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Abstract

Background

Tuberculosis (TB) is one of the top ten causes of death worldwide, responsible for 10.0
million cases and 1.2 million deaths in 2018. Heterogeneity in infectiousness is particularly
essential to Mycobacterium tuberculosis transmission since TB has profoundly heterogeneous
clinical manifestations and variable duration of disease. This heterogeneity of transmission
has the potential to disrupt global TB elimination strategies, which are often applied

consistently across areas and populations, making it essential to understand and quantify.
Aims

The overall aim of this thesis was to establish an evidence base concerning TB patients’
infectiousness heterogeneity and to integrate this evidence with a mathematical TB

transmission model to predict the effectiveness of targeted interventions.
Methods

Systematic reviews and meta-analyses of published articles were undertaken to identify risk
factors associated with the infectiousness of patients with TB and explore past TB
transmission models. Offspring distributions for the number of secondary infections per index
patients were produced using TB contact investigation data from Victoria, a state in Australia
with a low burden of TB and high-quality data. This empiric distribution was then fitted with
a negative binomial distribution to quantify heterogeneity and super-spreading. Survival
analyses were employed to describe profiles and patterns of TB disease progression among
contacts of TB patients. Finally, a transmission dynamic model TB was constructed using
ordinary differential equations to evaluate the comparative effectiveness of targeted active
case finding intervention towards the most infectious type of patients. Model parameters were

estimated from the observed distribution of secondary infections with a Hamiltonian Monte
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Carlo algorithm, with a particular focus on parameters pertaining to heterogeneous

infectiousness.

Results

The systematic review showed that patient characteristics significantly associated with higher
infectiousness included clinical characteristics such as treatment delay, positive sputum
smear, cavitary disease and HIV seronegative status; and behavioural characteristics such as
smoking and heavy alcohol consumption. After assessing the distribution of the number of
secondary infections per index from contact tracing data, super-spreaders were estimated to
be around 10% of all index patients, which were responsible for 75.2% of secondary
infections. The large majority of past TB models did not consider heterogeneous
infectiousness at all, and among those that did incorporate heterogeneous infectiousness, the
commonest approach to stratification of the active TB compartment was to incorporate two
levels of infectiousness. However, various clinical characteristics were used to stratify the
active TB compartments, and models differed as to whether they permitted transition between
these states. The proposed model showed that heterogeneity parameters such as the
proportion of super-spreaders and their relative infectiousness compared to other low-
spreaders were as important as other previously recognised epidemiological parameters, such
as the latency progression parameters, in determining the burden of TB. This model also
suggested that targeted active case finding interventions directed towards people likely to be
super-spreaders can have a substantial impact on TB burden, particularly in settings with high

transmission but low case detection rates.

Conclusions

Heterogeneity of transmission and super-spreading are critical issues to consider in the design

of interventions and models of TB transmission dynamics. Behavioural and clinical



characteristics of TB patients can be used to identify highly infectious patients for targeted
contact tracing interventions. Targeting active case-finding interventions to people likely to

be super-spreaders is particularly beneficial in settings where case detection is poor.
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Structure of the thesis

Chapter 1: Introduction: This first Chapter provides the context to the PhD project by
describing the natural history of TB, its current global epidemiology, heterogeneity in
infectiousness and methods of quantifying it for infectious diseases in general. This Chapter

also presents the data sources and methods of data management and analyses.

Chapter 2: Risk factors for infectiousness of patients with tuberculosis: This Chapter
summarises evidence relating to the heterogeneity of patients with TB with regards to their
capacity to transmit the infection to their susceptible contacts by systematically reviewing TB
contact investigation studies. This chapter highlights how patient-related factors are

associated with the risk of Mtb transmission to contacts.

Chapter 3: The role of super-spreading events in Mycobacterium tuberculosis
transmission: This Chapter quantifies the magnitude of heterogeneity in infectiousness of
patients with TB and presents evidence of super-spreading in Mtb transmission by analysing
prospectively collected TB contact investigation data from the Victorian TB Program,

Australia.

Chapter 4: Profiles of tuberculosis disease activation among contacts of patients with
tuberculosis: Using contact investigation data from the Victorian TB Program, this Chapter
explores and quantifies heterogeneity in the rates of progression from Mtb infection to active

TB disease among contacts of TB patients.

Chapter 5: Heterogeneous infectiousness in mathematical models of tuberculosis: By
systematically reviewing previous TB modelling studies, this Chapter highlights how
previous TB modelling studies approached heterogeneous infectiousness and identifies the

factors which have been used to stratify TB patients into various infectiousness levels.
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Chapter 6: Capturing heterogeneous infectiousness in transmission dynamic models of
tuberculosis: This Chapter proposed a data-driven deterministic model of Mtb transmission,
capturing heterogeneous infectiousness by considering three levels of TB patients’ infectivity
(namely non-spreaders, low-spreaders and super-spreaders). With this approach, this Chapter
compares the effectiveness of a targeted active case finding intervention to that of an

untargeted intervention.

Chapter 7: Conclusions and Future Directions: This Chapter presents the main findings

from the thesis and their implications and proposes future research directions.
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Chapter 1

1. Introduction



1.1. Chapter overview

This Chapter outlines five major themes that comprise the background to the issue of
heterogeneous infectiousness of individuals with active TB disease and its implications. First,
it presents the current understanding of the natural history and control methods of TB.
Second, it describes the global epidemiology of TB and international efforts to control the
epidemic. Third, it describes the current understanding of heterogeneity in infectiousness in
communicable disease transmission and methods of quantifying this heterogeneity. Fourth, it
introduces mathematical models of infectious diseases generally and TB models in particular.
Finally, it summarises the background to this doctoral research, research questions, and the
overall aim of the doctoral research. The Chapter concludes with a brief description of the

methods used, particularly the data sources and approaches to data management.



1.2. Epidemiology of tuberculosis

1.2.1. Introduction to tuberculosis
Causation and history
Tuberculosis (TB) is an infectious disease caused by several species of gram-positive bacteria
belonging to the Mycobacterium tuberculosis complex, which includes several human
pathogens. However, human TB disease is mainly caused by the Mycobacterium tuberculosis
(Mtb) species [1]. TB is an ancient disease of humankind, believed to have caused epidemics
starting from human prehistory, such that it is estimated that Mtb might have killed more
people than any other microbial species [2]. Although the clinical features of TB were
identified by Hippocrates (460-370 BCE), it was Robert Koch’s discovery of the tubercle
bacillus in 1882 that fundamentally changed the understanding of TB and the quest for its

treatment [3-6].

Infection

The transmission of Mtb from diseased individuals to uninfected persons is almost
universally through the airways. Infection occurs when droplet nuclei (typically containing
one to three tubercle bacilli) are exhaled from the diseased person and suspended in the air.
The nucleus is then inhaled and ingested by alveolar macrophage in the previously uninfected
person’s lungs [7-9]. After the production of specific immunity, the bacilli enter a state of
latency, called latent TB infection (LTBI). A proportion of infected people then proceed to
symptomatic active TB disease within a short period from infection (e.g. less than one year),
which may be termed “early progression”. Some may remain latently infected but healthy for
the rest of their lives, while others may later reactivate to symptomatic disease, sometimes
many years form exposure. Globally, an estimated 1.7 billion people have LTBI, and these

people form a critical reservoir for continued TB disease activation [10-12].



Although infection starts in the lungs, TB can affect any site in the human body, as the
infection can spread via the blood to all body parts. For TB epidemiology and control, TB
disease is commonly classified based on the involvement of the lungs, with TB involving the
lungs termed pulmonary TB (PTB) and representing the infectious form of the disease, while
extrapulmonary TB (EPTB) refers to TB at other body sites. The approximate duration of
clinical disease from onset to cure or death in the absence of any intervention has been
estimated to be three years [13]. Clinical signs and symptoms may differ depending on the
age and immune status of the patient, in addition to the body organs involved. However, a
person with TB disease often manifests a combination of several of the following typical
symptoms: persistent cough, fatigue, weight loss, fever, loss of appetite and night sweats [14,

15].

Diagnosis

Early diagnosis of active TB disease ensures optimal outcomes for the individual patient and
the prevention of further transmission. TB diagnostic delays are a central problem to the
programmatic control of TB and are often due to the patient having no access to care or not
seeking care; clinicians not considering or suspecting TB as a diagnosis; or the absence of a
sensitive, readily available diagnostic test. Although the focus of diagnostic and treatment
interventions in TB control is predominantly on active TB cases, it is also desirable to
diagnose LTBI among those who are at increased risk of TB, to inform a decision on the
provision of preventive therapy. Identifying healthy individuals with LTBI can be achieved
through a reactive tuberculin skin testing (TST) and or a positive interferon-gamma release
assay (IGRA), although these tests are unable to distinguish those at higher risk of

progressing to active disease [16-18].

The World Health Organization (WHO) has approved four microbiologic tests and chest

radiography as diagnostic tests for TB [17]. Conventional sputum smear microscopy is the



primary type of test used to diagnose pulmonary TB in resource-limited settings. However,
the identification of acid-fast bacilli with light microscopy has imperfect sensitivity,
especially in paucibacillary disease or low sputum bacillary concentration, such as paediatric
TB and in TB-HIV co-infection. Optimisation techniques for smear microscopy, such as
using fluorescence microscopy instead of conventional light microscopy, sputum processing,

and testing serial sputum specimens, may also be used to improve sensitivity [19, 20].

Unlike sputum smear, the relatively recent technology of nucleic acid amplification tests
(NAATS) can be used to diagnose both pulmonary and extrapulmonary TB. However, due to
lack of access and inconsistent evidence, NAATS are not recommended to replace sputum
smear testing but can be preferably used in conjunction with conventional tests and clinical
data to confirm the diagnosis of TB [21-23]. Automated liquid culture is more sensitive and
returns results faster than solid culture; however, this technique requires higher lab standards
to avoid contamination. MPT64-based rapid immunochromatographic tests (ICT) are highly
sensitive and specific tests used on mycobacteria growing on culture media that can confirm
that the organism is Mth. This test uses colonies that grow in either liquid or most typical
culture, but the turnaround time is shorter for liquid cultures [24-26]. Chest radiography is
also useful for detecting pulmonary abnormalities due to PTB and can be used as a triage
tool, diagnostic aid or for screening purposes [27]. In December 2010, the WHO endorsed a
molecular assay called Xpert MTB/RIF that enables simultaneous detection of Mtb and
rifampicin (RIF) resistance [22, 28-30]. A further development in this TB diagnostic
technology, called GeneXpert Omni, was released in 2015 as a more sensitive and accurate

point-of-care molecular assay, although not yet endorsed by the WHO [31, 32].

Treatment
Once patients are diagnosed with TB, treatment is typically undertaken in two phases. The

standard initial phase of treatment for drug-susceptible TB consists of two months of



intensive isoniazid, rifampicin, pyrazinamide and ethambutol, while the continuation phase
consists of isoniazid and rifampicin given for four months. Patients with tuberculosis caused
by drug-resistant (especially MDR/XDR) organisms should be treated with specialised
regimens containing quality-assured second-line anti-tuberculosis drugs. Treating MDR-TB
is more complicated than drug-susceptible ones due to the need to identify the type of
resistance and longer duration of treatment; however, there is a major move towards shorter

MDR-TB regimen instead of the traditional longer regimens [17, 33].

1.2.2. Global burden of tuberculosis
Although the development of effective drugs in the 1960s dramatically reduced TB-related
mortality and morbidity, TB still caused an estimated 10.0 million cases and 1.2 million
deaths worldwide in 2018. TB ranks as the ninth leading cause of death from all sources and

the number one Killer disease from a single infectious pathogen [5, 34, 35].

Dramatic declines in TB-related deaths have been seen in history before the development of
effective drugs. A classic example is a decline in TB annual mortality in England and Wales
from more than 300 deaths per 100,000 population in 1815 to fewer than 100 deaths in 1935
[36]. The story is similar in other developed countries, which used to suffer from

considerable TB epidemics before economic development and improvements in living
standards were achieved. The trend of TB morbidity from 1990 to the present day is generally
towards a continued decline in high-income countries. However, from the beginning of the
1990s, the global TB burden began to increase due to high rates of HIV infection in Africa

and the economic deterioration of former Soviet countries [37].

The global TB burden is heterogeneously distributed, with low- and middle-income countries
bearing the highest burden of the disease [38]. For the period 2016-2020, the WHO classified

countries as a low-burden country or high-burden country based on the absolute numbers of



cases and in terms of case rates per capita. The WHO lists for high-burden countries consists
of three intersecting groups: TB, TB/HIV and MDR-TB; with each list containing 30
countries. Forty-eight countries are in at least one of these groups, and these high-burden

countries together account for 85-89% of the global burden [39].

Locations that currently enjoy a low-burden of TB, such as the European countries, endured
severe TB epidemics in the 19" century but transitioned to low-burden status over time.
Generally, developed or high-income countries, where the quality of life improved
dramatically with economic and industrial development during the 20th century, are now
classified as low-burden countries [36]. In 2017 in most high-income countries, there were
fewer than ten new cases per 100,000 population, while there were between 150 and 400 new
cases per 100,000 population in most high-burden countries. In countries such as South
Africa, Mozambique and the Philippines, there is an extreme rate of TB (more than 500 new
cases per 100,000 population); interestingly, some of these countries are high HIV burden
settings while others are not, highlighting the diverse drivers of the epidemic by context and
region [35]. Tuberculosis remains a disease of poverty that is inseparably associated with
overcrowding and poor nutrition. HIV infection, diabetes, alcohol use, poor nutrition and
smoking are among the most prominent risk factors accounting for the high TB burden in
low- and middle-income countries although these factors cannot fully explain the difference

in TB burden [40].

1.2.3. Global efforts to control tuberculosis
The re-emergence of TB in developed countries due to international migration and the
resurgence of the disease in lower-income settings has required the global community to re-
think coordination and funding of TB-related research and control strategies [41]. In 1993,
the WHO declared TB a global public health emergency and the disease to be a matter of

global public health concern. Soon after, it launched the “directly observed treatment, short



course” (DOTS) strategy to ensure that the correct drugs are taken at the right time for the
full duration of treatment, to prevent further transmission [42]. Since then, the inclusion of
tuberculosis-related indicators in the Millennium Development Goals and the development
and implementation of the Stop TB Strategy underpinning the Global Plan to Stop TB 2006—
2015 have helped to co-ordinate and accelerate global TB control interventions, resulting in a

significant reduction in TB incidence rates and mortality over this period [37, 43].

Following these achievements, the WHO developed the new End TB Strategy for post-2015
TB elimination activities. The End TB Strategy’s objective is a 95% reduction in TB deaths
and 90% reduction in the TB incidence rate by 2035, compared to 2015 rates [44]. This
ambitious plan faces challenges from increased migration, poverty and unpredictable factors,
such as human-made and natural disasters that could lead to the destruction of health care
facilities and derail the expected progress. Moreover, other epidemiological factors, such as
TB’s poorly understood natural history, the extent to which past disease episodes confer
immunity, and the uncertain impact of future interventions make it difficult to be confident

about the possibility of its elimination.



1.3. Heterogeneity in disease transmission

The emergence and re-emergence of infectious disease may occur due to combinations of
environmental, social, political and economic factors. The infectious agent can be transmitted
from its reservoir, typically a human host, to a new host via direct or indirect transmission
mechanisms. In the case of direct transmission, the infection spreads by immediate transfer of
the infectious agent from the infectious host to a new host via direct physical contact, or body
fluid or droplet spread. In the case of an indirect mechanism, there are three primary

pathways of agent transmission: vehicle-borne, vector-borne, and airborne [45].

The chance of an infectious individual coming into contact with a susceptible host and
transmitting the infectious agent depends on the environment enabling transmission, the
infectivity of the infectious individual and the susceptibility of the uninfected host [46]. Thus,
heterogeneity in pathogen transmission can arise due to these myriad factors related to the

pathogen, the infected host, susceptible host and the environment.

1.3.2. Heterogeneous infectiousness in disease transmission
Heterogeneity in the ability of individuals to transmit infections is an essential concept in
disease transmission dynamics and has implications for evaluating disease control
interventions. In infectious disease transmission, it has been recognised that there are
heterogeneities in the capacity of infective individuals to transmit infection [46].
Heterogeneity between infectious individuals in their capacity to transmit the infectious
agents can be explained thus: a very few highly infectious individuals produce a large number
of secondary infections, while others may infect very few contacts or maybe entirely non-

infectious [47, 48].

This individual infectiousness heterogeneity has been explained concerning the transmission

of various infectious disease. The established statistical pattern of the 20/80 rule has been



applied to vector-borne parasitic infections and sexually transmitted infections; this rule of
thumb states that a “core” 20% of patients are highly infectious, causing 80% of secondary
infections. The rule suggests that control programs targeting this highly infectious segment of
the infectious population are likely to be considerably more effective [49]. Similarly, in the
spread of the severe acute respiratory syndrome (SARS), infectious persons that
disproportionally infected more secondary contacts than other (super-spreaders) were a
crucial feature of the epidemic [50, 51]. Super-spreading events whereby very few
individuals produce a large number of secondary infections are not an exceptional
phenomenon; instead, they are a core characteristic of the transmission of most infectious

diseases.

Methods for quantifying heterogeneous infectiousness

Approximations of the number of secondary infections per index using appropriate statistical
distributions provide opportunities for gaining new insights into the spread and control of
infectious disease in heterogeneous populations [52]. With the availability of contact
investigation data, a particular method of analysing heterogeneity in infectiousness has
become available. The distribution of the number of secondary infections per index produced
from contact tracing can be fitted with a negative binomial distribution to describe

heterogeneous infectiousness and quantify the presence of super-spreading [48].

An offspring distribution can be approximated by using a probability distribution that describes
the number of secondary infections produced across the range of patients with the disease. This
process would be expected to follow a negative binomial distribution, which is similar to a
Poisson distribution in that it is discrete, but which also allows for “over-dispersion”, where
the variance may be greater than the mean [53]. The negative binomial distribution can
accommodate such over-dispersed count data such as the number of secondary infections or

offspring per index case [53-55]. As has been established by Lloyd-Smith et al. [48], offspring
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distributions can be well described by the negative binomial distribution, which permits
sufficient flexibility with only two parameters (the shape parameter and the mean). Denoting
the individual reproductive number by v and the distribution of individual reproductive
numbers (offspring distribution) by Z, v follows a negative binomial offspring distribution with
dispersion parameter k and mean m, such that Z~NegB(m, k). The dispersion parameter k
quantifies the extent of over-dispersion in the count data. There will be some heterogeneity in
the realisation of a simple Poisson distribution, however, if there is extra-heterogeneity
between index cases in the number of secondary infections produced, dispersion increases and
the parameter k approaches zero (k — 0). In the absence of over-dispersion, k — oo and the
mean and the variance approach parity, with the negative binomial distribution reducing to the
Poisson distribution. If k = 1, the negative binomial distribution reduces to the geometric
distribution, such that the negative binomial model can accommodate Poisson, geometric and

over-dispersed distributions [54].

Assuming that the distribution of secondary infections per index follows a negative binomial
distribution, the probability of observing index cases with v = 0 number of infected contacts

IS given by:

P(Z = v) = &=t (i)v (1 + %)_k, m>0,k>0

vi(k-1)! \m+k

Where, m= arithmetic mean offspring distribution, k= dispersion parameter. As k — oo, the
variance m(1 + (m/Kk)) approaches the mean, m or the overdispersion decreases, i.e. the

distribution will become homogeneous.

The parameters k and m can be estimated by maximum likelihood estimation (MLE), which
provides unbiased estimates, especially for large sample sizes [54]. The MLE of the mean of

the offspring distribution, m, is the sample mean of Z and can be interpreted as the mean
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number of secondary infections. The dispersion parameter, k, can be estimated after
substituting the MLE of the mean into the likelihood expression, with a value of k less than

one interpreted as evidence of super-spreading [56].

Although there is no standard definition for classifying super-spreading, it was described by a
given cut-off point in the number of secondary infections per index patient. After producing
the distribution for the number of secondary infections per index and computing the mean of
the distribution (including any over-dispersion), a Poisson distribution can be produced
(without over-dispersion) with distribution mean equal to the mean number of infections per
index, m. The cut-off point for defining a super-spreader is then an index case that produces a
number of secondary infections that is greater than the 99" centile of the Poisson distribution

[48, 57].

Heterogeneous infectiousness in Mtb transmission

Heterogeneous infectiousness is likely to be more substantial in Mtb transmission than for
other infectious diseases since TB has protean clinical manifestations and highly variable
durations of disease episodes that can directly affect the risk of transmission [58]. The
involvement of the lungs defines patients with pulmonary TB as infectious, while
extrapulmonary TB patients are almost universally considered non-infectious. However, the
number of secondary infections that an infectious case produces is likely to be the result of
the interplay of a multitude of factors related to the clinical and behavioural characteristics of
TB, the patient, the agent and the enabling environment [59, 60]. The systematic review in
Chapter 2, will present factors associated with patients’ infectiousness in detail by bringing

together information from TB contact tracing studies.

Epidemiological quantification of TB patients’ heterogeneity in the number of secondary

infections produced using genotypic data has shown super-spreading events to be a prominent
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feature of Mtb transmission [56]. This study found that the negative binomial dispersion
parameter for TB genotypic clustering was 0.1, which represents a similar level of dispersion
to that reported for SARS super-spreading. However, the genotypic data used in this previous
study did not consider epidemiologically linked contacts, i.e. genotypic data was not

collected by contact tracing.

I contributed to a published review on the importance of heterogeneity on TB epidemiology
[61], and this article is attached to this thesis as an Appendix (Appendix C: Additional
publication relevant to the thesis). In this review, the drivers of heterogeneity in TB
epidemiology at the level of the infectious host, organism, susceptible host, environment and
distal determinants were summarised and discussed. At the level of the infectious host, the
extent to which each infectious person transmits Mtb infection depends on several clinical,
demographic and behavioural characteristics. Transmission from adults with pulmonary TB
(particularly people with smear-positive and cavitary TB) is extensive, while transmission
from people with extrapulmonary is very rare. Mtb displays multiple lineages, which differ in
their genomic make-up and several aspects of their clinical and epidemiological behaviour,
including disease progression, disease severity, transmissibility and geographic distribution.
In particular, the differences between drug-susceptible and drug-resistant strains in their
ability to survive and reproduce influence the spread of infection. The susceptibility level of
apparently healthy individuals affects the risk of TB disease progression after the initial

infection.

Behavioural or social factors such as social mixing also influence the spread of infection by
modifying the number of contacts exposed to infectious host. The setting or the physical
environment in which Mtb transmitted is also an important source of heterogeneity in two
ways: both due to increased population density and through environmental features that

facilitate airborne transmissions such as poor ventilation or high levels of indoor air pollution.
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More distal factors such as migration, urbanisation, demographic transition and other broad
global trends combined with weak and inequitable policy and planning lead to pockets of
poverty, unhealthy behaviours and weak health systems, which are also sources of spatial

heterogeneity in Mtb transmission.Infectious disease modelling

1.3.3. Overview
Infectious disease models are mathematical descriptions of the spread of infection and are
simplified representations of the system, rather than entirely accurate representations of the
natural processes. Although models cannot be entirely accurate and will never predict the
precise course of the disease epidemic, they can provide broad guidance to policy-makers,
and uncertainty estimates around their predictions. Infectious disease models typically have
one of two primary purposes: either to understand the behaviour of the system or to inform
interventions through predictions [62-64]. A model that is appropriate to the question at hand
and whose parameters are informed by the best available empiric data is generally preferred
over models that are not. A model that is designed to help us understand the behaviour of
infectious disease transmission should concentrate on the characteristics that are of interest,
while usually simplifying others because of a desire for parsimony. Although a predictive
model may require the inclusion of many epidemiological and clinical features, the

implementation of these elaborations must be informed by available data.

Construction of mechanistic models for an infectious disease should start from a fundamental
natural history of the infection at the individual level. Frequently, this approach classifies the
stages of the infection process into susceptible (S), exposed (E), infectious (1) and removed
(R), which may be abbreviated to SEIR. Models may also represent the infection process as
SIR dynamics, ignoring the exposed class depending on the infection under consideration. In
cases where people are expected to become fully susceptible again immediately after the first

episode of infection, which results in SEIS or SIS dynamics. These simplified classes may
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not be appropriate for all infectious diseases; thus, modellers use different class structures

based on the infection under study and other epidemiological features [62].

Mathematical models may be classified as either deterministic or stochastic on the bases of
the type of transitions between disease states. Deterministic models are models in which the
values for the outputs of the system are entirely determined by the parameters of the model
with no randomness involved, while stochastic models allow the number of people
transitioning between states of infection and disease to vary due to chance. Perhaps an even
more important distinction is between compartmental models and individual-based models,
based on the method of representing the population. Compartmental models group
individuals in the population into states or compartments, based on characteristics relevant to
the infection process, while individual-based models (also known as agent-based models)
track the infection process for every individual in the population. Compartmental models can
be deterministic or stochastic, while individual-based models are almost universally
stochastic. Other specific types of individual-based models include network models, in which
the network of individual contacts is explicitly modelled, and infection is dependent on this
contact network [65]. Most mechanistic infectious disease models are dynamic transmission
models that incorporate contact between infectious and susceptible persons, which results in
transmission. Thus, the force of infection in dynamic models is a function of the number of
infectious individuals, which distinguishes these models from static or catalytic models that
assume a constant force of infection [66]. Dynamic models are therefore powerful tools for

capturing the non-linear features of an epidemic.

The principle of parsimony decrees that models should be as simple as possible and
discourages adding complexity to a model without reasonable justification. A model that
contain as few variables as possible to describe the essential attributes of a system is a

parsimonious model. If the purpose of the model is to be used as an operational tool for
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making predictions, sticking to the parsimony principle is very important. However, when the
purpose of the model is to provide explanations of the actual natural process, the application

of parsimony principle to evaluate this model may not be plausible [67-69].

1.3.4. Transmission heterogeneity in infectious disease models
Infectious disease models may attempt to capture transmission heterogeneity due to socio-
demographic factors and host infectiousness. Models that have incorporated heterogeneity
due contact structures have reported that epidemiologically relevant social contact patterns
are not random and that contacts made by children and adolescents are more assortative
(preferentially made with similar population groups, or “with-like”) than contacts made by
other age groups [70]. Network models are more intuitive and increase realism than
compartmental models that assume homogeneous-mixing for predicting disease spread in
heterogeneously mixing populations [71, 72]. For instance, a stochastic small-world network
model was employed to model transmission of the SARS virus with both geographically

localised outbreaks and super-spreaders [50].

On the other hand, models may attempt to capture transmission heterogeneity that arises due
to variation in host infectiousness. For example, HIV transmission models have incorporated
heterogeneous infectiousness by allowing infectiousness to vary throughout the infectious
period [73, 74], while another HIVV model stratified the population by age and level of risk as
well as variable infectivity [75]. These features have important implications for the
effectiveness of interventions; a compartmental model employed to investigate multiple
interventions suggested that in situations where few individuals are responsible for a large
proportion of transmission, interventions targeted towards high-risk subgroups of the
population may be vastly more effective in reducing the prevalence and achieving synergy
between interventions [76]. Similarly, in an SIR model of salmonella transmission within

cattle groups, heterogeneous infectiousness was captured by stratifying the infectious
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population, with each stratum taking on different infectious periods and ‘transmission

coefficients’ [77].

1.3.5. Models of tuberculosis
Since Waaler, H. T. published the first TB model in 1962 [78], the use of dynamic
transmission models in TB has increased. The most frequent types of models are
compartmental models, while relatively few individual-based and network models have been
developed [79]. However, the assumptions used by different TB models may differ due to the
complex natural history of TB and the stated aim of each model. Most TB models follow the
susceptible, exposed, infectious, and recovered (SEIR) compartmental structures, with one of
the most familiar TB model structures following five health states, namely; susceptible
(uninfected), latently infected (early), latently infected (late), active TB and recovered. A
review study of TB models presented this commonly used basic compartmental structure of
TB transmission model [80]. Additional complexities to the basic structure may then be

added, depending on the aim of the model.

TB models have been used to inform policy by predicting the future impact of different
control interventions and understanding the disease system or epidemiology in a specific
setting. Blower, S. M., et al. (1995) used a model to estimate the time required for a TB
epidemic to rise, fall and reach a stable endemic level. This classic model helped to explain
the decline of TB epidemics in developed countries before the discovery of TB treatment
drugs [81]. Models have also been used to quantify TB-HIV co-infection and the effect of
different treatment strategies for both HIV and TB [82, 83]. Possible impacts of risk
behaviours such as smoking [84-86] and chronic disease comorbidities such as diabetes
mellitus on TB epidemiology have also been assessed with models [87, 88]. Models have
been used to evaluate the expected benefits of novel or hypothetical interventions in addition

to informing an evaluation of currently available control strategies. Such modelling studies
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may also incorporate cost-effectiveness evaluations. Abu-Raddad, L. J., et al. used a
compartmental model to project the effectiveness of a novel neonatal vaccination which was
still under development. This study also evaluated the effects of new drug regimens with a
shorter duration of treatment and new diagnostic techniques by computing the possible
reduction in TB incidence [89]. Channing, L. and Sinanovic E. also modelled the cost-

effectiveness of a new vaccine which was under development [90].

Heterogeneous infectiousness in TB models

As described in previous sections, heterogeneous infectiousness is important in Mtb
transmission; however, TB models usually assume homogenous infectivity. Ignoring
heterogeneity has a profound effect on modelling epidemics and leads to substantial biases in
estimating the proportion of individuals who will become infected, which in turn influences
the associated policy decisions [52]. Some past compartmental models of TB transmission
dynamics have attempted to capture heterogeneity in patients’ infectiousness by stratifying
the active TB compartment into different levels of infectivity. Among the most typical
approaches is stratification as either infectious (usually representing pulmonary TB) or non-
infectious (extrapulmonary TB) [91-95]. Other TB models have considered sputum smear
status as a factor in stratifying patients’ levels of infectiousness, considering both smear-
negative and smear-positive pulmonary TB to be infectious, with the relative infectiousness
of smear-negative patients compared to smear-positive typically set between 15 and 25% [96-
111]. In Chapter 5, a systematic review of TB models that assumed heterogeneous
infectiousness will present details about past TB modelling approaches to stratifying the

active TB compartment by the level of infectiousness.

1.4. The rationale for this doctoral research

TB is one of the top ten causes of death worldwide, with an estimated 10.0 million cases and

1.2 million deaths in 2018 [112]. However, this global TB epidemic is not homogeneously
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distributed in a given population but is instead a collection of heterogeneous local micro-
epidemics [38]. Heterogeneous infectiousness is one of the many ways in which individuals
with active TB differ in relation to TB transmission dynamics. This heterogeneity of
transmission has the potential to disrupt elimination strategies, which are often applied

consistently across areas and populations, making it essential to understand and quantify.

Several previous infectious disease studies have reported heterogeneity in the capacity of
individual source patients to transmit the infection to their contacts [48, 50, 51, 113]. The
variation between infectious individuals in their capacity to transmit infectious agents is well
described, with some infecting a large number of contacts, while others may infect very few or
none [47, 48, 51, 56, 114]. This heterogeneous infectiousness and its extreme event, super-
spreading, are recognised characteristics of the transmission of several globally important

infections [113].

Heterogeneous infectiousness is important for Mtb transmission in particular, as TB has
profoundly variable clinical manifestations and disease durations, which in turn affect the risk
of Mtb transmission [115]. The clinical manifestations involving the lungs allow the bacilli to
access the airway and transmission to occur; however, this is also dependent on the patients’
ability to expectorate and their bacillary load, as well as proximity and duration of exposure
of the susceptible contacts [59, 116]. Thus, quantification of heterogeneity in Mtb
transmission will help to understand better its transmission characteristics. Nevertheless, how
TB patients vary with respect to their capacity to produce secondary infection including the
extent to which super-spreaders exist and are responsible for driving transmission remains
poorly understood. As the global TB response moves towards ending TB, understanding
transmission heterogeneity and characterising those with greater capacity to spread the

infection will assist with targeting interventions. Quantification of heterogeneity in Mtb
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transmission will also help in constructing TB transmission dynamic models for informing

policy, such as evaluating the effectiveness of targeted interventions.

TB transmission dynamic models should ideally be governed by the reality of heterogeneous

infectiousness, rather than universally assuming homogeneous populations. By systematically
reviewing previous TB transmission modelling studies, we will analyse the existing methods

used to capture heterogeneity in infectiousness. The review will help to construct a new data-

informed model, which can explain current TB transmission dynamics capturing

heterogeneous infectiousness assumptions.

1.5. Research aims

The overall aim of this thesis is to establish evidence concerning the variation in TB patients’
infectiousness, to characterise highly infectious patients, and to integrate this evidence with a

mathematical TB transmission model to predict the effectiveness of targeted interventions.
Thus, the specific aims of this thesis are to answer the following research questions:

1. What are the risk factors for the infectiousness of patients with TB?

2. What is the role of super-spreading in Mtb transmission?

3. How heterogeneous is the risk of progression towards active TB disease among
contacts?

4. How did past TB mathematical models capture heterogeneous infectiousness?

5. What is the likely impact of active case finding interventions targeting super-

spreaders?

1.6. Thesis scope

The thesis includes two broad methodological approaches: statistical analysis and

mathematical modelling.
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Theme 1: using statistical analyses to establish evidence of TB patients' infectiousness
heterogeneity and risk factors
e Describe the risk factors for the infectiousness of patients with TB, using
systematic reviews and meta-analyses of contact investigation studies
e Conduct offspring distribution analyses of TB contact investigation data to
quantify infectiousness heterogeneity and super-spreading
e Conduct survival analyses using TB contact investigation data to describe patterns
of active TB progression
Theme 2: using mathematical modelling to develop a model that can capture

infectiousness heterogeneity and evaluate targeted active case-finding interventions.

e Describe methods of capturing heterogeneous patient infectivity by systematically
reviewing mathematical models of TB

e Develop a compartmental mathematical model of TB transmission capturing
heterogeneous infectiousness and evaluate the effectiveness of active case finding

targeted to super-spreaders

1.7. Overview of methods and materials

Study setting and data sources

Victoria is a state of Australia with approximately 5.6 million people and a single centralised
tuberculosis program (The Victorian Tuberculosis Program; VTP). In Victoria, notification of
all confirmed or suspected cases of TB disease is mandatory for both laboratories and
clinicians. Culture and molecular confirmation of Mtb are routine in this setting. While
hospitalisation of cases is not mandatory, those with pulmonary disease are typically
maintained in isolation until they are considered non-infectious (received more than two weeks

of TB treatment or smear negativity) [117, 118]. On receipt of a notification, a public health

21



nurse from the VTP is allocated to the patient to provide support, assist with treatment
compliance, and assess the requirements and extent of contact tracing necessary. Household
contacts and others with greater than an estimated eight hours of contact are considered eligible
for screening, with an individualised assessment of high-risk contacts performed (e.g.

immunosuppressed or high-intensity exposure).

Contact investigation initially consists of clinical assessment and serial testing for Mtb
infection. Testing of contacts is conducted by either tuberculin skin testing (TST) using the
Mantoux procedure or an interferon-gamma release assay (IGRA), although during the study
period the vast majority of tests were undertaken using TST. Those negative on initial testing
are tested 8-12 weeks again following exposure. Contacts with either symptom suggestive of
active disease or a positive test for Mtb infection undergo chest x-ray (CXR) and further
clinical assessment, with isoniazid preventive treatment offered for those for whom the active

disease has been excluded [117].

