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Abstract

Tuberculosis (TB) claimed an estimated 1.5 million lives in 2021 and the COVID-19 pandemic
resulted in 14.9 million excess deaths in 2020 and 2021 combined. With both these infectious
diseases substantial pathogen transmission takes place before people report to health facilities.
Diagnosing more people more quickly and placing them on treatment and/or isolating them is thus
critical to achieving epidemiological control. Early diagnosis interventions include contact tracing and
isolation, testing of asymptomatic people thought to be at high risk of infection, and in the case of TB,
screening using chest X-rays. The impact of several such early diagnosis interventions on case
detection have been studied in clinical trials, but the longer-term impact of these interventions on
infections (incidence) and deaths (mortality) is not known. There are also unanswered questions as to
the impact hypothetical future TB tests, for example allowing for more frequent testing, may have on

TB incidence and mortality.

We developed an agent-based model (ABM) called ABM Spaces and used it to ask: (i) What is the
impact of four different TB case-finding interventions on TB detection rates, incidence and mortality?
(ii) What is the impact of test frequency and test sensitivity on tuberculosis incidence? And (iii) What is
the impact of contact tracing and isolation and variable test turnaround times on COVID-19 diagnosis
and mortality? Such agent-based modelling, in which disease transmission and progression is
modelled at the level of discrete individuals, has increasingly been used in recent decades to model
infectious disease interventions. Relatively few ABMs in the literature contain substantial social
structure (for example associating agents with specific households, workplaces, and school classes).
We illustrate that such ABMs with substantial social structure can be developed in a way that is
epidemiologically sound and show that this type of ABM is well-suited to the modelling of social

interventions such as contact tracing.

In the ABM Spaces model we found that testing of people at considerable risk of TB has a greater
impact on TB incidence and mortality than mass X-ray screening, that the impact of the two
interventions is additive, and that the impact of annual testing of high TB risk individuals is highly
sensitive to HIV prevalence. We found that the relationship between test frequency and TB mortality
and incidence is non-linear, with an inflection point at around the four-month mark. The COVID-19
version of ABM Spaces confirmed the potential of contact tracing and isolation to reduce incidence

and mortality, but the effect was highly sensitive to test turnaround times.
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Chapter 1 — Introduction

The world contains many complex systems. Some systems and causal relations can be studied using
scientific experiments. In some cases, however, experiments are not feasible for practical or ethical
reasons. In such instances models may at times be useful, providing they accurately capture the
dynamics of interest. As argued by Vynnycky and White in their seminal handbook An Introduction to

Infectious Disease Modelling, models are “just a simplified representation of a complex phenomenon”.

(1)

While this dissertation will focus on one highly specific type of modelling, agent-based models (ABMs)
of infectious disease interventions, it is worth keeping in mind that ABMs are just one of many types of
models. When the safety of medicines is tested in mice prior to humans, we are making use of a
mouse model. A map of the London underground is a simplified model of the actual London
underground. A series of ordinary differential equations can constitute a model of how a pathogen

spreads in a population.

Epidemiological models are models designed specifically to explore epidemics, or the spread of
diseases in populations. The purpose of such models can vary widely. Amongst others, models can
be used to project the potential future trajectories of an epidemic or outbreak, to estimate the size of
an epidemic, to better understand the factors impacting an epidemic, or to estimate the impact of
different preventative measures. Models have, for example, been used to estimate the level of
vaccination coverage required to prevent outbreaks of polio or measles (2) and to estimate the scale
of South Africa’s HIV epidemic (3). The nature and design of epidemiological models also differs
widely — some models can be as simple as three or four ordinary differential equations that capture
key transmission dynamics, while others can run to thousands of lines of computer code that simulate

each instance of a pathogen being transmitted in a population.

In deciding on which model to use for a particular problem, a key question is whether the choice and
configuration of the model simplifies the complex reality being studied in a way that is sound,
meaningful and useful. While this is a question that has to be asked about every model individually,
advances over the last century have meant that we now have excellent mathematical and statistical
tools that we can use in these assessments. In the field of infectious disease modelling in particular,
we have a set of solid foundations developed over decades of systematic study. Even so, it is not
always obvious which choices about model design are the correct ones, and the strength of a
particular set of choices still depends largely on the case the modeller can make in support of those
choices. Often there are multiple valid modelling approaches with which to explore an epidemiological

guestion.

Problem statement
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One area of epidemiological modelling that is of particular interest to public health policy decisions is
the modelling of diagnostic interventions. Such models can help us understand which specific
diagnostic intervention, or combination of interventions, might be most effective. They might also
elucidate relevant epidemiological dynamics, for example shedding light on why an intervention may

be highly effective in one population and only moderately effective in another.

Diagnosing more people more quickly is of critical importance for the control of several infectious
disease epidemics. For example, a person with untreated TB disease is estimated to transmit the
bacteria to three to 10 people per year. (4) Each of those three to 10 people can in turn transmit to a
further three to 10 people, and so on. Even though there is significant uncertainty about the accuracy
of the estimate of three to 10 (apart from it being a wide range in itself), the underlying dynamic of
substantial TB transmission prior to diagnosis and treatment is well established. With TB, as with
several other diseases, earlier detection followed by isolation or treatment that makes someone non-
infectious can thus have a substantial impact on onward transmission. What the optimal strategy is for

early detection is however often not known.

