and propagate through,
the direct and indirect effects of vaccination, giving rise to differential vaccine impact
estimates between different update methods. To examine this hypothesis, I simulated
an M72/AS01E-like vaccine in an age-stratified dynamic transmission model of Mycobac-
terium tuberculosis (Mtb) in an India-like epidemiologic setting, updating social contact
as described by Arregui et al.[6] This model was structured and parameterised similarly
to previous work in chapters 3 and 4, and work by Harris et al[1,2].
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5 Contact Matrices, Evolving Demography, and Vaccine Impact

5.1 Research Paper 4

Reprint Note Research Paper 4 was submitted to PLoS Computational Biology in
August 2021. It has completed one round of review and is currently undergoing revisions.
The original submission is reprinted in this section.
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Abstract

We investigated the effects of updating age-specific social contact matrices to
match evolving demography on vaccine impact estimates. We used a dynamic
transmission model of tuberculosis in India as a case study.

We modelled four incremental methods to update contact matrices over time,
where each method incorporated its predecessor: fixed contact matrix (M0), pre-
served contact reciprocity (M1), preserved contact assortativity (M2), and preserved
average contacts per individual (M3).

We updated the contact matrices of a deterministic compartmental model of
tuberculosis transmission, calibrated to epidemiologic data between 2000 and 2019
derived from India. We additionally calibrated the M0, M2, and M3 models to
the 2050 TB incidence rate projected by the calibrated M1 model. We stratified
age into three groups, children (<15y), adults (≥15y, <65y), and the elderly (≥65y),
using World Population Prospects demographic data, between which we applied
POLYMOD-derived social contact matrices.

We simulated an M72AS01E-like tuberculosis vaccine delivered from 2027 and
estimated the per cent TB incidence rate reduction (IRR) in 2050 under each update
method.

We found that vaccine impact estimates in all age groups remained relatively
stable between the M0–M3 models, irrespective of vaccine-targeting by age group.
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The maximum difference in impact, observed following adult-targeted vaccination,
was 7% in the elderly, in whom we observed IRRs of 19% (uncertainty range 13–32),
20% (UR 13–31), 22% (UR 14–37), and 26% (UR 18–38) following M0, M1, M2
and M3 updates, respectively.

We found that model-based TB vaccine impact estimates were relatively insensit-
ive to demography-matched contact matrix updates in an India-like demographic
and epidemiologic scenario. Current model-based TB vaccine impact estimates
may be reasonably robust to the lack of contact matrix updates, but further research
is needed to confirm and generalise this finding.

Introduction

Social contact patterns are a crucial driver of communicable disease transmission. Con-
tacts can be grouped by various criteria, including age groups or gender, behavioural
characteristics (e.g., high- or low-risk behaviours), or location (e.g., at home, school, or
workplace). Intrinsic biological and behavioural factors drive age-specific burden in many
infectious diseases (e.g., measles, mumps, or tuberculosis). Dynamic infectious disease
models increasingly use age-specific contact matrices to reflect behavioural factors that
contribute to age-specific burden. Multiple recent studies have attempted to characterise
such age-specific contact patterns. For example, the POLYMOD study byMossong et al.[1]

provides comprehensive empirical nationally-representative estimates of age-dependent
contact rates (expressed as contact matrices) in eight European countries based upon
contact diaries. Prem et al.[2] have estimated synthetic contact matrices for a wide range of
countries using results from POLYMOD, Demographic and Health Surveys, demographic
data, and other sources. Estimates of subnational or localised contact rates and mixing
patterns have also been published for China[3], India[4], Zimbabwe[5] andKenya[6], among
others.

Contact matrices reflect a snapshot of contact patterns at a particular time. The time
point corresponds to contact survey dates for empirical estimates or some appropriate
mid-point for data included in synthetic matrices. Each contact matrix is co-determined
by the intrinsic preferences of groups for contact with other groups (“assortativity”)
and the demographic composition of its source population. Moreover, matrices should
demonstrate ‘reciprocity of contacts’, where the total number of contacts between all
members of some age group iwith another age group j equals the total number of contacts
between all of group jwith group i. In infectious disease models with a short time horizon,
we can reasonably assume that the contribution of demographic composition to age-
specific contact patterns remains relatively constant. However, this assumption is violated
when the demographic structure is expected to change, as is the case when modelling
diseases with long latency periods (e.g., tuberculosis and syphilis) or interventions where
impact is expected to be long term (e.g., vaccines). As demography changes, total contacts
between age groups become unbalanced, leading to an error in the computed age-specific
force of infection parameters within the model.
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Arregui et al.[7] describemethods to project a contactmatrix estimated from any particular
population to a population with an arbitrarily different demographic structure. They
identified three properties of a contactmatrix that changewhen it is projected to a different
demographic structure: reciprocity, assortativity (the relative preference of one group
for contact with another), and overall average contact rate. They presented projection
methods that variably preserved these properties.

Despite this development, we are aware of only one study[8] investigating whether such
contact matrix updates affect model-based predictions of disease burden. This study
of Mycobacterium tuberculosis transmission suggested that a lack of demographically
matched contact matrix updates might underestimate future TB burden. In addition, no
studies have investigated if contact matrix updates affect dynamic model-based impact
estimates infectious disease control interventions.

We hypothesised that changing age-dependent contact rates through different contact
matrix update methods in an evolving demographic context would lead to differential
transmission dynamics between age groups in a disease with age-specific burden patterns.
Furthermore, these differential transmission dynamics would propagate through the
direct and indirect (transmission dependent) effects of vaccination, leading to differential
vaccine impact estimates.

We investigated the effects of updating age-specific social contact matrices to match
evolving demography on dynamic transmission model-based vaccine impact estimates,
using tuberculosis in India as a case study.

Methods

TransmissionModel

We developed a six-compartment dynamic model of Mycobacterium tuberculosis (M.
tb) transmission in the R[9] and Julia[10] programming languages, building on previous
studies[11–15]. A full description of model structure, parameterisation and calibration are
provided in the appendix.

In brief, the model represented six states: (1) naive to and susceptible to infection; (2)
latently infected; (3) active infectious TB disease (bacteriologically positive); (4) non-
infectious active TB disease (bacteriologically negative); (5) TB disease on-treatment and
(6) recovered from disease through successful treatment or natural cure. In addition, we
stratified all states by vaccination status.

Flows between states represented changes in TB natural history state or treatment status.
Natural history flows included infection byM. tb followed either ‘fast progression’ to active
disease or ‘slow progression’ to latent infection, conversion from non-infectious active
disease to infectious active disease, natural cure from active disease to the recovered state,
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reactivation from latency, and relapse from recovered. Treatment-related flows included
detection and initiation on treatment, treatment success and recovery, and treatment
failure leading to re-entry into non-infectious active disease.

We modelled ages 0–99, stratified into children (<15y), adults (15–64y) and elderly
(≥65y). Annual historical and projected future birth rates and all-cause mortality rates
were obtained from the United Nations World Population Prospects 2019 India country
profile[16]. New births entered the children group in the first time step of each year. Age-
group specific annual all-cause mortality, adjusted to remove TB mortality (appendix
§1.1), was applied at the beginning of each time step.

We ran the model over 1950–2050 using a six-month timestep, calibrated to historical
epidemiologic data over 2000–2019 and projected over 2020–2050.

We obtained prior ranges for natural history parameters from the literature, applying
age-group specific ranges where possible. Rates of fast progression, reactivation from
latency and TB mortality were constrained to be greater in children than adults. Rates of
relapse from the recovered state and fast progression were constrained to be greater in
the elderly than adults. Conversely, we constrained the natural cure rate and proportion
of fast-progressors entering non-infectious disease to be lower in the elderly than adults.

Social Contact Matrices

Empirical social contact data from India is limited to a study from one rural setting in
Haryana[4]. These data were not nationally representative, and raw contact data were
not published at the time of writing. As such, we used the SOCIALMIXR R package [17]

to generate a base social contact matrix derived from the POLYMOD study[1], which
aggregated empirical social contact survey data across 7,290 respondents and 97,904
contacts across eight European countries. We aggregated the raw POLYMOD contact
data and used the demographic structure of the constituent countries to generate a three
age-group base matrix (figure 1A) that corresponded to a snapshot of social contact at the
time of the survey (2005–2006). This matrix reflected a source population that comprised
approximately 16% children, 67% adults, and 17% elderly.

Arregui et al.[7] describe four methods to update contact matrices to match evolving
demography, labelled M0–M3. We briefly describe the properties of each method below;
detailed calculations and formulae are presented in the appendix §2.2. We adopted
the same naming convention, referring to each independently calibrated model by its
respective update method.

M0 represented the identity transformation, where contact rates remained invariant with
changing demographics. The M1–M3 updates were incremental, such that M3 included
the properties of M2, which included the properties of M1.
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Figure 1: Base contact and assortativity matrices. A: contact matrix derived from the
POLYMOD study, based on surveys conducted in 2005–2006, used without
further transformation in the M0 model and with reciprocity correction in
the M1 model. B: assortativity matrix derived from POLYMOD matrix, by
decoupling the POLYMOD demographic structure from base contact matrix.
Numbers within cells represent contact rates between the column-row age-group
pairs.

The M1 update method preserved reciprocity. Contact rates were adjusted to ensure
that the total number of contacts between any age group i and group j was equal to total
contacts between j with i as group sizes changed over time.

The M2 update method preserved assortativity in addition to reciprocity. Assortativity
is the relative preference of some age group i for contact with another group j, over that
expected by homogeneous mixing between i and j. For every contact matrixQ with n age
classes, we can compute a corresponding assortativity matrix R. The entries of R are the
contact rates expected in a population where the n classes are equally sized and where the
relative preferences for contact between groups are the same as in Q, multiplied by n. We
derived such an “assortativity matrix” from the M0 matrix (figure 1B) by decoupling it
from the original demographic structure of the POLYMOD survey. We then regenerated a
contact matrix during each step of model run time by applying the demographic structure
of that step to the assortativity matrix.

The M3 update method preserved the average contact rate in addition to reciprocity and
assortativity. The M2 matrix was first used to calculate the average population-wide daily
contact rate per individual and then normalised by this value.

Each of the methods described above implies different consequences on contact patterns
due to demographic change. For example, as total contact volume remains constant with
population size in M1, an ageing population would lead to more contacts between each
child and older adults. In M2, the overall average contact rate may increase (or decrease)
depending on the assortativity pattern and changes in the size of specific age classes,
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implying that more (or less) contact occurs between members in general. Finally, M3
implies the opposite: the total volume of contacts would grow in proportion to the total
population. Which of the aforementioned update methods best reflects the true change
in contact patterns is not known empirically; however, in this study, we use M1 as the
intuitively “natural” base case against which other methods were compared.

We present the scaled per-capita effective contact rate (β)—where an effective contact was
defined as sufficient to lead to infection, were it to occur between a susceptible and an
infectious individual[18]—between each age-group pair to demonstrate evolving contact
over time. In each contact matrix update scenario, we sampled an independent scaled
probability of transmission per infectious contact, which we transformed and multiplied
into the contact rate to compute β. Therefore, in all calibrated models,

β ∝ κ

where kappa (κ) represented the contact rate. Because each transformation scenario
was calibrated independently (see below), β parameters were difficult to compare across
scenarios; we examine differences in β parameter trends rather than magnitude.

Calibration

We calibrated four transmission models, labelled M0–3, using each of the contact matrix
update methods. Each baseline (unvaccinated) scenario was fitted to overall rates of
TB prevalence in 2015[19], incidence in 2010 and 2019[20,21], notifications in 2019[20,21],
and mortality in 2019[20,21]. Age-specific incidence rates were not published at the time
of writing. Therefore, we estimated incidence rates for <15, 15–99, and 65–99 year age
groups using raw incidence estimates from WHO[20,21] and population estimates from
World Population Prospects[16].

We captured historical programmatic control of TB by fitting treatment initiation rate to
notification rate data, with treatment outcome rates per the WHO TB database[20].

We assumed M1 to be the “natural” base case against which to measure the other update
methods. Further, to ensure that the baseline (unvaccinated) TB burden projected using
all update methods remained comparable, allowing any differences in vaccine impact to
be attributed to differential contact matrix updates, we calibrated models M0, M2, and
M3 to the 2050 incidence rate projected by the fully calibrated M1 model.

Model calibration was performed in two stages. First, we used box-constrained optimisa-
tion to find initial parameter sets that fit all calibration targets. Second, we used these
initial parameter sets to initialise an Approximate Bayesian Computation Markov chain
Monte-Carlo (ABC-MCMC) sampler to fully characterise the parameter space compatible
with the uncertainty ranges of the calibration targets. We extracted a final subsample of
1000 parameter sets from the ABC-MCMC chains for each contact matrix update method,
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with which the model was run to project baseline TB burden. We present median values
as a measure of central tendency and minimum and maximum trajectories as uncertainty
ranges. Posterior distributions for parameters and other calibration results are presented
in appendix §3 and §4.

Vaccine Implementation

We simulated a 50% efficacy prevention of disease vaccine, effective in individuals with
a prior history of TB infection (post-infection; PSI) that conferred 10-years of protec-
tion. Vaccination was delivered to populations without active disease and who were not
receiving treatment.

We simulated vaccine delivery targeted to children, adults, or the elderly via 10-yearly
mass campaigns that began in 2027 and achieved 70% coverage. Vaccine protection
was modelled through a reduction (proportional to vaccine efficacy) in the rates of fast
progression, reactivation from latency, and relapse from the recovered state. Vaccine
waning was modelled as instantaneous at the end of protection. Details of the vaccine
implementation are given in appendix §2.5.

Wemeasured vaccine impact as the per cent incidence rate reduction in 2050 in vaccinated
model runs compared to no-new-vaccine baseline runs.

We conducted sensitivity analysis by varying the host-infection status required for vaccine
efficacy to include vaccines effective in individuals with no prior history of infection
(pre-infection; PRI) and vaccines effective in individuals irrespective of TB infection
history (pre- and post-infection; P&PI).

Results

Calibration and Baseline Trajectory

Wecalibrated to TB prevalence, incidence, notification, andmortality rates. TheM1model
projected an overall 2015 prevalence rate of 217 (Uncertainty range (UR): 195–312) per
100,000, and incidence, mortality, and notification rates of 244 (UR: 205–265) per 100,000,
32 (UR: 30–35) per 100,000, and 167 (UR: 152–213) per 100,000, respectively, in 2019.
The M1 model also projected an overall incidence of 234 (UR: 190–271) per 100,000 in
2050.

Overall TB incidence rates in the M0, M2, and M3 models were projected at 244 (UR:
206–265) per 100,000, 242 (UR: 209–266) per 100,000, and 225 (UR: 206–263) per
100,000, respectively in 2019. As expected, the projected incidence in 2050 for M0, M2,
and M3 models remained within the envelope of the M1 projection. Projected 2050
incidence rates in M0 and M2, at 239 (UR: 195–271) per 100,000 and 258 (UR: 213–271)
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per 100,000, respectively, remained relatively stable compared to 2019. The 2050 projected
median incidence rate in M3 rose slightly, with a narrowed uncertainty interval to 266
(UR: 237–271) per 100,000.