Data collection and management

Contact investigation data from VTP, which are stored by the Victorian Department of Health
and Human Services, were extracted. Index patients were confirmed cases of TB notified
from 1% January 2005 to 31% December 2015 among residents of Victoria. The dataset
includes linked contact tracing information, along with the results of their testing for infection
with Mtb, which were investigated up to March 2017. Contacts from this dataset were linked
to subsequent notifications with active TB during the same period [119]. Data were extracted
after ethical approval was obtained from Monash University, Human Research Ethics

Committee Project Number: 7776 (Appendix A) and the VTP gave permission.
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Data analysis

In this thesis, three broad analyses were conducted: systematic reviews and meta-analyses,
statistical modelling analyses, and mathematical transmission dynamic modelling. The
systematic review and meta-analysis of contact investigation studies pooled evidence for risk
factors of patients’ infectiousness. Several statistical analyses of contact tracing data were
performed, including fitting the negative binomial distribution to the offspring distribution,
survival analyses, univariate and multivariate regressions with negative binomial, logistic and

Cox-proportional hazard models.

Previous modelling approaches were also described by systematically reviewing TB
transmission models. Finally, a data-driven transmission dynamic model was constructed to
capture TB patients’ infectiousness heterogeneity and to evaluate the impact of targeting
case-finding interventions towards the most infectious patients. In both the statistical analyses
and the dynamic transmission modelling, R version 3.4.0 (R Project for Statistical

Computing) was used [120].

In the case of the systematic reviews, abstract screening, full text review and data extractions

were performed by collaborating with other researchers.
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2.1. Chapter overview

Having described the rationale and objectives of the overall thesis, this Chapter presents a
study synthesising evidence on the variation among patients with TB as to their capacity to
transmit the infection. To identify risk factors for the infectiousness of patients with TB, this
Chapter presents a systematic review and meta-analyses of published TB contact
investigation studies. The Chapter addresses thesis question 1 by identifying patient-related
factors associated with the infectiousness and provides associated risk ratios. Importantly,
this Chapter provides information on the characteristics of highly infectious individuals with
TB that could be used in targeting interventions such as contact tracing and provision of
preventive treatment. It also identifies the gaps in understanding heterogeneous

infectiousness, which is the focus of subsequent chapters of the thesis.
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Abstract

We performed a systematic review and meta-analyses of studies assessing tuberculosis (TB)
patient-related risk factors for transmission of Mycobacterium tuberculosis infection. Meta-
analyses were conducted for sputum smear-positivity, lung cavitation and HIV seropositivity
of index patients with both crude and adjusted odds ratios (AORs) pooled using random effect
models. Thirty-seven studies were included in the review. We found that demographic char-
acteristics such as age and sex were not significant risk factors, while behaviours such as smok-
ing and alcohol intake were associated with infectiousness although inconsistently. Treatment
delay of >28 days was a significant predictor of greater infectiousness. Contacts of sputum
smear-positive index patients were found to be more likely to be infected than contacts of spu-
tum smear-negative patients, with a pooled AOR of 2.15 (95% confidence interval (CI) 1.47-
3.17, I* = 38%). Similarly, contacts of patients with the cavitary disease were around twice as
likely to be infected as contacts of patients without cavitation (pooled AOR 1.9, 95% CI 1.26-
2.84, I* = 63%). In contrast, HIV seropositive patients were associated with few contact infec-
tions than HIV seronegative patients (AOR 0.45, 95% CI 0.26-0.80, I* = 52%). In conclusion,
behavioural and clinical characteristics of TB patients can be used to identify highly infectious
patients for targeted interventions.

Introduction

Despite recent improvements following the successful implementation of the Millennium
Development Goals, tuberculosis (TB) is still the leading cause of mortality due to a single
infectious pathogen [1].

The transmission of infectious diseases is affected by characteristics of the environment,
infectious agent, and host, including both the infecting and infected hosts. For directly trans-
missible diseases, understanding the characteristics of the index patient that influence the cap-
acity to transmit infection is essential to design the effective control strategies [2, 3]. The
spread of TB is strongly affected by the infectious individual’s characteristics, with some indi-
viduals causing considerably greater numbers of new infections, while others produce very few
or none [4].

A central goal of TB control strategies is the prevention of transmission. Hence, identi-
tying highly contagious TB patients, by analysing risk factors from contact investigation
studies, is critical for designing effective and efficient TB control interventions. We per-
formed a systematic review of patient factors associated with the risk of transmission of
TB to contacts.

Methods

The review protocol was prospectively registered with PROSPERO (International Prospective
Register of Systematic Reviews, registration number: CRD42016053913) and we adhered to the
guidelines of Meta-analyses and Systematic Review of Observational studies in Epidemiology
(MOOSE) throughout [5].

Search strategy

We searched the following electronic bibliographic databases from inception to 3 January
2017: MEDLINE, EMBASE, Web of Science, Global Health and Global Health Archive. All
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search terms were ‘exploded’ to include all resources and con-
sisted of “Tuberculosis’, ‘Mycobacterium tuberculosis’, “TB’, ‘con-
tact’, ‘contact investigation’, ‘transmission’, ‘index case’,
‘infectiousness’, ‘risk factors’, ‘secondary case’ and ‘latent infec-
tion’. The detailed search strategy is provided in Table S1.

Study selection

Search results were exported to EndNoteX8 (Clarivate Analytics,
NY, USA) and duplicates were removed. Titles and abstracts
were screened to identify potentially relevant articles. The out-
come of interest was latent TB infection (LTBI) or TB disease
among contacts of index TB patients. The full texts of the studies
that were deemed relevant in this initial screening phase were then
obtained and reviewed by two authors (Y. M. and T. D.). Studies
were included if they diagnosed index patients according to the
clinical, radiological or microbiological criteria, assessed LTBI
or TB disease among contacts, reported the number of index
patients and contacts, and quantified index patient-related risk
factors for infection or disease in their contacts. Editorials, com-
mentaries, case reports, outbreak reports, systematic reviews,
mathematical modelling studies and studies in languages other
than English were excluded, as were studies that did not assess
index patient-related risk factors.

Data extraction

The following data were extracted: country, year, study design,
index patient definition, contact definition, outcome status of
contacts (LTBI or TB disease), number of index patients, number
of contacts, study population, contact screening methods, results
of screening and index risk factors investigated. Estimates of the
effect of exposures on the outcomes of the proportion of contacts
with active TB or with LTBI were also extracted, including
adjusted risk ratio or odds ratio and their 95% confidence inter-
vals (CIs). Y. M. and T. D. extracted the data independently
using the same data extraction form with all discordant data
resolved by consensus.

Assessment of study quality

Each article was evaluated using the Newcastle-Ottawa Scale [6]
for its validity with respect to the selection of study participants,
comparability between exposure groups and outcome measure-
ments, by two authors (Y. M. and T. D.) (Table S2).

Meta-analyses

Exposure variables were selected based on the availability of suf-
ficient data and were not specified a priori, three variables were
chosen for meta-analysis based on importance and consistent
availability: sputum smear-positivity, lung cavitation and HIV
seropositivity. Meta-analyses were performed with MetaXL
(Version 5.3, EpiGear International Pty Ltd, QLD, Australia) to
estimate the pooled effects of each of these three exposures on
the binary outcomes of contact LTBI or TB disease. Random
effects models were used to estimate pooled effect measures.
Heterogeneity among estimates was quantitatively evaluated
with the I*-statistic.

Y.A. Melsew et al.

Results
Search results

The search strategy resulted in 4780 references, of which 1725
were duplicates, 321 were deemed eligible for full-text review
and 37 studies were included in the systematic review. The
detailed flow diagram of study selection is presented in Fig. SI.
Of the included studies, 17 were cross-sectional, seven cohort
studies, 12 follow-up studies without control groups and one
case-control study. Twenty-four studies originated from one of
the 30 high burden TB countries.

Contact and index definitions

Studies varied by the types of index patients and contacts
included. Eight defined index patients as newly diagnosed smear-
positive pulmonary TB patients, 12 studies considered confirmed
pulmonary TB and six included all types of TB. With regard to
contact definition, 20 studies considered only household contacts,
six studies traced only children and adolescent contacts and three
considered only close contacts who shared enclosed spaces
(Table S3).

Outcome measures

The outcome of interest was LTBI or TB disease amongst contacts
of different index patients, which was used as a marker of patients’
infectiousness; that is the capacity to transmit Mycobacterium
tuberculosis (M. tb) to contacts. The included studies compared
contacts who developed the outcome (LTBI or TB disease) to
those who did not, based on the characteristics of index patients
as the exposure variable. Thus, the measures of association (risk
ratio or odds ratio) quantified the effect of exposure to an index
patient with a given characteristic on the probability or odds of
infection or disease in the exposed contact. The majority of
included studies (29/37) considered LTBI as the main outcome,
with 25 using tuberculin skin test (TST), one using interferon-
gamma release assay (IGRA) and three using both TST and
IGRA to determine infection. All studies using IGRAs to define
infection used the manufacturer’s recommended cut-off
assessed at a single time point to define infection. Studies
using TST mostly used a cut-off >10 mm for HIV negative
and >5mm for HIV positive contacts, although six studies
used a cut-off of >5 mm for all contacts and two other studies
used 15 mm as the cut-off point for children having BCG vac-
cination. The remaining eight studies used the development
of active TB in contacts as the measure of transmission
(Table S4).

Index patient risk factors for M. tb transmission

The included studies considered a range of characteristics of index
patients for their association with transmissibility. We categorised
these index risk factors as demographic, behavioural, co-
morbidities, TB-related clinical and household characteristics.
We preferentially used the adjusted association reported from
multivariate analyses. We also classified studies based on the
type of association they had reported as: positive, negative or non-
significant based on a P-value of <0.05 or a 95% CI not including
unity.

Downloaded from https://www.cambridge.org/core. Monash University, on 27 Dec 2018 at 04:52:11, subject to the Cambridge Core terms of use, available at https://wwwcamt)’ri(;éeorg/core/terms.
https://doi.org/10.1017/50950268817003041


https://doi.org/10.1017/S0950268817003041
https://www.cambridge.org/core
https://www.cambridge.org/core/terms

Epidemiology & Infection

Sociodemographic risk factors

Sex of index patients was a non-significant factor in most studies
reporting its association with transmissibility [7-17], although
two studies found female sex to be associated with greater risk
of infection [18, 19]. With one exception [13], included studies
considered adult index patients exclusively. Of these, most studies
that reported the effect of age found a non-significant association
(7,9, 12, 14, 15, 20], although two studies reported that increasing
age was positively associated with M. tb transmission [17, 21]. Of
these two studies, one was conducted in France among contacts
aged under 17 and found that contacts of patients aged 40
years old or above were more likely to be infected than contacts
of younger patients [21]. By contrast, a study from the USA
reported that contacts of patients aged 64 years or above were
less likely to be infected than contacts of younger patients [17].

One study from the Netherlands, which considered both close
and casual contacts found that contacts of index patients who
were employed or attending school were more likely to be infected
[13], while two studies from Peru considering household contacts
only found that employment status was not a significant risk fac-
tor for M. tb transmission [9, 14]. Black race of the index patient
was a positive risk factor in one study in the USA which consid-
ered all close contacts [15], while another study of contacts aged
under 15 years in the USA found race was not associated with
contact infection [17] (Table 1).

Behavioural factors and co-morbidities

Index patients’ smoking status was a significant risk factor for
LTBI among contacts in three studies [12, 22, 23], but was
non-significant in four [9, 10, 23, 24]. In one study from Peru,
smoking more than one cigarette per day was associated with
TB transmission to child contacts, but was not significant for
transmission to adults. This study also reported that heavy alcohol
consumption (compared with no alcohol intake) was associated
with risk of contact infection [23], although other studies [8-10,
12] found no significant association. Similarly, injection drug
use was associated with higher TB transmission in a case-control
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study from Spain [25], but this risk factor was non-significant in
others [12, 15] (Table 2).

TB-related clinical risk factors

Differences in the index patients’ clinical presentation were con-
sidered as potential risk factors for M. tb transmission to contacts
by several studies (Table 3). Compared with contacts of index
patients who did not cough, contacts of index patients with any
cough were more likely to be infected in two studies [13, 26],
while another two studies found no significant association [7,
27]. Of studies considering the duration of coughing, two studies
found that contacts of patients coughing for 2 weeks or longer
were more likely to be infected than contacts of patients who
coughed for a shorter period of time or who did not cough [13,
19], while a study reported coughing for 5 weeks or longer to
be a significant risk factor [28]. In contrast, three studies found
that duration of a cough, considered as a continuous variable
was not statistically significant [9, 24, 29].

Treatment delay was another risk factor considered for M. tb
transmission, although studies considered different cut-off points
for categorising a number of days of treatment delay. In three
studies [7, 19, 30] a treatment delay of 30 days or more (compared
with <30 days) was associated with greater risk of infection and
disease among contacts. Similarly, compared with no treatment
delay, delay for more than 28 days [11] was a risk factor in one
study, while in two other studies [15, 30] delay of 90 days or
more was significant. Another study reported the duration of ill-
ness considered as a continuous variable to be a significant factor
for contact LTBI [31].

Sputum smear-positivity was reported to be associated with
M. tb transmission by ten studies [12, 13, 15, 22, 26, 27, 32].
Other studies compared patients based on the bacilli density
per field, although categorisation was inconsistent. Sputum
smear bacilli density of 2+ [11, 23, 33] and 3+ (7, 11, 23, 34] com-
pared with scanty were significant risk factors in all studies
reporting this variable. Similarly, one study [21] reported very
high sputum smear densities >100 bacilli/field as a significant

Table 1. Socio-demographic risk factors for infectiousness of index patients extracted from included studies

Positive association study, AOR

Negative association study, AOR Non-significant

Risk factors (95% CI) (95% CI) association

Female sex 5.0 (2.0-12.2) [18] [7-17]
2.8 (1.3-6.1) [19]

All age categories [9, 7, 12, 15, 14, 20]

Age <64 vs. 65 and older 1.2° [17] [12]

Age >40 years vs. age under 40 years 9.9 (1.8-53.9) [21]

Currently employed/working [9, 14]

Currently studying 1.8 (1.2—2.5)b [13] [9, 14]

Education level [9, 14, 20]

Immigrant 0.6 (0.5-0.9)° [13] [12]

Black race 3.0 (1.0-9.4) [15]

All races [17]°

2Confidence interval not provided.

PAdjusted relative risk.

“Considered as a categorical variable.

AOR, adjusted odds ratio; Cl, confidence interval.
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Table 2. Behavioural and co-morbidity risk factors for infectiousness of index patients extracted from included studies

Risk factors Positive association study, AOR (95% Cl)

Negative association study, AOR (95% Cl) Non-significant association

Smoking 1.5 (1.3-1.7) [12] [9, 10, 23, 24]
1.4 (1.0-2.0)% [23]
2.7 (1.5-4.7) [22]
Heavy alcohol consumption 1.2 (1.0-1.5)% [23] [8, 9, 10, 12]
Injection drug users 42 (1.1-16.0) [25]° [12, 15]
BMI >18.5 [10]
BCG vaccination [10]
Diabetes mellitus 0.2 (0.1-0.7) [9]° [10]
History of incarceration [9]
Comorbidities excluding HIV [14]

HIV sero-positivity 2.1 (1.2-3.8) [25]°

0.2 (0.1-0.9) [29]
0.1 (0.03-0.5) [37]
0.5 (0.3-0.9) [33]

[9, 11, 12, 14, 16, 32, 48, 49]

CD4 count

?Adjusted relative risk.
PIndicates that these studies take contact active TB disease as an outcome.
AOR, adjusted odds ratio; Cl, confidence interval.

risk factor. Sputum production and haemoptysis were found to be
significant risk factors in one study [13].

Lung cavity lesion findings were associated with greater infec-
tiousness in eight studies [12, 13, 15, 19, 21, 35, 36], but non-
significant in another nine studies [8, 9, 11, 16, 20, 23, 24, 26,
29, 31]. The number of lung zones involved on CXR was also
reported as a risk factor in one study, with the involvement of
four or more zones associated with more contact infections
than those with fewer zones involved [28].

Of the four studies which compared transmission based on
drug sensitivity, one [9] reported contacts of multidrug-resistant
TB (MDR-TB) patients were less likely to be infected, while
three [7, 17, 37] reported no significant difference.

Household risk factors

A history of TB among family members was found to be a risk
factor for contact TB disease in two studies [24, 36], although
this was non-significant in one more recent study [7]. The type
of residence of the index patient was also reported as a significant
factor, with those living in slums or apartments associated with
more infections among contacts [19]. Household crowding with
two or more persons per room was a significant risk factor for
M. tb transmission in one study [19] although two other studies
found no significant effect [24, 29].

Meta-analysis

Three factors were reported in a sufficient number of studies to
permit meaningful meta-analysis. Twenty-six studies were
included in one or more of these meta-analyses, with three factors
of interest being sputum smear-positive disease, lung cavitation
and HIV status of the index patient (Table S5).

Contacts of sputum smear-positive pulmonary TB patients
were found to be more frequently infected than contacts of smear-
negative patients, with a pooled adjusted odds ratio (AOR) of 2.15
(95% CI 1.47-3.17, I> = 38%) (Fig. 1). A similar association was

observed from the pooled crude odds ratios (2.29, 95% CI 1.84-
283, I’ = 54%) (Fig. S2). Sensitivity analysis indicated that no sin-
gle study, when excluded, affected the pooled estimates (Table S6),
although funnel plots suggested possible publication bias (Fig. S5).

The odds of infection among contacts of patients with cavita-
tion also appeared to be around two, although heterogeneity
between study estimates was substantial. Our estimate of the
pooled AOR is 1.90 (95% CI 1.26-2.84, I* =63%) (Fig. 2) and
1.93 (95% CI 1.36-2.75, I>=85%) for the pooled crude odds
ratio (Fig. S3). In sensitivity analyses, excluding a cross-sectional
study from Thailand [19] lowered the pooled AOR to 1.64,
while excluding other studies did not markedly change our
point estimate. In the crude odds ratios analysis, exclusion of
any individual study did not result in a marked change to our
pooled estimate (Table S7) and publication bias was not revealed
by funnel plots (Fig. S6).

HIV seropositivity of index patients was negatively associated
with infectiousness in the AORs analysis (0.45, 95% CI 0.26-
0.80, I* =52%) (Fig. 3). However, this association was non-
significant in the analysis of crude odds ratio (0.76, 95% CI
0.55-1.07, I* = 80%) (Fig. S4). Sensitivity analysis of the adjusted
estimate found that excluding any one of the studies did not
change the pooled estimate significantly (Table S8) and the fun-
nel plot of studies revealed no evidence of publication bias
(Fig. S7).

Discussion

This systematic review and meta-analyses assessed the capacity of
index TB patients to transmit the infection to their contacts based
on their demographic, behavioural and clinical characteristics.
Our meta-analysis showed that sputum smear-positivity, the pres-
ence of lung cavitation and HIV seronegativity were the factors
most consistently associated with greater infectiousness of index
cases. Our results were also broadly consistent with the premise
that more severe lung parenchymal involvement being associated
with greater infectiousness. We found no sociodemographic
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Table 3. Index tuberculosis disease-related clinical risk factors for infectiousness of index patients extracted from included studies
Positive association study, Negative association study,
Risk factors AOR (95% CI) AOR (95% Cl) Non-significant association

Chest radiography

Cavitary lesion

1.6 (1.4-1.8) [12]

[8, 10, 11, 16, 20, 23, 24, 26, 29,

2.0 (1.6-2.6)° [13] 31]
3.1 (1.3-7.3) [15]
4.4 (2.4,8.1) [19]
6.3 (1.2-32.9) [21]
1.2 (0.6-2.5) [36]°
2.2 (1.1-4.4) [35]°
4-5 lung zones involved vs. 3 or less 2.1 (1.0-4.4) [28]
Coughing characteristics
Any coughing 42 (2.1-8.6)% [13] [7, 27]
2.8 (1.3-6.1) [26]
Duration of a cough in weeks [9, 29]
Coughing for >4 weeks [24]
Coughing for >2 weeks 3.0 (1.8-4.9) [19]
4.2 (1.6-11.2) [36]°
Coughing for 10 weeks 2.7 (1.3-5.6) [28]
Treatment delay
Treatment delay >30 days 1.8 (1.2-2.7) [7I° [12, 33]
1.8 (1.1-3.0) [19]
1.9 (1.2-2.99) [30]
Treatment delay <14 days [11, 23]
Treatment delay 14-28 days [11, 23]
Treatment delay >28 1.3 (1.1-1.7)% [11] [23]
Treatment delay 60-90 days 2.4 (1.6-4.1) [30]
Treatment delay >90 days 2.3 (1.1-5.1) [15]
2.3 (1.5-3.6) [30]
8.0 (3.4-18.6) [19]
Time sick in days 1.01 (1.001-1.011) [31] [10] [37]
Sputum characteristics
Sputum smear positive 1.7 (1.3-2.2) [12] [16, 29]
1.9 (1.2-3.0)7 [13]
3.3 (1.3-8.3) [15]
2.7 (1.5-4.7) [22]
1.7 (1.3-2.3) [32]
2.2 (1.1-4.9) [26]
6.1 (1.4-26.5) [27]
Sputum smear density >2+ [24]
Sputum smear density 1+ [9, 11]
Sputum smear density 2+ 1.4 (1.2-1.8)7 [23] [19, 20]

5.9 (1.6-21.3) [33]
1.2 (1.0-1.4)% [11]

Sputum smear density 3+

1.5 (1.2-1.8)% [23]
1.2 (1.1-1.4)° [11]
1.5 (1.0-2.3) [7]°
2.8 (1.6-4.8) [34]

8, 9, 14, 18, 20]

Sputum smear density >100 bacilli/
field

5.9 (1.6-22.0) [21]

Sputum appearance purulent

Sputum volume >5 ml

Any sputum production

1.8 (1.3-2.5)7 [13]

(Continued)
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Table 3. (Continued.)
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Risk factors Positive association study,

AOR (95% Cl)

Negative association study, Non-significant association

AOR (95% Cl)

Haemoptysis 1.7 (1.2-2.3) [13]

Sputum culture positive

[24] [33]

Sputum PCR positive 3.8 (1.1-13.6) [13]

Culture positive after 3 months of
treatment

(36]

Broncho-alveolar lavage AFB positive 1.7 (1.1-2.6)% [13]

Type of TB disease

Multidrug-resistant TB

0.6 (0.3-0.9) [9]° [7, 17, 37]

Hospitalisation by current illness

Side effects of medication

Past history of active TB

Prior TB treatment outcome not cured 3.3 (1.2-8.8) [50]

2.1 (1.1-4.0) [12]
4.5 (2.1-9.5) [13]

Pulmonary TB

?Adjusted relative risk.
Outcome considered was active TB disease in contacts.
AOR, adjusted odds ratio; Cl, confidence interval.

characteristics that were consistently associated with the infec-
tiousness of patients. Clinical factors were studied and reported
in a variety of ways, but generally consistent with the message
that prolonged symptoms such as coughing and delay to diagnosis
lead to increased infectiousness. Treatment delays of >28 days
were found to be a predictor of a greater proportion of contact
infections.

Although most studies found no significant association, smok-
ing and alcohol intake were found to be risk factors for greater
infectiousness in some studies. A possible explanation could be
that these risk factors are associated with both biological changes
in the host [38], as well as differences in social mixing behaviours
such as sharing enclosed bars [39], such the association is likely to
be setting specific. In addition, exposure to second-hand smoke

increases the susceptibility of contacts to infection, particularly
among children [40, 41].

Compared with smear-negative patients, smear-positive
patients were found to be approximately twice as infectious.
This association was not confounded by cavitation since all stud-
ies but one included in the pooled analysis had adjusted for this
factor [27]. The positive association between smear-positivity
and infectiousness is likely to reflect smear-positive patients
expelling a greater number of M. tb into the environment than
smear-negative patients, as M. tb bacilli are only detectable with
sputum microscopy when the concentration of the bacilli is suffi-
cient [42]. Similarly, index patients presenting cavitation were
found to be twice as infectious as those without cavitation. This
is consistent with the widely held belief that cavitary TB is the

Sputum-AOR by Outcome

Study or Subgroup OR (95% CI) % Weight
TB infection
Elmi, 2014 6.09 ( 140, 2645) 59
Gessner, 1998 : 2.20 ( 110, 4.90) 16.3
Godoy, 2013 B i 1.70 { 1.30, 220) 351
Golub, 2006 - 329 ( 131, 828) 123
Mehammad, 2002 & 0.67 ( 0.22, 2.11) 9.1
Nunn, 1984 - 3.90 ( 0.80, 19.00) 5.2
TB infection subgroup -*-— 208 ( 1.32, 3.26) 840
Q=8.57, p=0.13, 12=42%
TB disease
Lee, 2008* = 279 ( 1.31, 595) 16.0
Overall ~z=— 215 ( 147, 317) 1000
Q=9.66, p=0.14, 12=38%

-1 0

InOR

1

Fig. 1. Forest plot of adjusted odds ratios for the association between index patient sputum smear-positivity and infectiousness.

Downloaded from https://www.cambridge.org/core. Monash University, on 27 Dec 2018 at 04:52:11, subject to the Cambridge Core terms of use, available at https://wwwcamt)’ri(?georg/core/terms.
https://doi.org/10.1017/50950268817003041


https://doi.org/10.1017/S0950268817003041
https://www.cambridge.org/core
https://www.cambridge.org/core/terms

Epidemiology & Infection

351

Cavity_-AOR by Outcome

Study or Subgroup OR(95%Cl) % Weight
TB infection studies
Faksri, 2015 - 0.35 ( 0.05 284) 35
Godoy, 2013 = 160 ( 140, 1.80) 224
Golub, 2006 —_—— 311 (132, 7.30) 113
Madhi, 2002 6.30 ( 1.20,3290) 47
Mohammad, 2002 & 067 ( 0.22, 211) 8.2
Nunn, 1994 = 140 ( 040, 480) 74
Tornee, 2004 —— 443 ( 243, 805) 152
TB infection studies subgroup * 1.96 (112, 342) 728
Q=20.11, p=0.00, 12=70%
TB Disease studies
Guwatudde, 2003 —— 223 ( 1.14, 435) 141
Lee, 2008* —_— 120 ( 058, 250) 131
TBE Disease studies subgroup -*- 1.67 ( 091, 3.08) 272
Q=1.50, p=0.22, 12=33%
Overall < 1.90 ( 1.26, 2.84) 100.0
Q=21.62, p=0.01, 12=63%
-2.6 -1.3 0 13 26
In OR

Fig. 2. Forest plot of the association between index patient lung cavitation and infectiousness from adjusted odds ratio analysis.

consequence of lung tissue damage and reflects the development
of macroscopic openings between the site of infection and the air-
ways, which facilitate expectoration of the bacteria [43].

In contrast, we found that patients living with HIV were
around half as likely to transmit to their contacts, after adjusting
for other factors. Notably, all such studies involved patients with
untreated HIV. A previous meta-analysis found no significant dif-
ference between HIV negative and positive index patients with
regards to their infectiousness, although it should be noted that
this study only pooled crude odds ratios or relative risks [44],
in contrast to our study which considered estimates adjusted for
potential confounders. The lower infectiousness of HIV-positive
index patients may be due to their less frequent cavitation (due
to suppression of the immune response) [43, 45] or patterns of
social mixing. Of the five studies included in this analysis, two
[16, 29] adjusted for cavitation and one of which found HIV sta-
tus non-significant [16]. HIV-positive patients may also be diag-
nosed and treated for active TB more rapidly due to fast disease

progress or their closer contact with health care services, which
may decrease their infectious period. It has previously been
found that HIV-positive TB patients are less likely to be smear
positive than HIV-negative TB patients [46, 47]. However, four
of the five studies included in our meta-analysis adjusted for spu-
tum smear status, such that the association of HIV seropositivity
with TB transmission does not appear to be mediated by sputum
smear-positivity. Therefore, HIV-positive patients may have a
modestly reduced level of infectiousness but should not be pre-
sumed to be non-infectious, which is consistent with extremely
high disease burden in high HIV-burden countries. As such, an
equal focus of contact investigation has been advised for both
HIV-seropositive and negative index patients [48].

The funnel plots suggest possible publication bias, particularly
for studies that examined the association of infectivity and smear
positivity. Other potential sources of bias result from the observa-
tional nature of studies included in this review, including selection
bias and information bias. Non-differential misclassification bias

HIV_AOR
Study OR (95% Cl) % Weight
Carvalho, 2001 e 063 ( 0.37, 1.06) 30.7
Espinal, 2000 —— 052 ( 0.29, 0.93) 29.0
Mohammad, 2002 L 0.24 ( 0.0V, 0.87) 137
Nunn, 1994 3 1.00 ( 0.30, 3.20) 14.8
Teixeira, 2001 o 010 ( 0.03, 050) 117
Overall —a e 045 ( 0.26, 0.80) 100.0
Q=8.39, p=0.08, 12=52%

-3 -2 -1
InOR

Fig. 3. Forest plot of the association between index patient HIV seropositivity and infectiousness from adjusted odds ratio analysis. *Indicates that these studies
take contact active disease as an outcome. AOR, adjusted odds ratio; OR, odds ratio; Cl, confidence interval.
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could arise due to the inability of TST to differentiate recent LTBI
attributable to the index exposure from distant past infection.
This would dilute the effect, leading to an under-estimate and a
bias towards the null. This may particularly be seen in studies
with broader definitions of contacts, where distant latent infection
might represent a greater proportion of all latent infection. By
contrast, studies employing stricter definitions and focusing on
those with greater exposure to the index case, such as close con-
tacts only, would provide more accurate estimates, although this
may be offset by lower precision due to smaller sample sizes.
Studies using stricter definitions of infection (e.g. higher TST cut-
offs) would also obtain more accurate effect size estimates, but at
the expense of precision. Duration of follow-up differed between
studies, with some assessing their study group at only a single
point in time, which may affect the development of an infection
response and its detection. Such insufficient duration of follow
up could similarly lead to underestimation of the outcome mea-
sures, through greater dilution from distant infection. Studies
considering less infectious index patients, such as those that
included smear-negative patients, could also have a greater pro-
portion of disease attributable to remote infection and a bias
towards the null.

We have reviewed the outcomes of infection and subsequent
disease together under the implicit assumption that both of
these outcomes reflect index patient infectiousness. This is only
correct if we consider that contacts have a similar risk of reactiva-
tion following infection regardless of the characteristics of the
index patient. We believe this is reasonable because the risk of
reactivation should be primarily attributable to contact character-
istics (e.g. age, comorbidities) and because pooling of studies con-
sidering active disease with those considering LTBI did not
increase statistical heterogeneity, although it could also be influ-
enced by characteristics of the organism and extent of exposure.
However, we have carefully indicated which outcome is being
considered throughout and presented disaggregated meta-analysis
results. Last, it should be noted that we are considering infectious-
ness as the proportion of contacts infected or diseased and have
not considered the absolute number of infections generated,
which may also reflect infectiousness to some extent.

Conclusions

We identified three clinical characteristics that can be used to
identify TB patients with a greater capacity for transmission;
smear positivity, the presence of cavitation on chest X-ray and
HIV status. Thus, in an era of increasing use of molecular diag-
nostics, traditional diagnostic methods, such as sputum smear
microscopy and chest radiography, still provide important infor-
mation on patients’ infectiousness. HIV-positive TB patients not
under treatment may be modestly less infectious, although such
patients should not be presumed to be non-infectious.
Sociodemographic and behavioural characteristics were less con-
sistently associated with infectiousness and their importance
may be setting-dependent. The public health implication of
these findings is in the potential to provide close follow-up and
targeted interventions for these highly infectious TB patients.
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Table 1: Complete search strategy
MEDLINE with Ovid software

(“tuberculosis”[Title] OR "tuberculosis"[MeSH Terms] OR "mycobacterium tuberculosis"[MeSH
Terms] OR "tuberculosis, pulmonary"[MeSH Terms] OR “TB” [Title] )

AND

(("contactS"[All Fields]) OR ("contact tracing"[MeSH Terms]) OR "disease outbreaks"[MeSH Terms]
OR "contact*"[Title] OR "spread*"[Title] OR "contact follow*"[All Fields] OR "contact tracing"[Title]
OR "disease transmission"[All Fields] OR "case find*"[Title] OR (cluster*[Title] OR “Genotypic
cluster*”[All fields] OR “Phylogenetic cluster*”[All Feilds]
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AND

(Transmiss*[Title]) OR "index case*"[All Fields] OR ("secondary case"[All Fields]) OR (“case
finding”[All Fields]) OR (“infectiousness”[All Fields]) OR (“Molecular epidemiology”[Title]))

EMBASE search with Ovid software

(“tuberculosis”[Title] OR "tuberculosis"[MeSH Terms] OR "mycobacterium tuberculosis"[MeSH
Terms] OR "lung tuberculosis"[MeSH Terms] OR “latent tuberculosis”OR “TB” [Title] )

AND

(("contactS"[All Fields]) OR ("contact examination"[MeSH Terms]) OR "epidemic"[MeSH Terms] OR
"contact tracing"[Title] OR "disease transmission"[All Fields] OR "case find*"[Title] OR (cluster*[Title]
OR “Genotypic cluster*”[All fields] OR “Phylogenetic cluster*”[All Feilds]

AND

(Transmission*[Title]) OR "index case*"[All Fields] OR ("secondary case"[All Fields]) OR (“case
finding”[All Fields]) OR (“infectiousness”[All Fields]) OR (“Molecular epidemiology”[Title]))

Global Health and Global Archieve with CAB-Direct software

Tuberculosis AND Transmission AND Contact tracing [all feilds]
Mycobacterium tuberculosis AND Transmission AND Genotypic Clustering
Web of Science

Tuberculosis [title] OR Mycobacterium tuberculosis (title) OR TB [title]
AND

Contact tracing [title]

Contact*

Genotypic Clustering [title]

AND

Transmission [title]
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Table 2- Quality assessment of 37 included studies with Newcastle-Ottawa Scale (Point scored)

Studies & reference | Selection (4 stars) Comparability (2 star) Outcome (3 Star) Total (9
stars)

Representati | Sample | Ascertainmen | Non- controls for control Assessme | Follow-up Adequacy

veness of size t of exposure | responde | the most for any nt of long enough of follow

the sample nts important additional | outcome | foroutcomes | up of

factor (Age) factor to occur participant
S

1. Baliashvili, 2016 * * * 3%
2. Elliott, 1993 * * * * T
3. Maciel, 2009 * * * * e
4. Madhi, 2002 * * * * T
5. Singh, 2005 * * * * r
6. Teixeira, 2001 * * * * a*
7. | Elmi, 2014 * * * * > =
8. Faksri, 2015 * * * * * o
9. Jones-Lopez, 2016 * * * * * o
10. | Mendes, 2012 * * * * * o
11. | Nair, 2016 * * * * * o
12. | Nunn, 1994 * * * * * o
13. | Carvalho, 2001 * * * * * * 6
14. | Castillo Otero, 1999 | * * * * * * 6+
15. | Cayla, 1996 * * * * * * 6F
16. | Kifai, 2009 * * * * * * o
17. | Mohammad, 2002 * * * * * * 6
18. | Tornee, 2004 * * * * * * 6
19. | Espinal, 2000 * * * * * * * 7%
20. | Gessner, 1998 * * * * * * * 7%
21. | Godoy, 2013 * * * * * * * 7%
22. | Golub, 2006 * * * * * * * 7%
23. | Grandjean, 2011 * * * * * * * 7%
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24. | Lienhardt, 2003 * * 7*
25. | Ling, 2011 * 7*
26. | Rathi, 2002 * 7*
27. | Xu, 2008 * 7*
28. | Lohmann, 2012 * * * 8*
29. | Loredo, 2014 * * * 8*
30. | Grandjean, 2015 * * * 9*
31. | Guwatudde, 2003 * * * 9*
32. | Huang, 2014 (Cigar) * * * 9*
33. | Huang, 2014 * * * 9*
34, | Lee, 2008 * * * 9*
35. | Martinez, 2016 * * * 9*
36. | Otero, 2016 * * * 9*
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Table 3- Definitions of index cases and contacts in the 37 included

studies.
Definition of index patients First Author & year Reference
0 Newly diagnosed sputum smear-positive PTB Otero, 2016 [1]
Nair, 2016 [2]
Jones-Lopez, 2016 [3]
Kifai, 2009 [4]
Tornee, 2004 [5]
Rathi, 2002 [6]
Cayla, 1996 [7]
Xu, 2008 (8]
0 Confirmed PTB patients Mendes, 2012 [9]
Golub, 2006 [10]
Lienhardt, 2003 [11]
Mohammad, 2002 [12]
Madhi, 2002 [13]
Carvalho, 2001 [14]
Espinal, 2000 [15]
Gessner, 1998 [16]
Nunn, 1994 [17]
Elliott, 1993 [18]
Singh, 2005 [19]
O Re-treatment AFB positive patients Baliashvili, 2016 [20]
0 MDR-TB patients and drug-susceptible TB patients Grandjean, 2015 [21]
Teixeira, 2001 [22]
Snider, 1985 [23]
0 Newly diagnosed TB patients Faksri, 2015 [24]
Godoy, 2013 [25]
Ling, 2011 [26]
0 All TB patients Loredo, 2014 [27]
Lohmann, 2012 [28]
Lee, 2008 [29]
Guwatudde, 2003 [30]
Castillo Otero, 1999 [31]
0 New culture-positive TB patients Huang, 2014 [32]
Martinez, 2016 [33]
Maciel, 2009 [34]
O Adults (15 years and above) with drug-susceptible TB Huang, 2014 [35]
0 Patients with MDR-TB and XDR-TB Elmi, 2014 [36]
0 Adults (14 years and above) with MDR-TB Grandjean, 2011 [37]
Definition of contacts
e Household contacts Otero, 2016 [1]
Nair, 2016 2]
Jones-Lopez, 2016 [3]
Grandjean, 2015 [21]
Faksri, 2015 [24]
Huang, 2014 [32]
Huang, 2014 [35]
Elmi, 2014 [36]
Grandjean, 2011 [37]
Kifai, 2009 (4]
Martinez, 2016 [33]
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Guwatudde, 2003 [30]
Rathi, 2002 [6]
Mohammad, 2002 [12]
Teixeira, 2001 [22]
Carvalho, 2001 [14]
Espinal, 2000 [15]
Nunn, 1994 [17]
Elliott, 1993 [18]
Xu, 2008 [8]
Daily contacts (both household and non-household) Baliashvili, 2016 [20]
Cayla, 1996 [7]
Close contacts who shared an enclosed space Loredo, 2014 [27]
Lee, 2008 [29]
Golub, 2006 [10]
Contacts at different level of concentric circle Godoy, 2013 [25]
Lohmann, 2012 [28]
Close (household) and casual contacts Mendes, 2012 [9]
Castillo Otero, 1999 [31]
Children and adolescents (aged 15 or younger) household Maciel, 2009 [34]
contacts Tornee, 2004 [5]
Madhi, 2002 [13]
Gessner, 1998 [16]
Snider, 1985 [23]
Ling, 2011 [26]
Children under the age of 5 years in household contact Singh, 2005 [19]
Lienhardt, 2003 [11]
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Table 4 - Methods used to detect TB transmission from index patients to their contacts by 37 included

studies

Outcome | Method of screening (cut-off) First Author Reference
LTBI TST (>10mm) Baliashvili, 2016 [20]
LTBI TST (210mm) Huang, 2014 [32]
LTBI TST (=10mm, =5mm HIV+) Huang, 2014 [35]
LTBI TST (>5mm) Godoy, 2013 [25]
LTBI TST (210mm) Lohmann, 2012 [28]
LTBI TST (=10mm, =5mm HIV+) Kifai, 2009 [4]
LTBI TST (=10mm) Martinez, 2016 [33]
LTBI TST (25mm) Golub, 2006 [10]
LTBI TST (=10mm) Singh, 2005 [19]
LTBI TST (=15mm) Tornee, 2004 [5]
LTBI TST (=5mm) Lienhardt, 2003 [11]
LTBI TST (=10mm) Rathi, 2002 (6]
LTBI TST (=10mm) Mohammad, 2002 [12]
LTBI TST (=10mm) Teixeira, 2001 [22]
LTBI TST (210mm, 25mm HIV+) Carvalho, 2001 [14]
LTBI TST (25mm) Espinal, 2000 [15]
LTBI TST (>5mm) Nunn, 1994 [17]
LTBI TST (25mm) Elliott, 1993 [18]
LTBI TST (=10mm) Snider, 1985 [23]
LTBI TST (=15mm) Xu, 2008 8]
LTBI TST (210mm) & IGRA Jones-Lopez, 2016 [3]
LTBI TST (>10mm) & IGRA Faksri, 2015 [24]
LTBI TST & IGRA Mendes, 2012 [9]
LTBI IGRA Elmi, 2014 [36]
TB disease | symptoms and CXR Otero, 2016 [1]
TB disease | CXR Nair, 2016 [2]
TB disease | Bacteriological, CXR or clinical Grandjean, 2015 [21]
TB disease | Bacteriological, CXR or clinical Grandjean, 2011 [37]
TB disease | Bacteriological, CXR or clinical Lee, 2008 [29]
TB disease | Bacteriological, CXR or clinical Guwatudde, 2003 [30]
TB disease | Bacteriological, CXR or clinical Ling, 2011 [26]
LTBI & TB | TST& bacteriological, CXR or clinical Loredo, 2014 [27]
LTBI & TB | TST (=5mm)& bacteriological, CXR or clinical | Gessner, 1998 [16]
LTBI & TB | TST (210mm), CXR or clinical Maciel, 2009 [34]
LTBI & TB | TST (=10mm)& CXR Madhi, 2002 [13]
LTBI&TB | TST (25mm) & CXR Castillo Otero, 1999 | [31]
LTBI & TB | TST & CXR Cayla, 1996 [7]
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Table 5: Characteristics of Studies included in Meta-analyses

Author, year Countr | Study Design Index | Contac | Method of
y period no. t no. contact
screening
1. | Carvalho, 2001 [14] | Brazil 1995-1997 | Population based | 86 360 TST
2. | Castillo Otero, 1999 | Spain 1992-1996 | Population based | 302 1029 TST
[31]
3. | Cayla, 1996 [7] Spain 1990-1993 | Population based | 248 1080 TST & CXR
4. | Elliott, 1993 [18] Zambia | 1989 Population based | 71 304 TST
5. | Elmi, 2014 [36] Malays | 2010-2012 | Population based | 69 70 IGRA
ia
6. | Espinal, 2000 [15] Russia | 14months Population based | 755 803 TST
7. | Faksri, 2015 [24] Thailan | 2012-2013 | Population based | 40 70 TST& IGRA
d
8. | Gessner, 1998 [16] | USA, 1987-1994 | Population based 282 TST
9. | Godoy, 2013 [25] Spain 2005-2006 | Population based | 1329 | 6548 TST
10.| Golub, 2006 [10] USA 2000-2001 | Population based | 124 703 TST
11, Grandjean, 2015 Peru 2010-2013 | Population based | 700 3417 Bacteriologic
[21] al,x-ray or
clinica
12.| Guwatudde, 2003 Ugand | 1995-1999 | Population based | 302 1206 Bacteriologic
[30] a al, CXR or
clinical
13, Jones-Lopez, 2016 Ugand | 2009-2011 | Population based | 85 369 TST& IGRA
(3] a
14, Lee, 2008 [29] Hong 2000 Population based | 1537 | 4661 Bacteriologic
Kong al, CXR or
clinical
15, Ling, 2011 [26] Taiwan | 2005-2007 | Contacts age <20 | 2952 | 5879 Sputum, CXR,
Clinical TB
16.| Loredo, 2014 [27] Brazil 2005-2008 | Population based | 369 1310 TST
17, Maciel, 2009 [34] Brazil 2003-2006 | Population based 146 TST
18. Madhi, 2002 [13] Paris 1997-2000 | Children 408 TST
contacts
3months-17yrs
19.| Martinez, 2016 [33] | Ugand | 1995-2006 | Population based | 503 1933 TST
a
20, Mendes, 2012 [9] Portug | 2011 Population based | 69 397 TST& IGRA
al
21/ Mohammad, 2002 Malays | 1999-2000 | Population based | 56 138 TST
[12] ia
22 Nair, 2016 [2] India, 2007-2011 | Population based | 280 544 CXR &
Symptoms
23| Nunn, 1994 [17] Kenya | 1989-1990 | Population based | 82 357 TST
24 Singh, 2005 [19] India 18months Population based | 200 281 TST
25/ Teixeira, 2001 [22] Brazil 1994-1998 | Population based | 78 408 TST
26. Tornee, 2004 [5] Thailan | 2002-2003 | contacts aged 342 500 TST
d less than 15
years
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Table 6: Sensitivity analysis result for studies included in meta-
analyses of sputum smear positivity Crude odds ratios

Excluded study Pooled | LCI95% | HCI95% | Cochran | p 2 12 LCI 1> HCI 95%
OR Q 95%
Castillo Otero, 1999 | 2.44 1.96 3.04 1933 | 0.04 |4826]0 74.18
Elmi, 2014 2.24 1.81 2.77 2231 | 001 |5519 1176 |77.24
Gessner, 1998 2.28 1.82 2.87 23.06 |0.01 |56.64|14.10 |77.88
Godoy, 2013 2.45 1.92 3.14 21.05 | 0.02 |52.48|5.73 76.05
Golub, 2006 2.20 1.79 2.71 20.76 | 0.02 |51.82|4.26 75.76
Lee, 2008 2.19 1.78 2.71 2067 |0.02 |51.623.82 75.67
Ling, 2011 2.23 1.79 2.78 21.77 | 0.02 |54.07 |9.27 76.75
Loredo, 2014 2.44 1.91 3.11 2289 | 0.01 |56.31|1427 |77.74
Maciel, 2009 2.27 1.82 2.83 2333 | 001 |57.13|16.08 | 78.10
Mohammad, 2002 | 2.34 1.87 2.93 2403 | 001 |5839|1887 | 78.66
Nunn, 1994 2.24 1.80 2.78 2220 | 0.01 |54.96|11.26 |77.14
Singh, 2005 2.24 1.78 2.74 2098 | 0.02 |52.35]5.43 75.99
Table 7: Sensitivity analysis result for studies included in meta-
analyses of lung Cavitation Crude odds ratios
Excluded Pooled OR | LCI95% | HCI95% | CochranQ | p 12 12 LCI 95% 12 HCI
study 95%
Elliott, 1993 1.89 1.29 2.78 84.85 4.86E-13 85.86 | 77.47 91.12
Faksri, 2015 | 2.06 1.44 2.93 82.86 1.17E-12 | 85.52 | 76.85 90.94
Gessner, 1.91 1.29 2.83 85.62 3.45E-13 85.98 | 77.70 91.19
1998
Godoy, 2013 1.96 1.28 3.00 66.98 1.17E-09 82.08 | 70.54 89.10
Golub, 2006 | 1.85 1.29 2.66 84.01 7.06E-13 | 85.71 | 77.21 91.04
Guwatudde, 1.93 1.32 2.81 86.66 2.18E-13 86.15 | 77.10 91.28
2003
Jones-Lopez, 2.06 1.44 2.93 83.30 9.63E-13 85.59 | 76.10 90.98
2016
Lee, 2008 1.92 1.32 2.80 86.61 2.23E-13 86.14 | 77.10 91.28
Madhi, 2002 | 1.82 1.28 2.60 81.65 2.00E-12 | 85.30 | 76.47 90.82
Mendes, 2.03 1.39 2.96 84.52 5.63E-13 85.80 | 77.37 91.09
2012
Mohammad, 1.97 1.36 2.86 86.82 2.03E-13 86.18 | 78.04 91.30
2002
Nair, 2016 2.04 1.41 2.95 84.60069 5.43E-13 85.81 | 77.39 91.10
Nunn, 1994 | 1.92 1.30 2.82 86.37788 | 2.47E-13 | 86.11 | 77.92 91.26
Tornee, 2004 | 1.70 1.35 2.16 27.27098 0.01 56.00 | 18.09 76.36
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Table 8: Sensitivity analysis result for studies included in meta-

analyses of HIV sero-status Crude odds ratios

Excluded study Pooled OR | LCI95% | HCI CochranQ | p 12 12 LCl 12 HCI 95%
95% 95%
Carvalho, 2001 0.82 0.57 1.16 34.97 1.13E-05 | 79.98 | 61.16 89.68
Cayla, 1996 0.68 0.49 0.93 29.89 9.94E-05 | 76.58 | 53.33 88.25
Godoy, 2013 0.71 0.48 1.05 30.31 8.34E-05 | 76.90 | 54.08 88.38
Grandjean, 2015 0.73 0.51 1.06 40.56 9.83E-07 | 82.74 | 67.35 90.88
Loredo, 2014 0.79 0.56 1.12 39.46 1.60E-06 | 82.26 | 66.28 90.67
Martinez, 2016 0.76 0.49 1.17 36.01 7.22E-06 | 80.56 | 62.47 89.93
Mohammad, 2002 | 0.81 0.57 1.15 37.60 3.61E-06 | 81.38 | 64.33 90.28
Nunn, 1994 0.72 0.50 1.04 39.64 1.47E-06 | 82.34 | 66.46 90.70
Teixeira, 2001 0.84 0.61 1.17 32.05 3.98E-05 | 78.16 | 56.99 88.91
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Figure 1-Flowchart of the identification, screening, and
inclusion/exclusion of studies
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Figure 2- Forest plot of crude odds ratios for the association between
index patient sputum smear-positivity and infectiousness. * indicates
that these studies take contact active disease as an outcome
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Figure 3-Forest plot of the association between index patient lung
cavitation and infectiousness from crude odds ratio analysis. *
indicates that these studies take contact active disease as an outcome
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Figure 4-Forest plot of the association between index patient HIV sero-positivity and infectiousness

from crude odds ratio analysis. * indicates that these studies take

contact active disease as an outcome
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Figure 5-Funnel plot of results for the crude odds ratio of the
association between sputum smear-positivity and infectiousness
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Figure 6-Funnel plot of results for the crude odds ratio of the
association between cavitation and infectiousness
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Figure 7-Funnel plot of results for the crude odds ratio of the
association between HIV sero-positivity and infectiousness
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Chapter 3

3. The role of super-spreading events in
Mycobacterium tuberculosis transmission:

Evidence from contact tracing
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3.1. Chapter overview

Having provided evidence concerning the variation among patients with TB in their capacity to
transmit infection and identified associated factors in Chapter 2, Chapter 3 addresses thesis question 2
by quantifying heterogeneous infectiousness and the impact of super-spreading in Mtb transmission.
This Chapter analyses the number of secondary infections per index TB patient from an extensive
population-based TB contact investigation data from the Victorian TB Program, Australia. By
constructing empirical offspring distributions, the Chapter shows that heterogeneous infectiousness
was an essential feature of Mtb transmission: very few (10% of TB patients) individuals are highly
infectious, with super-spreaders account for more than three-quarters of secondary infections. Further,
this Chapter identifies factors associated with the number of secondary infections that each TB patient
produces.

In order to optimise TB control interventions, a recommendation is made on the need to consider the
heterogeneity of transmission and super-spreading. This Chapter also provides data that will be used
to inform novel models able to capture TB transmission dynamics and capture heterogeneous

infectiousness, which will be described in more detail in the modelling phase of the research.

Citation: Melsew YA, Gambhir M, Cheng AC, McBryde ES, Denholm JT, Tay EL, Trauer
JM. The role of super-spreading events in Mycobacterium tuberculosis transmission:

evidence from contact tracing. BMC infectious diseases. 2019 Dec;19(1):244.
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Abstract

Background: In current epidemiology of tuberculosis (TB), heterogeneity in infectiousness among TB patients is a
challenge, which is not well studied. We aimed to quantify this heterogeneity and the presence of “super-spreading”
events that can assist in designing optimal public health interventions.

Methods: TB epidemiologic investigation data notified between 1 January 2005 and 31 December 2015 from Victoria,
Australia were used to quantify TB patients’ heterogeneity in infectiousness and super-spreading events. We fitted a
negative binomial offspring distribution (NBD) for the number of secondary infections and secondary active TB disease
each TB patient produced. The dispersion parameter, k, of the NBD measures the level of heterogeneity, where low values
of k (eg. k < 1) indicate over-dispersion. Super-spreading was defined as patients causing as many or more secondary
infections as the 99th centile of an equivalent homogeneous distribution. Contact infection was determined based on a
tuberculin skin test (TST) result of 210 mm. A NBD model was fitted to identify index characteristics that were associated
with the number of contacts infected and risk ratios (RRs) were used to quantify the strength of this association.

Results: There were 4190 (2312 pulmonary and 1878 extrapulmonary) index TB patients and 18,030 contacts. A total of
15,522 contacts were tested with TST, of whom 3213 had a result of 210 mm. The dispersion parameter, k for secondary
infections was estimated at 0.16 (95%Cl 0.14-0.17) and there were 414 (9.9%) super-spreading events. From the 3213
secondary infections, 2415 (75.2%) were due to super-spreading events. There were 226 contacts who developed active
TB disease and a higher level of heterogeneity was found for this outcome than for secondary infection, with k estimated
at 0.036 (95%Cl 0.025-0.046). In regression analyses, we found that infectiousness was greater among index patients
found by clinical presentation and those with bacteriological confirmation.

Conclusion: TB transmission is highly over dispersed and super-spreading events are responsible for a substantial
majority of secondary infections. Heterogeneity of transmission and super-spreading are critical issues to consider
in the design of interventions and models of TB transmission dynamics.
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Background

The Global Tuberculosis (TB) Strategy looks towards the
ultimate vision of elimination of the TB epidemic,
although the disease still causes more than 10 million
cases and 1.8 million deaths each year [1, 2]. The epidemic
is not homogeneously distributed, but is a collection of
heterogeneous local micro-epidemics [3]. The existence of
heterogeneity in transmission has the potential to disrupt
elimination strategies, many of which assume broadly
similar transmission potential of infectious people. Hence,
it is essential to understand and quantify the degree of
heterogeneity that exists in TB transmission.

Several studies have reported heterogeneity in the ca-
pacity of individual source patients to transmit various
pathogens to their contacts [4-7]. Variation between
infectious individuals in their capacity to transmit infec-
tious agents is well described, with some super-spreaders
infecting large number of contacts while others may only
infect very few or none [4, 5, 7-10]. The contribution of
super-spreading has previously been quantified for
directly transmitted infections such as SARS, measles,
smallpox, monkey-pox and pneumonic plague [4].

TB patients are diverse in their capacity to transmit
infection to their contacts, with a systematic review that
included several contact tracing studies showing that
clinical, demographic and behavioural characteristics of
TB patients were associated with their ability to transmit
Mycobacterium tuberculosis (M. tb) infection [11].
Quantification of heterogeneity in M. tb transmission
will help to understand better how its transmission is
sustained. A study in the Netherlands using genotypic
clustering data quantified M. tb transmission heteroge-
neity and reported signs of super-spreading [10]. How-
ever, how TB patients vary with respect to their capacity
to produce secondary infection is not well understood,
including the extent to which super-spreading events
exist and are responsible for driving transmission.
Understanding transmission heterogeneity and charac-
terising those with greater capacity to spread the infec-
tion is critical to better target interventions and predict
their likely impact. As the global TB response transitions
towards ending TB and the epidemic becomes more
localised [3], understanding heterogeneities of transmis-
sion is increasingly important. We aimed to characterise
transmission heterogeneity in a well-resourced setting
using high-quality surveillance data including detailed
information on contacts and their infection status.

Methods

Setting

Victoria is a state of Australia with approximately 5.6
million people and a single centralised tuberculosis
program (the Victorian Tuberculosis Program; VTP).
Notification of all confirmed or suspected cases of TB
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disease is mandatory for both laboratories and clinicians
and culture confirmation of M. tb is routine in this setting.
While hospitalisation of cases is not mandatory, those
with pulmonary disease are typically maintained in isola-
tion until they are considered non-infectious (> 2 weeks of
effective therapy and/or smear-negativity) [12, 13]. On
receipt of a notification, a public health nurse from the
VTP is allocated to the patient to provide support, assist
with treatment compliance, and assess the extent of
contact tracing required. Household contacts and
others with greater than an estimated 8 h of contact
are considered eligible for screening, with indivi-
dualised assessment of screening recommendations
for higher-risk contacts performed (e.g. immunosup-
pressed or those with high-intensity exposure).
Contact investigation initially consists of clinical as-
sessment and serial testing for M. tb infection. Testing
of contacts is conducted by either tuberculin skin testing
(TST) using the Mantoux procedure or an interferon
gamma release assay (IGRA), although during the study
period the large majority of testing was undertaken with
TST. Those negative on initial testing are tested again
8-12 weeks following exposure. Contacts with either
symptoms suggestive of active disease or a positive test
for TB infection undergo chest x-ray (CXR) and further
clinical assessment, with isoniazid preventive treatment
offered for those where active disease is excluded [12].

Data
Data from the VTP which are stored by the Victorian
Department of Health and Human Services (DHHS)
were used for the following analysis. Index patients were
classified as confirmed cases of TB notified from 1 Janu-
ary 2005 to 31 December 2015 in residents of Victoria.
The data set includes contact tracing information and
results of testing for M. tb infection, with cases of subse-
quent active TB disease linked to these contact episodes
now extending to March 2017 (see [14] for earlier publi-
cation of linkage process). We constructed empirical off-
spring distributions from the detailed contact tracing
data set of the VTP.

Ethical approval was obtained from Monash University,
Human Research Ethics Committee (Project Number:
7776) and permission was given by the VTP and DHHS.

Definitions

A microbiologically confirmed case of TB requires
culture or polymerase chain reaction (PCR) diagnosis of
Mycobacterium tuberculosis, while clinical/radiological
diagnosis may also be made by a medical practitioner
experienced in TB management. Approximately 90%
of TB cases in Victoria are bacteriologically confirmed
[15]. All cases diagnosed with active TB in this data-
set also underwent secondary case review by a TB
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specialist to ensure that guidelines for confirming TB
disease were met.

Contacts were individuals identified as having had per-
sonal contact with index patients by the VTP, through
school, workplace, household and other settings. Contact
latent TB infection (LTBI) was defined as a TST result of
>10mm in an identified contact. Where contacts had
had multiple TSTs, we used the value of the latest TST
result performed within three months of exposure. Any
contact developing active TB during the stated period
until 21 March 2017 was considered to have secondary
TB. We define a super-spreading event as the number of
secondary infections per index case that was greater
than the 99th centile of the equivalent Poisson distri-
bution (with distribution mean equal to the mean number
of infections per index).

Fitting distributions to data

We were primarily interested in the distribution of the
number of secondarily infected contacts from each index
patient. Although super-spreading is usually defined in
terms of the number of secondary cases of active disease
produced by each index patient, we wished to estimate
parameters in the absence of preventive therapy. As iso-
niazid prophylaxis is used widely in our setting and its
use may be clustered according to index patients (e.g.
family members electing together to undertake preven-
tive treatment), we anticipated this could artefactually
inflate our estimates of over-dispersion. Although there
are contact factors that are likely to affect progression to
active disease after infection, these factors may not be
differentially distributed by index patient and the distri-
bution of infections would be unaffected by use of pre-
ventive therapy. Therefore, the number of secondarily
infected cases is our primary analysis throughout the re-
mainder of the paper, although analogous analyses are
presented for the distribution of contacts (close contacts
and all contacts) and secondary cases of active disease to
facilitate epidemiological interpretation.

Our primary outcome can be described using a prob-
ability distribution termed an offspring distribution, de-
fined as the probability of the number of transmission
events across the range of index TB patients. This
process can be modelled by a negative binomial distri-
bution (NBD), which has the advantage of being able to
accommodate over-dispersed count data [16-18]. The
NBD permits sufficient flexibility with only two parame-
ters (the shape parameter and the mean) [4] and sub-
sumes the Poisson distribution while also allowing for
“over-dispersion”, where the variance (of the offspring
distribution) may be greater than the mean [18].

We denote the individual reproductive number by v
and, the distribution of individual reproductive numbers
(offspring distribution) by Z. To incorporate individual
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infectious histories, v follows a negative binomial off-
spring distribution with dispersion parameter k and
mean m, such that Z~NegB(m, k). The dispersion para-
meter k quantifies the extent of over-dispersion in the
count data. If there is extra-heterogeneity between index
patients in the number of secondary infections pro-
duced, dispersion increases and the parameter k ap-
proaches zero (k — 0). In the absence of over-dispersion,
k— oo and the mean and the variance approach parity,
with the negative binomial distribution reducing to the
Poisson distribution. If k=1, the negative binomial dis-
tribution reduces to the geometric distribution, such that
the negative binomial model can accommodate Poisson,
geometric and over-dispersed distributions [16].

The probability of observing index patients with v
number of infected contacts is given by:

(k+v-1)! , m v
) e F
>0,k>0 (1)

P(Z=v)=

As the variance m(1 + (m/k)) approaches the mean
(m), over-dispersion decreases, i.e. k — co.

Interpretation of transmission parameters

The parameters, k and m were estimated by maximum
likelihood estimation (MLE), which provides unbiased
estimates, especially for large sample sizes [16]. The
MLE of the mean of the offspring distribution, m is the
sample mean of Z or the mean number of secondary
infections. The dispersion parameter, k, was estimated
after fitting the data to the negative binomial distribu-
tion using the MASS package [19] of the R environment
for statistical computing [20], with a value of k less than
one interpreted as evidence of super-spreading [10].

Super-spreading events

We used the protocol proposed by Lloyd-Smith et al [4]
in which: first, we calculated the mean number of sec-
ondary infections per index or effective reproductive
number, R,; second, we constructed a Poisson distri-
bution with mean R,, representing the range of Z
(offspring distribution) due to stochasticity without indi-
vidual variation; third, we define a super-spreading event
as any patient who infected more than Z(i) contacts,
where Z(i) is i centile of the offspring Poisson distribu-
tion. Arbitrarily but as in this previous study for SARS,
we considered the 99th percentile of this distribution as
the cut-point to determine super-spreading events. For
prediction of the expected proportion of super-spreading
event, we produce a negative binomial distribution with
dispersion parameter, k, and the mean number of
secondary infections per index, R, [4, 21].
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Identifying associations with index characteristics

The outcome variable was the number of secondary
infections per index patient, which was found to be
over-dispersed as described below. Therefore, we fit-
ted a negative binomial regression model with both
bivariate and multivariate regression with the MASS
package [19] of the R environment for statistical com-
puting [20]. The logarithmic scale coefficients were
exponentiated to give ratios and are presented with
their 95% confidence intervals (CI).

We evaluated the need for a negative binomial regres-
sion model (because of inequality of the conditional
mean and conditional variance) with the likelihood ratio
test. We also evaluated the predictive accuracy of the
model with rootograms [22].

Results
The Victorian TB program data had a total of 4190 con-
firmed TB index patients and 18,030 contacts within the
period from 1 January 2005 to 31 December 2015. The
mean age of index patients was 33.0 years and 54.9% were
male. Among index patients, 1878 (44.8%) were extrapul-
monary, while 1757 (42.0%) were pulmonary and 555
(13.2%) had both pulmonary plus other site involvement.
The average age of contacts was 28.4vyears, 9276
(51.4%) were female and 8510 (47.2%) were male (with
244 (1.4%) contacts sex not stated). The majority of con-
tacts (15,031; 83.4%) were contacts of pulmonary only
TB patients, while (2988; 16.6%) were contacts of
patients of TB at pulmonary plus other sites and only 11
contacts were identified from EPTB patients (although
all EPTB were considered to have produced zero sec-
ondary infections and secondary cases). Henceforward
we use the term “pulmonary” to refer to any patient with
pulmonary involvement, i.e. both the “pulmonary only”
and the “pulmonary plus other sites” categories. There
were five categories for the types of contacts, 8059 close
contacts, 5484 school contacts, 2366 work contacts,
1286 casual contacts and 824 contacts from other con-
gregate setting such as hospitals, nursing homes, airlines
and childcare facilities.

Secondary infection distribution

A total of 15,522 of 18,019 contacts of PTB index
patients were tested with TST. Based on our cut-off for
diagnosing infection as those with a TST result of 210 mm
as positive, 3213 of contacts were infected and 12,309
were not. Of 3213 infected contacts 2050 (63.8%) were
close contacts. Of the 4190 index patients (1878 extrapul-
monary and 2312 pulmonary) 3166 (75.6%) did not pro-
duce any secondary infection, with all extrapulmonary
patients assumed not to have produced any secondary
infections (Additional file 1). There were 26 cluster
sizes of secondary infection, ranging from zero infections
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to 41 infections per index. The mean and variance of the
number of secondary infections was 0.77 and 5.06 infec-
tions per index respectively. The median number of sec-
ondary infections per index patient was zero, the 95th
centile was two and the 99th centile was 10 infections per
index. By fitting the NBD to the observed distribution of
secondary infection, we found evidence of over-dispersion
(k =0.16, 95%CI 0.14—0.17) for all types of contacts.

Restricting our analysis to index patients with pulmo-
nary involvement only, the mean and variance of the
number of infections per index was 1.4 and 8.3 infec-
tions per index, respectively with evidence of over-dis-
persion (k= 0.36, 95%CI 0.33-0.40) (Fig. 1a). In another
restricted analysis of close contacts only, there were 2042
secondary infections, of which 771 (37.8%) were super-
spreading events, with less dispersion compared to all
contact types (k= 0.98, 95%CI 0.84—1.12).

Super-spreading events

We constructed a Poisson distribution with the mean
number of infections per index (i.e. 0.77) to establish a
cut-off number of secondary infections per index for
defining super-spreading events. The 99th centile was
three infections per index. Therefore, we classified trans-
mission events where index patients produced three or
more secondary infections as super-spreading events.
Accordingly, there were 414 (9.9% index patients) associ-
ated with super-spreading events, which accounted for a
total of 2415 (75.2%) of the 3213 secondary infections.
For predicting the number of super-spreading events in
TB transmission, we estimated the expected proportion
of index patients, with confidence intervals considering
the dispersion parameter, k=0.16 and the effective re-
productive number,R, =0.77. With this approach, the
expected proportion of TB super-spreading events was
9.8% (95% CI: 8.9-10.6%).

Secondary active TB disease distribution

We further analysed infectiousness heterogeneity from
the number of secondary active TB cases per index TB
patient. There were 226 secondary active TB cases iden-
tified among 18,030 contacts. Among these secondary
TB cases, approximately half (116; 51.3%) were the sole
secondary case identified among the contacts of a spe-
cific index patient. Among 4190 index patients, only 137
(3.3%) were responsible for all 226 secondary TB cases.
Two of the secondary cases were contacts of extrapul-
monary index patients (maternal to foetal transmission
in utero). The largest cluster of secondary TB disease
was 12 cases. The distribution of secondary TB cases per
index, was over dispersed with the dispersion parameter
estimated at k = 0.036 (95%CI 0.025—0.046) (Fig. 1b).
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200
|

Frequency
150
1

50
I

T T T T T
0 10 20 30 40

number of infections per index

and all types of contacts

Fig. 1 a. Distribution of number of secondary infections per index TB patient with negative binomial distribution fitted to count data in Victoria,
for the period 2005-2015. The number of index patients with zero infections was 3166 (beyond limit of vertical axis). b. Distribution of secondary
TB disease by index patients in Victoria, for the period 2005-2015, with negative binomial distribution fitted to count data. The number of index
patients with zero secondary active TB was 4054 (beyond limit of vertical axis). Both panels include data for both PTB and EPTB index patients
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Contact distribution

We also investigated the individual variation among
index patients with respect to the number of contacts
identified to determine how the transmission heterogen-
eity could be related to contact patterns. There was
evidence of heterogeneity (k= 0.38, 95%CI 0.36-0.41) for
the distribution all contact types (Additional file 2).
Similar but lesser heterogeneity was found (k = 0.63,
95%CI 0.59-0.68) after restricting our analysis to close
contacts only (Additional file 3).

Associations of index characteristics with number of
infections

Because of the extent of heterogeneity described above,
we fitted a negative binomial regression model for index
patients with pulmonary involvement to determine the
characteristics of index patients that were associated
with the number of secondary infections. The index
characteristics included were age, sex, site of disease,
patient detection pathway, CXR result, method of diagno-
sis, whether the patient was new or relapse and number of
contacts per index.

From this multivariate model, TB in pulmonary and
additional sites (compared to pulmonary only) was inde-
pendently associated with a 42% decrease in the number
of secondary infections. Identification through contact
tracing and the Australian post-migration follow up pro-
gram (“health undertakings” [23]) (compared to clinical
presentation) was associated with a lower number of
secondary infections (71 and 46% respectively). Diagno-
sis by PCR, histology or clinical signs (compared to

culture) was associated with a 70% decrease in second-
ary infections, while diagnosis by radiological techniques
was associated with a 55% decrease. The number of con-
tacts identified for each index patient showed a positive
association with the number of secondary infections pro-
duced, with the identification of one additional contact
associated with an increase in the number of secondary
infections by 4 % (Table 1).

The likelihood ratio test showed that assuming equal-
ity of the conditional mean and variance was not safe
(P-value < 0.001), whereas model evaluation indicated that
the negative binomial model fitted well to the observed
data. Compared to the equivalent Poisson model, the
negative binomial model was well-fitted and predicted
counts well with minimal residuals (Additional file 4).