Age-specific incidence calibration for M1 and full calibration results for M0, M2, and M3
are presented in appendix §4.3. In general, we found a substantially lower TB burden in
children than adults or the elderly (appendix §4.3). TB burden was comparable between
adults and elderly (appendix §4.3). In addition, we found similar proportions of incident
TB due to relapse, reactivation, or new infection followed by transmission across M0–M3
(appendix §4.3.2).

Evolution of Contacts

The temporal evolution of themedian per capita effective contact rates (β) for all age-group
pairs are presented in figure 2. The subscripts indicate the age classes of the individual
and their contactee (A = adults; C = children; E = elderly). In addition, measures of
reciprocity error, assortativity, and average contact rate differences between the update
methods are presented in appendix §2.2.

In the M0 scenario, as expected, β values for all age-group pairs remain constant over
time.

In the M1 model, the reciprocity correction ensured that within age-group β values
remained constant over time and demographic change. Broadly, βAC, βAE, and βEC also
remained relatively constant. βEA demonstrated the most marked decline, reflecting the
distribution of a fixed total volume of contacts over a growing proportion of elderly. The
opposite effect, albeit less marked, was seen in βCA,

In the M2 model, values for βAA, βCA, βCC, and βEA were higher than in the M0 or M1
models, reflecting the higher proportion of adults and children in India than in POLY-
MOD countries. Accordingly, values of βCC and βAC declined over 2025–2050, mirroring
the declining proportion of children in the population, suggesting fewer contacts between
children and between each adult with children. We found the opposite effect in βEE, βAE,
and βCE: as the proportion of elderly in the population rose, the number of contacts with
the elderly also rose.

β values and trends were similar between the M2 and M3 models. However, as the average
contact rate declined in the M2 model over time (appendix §2.2) we found increasing
trends in counterpart β values projected by the M3 model.

Vaccine Impact

A summary of vaccine impact, for a vaccine with 50% efficacy, conferring 10-years of
protection, effective in individuals with a previous history of disease, and which prevented
disease but not infection, is presented in figure 3.
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We found that vaccine impact estimates in all age groups remained relatively stable
between theM0–M3models, irrespective of vaccine targeting by age group. Themaximum
difference in impact, observed following adult-targeted vaccination, was 7% in the elderly,
in whom we observed IRRs of 19% (uncertainty range 13–32), 20% (UR 13–31), 22%
(UR 14–37), and 26% (UR 18–38) following M0, M1, M2 and M3 updates, respectively.

When the vaccine was delivered to adults, we observed an increasing vaccine impact
in M0 through M3 models in all age groups. A similar across-model trend was seen in
vaccine impact when vaccinating children, albeit of a smaller magnitude. A decreasing
trend in vaccine impact from M0 to M3 was found in all age groups when vaccinating
the elderly. However, we found substantial overlap in the uncertainty ranges of vaccine
impact estimates across M0–M3 for all vaccine targeting and outcome combinations.

Overall findings were robust to variation in host-infection status required for efficacy;
we found similarly stable vaccine impacts between M0–M3 for pre-infection or pre-and
post-infection vaccines (appendix §5).

Discussion

We found that model-based estimates of TB vaccine impact in India remained stable over
a range of simulated changes that matched contact structures to evolving demography.

Vaccine impact estimates in all age groups remained relatively stable between contact
matrix update methods, irrespective of vaccine targeting by age group. The maximum
difference in incidence rate reduction in 2050, observed following adult-targeted vaccina-
tion, was 7% in the elderly, in whom we observed IRRs of 19% (uncertainty range 13–32),
20% (UR 13–31), 22% (UR 14–37), and 26% (UR 18–38) following M0, M1, M2, and M3
updates, respectively.

Adult-targeted PSI vaccination led to the greatest vaccine impact in all age groups. In
contrast, child- or elderly-targeted vaccination reduced TB burden within those groups
with minimal indirect impact on others. This pattern suggests relatively low transmission
of infection from children or the elderly to outside their age groups in the modelled
epidemic.

The effective contact rate between children (βCC) declined markedly over time in the
M2 and M3 models, while in M0 and M1 it remained relatively constant. We found that
targeting vaccines to children did not yield different vaccine impacts between M0–M3
despite this difference. This is likely because the burden of TB in children was very low in
all models (appendix §4.3), leading to a correspondingly low force of infection originating
from this group. Thus, the disease and transmission avertible by targeting vaccination to
children was limited in all models, minimising differential impact. We note that, although
TB vaccine impact is unchanged, differential contact matrix updates may substantially
affect models of other more prevalent or more infectious childhood diseases.
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In contrast to children, we found that disease burden in the elderly was greater than or
comparable to adults. However, the elderly had lower contact rates with all age groups,
with low and stable βE* and β*E values across M0–M3. This may also have contributed to
lower avertible disease and transmission levels, reducing differential impact across the
update methods.

Our findings may reflect the dominant contribution of intrinsic biological factors (repres-
ented in the model as constrained parameterisation and age-specific parameter values)
over behavioural factors (i.e., age-specific contact patterns) to age-specific disease burden
in TB.This would reduce the sensitivity of the force of infection to changes in contact rates,
contributing to the stability of vaccine impacts across M0–M3. However, this balance
may differ in other diseases, warranting investigation on a per disease basis.

Finally, numerically, it can be shown that only the M2 and M3 transformations satisfy the
frequency dependence assumption commonly used when calculating force of infection
parameters in human dynamic transmission models. However, even in the M2 and
M3 models, frequency dependence is only maintained if the population grows while
maintaining a constant age composition, which is unlikely.

Our findings must be interpreted considering several limitations of this study.

Firstly, we used large age strata. Although granular contact data from the POLYMOD
study were available, we were limited to stratifying the model into three relatively broad
age groups by the resolution of available calibration data in India. As a result, subtle
interactions of contact rateswith evolving demographymay have been obscured, especially
within thewide adult age group. It is difficult to estimate the direction of bias this limitation
might impose. However, most previous TB vaccine models have considered these age
groups in aggregate, as we have done, as they are of interest from an epidemiologic and
vaccine implementation strategy perspective[11,13,14].

Secondly, our case study of India was limited by the scarcity of granular, nationally rep-
resentative TB epidemiologic data. India has not yet published a national survey of TB
prevalence; nationally representative empirical estimates of age-specific prevalence are
unavailable. In general, TB notification data are known to have age-specific biases, which
may underestimate the burden of disease in children and older people[22,23]. Additionally,
our use of a generic POLYMOD contact matrix rather than an India-specific matrix may
reduce the accuracy of our findings. We know of two previous studies which estimated
social contact patterns in India. Prem et al.[2] combined Demographic and Health Survey
results, POLYMODdata, and other household-level data to generate synthetic age-specific
contact matrices for India. Kumar et al.[4] reported a social contact survey limited to
Haryana, North India. At the time of writing, raw data from neither study was available
in the form needed to generate matrices for our model. However, similarly to the POLY-
MOD matrix, both studies found strong assortativity for in-age-group contacts, with
additional assortativity between younger adults and children. Therefore, we speculate
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that differential impact across update methods is likely to remain stable, despite possible
different magnitudes of vaccine impact and age-specific impact patterns.

Finally, we calibrated the M0, M2, and M3 models to fit the baseline predicted overall
TB incidence rate in 2050 of the M1 model. This likely reduced the parameter space
available to calibrate the M0, M2, and M3 models. However, this deliberate constraint
allowed us to isolate the effects of differential contact matrix updates on vaccine impact
by maintaining comparable baseline trajectories between the four models. Thus, we
assumed that relative differences in vaccine impact between M0–M3 were preserved at
the cost of an error in absolute magnitudes. Further, we assumed a constant probability
of infection per infectious contact in all age groups. Children are believed to be less
infectious than adults or the elderly[24]. Thus, independently calibrating this parameter
for each age group may magnify the effects of changes to the contact matrix; however, as
the contribution to transmission from children is very small, this is unlikely to affect our
findings substantially.

Our findings also likely reflect characteristics of tuberculosis’ natural history. TB disease
can recur through either reactivation from latency or relapse from the recovered state;
thus, some fraction of disease remains resistant to contact and transmission changes.
Both latency and recovered state may persist for many years, introducing lag time between
changes in transmission dynamics and changes in disease burden. It would be interesting
to carry out similar experiments with other long-duration infections.

Further work is necessary to test the generalisability of our findings, in particular in set-
tings with more significant changes to demographic composition, with different patterns
of age-specific disease burden, and with diseases with shorter time courses.

Conclusions

We found that model-based TB vaccine impact estimates were relatively insensitive to
demography-matched contact matrix updates in an India-like demographic and epidemi-
ologic scenario. Current model-based TB vaccine impact estimates may be reasonably
robust to the lack of contact matrix updates, but further research is needed to confirm and
generalise this finding. Further work is also required to investigate whether this result
can be generalised to other epidemiologic and demographic contexts and other diseases.
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5 Contact Matrices, Evolving Demography, and Vaccine Impact

5.2 Technical Appendix

Reprint Note This Technical Appendix was submitted with Research Paper 4 was
submitted to PLoS Computational Biology in August 2021. It has completed one round
of review and is currently undergoing revisions. The original submission is reprinted in
this section.
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Supplementary Methods
1 Natural History Model

We constructed a difference equation-based compartmental dynamic transmission model of
Mycobacterium tuberculosis (Mtb) , with a timestep of 6 months and a time horizon of 1950-2050.
Themodel was an evolution of previous compartmental models developed and used by Knight et al.
[1] , Harris et al. [2, 3], and Weerasuriya et al. [4, 5]. The model had the following compartments:

1. Susceptible (S; never infected by Mtb);

2. Latently infected (L; infected with Mtb, but without active disease);

3. Infectious active disease (I ; bacteriologically positive TB disease capable of transmission);

4. Non-infectious active disease (N ; bacteriologically negative TB and incapable of transmis-
sion);

5. On-treatment for tuberculosis (T ) and;

6. Resolved (R; recovered from active disease, either via treatment or through natural cure).

A diagram of model compartments and flows between compartments is presented in Figure 1.
Susceptible (naive) populations infected byMtb could either become latently infected or directly

progress to active disease. Individuals in the active disease state could either: (1) be detected
and move to treatment; (2) cure TB disease naturally; or (3) die from tuberculosis or other
causes. Those who experienced natural cure moved to the resolved compartment. Those starting
treatments entered the treatment state where they could experience either treatment success
(and move to the resolved state) or treatment failure (and return to noninfectious active disease).
Latently infected and resolved populations could reactivate and relapse, respectively, back into
the active disease state. Alternatively, these populations could be reinfected and experience rapid
progression to active disease. We applied background age-specific mortality to all compartments.

1.1 Demography

Themodel was structured into three age classes: children (C;< 15 years), adults (A;≥ 15 and
< 65 years) and elderly (E;≥ 65 and≤ 99 years). New births entered the chidren S compartment
at the beginning of each year. Annual mortality and ageing rates out of each age class were derived
from the United Nations World Population Prospects [6] for India, using the medium estimates
of projected population from 2019–2050. UN population estimates and projections of all-cause
mortality include TB mortality. During model calibration (section §3), we removed model-
estimated TB deaths from background mortality and recalculated cause-deleted background
mortality. Cause-deleted background mortality was stored for each calibrated parameter set and
used as the model input during vaccine simulation (section 2.5).

2 Parameterisation

Prior ranges, references, and constraints for model parameters are presented in Table 1. Mtb
transmission was modelled using the force of infection parameter λ section 2.1. Following
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Figure 1: Model diagram. Key for symbols given in Table 1. Boxes represent model compartments,
arrows represent transitions. Transitions B and µ represent births into the model and
non-TB background mortality, respectively.
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infection byMtb, susceptible individuals transitioned directly to active disease (“fast-progression”)
or latency with age-specific risk p and 1 − p respectively. Fast-progressors were divided into
infectious vs noninfectious active disease via age-specific parameters f and 1− f , respectively.
Individuals in the L and R compartments could reactivate or relapse, respectively, per age-
specific risk parameters v and r. Latently infected individuals and individuals in the recovered
compartment could be reinfected and progress to active disease. However current or previous
infection was assumed to confer protection against fast-progression to disease: risk of disease
following reinfection was reduced per parameter x (where 1− x equaled the relative degree of
protection). Reinfected latently infected individuals who did not fast-progress remained in the L
compartment. However, as relapse rates from recovered are higher than reactivation rates from
latency [7–9], reinfected recovered individuals who did not fast-progress did not become latently
infected. This would have implied that reinfection would reduce the risk of active disease (from r

to v) in recovered individuals, which we considered implausible.

2.1 Transmission

We adapted the formation for age-specific force of infection (λi) from Keeling and Rohani [10] to
a difference equation (discrete time) model.

Continuous time The standard formulation for force of infection over continuous time derives
δq, the probability of infection in some small time interval δt, given some probability π of infection
following an infectious contact, average daily contact rate κ, and proportion I(t) of infectious
individuals in the population at time t. Assuming each contact is an independent event, the
probability that an individual avoids infection in some interval δt is

1− δq = (1− π)κI(t)δt,

leading to the expression for the probability of infection in time period δt,

δq = 1− (1− π)κI(t)δt.

Defining β = −κ · ln(1− π), taking exp(κ ln(1− π)) = exp(−β) and substituting gives

δq = 1− exp(−β)I(t)δt = 1− exp(−βI(t)δt).

At the limit of δq
δt as δt→ 0,

dq

dt
= λ(t) = −βI(t),

where λ represents the force of infection and β represents the effective daily contact rate.

Discrete time To adapt the formulation to discrete time, we first multiplied the contact rate κ
by 180 to adjust for a six-month time step, leading to the scaled six-monthly effective contact rate:

β = −180κ ln(1− π)

We adapted expression δq = 1− exp(−βI(t)δt) to derive the risk of infection in time step t:

λt = 1− exp(−βIt−1)

To calculate age-specific force of infection (λi,t), we first constructed a pairwise matrix B
containing β terms for all combinations of children (c), adults (a) and the elderly (e):
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B =

 βc,c βc,a βc,e

βa,c βa,a βa,e

βe,c βe,a βe,e

 = −180 · ln(1− π) ·

 κc,c κc,a κc,e

κa,c κa,a κa,e

κe,c κe,a κe,e


We assumed that π was constant across all age groups. Thus, differential transmission between

age classes was driven solely by heterogeneity in contact rates, represented by thematrix containing
κ terms. Each constituent term, κi,j represented the number of contacts each member of imade
with group j per day, normalised to give an overall population-wide average contact rate of one
per day.

Using matrix B, we derived the final following expression for age-specific force of infection for
age group i at time t:

λi,t = 1− exp(−
∑

j∈{c,a,e}

βi,jIj,t−1)

As this study normalised the contact matrix κ to have a population-wide average contact rate
of 1 day−1, π represented an aggregate transmission scaling factor comprising a correction for
contact rate and transmission probability.

2.2 Contact Matrix Update Methods

We adapted contact matrix transformation methods from Arregui et al. [11]. We first derived the
base contactmatrix fromaggregated polymod [12] data (Fig 1A in themain text). Then, we divided
each contact rate by the overall average contact rate of the source population (approximately 12.79
contacts per day) to provide a normalised matrix κi,j .