Discussion

To our knowledge, this study is the first to use program-
matic epidemiological observations to formally quantify
M. tb transmission heterogeneity. We found evidence of
super-spreading events as constituting the large majority
of M. tb transmission events. We also demonstrated con-
siderable variability between index TB patients in three
important respects: in the number of contacts identified,
the number of contacts infected and the number of cases
of secondary active TB subsequently occurring. Therefore,
assuming a homogeneous population of infective patients
in TB transmission modelling may be highly unrealistic.
From a programmatic viewpoint, although the effective
reproduction number is less than one in our setting,
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Table 1 Associations between number of secondary infections and patient characteristics among pulmonary TB index patients in

Victoria, 2005-2015. Negative binomial regression model

Variable Number of index patients Crude RR (95%Cl) Adjusted RR (95%Cl)
Age category (years) 0-14 140 0.43 (0.30-0.62)* 0.84 (0.56-1.26)

15-24 486 1.60 (1.32-1.95)* 0.94 (0.80-1.11)

25-44 890 Referent

45-64 378 0.77 (0.61-0.96)* 1.02 (0.85-1.22)

65 and above 417 0.93 (0.75-1.15) 0.91 (0.77-1.09)
Sex Female 954 Referent

Male 1357 0.95 (0.81-1.10) 0.93 (0.82-1.05)
Site of disease Pulmonary 1757 Referent

Pulmonary plus additional sites 555 0.51 (043-062)* 0.58 (0.50-0.68)*
Patient detection pathway Clinical Presentation 1839 Referent

Contact tracing 131 0.132 (0.08-0.21)* 0.29 (0.18-046)*

Screening 24 049 (0.23-1.11) 064 (0.33-1.22)

Health undertaking 317 037 (0.29-046)* 0.54 (0.44-067)*
CXR Normal 31 Referent

Abnormal 879 1.79 (0.84-3.60) 1.18 (0.66-2.12)

Unknown 1401 1.95 (0.91-3.91) 1.27 (0.71-2.26)
Diagnosis Culture 1967 Referent

PCR/NAT/Ht/Cs 130 0.15 (0.09-0.23)* 0.30 (0.19-045)*

Radiological 214 021 (0.15-0.29)* 045 (0.33-062)*
New or relapse New case 2177 Referent

Relapse following full treatment 83 1.23 (0.84-1.86) 1.07 (0.78-147)

Relapse following partial treatment 30 0.53 (0.26-1.14) 0.70 (0.38-1.25)

Unknown 21 1.38(0.67-3.24) 1.02(0.56-1.91)
Number of contacts identified 18019 1.06(1.05-1.06)* 1.04(1.04-1.05)*

RR rate ratio, C/ confidence interval, CXR Chest X-Ray, PCR/NAT/Ht/Cs Polymerase chain reaction/nucleic acid test/histology/clinical signs, Health undertaking is post

migration follow-up program
?=total number of contacts, * = statistically significant at P value < 0.05

significant transmission may still occur due to a very small
number of super-spreading events (Fig. 2).

We found that M. tb transmission is heterogeneous,
with the distribution of secondary infections per index
varying by more than simple random variation between
individuals. The level of over-dispersion was comparable
with the estimate from a previous study that employed
genotypic data (k=0.1) [10]. Although the distribution of
secondarily infected contacts per index patient is pro-
bably a better marker for M. tb transmission than geno-
typic clusters, our approach may even underestimate
heterogeneity (overestimate k) due to dilution of diffe-
rences between patients from more homogeneously
distributed distant past infection (i.e. prior to the index
exposure identified). Our estimate of k was slightly
higher (i.e. less heterogeneous) than an estimate for
SARS transmission heterogeneity (k=0.1) [4], though our
finding may under-estimate the true level of heteroge-
neity. The distribution of secondary cases was even more
heterogeneous (k< 0.04) than secondary infections. This
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Fig. 2 Proportion of all contacts, close contacts, proportion of
secondary infections and secondary active TB disease due to a given
proportion of infectious patients in Victoria, for the

period 2005-2015
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finding was also more heterogeneous compared to the
previous TB estimate from genotypic data (k=0.1) [10]
and other infectious diseases such as SARS [4]. However,
the effective use of preventive therapy in this setting and
long incubation period could lead to an underestimate
of the risk of active TB, as there is a risk of missing late
reactivations of TB, although late reactivation are rela-
tively rare in Victoria [24]. The effective use of preventive
therapy could also overestimate the true level of hetero-
geneity in cases of secondary active TB, by differentially
reducing the number of secondary cases produced by
some index cases. The analyses of contacts demonstrated
that these heterogeneities are not solely driven by hetero-
geneity in contact patterns. Therefore, we believe that the
true value of the M. tb transmission dispersion parameter
is likely to fall somewhere between the k estimate for sec-
ondary infections and secondary active TB distributions.

Based on our definition [4], three-quarters of all
secondary M. tb infections occurred as a result of
super-spreading events. Although the average number of
secondary infections per index (R,) was less than one
(0.77), TB rates may not decline as expected in the popu-
lation due to this high heterogeneity. Moreover, TB trans-
mission goes well beyond the 20/80 rule-of-thumb for
infectious disease transmission which states that 80% of
transmission is due to only 20% of the population [25],
since in our results 20% of index patients produce 90% of
secondary infections (Fig. 3).

Our regression analysis identified several important
associations between index patients’ characteristics and
the number of secondary infections they produced,
rather than considering just the proportion of contacts
infected as typically done in previous studies [26, 27].
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Fig. 3 Comparison of proportion of secondary TB infections and
secondary active TB disease with SARS and Measles due to a given
proportion of index cases. *estimates taken from: Lloyd-Smith JO,
Schreiber SJ, Kopp PE, Getz WM. Superspreading and the effect of
individual variation on disease emergence.
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Compared to index patients with pulmonary TB only,
index patients with TB involving pulmonary and non-
pulmonary sites were less infectious. This may be
explained by those with extrapulmonary TB but minor
CXR abnormalities often being classified as “pulmonary
plus other sites”, with these patients tending to have a
low bacillary load and smear-negative pulmonary disease
(given that it is well-established that pulmonary patients
are more infectious than extrapulmonary who have
virtually zero infectiousness [28, 29]). The method of
patient identification was also an important predictor of
infectiousness, with index patients found by clinical
presentation being more infectious than those found
through contact tracing or post-migration follow-up.
This could be explained by the fact that those patients
identified through the passive process of relying upon
clinical presentation spend longer infectious, whereas
those identified through the more active approaches of
contact tracing and post-migration follow-up allows
earlier identification and treatment. This explanation is
consistent with delayed diagnosis and treatment being a
major predictor of TB patients’ infectiousness [30-33].
Similarly, index patients diagnosed by culture produced
a higher number of secondary infections, which is con-
sistent with patients with culture-positive results having
a higher bacillary load [34].

The most important limitation of our study is that some
secondary infections might be the result of distant past in-
fections, rather than relating to the contact episode. Our
definition of super-spreading events is based on contact
infection rather than active disease in contacts, since there
is no standard definition in the case of TB and the diffi-
culty in interpreting active disease in a setting of wide-
spread use of preventive therapy. However, we argue that
contact infection is the best available measure of true
M. tb transmission in our setting and this definition
could be used for future studies on the disease.

Conclusions

We conclude that M. tb transmission is a highly hetero-
geneous process in our population and super-spreading
events are a major driver of transmission. Therefore, it is
essential to consider this heterogeneity when modelling
TB transmission dynamics and considering control stra-
tegies. Future observational studies should characterise
super-spreading in different epidemiological settings to
further characterise this phenomenon.

Additional files

Additional file 1: Figure S1. Schematic presentation of number of
index TB patient and contacts in Victoria, for the period 2005-2015.
(DOCX 52 kb)
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Additional file 2: Figure S2. Distribution of number of contacts per
index TB patient in Victoria, for the period 2005-2015. A. All contacts
(with negative binomial distribution fitted to count data) strategies, the

axis). B. Subset of contacts (0-40 contacts per index only). (DOCX 34 kb)

Additional file 3: Figure S3. Distribution of number of Close contacts
per index TB patient in Victoria, for the period 2005-2015. A. All Close
contacts (with negative binomial distribution fitted to count data). B.
Subset of close contacts (0-40 close contacts per index), the number of
index patients with zero close contacts was 653 (beyond limit of vertical
axis). (DOCX 34 kb)

Additional file 4: Figure S4. Hanging rootograms for a Poisson model

(upper panel) and negative binomial model (lower panel) count data.
(DOCX 37 kb)

number of index patients with zero contacts was 639 (beyond limit of vertical
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Supplementary figure 1. Schematic presentation of number of index TB patient and contacts
in Victoria, for the period 2005-2015.
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A.Contact distribution, k=0.38 B. Subset of contacts
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Supplementary figure 2: Distribution of number of contacts per index TB patient in Victoria,
for the period 2005-2015. A. All contacts (with negative binomial distribution fitted to count
data) strategies, the number of index patients with zero contacts was 639 (beyond limit of

vertical axis). B. Subset of contacts (0-40 contacts per index only).
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A. Close contact distribution, k=0.63 B.Subset of close contacts
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Supplementary figure 3: Distribution of number of Close contacts per index TB patient in
Victoria, for the period 2005-2015. A. All Close contacts (with negative binomial distribution
fitted to count data). B. Subset of close contacts (0-40 close contacts per index), the number

of index patients with zero close contacts was 653 (beyond limit of vertical axis).
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Supplementary figure 4. Hanging rootograms for a Poisson model (upper panel) and negative

binomial model (lower panel) count data.

The figure shows the difference between predicted counts given the model (thick red line
with dots) and observed counts (shown as bars hanging from the red dots). The x-axis is the
outcome variable (number of secondary infections per index) while the y-axis is square root
of the observed or expected count. The reference line is drawn at a height of zero, such that
bars hanging below this reference line indicate under-prediction while bars hanging above
zero indicate over-prediction. The Poisson model shows evidence of under-prediction for
zero counts and most counts above five while the negative binomial model had less under

prediction and predicted zero counts well. The Poisson model also over predicted the 1-4
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counts, while in the negative binomial model over prediction was observed only for two
counts. Therefore, the negative binomial model predicted counts well and considerably better

than the Poisson model.
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Chapter 4

4. Profiles of tuberculosis disease activation among
contacts of patients with tuberculosis in a low-

transmission setting
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4.1. Chapter overview

In addition to analysing heterogeneity in infection transmission, analysis of the heterogeneity
in progression to active TB after being exposed to an infectious TB patient can provide a
more complete picture of Mtb transmission and disease progression. Using contact
investigation data from the Victorian TB program, this Chapter explores the profiles of
contacts’ active TB progression and identifies factors associated with the rate of active TB
disease progression among contacts. This Chapter documents the patterns of disease
activation among contacts of TB patients in detail, highlighting those at higher risk of TB
after exposure and considering implications for interventions. The Chapter shows that TB
disease progression among contacts of TB patients was found to be substantially
heterogeneous, provides recommendations on the follow-up and preventive treatment to be

based on detailed characteristics of individual contacts and their associated index patients.

This Chapter addresses thesis question 3, and it is published in shorter form as a research

letter, which is attached as an Appendix B to this thesis.

Citation: Melsew YA, Cheng AC, McBryde ES, Denholm JT, Tay E, Ragonnet R, Trauer JM.
Profiles of tuberculosis disease activation among contacts of patients with tuberculosis.

European Respiratory Journal. 2019 Jan 1:1900353.
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4.2. Abstract

Background: The risk of a person acquiring Mycobacterium tuberculosis infection and then
progressing to tuberculosis (TB) disease depends both on the level of the index patient’s
infectiousness and on the susceptibility of the exposed contact. The aim was to assess
patterns and identify risk factors for TB disease activation among contacts of pulmonary TB

patients in Victoria, Australia.

Methods: A cohort study was performed using records on contacts of pulmonary TB (PTB)
patients notified from 1 January 2005 to 31 December 2015 in Victoria, Australia. The main
outcomes of interest were primary progression (development of active TB within the first six
months of exposure) and late reactivation (development of active TB after six months of
exposure) among contacts. Survival analysis was performed to compare the rates of TB
disease based on various contact characteristics. Logistic regression was used to identify
factors associated with primary progression, while a Cox-proportional hazard model was

applied to identify factors associated with late TB reactivation.

Results: A total of 17,740 contacts, identified from a total of 1,672 index patients with PTB,
were included in the analyses. There were 224 cases of active TB diseases among contacts,
and the total person-years of follow-up was 118,276 person-years, giving a crude incidence
rate of 189 cases of active TB per 100,000 person-years of follow-up. Of those who
developed active TB, 140 (62.5%) were primary progression. Higher rates of TB disease
were found among males, children and TST-positive contacts (log-rank p<0.05). The vast
majority of TB disease among children were primary progressions, although high rates of late
reactivation were observed as children reached 15 years of age. From regression analyses, it
was clear that younger age, close contact, high TB burden country of birth and exposure to
index patients with recurrent TB were all associated with a higher risk of TB disease

activation. BCG vaccination history appeared to be protective for primary progression but a
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risk factor for late reactivation, with the large majority of adult late reactivations occurring in

BCG-vaccinated contacts.

Conclusions: The pattern of TB disease activation among children is mainly primary
progression, but late reactivations emerge as children reach age >15years. The possibility that
BCG increases the rates of late reactivation disease in adults should be further explored.
Preventive therapy and lack of accounting for it may have biased the results in unpredictable

ways.

Keywords: Tuberculosis, primary progression, late reactivation, Australia
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4.3. Introduction

With an estimated 10.4 million cases and 1.7 million deaths, tuberculosis (TB) is the ninth
leading cause of death worldwide [1]. The World Health Organization (WHO) devised the
ambitious End TB Strategy with targets for 2035, including a 90% reduction in incidence
compared with 2015. One of the pillars of this strategy is integrated patient-centred care and

prevention that can be achieved through intensified contact investigation [2].

The risk of a person acquiring Mycobacterium tuberculosis (Mtb) infection and then
progressing to TB disease varies due to factors related to index patients’ infectiousness and
the level of susceptibility of the exposed contact [2, 3]. Some contacts develop TB in the
early period following exposure, while others take many years to progress to disease or may
never do so [4]. Factors related to the susceptibility of contacts have been widely studied,;
however, the risk associated with the index case is not well defined other than a few factors

such as sputum smear status and cavitation [5-7].

Previous studies to identify factors associated with TB disease among contacts have found
that social and behavioural factors play an important role in Mtb transmission [8]. Behaviours
such as alcohol use and smoking are known risk factors for subsequent TB disease among
contacts [9, 10], while the risk of TB disease may also vary with age, partly due to an
accumulation of these risk factors [2]. However, it is also essential to distinguish the factors
that are associated with different progression profiles (such as early progression and late

reactivation) after exposure to an index patient.

In the state of Victoria in Australia, contact investigation is routinely performed, and active
TB arising in contacts is linked to index cases. A previous study from this linked data process
estimated the absolute risk of TB disease in the years after infection [3]. The current study

advances on this earlier work; in addition to having both a longer follow-up and a larger
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cohort, it estimates profiles, patterns and risk factors for TB disease. Identifying and
quantifying these risk factors will help to target those contacts who are at greatest risk of
developing active TB disease for follow-up and early intervention. Thus the aim of this study
was to determine the rate of active TB and the risk factors for primary progression and late
reactivation, including factors associated with the index case, among contacts of TB patients

in Victoria, Australia.

4.4, Methods

Study design

A cohort study was constructed using data from contacts of pulmonary TB (PTB) patients
notified from 1 January 2005 to 31 December 2015 to the Victorian Tuberculosis Program
(VTP), Australia, linked to subsequent episodes of active TB in the same jurisdiction. We
looked at the contacts of TB patients from the point of their respective index patient’s

diagnosis and compared the time to active TB disease development.

Setting

The study was conducted in Victoria, a state of Australia, with approximately 5.9 million
people and a single centralised tuberculosis program (the Victorian Tuberculosis Program;
VTP). Medical practitioners and diagnostic laboratories are required under Victorian public
health legislation to report cases of TB to health authorities, and the management of all
notified cases of TB and their contacts is coordinated by the VTP [11-14]. Contact
investigation initially consists of clinical assessment and serial testing for Mtb infection.
Testing of contacts is conducted by either tuberculin skin testing (TST) using the Mantoux
method or an interferon-gamma release assay (IGRA), although during the study period the
vast majority of testing was undertaken with TST [15]. Contacts with either symptom

suggestive of active disease or a positive test for Mtb infection undergo a chest x-ray and
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further clinical assessment, with isoniazid preventive treatment generally recommended for

those where the active disease has been excluded [11].

Study population

The study population includes all contacts of pulmonary TB (PTB) patients recorded and
followed by the VTP. All documented contacts of PTB patients notified from 1 January 2005
to 31 December 2015 were included. Contacts’ follow-up information was linked to their
respective index TB patients’ information by the index identification number. We excluded
contacts from analysis if their age was unavailable in the dataset but did not exclude records

if other variables were absent.

Definitions

Index patients were pulmonary TB patients defined as confirmed cases with definitive
laboratory evidence or clinical evidence of TB according to the Australian standard national
case definition for TB [16]. Contacts were defined as individuals identified as having been
exposed to index patients by the VTP through households, schools, workplaces, and other
settings. In Victoria, close contacts are defined as “people who have had frequent, prolonged
and close contact in an enclosed environment with an infectious cause such as all people
living in the same dwelling; relatives and friends who have frequent, prolonged and close
contact; and work colleagues who share the same indoor work areas on a daily basis,
following an individual risk assessment” [11]. Contacts with a TST response >10mm were
classified as TST-positive. The outcome event of interest was the occurrence of active TB
disease among contacts. The contact’s country of birth was categorised as high (=100 cases
per 100,000 population) or low burden (<100 cases per 100,000 population) according to
WHO definition [17]. Active TB in contacts was defined in the same way as active TB in

index patients [16].
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Primary progression was defined as the occurrence of active TB among contacts within the
first six months of exposure, while late reactivation was defined as the occurrence of active
TB after six months of exposure. Time to event was the time in days from the date of index
patients’ notification to the date of contact active TB notification. Records were censored if

contacts had not developed active TB by the date of data extraction (21 March 2017).

Variables

The main outcomes of interest were primary progression (development of active TB within
the first six months following exposure) and late TB reactivation (development of TB after
six months of exposure). Risk factors that were obtained from the database included baseline
characteristics of both the exposed individual or contact and the index patients. Index
patients” available characteristics included age, sex, country of birth, method of case finding
(i.e. whether the case was identified through active case finding or passive presentation), site
of TB disease (pulmonary only/pulmonary plus other sites), sputum smear status, type of case
(new/relapse), chest x-ray result, method of TB diagnosis and drug susceptibility testing
results (where available). Contacts’ available characteristics included age, sex, country of
birth, type of contact, tuberculin skin test (TST) size and previous Bacille Calmette-Guérin

(BCG) vaccination.

Statistical Methods

The incidence rate of active TB among infected contacts was calculated per person-year of
follow-up. To compare survival times between exposure groups, Kaplan-Meier curves were
plotted and the significance of differences was tested with log-rank tests, with p-values less
than 0.05 considered significant. We fitted a logistic regression model for all the included
contacts to identify factors associated with primary progression. Crude and adjusted odds
ratios (OR) were provided with their 95% confidence intervals (95% CI) for bivariate and

multivariate analyses respectively.
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For those adult contacts (age >15years) who did not have primary progression, Cox-
proportional hazard model was fitted to identify risk factors for late TB reactivation. All
variables fulfilling the assumption of proportionality of hazard functions with Schoenfeld
residuals test were included. The crude and adjusted hazard ratios (HR) were provided with
their 95% CI. We did not include TST results in the multivariate analysis due to its expected

correlation with variables reflecting the infectiousness of the index case.

Findings were reported consistent with the “Reporting of studies Conducted using

Observational Routinely-collected health Data (RECORD) Statement” [18].

Ethical considerations

Ethical approval was obtained from Monash University, Human Research Ethics Committee
(Project Number: 7776) and approval for data access and support for the project given by the
VTP and DHHS. Data were extracted from a centralised notifiable disease database stored by
the Victorian Department of Health and Human Services (DHHS). Non-identifiable data were
used for analysis. The data set includes linked contact tracing information, along with the

results of their testing for Mtb infection and subsequent active TB during the study period.

4.5. Results

Demographic and clinical characteristics

A total of 18,019 contacts were identified from 1,672 PTB index patients notified within the
period 1 January 2005 to 31 December 2015. Of these contacts, 17,740 (98.5%) were
included in the analysis, while 279 (1.5%) contacts were excluded because age information
was unavailable. The majority (14,543 or 82.0%) of contacts were adults aged 15 years and
above. Considering the type of contact, the greatest proportion were close contacts (45.1%),
followed by school contacts (30.4%). At the end of the follow-up period, 224 (1.3%) contacts

had developed active TB (while none of the excluded contacts developed active TB).
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Comparing contacts based on their respective index patient characteristics, 53.6% had contact

with male index patients, and 41.0% had contact with index patients aged 15-24 years (Table

1).

Information about preventive therapy was not routinely available in the dataset used for this

study. Data regarding preventive therapy use in 448 contacts were available from a previous

study in a sample of this cohort [3]. Based on these data, 83.3% (35/42) of those who

developed active TB did not have had preventive treatment, while a smaller proportion of

disease-free contacts were not treated (37.4%, Table 2).

Table 1: Number of contacts by their own and by their index patients’ demographic and

clinical characteristics in Victoria, Australia 2005-2015.

Contact
characteristics
Sex

Age in years

Country of birth

Type of contact

TST

BCG

Category

Female

Male

Unknown

0-4

5-14

15 and above

High TB burden country
Low TB burden country
Unknown

Casual contact

Close contact
Environmental contact™
School contact

Work contact

Positive

Negative

No TST

Yes

No

Not stated/Unknown

Contacts by their index patient’s characteristics

Sex

Age in years

Female
Male
1-14
15-24
25-44

Number of contacts,

n (%)
9194(51.8)
8427(47.5)
119(0.7)
1197(6.7)
2000(11.3)
14543(82.0)
5130(28.9)
11924(67.2)
686(3.87)
1281(7.2)
7994(45.1)
761(4.3)
5388(30.4)
2316(13.1)
3213(12.9)
12233(69.0)
2294(18.1)
7542(42.5)
5064(28.6)
5134(28.9)

8226(46.4)
9514(53.6)
531(3.0)

7286(41.0)
5254(29.6)

TB, n
(%)
101(1.1)
123(1.5)
0(0)
51(4.3)
60(3.0)
113(0.8)
84(1.6)
139(1.2)
1(0.1)
18(1.4)
190(2.4)
2(0.3)
7(0.1)
7(0.3)
148(4.6)
29(0.2)
47(2.0)
86(1.7)
54(1.1)
84(1.1)

93(1.1)
131(1.4)
10(1.9)
82(1.1)
100(1.9)

No TB, n (%)

9093(98.9)
8304(98.5)
119(100)
1146(95.7)
1940(97.0)
14430(99.2)
5046(98.4)
11785(98.8)
685(99.9)
1263(98.6)
7804(97.6)
759(99.7)
5381(99.9)
2309(99.7)
3065(95.4)
12204(99.8)
2247(98.0)
4978(98.3)
5080(98.9)
7458(98.9)

8133(98.9)
9383(9383)
521(98.1)

7204(98.9)
5154(98.1)
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Country of birth

Method of case
ascertainment
Site of TB disease
Type of case

Chest x-ray

Sputum smear positive

Diagnosis

Drug susceptibility

45-64

65 and above

High TB burden country
Low TB burden country
Clinical presentation
Active case findingt
Pulmonary

Pulmonary plus other sites
New case

Relapse

Unknown

Abnormal, no cavity
Abnormal, cavity
Abnormal, abnormality not
specified

Normal

Unknown

Yes

No

Unknown

Culture

Radiological

Clinical signs

Histology

Microscopic examination
PCR/NAT

Fully sensitive
MDR-TB

XDR-TB

Other resistance profile
Unknown

1730(9.8)
2939(16.6)
8766(49.4)
8974(50.6)
16760(94.5)
980(5.5)
14777(83.3)
2963(16.7)
16714(94.2)
784(4.4)
242(1.4)
10251(57.8)
6014(33.9)
266(1.5)

341(1.92)
868(4.89)
11873(66.9)
2227(12.6)
3640(20.5)
17229(97.1)
297(1.7)
17(0.1)
26(0.15)
26(0.15)
145(0.8)
15513(87.4)
462(2.6)
13(0.1)
1219(6.9)
533(3.0)

23(1.3)
9(0.3)
115(1.3)
109(1.2)
205(1.2)
19(1.9)
197(1.3)
27(0.9)
201(1.2)
21(2.7)
2(0.8)
86(1.4)
125(1.2)
1(0.4)

3(0.9)
9(1.0)
154(1.3)
24(1.1)
46(1.3)
217(1.3)
6(2.0)
0(0)

0

0

1(0.7)
190(1.2)
10(2.2)
0(0)
20(1.6)
4(0.8)

1707(98.7)
2930(99.7)
8859(98.7)
8657(98.8)
16555(98.8)
961(98.1)
14580(98.7)
2936(99.1)
16513(98.8)
763(97.3)
240(99.2)
5928(98.6)
10126(98.8)
265(99.6)

338(99.1)
859(99.0)
11719(98.7)
2203(98.9)
3594(98.7)
17012(98.7)
291(98.0)
17(100.0)
0(100.0)
0(100.0)
144(99.3)
15323(98.8)
452(97.8)
13(100.0)
1199(98.4)
529(99.2)

*This classification includes other congregate settings such as airline, aged care, hospital, £ includes the health

undertaking program, contact tracing, screening and routine follow up, TST: tuberculin skin test (If TST>10mm

positive), BCG: bacille Calmette-Guérin, PCR/NAT: polymerase chain reaction, MDR: multi-drug resistant,

XDR: extensively drug-resistant

Table 2: Treatment of latent infection status and its relation with contact characteristics
among contacts of PTB patients in Victoria, Australia 2005-2015. (n=448)

Preventive treatment status
Commenced
treatment

No Commenced

Contact treatment not
characteristics completed
Sex Female 87(40.6%) | 4(1.9%)

Male 100(42.7%) @ 10(4.3%)
Age 0-4 years 26 (48.2%) 1 (1.8%)

15 years and 120(39.9%) 9(3.0%)

above

5-14 years 41(44.1%) | 4(4.3%)

83(38.8%)
79(33.8%)
18 (33.3%)
113(37.5%)

31(33.3%)

Completed
treatment

40(18.7%)
45(19.2%)
9(16.7%)
59-19.6

17(18.3%)

Chi-square

p-value
0.6409

0.8862
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Type of contact = Close contact 186(41.6%) 14(3.13%) 162(36.2%)  85(19.0%)

Other contacts 1 0 0 0
Country of birth | High burden 32(36.4%) | 4(4.5%) 39(44.3%) 13(14.8%) 0.126
country
Low burden 155(43.1%) @ 10(2.8%) 123(34.2%)  72(20.0%)
country
TST Negative 36(52.2%) O 22(31.9%) 11(15.9%)
Positive 146(39.9%) @ 13(3.5%) 135(36.9%)  72(19.7%)
No result 5(38.5%) 1(7.7%) 5(38.5%) 2(15.4%)
BCG No 66(46.8%) | 4(2.84%) 45(31.9%) 26(18.4%)
Yes 96(36.9%) | 10(3.8%) 104(40.0%)  50(19.2)
Unknown 25(53.2%) O 13(27.7%) 9(19.2%)
TB disease No 152(37.4%) @ 13(3.2%) 157(38.7%)  84(20.7%) @ <0.0001*
Yes 35(83.3%) | 1(2.4%) 5(11.9%) 1(2.4%)

Rate of TB disease

Over a median duration of follow up of 7.1 years (95% CI: 6.3-7.2), there were 224 episodes
of active TB during the follow-up period while the remainder (n=17516, 98.7%) remained
disease-free until the end of the follow-up period. Of those who developed active TB, 140
(62.5%) were notified in the first six months of follow-up (primary progressions), while 153
(68.3%) and 176 (78.6%) of the TB cases were found in the first year and second years of
follow up, respectively (Figure 1). The total number of person-years of follow up was
118,276, giving an incidence rate of 189 cases of active TB per 100,000 person-years of
follow-up among contacts. Stratifying by age group of contacts, the incidence rates among
contacts aged under 15 years and 15 years and above were 533 and 116 cases of TB per

100,000 person-years of follow-up, respectively.

Patterns of TB disease

There were differences in the incidence of active TB among contacts based on their
demographic and clinical characteristics and those of their index TB patient. With respect to
contact characteristics, the exposure variables of sex, age, and TST showed significant

differences (Figure 2). Male contacts had a slightly higher rate of TB than their female
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counterparts (log-rank p=0.03), while children aged <5 years at exposure had the greatest rate
of active TB development, followed by children aged 5-14 years (log-rank p<0.0001). All TB
cases among children aged <5 years were observed in the first 18 months of follow-up, of
which 44/51 (86.3%) were primary progressions while a similar proportion 49/60 (81.6%) of
primary progressions was found among TB cases in children aged 5-14 years at exposure.
However, in the 5-14 years age group, seven TB activation episodes (all born in low burden
settings) occurred after two years of follow-up (up to nine years) and predominantly occurred
as the children aged into adolescence and reached approximately 15 years of age. Among TB
cases in adult contacts (age >15 years), a greater proportion 66/113 (58.4%) were late

reactivation, while the remainder were primary progressions.

The TST response was also a significant variable associated with the rate of TB activation
among contacts, with a positive TST result (=10mm) being associated with a greater rate of
TB (4.6%, 148/3,213) than those who were TST-negative (0.2%, 29/12,233), despite the fact

that TST positives were more likely to receive preventive therapy (Figure 2).

Overall, a history of previous BCG vaccination in contacts was associated with a lower
incidence of TB activation than the BCG-naive (log-rank p=0.004), although BCG had
different effects according to the age category of contacts (Figure 3) with a greater TB
incidence observed in adults. To fully illustrate this effect, Figure 4 shows the distribution of
cases by time of disease activation for BCG vaccinated and unvaccinated contacts stratified
by their age at exposure. Most TB disease activation among adult contacts (aged 15 years and
above) occurred over a longer follow-up period, and only three of the late reactivations in

adults were known to be BCG-unvaccinated.
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Figure 1: Kaplan-Meier curve for the TB-disease free probability of contacts of TB patients
in Victoria, Australia 2005-2015.

88



A Sex B. Age category of contact

ES
o .
g8 = | g *7
= 5o
= i 7 Sex = 7 Age
2 =& Log-rank: p=0.03 2 o O] |‘logrankp=<ie-04
AR R Femal MO P ] e (dyears
.g = | r;r:-:e .g = : — lE-yearsand above
= =T = w _| = 5-ldyears
= I = —
S S
3 o | S o |
= | f ® ]
e T T T T T T T T T T T T T e T T T T T T T T T T T T T
01 2 3 4 &5 6 7 8 9 10 11 12 c 1 2 3 4 &5 6 T 8 9 10 11 12
Years of follow up Years of follow up
C.TST result
2
o
@ — _|
o
< —
= E-a T5T
2 @ _| Log-rank: p=<1e-04
m o — Negative
@ :D —| = Horesult
= e e
= B Postive
2 &
E -
a .
=
[

Years of follow up

Figure 2: Kaplan-Meier curves for by contact characteristics among contacts of TB patients
in Victoria, Australia 2005-2015
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Figure 3: Smoothed hazard estimates by contact BCG vaccination history (No means
unvaccinated and Yes is vaccinated) stratified by age among contacts of TB patients in
Victoria, Australia 2005-2015 (excluding those with unknown BCG status)
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patients in Victoria, Australia 2005-2015.

Risk factors for TB disease activation

From the logistic regression model for primary progression, younger age of contact, close
contact, high-burden country of birth, absence of BCG vaccination and index patients with
relapsed TB were independently associated with primary progression among contacts. On
bases of years of age at exposure, compared to adult contacts aged 15 years and above,
contacts aged <5 years (AOR=7.79, 95%CI: 4.80-12.62) and 5-14 years (AOR=5.23,
95%Cl: 3.39-8.07) were more likely to experience primary progression. Compared to other
contact types, close contacts had a 5.7-fold higher odds of primary progression (AOR=5.73,
95% CI: 3.39-9.69), while contacts born in a high TB burden country were also more likely

to progress (AOR=1.76, 95%CI: 1.11-2.81). BCG vaccination was a protective factor against
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primary TB progression, with contacts who had been previously BCG vaccinated showing a
53% lower odds of primary progression than those who were BCG-naive (AOR=0.47, 95%
Cl: 0.29-0.77). Contacts exposed to patients with relapse TB were at a 2.68-fold greater odds
of primary progression than contacts exposed to patients with new TB (AOR=2.68, 95% CI:

1.42-5.06, Table 2).

In the Cox-proportional hazard regression analysis for late TB reactivation, close contact,
high-burden country of birth and presence of BCG vaccination history were independently
associated with contacts’ risk of late reactivation. Accordingly, compared to other contact
types, close contacts had a considerably higher risk of late TB reactivation (AHR= 3.25,
95%Cl: 1.81-5.82). Contacts who were born in high-burden countries also had a greater risk
of late reactivation compared to contacts born in low-burden countries (AHR=2.17, 95%CI:
1.26-3.75). BCG vaccination history was a risk factor for late reactivation, with contacts who
were BCG vaccinated showing a much higher risk of late reactivation than unvaccinated

contacts (AHR= 4.54, 95% CI: 1.35-15.28). (Table 3)
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Table 3: Risk factor analysis for primary TB progression among contacts of TB patients in
Victoria, Australia 2005-2015 (n=17,740).

Contact
characteristics

Sex

Age

Type of contact

Country of
birth

TST

BCG

Index
characteristics
Sex

Age

Country of
birth

Method of case
finding

Site of TB

Type of TB
y

Category

Female

Male

Not stated

0-4 years

5-14 years

15 years and
above

Close contacts
Other contacts
High TB
burden

Other
countries

Not stated
Negative
Positive

Not performed
Yes

No

Not stated/
unknown

Female
Male

1-14 years
15-24 years
25-44 years
45-64years
65 years and
above

High TB
burden
Other
countries
Clinical
presentation
Other methods
Pulmonary
Pulmonary
plus other site
New
Relapse
Unknown

Contact TB
disease

No Yes
9132 62
8349 78
119 0
1153 44
1951 49
14496 47
7871 123
9729 17
5090 40
11824 100
686 0
12222 11
3112 101
2266 28
7505 37
4995 69
5100 34
8161 65
9439 75
521 10
7249 37
5181 73
1713 17
2936 3
8897 77
8703 77
16628 132
972 8
14655 122
2945 18
16584 130
774 10
242 0

Crude OR (95%CI)

Ref
1.38 (0.98-1.93)
3.46 (6.53-0.30)

11.78 (7.75-17.84)

7.75 (5.17-11.61)
Ref

8.94(5.54-15.40)
Ref
0.73 (0.52-1.02)
Ref

0.00 (0.00-Inf)
Ref

36.06 (20.24-71.31)*
13.73 (7.02-28.83)*

0.36 (0.24-0.53)
Ref
0.48 (0.32-0.73)

1.00 (0.72-1.40)
Ref

3.76 (1.76-7.31)
Ref

2.76 (1.87-4.15)
1.94 (1.06-3.40)
0.20 (0.05-0.55)

Ref
0.84 (0.60-1.17)
Ref
1.04 (0.46-1.99)
Ref

0.73 (0.43-1.17)

Ref
1.65 (0.81-2.99)

Adjusted OR
(95%Cl)

1.23 (0.88-1.73)
0.00 (0.00-Inf)
7.79 (4.80-12.62)
5.23 (3.39-8.07)

5.73(3.39-9.69)
Ref
1.76 (1.11-2.81)

0.00 (0.00-Inf)
Not included
0.47 (0.29-0.77)

0.79 (0.50-1.23)

1.14 (0.80-1.62)
0.20 (0.03-1.45)
1.04 (0.69-1.55)
1.57 (0.91-2.71)
0.60 (0.32-1.13)
ref

1.15 (0.81-1.63)
ref

1.71 (0.91-3.21)
1.20 (0.76-1.90)

2.68 (1.42-5.06)
0.00 (0.00-Inf)

p-value

0.227
0.987
<0.001*
<0.001 *
<0.001*

0.017*

0.969

0.002*

0.288

0.485
0.110
0.860

0.101
0.111

0.446

0.096

0.435

0.002*
0.988
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Chest X-ray Abnormal- 5959 55 1.19(0.84-1.68) 1.20 (0.82-1.75) 0.347
result cavity
Abnormal-no | 10172 | 79 Ref
cavity
Abnormal-no | 265 1 0.49 (0.07-3.51) 0.30 (0.04-2.21) 0.236
details
Normal 339 2 0.76 (0.19-3.10) 0.72 (0.17-3.04) 0.655
Not 865 3 0.45 (0.14-1.42) 0.42 (0.13-1.36) 0.146
stated/done
Sputum smear | Yes 2212 15 Ref
No 3609 31 0.85 (0.49-1.47) 0.88 (0.47-1.62) 0.677
Not 11779 | 94 1.08 (0.72-1.62) 1.29(0.83-2.01) 0.264
done/recorded

Table 4: Risk factor analysis for late TB reactivation in adults among contacts of PTB
patients in Victoria, Australia 2005-2015 (n=14,496 the number of contacts disease-free for

the first six months of follow up).

Contact Category Contact TB Crude HR Adjusted HR P-value
characteristics disease (95%Cl) (95%ClI)
No Yes
Sex Female 7585 31 Ref Ref
Male 6733 35 1.26 (0.77-2.06) 1.20 (0.74-1.96) 0.460
Not stated 112 0 NA NA
Type of contact Close contacts 5785 50 4.43 (2.49-7.86) 3.25(1.81-5.82) <0.001*
Other contacts 8645 16 Ref
Country of birth High burden 4602 43 3.73 (2.23-6.24) 2.17 (1.26-3.75) 0.005*
country
Low burden 9246 23 Ref Ref
country
Not stated 582 0 NA NA
TST Negative 9629 16 Ref Not included
Positive 2729 35 6.94 (3.78-2.74)*
Not performed 2072 15 5.06 (2.45-0.43)*
BCG Yes 6794 46 7.89 (2.43-25.65) | 4.54 (1.35-15.28) | 0.014*
No 3374 3 Ref Ref
Not 4262 17 4.48 (1.30-15.42) | 3.52(1.01-12.26) | 0.048*
stated/unknown
Index
characteristics
Sex Female 6798 42 2.08 (1.14-3.82) 0.55 (0.29-1.03) 0.06
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Country of birth

Method of case
finding

Type of TB

Chest X-ray

Male

High TB burden
Others

Clinical
presentation
Other methods
New case
Relapse
Unknown
Abnormal, cavity
Abnormal, no
cavity
Abnormal, no
details

Normal

Not done/stated

7632
7672
6758
13533

897
13553
704
173
5285
8025

185

291
644

24
36
30
64

64

25
40

Ref
Ref
1.39 (0.76-2.54)
Ref

0.50 (0.11-2.27)
Ref
0.72 (0.14-3.69)
NA
0.92 (0.56-1.52)
Ref

NA

NA
0.27 (0.04-1.99)

Ref
Ref
1.43 (0.78-2.60)
Ref

0.42 (0.09-1.89)
Ref
0.82 (0.16-4.11)
NA
0.62 (0.16-4.11)
Ref

NA

NA
0.40 (0.04-3.89)

*=gstatistical significance of p<0.05, HR= hazard ratio, Cl= confidence interval,

Un/CT/Scr/Rtf = Undertaking/contact tracing/screening/routine follow up

4.6. Discussion

0.24

0.26

0.81

0.17

0.43

The aim of this study was to determine the profile and pattern of contacts” TB disease using

an extensive prospectively collected contact investigation data set. We also quantified the risk

of primary progression (development of any type of TB within the first six months) and late

reactivation (development of any type of TB after six months). Our definition for primary

progression was supported by previous findings that the risk of TB to be highest within the

first three to nine months after infection [4, 5, 19]. Over more than seven years of median

follow-up, we found a total of 1.3% of contacts were diagnosed with active TB disease. The

majority, 62.5% of all contact TB disease, was seen in the first six months of the follow-up

period. Almost all active TB among children (<5 years) was comprised of primary

progression while late reactivation occurred predominantly in adults (>15years). BCG
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vaccination was found to be protective against primary progression, but it was associated
with a higher rate of late TB reactivation among adult contacts. Our regression analyses
identified risk factors significantly associated with both primary progression and late

reactivation.

Our findings showed that a greater proportion of TB disease activation occurred among
children aged under 15 years, which is in agreement with previous findings that children are
at higher risk of TB disease than adults [20-22]. In addition, almost all active TB among
children were a primary progression, which is also consistent with results from other studies
[3, 4]. Our finding supports the recommendations of the WHO that contact investigation and
provision of preventive treatment to children aged <5 years should be prioritised in resource-
limited settings, because of their very high risk of active TB disease [23]. However, we also
highlight that those older contacts, especially children aged 5-14 years, are at significant risk

of primary progression, and so warrant a similar programmatic response.

We found that late reactivation among children aged 5-14 years was more common after they
reached adolescence, or from the age of approximately 15 years. This finding is supported by
a previous study which reported that when the first exposure occurred in children (aged 1-14
years), TB did not develop until after the age of 15 years [24]. Globally, there is a large
burden of TB in adolescents and young adults of age 10-24 years with an estimate of 1.78

million young people with TB [25].

Consistent with previous studies, we found that BCG vaccination was protective for primary
progression and in contacts aged 5-14 years (age at exposure). However, unexpectedly, the
risk of late TB reactivation was greater among adults who were BCG vaccinated than
unvaccinated ones. Previous studies have consistently reported that BCG is effective in

preventing TB disease among children and that its effectiveness is reduced among adults [26-
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28]. A previous systematic review and meta-analysis found that protection from BCG is
higher in trials of school-age vaccination than neonatal vaccination, while there was no
significant protection found in studies that recruited from all age groups [29]. We note similar
findings from the largest ever trial estimating the efficacy of BCG, which reported non-
significantly higher rates of TB among every age group of vaccinated adults than in the
unvaccinated over 15 years of follow-up [30], and a study from the Netherlands that reported
findings consistent with those described here [31]. One possible interpretation of this
evidence is that BCG is effective in reducing TB-related child morbidity and mortality, but
may increase late reactivation rates in adults. These phenomena may lead to perverse effects
on the overall epidemic because the adult forms of TB are typically most infectious, and they
are critical when considering BCG revaccination programs and interpreting recent trials of
novel vaccines whose outcomes consider immunological responses to Mtb rather than
incidence of TB disease [32]. Although we found no evidence of an association between
BCG vaccination and the absence of preventive therapy, this or other unmeasured factors
could confound these findings. Furthermore, adults with unknown BCG status were also
associated with higher rates of late reactivation, such that ensuring a comprehensive

collection of BCG status will be a future focus of our research.

Our study found that contacts who were born in high TB burden countries had a higher risk
of TB than contacts born in low TB burden countries (including Australia). This may reflect
that contacts born in high TB burden countries may have had additional TB exposures other
than the index exposure we identified. An alternative reason for this association may be lower
socioeconomic status and poorer general health; migrants from high-burden countries are

likely to have poorer health status [33, 34].

Contacts identified as close contact by the VTP had a much higher risk of TB disease,

providing reassurance around our ability to discern high-risk patients and an opportunity to
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prioritise cases for future chemoprophylaxis. Although the development of active TB in
contacts after the infection is mainly dependent on contacts’ endogenous factors, we also
found associations with index patients’ characteristics. Specifically, index patients with
recurrent TB appeared more infectious (i.e. their contacts are more likely to have primary
progression) than index patients with new TB. This may be explained by patients with
recurrent TB having more extended infectious periods compared to those with new TB
disease. However, this index characteristic did not show an effect on contacts’ risk of late
reactivation. The association between shorter time to disease and greater index infectiousness
may explain this, perhaps because the infectious dosage is a more important determinant of

early progression whereas late reactivation is more dependent on host factors.

Our study has strengths arising from the fact that it is a population-based study from a
centralised database. However, we had limited ability to determine any use of preventive
therapy, and lack of accounting for it may have biased the results in unpredictable ways.
Also, the transmission was inferred based on epidemiologic links due to the absence of
genotyping data. This limitation may affect the late reactivation more than primary
progression. Another possible limitation arises from the fact that we did not exclude co-
prevalent cases in which the direction of transmission cannot be definitively determined.
However, in such co-prevalent cases, the VTP determines the source of patients based on

detailed epidemiologic investigation [12].

4.7. Conclusions

In conclusion, child contacts were at highest risk of early progression, but high rates of late
reactivation among infected children as they reached adolescence imply that children should
be strongly considered for preventive interventions even after their initial high-risk period has

elapsed. BCG seems to have an important effect on TB epidemiology in preventing early
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activation but increasing rates of late reactivation in adults. This effect requires further

investigation with more comprehensive data on contacts’ receipt of preventive therapy.
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Chapter 5

5. Heterogeneous infectiousness in mathematical

models of tuberculosis: a systematic review

102



5.1. Chapter overview

Infectious disease models are mathematical descriptions of the spread of infection that are
simplified descriptions of a biological system and can be used to understand the system’s
behaviour or to inform interventions through predictions. These models should incorporate
accurate disease transmission characteristics that arise from epidemiological evidence in their

assumptions.

Having presented empirical evidence for the importance of heterogeneity in infectiousness
and progression in previous chapters, this Chapter explores the methods employed to capture
infectiousness heterogeneity in past transmission dynamic models of TB. By systematically
reviewing past dynamic transmission models of TB, this Chapter highlights how previous TB
modelling studies have approached heterogeneous infectiousness and which factors were
used to stratify patients into various infectivity levels. Also, the Chapter evaluates whether
these approaches are supported by epidemiological evidence. As described in the Chapter, the
vast majority of TB models did not consider heterogeneous infectiousness at all, and of those
that assumed heterogeneous infectiousness the approaches employed did not capture the
heterogeneity that was found in previous chapters. The Chapter also provides a
recommendation for a new data-driven transmission dynamic model of TB that can optimally

capture heterogeneous infectiousness. This Chapter addresses thesis question 4.
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ABSTRACT

TB mathematical models employ various assumptions and approaches in dealing with the heterogeneous in-
fectiousness of persons with active TB. We reviewed existing approaches and considered the relationship be-
tween them and existing epidemiological evidence.

We searched the following electronic bibliographic databases from inception to 9 October 2018: MEDLINE,
EMBASE, Biosis, Global Health and Scopus. Two investigators extracted data using a standardised data ex-
traction tool. We included in the review any transmission dynamic model of M. tuberculosis transmission ex-
plicitly simulating heterogeneous infectiousness of person with active TB. We extracted information including:
study objective, model structure, number of active TB compartments, factors used to stratify the active TB
compartment, relative infectiousness of each active TB compartment and any intervention evaluated in the
model.

Our search returned 1899 unique references, of which the full text of 454 records were assessed for eligibility,
and 99 studies met the inclusion criteria. Of these, 89 used compartmental models implemented with ordinary
differential equations, while the most common approach to stratification of the active TB compartment was to
incorporate two levels of infectiousness. However, various clinical characteristics were used to stratify the active
TB compartments, and models differed as to whether they permitted transition between these states. Thirty-four
models stratified the infectious compartment according to sputum smear status or pulmonary involvement,
while 18 models stratified based on health care-related factors. Variation in infectiousness associated with drug-
resistant M. tuberculosis was the rationale for stratifying active TB in 33 models, with these models consistently
assuming that drug-resistant active TB cases were less infectious.

Given the evidence of extensive heterogeneity in infectiousness of individuals with active TB, an argument
exists for incorporating heterogeneous infectiousness, although this should be considered in light of the objec-
tives of the study and the research question.

PROSPERO Registration: CRD42019111936.

1. Introduction

distributed across populations, but rather is an aggregate of localised
micro-epidemics, with this heterogeneous distribution likely to become

Tuberculosis (TB) is one of the top ten causes of death and the
leading cause from a single infectious agent (WHO, 2018). Although the
disease burden caused by TB is falling globally, we are unlikely to see
the first milestones of the End TB Strategy achieved in 2020 (WHO,
2014). The current global burden of TB is not homogeneously

more prominent as disease burden decreases (Pai et al., 2016). One of
several factors that contributes to the heterogeneity of Mycobacterium
tuberculosis (Mtb) transmission in a given population is the intrinsic
variation in the infectiousness of individuals with active TB (Trauer
et al., 2018). The heterogeneous infectiousness of such individuals has
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been established from both epidemiologic contact investigations and
genotypic data (Ypma et al., 2013; Melsew et al., 2019). These studies
have demonstrated that a very few highly infectious individuals with
active TB are responsible for a large proportion of onward transmission,
while a much larger proportion of individuals have very low or negli-
gible infectiousness. As this heterogeneity has effects on the basic re-
production number, Ro, and the impact of interventions, incorporating
heterogeneous infectiousness assumptions in TB transmission dynamic
models may be critical depending on the modelling objectives (Trauer
et al., 2018).

Transmission dynamic models typically have one of two broad
purposes: either to improve understanding of the behaviour of the
epidemic, or to make predictions of disease burden, including under
counterfactual intervention strategy scenarios. Any such models should
represent reality as accurately as possible, while also considering the
need for model parsimony, although the optimal balance of these fac-
tors is dependent on judgement and epidemiological understanding
(McLean, 2013; Cohen and White, 2016). Though the first TB model
was published more than half a century ago (Waaler et al., 1962), TB
models continue to differ in their assumptions due to imperfect un-
derstanding of the complex natural history of TB and lack of available
data on the clinical progression of individuals through their stages of
disease.

By systematically reviewing previous TB transmission modelling
studies, we describe existing methods used to capture heterogeneity in
infectiousness of individuals with active TB. Specifically, we aimed to
identify all TB transmission models that explicitly stratified the active
TB compartment by levels of infectiousness, and to understand their
modelling assumptions and parameter choices.

2. Methods

We reviewed all published TB mathematical modelling studies that
considered heterogeneity in infectiousness, with infectiousness con-
ceptually defined as the number of secondary infections resulting from
an individual with active disease per unit time. The review protocol was
prospectively registered with PROSPERO (International Prospective
Register of Systematic Reviews, registration number:
CRD42019111936) and can be accessed at https://www.crd.york.ac.
uk/prospero/display_record.php?RecordID = 111,936). We adhered to
the Preferred Reporting Items for Systematic reviews and Meta-
Analyses (PRISMA) guidelines throughout (Liberati et al., 2009) and the
PRISMA checklist is provided in Appendix A in Supplementary mate-
rial.

2.1. Search strategy

Before starting the review, we searched for systematic reviews that
assessed methods used to capture heterogeneity in infectiousness of
individuals with active TB in transmission dynamic models, with no
such reviews found.

We searched the following electronic bibliographic databases from
inception to 9 October 2018: MEDLINE, EMBASE, Biosis, Global Health
and Scopus for studies in human subjects published in English. All
search terms were “exploded” to capture all resources and consisted of
“TB”, “Tuberculosis”, “Mycobacterium tuberculosis”, “Dynamic
model”, “Transmission dynamics”, “Simulation”. Full search strategy is
provided in Appendix B in Supplementary material.

2.2. Study selection

Search results were exported to EndNoteX8.2 (Clarivate Analytics,
NY, USA) and duplicates were removed. Titles and abstracts were
screened to identify potentially relevant articles. After initial screening
for any TB modelling studies, the full texts of eligible articles were
collected and assessed for eligibility. Included studies consisted of any
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transmission dynamic TB modelling study explicitly incorporating the
assumption of heterogeneous infectiousness of individuals with active
TB. Studies were excluded if they were systematic reviews, did not
employ mathematical models, did not model Mtb, were intra-host
models or assumed homogeneous infectiousness.

2.3. Assessment of quality

As we aimed to assess the diverse methods used to capture hetero-
geneous infectiousness of individuals with active TB and there was no
epidemiological pooling, risk of bias assessment was not performed.

2.4. Data extraction and analysis

Data were extracted using a standardised data extraction tool de-
veloped, tested and approved by four investigators (YAM, AIA, RR and
JMT). Full manuscripts and supplementary material accompanying the
main texts of each article were reviewed. YAM and AIA extracted data
and any controversies in interpretation were resolved by consensus.

We extracted general information that included: year of publication,
study setting, study objective, model structure, and information about
our main objective, including: the number of infectious compartments,
factors used to stratify the infectious compartment and the relative
infectiousness of each active compartment.

3. Results

Our search strategy returned 1899 unique references, of which the
full text of 454 records were assessed for eligibility, and 99 studies met
the inclusion criteria of explicitly capturing heterogeneous infectious-
ness (Fig. 1). Of the 99 included TB models, 89 were compartmental
models implemented using ordinary differential equations, one study
used both ordinary and partial differential equations and the remaining
nine were individual-based models (IBM). Included studies spanned
many different epidemiological settings: 25 studies were from Asia or
the Asia-Pacific, 21 were from sub-Saharan Africa, 12 studies were from
Europe or North America. Nineteen studies represented hypothetical
settings based on TB burden, economic development or HIV prevalence.
Eight of these models were from high TB-burden settings (or “low/
middle income”), two were from low TB burden settings (or “the de-
veloped world”), two were from high HIV prevalence settings and one
aimed to represent global TB epidemiology.

3.1. Aims of models

The broad objectives of most included TB models were to evaluate
the impact of various intervention strategies and make predictions of
future disease burden based on various settings and scenarios. Forty-
four of the 99 models were designed to estimate the likely impact of
currently available interventions (Tuite et al., 2017; Vynnycky et al.,
2015; Trauer et al., 2016a; Okuonghae and Aihie, 2008; Okuonghae
and Ikhimwin, 2016; Okuonghae and Korobeinikov, 2007; Okuonghae
and Omosigho, 2011; Rayhan and Bakhtiar, 2017; Sachdeva et al.,
2015; Salje et al., 2014; Salomon et al., 2006; Sharomi et al., 2008;
Suen et al., 2014; Thomas et al., 2010; Hickson et al., 2011; Hickson
et al., 2012; Hill et al., 2012; Hughes et al., 2006; Huynh et al., 2015;
Jung et al., 2002; Kendall et al., 2015; Knight et al., 2015; Liao and Lin,
2012; Mellor et al., 2011; Menzies et al., 2012; Moualeu et al., 2015;
Bowong and Alaoui, 2013; Dowdy et al., 2014; Dowdy et al., 2013a;
Dowdy and Chaisson, 2009; Dowdy et al., 2008; Dowdy et al., 2006;
Dowdy et al., 2013b; Dowdy et al., 2013c; Dye and Williams, 2008;
Espindola et al., 2012; Fofana et al., 2017; Garcia et al., 1997; Gomes
et al., 2007; Guzzetta et al., 2011; Bacaer et al., 2008; Basu et al., 2007;
Basu et al., 2009; Bhunu and Garira, 2009), while five models evaluated
the potential impact of interventions that were new, under develop-
ment or hypothetical (Abu-Raddad et al., 2009; Knight et al., 2014; Lin
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Fig. 1. Flow diagram of study selection process.

et al., 2012; Sun et al., 2013; Trauer et al., 2016b). Twenty-one models
were built to capture TB epidemiology in a specific setting and make
predictions by using local data (Arregui et al., 2018; Blower et al., 1995;
Herrera et al., 2013; Houben et al., 2016; Legrand et al., 2008; Liao
et al.,, 2012; Liao et al., 2013; Liu et al.,, 2011; Melnichenko and
Romanyukha, 2009; Menzies et al., 2018; Moualeu et al., 2014;
Moualeu-Ngangue et al., 2015; Mushayabasa and Bhunu, 2013;
Nishiura et al., 2004; Oxlade et al., 2011; Pandey et al., 2017; Perelman
et al., 2004; Sun et al., 2011; Wu et al., 2010; Zhang et al., 2015). Eight
models were more theoretically focused, aiming to draw general con-
clusions about transmission dynamics, such as determining equilibrium
points or reproductive numbers, and in some cases undertaking stability
or sensitivity analyses around these quantities (Houben et al., 2016;
Apriliani et al., 2016; Blower and Gerberding, 1998; Cohen and Murray,
2004; Liu et al., 2008; Liu and Sun, 2010; McBryde et al., 2017; Trauer
et al., 2014). Four models assessed the impact of risk factors, such as
smoking, age and diabetes mellitus (Garcia et al., 1997; Bhunu et al.,
2011; Moualeu et al., 2012; Rodrigues et al., 2015), three evaluated the
impact of immigration (Korthals Altes et al., 2018; Moualeu et al.,
2018; Okuonghae and Aihie, 2010), and two evaluated the impact of
Mtb re-infection (Moualeu et al., 2016; Sharomi et al., 2017). Six
models additionally assessed aspects of the MDR-TB epidemic and its
control (Kendall et al., 2015; Agusto et al., 2015; Ahmadin and
Fatmawati, 2014; Bishai et al., 2010; Raimundo et al., 2014; Shrestha
et al., 2014).

Models stratified the active TB compartment according to the level
of infectiousness for a range of reasons, the commonest being to capture
the impact of interventions directed at specific sub-groups of in-
dividuals with active TB or that had differential effectiveness depending

on the level of infectiousness. Within this group, forty-three models
stratified the active TB compartment in order to capture the impact of
detection and treatment interventions (Tuite et al., 2017; Vynnycky
et al., 2015; Okuonghae and Korobeinikov, 2007; Rayhan and Bakhtiar,
2017; Sachdeva et al., 2015; Salje et al., 2014; Salomon et al., 2006;
Sharomi et al., 2008; Suen et al., 2014; Thomas et al., 2010; Huynh
et al., 2015; Jung et al., 2002; Knight et al., 2015; Mellor et al., 2011;
Bowong and Alaoui, 2013; Dowdy et al., 2014; Dowdy et al., 2013a;
Dowdy and Chaisson, 2009; Dowdy et al., 2008; Dowdy et al., 2006;
Dowdy et al., 2013b; Dowdy et al., 2013c; Fofana et al., 2017; Garcia
et al., 1997; Basu et al., 2007; Basu et al., 2009; Bhunu and Garira,
2009; Abu-Raddad et al., 2009; Lin et al., 2012; Sun et al., 2013; Trauer
et al., 2016b; Legrand et al., 2008; Nishiura et al., 2004; Perelman et al.,
2004; Blower and Gerberding, 1998; Liu et al., 2008; Liu and Sun,
2010; Korthals Altes et al., 2018; Okuonghae and Aihie, 2010; Agusto
et al., 2015; Huo and Zou, 2016; Kendall et al., 2017; Osgood et al.,
2011). By contrast, forty-four models incorporated stratification in the
process of estimating key parameters in TB epidemiology, such as the
number of secondary infections per infectious individual and Ro
(Trauer et al., 2016a; Okuonghae and Aihie, 2008; Okuonghae and
Ikhimwin, 2016; Okuonghae and Omosigho, 2011; Hickson et al., 2011;
Hickson et al., 2012; Hughes et al., 2006; Liao and Lin, 2012; Menzies
et al., 2012; Moualeu et al., 2015; Gomes et al., 2007; Guzzetta et al.,
2011; Bacaer et al., 2008; Blower et al., 1995; Herrera et al., 2013; Liao
et al., 2012; Liao et al., 2013; Melnichenko and Romanyukha, 2009;
Menzies et al., 2018; Moualeu et al., 2014; Moualeu-Ngangue et al.,
2015; Mushayabasa and Bhunu, 2013; Oxlade et al., 2011; Pandey
et al., 2017; Zhang et al., 2015; Apriliani et al., 2016; Cohen and
Murray, 2004; McBryde et al., 2017; Trauer et al., 2014; Bhunu et al.,
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2011; Moualeu et al., 2012; Moualeu et al., 2018; Moualeu et al., 2016;
Sharomi et al., 2017; Ahmadin and Fatmawati, 2014; Raimundo et al.,
2014; Aparicio and Castillo-Chavez, 2009; Kasaie and Dowdy, 2013; Li
et al., 2011; Nyabadza and Kgosimore, 2012; Okuonghae, 2013). Eight
models also stratified the active TB compartment to predict the future
proportion of each type of TB simulated (Kendall et al., 2015; Espindola
et al.,, 2012; Arregui et al., 2018; Sun et al., 2011; Wu et al., 2010;
Rodrigues et al., 2015; Bishai et al., 2010; Shrestha et al., 2014). In a
further six models, the rationale for stratifying the active TB compart-
ment was not explained (Hill et al., 2012; Dye and Williams, 2008;
Knight et al., 2014; Trauer et al., 2016b; Houben et al., 2016; Ackley
et al., 2015).

3.2. Model structures

Models most commonly presented the natural history of TB using
Susceptible, Exposed, Infectious, Recovered (SEIR) compartmental
structures, although SEI, SEIS and SEIE structures were also used.
(Some of these models employed more than one latency compartment;
thus, “E” may represent multiple latency compartments.) In our review,
the majority (64) of the models adopted a SEIR compartmental struc-
ture, while 12 used SEI structures and 11 employed SEIS.

The structures used by TB models to stratify the active TB com-
partment according to infectiousness level varied between models, with
most models employing two active TB compartments. Fig. 2 presents a
summary of the compartmental structures used and Table 1 maps the
specific models to the compartmental structure employed. Henceforth,
we refer to the specific model structures by the alphabetical structure
names introduced in Fig. 2. It is important to note that several of these
classifications include models that use the same compartmental

Structure A Structure C

Structure B

Structure D

Structure G

Structure J

Fig. 2. Structures for the infectious compartments used by TB models that in-
corporate multiple levels of infectiousness. L: latent infection, I: active TB, with
subscripts to indicate the multiple infectious compartments. Some of these
models used more than one compartment for latency, thus “L” may represent
multiple latency compartments here. The subscript numbers to the “I” com-
partments are arbitrary.
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structure, but use these structures to represent different factors (and so
employ different parameter values). Stratifying the active TB com-
partment into two unconnected infectiousness levels (Structure A) was
the commonest structure used, followed by a structure employing two
infectious levels and with an additional transition process linking these
two states (Structure B).

3.3. Factors for stratification

TB models stratified the active TB compartment by infectiousness in
order to capture a range of clinical characteristics. These factors in-
cluded: factors related to characteristics of the host, such as disease
manifestation, co-morbidities and age; factors related to the organism,
i.e. impaired fitness of Mtb due to drug resistance mutations; and factors
related to the health care system. The factors used for stratification of
the active TB compartment were sometimes combined in the included
studies and are not mutually exclusive.

3.3.1. Factors related to disease characteristics

3.3.1.1. Pulmonary involvement. Six TB models explicitly classified the
active TB compartment based on the clinical site of TB disease, as either
representing cases with lung involvement (pulmonary TB), or with
disease limited only to body organs other than the lungs
(extrapulmonary TB) (Thomas et al., 2010; Hickson et al., 2012; Dye
and Williams, 2008; Korthals Altes et al., 2018; Aparicio and Castillo-
Chavez, 2009). These models universally assumed that only pulmonary
TB cases were infectious without further stratification by smear-status.
Five of these models employed Structure A (Thomas et al., 2010;
Hickson et al., 2012; Mellor et al., 2011; Dye and Williams, 2008;
Korthals Altes et al., 2018; Aparicio and Castillo-Chavez, 2009), while
one model also incorporated conversion from non-infectious to
infectious TB (Structure B) (Mellor et al., 2011).

3.3.1.2. Sputum smear-status. Sputum smear-status was a commonly
used factor for stratifying active TB cases into varying levels of
infectiousness. Twenty-two TB models stratified the active TB
compartment by sputum smear-status (Tuite et al., 2017; Vynnycky
et al.,, 2015; Menzies et al., 2012; Dowdy et al., 2014; Dowdy and
Chaisson, 2009; Dowdy et al., 2008; Dowdy et al., 2006; Dowdy et al.,
2013b; Dowdy et al., 2013c; Garcia et al., 1997; Gomes et al., 2007;
Guzzetta et al., 2011; Abu-Raddad et al., 2009; Knight et al., 2014; Lin
et al., 2012; Sun et al., 2013; Arregui et al., 2018; Houben et al., 2016;
Menzies et al., 2018; Oxlade et al., 2011; Pandey et al., 2017; Ackley
et al., 2015), of which eleven characterised active TB as either smear-
positive or smear-negative TB (with smear-negative TB always
considered less infectious). Among these models, seven employed
Structure A (Dowdy et al., 2013b; Gomes et al., 2007; Knight et al.,
2014; Lin et al., 2012; Oxlade et al., 2011; Pandey et al., 2017; Ackley
et al., 2015), while the remaining used Structure B to incorporate a
transition from smear-negative to smear-positive (Tuite et al., 2017;
Menzies et al., 2012; Garcia et al., 1997; Houben et al., 2016; Menzies
et al.,, 2018), thereby assuming that some smear-positive individuals
must have initially been smear-negative at disease onset.

Employing Structure E, TB models used a three-tier stratification
incorporating pulmonary involvement and smear-status to divide the
active TB compartment into smear-positive TB, smear-negative TB and
extrapulmonary TB (non-infectious) (Dowdy et al., 2014; Dowdy et al.,
2013c; Abu-Raddad et al., 2009; Arregui et al., 2018). Five models
included four active TB compartments, four of which used detection
status to further cross-stratify smear-positive and TB smear-negative,
while one model cross-stratified HIV status and smear-status (Vynnycky
et al., 2015; Dowdy and Chaisson, 2009; Dowdy et al., 2008; Dowdy
et al.,, 2006; Sun et al., 2013). Under each of these approaches, in-
fectiousness was influenced by smear status, such that smear-positive
individuals were considered more infectious than those smear-negative.

Twenty-one of the 22 models that stratified the active TB
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Table 1
Infectious compartment structures used by compartmental TB single strain models.
Structure ~ Number of studies Citation
A 27 (Okuonghae and Aihie, 2008; Okuonghae and Ikhimwin, 2016; Okuonghae and Korobeinikov, 2007; Okuonghae and Omosigho, 2011; Sharomi
et al., 2008; Hill et al., 2012; Bowong and Alaoui, 2013; Dowdy et al., 2006; Dowdy et al., 2013b; Dowdy et al., 2013c; Dye and Williams, 2008;
Gomes et al., 2007; Lin et al., 2012; Blower et al., 1995; Herrera et al., 2013; Liao et al., 2012; Liao et al., 2013; Oxlade et al., 2011; Pandey et al.,
2017; Zhang et al., 2015; Apriliani et al., 2016; Korthals Altes et al., 2018; Okuonghae and Aihie, 2010; Sharomi et al., 2017; Aparicio and
Castillo-Chavez, 2009; Okuonghae, 2013; Ackley et al., 2015)
B 11 (Hughes et al., 2006; Menzies et al., 2012; Garcia et al., 1997; Bacaer et al., 2008; Knight et al., 2014; Houben et al., 2016; Menzies et al., 2018;
Moualeu et al., 2014; Bhunu et al., 2011; Moualeu et al., 2012; Moualeu et al., 2018)
C 1 (Huo and Zou, 2016)
D 2 (Dowdy et al., 2014; Dowdy and Chaisson, 2009)
E 2 (Abu-Raddad et al., 2009; Arregui et al., 2018)
F 2 (Dowdy et al., 2013a; Mushayabasa and Bhunu, 2013)
G 3 (Vynnycky et al., 2015; Melnichenko and Romanyukha, 2009; Perelman et al., 2004)
H 1 (Wu et al., 2010)
I 1 (Legrand et al., 2008)
J 6 (Hickson et al., 2011; Hickson et al., 2012; Moualeu et al., 2015; Moualeu-Ngangue et al., 2015; Liu et al., 2008; Moualeu et al., 2016)
K 1 (Osgood et al., 2011)
Others 5 (Salomon et al., 2006; Thomas et al., 2010; Dowdy et al., 2008; Sun et al., 2013; Moualeu et al., 2012)
Table 2

Proportions and relative infectiousness of active TB compartments among models that use two levels of infectiousness based on lungs involvement or smear status.

Reference group.

Citation Active TB compartment Proportion progressing to high Relative infectious of Conversion rate (low to high), per
low year
High infectiousness Low infectiousness
(Ackley et al., 2015) Infectious Non-infectious 0.85 0 NA
(Aparicio and Castillo-Chavez, Pulmonary Extrapulmonary 0.7 0 NA
2009)
(Blower et al., 1995) Infectious Non-infectious 0.5-0.85 0 NA
(Dye and Williams, 2008) Infectious Non-infectious 0.6 0 NA
(Gomes et al., 2007) Infectious Non-infectious 0.66-0.87 0 NA
(Herrera et al., 2013) Infectious Non-infectious 0.7-0.85 NA
(Liao et al., 2012) Infectious Non-infectious Normal distribution (0.78, 0.11) 0 NA
(Liao et al., 2013) Infectious Non-infectious Normal distribution (0.78, 0.11) 0 NA
(Thomas et al., 2010) Infectious Non-infectious HIV+ = 0.87 0 NA
HIV- = 0.57
(Hughes et al., 2006) Infectious Non-infectious 0.64 0 0.015
(Knight et al., 2014) Infectious Non-infectious age<15=0.1 0 0.015
age =15 = 0.5
(Dowdy et al., 2006)* Smear-positive Smear-negative HIV- = 0.45 0.22 NA
HIV+ = 0.35
(Dowdy et al., 2013b)* Smear-positive Smear-negative HIV- = 0.65 0.15 NA
HIV+ = 0.5
(Lin et al., 2012)* Smear-positive Smear-negative HIV- adult = 0.7, 0.22 NA
HIV + adult = 0.48
HIV- children = 0.17
HIV + children = 0.1
(Oxlade et al., 2011) Smear-positive Smear-negative 0.5 0.2 NA
(Pandey et al., 2017) Smear-positive Smear-negative China, Korea, Philippines = 0.45 0.2 NA
India=0.63
(Garcia et al., 1997) Open cases Non-open cases 0.5 0 to non-open”
(Houben et al., 2016) Smear-positive Smear-negative 0.85 0.22 0.015
(Menzies et al., 2012) Smear-positive Smear-negative 0.62 0.17-0.3 0.012-0.019

@ Although these models include multiple stratifications which influenced progression proportions, infectiousness was only dependent on smear status.
b Infectious cases convert to non-infectious cases at rate of diagnosis and treatment.

compartment by smear-status considered both smear-positives and
smear-negatives to be infectious, with smear-negatives having a lower
level of infectiousness. The parameterisation for the relative in-
fectiousness of smear-negative individuals compared to smear-positive
was highly consistent across multiple modelling studies and almost
universally fell in the range of 15-25%. Only one model that assessed
the impact of changes in TB programs in low prevalence setting was an
exception and assumed smear-negatives to be non-infectious (Garcia
et al., 1997). Table 2 presents proportions and relative infectiousness of
active TB compartments among models that incorporated two levels of
infectiousness based on pulmonary involvement or smear status.