Here we describe the methods to generate a new contact matrix κ′i,j , matching the demographic
specific composition of populationN ′, containing age groups i and j of magnitudeN ′

i andN ′
j ,

from some initial matrix κi,j , originating from a populationN , where age groups i and j have
magnitudesNi andNj , respectively.

M0

The contact matrix was constant at each time step in the model, applying no corrections to
match demography. Median reciprocity error—defined as the fraction of non-reciprocal contacts
among all contacts between non-self age-group pairs [11]—is presented in Fig crossref. There was
substantial reciprocity error over the model time horizon figure 2A, including over the vaccine
simulation period of 2025 (56%) to 2050 (21%).

The M0 method is computationally simple but fails to preserve reciprocity. This may not
introduce substantial error, for example, whenmodelling annual viral epidemics, or in populations
where the demographic composition is stable. However, tuberculosis models routinely project
over decades, very likely encountering substantial demographic change.

The effect of unadapted, unbalanced matrices are highlighted by considering a different hypo-
thetical population containing age groups l andm, of magnitudeNl andNm respectively, with
contact rates κl,m between each member of l and groupm, and κm,l between each member of
m and group l. IfNl is increased toN ′

l , holding κl,m, κm,l, andNm constant, the total contacts
with l, by all members ofm,Nmκm,l would be fewer than the total new number of contacts with
m by l,N ′

lκl,m, thus underestimating the force of infection experienced by members ofm.
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M1

TheM1method avoids the reciprocity error inherent toM0, as κi,j and κj,i are recalculated taking
the total contacts as the mean ofN ′

iκi,j andN ′
jκj,i. This update was applied at each time step,

formulated as:

κ′i,j =
1

2N ′
i

(
κi,jN

′
i + κj,iN

′
j

)
By definition, the contact rate of an age-group with itself does not change.

M2

The contact rate between age groups i and j is a function of both intrinsic preference for contact
with j by i, relative to contact with other i (i.e., assortativity), and the relative density ofNj (i.e.,

Nj

Ni+Nj
) in the total population. For every contact matrixQ with n age classes, we can compute

a corresponding assortativity matrix R. The entries of R are the contact rates between i and j,
multiplied by a constant factor n, that would be expected in a population where the n classes are
equally sized and where the relative preferences for contact between groups are the same as inQ.
We derived the base assortativity matrix, A, from the original polymod matrix as:

Ai,j = κi,j
N

Nj
.

We then recalculated the updated contact matrix during each time step of the model run,

κ′i,j = Ai,j

N ′
j

N ′ .

In bothM0 andM1, despite the changing density of l from of Nl

N to N ′
l

N ′ , the contact rate κl,l
remains unchanged, implying a counterbalancing change in assortativity.

To provide a summary measure of assortativity in a given mixing matrix, Newman [13] defines
an assortativity coefficient, which we have adapted as follows.

First, a matrix E is constructed where each entry εij (with row indices i and column indices j)
represents the fraction of all contacts made by its associated pair of age groups (children, c, adults,
a, and elderly, e in our study)

E =

 εcc εca εce

εac εaa εae

εec εea εee

 ,∑
ij

εij = 1.

.
The row-wise and column-wise sums of contact fractions are defined as

∑
i

εji = γj ,
∑
j

εij = ai.

The assortativity coefficient [13], ρ, is then given by

ρ =
(εcc + εaa + εee)− (αcγc + αaγa + αeγe)

1− (αcγc + αaγa + αeγe)
.

In a balanced contact matrix, αi = γi.
This coefficient ranges from −1 to +1, where +1 represents completely assortative mixing (where

each group mixes exclusively within itself), 0 represents random (homogeneous) mixing, and a
value≥ −1, < 0 for completely disassortative mixing. We observed increasing assortativity in

237



0%

25%

50%

75%

100%

125%

1950 1975 2000 2025 2050

year

m
e

d
ia

n
 r

e
ci

p
ro

c
it
y
 e

rr
o

r 
(%

)A

0.0

0.1

0.2

0.3

0.4

1950 1975 2000 2025 2050

year

a
s
so

rt
a
tiv

it
y
 c

o
e

ffi
ci

e
n

t

B

0

5

10

15

1950 1975 2000 2025 2050

year

a
ve

ra
g
e

 c
o

n
ta

c
t 

ra
te

 (
d

a
y

−
1
)C

M0

M1

M2

M3

Figure 2: Contact matrix update analysis. A Median reciprocity error. Lines for M0–M2 are
overlaid on one another. BMedian assortativity coefficient, ρ. Lines forM2 andM3 are
overlaid on one another. CMedian value for average contact rate per day.

theM0 andM1models over the model time horizon, with ρ between approximately 0.3 and 0.45
figure 2B. Assortativity remained constant at approximately 0.45 for bothM2 andM3models.

M3

In theM3 update method, we normalised the assortativity matrix derived from theM2model
(denoted here as κ̂) to have a population-wide average contact of one, as:

κ̂i,j = κi,j
NN ′

j

NjN ′

d =

∑
i,j

κ̂i,jN
′
i

N ′

κ′i,j =
κ̂i,j
d

We found that average contact rate was higher in theM2 than theM1model over the model
time horizon. Average contact in M1 remained stable at approximately 14.5 contacts per day
figure 2C.
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2.3 Model Parameterisation

Natural history parameters with prior ranges and references are presented in table 1.
We stratified parameters for rates of fast progression following infection (p), progression to

infectious vs. non-infectious disease (f ), reactivation from latency (v), relapse from the recovered
state (r), and TB mortality (separately for infectious [µI] vs non-infectious disease [µN]) by
age for children, adults, and the elderly, independently sampling each from age-specific priors
during calibration (table 1). There is no empirical data to substantiate the upper bound for fast-
progression rate in the elderly; therefore, we used progression rates in HIV+ populations for this
value, assuming that immunocompromise was a reasonable proxy for immunosenescence. Where
age-specific prior ranges overlapped, we constrained the sampling process to retain values for
progression rate, reactivation from latency, and TB mortality, in children and the elderly only
if greater than in adults. Similarly, natural cure rate was constrained to be lower in the elderly
than adults. We fitted treatment initiation rate (c2020) in 2020, interpolating from zero in 1960
to the fitted value in 2020. Treatment outcomes were taken fromWHO [14] data. Both treatment
initiation rates and outcomes were held constant after 2020.

2.4 Model Equations

Equations describing transitions between model compartments are given in this section. In
the following equations, subscript t represents the current time step and j represents a generic
age class. Symbol definitions are presented in table 1. Where indicated, subscripts c, a, and e
specifically refer to child, adult, and elderly specific states, respectively. As the model time-step
was defined as six months (the duration of first-line therapy for active tuberculosis), outflow from
the treatment compartment (T ) is the entire content of that compartment in step t− 1.

Susceptible (S) compartment

St,j = (1− λt−1,j)St−1,j

Latent Infection (L) compartment

Lt,j = (1− vj − λt−1,jxpj − µt−1,j)Lt−1,j

+ (1− pj)λt−1,jSt−1,j

Active infectious disease (I) compartment

It,j = (1− nj − σI
t−1 − µI

j − µt−1,j)It−1,j

+ λt−1,jpjfjSt−1,j

+ (λt−1,jxpj + vj)fjLt−1,j

+Nt−1,jω

+ (λt−1,jxpj + rj)fjRt−1,j

Active noninfectious (N ) compartment

Nt,j = (1− nj − σN
t−1 − µN

j − µt−1,j − ω)Nt−1,j

+ λt−1,jpj(1− fj)St−1,j

+ (λt−1,jxpj + vj)(1− fj)Lt−1,j

+ (λt−1,jxpj + rj)(1− fj)Rt−1,j

+ (1− µt−1,j)φt−1Tt−1,j
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Table 1: Model Parameters. Subscript j indicates the parameter was age-stratified, with subscripts
c, a, and e representing child, adult, and elderly age groups respectively. We assumed
uniform prior ranges for all sampled parameters.

Parameter and symbols Prior ranges and constraints References

natural history parameters

Risk of progressing directly to active TB following
(re-)infection
pj

0.01 ≤ pc ≤ 0.06
0.08 ≤ pa ≤ 0.2
pa ≤ pe ≤ 0.36

[1, 7, 8, 15]

Protection from re-infection or developing active TB
due to latent infection or recovered state
x

0.25 ≤ x ≤ 0.4 [7, 8, 16, 17]

Risk of reactivation from latent infection or recovered
state
vj

0.0001 ≤ vc ≤ 0.0003
0.0001 ≤ va ≤ 0.0003
va ≤ ve ≤ 0.04

[1, 15, 17–19]

Proportion of new active cases becoming infectious
fj

0 ≤ fc ≤ 0.15
0.25 ≤ fa ≤ 0.75
0.19 ≤ fe ≤ fa

[7, 15, 18, 20–22]

Risk of converting from noninfectious to infectious
active disease
ω

0.007 ≤ ω ≤ 0.02 [23]

Risk of natural cure
nj

0.1 ≤ nc ≤ 0.25
nc = na

0.1 ≤ ne ≤ na

[7, 15]

Risk of relapse from recovered
rj

0.005 ≤ rc ≤ 0.015
0.005 ≤ ra ≤ 0.015
ra ≤ re ≤ 0.015

[24]

Risk of mortality with active infectious TB
µI

0 ≤ µI
a ≤ 0.178

µI
a ≤ µI

c ≤ 0.178
µI
a ≤ µI

e ≤ 0.178

[25]

Risk of mortality with active noninfectious TB
µN

0 ≤ µN
a ≤ 0.034

µN
a ≤ µN

c ≤ 0.034
µN
a ≤ µN

e ≤ 0.034

[25]

Transmission calibration factor
π

0 ≤ − log10(π) ≤ 2 Fitted.

treatment and diagnosis parameters

Risk of treatment initiation in 2020
c2020

0 ≤ c2020 ≤ 1 Fitted.

Relative detection of non-infectious cases
e

0.4 ≤ e ≤ 0.8 Fitted.
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Treatment (T ) compartment

Tt,j = σI
t−1It−1,j + σN

t−1Nt−1,j

Recovered (R) compartment

Rt,j = (1− λt−1,jxpj − rj − µt−1,j)Rt−1,j

+ (It−1,j +Nt−1,j)nj

+ (1− µt−1,j)ψt−1Tt−1,j

Demography

New births into the model were implemented as new entries into the children age group in the
first time step of each calendar year.
St,c = St,c +Bt

We implemented population aging at every time step as a calendar-time specific risk, calculated
fromWorld Population Prospects [6] projections, out of the child compartments into the adult
compartments, and out of the adult compartments into the elderly compartments. Individuals
aging out of the elderly compartment were assumed to experience 100% mortality. Thus, for any
particular compartment Y , aging rates g were applied as:

Ageing out of S, L, and I compartments:
Yj,t = Yj,t − gj,t−1Yj,t−1

Ageing out of compartmentN :
Nj,t = Nj,t − gj,t−1(Nj,t−1 + Tj,t−1φt−1)

Ageing out of compartmentR:
Rj,t = Rj,t − gj,t−1(Rj,t−1 + Tj,t−1ψt−1)

Aging into compartments S, L, and I :
Ya,t = Ya,t + gc,t−1Yc,t−1

Ye,t = Ye,t + ga,t−1Ya,t−1

Ageing into compartmentN :
Na,t = Na,t + gc,t−1(Nc,t−1 + Tc,t−1φt−1)

Ne,t = Ne,t + ga,t−1(Na,t−1 + Ta,t−1φt−1)

Ageing into compartmentR:
Ra,t = Ra,t + gc,t−1(Rc,t−1 + Tc,t−1ψt−1)

Re,t = Re,t + ga,t−1(Ra,t−1 + Ta,t−1ψt−1)

Aging in and out of theN andR compartments had additional terms to represent aging which
occurred to those exiting the T compartment. The foregoing demographic transitions were
replicated during vaccine simulation in the vaccinated stratum.

2.5 Vaccine Implementation

We implemented vaccination in the model as described elsewhere [2–5].
We categorised vaccines qualitatively into two dimensions: by host-infection required for

efficacy and by preventive effect. We stratified vaccine by the host-infection status required for
efficacy: (1) “preinfection” (pri) vaccines were only effective in susceptible individuals, with no
prior history of infection; (2) “postinfection” (PSI) vaccines were effective in those with latent
infection and resolved infection; and (3) “pre- and postinfection” (P&PI) vaccines were effective
in all three types of host infection status. We also stratified vaccines to prevent infection (POI),
prevent disease (POD), or both (POI/D). To represent the vaccinated population, we replicated
each compartment C to create an equivalent vaccinated compartment CV .
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Table 2: Calibration Targets. Target values and ranges are specified as per 100,000 population.
Target Year Age group Value References

midpoint range

Incidence 2010 All 247 (128–405) [14, 26]

2019 Children (< 15y) 90 (55–126)

All 193 (132–266)

All Adults (≥ 15y) 230 (140–321)

Elderly (≥ 65y) 277 (0–622)

20501 All 234 (190–271) M1model projection.

Mortality 2019 All 33 (30–35) [14, 26]

Notification 2019 All 190 (152–228) [14, 26]

Prevalence 2015 All 253 (195–312) [27]

Vaccination at coverage q was represented by transition from the unvaccinated compartment
to its corresponding vaccinated equivalent (C → CV ) and waning of protection at rate omega as
transition in the opposite direction (CV → C).

3 Calibration

3.1 Targets

The common calibration targets for all modelsM0–M3 are presented in table 2. We calibrated all
models to a minimum of eight calibration targets, including prevalence, mortality, incidence and
notification rates [14, 26]. As India has not yet reported a nationally representative tuberculosis
prevalence survey, we used estimates of bacteriologically-positive prevalence rate derived through
pooling subnational estimates as a calibration target for all TB prevalence rate [27]. We derived
age-stratified incidence rates from overall incidence estimates published by WHO and population
estimates fromWorld Population Prospects [6]. Overall mortality rates were obtained form the
WHO Tubeculosis Database [14].

We assumed that treatment initiation rate within the model corresponded to published notific-
ation rates. We assumed a 20% uncertainty interval around point estimates of notification rate to
adjust for potential private sector (unreported) treatment of TB and for loss to follow up between
diagnosis and treatment initiation and calibrated rates of treatment initiation (σ) to this range. As
described in the main text, we also calibrated models M0, M2, and M3 to all-age TB incidence
rate projected by modelM1.

3.2 Methods

We calibrated the model independently for each update method (M0–M3).
We calculated a normalised distance ratio, o, using model output t that required calibration to

target tmid within range tlow–thigh as:

o =


t−tmid

thigh−tmid
if t ≥ tmid

tmid−t
tmid−tlow

if t < tmid

We applied a penalty for model outputs which fell outside the uncertainty bounds as

1For modelsM0,M2, andM3 only
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ô =

o · n if o > 1

o if o ≤ 1
,

where n equaled the total number of targets to fit.
We then sampled the parameter space consistent with calibration targets using an Approximate

Bayesian Computation Markov Chain Monte Carlo (abc-mcmc) [28–31]. We used (random)
ABC rejection sampling to initialise the mcmc chains. Where random sampling failed to find
an adequate parameter set to initiate an mcmc chain, we used box-constrained optimisation to
minimise the sum of ô. mcmc chains were then seeded with these optimised parameter sets to
fully characterise the compatible parameter space.