3.3.1.3. Type of infection. A model employing Structure A stratified

active TB based on history of previous infection, as symptomatic
primary infection or symptomatic re-infection, with the assumption
that re-infected individuals were twice as infectious as primarily
infected counterparts (Sharomi et al.,, 2017). An IBM further
subdivided smear-positive and smear-negative TB into three groups
based on the timing of disease onset from infection; namely primary TB,
endogenous reactivation, and exogenous re-infection. However, under
this approach the level of infectiousness was dependent only on smear-
status, with smear-positive individuals four-times as infectious as
smear-negatives (Guzzetta et al., 2011).

3.3.1.4. Stage of disease. A theoretical model of heterogeneous
progression sub-divided the active TB compartment according to
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progression time from infection to active TB, with fast progressors more
infectious than their slowly progressing counterparts (Okuonghae,
2013). A model evaluating case finding strategies employed modified
form of Structure F to stratify active TB into subclinical, pre-diagnostic
and clinical phases (Dowdy et al., 2013a), with infectiousness
increasing with progression between each of these three sequential
stages. Similarly, an IBM simulated infectiousness using a linear
function of time, with infectiousness increasing from zero to
maximum infectiousness over the first nine months of the disease
episode, and remaining unchanged thereafter (Kasaie and Dowdy,
2013).

3.3.2. Co-morbidities

Some models considered HIV co-infection and comorbid diabetes
mellitus to affect the level of infectiousness of individuals with active
TB. One model employed Structure B to stratify active TB based on HIV
status, assuming that individuals co-infected with HIV were less in-
fectious than HIV-negative (Bacaer et al., 2008). Using the same
structure, another model sub-divided the active TB compartment based
on diabetes status, assuming that individuals co-morbid with diabetic
were more infectious than their non-diabetic counterparts (Moualeu
et al., 2012). Smoking status was used in one model that assessed the
impact of smoking on TB transmission dynamics, with smokers assumed
to be more infectious (Bhunu et al., 2011).

3.3.3. Age

Twenty-three models incorporated age-specific infectiousness (Tuite
et al., 2017; Vynnycky et al., 2015; Suen et al., 2014; Hughes et al.,
2006; Huynh et al., 2015; Knight et al., 2015; Mellor et al., 2011;
Menzies et al., 2012; Dye and Williams, 2008; Garcia et al., 1997;
Guzzetta et al., 2011; Abu-Raddad et al., 2009; Knight et al., 2014;
Arregui et al., 2018; Houben et al., 2016; Liao et al., 2012; Liao et al.,
2013; Menzies et al., 2018; Wu et al., 2010; Rodrigues et al., 2015;
Osgood et al., 2011; Aparicio and Castillo-Chavez, 2009; Nyabadza and
Kgosimore, 2012). The great majority of these models assumed children
to be markedly less infectious than adults, although there were con-
siderable differences between models in the age categories chosen and
parameterisation.

Twenty-one of these models incorporated other factors in addition
to age, while the remaining two considered age as the only factor for
infectious heterogeneity. Of the models that considered age as the only
factor determining heterogeneous infectiousness, one stratified the ac-
tive TB compartment into adults and children, assuming that only
adults were infectious (Nyabadza and Kgosimore, 2012). The other
model of TB epidemics in a Chinese city employed Structure H taking
active TB cases of age 24 years as the reference group and assuming that
children were 81% less infectious relative to this group, while younger
adults were seven-times more infectious (Wu et al. (2010)).

3.3.4. Unspecified factors

Of all included models, eight classified the active TB compartment
as either infectious or non-infectious, but the rationale for this classi-
fication was often not explained (Hill et al., 2012; Hughes et al., 2006;
Knight et al., 2014; Blower et al., 1995; Herrera et al., 2013; Liao et al.,
2012; Liao et al., 2013; Apriliani et al., 2016). Among these models, two
(Hughes et al., 2006; Knight et al., 2014) employed Structure B, while
six (Hill et al., 2012; Blower et al., 1995; Herrera et al., 2013; Liao
et al., 2012; Liao et al., 2013; Apriliani et al., 2016) did not allow for
progression between the active TB compartments (Structure A).

3.3.5. Drug resistance

Variation in infectiousness associated with drug-resistant Mtb
strains was used to stratify active TB in 32 models (Trauer et al., 2016a;
Rayhan and Bakhtiar, 2017; Sachdeva et al., 2015; Salje et al., 2014;
Suen et al., 2014; Jung et al., 2002; Kendall et al., 2015; Liao and Lin,
2012; Espindola et al., 2012; Fofana et al., 2017; Basu et al., 2007; Basu
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et al., 2009; Bhunu and Garira, 2009; Trauer et al., 2016b; Liu et al.,
2011; Nishiura et al., 2004; Sun et al., 2011; Blower and Gerberding,
1998; Cohen and Murray, 2004; Liu and Sun, 2010; McBryde et al.,
2017; Trauer et al., 2014; Rodrigues et al., 2015; Agusto et al., 2015;
Ahmadin and Fatmawati, 2014; Bishai et al., 2010; Raimundo et al.,
2014; Shrestha et al., 2014; Kendall et al., 2017; Li et al., 2011; De
Espindola et al., 2011). In 31 of these models, cases with multidrug-
resistant TB (MDR-TB) were assumed less infectious than cases with
drug-susceptible TB (DS-TB), due to a fitness cost associated with the
resistance-conferring mutation. Most of these models considered in-
fectiousness of individuals with MDR-TB relative to individuals with
DS-TB to be around 0.8.

Eighteen of the 32 TB models used two active TB compartments to
represent DS-TB and MDR-TB without any additional stratification
(Rayhan and Bakhtiar, 2017; Suen et al., 2014; Jung et al., 2002; Liao
and Lin, 2012; Espindola et al., 2012; Fofana et al., 2017; Bhunu and
Garira, 2009; Liu et al., 2011; Nishiura et al., 2004; Blower and
Gerberding, 1998; Liu and Sun, 2010; Rodrigues et al., 2015; Agusto
et al.,, 2015; Ahmadin and Fatmawati, 2014; Bishai et al., 2010;
Raimundo et al., 2014; Shrestha et al., 2014; Li et al., 2011; De
Espindola et al., 2011). Out of the three models that stratified active TB
into three compartments based on drug-susceptibility, with categories
being DS-TB, MDR-TB and extensively drug-resistant TB (XDR-TB) and
the assumption of a progressive gradient towards more resistant strains
being less infectious (Agusto et al., 2015). The second such model in-
corporated detection status to stratify active TB compartment into three
as undetected infectious TB, detected DS-TB and detected MDR-TB such
that the undetected cases were the most infectious followed by detected
MDR-TB. (Sun et al., 2011). The third model simulated active TB as
either: on ineffective treatment (a treatment course without curative
potential), on inadequate treatment (a treatment course with curative
potential but taken for an insufficient duration) and not on treatment.
This model assumed that individuals on ineffective or insufficient
treatment were less infectious than individuals not on treatment
(Fofana et al., 2017).

Six models integrated drug susceptibility with other factors, such as
stage of disease, detection and treatment status, to stratify active TB
into four compartments with varying levels of infectiousness (Trauer
et al., 2016a; Basu et al., 2007; Basu et al., 2009; McBryde et al., 2017;
Trauer et al., 2014; Kendall et al., 2017). For instance, a model of TB
dynamics in South Africa stratified TB as either infectious or non-in-
fectious and further sub-divided by drug susceptibility, assuming in-
dividuals with MDR-TB to be less infectious due to a resistance-asso-
ciated fitness cost (Basu et al., 2007). A model evaluating the impact of
diagnosis and treatment further stratified DS-TB and MDR-TB into early
preclinical TB and symptomatic TB, to capture the variation in in-
fectiousness associated with stage of disease in addition to a resistance-
associated fitness cost (Kendall et al., 2017).

Further stratification of active TB into six compartments was un-
dertaken in two models (Kendall et al., 2015; Cohen and Murray, 2004).
A theoretical model of MDR-TB fitness characterised active TB com-
partment as detected or undetected, and furthered stratified as DS-TB,
unfit MDR-TB or fit MDR-TB, assuming unfit MDR-TB to be the least
infectious followed by fit MDR-TB and DS-TB (Cohen and Murray,
2004). The second model sub-divided both DS-TB and MDR-TB into
early stage, active TB and TB on treatment (Kendall et al., 2015). This
model assumed infectiousness variation by stage with early-stage TB
the least infectious followed by TB on treatment. Further stratification
of active TB into nine (Trauer et al., 2016b), 24 (Salje et al., 2014) and
28 (Sachdeva et al., 2015) compartments was used in models that in-
tegrated detection, treatment, HIV and smear-statuses with drug sus-
ceptibility status.

3.3.6. Health system-related factors

3.3.6.1. Detection and treatment. Nineteen TB models stratified the
infectious compartment by diagnosis status (Okuonghae and Aihie,
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2008; Okuonghae and Ikhimwin, 2016; Okuonghae and Korobeinikov,
2007; Okuonghae and Omosigho, 2011; Salomon et al., 2006; Sharomi
et al., 2008; Hickson et al., 2011; Moualeu et al., 2015; Bowong and
Alaoui, 2013; Legrand et al., 2008; Melnichenko and Romanyukha,
2009; Moualeu et al, 2014; Moualeu-Ngangue et al., 2015;
Mushayabasa and Bhunu, 2013; Perelman et al., 2004; Liu et al.,
2008; Moualeu et al., 2018; Okuonghae and Aihie, 2010; Moualeu
et al., 2016). These models employed different assumptions regarding
the greater infectiousness of undetected cases compared to those
receiving treatment. Ten of these models sub-divided the active TB
compartment into two compartments, detected and undetected,
employing Structure A or Structure B (Okuonghae and Aihie, 2008;
Okuonghae and Ikhimwin, 2016; Okuonghae and Korobeinikov, 2007;
Okuonghae and Omosigho, 2011; Sharomi et al., 2008; Bowong and
Alaoui, 2013; Moualeu et al., 2014; Mushayabasa and Bhunu, 2013;
Moualeu et al, 2018; Okuonghae and Aihie, 2010). Further
stratification into three compartments as provided by Structure J was
employed in four models, three of which stratified active TB as
diagnosed, lost to follow-up and undiagnosed infectious, with the
assumption that undiagnosed individuals were most infectious
followed by lost to follow-up (Moualeu et al., 2015; Moualeu-
Ngangue et al., 2015; Moualeu et al., 2016). A theoretical model of
global TB dynamics with the same compartmental structure stratified
active TB as infectious treated, infectious untreated and non-infectious,
with the assumption that untreated cases were seven times more
infectious than patients under treatment (Liu et al., 2008).

A further four models implemented Structure G to divide active TB
into four compartments based on detection status and other factors
(Hickson et al., 2011; Legrand et al., 2008; Melnichenko and
Romanyukha, 2009; Perelman et al., 2004). A model of HIV/TB coin-
fection included nine compartments based on detectability (a function
of geographical location, local health services, and case-finding effort,
as well as health seeking behaviour and intensity of symptoms), smear
and treatment status, with the assumption that smear-positives were the
most infectious and patients treated in high-quality treatment programs
are non-infectious (Salomon et al., 2006).

3.3.6.2. Place of treatment. A model evaluating alternative TB
treatment strategies in China used the place of treatment as a
stratification factor and employed Structure C with the assumption
that patients treated at home were more infectious than patients treated
in hospitals (Huo and Zou, 2016). Similarly, a model employing
Structure A assumed only hospitalised patients received treatment,
thereby implying a higher level of infectiousness for non-hospitalised
individuals with active TB (Zhang et al., 2015).

4. Discussion

Although the infectiousness of individuals with TB is known to be
profoundly heterogeneous, with the epidemic significantly contributed
to by a small group of highly infectious, the great majority of published
TB models did not incorporate this phenomenon in any way. The in-
fectiousness of individuals with active TB depends on their ability to
release aerosolised droplets with sufficient bacilli concentrations
(Turner et al., 2017). This process is particularly heterogeneous in the
case of TB, due to associated risk factors such as the anatomical site of
TB disease, demographic characteristics, behavioural characteristics
and other co-morbidities (Melsew et al., 2018a). Moreover, instances of
very extensive transmission of Mtb have been reported from case studies
(Curtis et al.,, 1999; Valway et al., 1998), genotypic data analyses
(Ypma et al., 2013) and contact investigation offspring data analyses
(Melsew et al., 2019).

Although heterogeneous infectiousness is the reality for Mtb trans-
mission, this does not necessarily imply that one must always stratify
the active TB compartment irrespective of the modelling objectives. The
principle of parsimony dictates the need to justify any additional
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complexity added to models through stratification. In some cases, the
need for stratification is obvious, for example, if the objective of the
model is to predict the relative magnitude of specific types of TB, such
as pulmonary, extrapulmonary, drug-susceptible or multidrug-resistant.
Similarly, if the objective is to evaluate the efficacy of public health
interventions such as targeting children, HIV-positive persons, or pa-
tients with drug-resistant Mtb strains, modellers should consider the
impact of heterogeneity. Similarly, models evaluating diagnostic in-
terventions that have differential sensitivity based on factors associated
with infectiousness, such as smear-status, should usually consider
stratification. It is known that even traditional smear-based case finding
interventions incorporate some targeting towards highly infectious
patients because of the greater sensitivity of smear-based diagnostics
for such patients (Cudahy and Shenoi, 2016). Active case finding in-
terventions that employ very sensitive tools, and so may also detect less
infectious TB patients, should consider the impact of heterogeneous
infectiousness before claiming transmission reduction on the basis of
the number of cases detected.

Most of the assumptions made by models that have incorporated
heterogeneous infectiousness were broadly consistent with available
epidemiological evidence. In our review, we found that TB models
frequently stratified active TB based on sputum smear-status, which is
consistent with our recent meta-analysis that found that contacts of
smear-positive TB patients were more likely to be infected compared
contacts of smear-negative patients (Melsew et al., 2018a). Positive
sputum smear results are indicative of higher bacillary concentrations
and disease that is in direct communication with the individuals’
airway, such that these individuals are often highly infectious (Ait-
Khaled et al., 2003). Several models also recognised that undetected
active TB cases are typically more infectious than those receiving
treatment. This is consistent with epidemiological studies that have
showed that treatment rapidly reduces patients’ infectiousness soon
after commencement (Lohmann et al., 2012; Otero et al., 2016; Tornee
et al., 2004; Xu et al., 2008). Using HIV co-infection as a factor to
stratify the infectiousness of active TB cases is also broadly supported
by meta-analysis results that found contacts exposed to HIV-positive TB
patients had a 55% reduced risk of infection compared to those exposed
to HIV-negative patients, although there were considerable differences
between the individual studies (Cayla et al., 1996; Melsew et al.,
2018b). There is also some evidence to support the higher infectious-
ness of smokers compared to non-smokers (Lohmann et al., 2012;
Huang et al., 2014; Singh et al., 2005), although there is no strong
epidemiological evidence that TB patients with co-morbid diabetes
mellitus have increased infectiousness (Grandjean et al., 2015). Al-
though evidence shows that drug-resistant strains are typically less
transmissible than drug-susceptible strains, the overall fitness of the
strain depends on both the transmission rate and duration of the in-
fectious period. The poorer rates of MDR-TB diagnosis and so longer
periods of infectiousness may offset the fitness cost, such that there is
no clear consensus on the impact of drug resistance on TB transmission
(Luciani et al., 2009; Cohen et al., 2003).

Models vary in regard to their assumptions concerning conversion
from non-infectious states or states with limited infectiousness to more
infectious forms of disease. Most heterogeneous models did not simu-
late this conversion, but rather assumed that individuals immediately
became smear-positive or negative at the point of disease activation. Of
those that did allow for this transition phenomenon, most models as-
sumed smear-negatives could progress to smear-positivity with time.
Active TB disease progression can be viewed as a dynamic continuum,
with individuals progressing from a less infectious stage of disease to a
more highly infectious stage as tissue damage increases (Pai et al.,
2016). However, it is impossible to quantify this phenomenon as it is
unethical to observe the natural history of untreated TB (Tiemersma
et al.,, 2011). Nevertheless, models consistently assumed such small
parameter values for the rates governing this transition as to be negli-
gible, such that if this process is epidemiologically important then past
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models are unlikely to be fully capturing it.

The impact of heterogeneous infectiousness in transmission dy-
namic models can be explored through the basic reproduction number,
R,, with marked reductions in R, potentially achievable by targeting
control measures towards a small proportion of the population that are
highly infectious (Trauer et al., 2018; Matthews et al., 2006). Increases
in heterogeneous infectiousness may not necessarily lead to epidemics
of a greater size for a given R, although local outbreaks may act as
driving sources of sustained disease burden (Andersson and Britton,
1998; Miller, 2007a; Miller, 2007b). As global TB control targets
elimination, the phenomenon of heterogeneous infectiousness is likely
to become more apparent, increasingly requiring TB models to in-
corporate heterogeneous infectiousness assumptions.

5. Conclusions

Given the evidence of extensive heterogeneity in the infectiousness
of individuals with TB, there exists an argument for the stratification of
active TB states by infectiousness in models. The main consideration for
assuming heterogeneous infectiousness and thus stratifying active TB
based on infectiousness is the objective of the model; in general, when
the objective of the model is to evaluate effectiveness of targeted public
health interventions or evaluation of diagnostic tools, modellers should
consider incorporating heterogeneous infectiousness. Consensus has not
been reached as to the optimal approach to stratifying TB models to
capture the considerable heterogeneity in infectiousness between in-
dividuals, and it may be that there is no a single approach that will suit
all epidemiological scenarios and research questions.
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Appendix A. PRISMA 2009 checklist for systematic review of Heterogeneous infectiousness in mathematical models of tuberculosis

. R rt
# Checklist item Itz
on page #

TITLE

Title Identify the report as a systematic review, meta-analysis, or both. 1

ABSTRACT

Structured summary Provide a structured summary including, as applicable: background; objectives; data sources; study eligibility criteria, | 2
participants, and interventions; study appraisal and synthesis methods; results; limitations; conclusions and
implications of key findings; systematic review registration number.
The abstract is structured into Background, methods, results and conclusions according to BMC medicine guideline

INTRODUCTION

Rationale Describe the rationale for the review in the context of what is already known. 3-4

Objectives Provide an explicit statement of questions being addressed with reference to participants, interventions, comparisons, | 4
outcomes, and study design (PICOS).

METHODS

Protocol and registration Indicate if a review protocol exists, if and where it can be accessed (e.g., Web address), and, if available, provide 4
registration information including registration number.

Eligibility criteria Specify study characteristics (e.g., PICOS, length of follow-up) and report characteristics (e.g., years considered, 5
language, publication status) used as criteria for eligibility, giving rationale.

Information sources Describe all information sources (e.g., databases with dates of coverage, contact with study authors to identify 5
additional studies) in the search and date last searched.

Search Present full electronic search strategy for at least one database, including any limits used, such that it could be 5
repeated. Appendix

B
Study selection State the process for selecting studies (i.e., screening, eligibility, included in systematic review, and, if applicable, 5

included in the meta-analysis).
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(e.g., 15 for each meta-analysis.

Data collection process 10 | Describe method of data extraction from reports (e.g., piloted forms, independently, in duplicate) and any processes 5-6
for obtaining and confirming data from investigators.

Data items 11 | List and define all variables for which data were sought (e.g., PICOS, funding sources) and any assumptions and 6
simplifications made.

Risk of bias in individual 12 | Describe methods used for assessing risk of bias of individual studies (including specification of whether this was NA*

studies done at the study or outcome level), and how this information is to be used in any data synthesis.

Summary measures 13 | State the principal summary measures (e.g., risk ratio, difference in means). NA*

Synthesis of results 14 | Describe the methods of handling data and combining results of studies, if done, including measures of consistency NA*

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(7):
€1000097. doi:10.1371/journal.pmed1000097

NA* This study being a methodological review intends to present diverse approaches used in transmission dynamic models of TB to capture
infectiousness heterogeneity. Hence are not suitable for epidemiological pooling . Therefore, risk of bias assessment, meta analysis, meta
regression, sensitivity or subgroup analyses, effect estimates and confidence intervals, a forest plots were not done.
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Appendix B: Electronic search strategy

Database

Search strategy

MEDLINE

TB OR Tuberculosis OR Mycobacterium tuberculosis
AND
Dynamic* OR Model* OR Simulat*

EMBASE

TB OR Tuberculosis OR Mycobacterium tuberculosis
AND
Dynamic* OR Model* OR Simulat*

Biosis

TB OR Tuberculosis OR Mycobacterium tuberculosis
AND
Dynamic* OR Model* OR Simulat*

Global Health

TB OR Tuberculosis
AND
Dynamic* OR Model* OR Simulat*

Scopus

TB OR Tuberculosis
AND
Dynamic* OR Model* OR Simulat*
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Chapter 6

6. Capturing heterogeneous infectiousness in
dynamic transmission models of tuberculosis: a

compartmental modelling approach
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6.1. Chapter overview

The systematic review of previous TB modelling studies in Chapter 5 indicated the need for a
data-driven model of TB that can capture heterogeneous infectiousness, which was
demonstrated in the previous chapters. This Chapter presents a new transmission dynamic
model of TB incorporating heterogeneous infectiousness assumption with three levels of TB
patients’ infectiousness, namely: non-spreaders, low-spreaders and super-spreaders. This
Chapter uses data on the number of secondary infections produced in Chapter 3 to estimate
model parameters that pertain to heterogeneous infectiousness using a Bayesian inference
method. By building a data-driven model with heterogeneous infectiousness assumption, this
Chapter evaluated the effectiveness of an active case finding intervention targeted towards
super-spreaders and compares it to an untargeted intervention. It also highlights how
intensifying targeted active TB case finding towards super-spreaders is more effective as
compared to mass or population-wide interventions. By addressing thesis question 5, this
Chapter reported that targeting highly infectious individuals with TB is considerably more

effective than untargeted intervention.
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6.2. Abstract

Infectiousness heterogeneity among individuals with tuberculosis (TB) is substantial and is
likely to have a significant impact on the long-term dynamics of TB and the effectiveness of
interventions. However, there is a gap in capturing heterogeneous infectiousness and

evaluating its impact on the effectiveness of interventions.

Informed by observed distribution of secondary infections, we constructed a deterministic
model of TB transmission using ordinary differential equations. The model incorporated
assumption of heterogeneous infectiousness with three levels of infectivity, namely non-
spreaders, low-spreaders and super-spreaders. We evaluated the effectiveness of dynamic
transmission untargeted and targeted implementation of an intervention intended to represent
active case finding with a point-of-care diagnostic tool. The simulated intervention detected
20% of all TB patients who would otherwise have been missed by the health system during

their disease episode and was compared across four epidemiological scenarios.

Our model suggested that targeting the active case finding intervention towards super-
spreaders was more effective than untargeted intervention in all setting scenarios, with more
effectiveness in settings with low case detection and high transmission intensity. For instance,
a targeted intervention achieved a 42.2% reduction in TB incidence, while the untargeted
intervention achieved only a 20.7% reduction over 20 years, given the same number of
people treated. The increase in the proportion of the intervention targeted towards super-
spreaders had a similar effect on incidence reduction as the increase in the overall
intervention. Although the most marked impact on equilibrium TB incidence came from the
rate of late reactivation, the proportion of super-spreaders and their relative infectiousness

had shown substantial impact.
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Targeting active case-finding interventions to highly infectious cases likely to be particularly
beneficial in settings where case detection is poor. Heterogeneity-related parameters had an
equivalent effect to several other parameters that have been established as being very

important to TB transmission dynamics.
Keywords: heterogeneous infectiousness; M. tuberculosis transmission; mathematical model;

6.3. Introduction

Tuberculosis (TB) is the world’s leading cause of death from a single infectious agent, in
2019, ranking above HIV/AIDS with an estimated 10.0 million cases and 1.2 million deaths
worldwide [1]. The World Health Organization developed the new End TB Strategy for post-
2015 TB elimination activities, with the ambition of a 95% reduction in TB deaths and a 90%
reduction in TB incidence by 2035 by comparison to 2015 rates [2]. However, the natural
history of TB remains poorly understood, and consequently, the uncertain potential impact of
control interventions limits confidence about the possibility of its elimination. The
heterogeneous transmission of Mycobacterium tuberculosis (Mtb) within populations is well-
established, but its epidemiological impact is poorly understood. Moreover, up to a third of
TB cases are not diagnosed, so finding and treating infectious cases is key to achieving TB
control, and finding and treating highly infectious people is the key to TB control in high

transmission settings [3, 4].

We define infectiousness heterogeneity as the variability in the capacity of infectious patients
to produce secondary infections, which may be attributable to characteristics of the host, the
agent and the environment [5-9]. Heterogeneity of infectious individuals in spreading Mth
infection is well-recognised, with a small group of highly infectious individuals producing a
large proportion of secondary infections, while many others produce very few or none [10].

Previous TB genomic epidemiology has identified TB super-spreading events by quantifying
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heterogeneity in the infectiousness of TB patients through fitting a standard statistical
distribution (the negative binomial distribution, NBD) to the distribution of secondary cases
produced by each infectious patient (the “offspring distribution™) [11]. More recently, data
from TB contacts in a low-transmission setting have allowed estimation of the proportion of
all TB patients that can be categorised as super-spreaders, finding it to be approximately 10%
[9]. In such studies, super-spreaders were typically defined as patients who produced a
number of secondary “infections/cases” greater than the 99" centile of a standard Poisson
offspring distribution, with distribution mean equal to the average number of secondary
infections per index [9, 12]. This heterogeneity is likely to have implications for both the
burden of disease and the effectiveness of control interventions. Thus, we propose that it is

necessary to capture this heterogeneity when modelling TB transmission dynamics.

Some past compartmental models of TB transmission dynamics have attempted to capture
heterogeneity in patients’ infectiousness by stratifying the active TB compartment into
different levels of infectivity. Amongst the most typical approaches is stratification as either
infectious (usually representing pulmonary TB) or non-infectious (extrapulmonary TB) [13-
17]. This approach implies that all pulmonary TB patients are equally infectious, while all
extrapulmonary patients are entirely non-infectious, and so does not capture the heterogeneity
among pulmonary patients. Other TB models have considered sputum smear status as a factor
in stratifying patients’ levels of infectiousness, considering both smear-negative and smear-
positive pulmonary TB to be infectious, with the relative infectiousness of smear-negative
patients compared to smear-positive typically set between 15 and 25% [18-33]. While
stratifying pulmonary TB patients based on smear status captures an additional clinical
attribute that is important in determining infectiousness, even these models still do not
capture the full picture of TB patients’ infectiousness variation, since several behavioural and

demographic factors other than smear status can affect the level of infectiousness [5].
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An individual-based model simulated patterns of meetings and Mtb transmission between
three different types of contact to determine the effects of variation in infectiousness and
susceptibility on transmission location. This study suggested that the majority of disease
resulted from infection by a small proportion of people with TB or super-spreaders [34]. This
study defined super-spreading defined based on the number of secondary cases instead of
secondary infections, however, as TB disease activation may take long time and also depend
on mainly on the characteristics of contact person [35], this definition may not show true

heterogeneity in Mtb transmission.

In this study, we present a deterministic compartmental Mtb transmission model that
incorporates three levels of TB patients’ infectivity, namely non-spreaders, low-spreaders and
super-spreaders. Using this framework, we analysed how infectiousness heterogeneity affects
disease dynamics and evaluated the effectiveness of a hypothetical active case finding

intervention and the impact of targeting super-spreaders.

6.4. Methods

Literature review
Before constructing our model, we systematically reviewed how previous TB models have
approached heterogeneous infectiousness [36]. In the review, we found that TB models
frequently stratified the active TB compartment according to one or more patient-related
factors. We constructed a flexible model with three levels of infectiousness, without
restricting to a given factor, and the ability to transition between these levels using empirical

measures of heterogeneous infectiousness to parametrise the model.

Empiric data
Data from the VTP which are stored by the Victorian Department of Health and Human

Services (DHHS) were used for the following analysis. Index patients were classified as
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confirmed cases of TB notified from 1 January 2005 to 31 December 2015 in residents of
Victoria. The data set includes contact tracing information and results of testing for Mth
infection, with cases of subsequent active TB disease linked to these contact episodes now
extending to March 2017 (see [37] for earlier publication of linkage process). We constructed

empirical offspring distributions from the detailed contact tracing data set of the VTP.

Ethical approval was obtained from Monash University, Human Research Ethics Committee

(Project Number: 7776) and permission was given by the VTP and DHHS.

Model structure
Using ordinary differential equations (ODE), we constructed a deterministic model of Mth
transmission in a hypothetical high TB burden setting. To represent heterogeneous
infectiousness and super-spreading in Mtb transmission, we stratified the active TB
compartment into three sub-classes with different levels of infectiousness: non-spreaders (1),
low-spreaders (I;) and super-spreaders (1,). We did not use any specific factor to discriminate
Iy, I; and I, a priori. Instead, we use the offspring data (number of secondary infections per
index) and a Bayesian approach to find the most realistic parameterisation to implement

heterogeneous infectiousness in our model.

Fig 1 presents the model structure. The model simulates a closed population, such that births
(rr) accrue into the fully susceptible compartment (S) to replace all deaths. Natural death
occurs from all compartments at a constant rate (u). Susceptible individuals are dynamically
infected, with the force of infection (1) contributed by super-spreaders and low-spreaders.
Following infection, individuals enter a rapid-sojourn early latent compartment (L,), from
which they may progress to one of the three active TB compartments (/,, I; or I,) at a total
rate of € or enter the low-risk late latent stage (Lp) at rate k. From the late latent state they

may progress more slowly to disease (total rate v), also entering the active TB compartments
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(1y, 11, I,). Re-infection may occur during late latency with a reduced force of infection A,
(A4, = r x A) and, if re-infection occurs, these individuals similarly enter the early latent
compartment, progressing to the disease at the same rates as for newly infected persons.
Individuals with active disease may either die due to TB (rate y;) or background mortality
(u); or spontaneously recover and return to the late latent state (rate y); or be detected and

treated by the health system (rate §) and return to the susceptible compartment (S).

Yo

€0
v
T > < A > L, <
€1
€2

Y2

Fig 1: Transmission dynamic model of TB with heterogeneous infectiousness. Boxes
represent compartments in the model and arrows represent flows. Not shown here but
included in the model are natural mortality from each compartment and TB-related mortality
from each active TB compartment (I, [; and I,). Red arrows represent transmission flows;
black arrows represent disease progression processes; green arrows represent self-recovery,

blue arrows represent detection and treatment cure.
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Estimation of the infectiousness parameters using empiric evidence
The four model parameters that capture heterogeneous infectiousness in the model were the
proportions of non-spreaders, low-spreaders and super-spreaders, and the relative
infectiousness of super-spreaders compared to low-spreaders. In order to estimate these
parameters, we first determined the statistical distribution of the number of secondary
infections per index associated with the stochastic equivalent (continuous-time Markov)
model of our ODE-based model. We obtained a mixture of three classic statistical
distributions: two geometric distributions for low-spreaders and super-spreaders and one
Dirac delta distribution for non-spreaders. A detailed demonstration of this result is provided

in the Supplementary Material.

A Hamiltonian Monte Carlo (HMC) algorithm was used to generate 20,000 samples from the
posterior distributions of the parameters. The 20,000 samples used for inference were
obtained from 40,000 iterations of the HMC, burning the first 20,000 draws. Burn-in size and
convergence were assessed by inspecting the trace plots of the estimated parameters. The
reported 95% credible intervals were obtained by computing the 2.5 and 97.5™ percentiles
of the parameters’ posterior distributions. The parameter estimates from the Bayesian process

is provided in Supplementary fig.1.

The resulting statistical distribution was then compared in a Bayesian context with empiric
data obtained from our previous analysis of TB contact tracing data in the Australian state of
Victoria [9]. A comparison between the distribution of the number of secondary infections
per index simulated by our calibrated model with the one observed empirically is presented in

Fig 2.

The parameter values other than those pertaining to infectiousness introduced above were

estimated from a review of relevant evidence, with the relevant sources presented in Table 1.
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Fig 2. Comparison of the effective modelled secondary infection distribution with empiric
data from Victoria, Australia (red points represent the modelled distribution while blue points

are observed empiric data).

Model calibration
For the baseline equilibrium state, the ODE model was calibrated to a high TB burden
settings with an incidence rate of 200 per 100,000 population per year by adjusting the

transmission rate parameter for low-spreaders.

The model was programmed in R 3.4.0 (R Project for Statistical Computing), and we used a
package called ‘deSolve’, solver for initial value problems of ODE [38, 39]. The Bayesian
parameter estimation was done using the package ‘rstan’ (v.2.18.2) [40] and the source code

for the model is publicly available from https://github.com/Yayehirad/TB_heterogeneity
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Table 1: Model parameter values

Corresponding model parameter ~ Symbol Base model  Uncertainty range Source
value

Natural mortality rate, per year U 0.0154 0.0133 - 0.0182 [41]

Rate of early progression, per year € 0.401 0.307 - 0.548 [42]

Rate of progression to late latency K 3.599 3.452- 3.693 [42]

after infection, per year

Rate of late progression, per year v 0.002 0.0009 - 0.004 [42]

Average duration of infectiousness, D 3 2-4 [43]

years

TB-related mortality among Super- i 0.534 0.327-0.78 [43, 44]

spreaders, proportion

TB-case fatality among low- K 0.077 0.077 - 0.096

spreaders, proportion

TB-case fatality among non- Wio 0.077 0.077 - 0.096

spreaders, proportion

Conversion from non-infectious to h 0.014 0-0.06 [32, 45]

low-spreaders, proportion

Conversion from low-spreaders to j 0.014 0-0.06 Assumed

super-spreaders, proportion

Relative reduction in force of re- r 0.21 0.15-0.4 [46]

infection compared to new infection

Parameters calibrated from data

Proportion of infectious among all 0.42 0.39-0.46 Estimated

TB from data [9]

Proportion of in super-spreaders 0.18 0.1-0.29 Estimated

among infectious from data [9]

Transmission rate per low-spreader Bl 12 10-15 Calibrated

per-year

Relative infectiousness of super- m 4.67 3.69-5.88 Estimated

spreaders compared to low- from data [9]

spreaders

Intervention parameters

Baseline case detection rate, CDR 0.65 0.5-0.75 Assumed

proportion

Intervention (proportion of missed q 0.2 0-04 Assumed

cases detected)

Proportion of intervention targeted d 0.5 0-1.0 Assumed

to super-spreaders

Sensitivity analysis

We first performed a one-way sensitivity analysis on each parameter to understand the

sensitivity of equilibrium incidence to parameter ranges in the absence of interventions. We

then undertook multidimensional sensitivity analyses to assess the correlation between

equilibrium incidence and each parameter by taking 1000 samples from each parameter

ranges with Latin hypercube sampling (LHS) technique [47, 48].
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Intervention simulations
We simulated an intervention intended to represent active case finding with a point-of-care
diagnostic tool, accelerating successful diagnosis and treatment of individuals as early as
possible before they start transmitting the infection. This could be conceptually considered as
implemented by a highly sensitive point-of-care diagnostic technology following community
awareness campaigns that target individuals with noticeable symptoms in order to increase
their rate of presentation [49]. To target the intervention, clinical symptoms and behavioural
characteristics can be used to identify those individuals who are more likely to be super-

spreaders.