The sampler tolerance, ε, was set equal to n, representing the maximum Euclidean distance of
the normalised model outputs at which the abc-mcmc sampler would accept parameter samples.
Each mcmc chain was run for 10 million iterations, thinning accepted samples at a ratio of 100:1.
Of the resulting 100,000 samples we randomly subsampled 1000 parameter sets to generate final
results.
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Supplementary Results
4 Calibration and Baseline Projections

4.1 ABC-MCMC Sampler Performance

Broadly, we achieved good mixing of mcmc chains over all models calibrated to all updated
methods. The posterior parameter space compatible with model fit to all calibration targets was
most constrained in theM3model, as evidenced in the posterior density plots Figure 7, leading to
comparatively reduced mixing compared toM0–2. mcmc chains for the 100,000 retained final
samples for each calibrated model are presented in figures 3–6.

4.2 Posterior Distributions

The posterior distributions for all parameters across calibrated models forM0–M3 are presented
in Figure 7. We found that the posterior parameter space compatible with full fit to calibration
targets was consistently reduced in theM3model compared toM0–M2.
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Figure 3: mcmc chains generated during calibration ofM0model. 100,000 samples were retained
per chain. Y-axes display parameter values normalised against their respective prior
ranges.
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Figure 4: mcmc chains generated during calibration ofM1model. 100,000 samples were retained
per chain. Y-axes display parameter values normalised against their respective prior
ranges.
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Figure 5: mcmc chains generated during calibration ofM2model. 100,000 samples were retained
per chain. Y-axes display parameter values normalised against their respective prior
ranges.

247



Figure 6: mcmc chains generated during calibration ofM3model. 100,000 samples were retained
per chain. Y-axes display parameter values normalised against their respective prior
ranges.
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4.3 Baseline Projections

Calibration results for the M1 model and baseline incidence projections to 2050 are presented in
Figure 8.
In theM1model, prevalence rate was predicted to be 217 (uncertainty range: 195–312) per

100,000 in 2015, mortality rate was predicted to be 32 (UR: 30–35) per 100,000 and notification
rate was predicted to be 167 (UR: 152–213) per 100,000 in 2019, respectively. Overall incidence
rate was predicted to be 248 (UR: 206–293) per 100,000, 244 (UR: 205–265) per 100,000, and 234
(UR: 190–271) per 100,000 in 2010, 2019, and 2050 respectively.

As described in the main text, we applied the M0 2050 incidence rate value as a calibration
target for theM0,M2, andM3models.

Calibration results and baseline incidence projections to 2050 for theM0,M2, andM3models
are presented in Figures 9, 10 and 11 respectively.

In theM0model, prevalence rate was predicted to be 217 (UR: 195–310) per 100,000 in 2015,
mortality rate was predicted to be 32 (UR: 30–35) per 100,000 and notification rate was predicted
to be 168 (UR: 152–217) per 100,000 in 2019, respectively. Overall incidence rate was predicted
to be 249 (UR: 205–288) per 100,000, 244 (UR: 206–265) per 100,000, and 239 (UR: 195–271) per
100,000 in 2010, 2019, and 2050 respectively.

In theM2model, prevalence rate was predicted to be 213 (UR: 195–312) per 100,000 in 2015,
mortality rate was predicted to be 32 (UR: 30–35) per 100,000 and notification rate was predicted
to be 167 (UR: 152–221) per 100,000 in 2019, respectively. Overall incidence rate was predicted
to be 234 (UR: 195–275) per 100,000, 242 (UR: 209–266) per 100,000, and 258 (UR: 213–271) per
100,000 in 2010, 2019, and 2050 respectively.

In theM3model, prevalence rate was predicted to be 204 (UR: 195–273) per 100,000 in 2015,
mortality rate was predicted to be 31 (UR: 30–35) per 100,000 and notification rate was predicted
to be 161 (UR: 152–214) per 100,000 in 2019, respectively. Overall incidence rate was predicted
to be 210 (UR: 180–263) per 100,000, 225 (UR: 206–263) per 100,000, and 266 (UR: 237–271) per
100,000 in 2010, 2019, and 2050 respectively.

4.3.1 Model Demography

Demographic projections for India fromWorld Population Prospects for 2025–2050 are shown in
figure 12A for the population overall and for the three age-groups of interest. Assuming υU as
the World Population Prospected projected population value, and υM as the population estimate
predicted by theM0–M3models, we defined the relative error as:

relative error = log10

(
υU − υM
υU

)
.

We found low relative error across all models, suggesting good concordance between projected
demography and the underlying UN data figure 12B–E. Error was smallest in theM3model, likely
reflecting the smaller fitted parameter space and ensuing reduced variability in model projections.
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Figure 8: Calibration and Baseline Projections—M1. Rates are specified per 100,000 population.
Lines represent median estimates, ribbons represent uncertainty range. Points and bars
represent calibration target and range, respectively. A: overall prevalence rate. B: overall
notification rate. C: overall mortality rate. D: incidence rate, overall and disaggregated
by age group, projected to 2050.
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4.3.2 Epidemic Analysis

Figure 13 shows TB incidence disaggregated by source. We find that the epidemic structure is
broadly similar acrossM0–M3models, largely driven by new infection followed by fast progression
in naive individuals and recovered individuals, with a comparatively minor contribution from
either reactivation or reinfection of latently infected individuals.
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5 Vaccine Impact

Vaccine impact across modelsM0–M3 is summarised in table 3, including a sensitivity analysis
for host infection status required for efficacy. We find that differential vaccine impact across
update methods remains insensitive to host-infection status required for efficacy. Similar to PSI
vaccines, the maximum difference in impact in the elderly following adult-targeted vaccination at
8% betweenM0 andM3 scenarios.
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Table 3: Percent TB incidence rate reduction due to vaccine compared to no-vaccine in 2050, over
four contact matrix update scenarios. The vaccine is assumed to have been delivered at
70% coverage and 10-yearly mass campaigns beginning in 2027. Values represent median
(uncertainty interval).

Host Status Target Group Update Method Outcome Group

children adults elderly

P&PI children M0 33% (30–35) 5% (4–7) 2% (1–4)

M1 33% (30–35) 5% (4–8) 2% (1–4)

M2 33% (30–36) 6% (4–8) 2% (1–5)

M3 33% (30–35) 6% (5–8) 3% (2–5)

adults M0 43% (34–53) 55% (49–63) 23% (15–38)

M1 45% (35–55) 55% (50–63) 25% (15–38)

M2 46% (36–57) 58% (51–66) 27% (16–43)

M3 47% (39–56) 59% (55–67) 31% (20–45)

elderly M0 4% (1–9) 3% (1–7) 31% (29–36)

M1 3% (1–7) 2% (1–6) 31% (29–35)

M2 2% (1–6) 2% (1–5) 30% (28–35)

M3 1% (1–3) 1% (0–3) 29% (28–32)

PRI children M0 24% (17–27) 4% (3–6) 1% (1–3)

M1 24% (19–28) 4% (3–6) 2% (1–3)

M2 23% (17–27) 4% (3–7) 2% (1–4)

M3 22% (17–26) 5% (4–6) 2% (1–4)

adults M0 12% (5–23) 17% (8–28) 6% (2–14)

M1 12% (5–25) 17% (9–32) 6% (2–16)

M2 12% (4–24) 16% (7–29) 7% (2–16)

M3 9% (5–19) 13% (8–25) 6% (3–15)

elderly M0 0% (0–1) 0% (0–1) 3% (1–8)

M1 0% (0–1) 0% (0–1) 3% (1–8)

M2 0% (0–1) 0% (0–1) 3% (1–7)

M3 0% (0–0) 0% (0–0) 2% (1–6)

PSI children M0 10% (7–16) 1% (1–2) 0% (0–1)

M1 10% (6–15) 1% (1–2) 0% (0–1)

M2 11% (7–17) 1% (1–3) 1% (0–1)

M3 12% (9–16) 2% (1–3) 1% (1–2)

adults M0 34% (28–41) 44% (38–50) 19% (13–32)

M1 35% (29–42) 44% (38–51) 20% (13–31)

M2 37% (29–44) 47% (41–55) 22% (14–37)

M3 39% (32–48) 50% (44–59) 26% (18–38)

elderly M0 4% (1–8) 3% (1–7) 28% (24–33)

M1 3% (1–7) 2% (1–5) 28% (24–31)

M2 2% (1–5) 2% (1–4) 27% (23–32)

M3 1% (0–3) 1% (0–3) 27% (24–29)
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5 Contact Matrices, Evolving Demography, and Vaccine Impact

Figure 5.1: Cumulative vaccine impact across update methods M0–M3

5.3 Further Analysis: Cumulative Outcomes

In section §5.1, I found that vaccine impact—measured in relative terms as per cent incid-
ence rate reduction (%IRR) compared to unvaccinated baseline—in an India-like setting
was relatively unaffected across the various scenarios of no updates to contact matrices
(M0), reciprocity-preserving updates (M1), reciprocity- and assortativity-preserving up-
dates (M2), and reciprocity-, assortativity-, and average contact rate-preserving updates
(M3).

These findings are somewhat reassuring for those analyses that aimed to estimate the
trajectory of the TB epidemic (in relative terms) after vaccine introduction. However,
it is possible that different contact update methods lead to differential cumulative vac-
cine outcomes and downstream calculations (e.g. cases averted and cost-effectiveness
calculations).

To explore this, figure 5.1 presents a plot of cumulative TB cases averted 2027–2050
(log scale) of the same 50% efficacy, prevention of disease, post-infection (post-infection
efficacy (PSI)) efficacy vaccine modelled in section §5.1, delivered at 70% coverage to
children, adults, or the elderly, using models with M0–M3 updates.

Broadly, the results in figure 5.1 suggest a similar conclusion to that in section §5.1.
The cumulative cases averted by vaccination remained reasonably stable over M0–M3.
As in Research Paper 3, the largest impact was predicted in adults after adult-targeted
vaccination. Unlike Research Paper 3, however, the largest difference in vaccine impact
was predicted in cases averted among adults: over the 24 year time horizon, approximately
6 million more cases were averted in M3 (34.1 million [uncertainty range 27.8–42.8])
compared toM0 (28.0million [UR: 22.3–34.1]). In contrast, the largest difference in point-
estimate vaccine impact (%IRR) was observed in the elderly, following adult-targeted
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vaccination (~7%).

I posit that the elevated number of averted cases among adults seen in the M2 and
M3 models, compared to M0 and M1, can be attributed to two factors. First, baseline
2027–2050 TB incidence was slightly higher in M2 and M3 compared to M0 and M1, as
evidenced by plots of projected incidence rate (Figs 8–11 supplementary material).

The 2050 TB incidence rates in M0, M2, and M3 were constrained to lie within the
bounds predicted by M1. However, I found a slight upward trajectory in incidence in M2
and M3, with their final projections in 2050 concentrated towards the upper bound of
the M1 projection. Second, as this is a cumulative outcome measure, small differences
accumulated over 2027 to 2050: thus, the slightly higher incidence rates of M2 and M3
over M0 and M1 likely resulted in small increases in absolute vaccine impact, which in
turn accumulated to give rise to the observed differences.

The generalisability of this finding beyond similarly structured and parameterised models
set in India is unknown, much like that for point estimates of vaccine impact.

5.4 Summary

In this chapter, I have attempted to address the second aim of this thesis: investigating
the robustness of TB vaccine impact estimates to structural uncertainty in TB vaccine
models.

I found that point estimates of TB vaccine impact in India in 2050 remained relatively
stable over different methods of updating social contact structures to match evolving
demography, across different age targeting scenarios and when measured across a range
of age groups.

In general, this finding was also true for cumulative cases averted by TB vaccination over
this time horizon. The differences in cumulative cases averted, while ostensibly slightly
greater, were likely due to small differences in baseline (unvaccinated) trajectories in
M2 & M3 over M0 & M1 and the accumulation of the resulting slightly greater absolute
vaccine impacts.

Finally, the summary measures of interaction between social contact adaptation and
demography (supplementary materials Figs 2A–C)—median reciprocity error, the assort-
ativity coefficient, and average daily contact rate—showed reasonable stability over the
period of vaccine impact (2027–2050).

The India-models in the studies in chapters 3 and 4 and historical studies by Harris et
al.[1,2] did not adapt contact matrices to match demography over their respective time
horizons. These models were similarly structured and parameterised to Research Paper
4, projected over the same time horizon, and used the same underlying demographic
projections (World Population Prospects[7]). The findings of section §5.1 suggest that
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estimates of vaccine impact reported by these studies are unlikely to be substantially
biased by this choice.

However, the generalisability of this study is unknown. Two future research priorities
immediately follow from it.

First, it may be useful to investigate the effect of contact update methods on other demo-
graphic and epidemiologic settings (e.g. in China, with an ageing population in whom
TB burden is concentrated), contact patterns, model parameterisation, and vaccine im-
plementations.

Second, we should develop a priori methods to determine if contact update methods
are likely to bias future modelling efforts. It is impractical to conduct a comparative
analysis as above for each future modelling exercise, particularly for complex compu-
tationally expensive models. One potential avenue might be the summary measures of
demographic-contact interaction described above—e.g. predicted reciprocity error, as-
sortativity coefficients, or average contact rates. If these or similar measures are validated
as reliable predictors of the bias introduced by (lack of) contact updates, model builders
may be better informed in selecting appropriate update methods based on data or a priori
assumptions relevant to their specific model context.

References

1. Harris RC, Sumner T, Knight GM et al. Age-Targeted Tuberculosis Vaccination in China and
Implications for Vaccine Development: A Modelling Study. Lancet Glob Health 2019;7:e209–e218.

2. Harris RC, Sumner T, Knight GM, ZhangH andWhite RG. Potential Impact of Tuberculosis Vaccines
in China, South Africa, and India. Sci Transl Med 2020;12.

3. Weerasuriya CK, Harris RC, McQuaid CF et al. The Epidemiologic Impact and Cost-Effectiveness of
New Tuberculosis Vaccines on Multidrug-Resistant Tuberculosis in India and China. BMC Med
2021;19:60.

4. Fu H, Lewnard JA, Frost I, Laxminarayan R and Arinaminpathy N. Modelling the Global Burden of
Drug-Resistant Tuberculosis Avertable by a Post-Exposure Vaccine. Nat Commun 1 2021;12:424.

5. Knight GM, Griffiths UK, Sumner T et al. Impact and Cost-Effectiveness of New Tuberculosis
Vaccines in Low- and Middle-Income Countries. Proc Natl Acad Sci U S A 2014;111:15520–5.

6. Arregui S, Aleta A, Sanz J and Moreno Y. Projecting Social Contact Matrices to Different Demo-
graphic Structures. PLoS Comput Biol 2018;14:e1006638.

7. United Nations Department of Economic and Social Affairs, Population Division. World Population
Prospects. New York: United Nations, 2019.

264



6 Discussion

This thesis set out to advance mathematical modelling evidence to support decision
making around TB vaccine introduction.

In this chapter, I first restate my principal findings. I then assess these findings against the
aims and objectives of the thesis and delineate their novel contributions to the TB vaccine
modelling literature. I move on to review how the strengths and limitations of my work
might affect the interpretation of its findings. Finally, I discuss implications for decision
makers, research implications, avenues for future work and my overall conclusions.

6.1 Key Findings

• An M72/AS01E-like vaccine could substantially reduce the incidence and mortality
of multidrug-resistant or rifampicin-resistant TB (MDR/RR-TB), both in relative
and absolute terms (chapter 3).

• Periodic adult and adolescent (age ≥10) with routine child (aged 9) vaccination
with a pre- and post-infection efficacy (P&PI) vaccine could be cost-effective in
India and China when MDR/RR-TB costs were included (chapter 3).

• Investing in scaling up and improving programmatic (non-vaccine) management of
(MDR-)TB reduced absolute vaccine impact anddecreased vaccine cost-effectiveness
(chapter 3).

• The estimated total maximum costs for untargeted adult mass vaccination in India
and China were found to be substantial when vaccine health benefits were valued at
prevailing cost-effectiveness thresholds, and cost-effective age-targeted vaccination
was found to be more affordable (chapter 4).

• Relative and cumulative vaccine impact over 2027 to 2050may be robust to different
methods of updating model social contact matrices to match evolving demography
in an India-like demographic and epidemiologic scenario (chapter 5).

This thesis had two broad aims, corresponding to two important research needs that
should be met to advance models to support vaccine introduction:
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1. Estimate the epidemiologic impact, cost-effectiveness and affordability of new
TB vaccines in India and China, incorporating drug-resistance transmission and
acquisition. This aim reflects the need to adapt models to include locally important
features of, and uncertainty in, TB epidemiology and health systems (research gaps
1–3).

2. Describe how different assumptions of adapting social contact structures to long-
term demographic trends in India—as a country undergoing the demographic
transition—might affect vaccine impact estimates. This aim reflects the need to
establish whether vaccine impact estimates are robust to structural decisions in
model design (research gap 4).

As vaccine development continues to progress, addressing these needs and aims has
become more urgent. With a vaccine in the foreseeable future, decision makers may
need to begin planning vaccine deployment. Modelling evidence to substantiate these
deliberations needs to be locally adapted and robust.

I sought to achieve the aims of this thesis by fulfilling the four core objectives described
in chapter 1. In the next section, I summarise how these results address these objectives
and their relationship to the literature.

6.1.1 Vaccine epidemiologic impact and cost-effectiveness

In chapter 3, I sought to address two objectives:

• Develop a transmission model of Mycobacterium tuberculosis (Mtb) that included
drug resistance acquisition and transmission, including country-specific cost mod-
els of TB programmatic control and vaccination.

• Assess the epidemiologic impact and cost-effectiveness of TB vaccines under future
country-specific scale-up scenarios for (non-vaccine) programmatic TB manage-
ment.

Epidemiologic Impact When this PhD was conceived, no published study had expli-
citly included primary and secondary drug resistance in a mathematical model of new
TB vaccination.

To fill this gap, I constructed an age-, treatment history- and drug-resistance-stratified
compartmental dynamic transmission model of Mtb transmission calibrated to historical
epidemiologic data from India and China (chapter 3; Research Paper 2). I simulated a
range of vaccines using this model, focusing on the impact of an M72/AS01E-like, 50%
efficacy, prevention of disease (POD) vaccine, effective irrespective ofMtb infection status,
conferring 10-years of protection, delivered through mass campaigns to 70% adults and
adolescents (aged ≥10 years), and annually to 80% of 9-year-olds.
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6.1 Key Findings

Overall, Research Paper 2 found that adult and adolescent vaccination could substantially
reduce MDR/RR-TB burden between 2027 and 2050. Where future programmatic TB
management was unchanged after 2018 (“Status Quo scenario”), a P&PI M72/AS01E-like
vaccine was found to reduce the 2050 MDR/RR-TB incidence rate by 73% (uncertainly
interval: 66–76) and 72% (UI: 65–77) in China and India, respectively. Cumulatively,
vaccination averted 2.1 (UI: 1.1–2.7) and 2.0 (UI: 1.4–4.1) million MDR/RR-TB cases
in China and India respectively, corresponding to 0.8 (UI: 0.5–1.4) and 1.0 (UI: 0.6–1.3)
million averted second-line treatment regimens.

Where programmatic TB management was scaled up (“Policy scenario”), relative vaccine
impact (e.g. per cent incidence rate reduction)wasmaintained. However, because baseline
TB burden was lower than in “Status Quo”, absolute vaccine impact was reduced.

In previous studies, differences in underlying drug susceptible TB (DSTB) epidemic
dynamics across settings have led to different levels of vaccine impact by host infection
status required for vaccine efficacy. Evidence from DSTB vaccine models[1,2] suggests
that pre-infection efficacy (PRI) vaccines reduce burden more than post-infection efficacy
(PSI) vaccines in settings where TB burden is primarily due to Mtb transmission among
uninfected individuals (typically where disease burden is concentrated in younger adults).
Post-infection (PSI) vaccines reduce burden more than PRI vaccines where TB is driven
more by reinfection, reactivation and relapse (typically where disease burden is in the
elderly).

In chapter 3, differences in MDR/RR-TB epidemic dynamics interacted similarly with
host-infection status required for vaccine efficacy. PRI vaccines had a greater impact on
MDR/RR-TB in China, where transmission to uninfected individuals drove the MDR/RR-
TB epidemic. In India PSI and PRI vaccine impact were more evenly balanced because a
greater proportion of MDR/RR-TB was due to recurrence (from latency or the resolved
state) or reinfection.

In contrast to MDR/RR-TB , the DSTB TB epidemic in China in chapter 3 was dominated
by recurrence. Since MDR/RR-TB constituted a minority of all TB, PSI vaccines had a
greater overall impact in China than India. This result is also consistent with prior work
by Harris et al.[1,3], who reported greater impact of PSI POD vaccines in China compared
to PRI POD vaccines.

Optimal vaccine characteristics for the control of DSTB and drug-resistant TB may
therefore differ depending on the context. More accurate estimates of MDR/RR-TB
burden and empirical characterisation of the underlying epidemic dynamics will enable
future models to more accurately quantify the contribution of a vaccine to MDR/RR-TB
control in specific settings. This is important for decision makers to correctly assess the
specific role of vaccines as an MDR/RR-TB control measure.

Since this study was conceived, Fu et al.[4] have published a dynamic modelling study
investigating the impact of new vaccines on rifampicin-resistant tuberculosis (RR-TB)
burden in 30 countries, including India andChina. Importantly, Fu et al. directly extended
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current TB trends into the future, modelling an intrinsically declining baseline burden of
TB until 2035 (cf. chapter 3, where future TB burden was driven only by programmatic
control and transmission dynamics). Fu et al. predicted that vaccines would avert a
substantial burden of RR-TB . By extending the range of future TB burden scenarios in
which vaccines have been modelled this work may lend support to my findings overall.

Cost-effectiveness Previous cost-effectiveness analyses of TB vaccination (section 2.5.2)
suggest that adult and adolescent vaccination is likely to be cost-effective even where vac-
cine efficacy is low. However, when this thesis was conceived, only two studies that mod-
elled new TB vaccines integrated cost-effectiveness analyses into dynamic transmission
models. Neither included a dynamic representation of drug resistance nor integrated cost
uncertainty into the their results and neither investigated cost-effectiveness at thresholds
other than gross domestic product (GDP)-based thresholds.

My study in chapter 3 incorporated a cost-model of TB diagnosis, treatment, and vac-
cination based on country-level data. Uncertainty in costs for DSTB and MDR/RR-TB
diagnosis, drug susceptibility testing (DST), drug treatment, and vaccine delivery costs
was incorporated by sampling unit cost values from data driven prior distributions. I
estimated vaccine cost-effectiveness at three cost-effectiveness thresholds (CETs) per
country: 1× GDP per capita[5] and maximum and minimum country-specific thresholds
based on healthcare opportunity costs estimated by Ochalek et al .[6] This study concurred
with prior work[7,8] in finding TB vaccines generally cost-effective. P&PI and PSI vaccines
priced at $10 were uniformly cost-effective at the 1×GDP per capita threshold in the
main analysis. As expected, PSI vaccines were less cost-effective than P&PI vaccines.
Vaccines were highly likely to be cost-effective in India with both P&PI and PSI vaccines
cost-effective at the upper healthcare opportunity cost (HCOC) threshold.

Novel contributions to the literature The study in chapter 3 is one of only two
dynamic models to measure the epidemiologic impact of new TB vaccines on MDR/RR-
TB. It is the only study to incorporate both a dynamic drug resistance and country-specific
alternative future baseline scenario into estimates of vaccine cost-effectiveness to date
and is the first to include cost-effectiveness thresholds based on healthcare costs in its
analysis.

6.1.2 Total Cost and Affordability of TBVaccination

Chapter 4 addressed objective 3:

• Given country-specific cost-effectiveness thresholds, estimate the total maximum
cost of TB vaccination programmes that are considered cost-effective based on the
value they provide to the health systems in India and China.
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Modelling evidence from chapter 3 and previous studies[7,8] suggests that adult and
adolescent mass vaccination is likely to be cost-effective at hypothesized prices and cost-
effectiveness thresholds defined by GDP per capita and healthcare opportunity costs.
However these cost-effectiveness thresholds do not specifically reflect budget constraints
in their respective settings.

Using the model introduced in chapter 3, the study in chapter 4 estimated the maximum
cost at which the vaccine programme would remain cost-effective if the disability adjusted
life years (DALYs) averted by vaccination were valued at country-specific CETs based on
healthcare opportunity costs. These estimates of total cost serve to indicate the affordability
(or lack thereof) of large scale adult mass vaccination under these cost-effectiveness
assumptions.

Given the scale of the current and projected TB burden in India and China, even a
modestly effective vaccine was predicted to avert a large volume of TB-associated DALYs.
Unsurprisingly, the total value of these DALYs, and therefore the maximum cost of
a vaccine programme that averted them, was predicted to be substantial. Assuming
cost-effectiveness thresholds $264 and $3650 per DALY averted, mass vaccination of
individuals aged ≥ 10 at 70% coverage with an M72/AS01E-like vaccine could cost, at
maximum, $21 (UI: 16–27) billion and $15 (UI: 12–19) billion in India and China over
2027–50, respectively.

Targeting vaccination to 50–59-year olds and 60–69-year olds in India and China was
found to avert the most DALYs per vaccinated individual, with associated predicted
costs $5 billion and $6 billion, respectively. In prior work, Harris et al.[3] predicted that
targeted vaccination of the elderly (aged ≥65) in China would maximise population-level
impact. This study did not investigate cost-effectiveness, nor measure DALYs averted. I
corroborated this finding by identifying 60–69-year olds as the most epidemiologically
efficient age group to target. In addition, I confirmed that this age group was likely to
be the most cost-effective to target, based on the number of DALYs averted per vaccine
delivered. A younger optimal age band in India than China is consistent with current
estimates that disease in India is concentrated in younger adults[9].

In this study, as in chapter 3, scaling up programmatic TB management reduced the future
burden of disease averted by a new vaccine. In chapter 4, the total maximum cost at which
the targeted vaccine programme remained cost-effective was reduced to $4 billion and $5
billion in India (50–59-year olds) and China (60–69-year olds), respectively. In chapter 3
vaccine price was fixed, leading to an increase in the incremental cost-effectiveness ratio
(ICER). As expected, this study found the complementary effect: for a vaccine to remain
cost-effective in the face of concurrent programmatic scale up, its unit price must decrease.
These twin effects suggest that decision makers should integrate planned or anticipated
changes in programmatic TB control into negotiations with vaccine manufacturers, to
ensure that vaccines remain cost-effective and affordable over a range of future scenarios.
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Novel contributions to the literature This is the only study to date which estimates
the total cost of a TB vaccination programme by valuing DALYs averted at prevailing
cost-effectiveness thresholds. It makes no assumptions around vaccine price, nor the
programmatic costs of vaccine delivery. It provides evidence for decision makers to use
when considering the financial feasibility of new TB vaccines and provides evidence on
the implications of using CETs based on healthcare opportunity costs.

6.1.3 Contact structures, evolving demography, and vaccine impact

In chapter 5, I addressed objective four:

• Investigate whethermodel-based vaccine impact estimates in an India-like epidemi-
ologic context are robust to different methods of updating model social contact
structures to match evolving demography.

An investment into TB vaccine programmes is a long term commitment. If we choose
to inform such an investment with model evidence, we must ensure that the evidence
is robust to equally long term structural uncertainties in the model. Motivated by this
need, the study in chapter 5 investigated whether updating social contact structures
to match evolving demography in an Mtb transmission model affected vaccine impact.
Demography was stratified into three age groups: children (aged ≤14), adults (aged ≥15,
≤64) and elderly (aged ≥65). Four contact matrix update methods were investigated: fixed
contact matrix (M0), reciprocity corrected (M1), reciprocity and assortativity corrected
(M2), and reciprocity, assortativity, and mean contact rate corrected (M3). I estimated
the impact of vaccinating 70% of children, the adults, or the elderly, with a 50% efficacy,
PSI POD vaccine conferring 10-years of protection.

Vaccine impact estimates in all age groups remained relatively stable between the M0–M3
models irrespective of vaccine-targeting by age group. The maximum difference in
2050 incidence rate was 7% in the elderly age group, observed following adult-targeted
vaccination. The incidence rate in the elderly declined by 19% (uncertainty range 13–32),
20% (UR: 13–31), 22% (UR: 14–37), and 26% (UR: 18–38) using M0, M1, M2 and
M3 updates, respectively. In an additional analysis, I also confirmed that estimates of
cumulative vaccine impact remained similarly stable over this time horizon.

Only five studies (including those in chapters 3 and 4)[1,3,4] have incorporated age-specific
contact structures into TB vaccine models. Three of these included a model set in India
and none updated their respective contact structures over time. The findings of this
thesis suggest that this particular modelling decision is unlikely to have impacted the
India-specific results of TB vaccine impact substantially.
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Novel contributions to the literature This is the only study to date which has sys-
tematically investigated whether (and if so how) updating contact matrices to match
demography affects the impact of an age targeted intervention (vaccine) for TB control.
It has improved the reliability of similarly structured and parameterised[1,3,10,11] models
that preceded it.

6.2 Synthesis, Strengths, and Limitations

In this section, I briefly highlight recent developments in our understanding of TB natural
history and review any common threads, particularly concerning strengths and limitations,
in the results of chapters 3, 4, and 5. I also briefly restate anymajor study-specific strengths
and limitations important for interpreting the results summarised in section §6.1.

6.2.1 New advances in TB natural history

Recent work by Behr et al.[12,13] argues that most incident TB disease in high endemicity
settings occurs within two years of infection by Mtb. They propose that disease that
occurs more than two years after infection is the minority, reflecting a long asymptomatic
period rather than a pathophysiologically distinct “reactivation” event from a distinct
latent bacterial state. They also suggest that most, if not all, recurrent disease after curative
treatment is due to reinfection. Finally, they posit that a substantial fraction of people
self-clear Mtb infection while retaining immunological evidence of it[14].

This hypothesis is based on reanalysis of data from the pre-chemotherapeutic era of TB
and from special patient cohorts (e.g. solid organ transplant or tumour necrosis factor-α
antagonist recipients, both representing immunosuppressed states that predispose to TB).