We implemented an intervention capable of finding g proportion of TB cases that would

otherwise remain undetected by the passive case detection process:

i.6. CDRintervention = q % (1 = CDRpgseiine) + CDRpasetine, Where, CDR is the case
detection rate, being the proportion of all cases detected during their disease episode and q is
the proportion of cases detected under the intervention scenario that would otherwise be
missed by the baseline CDR. We set the maximum attainable level of CDR in all intervention
scenarios including targeting super-spreaders at 90%. In targeting the intervention towards
super-spreaders, the maximum possible CDR targeted to super-spreaders under the
intervention occurs when the CDR for non-spreaders and low-spreaders is kept at the
baseline. With this restriction, we defined a single parameter (d) to represent the extent of
intervention targeting relative to the maximum amount of targeting possible, which ranges
from zero to one, with zero representing untargeted intervention and one representing 100%
targeting. That is, the CDR targeted to super-spreaders under the intervention scenario was
CDR i tervention PIUS d multiplied by the difference between the maximum possible CDR and

CDRjpntervention- THis implementation ensures equivalent effort or the number of people
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treated for untargeted and targeted interventions; details of these calculations are given in the

Supplementary Material.

We then evaluated the effectiveness of targeting super-spreaders (d > 0) compared to
untargeted intervention (d = 0) in four independent scenarios. These four scenarios were
settings with high transmission and high case detection, high transmission and low case
detection, low transmission and high case detection, and low transmission and low case
detection. These four scenarios were simulated by calibrating the transmission parameter for
low-spreaders and CDR. In addition, we evaluated the impact of levels of targeting (d) for
different coverage levels of the intervention (g) in these four setting scenarios, while other
model parameters were sampled from the same plausible ranges as in the baseline sensitivity

analysis using LHS.

6.5. Results

Baseline sensitivity analyses
The sensitivity analyses show that the most marked impact on equilibrium incidence arose
from the rate of late TB progression followed by the CDR (Fig 3). The proportion of super-
spreaders among persons with infectious TB and the relative infectiousness of super-
spreaders compared to low-spreaders also had a substantial impact. Supplementary Fig 2
presents a multidimensional sensitivity analysis, using the LHS method to sample 1000

parameter sets, which was consistent with the results of the one-way sensitivity analysis.
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Rate of late TB progression, v

Case detection rate, CDR

Rate of early TB progression, €
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Fig 3: One-way sensitivity analyses of equilibrium TB incidence to variation between
extremes of plausible parameter values. Maximum and minimum parameter values are given
in Table 1. VValues on the x-axis represent the equilibrium TB incidence, and the vertical line

indicates the equilibrium incidence obtained with the baseline parameter set.

Impact of targeted interventions
Targeting the active case finding intervention towards super-spreaders was more effective
than mass intervention in all setting scenarios. However, its effectiveness was particularly
marked in settings with low case detection, regardless of transmission rates. For example, in
the first scenario of both high transmission and high CDR, a 20% untargeted active case
finding intervention led to a 22.8% reduction in incidence over 20 years, while with an 80%
targeting an equal active case finding intervention resulted in a 35.9% reduction in TB
incidence over the same period. However, in the scenario of high transmission but low CDR,
the targeted intervention is much more effective (achieving a 42.2% reduction) than the

untargeted intervention, which only reduced incidence by 22.8% over 20 years, considering a
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20% active case finding and an 80% level of targeting. Interventions in settings of low
transmission and high case detection rates had a relatively minor impact on the burden

(Supplementary Fig. 3).

We evaluated the impact of intensifying active case finding (q) from zero to 40% detection
and varying the proportion of this intervention targeting the super-spreaders (d). As shown in
Fig 4, both these guantities are essential — i.e. the increase in CDR and the extent of targeting
provided the increase in CDR is more than negligible. The most significant impact of
targeting was in the setting of high transmission and low CDR at all coverage levels of the
intervention. Targeting super-spreaders was more effective at all levels of relative CDR
increases in settings with high transmission and low case detection (Panel B), while in
settings with high transmission and high case detection, targeting super-spreaders has a

significant effect if the relative increase in CDR is low (Panel A).
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Fig 4. Comparison of extent of active case finding and the proportion of targeting to super-
spreaders on the 20-year projected relative reduction in TB incidence under the four
scenarios. A) High transmission and high case detection setting; B) high transmission and
low case detection; C) low transmission and high case detection; D) low transmission and

low case detection.

Fig 5 presents the results of the one-way sensitivity analysis performed to observe the impact

of high and low extremes of parameter values on the intervention’s 20-year projected relative
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incidence reduction. The sensitivity analyses show that the most marked impact on
intervention effectiveness arose from the rate of late progression, followed by the rate of
early progression and the proportion of super-spreaders. Notably, while higher rates of late
progression were correlated with lower effectiveness of the active case finding intervention,
higher rates of early progression resulted in greater reductions in the incidence.
Supplementary fig 4 presents the results of the multidimensional sensitivity analyses
assessing the impact of parameter ranges on intervention effectiveness (relative reduction in
annual incidence with 20-years projections). This multidimensional analysis supports the
results of the one-way sensitivity analysis: that the proportion of super-spreaders had a
considerable impact on intervention effectiveness, and was the most important parameter

after the disease progression parameters.

Rate of late progression per year, v

Rate of early progression per year, €

Proportion of super-spreaders among infectious
Natural mortality rate per year, u

Case detection rate, CDR

Relative infectiousness of super-spreaders, m

HEEEEH
]
]
]
Rate of conversion low-spreaders to super-spreaders, j :|
Transmission rate per low-spreader per-year, f1 ]
Average duration of infectiousness, D ]
Proportion infectious TB
TB-related mortality rate, super-spreaders, 2 I High value
TB-case fatality among, non-spreaders pl0 M Low value
Rate of conversion non-infectious to low-spreaders, h

TB-case fatality among low-spreaders, pll

25 30 35 40 45 50 55
Relative reduction incidence, %

Fig 5: One-way sensitivity analyses of 20-year projected relative reduction in incidence to
variation between extremes of plausible parameter values. The maximum and minimum

parameter values are given in Table 1. Values on the x-axis represent the relative reduction in
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incidence following the implementation of a 20% active case finding intervention with 80%
targeting. The vertical line indicates the relative reduction in incidence obtained with the

baseline parameter set.

6.6. Discussion

Our model suggested that targeted active case finding interventions directed toward people
likely to be super-spreaders could have a substantial impact on the TB burden, particularly in
settings with high transmission but low case detection rates. This model also showed that
parameters related to infectiousness heterogeneity such as the proportion of super-spreaders
and their relative infectiousness compared to other low-spreaders were as crucial as other
previously recognised epidemiological parameters, such as the latency progression
parameters, in determining the burden of TB. The current model is also able to incorporate a
range of commonly used approaches to capturing heterogeneous infectiousness of active TB
cases. The choice of three infectiousness levels for active TB and the values assigned to each
compartment was based on empirical data estimates, strengthening the validity of our

findings.

Active case finding has been described as “turning off the tap” in TB control intervention
strategies since it represents a method of identifying individuals with TB and promptly
initiating treatment to avoid further onward transmissions [50]. Previous TB modelling has
suggested that active case finding with highly sensitive diagnostic tools can reduce delay to
treatment and so significantly reduce TB transmission [51]. The use of point-of-care
diagnostic technologies with high sensitivity to detect persons with TB soon after they begin
to transmit, such as GeneXpert Omni [49], could enable the implementation of active case
finding interventions similar to that considered in this study. In fact, any TB active case
finding intervention necessarily incorporates some level of targeting towards the highly

infectious individuals, because highly infectious patients’ disease characteristics (such as
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higher sputum-bacilli concentration and lung-cavitation) make them more easily detectable
with existing microbiological and radiological diagnostic tools. This means that
implementing more sensitive diagnostics may paradoxically decrease targeting of super-
spreaders — whereas traditional smear-based interventions might ensure that resources are
targeted to the most infectious. Although it is difficult to determine which patients are super-
spreaders a priori, previous studies have characterised highly infectious TB patients and
identified some of the clinical, demographic and behavioural predictors that could be used in
community awareness and detection campaigns [5, 9]. In agreement with previous modelling
[52], our model suggested that active case finding interventions are particularly valuable in
high transmission and low case detection settings to limit onward transmission. In the
implementation of the intervention, although we did not perform cost-effectiveness analyses,
our study shows that finding super-spreaders (less than 10% of all TB cases) is equally as
effective epidemiologically as finding 40% of general TB population. In addition, the cost of
identifying and treating super-spreaders that only comprises less than 10% of total TB cases
can be compared with the cost of treating all active TB cases in a population. Our findings
concerning the effectiveness of interventions can provide broad directions to future TB
modellers and policymakers, although predictions from our model are not intended to provide

location-specific estimates.

Our sensitivity analyses showed that a higher late reactivation rate had a negative impact on
the effectiveness of active case finding interventions, while higher rates of early progression
increased the impact on the 20-year projected reduction of incidence following the
intervention. This suggests that active case finding interventions are more effective if the TB
epidemic is more dependent on early progression and intense recent transmission than late
TB reactivation since the intervention would have a more significant effect on rapidly

reducing transmission. A recent study showed that variation in the latency progression
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parameters had important impacts on model predictions around the effectiveness of
preventive therapy interventions [53], while our analysis complements this finding by
showing that these parameter variations also have indispensable effects on predictions

regarding the effectiveness of case-finding interventions.

In our analyses, the rate of conversion from low-spreader to super-spreader had little
significance, and impact of the rate of conversion from non-infectious to low-spreaders was
negligible. It is known that active TB cases’ ability to spread Mth may increase as they
progress clinically to more severe disease, e.g. from smear-negative to smear-positive or from
non-cavitary to cavitary-TB [54]. In previous TB models, spontaneous conversion from less
infectious to more infectious states such as smear-negative to smear-positive was included
with rates around 1.5% per year [18, 25, 32, 45, 55-57]. These parameters do not affect model
outputs substantially, such that they can be omitted for model simplicity if the actual values
are consistent with what has previously been assumed. Nevertheless, the exact values of these
quantities remain uncertain, and future research to refine these quantities may modify this

conclusion.

The current model structure enhances flexibility around the assumption of infectiousness
heterogeneity that allowed for reflection of a broad range of factors that can alter active TB
cases infectivity level [5, 58]. Thus, the model is able to incorporate many previous
compartmental modelling structural approaches, including those that stratified active TB
cases’ infectivity into two levels, as non-infectious and infectious [13-17], or model
structures that incorporate three levels of infectivity, as non-infectious, smear-negative
infectious and smear-positive infectious [30, 31, 59]. However, in the application of this
model to a particular epidemiological setting, data to estimate the proportion of super-
spreaders is essential, since this information has a particularly marked impact on both

baseline disease burden and intervention effectiveness.
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We used empirical data to parameterise our model, but a noteworthy limitation is that these
results may not be generalizable to other settings. However, we are not aware of any past
work that has used empiric data to inform model parameters on the proportions of infectious
TB and super-spreaders at all. As with any model-based analyses, our study has limitations
that arise from its assumptions. In addition to those introduced above, our model is not
intended to represent a specific setting, and as such does not incorporate stratification by age,
HIV or multidrug-resistant TB. The other limitation is that we used a very simplified
implementation of an active case finding intervention with a theoretical point-of-care
diagnostic tool, without considering all the complexities in TB diagnosis and treatment

implementation.

6.7. Conclusions

The approaches we used to inform model parameters related to infectiousness heterogeneity
from the observed distribution of secondary infections can be useful for future modelling
studies of TB, in particular, and other infectious diseases, in general. The principles of
implementation could be used in future TB modelling studies that represent specific
epidemiological settings, especially when TB contact investigation data are available to
estimate the proportion of super-spreaders. In the usage of advanced point-of-care
technologies, targeting active case-finding interventions to super-spreaders is likely to be

especially beneficial in low CDR settings.
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Model Equations

as
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Where, N is the total population, 3, is the transmission rate per super-
spreader per year, (3; is the transmission rate per low-spreader. The rate of
treatment commencement is determined from the proportion of all cases
detected during their disease episode. This proportion is reported from
programmatic performance as the “case detection rate” (CDR). We
calculated the rate at which patients are detected and start treatment during
their infectious period (&) from the CDR. The proportion of cases assumed

to be detected and treated from an active TB compartment is found from

_ 6 . __ (CDR(y+u;+u)
CDR = Frvw— Solving for §, 6 = (—(1_CDR) )

The full definition of parameters is provided in Table 1
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Estimation of the parameters defining infectiousness heterogeneity

In this section, we demonstrate that the distribution of the number of secondary infections
associated with each of our infectious compartments and assuming equivalent periods of
infectiousness follows a geometric distribution. The time (T') spent in the infectious
compartment follows an exponential distribution parameterised with the rate of leaving the

infectious compartment (y): T~Exp(y).

Let us denote X the number of secondary infections. As transmission events occur at a
constant rate S, the number of secondary infections generated during a fixed durationt > 0
follows a Poisson distribution with parameter §t. That is, (X|T = t)~Poisson(ft) and

therefore, v v € {0,1,2,3 ..... },

e~ Bt
T

v

P(X =v|T=1t) = (Bt)

Using the law of total probability for continuous random variables, the probability of

observing a given number of offspring (v) can be obtained by:

P(X =v) = [ P(X =v|T =0.f (0).dt, where, f_(t) is the probability density
function of T (exponentially distributed).

By substituting P(X = v|T = t) and fT(t), we obtain:

e ht

- ye vt dt

P(X =v) = j BO)Y

v [ee]
PX =v)= %yj tVe~+h)t dt
' 0
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4

PX=v)= %y. (y + B)~ @Dy

ﬁv

P(X = 17) ZVW

Y B\ _ B
P(X_v)__y+,8'<_y+ﬁ) , letp = _y+,8

P(X=v)=(1—p).p"

Thus, the number of secondary infections associated with an infectious compartment follows a

geometric distribution with success probability %.
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Supplementary fig. 1 Pairwise combination of heterogeneity parameters estimates with

0.54 058 062

0.50

Bayesian technique from Victorian TB contact tracing data (the numbers in the upper panels

are Pearson’s correlation coefficients, the black dots in the lower panels represent samples,

and the red dot is just to show the centre). a is the proportion of non-spreaders; alpha is the

proportion of low-spreaders among infectious; mult is the relative infectiousness of super-

spreaders relative to low-spreaders; betal is transmission rate per low-spreader (betal

estimate was not used in our ODE model since it was calibrated separately to a high-

incidence setting).
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Equations for effective reproductive number R,
We followed the method used by the previous model to estimate R, [2], with the overall R,
of the model calculated as the sum R,, of low-spreaders (Rf,l) and R, of super-spreaders (Rf,z)

which is computed as follows:

R(’)1 = [3; X D; X py, where [3; is the effective contact rate of a low-spreader, D, is the time
spent in the low-spreaders compartment, and p, is the probability of an infected person to

become low-spreader.

1

- D=
1 .
Ut +uty)
&1 K V1 &o K
- pl = [ + X ( +
EotéExteEr+K+U EotéxteEL K+ VotVvitva+u EotéxteELt+HK+U EotéExter+Kt+u

Vo
v0+v1+v2+,u) h+pijo+u+yo

], thus

I 1 £ K v €
- R} =By X— X ( L + X L ( 0
(]+[.ll'1+,u.+y1) EotéExteErt+K+U EotéExter+Kt+Uu Vo+vi+va+u EotéExter+Kt+u
K Vo h
gotexteg+rt X + ) X h+u; )
otézté u votvitvatu +ujotutyo

Similarly, Rff = [, X D, X p,, where (3, is the effective contact rate of a super-spreader, D, is
the time spent in the super-spreaders compartment, and p, is the probability of an infected

person to become super-spreader.

1

- D =—1
2 (Hiz+pu+y2)
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- If we assume the conversion rates h and j are zero the formula for Ro can be simplified as

follows:
I 1 £ K v
- R =B X X (o ——), and
(+ui+u+v) gotexte K+ ggteEyte K+ Vot+ViHVat+U
I 1 & K v
- Ry =X X (i o) thus
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- Ro = R} +R"

Intervention implementation equations

CDRintervention = CDRbaseline + q* (1 - CDRbaseline)'

where q is the proportion of missed cases detected by the intervention, qe(0,1).

We set the maximum possible attainable level of CDR was assumed to 90%, i.e. CDR, 4 =

0.9 in all intervention scenarios.
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In order to ensure that the overall coverage of the case detection intervention was the same

regardless of targeting, we first defined the overall case detection rate for the intervention

(CDRintervention) as.

CDRintorvention = @ * CDRg; + b * CDRy; + ¢ x CDRy;, where a = —2— b i and

Io+li+l' = g+l +1y

c=7 +§2+1 are the proportional prevalence of I,, I; and I, respectively. Under the
oTi1TI2

intervention scenario, we set the detection rate for I, and I; to be equal, i.e. CDR,; = CDRy;.

Thus, CDR,; can be derived from CDR;,tervention @Nd CDR,; through the formula:

__ CDRintervention—C*CDRy;

CDR,; = , Where

a+b

CDR,; is the detection under intervention scenario targeted at I,

CDR;; is the detection under intervention scenario targeted at 1,
CDR,; is targeted at I, and

CDRpgsetine < CDRy;, CDRygsetine < CDR,;,0 < CDR < 1. The maximum level of targeting
for the intervention (i.e. the maximum value of CDR,; or CDR2;,,4,) Will occur when CDR;

is unchanged from baseline (i.e. CDR,; = CDRp4se1ine) @nd can be calculated as:

CDR; ion—(a+b)*CDR i .
CDRyjmax = (CDRintervention (Ca )*CDRyaseline) ho\vever, this value should not be greater than

CDR -

Thus, CDRyjmax = min((CDRi"t”"e"”""_(Ca+b)*CDRb““”"E),CDRmax). We, therefore, define a

single parameter (d) representing the extent of intervention targeting relative to the maximum
amount of targeting possible, which ranges from zero to one. Therefore the intervention case

detection rate for super-spreaders (CDR5;) is given by:

CDRZi = CDRintervention + (CDRZimax - CDRintervention) * d,

where d is the proportion of the intervention targeted to I,,de(0,1). While the
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intervention case detection rate for non-spreaders (CDR,;) and low-spreaders (CDRy;) is

given as follows:

_ CDRintervention — € * CDRy;
CDRo; = a+b

CDR,; = CDRy;
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Multidimensional sensitivity analyses
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Supplementary fig. 2: Multidimensional sensitivity analysis for the equilibrium incidence. A
Latin hypercube method was used to create 1000 parameter sets, keeping the transmission
rate (8) constant. The values obtained for the equilibrium incidence over the ranges of

parameters are represented. Parameter values and definitions are given in Table 1.
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Supplementary fig. 3: Comparison of the effect of mass and targeted interventions on the

20-year projected reduction in TB incidence under four scenarios. The intervention simulates

the diagnosis of 20% of undetected cases, with the proportion of this intervention targeted

towards super-spreaders ranging from zero to one, i.e. g=0.2 and d€ [0 - 1]. Panels represent

the setting scenarios: A) high transmission and high case detection setting; B) high

transmission and low case detection; C) low transmission and high case detection; D) low
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transmission and low case detection. In the legend, “Baseline” means the baseline
equilibrium incidence, ‘d_0’ represents incidence after initiation of a population-wide mass
case-finding intervention and the rest shows incidence after initiation of the intervention with
given level of targeting, for example, ‘d_0.1" indicates 10% targeting, while ‘d_0.5" indicates

50% targeting towards super-spreaders.
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Supplementary fig 4. Multidimensional sensitivity analysis of the effect of interventions on

targeting TB super-spreaders. A Latin hypercube method was used to create 1000 parameter

sets. The values obtained for the relative reduction in incidence in TB within 20 years over

the ranges of parameters are represented. Parameter values and definitions are given in Table

1.

References used in the supplementary material

1.

Melsew, Y.A., et al., The role of super-spreading events in Mycobacterium
tuberculosis transmission: evidence from contact tracing. BMC Infectious Diseases,
2019. 19(1): p. 244.

Trauer, J.M., J.T. Denholm, and E.S. McBryde, Construction of a mathematical
model for tuberculosis transmission in highly endemic regions of the Asia-Pacific.
Journal of theoretical biology, 2014. 358: p. 74-84.

Ragonnet, R., et al., Optimally capturing latency dynamics in models of tuberculosis
transmission. Epidemics, 2017.

Menzies, N.A., et al., Progression from latent infection to active disease in dynamic
tuberculosis transmission models: a systematic review of the validity of modelling
assumptions. The Lancet Infectious Diseases, 2018.

153



Chapter 7

7. Conclusions and future directions
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7.1. Conclusions and future directions

In this thesis, | estimated the impact of infectiousness heterogeneity on Mtb transmission and
proposed a data-driven TB model that captures the phenomenon of super-spreading and could
be used to predict the effectiveness of targeted interventions. The thesis objectives were
achieved by integrating published evidence, TB contact investigation data and dynamic
transmission models of TB. This thesis presents evidence that will assist the global effort to
end TB by evaluating the effectiveness of targeted interventions towards the most significant
sources of infection, with the objective of reducing TB incidence. The evidence produced in
this thesis regarding the degree to which patients with TB vary in their ability to transmit
infection, and the identified characteristics of highly infectious patients, could be used to
support the implementation of the WHO’s End TB Strategy, which includes systematic
screening of contacts and high-risk groups [1, 2]. More importantly, the evaluation of
targeted active case finding interventions aligns with the recent release of point-of-care tools
such as GeneXpert Omni, now undergoing a multi-country randomised control trial to
evaluate its impact in comparison with current tests [3-5]. The evaluation of the effectiveness
of the targeted implementation of a novel point-of-care tool will also complement the End TB
Strategy’s “Intensified research and innovation™ pillar, which includes a focus on

optimisation of interventions.

Although heterogeneous infectiousness is the reality of Mtb transmission, there are practical
challenges in determining its magnitude and incorporating it into TB transmission models.
The availability of detailed population-based contact investigation data and linkage of these
data to subsequent TB cases is typically deficient in high-burden settings. To quantify
heterogeneous infectiousness and optimally decide on targeted interventions, we need to
know who infects whom and to identify characteristics that can be used to predict patients’

infectiousness. To address this challenge, I used prospectively collected data from a well-
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resourced but low-burden setting. These data were used to inform the transmission model and
to evaluate the effectiveness of targeted active case finding interventions. From the modelling
results presented, the utility of targeting super-spreaders appears impressive, although the
practicalities of accurately identifying active cases who will become super-spreaders present
substantial challenges. Using systematic reviews and meta-analyses of published TB contact
investigation studies, | summarised the characteristics of TB patients that are associated with
greater infectiousness, which can be used to identify highly infectious patients or super-

spreaders.

7.2. Key findings
Presenting the findings of a systematic review and meta-analyses of contact tracing studies,
Chapter 2 assessed the risk factors associated with the capacity of index TB patients to
transmit the infection to their contacts. Sputum smear positivity, the presence of lung
cavitation and HIV seronegativity were the factors most consistently associated with greater
infectiousness of index cases. This Chapter’s findings are broadly consistent with the premise
that more severe lung parenchymal involvement is the major factor for infectiousness.
Clinical factors were studied and reported in a variety of ways, but findings were generally
consistent with the message that severe or prolonged symptoms led to a greater spread of
infection. This Chapter also demonstrated that demographic and behavioural characteristics
such as older age, female sex, race, smoking and heavy alcohol consumption are frequently
associated with infectiousness. However, the associations were not consistent across studies,
which may be because such associations are often setting-specific. This highlights that
infectiousness is a result of a multitude of interrelated factors and not merely a consequence

of the clinical manifestation of their disease (Appendix C).

The magnitude of the variation among patients with TB in their capacity to produce

secondary infections has not been previously quantified from contact investigation data,
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unlike for other respiratory infections such as SARS [6, 7]. However, TB is well known to
display heterogeneous pathogenesis, with extrapulmonary TB typically producing no
secondary infections, while pulmonary TB shows highly variable levels of infectiousness.
Chapter 3 filled this gap in our understanding by quantifying the infectiousness
heterogeneity in Mtb transmission using population-based contact investigation data.
This Chapter reported that infectiousness heterogeneity was much more critical to Mtb
transmission than it was for many other infectious agents, with super-spreading events
constituting the vast majority (three-quarters) of all transmission events. The finding
from this Chapter of extensive variability between index TB patients is relevant to three
epidemiological quantities: the number of contacts identified, the number of contacts
infected and the number of cases of secondary active TB subsequently occurring. These
estimates provide complementary information on the multitude of factors that can affect
infectiousness. The focus in this Chapter was on quantifying infectiousness
heterogeneity with respect to the number of secondary infections instead of secondary
active TB disease. To assess heterogeneity in disease progression, | also investigated the
profiles and patterns of contacts’ progression to active TB disease after exposure to
pulmonary TB patients in Chapter 4.

Chapter 4 reported that higher rates of progression to active TB disease were found among
males, children and TST-positive contacts. The great majority of TB disease episodes among
children were early progressions (occurring within six months of exposure), although high
rates of late reactivation were observed as children reached about 15 years of age. Significant
risk factors for TB disease activation included younger age, close contact and high TB burden
country of birth. BCG vaccination history appeared to be protective for early progression but
a risk factor for late reactivation, with the vast majority of adult late reactivations occurring in

BCG vaccinated contacts. Two of these findings are particularly interesting: the first is that
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after a window period, high rates of late TB reactivation were seen among infected children
as they reached adolescence. This suggests that children should be strongly considered for
preventive interventions even after their initial high-risk period has elapsed. The second is
that BCG appears to have an important effect on TB epidemiology in preventing early
progression, which is most relevant to children but increases rates of late reactivation in
adults. As adult TB episodes are more critical to Mtb transmission, this effect requires further
investigation with more comprehensive data on contacts’ receipt of preventive therapy. This
Chapter also finds the index patient characteristic of having recurrent TB to be a risk factor
for contact progression to TB; this may be due to the higher infectiousness of these patients,
which may be attributable to a longer duration of infectiousness or more frequently smear-

positive disease.

The evidence concerning heterogeneous infectiousness presented in Chapters 2, 3 and 4 could
be used as inputs for TB transmission models to test and evaluate the impact of heterogeneity
parameters at the population level. Such models could also be used to predict the
effectiveness of interventions with assumptions that reflect a higher degree of realism
regarding heterogeneous infectiousness. To investigate and summarise past progress in this
aspect in TB modelling studies, Chapter 5 described a systematic review of past TB

modelling studies and described their methods of capturing heterogeneous infectiousness.

Although patients with TB have profoundly heterogeneous infectiousness and super-
spreading contributes significantly to transmission events, my review of published TB models
in Chapter 5 reported that the majority of published studies did not attempt to capture this
phenomenon adequately. In TB models that incorporated multiple levels of infectiousness,
the most common approach to stratification of the active TB compartment was to incorporate
two levels of infectivity, namely non-infectious and infectious TB, with various clinical

characteristics proposed as the rationale for stratifying the active TB compartments. Most of
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the factors used for stratifying active TB in these models, in particular, sputum smear status
and pulmonary involvement, were found to be supported by epidemiological studies.
However, as described in previous chapters, heterogeneous infectiousness results from a great
many factors and may not be accurately captured through stratification according to a single
factor. Thus, there is a need for more comprehensive, data-driven TB models, which can

capture heterogeneous infectiousness and evaluate the effectiveness of targeted interventions.

In Chapter 6, | constructed a model able to capture heterogeneous infectiousness of active TB
cases by stratifying them as non-spreaders, low-spreaders and super-spreaders, without
conceptually limiting this to a single clinical factor responsible for these differences. This TB
model incorporated empirical parameters related to heterogeneous infectiousness that were
estimated using the offspring distribution produced for the number of secondary infections
per-index in Chapter 3. This model demonstrated that the parameters related to infectiousness
heterogeneity were among the most critical quantities in determining the burden of TB. With
this model, 1 evaluate the effectiveness of an active case finding intervention targeted to the
most infectious patients compared to the untargeted implementation of the same intervention.
The model suggested that targeted implementation of the intervention was more effective
than an untargeted approach, particularly in settings of high transmission but low case
detection. These model results provided valuable insights into the optimal implementation of

active case finding interventions and the use of future TB point-of-care tools.

7.3. Strengths and Limitations

The strengths of this thesis arise from the approach | use to integrate evidence from published
studies, extensive population-based contact investigation data and mathematical modelling to
achieve the objectives listed above and to establish an evidence base around heterogeneous
infectiousness in Mtb transmission. The data used in Chapters 3 and 4 constitute a large

dataset of TB contact investigation for patients identified from 2005 to 2015 across the whole
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of the state of Victoria. The dataset was well organised with contacts traced by public health
nurses and identified by their index patients’ and their unique numbers. The linkage for
subsequent contact TB disease is extended to 2017, which provides a sufficient time period
for observing TB disease progression. The model presented in Chapter 6 was novel in its use
of these contact investigation data to inform its implementation of heterogeneous

infectiousness.

This thesis has a number of limitations that are relevant to its interpretation. The first
limitation is its use of data from a low TB incidence setting to understand Mtb transmission,
which occurs to a much greater extent in high-burden settings. It is therefore essential to
acknowledge that there may be different transmission patterns and levels of heterogeneity in
high-burden settings. Heterogeneity may be context-specific — as the number of secondary
cases is not just a consequence of disease characteristics, but also depends on health system
access and other non-biological characteristics of the local context (Appendix C). However, |
was unable to identify contact investigation data of a sufficiently large size with subsequent
linkage to TB cases from high-burden settings, which are mostly resource-limited, to
undertake population-based contact investigation. Moreover, the fact that the setting from
which our empiric data were obtained was of low transmission substantially increases the
probability that infection can be correctly attributed to only the index case, rather than other

unlinked sources.

The second limitation was the lack of a universally agreed standard cut-point for defining TB
super-spreaders. | adopted the definitions used for analysing SARS data, that the 99" centile
and above of the offspring distribution categorised as super-spreading; cut-point that is

increasingly gaining acceptance across various diseases [7].
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The third limitation was the use of hypothetical settings and a hypothetical point-of-care tool
in the evaluation of targeted interventions, although the assumed tool is currently undergoing
a multi-national trial in which it is being evaluated against currently available diagnostic
tools. However, the generality of the model presented in this thesis should facilitate its
adaptation to represent a specific active case-finding intervention once parameters for that

setting are estimated.

The fourth limitation of this thesis is that heterogeneity in Mtb transmission was only
investigated from the perspective of the index patients, and so ignored heterogeneity in the
susceptibility of contacts. However, the susceptibility level of contacts most importantly
affects their risk of developing active TB after infection rather than their risk of being
infected [8]. This was the rationale underpinning my decision to quantify heterogeneity
mainly based on the number of secondary infections produced, whereas for heterogeneity in
TB disease progression | used contact characteristics only to estimate the hazard of active TB

after exposure.

7.4. Implications and future directions

This thesis produces and quantifies estimates for the heterogeneity in infectiousness of TB
patients that adds to the scientific understanding of Mtb transmission. | have presented
evidence that shows that patients with TB have profound heterogeneity in their infectiousness
with an extreme case of super-spreading. These findings provide information for TB
clinicians and public health systems in designing approaches to limit transmission from
highly infectious patients and prevent disease among exposed contacts. Besides, the distinct
patterns of TB activation observed among children, with TB reactivation frequently occurring
after a window period, should help to guide policy for preventive treatment and post-
exposure follow-up. Stakeholders of TB control programs should now better appreciate that

the size and impact of heterogeneity are increasing as the global TB control community looks
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towards ending the epidemic. Specifically, since just a very few patients may cause severe
localised outbreaks, targeted implementations of interventions are likely to be a particularly

effective approach.

The methodological novelty of this thesis provides a springboard for future researchers
aiming to incorporate the reality of infectiousness heterogeneity in different settings. In the
process of quantifying infectiousness heterogeneity, | produced an empiric distribution of the
number of secondary infections per index and fitted a negative binomial distribution to these
data. | used a Bayesian Hamiltonian Monte Carlo algorithm to estimate model parameters
related to infectiousness heterogeneity from this distribution of secondary infections. In
addition, the approach of intervention simulation can be used in future modelling studies

evaluating similar targeted interventions.

Although this study provides estimates of the magnitude and impact of TB infectiousness
heterogeneity, important research questions remain to be answered. The need to characterise
super-spreaders in specific settings in order to optimise targeted interventions is probably the
most critical example. The patterns of TB reactivation in children as they reach adolescence
and the effect of BCG on adult TB reactivation also warrant further investigation, as these
groups are highly infectious and so contribute substantially to transmission. Future TB
modelling studies should also investigate the effectiveness of interventions, such as
preventive treatment, using more realistic assumptions concerning infectiousness
heterogeneity and setting-specific data. In transmission models of TB, incorporating
assumptions of heterogeneous infectiousness increases realism, although it also increases
model complexity. Thus, the necessity of adding extra complexity must be justified while
considering modelling objectives, such as evaluating targeted public health and diagnostic

interventions, and predicting the relative magnitude of specific types of TB.
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From my doctoral studies, | conclude that the role of infectiousness heterogeneity in Mth
transmission is substantial and transmission is substantially driven by super-spreaders. Hence,
interventions targeted towards super-spreaders and their contacts are likely to be considerably

more effective than untargeted implementations.
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Profiles of tuberculosis disease activation
among contacts of patients with
tuberculosis

To the Editor:

The risk of a person progressing to tuberculosis (TB) disease after infection with Mpycobacterium
tuberculosis remains poorly understood, with some contacts developing TB in the early period following
exposure, while others take many years to progress or never do so [1, 2]. We described profiles and
patterns of contacts’ progression to TB disease following exposure by linking a large, prospectively
collected contact investigation dataset from Victoria, Australia to data on subsequent cases of active TB
disease, after obtaining ethical approval from the Monash University, Human Research Ethics Committee.
Unlike many past studies, this approach offers the opportunity to disaggregate by various characteristics of
both index patient and exposed contact.

The main outcomes of interest were early progression (development of active TB within 6 months of
exposure) and late reactivation (development of TB thereafter). Our definition for early progression is
supported by previous findings that the risk of TB is highest in the first 3-9 months after infection [3, 4].
We used a survival analysis approach to describe patterns of TB disease reactivation and used logistic and
Cox regression to quantify risks associated with early and late reactivation respectively, incorporating
variables pertaining to both contact and index patients.

17740 contacts of pulmonary TB patients were included in the analysis, of which 82.0% were aged
15 years and above. Over more than 7 years of median follow-up, 224 (1.3%) contacts were diagnosed with
TB disease, resulting in an overall incidence rate of 189 cases per 100000 person-years. Most cases (62.5%)
accrued during the first 6 months following exposure and so were defined as early progression episodes.
We found that male contacts had a slightly greater rate of TB than their female counterparts (log-rank
p=0.03), while children aged <5 years at exposure had the greatest rate of active TB development, followed
by children aged 5-14 years (log-rank p<0.001). Tuberculin skin test (TST) positivity (=10 mm) was
associated with a greater rate of TB (4.6%, 148/3213) than for TST-negative contacts (0.2%, 29/12233),
despite TST positives being more likely to receive preventive therapy. Younger age of contact, close
contact, high-burden country of birth, absence of BCG vaccination and recurrent TB in the index
patient were associated with early progression, while close contact, high-burden country of birth, BCG
vaccination history and BCG status not stated were associated with contacts’ higher hazard of late
reactivation (table 1).