Among other arguments, Behr et al. assert that

1. studies that follow up individuals after a known exposure to Mtb show that most
disease in this individuals occurs within 2 years[15] ; and

2. rates of disease in the placebo arms of isoniazid prophylaxis trials (given for 12
months to persons with immunological evidence of TB infection) converge with
the investigational arms after one year, suggesting that “late disease” in both arms
was due to reinfection[16]; and

3. post-mortem histopathologic analyses from the pre-chemotherapeutic era of TB
of calcified TB lung lesions in individuals who died of non-TB causes failed to
demonstrate viable mycobacteria, suggesting bacterial clearance[17]; and

4. estimates of the prevalence of latent tuberculosis infection (LTBI) are based on
assays that indicate immunologic exposure to Mtb, rather than persistent infec-
tion[16].
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Critics of this hypothesis point to contradictory data: individuals with a long history of
LTBI but no new recent exposure develop active disease soon after gaining new immun-
osuppressive medical comorbidities[18–20]; in immigrant cohorts, although risk declines
shortly after arrival, more than 50% of disease still occurs after two years[21]; and statist-
ical evidence[22], transmission models[23] and molecular epidemiology[24] suggest that
approximately half of cases in native populations in various settings are due to reactivation.

Nevertheless, if this hypothesis were confirmed, it would necessitate a paradigm shift in
our understanding of TB natural history, with significant implications for TB vaccines
and TB vaccine models. I speculate at least three consequences:

1. We would be compelled to revisit the host-infection status required for efficacy
(P&PI, PSI, and PRI) in the taxonomy of TB vaccines and reevaluate those res-
ults where PSI efficacy exceeds PRI. As the pool of infected-but-asymptomatic
individuals shrinks, PSI efficacy may decrease.

2. How self-cure affects vaccine impact will likely depend on what we assume about
residual immunity in self-cured individuals (e.g. as compared to latently infected
individuals).

3. Results from TB vaccine trials may become more directly transferable to vaccine
models, as trial timescales will better reflect the time course of disease in most
individuals .

6.2.2 Strengths and Limitations

The main strengths and limitations of each study are discussed in their respective chapters.
Here, I briefly restate those that spanmultiple studies andwhich are particularly important
for the overall conclusions of this thesis.

Drug resistance Compared to previous TB vaccine models[7], the studies in chapter 3
and chapter 4 implemented a more complete representation of drug resistance in TB.
The key strengths of my model include the integration of both primary and secondary
resistance, differential rates of diagnosis, treatment, treatment outcomes, and stratification
by treatment history.

What is the value of these features? Firstly, previous evidence suggests that preventing
onward transmission (by averting disease) is responsible for a substantial proportion of
TB vaccine impact. For example, using a model set in Cape Town, South Africa, Dye[8]

suggested that approximately half of all vaccine averted TB was due to transmission effects.
Secondly, MDR/RR-TB is increasingly due to primary resistance; in some settings this is
the dominant mode of resistance[25–27]. By incorporating dynamic drug resistance, the
model could better reflect evolving MDR/RR-TB epidemic dynamics and provide better
estimates of vaccine impact (for example, variation by host infection status necessary for
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vaccine efficacy). For decision makers, this model could better reflect how changes to
DSTB management might affect vaccine impact on MDR/RR-TB (for example, through
improvements in DSTB diagnosis and treatment on secondary resistance).

Nevertheless, the drug resistance implementation had some key limitations. MDR/RR-TB
was represented as amonolith. In reality, circulating drug-resistantMtb strains are diverse,
with myriad resistance profiles[28,29]. As there is inadequate data to parameterise this
heterogeneity (or the consequences thereof) it was not included in the model. However,
the uncertainty introduced by these phenomena are likely small compared to prominent
unknowns in TB natural history itself or in country health systems; therefore, I speculate
that these limitations do not negate the general conclusions that I drew from this work.

Data availability A model strength was that MDR/RR-TB epidemiology was calib-
rated to the best available empirical and nationally representative data from China and
India. In China, there are two robust MDR/RR-TB data points—one from a published
drug resistance survey[30], the other from unpublished but national estimates from the
Chinese Centres for Disease Control (CCDC) (chapter 3). In India, the first national drug
resistance survey was reported in 2017, in time for model calibration[31]. Calibrating the
model to these estimates of incidence and proportion resistant among notifications likely
improved overall MDR/RR-TB burden projections and underlying dynamics (e.g. new
infections vs reinfections).

The accuracy of the baseline TB projection in India was hampered by the lack of high
quality nationally-representative empirical estimates of TB prevalence and incidence.
The first national tuberculosis prevalence survey of India is currently on hold due to the
COVID-19 pandemic. Therefore, as in previous studies[1], I calibrated TB prevalence in
India to values derived by aggregating subnational estimates[32–34]. The biases of these
data are not well characterised. The model was calibrated to World Health Organization
(WHO) estimates of overall TB incidence rate to capture time trends in TB burden.
These estimates are derived from notification data (which have known biases), expert
opinion, and from subnational surveys[35], using assumptions about the distribution of
the duration of TB disease. Additionally, to capture age-specific burden (chapter 5), I
calibrated the model to WHO estimates of age-specific incidence. However, for India,
these estimates are imprecise as they are model-based, interpolated using age-specific TB
burden distributions from neighbouring countries. Finally, data are limited to substantiate
the extent and outcomes of private-sector TB management, though there is consensus that
the former is generally large and the latter generally poor[36–38]. Given the uncertainties
in the data, relatively wide prior bounds (for inputs) and target bounds (for calibration)
are used in the India MDR/RR-TB model, reducing the precision of model results.

Because age-specific data from India is limited, themodel investigating vaccine impact, so-
cial contact change, and demography was stratified into three broad age groups (children,
adults, and elderly). It is possible these wide groups obscured subtle interactions between
changing inter-group contact rates, evolving demography, and vaccine impact, leading to
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underestimation of the differential impact of contact update methods M0–M3. However,
this error was likely mitigated by the decreased contribution by contact between any given
age group pair to total contact in the population as the number of age groups increases.
Thus, even if contact between that pair was more sensitive to a particular contact matrix
update method, the impact on total infectious contact is decreased. Moreover, these age
groups are epidemiologically important, as reflected by their use in other studies[1,3,4].

Model Structure To ensure parsimony and focus on the specific research questions
of their respective studies, all models omitted some sources of heterogeneity in, and
populations at risk for, (MDR)-TB that may be important in India and China.

The spatial epidemiology of TB in India and China is heterogeneous[39,40], varying along
axes including urbanisation, social mixing patterns, and migration[41–43]. The models in
this thesis did not incorporate these heterogeneities as they are not immediately relevant
to the research questions posed the current stage of vaccine development. Integrating
these variables is likely to become important when vaccine development has progressed
further and models begin to answer more granular implementation questions.

Model populations were not disaggregated by risk strata such as socioeconomic status
or comorbidity (e.g. malnutrition and diabetes mellitus—both of which contribute to
and modify TB disease in India). The omission of HIV—which is the greatest biological
contributor to TB burden worldwide[44]—is unlikely to be a major source of error: in
2020, TB incidence among people living with HIV constituted less than 3% of all incident
TB in India and China[44].

The significance of these limitations is likely to vary by chapter. For example, vaccine
impact on MDR/RR-TB was likely more sensitive to the omission of comorbidities and
socioeconomic stratification, whereas contact-demography-vaccine interaction was likely
affectedmore by the omission of geographic heterogeneity, differential urban-ruralmixing,
and trends in migration.

Health economic analysis The overall strengths of the economic analyses include (i)
use of country-level unit costs and uncertainty for programmatic TB management, (ii)
the use of country-specific cost-effectiveness thresholds based on healthcare opportunity
costs, (iii) alternative programmatic TB scale up scenarios based on in-country expert
opinion and published strategies, and (iv) in India, the inclusion of costs of incentive
payments to the private sector. These led to cost-effective estimates that were conservative
and grounded in local data. Further, the reliability of the result for decision makers was
improved by demonstrating that vaccination remained cost-effective over different scale
up scenarios.

However, important data gaps remain. Firstly, the exceptional circumstances around
COVID-19 notwithstanding, there is no direct data to substantiate the costs of large scale
adult mass vaccine campaigns in India and China delivered by a health system under
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routine conditions. Instead, the cost model for vaccine delivery was constructed using
the experience of other mass vaccine campaigns (e.g. Hepatitis B catch-up vaccination
campaigns in China[45]) and routine childhood immunisation. Periodic adult mass cam-
paigns for TBmay incur different and additional costs (e.g. related to community outreach
or mobilisation) that were not captured in these estimates. Secondly, as described in
chapter 4, the CETs are exogenous. Ochalek et al.[6] use a regression model incorporating
published estimates of the expenditure elasticity of health (the elasticity of the effects
of government health expenditure on health outcomes) to estimate number of DALYs
averted by a 1% change in healthcare expenditure in low- and middle-income countries
(LMICs) including India and China. The resulting thresholds are not empirically validated
against current health spending in India and China and may be substantially different to
the “true” willingness-to-pay. If the estimated thresholds are too high both the probability
of vaccine cost-effectiveness and the total cost-effective vaccine programme cost may
be overestimated. The total cost estimates are more sensitive to potential errors in the
threshold, but this is mitigated by the use of both the maximum and minimum thresholds
per country.

Scenario analysis The key strength of the scenario analysis was country stakeholder
involvement. The “Policy” baseline scenario—representing the scale-up of programmatic
(non-vaccine) management of (MDR)-TB—reflected what is planned, or considered
plausible, under the technical capacity, resource constraints, and priorities of the national
tuberculosis programmes (NTPs) in India and China. Thus, it represented a combination
of “best guess” and aspirational targets for future TB control in these settings.

It is possible that baseline changes that I did not model could substantially alter the impact
and cost-effectiveness of new vaccines, particularly a highly effective diagnostic technology
or increased treatment efficacy for MDR/RR-TB. However, at the time of model design,
such changes were purely speculative. Consequently, MDR/RR-TB treatment success
rates were held at approximately ~50% over the model time horizon. In principal, if
resistance were to worsen (e.g. increasing prevalence of extensively drug-resistant TB
(XDR-TB)), my results may reflect an underestimate; however, such a scenario would
also be speculation. However, as discussed in chapter 3, promising new trial results
(final results of STREAM[46] and TB-PRACTECAL[47–49]) could substantiate sensitivity
analyses in future modelling studies. Finally, as discussed in section 3.3.1, Fu et al.[4] did
model vaccine impact in the context of a purely hypothetical highly effective MDR/RR-TB
treatment strategy in an “alternative” baseline scenario and showed that while vaccine
impact was diminished, it remained substantial. While it is very likely that vaccine cost-
effectiveness would decrease in such a scenario, this reduction remains to be quantified.

Vaccines The methodological limitations of the vaccine representation fall into two
broad groups: (i) those related to intrinsic characteristics of the vaccine; and (ii) those
related to the practical implementation of the vaccine.
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6 Discussion

The vaccines modelled in this thesis are hypothetical but based on the known charac-
teristics of M72/AS01E. We currently have 3-years of published follow-up data from the
M72/AS01E phase IIb trial[50], demonstrating 48% PSI POD efficacy. In this thesis, I as-
sumed that TB vaccines would confer 50% efficacy for 10-years in the central example. The
durability assumption was based on (i) trial data showing a persistent immune response
and good clinical outcomes at 3 years and (ii) expert opinion. In sensitivity analyses,
vaccine impact varied with changes in durability and efficacy as expected, with changes
with host-infection status for efficacy determined by underlying epidemic dynamics.

A limitation in the vaccine characterisation was that protection was modelled as continu-
ous, with waning occurring instantly at the end of the duration of protection. While this
limitation had impact at the individual level in the model, it was not expected to substan-
tially affect population estimates of vaccine impact, cost-effectiveness, and affordability.

The coverage, delivery strategy, targeting, and scale up of the vaccine implementation
was limited by the lack of data. In this model, I assumed that routine vaccination of
9-year olds would be delivered through schools (e.g. as is planned for HPV vaccination
in many settings—although these have not yet been implemented in India nor China).
Apart from recent emergency programmes for COVID-19, there is no precedent for large
scale mass vaccination of the entire adult and adolescent population. Therefore, coverage
estimates for both modes of delivery were derived from vaccine programmes for other
diseases, e.g. vaccination against meningitis (MENAFRIVAC)[51] or influenza vaccination
in the elderly[52,53]. Mass campaigns were assumed to scale-up instantaneously, achieving
full coverage within a single year. In reality, mass vaccination campaigns against TB
are more likely to be implemented as a gradual scale-up towards some target coverage,
which will likely reduce estimates of vaccine impact (in the short-medium term) and
cost-effectiveness.

Our conceptions regarding the plausibility of large scale rapid adult vaccination—previously
regarded as impossible due to technological, logistical, and financial limits—have been
upended by COVID-19. We now know that with adequate financing and political will,
even very large populations can be vaccinated rapidly: both India[54] and China[55] have
each administered more than 1 billion doses of COVID-19 vaccine in less than one year.
However, whether this experience will translate to, or is appropriate for, TB vaccination
remains unknown.

6.3 Research implications and future work

This section situates this thesis within the wider TB vaccine decision-making process
informed by mathematical models.

Figure 6.1 shows the schematic of the TB vaccine decision-making pathway from chapter 1,
updated to reflect the contributions of this thesis. The “if ” and “how” parts of the pathway
overlap substantially and serve as question generators for one another (for example, once
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6.3 Research implications and future work

Tuberculosis Vaccine Modelling Evidence Pathway

thesis contribution

WHAT

characteristics would be
most optimal?


• efficacy
• durability
• host-infection status
required
• prevention of disease v
infection

IF

we should introduce TB
vaccines, given


• predicted vaccine
characteristics
• local epidemiologic
and health system
context

while ensuring models
are robust

HOW

should we introduce TB
vaccines?


• targeting?

• mass or routine
campaigns?

• vaccine price?


Prior work

• Harris et al, Knight et al to
identify vaccine efficacy,
durability, POD vs POI, P&PI
vs PRI vs PSI.


Prior work

• Knight et al - cost-
effectiveness analysis without
MDR/RR-TB.

Prior work

• Harris et al - age targeting of
vaccines in China

This thesis

• Additional evidence for P&PI
vs PRI vs PSI, including
MDR/RR-TB transmission
dynamics

This thesis

• Impact on MDR/RR-TB

• Cost-effectiveness, including
MDR/RR-TB

• Total maximum cost if cost-
effective

• Contact-Demography-
Vaccine interactions stable

This thesis

• Programmatic scale up
improves affordability

• Identify optimal age group to
facilitate affordability

Figure 6.1: TB Vaccine Decision Making Pathway

vaccine impact on MDR/RR-TB is established, should vaccines be targeted to contacts of
MDR/RR-TB cases or people at high risk of developing MDR/RR-TB?).

This thesis contributes to the beginning of evidence generation to inform TB vaccine
introduction. It primarily informs the macroscopic “if ” considerations, producing broad
country-level estimates, with secondary contributions to “what” (e.g. the interaction
between MDR/RR-TB dynamics and host-infection status required for efficacy) and
“how” (e.g. quantifying total cost of untargeted and age-targeted vaccination). It does
not purport to recommend specific vaccine implementation strategies. To generate such
recommendations will require more granular data on vaccine characteristics (which are
pending clinical trials) and more operational data (e.g. logistics, cold chain, human
resources, and budget and finance considerations).

Instead, these results inform decision-makers about the feasibility and utility of vaccines
and where vaccines might fit within wider TB control efforts. The results also act as
a starting point for researchers and decision-makers to subsequently construct more
specific questions appropriate for India and China, or develop further methodological
approaches to ensure model robustness.
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6 Discussion

6.3.1 Implications for TB vaccine decision-making

This thesis has identified four important implications for TB vaccine policy- and decision-
making, which follow from the core results:

1. New TB vaccines may be an effective MDR/RR-TB control measure in their own
right.

2. Probable and possible changes to programmatic TB management must be factored
into TB vaccine planning.

3. Decision-makers should begin to identify potential vaccine delivery strategies and
their component costs, grounded in local health system capacity, local priorities
and budgets.

4. Strategies to improve the affordability of large scale adult vaccination must be
investigated.

***

NewTB vaccines may be a highly effective MDR/RR-TB prevention strategy in
their own right

Decision-makers should consider a new TB vaccine as a tool for MDR/RR-TB prevention
in its own right.

There are few systematic strategies in use for MDR/RR-TB prevention. Ostensibly,
strategies to improve DSTB treatment adherence and treatment of presumed LTBI in close
contacts of MDR/RR-TB patients with tuberculosis preventive therapy (TPT) may have a
role. However, globally, the provision of preventive therapy for household contacts of TB
patients is poor[44]. Further, evidence for the efficacy of TPT in preventing MDR/RR-TB
is scant[56–58]. Current evidence originates from small observational studies, although
trials to investigate agents such as bedaquiline and levofloxacin are under way[59–61].

However, both strategies have existing or foreseeable limitations. As evidenced by previous
studies and shown in chapter 3, MDR/RR-TB is an increasingly transmitted disease. As
primary resistance drives more MDR/RR-TB, strategies to improve DSTB treatment
adherencewill become less effective. Resistance to fluoroquinolones is well described[62,63]

and the real-world efficacy of a universal MDR/RR-TB TPT regimen is unknown and
may change over time.

Vaccines are less vulnerable to changes in underlying epidemic dynamics than adherence
improvement, less toxic and protracted than TPT, and do not require personalisation,
resistance profiling nor therapeutic drug monitoring. We have no a priori reason to
anticipate that vaccine efficacy will be lower against drug-resistant than DSTB. In this
work, vaccines substantially reduced MDR/RR-TB burden in two very different epidemic
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6.3 Research implications and future work

settings. Decision-makers should explicitly include the anticipated effect of a TB vaccine—
should it become available—into the national MDR/RR-TB control strategy. The value
of vaccine averted MDR/RR-TB should also be accounted for, as failure to do so will
substantially underestimate vaccine cost-effectiveness.

Probable and possible changes to programmatic TBmanagement must be
factored into TB vaccine planning.

TB vaccine decision-makers must be vigilant to new diagnostic tools and treatment
methods for MDR/RR-TB. As shown here, improvements to programmatic MDR/RR-
TB management may reduce the absolute epidemiologic impact and cost-effectiveness
of future vaccines. If such new technology arises, the implications for a TB vaccine
programme depend at least in part on whether MDR/RR-TB control is a local priority
in its own right. If so, then vaccines will likely remain an useful tool for MDR/RR-
TB prevention, as the relative burden (e.g. per cent incidence rate reduction) due to
vaccination is stable to changes in (non-vaccine) programmatic TB control. However, if
the major reason for MDR/RR-TB prevention is to control costs, then decision-makers
may need to reevaluate vaccine cost-effectiveness. Targeted interventions forMDR/RR-TB
will disproportionately reduce the cost-effectiveness of vaccines.

Decision-makers should begin to identify potential vaccine delivery strategies
and their component costs, grounded in local health system capacity, local
priorities and budgets.

In this thesis, I have modelled a relatively optimistic vaccine delivery strategy, particularly
with respect to how rapidly mass vaccination can be delivered. The unit costs used in
the economic evaluation reflect reasonable estimates for programmatic management and
those for vaccine delivery a reasonable approximation from other vaccine programmes.
However, a range of questions must be answered to build models that can address more
localised, granular, implementation related issues, including but not limited to:

• What mode of delivery is possible for adult vaccination? (e.g. periodic mass
campaigns or routine campaigns with mass catch up)

• Through what channels would such vaccination be delivered? (e.g. schools, hospit-
als, workplaces)

• What target coverage is envisaged and over what timeframe should it be attained?

• How will vaccination be financed? How much funding is (or might become)
available and when?

• What is the willingness-to-pay for TB vaccination at the required scale?

• Are there other local priorities—for example, social equity?
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6 Discussion

Work has begun to answer some of these questions. Results from a qualitative study where
investigators conducted in-depth semi-structured interviews with key decision makers
in India, South Africa, and China to explore potential implementation strategies for
M72/AS01E-like and BCG-revaccination-like vaccine candidates, their acceptability and
feasibility[64] are upcoming. Finally, country level experts may be able to leverage related
experience (e.g. COVID vaccination) or proxy data to narrow the range of probable
answers and facilitate more focused modelling.

Strategies to improve affordability of large scale adult vaccinationmust be
investigated.

If we assume that the Indian and Chinese health systems will pay for health at the
thresholds proposed by Ochalek et al., the total maximum costs of adult mass vaccination
in both settings would be substantial. Decision makers should consider means to improve
affordability if mass vaccination is considered a likely deployment strategy.

There are two main points to consider:

• The Ochalek threshold value may be too high for the scale of intervention proposed.
This issue is not inherent to TB but is exacerbated by its scale. Decision-makers
may be able to review currently funded interventions, both in TB and outside of it,
and use established health economics methods to generate endogenous estimates
of willingness-to-pay or cost-effectiveness thresholds to use in TB vaccine cost-
effectiveness analysis.

• Assuming the CET is correct, strategies to improve affordability must be sought.
As shown here, decision-makers may be able to estimate the decline in the cost-
effective price of vaccination due to planned scale up in programmaticmanagement.
Such estimates may be useful in negotiating pricing with manufacturers. Similarly,
assuming that vaccine price is independent of implementation strategy (which may
not necessarily be true), identifying highly cost-efficient and epidemiologically-
efficient subgroups (e.g. by age) may allow for proportionally more expenditure on
vaccine delivery.

6.3.2 Future work

Theunknowns regarding the future impact of TB vaccines are numerous, not least because
we do not yet have a fully-characterised and licensed vaccine. This is reflected in the
limitations and implications described in section 6.2.2 and section 6.3.1, respectively.
Model estimates can be further refined as data becomes available from vaccine trials.
Moreover, it is likely that model focus will shift further towards the “how”-oriented
research questions (figure 6.1).
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6.3 Research implications and future work

Two immediate research questions follow directly from this thesis: (i) how will vaccine
impact on MDR/RR-TB be affected by higher efficacy new MDR/RR-TB treatment regi-
mens?; and (ii) are vaccine estimates stable to contact matrix update methods in settings
other than India?

If the findings from TB-PRACTECAL can be robustly translated to programmatic out-
comes[47,48], then there is an urgent need to re-evaluate the expected vaccine impact, in-
cluding anupdated cost-model to quantify the expected impact on vaccine cost-effectiveness.

The impact of updating social contact structures to match evolving demography could
be investigated in different demographic and epidemiologic settings. We cannot reliably
extrapolate from India to a setting where both the underlying epidemic dynamics and
demographic projection differ substantially, e.g. China (where the population is expected
to age, further reinforcing a recurrence driven epidemic). More generally, we should
aim to develop methods that can determine a priori whether updating contact structures
for demography will affect vaccine impact. A candidate approach may be to analyse the
summary measures of contact change with demography presented in section §5.1 after
model calibration but prior to vaccine simulation. Where summary measures suggest a
strong effect, additional sensitivity analyses of contact update methods may be necessary.
However, summary measures would require validation across a range of demographic
settings and contact patterns.

As described in section 2.4.1, section 2.4.2, and section §3.4, the tuberculosis epidemics
in both India and China are heterogeneous. TB burden and programmatic outcomes
vary with comorbidities, urbanisation, socioeconomic status, and gender, among other
factors. These observed differences may be partially attributable to—or amplified by—
differential social mixing and contact structures within or between these risk groups.
For example, a recent systematic review of sex differences in social contact patterns has
identified moderate sex-assortative mixing across a range of settings[65]. Shaweno and
colleagues[66] have subsequently estimated that random mixing, as compared to sex-
assortative mixing, could reduce male:female prevalence ratios by 12% (95% CrI 0–31%)
using a model set in Uganda and Ethiopia. Similar analyses suggest that assortative
mixing may amplify TB-related disparities between socioeconomic groups. Andrews et
al[67] report an observable prevalence ratio of 2.59 between the poorest 40% against the
wealthiest 60% of the population in India. The authors found that this disparity would
imply 58% greater duration of infectiousness and contact rate among the poor if random
mixing between socioeconomic strata was assumed. In contrast, reproducing the disparity
would require only 22% greater duration of infectiousness and contact rates among the
poor if 90% within-strata associative mixing was assumed. However, the underlying
distribution of these risk factors—and therefore their associated contact patterns—may
change over time (e.g., trends in urbanisation, changes in wealth inequalities). By analogy
to research paper 4, future work should investigate whether updating contact structures
to match such changes might affect estimates of vaccine impact.
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6.4 Conclusions

MDR/RR-TB is an expanding threat to global TB control and an important component
of the TB epidemics in India and China. Here, it has been integrated as a dynamic
component of a Mtb transmission model, alongside country-specific estimates of its
costs to the health system. This modelling work shows that vaccines are likely to be a
substantial and cost-effective contributor to MDR/RR-TB control. As such, decision- and
policy-makers should recognise the potential role of vaccines within wider MDR/RR-TB
control strategies. However, both the epidemiologic impact of vaccines on MDR/RR-TB
and their cost-effectiveness are sensitive to developments in MDR/RR-TB diagnosis and
treatment.

Assuming that published cost-effectiveness thresholds reflect marginal health spending
in India and China, cost-effective large scale adult mass vaccination for TB will impose a
substantial cost on their respective health systems. Decision-makers should fully incor-
porate the impact of other programmatic TB management strategies into the calculation
of vaccine derived value to improve vaccine affordability.

Despite their limitations and given the long time horizons involved in TB disease and
TB vaccine impact, mathematical models have an important place in informing vaccine
policy. Here, I have shown that, in an India-like epidemic and demographic setting,
vaccine impact estimates are robust to structural uncertainty imposed by interactions
between social contact, evolving demography, and dynamic effects of vaccination. It is
unlikely that previous similarly parameterised and structured models of TB vaccination
are biased substantially by these uncertainties.

Overall, I present evidence that supports the introduction of new TB vaccines in India
and China. However, we must now urgently consider how to improve affordability, and
progress to investigating more detailed country-level vaccine implementation scenarios,
based on realistic in-country assessments of health system capacity and financing.
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Search Strategy 

Details of the literature search strategy, inclusion and exclusion criteria and flow diagram are 

presented here. 

We re-ran the search as specified in Harris et al (1) on the 5th of April 2020, restricting the date range 

to studies published following the 1 January 2016. We searched PubMed, EMBASE and the WHO 

Global Health Library. The PICOS framework for the research question is specified in Table A1. Search 

terms used in each database are described in Table A2. We identified 380 new studies. Seventeen 

duplicates were excluded, and 25 papers remained for abstract review after title screening. Following 

exclusions, seven (2–8)  papers were included (six from original search, one from reference searching). 

An additional three unpublished studies (9–11) were identified by expert input (Box A1). 

The inclusion and exclusion criteria for the search were as in the original review (1) and are listed in 

Box 1. Studies were omitted if they did not report exact epidemiologic outcomes or were primarily 

methods based. The earliest paper, Shrestha et al. 2016 (4), was identified post hoc in the previous 

systematic review and is included here for completeness given it is within the search period of this 

review. For consistency, the studies were evaluated using the same criteria as the original review (1). 

Quality appraisal criteria are presented in Table A3. 
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Table A1: Research question PICOS framework 

Limit Definition Limit management 

Population Humans, any age any country Search limit 

Intervention Novel/theoretical/pipeline TB vaccines 
Not single efficacy BCG-only 

Search terms and exclusion 
criteria 

Comparator No intervention, currently available interventions (at 
current or scaled-up levels), or other theoretical 
interventions. 

No limit applied 

Outcome Tuberculosis epidemiological impact (incidence, 
prevalence, mortality, number needed to vaccinate, cost 
effectiveness) 
Not Mycobacterium bovis 
Not within-host impact models 

Inclusion/exclusion criteria 
 

Time No limit No limit applied 

Study Design Epidemiological mathematical models 
Not reviews/commentaries 

Search terms and 
Inclusion/exclusion criteria 

 

Table A2: Search terms used in literature review 

 Search Term Group 

Modelling Tuberculosis Vaccine 

Pubmed "Models, 
Theoretical"[Mesh]) OR 
"mathematical model*" 

TB OR tuberculosis OR 
"Tuberculosis"[Mesh] 

vaccin* OR immuniz* OR 
immunis* OR "Tuberculosis 
Vaccines"[Mesh] 

Embase ("mathematical 
model$".mp. OR 
mathematical model.mp. or 
mathematical model/) 

(tuberculosis control/ or 
exp tuberculosis/ or 
Mycobacterium 
tuberculosis/ or tb.mp. or 
tuberculosis.mp.) 

(exp vaccine/ or (vaccin$ or 
immunis$ or 
immuniz$).mp.) 

WHO Global 
Health Library 
 
 

("computer models" OR 
"epidemiologic models" OR 
"mathematical models") 

TB OR tuberculosis OR 
"tuberculosis" 

Not required as very few 
hits with first two search 
terms 
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Table A3: Risk of bias tool for assessment of epidemiological modelling studies 

  Criterion (adapted from Fone et al. and Caro et al.) Considerations (adapted from Fone et al. and Caro et al.) Score considerations (0, poor to 2, good)  

1 Are the aims and objectives clear? Are the research questions and modelling objectives clearly 
defined? 

0 Not stated 

1 Stated but vague 

2 Stated and focussed 

 

Definitions: 
max 8 
points 

 

 

 

2 Is the setting and population clearly defined? Does the paper clearly state the setting (e.g. geographical location, 
high/low TB burden)? 

0 Not stated 

1 Stated but vague or details missing 

2 Stated and focussed 
In health economics models, has the perspective been stated? 

Does the paper clearly state the modelled population? (e.g. patient 
or population group characteristics) 

Have sub-populations necessary for the research question and 
setting been modelled? 

3 Are the intervention and comparators adequately 
defined? 

Does the paper clearly state the population(s) targeted for 
vaccination? 

0 Not stated or very unclear 

1 Stated but details missing 

2 Stated and all necessary details stated 
Does the paper clearly define the vaccine characteristics (e.g. 
vaccine efficacy, duration of protection, number of doses, waning, 
timing)? 