Every TB case observed among children aged <5 years occurred in the first 18 months of follow-up, of
which 44/51 (86.3%) were early progressions. Although a similar proportion (49/60, 81.6%) of early
progressions was found among child TB contacts aged 5-14 years, there were seven TB activation episodes
that occurred after more than 2 years of follow-up in this age group. These episodes predominantly
occurred as these children aged into adolescence and reached approximately 15 years of age. This pattern
has also been observed in historical works, which have reported that when a first exposure occurred in
children (aged 1-14 years), TB typically did not develop until after the age of 15 years [3]. A prospective
study from Hong Kong provided similar evidence that infected children were at greater risk of TB beyond
the age of 15 years after an initial low-risk window period [4]. The predilection of TB to affect young

@ERSpublications

The risk of TB reactivation among infected children increases as they reach the age of adolescence.
BCG vaccination history seems to increase the risk of TB disease reactivation among adults exposed to
Mpycobacterium tuberculosis. http://bit.ly/2YReXej

Cite this article as: Melsew YA, Cheng AC, McBryde ES, et al. Profiles of tuberculosis disease activation
among contacts of patients with tuberculosis. Eur Respir J 2019; 0: 1900353 [https://doi.org/10.1183/
13993003.00353-2019].
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TABLE 1 Regression analyses for early progression and late reactivation of tuberculosis (TB) among contacts of TB patients in

Victoria, Australia 2005-2015

TB disease Crude OR/HR (95% CI) Adjusted OR/HR (95% CI) p-value
No Yes
Factors associated with early progression"
Contact characteristics
Sex
Female 9132 62 Ref Ref
Male 8349 78 1.38 (0.98-1.93) 1.23 (0.88-1.73) 0.227
Not stated 119 0 NA NA
Age
0-4 years 1153 4b 11.78 (7.75-17.84) 7.79 (4.80-12.62) <0.001*
5-14 years 1951 49 7.75 (5.17-11.61) 5.23 (3.39-8.07) <0.001*
15 years and above 14496 47 Ref Ref
Type of contact
Close contacts 7871 123 8.94 (5.54-15.40) 5.73 (3.39-9.69) <0.001*
Other contacts 9729 17 Ref Ref
Country of birth
Low burden 11824 100 Ref Ref
High burden 5090 40 0.73 (0.52-1.02) 1.76 (1.11-2.81) 0.017*
Not stated 686 0 NA NA
Tuberculin skin test
Negative 12222 1" Ref Not included
Positive 3112 101 36.06 (20.24-71.31)*
Not performed 2266 28 13.73 (7.02-28.83)*
BCG
No 4995 69 Ref
Yes 7505 37 0.36 (0.24-0.53) 0.47 (0.29-0.77) 0.002*
Not stated/unknown 5100 34 0.48 (0.32-0.73) 0.79 (0.50-1.23) 0.288
Index characteristics
Sex
Male 9439 75 Ref
Female 8161 65 1.00 (0.72-1.40) 1.14 (0.80-1.62) 0.485
Age
1-14 years 521 10 3.76 (1.76-7.31) 0.20 (0.03-1.45) 0.110
15-24 years 7249 37 Ref
25-44 years 5181 73 2.76 (1.87-4.15) 1.04 (0.69-1.55) 0.860
45-64 years 1713 17 1.94 (1.06-3.40) 1.57 (0.91-2.71) 0.101
65 years and above 2936 3 0.20 (0.05-0.55) 0.60 (0.32-1.13) 0.111
Country of birth
High burden 8897 77 Ref Ref
Low burden 8703 77 0.84 (0.60-1.17) 1.15 (0.81-1.63) 0.446
Method of case finding
Clinical presentation 16628 132 Ref Ref
Other methods 972 8 1.04 (0.46-1.99) 1.71 (0.91-3.21) 0.096
Site of TB
Pulmonary 14655 122 Ref Ref
Pulmonary plus other site 2945 18 0.73 (0.43-1.17) 1.20 (0.76-1.90) 0.435
Type of TB
New 16584 130 Ref Ref
Recurrent 774 10 1.65 (0.81-2.99) 2.68 (1.42-5.06) 0.002*
Unknown 242 0 NA NA
Chest radiography finding
Abnormal, no cavity 10172 79 Ref Ref
Abnormal, cavity 5959 55 1.19 (0.84-1.68) 1.20 (0.82-1.75) 0.347
Abnormal, no details 265 1 0.49 (0.07-3.51) 0.30 (0.04-2.21) 0.236
Normal 339 2 0.76 (0.19-3.10) 0.72 (0.17-3.04) 0.655
Not stated/done 865 3 0.45 (0.14-1.42) 0.42 (0.13-1.36) 0.146
Sputum smear
Yes 2212 15 Ref Ref
No 3609 31 0.85 (0.49-1.47) 0.88 (0.47-1.62) 0.677
Not done/recorded 1779 94 1.08 (0.72-1.62) 1.29 (0.83-2.01) 0.264
Continued
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TB disease Crude OR/HR (95% CI) Adjusted OR/HR (95% Cl) p-value
No Yes
Factors associated with late reactivation"
Contact characteristics
Sex
Female 7585 31 Ref Ref
Male 6733 35 1.26 (0.77-2.06) 1.20 (0.74-1.96) 0.460
Not stated 112 0 NA NA
Type of contact
Close contacts 5785 50 4.43 (2.49-7.86) 3.25(1.81-5.82) <0.001*
Other contacts 8645 16 Ref
Country of birth
Low burden 9246 23 Ref Ref
High burden 4602 43 3.73 (2.23-6.24) 2.17 (1.26-3.75) 0.005*
Not stated 582 0 NA NA
Tuberculin skin test
Negative 9629 16 Ref Not included
Positive 2729 35 6.94 (3.78-2.74)*
Not performed 2072 15 5.06 (2.45-0.43)*
BCG
No 3374 3 Ref Ref
Yes 6794 46 7.89 (2.43-25.65) 4.54 (1.35-15.28) 0.014*
Not stated 4262 17 4.48 (1.30-15.42) 3.52 (1.01-12.26) 0.048*
Index characteristics
Sex
Male 7632 24 Ref Ref
Female 6798 42 2.08 (1.14-3.82) 0.55 (0.29-1.03) 0.06
Country of birth
High burden 7672 36 Ref Ref
Low burden 6758 30 1.39 (0.76-2.54) 1.43 (0.78-2.60) 0.24
Method of case finding
Clinical presentation 13533 b4 Ref Ref
Other methods 897 2 0.50 (0.11-2.27) 0.42 (0.09-1.89) 0.26
Type of TB
New case 13553 b4 Ref Ref
Recurrent 704 2 0.72 (0.14-3.69) 0.82 (0.16-4.11) 0.81
Unknown 173 0 NA NA
Chest radiography finding
Abnormal, no cavity 8025 40 Ref Ref
Abnormal, cavity 5285 25 0.92 (0.56-1.52) 0.62 (0.16-4.11) 0.17
Abnormal, no details 185 0 NA NA
Normal 291 0 NA NA
Not done/stated b44 1 0.27 (0.04-1.99) 0.40 (0.04-3.89) 0.43

*. statistically significant. #: logistic regression (all contacts, n=17740); analysis results are presented as odds ratios with 95% confidence
intervals. T: Cox regression (contacts age >15 years, n=14496); analysis results are presented as hazard ratios with 95% confidence intervals.

adults has been recognised since Hippocrates, although there are multiple possible explanations for the
considerable burden of TB in adolescents, particularly assortative mixing by age leading into the years in
which active TB is most infectious [5-7]. Given our very low transmission setting and the fact that all of
these children were born in low-burden settings, our findings provide considerable evidence for the
explanation that infected children enter a higher risk phase as they progress towards adulthood, which has
major implications for clinical care and public health responses. The absence of any cases occurring in
adolescence among those aged 0-4 years at the time of exposure likely reflects insufficient follow-up
duration, as only the oldest such contacts entering during the earliest period of the study would have
reached adolescence, and could also reflect more consistent use of preventive therapy in this group.

Consistent with previous studies, we found that BCG vaccination was highly protective against early
progression in contacts aged 0-14 years at exposure, which is a similar effect size to those reported by a
previous meta-analysis [8]. However, unexpectedly, risk of late reactivation was greater among BCG
vaccinated and BCG not stated adult contacts than BCG unvaccinated counterparts. Previous studies have
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consistently reported that BCG is effective in preventing TB disease among children and that its
effectiveness is reduced when all ages are considered [9-11]. We note similar findings from the largest ever
trial estimating the efficacy of BCG, which reported nonsignificantly higher rates of TB among every age
group of vaccinated adults than in the unvaccinated over 15 years of follow-up [12]. One possible
interpretation of this evidence is that BCG is effective in reducing TB-related child morbidity and
mortality, but may increase late reactivation rates in adults. These phenomena may lead to perverse effects
on the overall epidemic because the adult forms of TB are typically most infectious, and they are critical
when considering BCG revaccination programmes and interpreting recent trials of novel vaccines whose
outcomes consider immunological responses to M. tuberculosis rather than incidence of TB disease [13].
Although we found no evidence of an association between BCG vaccination and absence of preventive
therapy, this or other unmeasured factors could confound these findings. Furthermore, adults with
unknown BCG status were also associated with higher rates of late reactivation, such that ensuring
comprehensive collection of BCG status will be a future focus of our research.

Although the development of active TB in contacts after infection is largely dependent on contacts’
endogenous factors, we also found associations with index patients’ characteristics. Specifically, index
patients with recurrent TB appeared more infectious, with their contacts at a considerably greater odds of
early progression than for new TB cases. This may be explained by patients with recurrent TB having
longer infectious periods or more frequently being smear-positive TB than those with a first episode,
although this effect was not seen for late reactivation.

Important limitations of our study include that transmission was inferred based on epidemiological links
due to the absence of genotyping data and we did not have universal information on the provision of
preventive therapy that could have significantly influenced our findings. However, because preventive
therapy is recommended universally for all contacts of patients with active TB in our setting, we would
generally expect this to reduce the absolute TB risk across the cohort, but be less likely to systematically
bias the trends reported in this manuscript.

In conclusion, child contacts were at highest risk of early progression, but high rates of late reactivation
among infected children as they reached adolescence imply that children should be strongly considered for
preventive interventions even after their initial high-risk period has elapsed. BCG seems to have an
important effect on TB epidemiology in preventing early activation but increasing rates of late reactivation
in adults. This effect requires further investigation with more comprehensive data on contacts’ receipt of
preventive therapy.
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The Importance of Heterogeneity to the Epidemiology of
Tuberculosis
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Although less well-recognized than for other infectious diseases, heterogeneity is a defining feature of tuberculosis (TB) epidemiol-
ogy. To advance toward TB elimination, this heterogeneity must be better understood and addressed. Drivers of heterogeneity in TB
epidemiology act at the level of the infectious host, organism, susceptible host, environment, and distal determinants. These effects
may be amplified by social mixing patterns, while the variable latent period between infection and disease may mask heterogeneity in
transmission. Reliance on notified cases may lead to misidentification of the most affected groups, as case detection is often poorest
where prevalence is highest. Assuming that average rates apply across diverse groups and ignoring the effects of cohort selection
may result in misunderstanding of the epidemic and the anticipated effects of control measures. Given this substantial heterogeneity,
interventions targeting high-risk groups based on location, social determinants, or comorbidities could improve efficiency, but raise
ethical and equity considerations.
Keywords. tuberculosis; heterogeneity; epidemiology; case detection; interventions.

Although estimates of the global burden of tuberculosis (TB) sug- DRIVERS OF HETEROGENEITY

gest gradual decline, this aggregate profile masks a patchy, het-
erogeneous epidemic that predominantly afflicts society’s most
marginalized groups. Meanwhile, the causative organism is now
the world’s leading infectious killer and dramatic reductions in
burden will be necessary if the bold new End TB targets are to
be realised [1]. Heterogeneity in disease distribution increases as
the burden of an infectious disease declines and becomes more
unevenly distributed across space or social networks [2]—a phe-
nomenon that is well recognized in the case of diseases such as
malaria [3]. There are many reasons to suspect that TB epidemics
are highly heterogeneous, such as the prominence of highly local-
ized or household transmission, the wide geographical variation in
disease burden within and between countries, and the many indi-
vidual-level factors strongly associated with risk of disease. Here
we describe key drivers of heterogeneity in TB burden, discuss the
challenges in quantifying this heterogeneity, and consider implica-
tions for transmission dynamics and the design of interventions.
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Risk of infectious disease is dependent on characteristics of the
infectious host, the organism, the susceptible host, and the envi-
ronment (Figure 1; Table 1). The complex interplay between the
pathogen and the host’s immune system and the propensity for
Mycobacterium tuberculosis (Mtb) to enter a latent state following
infection mean that many exposed individuals will never prog-
ress to active TB disease. Therefore, individual characteristics
that predispose to susceptibility to infection, progression to dis-
ease after infection, and infectiousness during disease episodes
all contribute to heterogeneity, although the risk factors associ-
ated with each differ considerably. For example, risk of exposure
is driven by sociodemographic factors (eg, crowding, contact
patterns), susceptibility to infection once exposed is influenced
by processes that impair local immune responses (eg, smoking),
progression to disease may reflect systemic immune status (eg,
human immunodeficiency virus [HIV], nutrition), and likeli-
hood of onward transmission may be altered by cough symptom-
atology and disease duration (eg, through access to care).

The Infectious Host

Medical and demographic factors also strongly influence the
extent to which each affected person propagates Mtb infec-
tion. Smear-positive adults and particularly those with cavi-
tary pulmonary TB transmit infection more extensively [13],
while many others, such as those with only extrapulmonary
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Figure 1. Conceptual framework for understanding heterogeneity in tuberculosis
epidemiology. The cone indicates that the most local drivers are positioned toward
the top of the figure and the broadest drivers toward the bottom, rather than reflect-
ing the importance of these factors.

involvement, may infect no one. Although children and persons
with HIV are less likely to transmit, the degree of infectiousness
is variable, with children aged >10 years more often manifest-
ing adult forms of TB [14, 15]. Despite its limitations, smear
microscopy remains the mainstay of TB diagnosis worldwide
with advantages that include its ability to identify highly infec-
tious individuals. Social factors such as mixing patterns also
influence spread by modifying the number of contacts exposed
and these patterns also differ by setting (eg, household, work-
place, general community). Importantly, social mixing patterns
may act differently for Mtb than for other infections, given that
Mtb, unlike many other major pathogens, is airborne and so can
be transmitted without the need for direct person-to-person
contact. However, the rate of transmission per day infectious

is considerably lower than for other respiratory pathogens (eg,
measles, influenza) [16], meaning that amplifying factors such
as cough characteristics, ability to generate aerosols of appro-
priate size [17], and environmental factors may strongly influ-
ence whether infection occurs. Finally, myriad programmatic
and social factors delay diagnosis and so prolong the infectious
period and increase the duration of exposure [18], thereby
potentiating heterogeneity through their impact on the most
marginalized groups.

The Infecting Organism

Mtbis a clonal pathogen that displays variable fitness and a com-
plex interaction with its human host [19]. Its multiple lineages
differ in their genomic makeup and in several aspects of their
clinical and epidemiological behavior, including disease pro-
gression, disease severity, transmissibility, and geographic dis-
tribution (Supplementary Bibliography). With recent advances
in molecular epidemiology, the influence of Mtb genetic diver-
sity on the outcomes of TB infection and disease is increasingly
recognized. Strains are thought to have adapted to the human
population they affect [20], resulting in a sympatric relationship
whereby co-evolved host populations show high rates of TB due
to certain strains, but concentration within high-risk groups
elsewhere [21]. However, the discordance in findings between
settings and the complex interaction between pathogen, host,
and environment remain challenges to understanding these
processes.

Arguably, the most critical form of pathogen-related heteroge-
neity is drug resistance, which makes clinical management con-
siderably more challenging and expensive. Epidemiologically,
transmission cycles of drug-resistant TB (DR-TB) differ from
those of drug-susceptible TB because of limited access to the
diagnostics available for determining drug resistance, the long
duration of DR-TB treatment, and clustering of DR-TB patients
in high-risk settings. All of these factors may act to prolong the
infectious period, sustaining transmission chains of DR-TB
[22]. Resistance-conferring mutations may be offset by associ-
ated physiological impairments in the organism that limit its
ability to survive and reproduce (“fitness costs”), although sus-
tained drug exposure may select for bacteria with compensa-
tory mutations [23]. Moreover, fitness costs are likely to vary
according to the drug in question (eg, higher for rifampicin
resistance than for isoniazid or streptomycin) [24], while both
modeling studies and large-scale outbreaks highlight the poten-
tial for DR-TB to proliferate [25].

The Susceptible Host

Characteristics of the susceptible host also markedly influ-
ence the likelihood of disease following exposure, which may
reflect both susceptibility to infection or greater risk of pro-
gression to disease for those infected. Patterns of reactiva-
tion differ markedly by age, and comorbidities such as HIV,
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Table 1.

Examples of Specific Forms of Heterogeneity and Ways Forward

Source of
Heterogeneity

Examples of Existing Evidence

Data Needs

Analytic Needs

Intervention Needs

Infectious host Sequencing and social network
analysis suggest that some
individuals may act as

“superspreaders” [4]

Available data on contact
patterns (principally from low-
burden settings) suggest age-
specific (assortative) mixing

Infecting organism Strain responsible for extensive
community spread confirmed
to be highly virulent in mouse

model [5]

Highly resistant forms of TB
causing extensive outbreaks,
eg, XDR-TB inTugela Ferry,
South Africa [6]

Individuals previously treated
for TB had higher rates
of recurrent TB due to
reinfection than the general
population in Cape Town,
South Africa [7]

Susceptible host

Specific risk groups may
experience polyclonal
outbreaks [8]

Incarceration may have been
a significant driver of
community transmission [9]

Physical environment

Greater proportion of infected
contacts in less well-
ventilated hospital wards [10]

Distal determinants Ecological observation of
declining TB rates during
times of improvements in

living standards [11]

Association between coverage
of Brazil's conditional cash
transfer program and
improved TB control [12]

Importance of biological
variables, eg,
aerosolization, cough
frequency

Data on contact patterns
from high-burden settings
and for risk factors
relevant to TB (eg, HIV
status)

Mechanisms of strain
diversity and virulence

Fitness costs associated
with drug resistance

Protection or susceptibility
afforded by past TB
episodes and whether
this is attributable to
infection or progression
risk

Better estimates of disease
prevalence in risk groups

Better estimates of location-
specific TB transmission
risk

Ability of specific
interventions (eg,
improved ventilation) to
reduce that risk

Mechanistic linkages
between poverty
alleviation and TB
transmission

TB-specific effects of
broader interventions

Implications of hosts with
differential infectiousness
and superspreading

Importance of population
groups to sustaining
transmission relative to
their burden of disease

Implications of selecting for
strains of greater fitness

Likely future trajectory of
drug resistance

Distinguish the individual-
level effect of increased
susceptibility post-disease
episode from the effect
of selecting for a more
susceptible cohort through
infection

Anticipated effects of trends
in comorbid risk factors
onTB

Valid models for translating
environmental
heterogeneity into
transmission risk

Projected population-level
impact of targeted
environmental
interventions

Projected ability of social
protection and similar
efforts to reduce
heterogeneity

Models of the impact of
TB on other outcomes in
vulnerable populations

Tools to identify the most
infectious patients

Case-finding efforts designed to
identify patients with high-risk
mixing patterns for broader
dissemination of infection

Interventions to limit
infectiousness of difficult-to-
treat strains

Improved identification
and treatment of highly
transmissible strains of drug-
resistant TB

Protection of highest-risk
individuals from infection or
progression to disease

TB control interventions that link
with systems for other high-
risk conditions

Active case finding targeted at
high-risk environments (eg,
prisons, transit)

Mitigation of TB transmission
through modification of high-
risk built environments

Linkage between TB control
programs and schemes
to alleviate poverty and/
or address other distal
determinants
Implementation of TB
interventions in a fashion
that mitigates burden on the
highest-risk populations, thus
promoting equity and reducing
disparities in risk

Abbreviations: HIV, human immunodeficiency virus; TB, tuberculosis; XDR-TB, extensively drug-resistant tuberculosis.

diabetes, malnutrition, and heavy alcohol use are critical
considerations in the variation of risk of disease progression
observed (Supplementary Bibliography). For example, HIV is
the strongest individual-level risk factor and a major driver of
the TB epidemic in many parts of Africa, while the rising global
prevalence of noncommunicable diseases (eg, diabetes) may
hinder our ability to achieve control targets by impairing host
immunity at the population level [26]. History of exposure and
disease are also important, as people who are latently infected
may have partial protection against reinfection with the patho-
gen [27], whereas previously treated persons are likely to be
at substantially increased risk for recurrent disease [28]. This

latter increase in risk may reflect repeated exposure, incomplete
treatment, or underlying immunological vulnerability [29].

The Physical Environment

The setting in which TB is transmitted is also an important
modifier of spread—either due to increased population density
or congregation of individuals with higher rates of specific risk
factors, or directly through environmental features that facili-
tate airborne transmission. Characteristics of the physical envi-
ronment that may contribute to transmission include crowding,
poor ventilation, and high levels of indoor air pollution [30].
Furthermore, locations with these characteristics (eg, clinics,
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public transit, churches, prisons, mines, and informal drinking
spaces) are often frequented by the same high-risk individuals,
further fueling heterogeneous transmission in these sites. These
locations are themselves likely to be in close proximity, enhanc-
ing transmission in impoverished areas [31] and sustaining the
epidemic [32].

Structural and Social Determinants

Heterogeneity at the community level is driven by a complex
network of proximal and distal determinants that may not al-
ways be fully explained by quantifiable risk factors. Migration,
urbanization, demographic transition, and other broad global
trends combined with weak and inequitable policy and pla-
nning lead to pockets of poverty, unhealthy behaviors, and
weak health systems in which TB thrives [33]. Social or spa-
tial clustering of the individual-level characteristics described
in the preceding sections may magnify the effect of these risk
factors through transmission, as persons contact one another
more if they share similar characteristics (assortative mixing).
However, understanding of the effect of the various upstream
determinants responsible for driving heterogeneity in TB
burden is limited by the relative paucity of modeling studies
in this area [34].
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Figure 2. lllustration of some selected concepts from the text. A, Degree of
heterogeneity that might be observed among individuals with good access to the
healthcare system (unblurred discs) compared to those with poor access (blurred
discs). This may be substantially less than the heterogeneity that exists in the pop-
ulation as a whole (B). C, Series of transmission events. 0, Subsequent relocation
of infected and uninfected individuals. This results in a more homogeneous dis-
tribution of infection across the population at this later time point, even though
transmission was highly heterogeneous. £, Series of individuals at variable risk
of infection. F, Selection of higher-risk individuals through the infection process.
Although infection is the selecting illustrated process here, similar principles would
apply to progression from infection to disease, through stages of the disease pro-
cess and to interaction with the health system. Abbreviation: TB, tuberculosis.

CHALLENGES IN QUANTIFYING HETEROGENEITY

Although substantial between- and within-country differ-
ences in burden are frequently reported, challenges exist in
interpreting the differences observed between demographic,
geographical, or other subdivisions of the population. Our
understanding of the population-level epidemiology of TB
disease relies to a large extent on cases that have sought care,
received a diagnosis, and been recorded through surveillance
systems or local studies. The substantial proportion of cases
that does not reach this stage in many settings [1] means that
our estimates of heterogeneity in burden are prone to bias
(Figure 2A and 2B). A particular consequence of relying on
data from detected cases arises from the negative correlation
between TB burden and access to care, which may mask heter-
ogeneity in disease. For example, TB prevalence surveys con-
sistently show a male predominance among adult TB cases, but
this gender gap is much smaller in notifications—suggesting
that men experience a higher burden but seek or access care
at a lower rate than women [35]. Similar and even stronger
unobserved effects, whereby mechanisms that increase risk of
TB also decrease the probability of detection, may exist for fea-
tures such as socioeconomic status or locality. Moreover, even
if bias could be eliminated from health information systems,
routinely collected data are not typically disaggregated beyond
broad age categories, geographic regions, and drug resistance
profiles, thereby limiting our ability to observe heterogeneity
between smaller subpopulations without specifically designed
studies.

Much less biased measures of disease burden are avail-
able from the recent increase in TB prevalence surveys.
However, prevalence surveys in the general population are
expensive undertakings and typically designed to yield a rel-
ative precision of 20%-25% [36], limiting their ability to dis-
cern patterns among subgroups or at the district/local level.
Moreover, prevalence surveys are by design cross-sectional,
meaning that they cannot provide information on hetero-
geneity through time without additional assumptions or re-
peated data collection.

One important consequence of detection bias is that clusters
of notifications are difficult to interpret. Apparent hotspots of
TB disease may represent either true areas of intense transmis-
sion or better diagnosis (via targeted campaigns or differential
access to care), such that the areas of most intense transmis-
sion may be those with the highest notification rates in some
settings and the lowest in others. Travel to access care may fur-
ther exaggerate this process, creating artefactual aggregations of
notifications. By contrast, heterogeneity in transmission may be
masked by the often substantial latent period between infection
and disease onset, during which infected individuals may relo-
cate (Figure 2C and 2D). This process smooths disease distribu-
tion and obscures transmission chains, while the distribution of
transmission and latent infection are even harder to observe in
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an era when population-wide surveys of infection are no longer
undertaken.

IMPLICATIONS FOR UNDERSTANDING AND
MODELING TRANSMISSION

The impact of heterogeneity of infectiousness is influenced by
characteristics of the infectious host and the organism being
transmitted, and can be explored through its specific effects on
the basic reproduction number, R [37]. While the point esti-
mate of R, is often emphasized as a measure of the expected
number of secondary cases caused by an average index case in
an infection-naive population, infectiousness may more appro-
priately be viewed as a probability distribution across a popu-
lation of individuals, each with their own expected number of
secondary cases. While superspreading is clearly observable in
TB genomic studies [38], saturation of close contacts, whereby
contacts occur primarily among individuals who have already
been infected, may increase the importance of community
transmission in high-burden settings [39].

When heterogeneity in susceptibility to TB exists, concerns
regarding the assumption of a homogeneous population parallel
concepts familiar in noncommunicable diseases, such as cohort
selection and frailty models in survival analysis. As higher-risk
individuals develop incident disease [28, 40], the incidence
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Figure 3. Composition of a simple 2-stratum heterogeneous cohort over time
from entry to an epidemiological state (active undiagnosed tuberculosis). Plot dis-
plays the percentage of patients with active tuberculosis remaining undiagnosed
after the onset of infectiousness (time 0 on the horizontal axis), under the assump-
tion that 50% of the initial cohort has an average duration of infectiousness of
1 month (high-rate group), and 50% of the cohort has a duration of infectiousness
of 6 months (low-rate group). The true total percentage of patients remaining infec-
tious with time since onset of infectiousness (solid line) is compared against the
proportion that would be expected to remain if the whole cohort was assumed to
have the average time to diagnosis (3.5 months), and the proportion that would be
expected to remain if the whole cohort was assumed to have a rate of diagnosis
that is the average of the rates of the 2 groups (dotted line). The amount of the total
population comprised of high-rate and low-rate persons at each time point is indi-
cated by colored shading, demonstrating that the remaining cohort is increasingly
comprised of low-rate individuals over time.

rate of a cohort may decline simply because those who remain
susceptible have a lower average risk (Figure 2E and 2F). This
process is disabled in models that collapse risk distributions to
their mean values, leading to inaccurate simulations and biased
predictions. Population-level heterogeneity in susceptibility
can also induce thresholds near which small epidemiological
changes will cause dramatic shifts in disease burden, leading to
unanticipated effects of preventive interventions [41] and faster
emergence of drug-resistant strains [42].

Any transition rate can be affected by cohort selection, as
illustrated in Figure 3. Instead of the disease incidence process
discussed above, consider a cohort of individuals with active TB
comprised of 2 groups: fast and slow care seekers. As the faster
care seekers leave the cohort earlier, the overall care-seeking
rate will decline over time, even though it remains constant in
each group. This process complicates estimation procedures and
can be especially problematic in relation to rates of infection,
which are proportional to the prevalence of infectious individ-
uals and so part of a feedback loop. Moreover, epidemiological
uncertainty around the most appropriate parameter values for
transmission models means that multiple parameter sets may
superficially replicate observed burden [43], which is particu-
larly problematic for an endemic infection with a prolonged and
unpredictable latency period.

IMPLICATIONS FOR CONTROL

Targeting Risk Groups

A consequence of the heterogeneity in transmission, infection,
incidence, and mortality is that benefits of interventions will dif-
fer depending on the groups targeted and the distribution of the
risk factors introduced above. This consideration motivates much
current TB policy, with groups at higher risk of infection, disease,
or poor outcomes from TB episodes, such as household contacts,
children, persons living with HIV, individuals with end-stage
renal disease, and previously treated people identified as high-pri-
ority groups for screening and treatment of latent and active TB
(Supplementary Bibliography). Heterogeneity in historical TB
exposure is also a focus of interventions, with many low-incidence
countries targeting services to foreign-born individuals [44],
given their higher prevalence of latent TB and consequent risk of
reactivation. However, interventions targeted at high-risk popu-
lations have not always been successful: A trial of mass screening
and preventive treatment in South African miners had no impact
on TB rates [45], because of reactivation of noncured infections
and reinfection in the context of insufficient treatment and ongo-
ing high environmental transmission risk [46].

Synergies With Non-TB Interventions

Regular interactions with the healthcare system for the man-
agement of chronic and noncommunicable diseases offer the
opportunity for intensified case finding efforts, given that many
such conditions increase TB risk or co-occur in populations
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with such increased risk. More broadly, strengthening health
systems for both TB and noncommunicable disease control pro-
vides the potential for synergistic interventions across diseases
[47], while improving control by addressing distal determinants
should also be a high priority [48]. The observation that both
historical and more recent declines [11, 33] in TB burden have
usually been achieved in the context of improvements in so-
cioeconomic indicators highlights the importance of such up-
stream determinants and is particularly relevant in the era of
the United Nations Sustainable Development Goals.

Geographical Targeting

TB incidence shows considerable geographical clustering at multi-
ple resolutions [49], and spatial targeting of interventions has the
potential to achieve major reductions in burden through focus-
ing on geographically discernible TB hotspots [50]. However, the
extent of mixing between hotspots and the broader population is
important to quantify as it will modify the impact of such inter-
ventions [51]. Intensive TB control interventions targeted at Inuit
communities in northern Canada, Alaska, and Greenland were
effective at substantially reducing the extreme rates of TB incidence
and mortality observed in the 1950s [52]. New and emerging ana-
Iytic tools offer opportunities to identify and quantify TB hotspots,
such as a recent genomic analysis in Peru that highlighted the spa-
tial aggregation of multidrug-resistant genotypes [32].

Effect of Interventions on Heterogeneity

Where substantial reductions in TB burden are achieved, het-
erogeneity in TB distribution may increase, as transmission
becomes more localized to remaining regions and population
groups with fewer resources, limited healthcare access, and
insufficient adherence to policy. However, even when fully
implemented, control efforts may increase or decrease trans-
mission heterogeneity depending on the intervention design.
Interventions directed at those with poor access to care and
thus high burden of disease may reduce heterogeneity, whereas
interventions that strengthen routine programmatic manage-
ment may increase heterogeneity even while decreasing overall
burden. Heterogeneity may modify the impact of both targeted
and untargeted interventions depending on the background
burden of disease. For example, successful detection and treat-
ment of a single active case may eliminate transmission from
a community in a low-burden setting, whereas this would be
harder to achieve in a high-burden setting. This may lead to
unexpected relationships between control efforts and conse-
quent reduction in the annual risk of Mtb infection [53].

Economic and Equity Concerns

The targeting of TB control interventions to those with high
rates of infection or disease is expected to increase the effec-
tiveness of interventions. Consequent gains in efficiency will
depend on coverage levels, accessibility, disease prevalence, and

contribution to transmission in the wider population of the
target group. There are economies of scale to be achieved when
increasing coverage, yet at high levels of coverage or for diffi-
cult-to-reach populations, targeted strategies may require addi-
tional supporting activities and so increase resource needs. For
example, the cost-effectiveness of active case finding strategies
is driven by both the heterogeneity in disease rates and in the
cost of reaching different subgroups [54]. While maximizing
impact within a given budget is a key objective in priority set-
ting, heterogeneity in burden, healthcare access, and financial
resources are linked to equity concerns in resource allocation
for TB control strategies. Conceptually, the difference between
inequalities and inequities is a value judgement about whether
the observed heterogeneity is considered fair. Policy makers
should seek to ensure that populations already experiencing
increases in risk due to socioeconomic or other conditions (eg,
crowding, incarceration) do not experience additional dispari-
ties in access to TB diagnosis and treatment, financial burden of
illness, or unwarranted exposure to infection. While the reduc-
tion of such disparities is a key policy objective, there are situ-
ations in which achieving it may imply trade-offs in efficiency
gains. For example, interventions aiming to place new technol-
ogies at decentralized locations may not be as cost-effective as
placement at higher levels of the health system, yet may still
be prioritized to reduce social inequities in financial burden,
health outcomes, and access to health services [55].

WAYS FORWARD AND CONCLUSIONS

Causes of heterogeneity in TB epidemiology are diverse and
include characteristics of the infectious host, pathogen, suscepti-
ble host, environment, and distal determinants—factors that may
interact to amplify or reduce heterogeneity. Observed heteroge-
neity may not reflect reality and targeted epidemiological studies
to quantify disease burden in more detail would be valuable, for
example, prevalence surveys powered to obtain precise estimates of
disease burden in specific population risk groups and age groups.

All TB modeling studies must judge which aspects of het-
erogeneity are sufficiently important to include given the ques-
tion posed and the local context, and those which should not
be specifically incorporated for parsimony. This highlights the
importance of (1) detailed, context-specific data; (2) refining
parameter estimation through epidemiological research; (3)
communicating uncertainty in predictive modeling; and (4)
confirmation of the predicted effectiveness and cost of inter-
ventions through operational research.

Heterogeneity has implications for the effectiveness and ef-
ficiency of control interventions. Targeting of interventions is
an appropriate consideration in designing intervention strate-
gies, although evidence to support specific targeted approaches
is sometimes weak or contradictory. Therefore, such strategies
must be considered in the context of resource availability and
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the ethical imperative to ensure universal access to high-quality
care. Moreover, it is also important to balance the need for clear
guidelines that can facilitate the broad implementation of inter-
ventions at a national or global level against the importance of
developing interventions that are targeted toward specific char-
acteristics of regional or local epidemics.

As the global TB control community looks toward ending
TB, understanding and harnessing heterogeneity to improve
control will become increasingly important. Key considerations
in addressing heterogeneity include better assessment of disease
burden in population subgroups, context-specific modeling,
targeting of interventions, and a focus on distal determinants of
inequities in health status.

Supplementary Data

Supplementary materials are available at Clinical Infectious Diseases online.
Consisting of data provided by the authors to benefit the reader, the posted
materials are not copyedited and are the sole responsibility of the authors,
so questions or comments should be addressed to the corresponding author.
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