If there is a comparator (no vaccine, baseline or alternative 
intervention scenario), is it clearly defined? 

4 Are the outcome measures defined and answer 
the research question? 

Does the paper clearly define the outcomes of interest? 0 Not stated, very unclear or not suited to 
research question 

1 Stated but details missing or not directly 
aligned with research question 

2 Stated, all necessary details stated, and 
aligned with research question 

Do the outcomes correspond to the research question? 

5 Are the model structure and time horizon clearly 
described and appropriate for the research 
question? 

Is the model structure clearly reported and appropriate for the 
research question? 

0 Not appropriate model structure, or 
poor/no description of model 

1 Incomplete description, and/or 
appropriate in part for research question 

Model 
methods: 
max 4 
points 

Does the model reflect current knowledge of disease natural 
history? 

A.1 Research Paper 1: Systematic Review Methods

291



Is the time horizon and time step of the model clearly stated and 
appropriate to the research question (i.e. is it long enough to 
capture health effects)? 

2 Complete and reproducible, appropriate 
structure and time horizon 

 

 

6 Are the modelling methods appropriate for the 
research question and adequately described? 

Were the modelling methods clearly described, and suited to the 
research question? 

0 Not appropriate model structure, or 
poor/no description of methods 

1 Incomplete description, and/or 
appropriate in part for research question 

2 Complete and reproducible, appropriate 
method 

7 

 

Are the parameters, ranges and data sources 
specified? 

Are all parameters and their ranges reported? 0 Poorly reported 

1 Some information missing 

2 Complete reporting of parameters, ranges 
and data sources 

Model 
inputs: 
max 6 
points 

Are the data sources for parameters reported? 

8 Are any assumptions explicit and justified? Are all assumptions explicit and justified? 0 Not reported 

1 Explicit 

2 Explicit and justified 

9 Is the quality of data considered and is uncertainty 
explored through uncertainty and/or sensitivity 
analyses? 

Are data limitations discussed? Are any of the sources known to the 
reviewer to be inappropriate (e.g. do not match the parameter, are 
outdated, or known to be poor quality)?  

0 No sources or uncertainty 

1 Partially addressed, and/or some data 
inappropriate 

2 Fully addressed 
Is uncertainty in model structure, parameters and/or assumptions 
explored through uncertainty and/or sensitivity analyses? 

10 Is the method of fitting described and suitable? Is the method of fitting/calibrating the model clearly described? 0 Not done, unsuitable method or poor/no 
description 

1 Incomplete description or method not 
optimal 

2 Complete description and suitable 
methods  

Fitting/ 
validation: 
max 4 
points Is the method of model fitting/calibration suitable? 

11 Has the model been validated? Has an assessment of validity of the results been made by 
comparing across one or more different model structures, or against 
a validation data set? 

0 Not considered 

1 States criteria for validation 

A Research Paper Appendices

292



  

2 Validation undertaken 

 

12 

Have the results been clearly and completely 
presented, with a range of uncertainty? 

Have the outcome values and their uncertainty ranges for each 
intervention/scenario been reported? 

0 Not reported, very unclear or not suited to 
research question 

1 Stated, but ranges or planned sensitivity 
analyses missing and/or not directly aligned 
with research question 

2 Values and ranges and planned sensitivity 
analyses reported and aligned with research 
question. 

Results: 
max 4 
points 

Do the results match the objectives? 

Are sensitivity analyses clearly reported? 

13 Are the results appropriately interpreted and 
discussed in context? 

Does the discussion reflect a fair and balanced interpretation of the 
results?  

0 No/poor discussion 

1 Some discussion but key points, 
limitations or context missed 

2 Full discussion of key points in context, 
generalisability considered, limitations 
discussed 

Are the results of the study discussed in context and is 
generalisability considered? 

Are possible biases and limitations discussed? 

14 Are the funding source and conflicts of interest 
reported? 

Is the funding and the role of the funder clearly stated? 0 No statement of funding or conflicts 

1 Funding or conflicts reported 

2 Funding and conflict statement 

Conflicts: 

Max 2 
points 

Is there a conflict of interest statement? 

 
 

 
 

  

Overall Scoring: Max 28 points 
 

  

Very high >22 
  

High 19-22 
  

Medium .14-18 
  

Low <14 
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Table A4: PRISMA 2009 Checklist 

Section/topic  # Checklist item  
Reported 
on page #  

TITLE   

Title  1 Identify the report as a systematic review, meta-analysis, or both.  - 

ABSTRACT   

Structured summary  2 Provide a structured summary including, as applicable: background; objectives; data sources; study eligibility criteria, 
participants, and interventions; study appraisal and synthesis methods; results; limitations; conclusions and implications of key 
findings; systematic review registration number.  

2 

INTRODUCTION   

Rationale  3 Describe the rationale for the review in the context of what is already known.  12 

Objectives  4 Provide an explicit statement of questions being addressed with reference to participants, interventions, comparisons, 
outcomes, and study design (PICOS).  

12/13/Table 
A1 

METHODS   

Protocol and registration  5 Indicate if a review protocol exists, if and where it can be accessed (e.g., Web address), and, if available, provide registration 
information including registration number.  

** 

Eligibility criteria  6 Specify study characteristics (e.g., PICOS, length of follow-up) and report characteristics (e.g., years considered, language, 
publication status) used as criteria for eligibility, giving rationale.  

12/13, Box 
A1 

Information sources  7 Describe all information sources (e.g., databases with dates of coverage, contact with study authors to identify additional 
studies) in the search and date last searched.  

Supp. M. 

Search  8 Present full electronic search strategy for at least one database, including any limits used, such that it could be repeated.  Supp. M. 
Tab A2 

Study selection  9 State the process for selecting studies (i.e., screening, eligibility, included in systematic review, and, if applicable, included in the 
meta-analysis).  

12/13, Supp 
M Box A1 

Data collection process  10 Describe method of data extraction from reports (e.g., piloted forms, independently, in duplicate) and any processes for 
obtaining and confirming data from investigators.  

12/13 

Data items  11 List and define all variables for which data were sought (e.g., PICOS, funding sources) and any assumptions and simplifications 
made.  

- 

Risk of bias in individual studies  12 Describe methods used for assessing risk of bias of individual studies (including specification of whether this was done at the 
study or outcome level), and how this information is to be used in any data synthesis.  

Supp M 
Table A3 

Summary measures  13 State the principal summary measures (e.g., risk ratio, difference in means).  12/13 
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Synthesis of results  14 Describe the methods of handling data and combining results of studies, if done, including measures of consistency (e.g., I2
) for 

each meta-analysis.  
n/a 

 

Page 1 of 2  

Section/topic  # Checklist item  
Reported 
on page #  

Risk of bias across studies  15 Specify any assessment of risk of bias that may affect the cumulative evidence (e.g., publication bias, selective reporting within 
studies).  

n/a 

Additional analyses  16 Describe methods of additional analyses (e.g., sensitivity or subgroup analyses, meta-regression), if done, indicating which were 
pre-specified.  

n/a 

RESULTS   

Study selection  17 Give numbers of studies screened, assessed for eligibility, and included in the review, with reasons for exclusions at each stage, 
ideally with a flow diagram.  

12, Supp M 
Fig A1 

Study characteristics  18 For each study, present characteristics for which data were extracted (e.g., study size, PICOS, follow-up period) and provide the 
citations.  

12/13; Supp 
M Table A2; 
Table 1 

Risk of bias within studies  19 Present data on risk of bias of each study and, if available, any outcome level assessment (see item 12).  Supp M 
Table A5 

Results of individual studies  20 For all outcomes considered (benefits or harms), present, for each study: (a) simple summary data for each intervention group 
(b) effect estimates and confidence intervals, ideally with a forest plot.  

Table 1 

Synthesis of results  21 Present results of each meta-analysis done, including confidence intervals and measures of consistency.  n/a 

Risk of bias across studies  22 Present results of any assessment of risk of bias across studies (see Item 15).  n/a 

Additional analysis  23 Give results of additional analyses, if done (e.g., sensitivity or subgroup analyses, meta-regression [see Item 16]).  n/a 

DISCUSSION   

Summary of evidence  24 Summarize the main findings including the strength of evidence for each main outcome; consider their relevance to key groups 
(e.g., healthcare providers, users, and policy makers).  

18/19 

Limitations  25 Discuss limitations at study and outcome level (e.g., risk of bias), and at review-level (e.g., incomplete retrieval of identified 
research, reporting bias).  

18/19 

Conclusions  26 Provide a general interpretation of the results in the context of other evidence, and implications for future research.  18/19 

FUNDING   

Funding  27 Describe sources of funding for the systematic review and other support (e.g., supply of data); role of funders for the systematic 
review.  

2 

 
From:  Moher D, Liberati A, Tetzlaff J, Altman DG, The PRISMA Group (2009). Preferred Reporting Items for Systematic Reviews and Meta-Analyses: The PRISMA Statement. PLoS Med 6(6): e1000097. doi:10.1371/journal.pmed1000097  
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** Protocol as per Harris et al (1) – Supplementary Appendix C, found at: https://dx.doi.org/10.1080%2F21645515.2016.1205769   
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Table A5: Results of Quality Appraisal

Author Year 
Aims & 
Objectives 

Setting and 
Populations 

Intervention / 
Comparators 

Outcome 
measures 

Model 
Structure 
and Time 
Horizon 

Modelling 
Methods 

Parameters, 
ranges, and 
data 
sources 

Assumptions 
explicit and 
justified 

Quality of 
data and 
uncertainty 
and/or 
sensitivity 
analyses 

Method 
of 
fitting 

Model 
validation 

Presentation 
of results 
and 
uncertainty 

Interpretation 
and discussion 
of results 

Funding 
source 
and 
conflicts 
of 
interest 

Final 
Score 
(/28) 

Rating 

Shrestha 
et al (4) 

2016 Yes (2) Yes (2) Yes (2) No (0) Partial (1) Yes (2) Yes (2) Partial (1) Yes (2) Yes (2) No (0) Yes (2) Yes (2) Yes (2) 23 
Very 
high 

Liu et al 
(5) 

2017 Partial (1) Partial (1) No (0) No (0) Yes (2) Partial (1) Yes (2) No (0) Partial (1) 
Partial 
(1) 

No (0) Partial (1) No (0) 
Partial 
(1) 

11 Low 

Shrestha 
et al (3) 

2017 Yes (2) Yes (2) Partial (1) Partial (1) Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) No (0) Yes (2) Yes (2) Yes (2) 24 
Very 
high 

Fu et al 
(6) 

2018 Yes (2) Partial (1) Partial (1) Yes (2) Yes (2) Yes (2) Yes (2) Partial (1) Yes (2) Yes (2) No (0) Yes (2) Yes (2) Yes (2) 23 
Very 
high 

Renardy 
and 
Kirschner 
(8) 

2019 Partial (1) Partial (1) Partial (1) No (0) Yes (2) Yes (2) Yes (2) Partial (1) Yes (2) Yes (2) No (0) Yes (2) No (0) 
Partial 
(1) 

17 Medium 

Harris et 
al (7) 

2019 Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) Yes (2)  Yes (2) Yes (2) No (0) Yes (2) Yes (2) Yes (2) 26 
Very 
high 

Awad et 
al (2) 

2020 Yes (2) Yes (2) Partial (1) Partial (1) Yes (2) Partial (1) Yes (2) Partial (1) Yes (2) 
Partial 
(1) 

Partial (1) Yes (2) Yes (2) Yes (2) 22 High 

Harris et 
al (10) 

2020 Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) Yes (2) No (0) Yes (2) Yes (2) Yes (2) 26 
Very 
high 

Median Score 2 2 2 1 2 2 2 1 2 2 0 2 2 2 23 
Very 
high 
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Box A1: Inclusion and Exclusion Criteria for Literature Search 

Inclusion 
● Mathematical model 
● Systematic review of models of novel/future/hypothetical TB vaccine, or commentary 

adding to the analyses/interpretation of models reported elsewhere 
● Intervention is novel/future/hypothetical vaccine against tuberculosis or of an 

unspecified novel TB intervention with characteristics in-line with a vaccine 
● Reported outcomes are of the epidemiological impact of vaccine(s) (e.g. incidence, 

prevalence, mortality, number needed to vaccinate, cost effectiveness) 
 

Exclusion 
● Within-host/immunological vaccine impact models 
● Review of commentary not adding to existing body of knowledge 
● TB epidemiological models not reporting impact of vaccine 
● TB epidemiological models reporting only interventions other than vaccines 
● Model only reporting on impact of BCG with single known/fixed efficacy 
● Disease or infection caused by Mycobacterium bovis or other non-Mycobacterium 

tuberculosis strain 
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Figure A1. A flowchart of the literature screening for the updated search  
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A.2 Research Paper 2: CHEERS Checklist

A.2 Research Paper 2: CHEERS Checklist

Consolidated Health Economic Evaluation Standards checklist for cost-effectiveness
analysis included in Research Paper 2.
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Consolidated Health Economic Evaluation Reporting Standards – CHEERS Checklist      1 
 

 

 

 

 

CHEERS Checklist 
Items to include when reporting economic evaluations of health interventions 

 
The ISPOR CHEERS Task Force Report, Consolidated Health Economic Evaluation Reporting 
Standards (CHEERS)—Explanation and Elaboration: A Report of the ISPOR Health Economic Evaluations 
Publication Guidelines Good Reporting Practices Task Force, provides examples and further discussion of 
the 24-item CHEERS Checklist and the CHEERS Statement.   It may be accessed via the Value in Health or 
via the ISPOR Health Economic Evaluation Publication Guidelines – CHEERS: Good Reporting Practices 
webpage: http://www.ispor.org/TaskForces/EconomicPubGuidelines.asp 
 
 

Section/item Item 
No 

Recommendation Reported 
on page No/ 
line No 

Title and abstract 
Title 1 Identify the study as an economic evaluation or use more 

specific terms such as “cost-effectiveness analysis”, and 
describe the interventions compared.  

Abstract 2 Provide a structured summary of objectives, perspective, 
setting, methods (including study design and inputs), results 
(including base case and uncertainty analyses), and 
conclusions.  

Introduction 
Background and 
objectives 

3 Provide an explicit statement of the broader context for the 
study. 

 

Present the study question and its relevance for health policy or 
practice decisions.  

Methods 
Target population and 
subgroups 

4 Describe characteristics of the base case population and 
subgroups analysed, including why they were chosen.  

Setting and location 5 State relevant aspects of the system(s) in which the decision(s) 
need(s) to be made.  

Study perspective 6 Describe the perspective of the study and relate this to the 
costs being evaluated.  

Comparators 7 Describe the interventions or strategies being compared and 
state why they were chosen.  

Time horizon 8 State the time horizon(s) over which costs and consequences 
are being evaluated and say why appropriate. 

 
 

Discount rate 9 Report the choice of discount rate(s) used for costs and  
outcomes and say why appropriate.  

Choice of health 
outcomes 

10 Describe what outcomes were used as the measure(s) of 
benefit in the evaluation and their relevance for the type of 
analysis performed.  

Measurement of 
effectiveness 

11a Single study-based estimates: Describe fully the design 
features of the single effectiveness study and why the single 
study was a sufficient source of clinical effectiveness data.  
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