Below we describe three specific problems, or epidemiological questions, relating to the diagnosis of
TB and COVID-19. After these summaries of the epidemiological problems, we turn to the question of
how to optimally model early detection interventions, given the inherently social nature of

interventions such as contact tracing.

TB and COVID-19 make for particularly interesting infectious diseases in which to conduct this type of
modelling given that they in some respects represent two extremes. TB is a very slow-moving
infection with symptoms often only developing many months or years after someone inhales TB
bacteria and treatment taking many months to complete. By contrast, people who contract the SARS-
CoV-2 virus often develop COVID-19 symptoms within a few days and then typically recover or die
within a few days or weeks after that. These differences in the “speed” of these infections have

several implications for the strategies used to diagnose more people more quickly.

The problem of establishing how to diagnose more people with TB more quickly

Mycobacterium tuberculosis (TB) is a bacterial infection transmitted through the air. (5) The World
Health Organization estimates that in 2020 TB claimed over 1.5 million lives and there were around
9.9 million cases of active TB worldwide. Of these only 5.8 million were diagnosed — leaving about 4.1
million people with active TB that were not diagnosed. (6) Figures for 2020 and the two subsequent
years were impacted by a reduction in TB diagnosis due to the COVID-19 pandemic and the recovery
from the pandemic — in 2022 there was an estimated 3.1 million undiagnosed cases of active TB.(7)

Finding these three to four million “missing” patients is a key pillar of TB strategies worldwide.

Finding the missing cases involves both diagnosing more people with TB and diagnosing people

earlier in their disease course. Though estimates vary widely, some have calculated that one person
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with TB can transmit the bacteria to three to 10 others per year if not diagnosed and placed on
treatment. (4) Earlier diagnoses thus offers individual level benefits — people do not become as sick
before being treated — and population level benefits — people start treatment earlier on and are thus
infectious for a shorter period of time and accordingly transmit the bacterium to fewer people. While it
is relatively widely held that people with active TB become non-infectious within two weeks of starting
treatment, a recent systematic review suggests that this is not the case and that 12% or 41%
(depending on how it is tested for) of people still produced viable bacteria after two months. (8) Either
way, early diagnosis and treatment initiation appears to have great potential for reducing TB
transmission since people can remain sick and infectious for much longer in the absence of treatment,

with some estimating average infectious periods of over a year. (5)

Traditionally, the approach to diagnosing TB has largely been to wait for symptomatic patients to
present at healthcare facilities (called passive case-finding). As pointed out in a systematic review
published in The Lancet in 2021: “Because tuberculosis care and prevention interventions that rely
primarily on passive case detection and health facility-based screening strategies have insufficiently
reduced tuberculosis incidence, many national tuberculosis programmes have promoted community-
based active case-finding interventions.”(9) Active-case finding encompasses a wide range of
interventions, with the common thread of not waiting for symptomatic patients to present at healthcare
facilities. The systematic review found that "there is mixed evidence that active case-finding is
effective at initially increasing tuberculosis detection when measured by case notification rates, and
that active case-finding could reduce community prevalence of tuberculosis if delivered with sufficient
intensity and coverage”.(9)

Though various aspects of the natural history of TB remains uncertain, significant progress has been
made in recent years regarding our understanding of infection and progression to active disease. The
traditional conception of TB as either latent or active, has given way to a more nuanced
understanding whereby disease occurs on a spectrum ranging from latent, to insipient, to sub-clinical,
to active disease. (9,10) This more nuanced understanding has implications for TB detection. For
example, knowing that someone has latent TB has little predictive value as to whether that person will
progress to active TB, and if so, when. Only around 5% to 15% of people with latent infection
progress to active TB disease. (5) By contrast, someone whose disease has progressed to a sub-

clinical stage is at a much higher risk of developing active disease, even though still asymptomatic.

Accordingly, the development of tests that can detect TB while it is still in a sub-clinical/asymptomatic
phase has become an area of research. For example, there has been encouraging work on tests that
predict progression to active disease by analysing a set of blood markers. (12) Such tests are

however still under development and at best a few years from commercialisation.

There have also been promising signs that older technology in the form of chest X-rays can help with
early detection. In South Africa’s first National TB Prevalence Survey, conducted in 2017-2019 with
findings made public in 2021, of 234 confirmed cases of TB in the survey of over 35,000 people, 135
had chest X-rays suggestive of TB without having reported any TB symptoms. (13) Accordingly, a
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number of studies are testing different strategies for the use of chest X-rays to aid early detection of
TB.

Another early detection approach does not make use of a new test, but simply makes greater use of
existing tests. One recent study showed encouraging results with a Targeted Universal Testing (TUT)
strategy whereby people deemed at high risk of active TB were tested using the gold standard Xpert
MTB-RIF molecular test — in this study high risk meant (i) living with HIV, or (ii) close contacts of
someone with TB in the past year, or (iii) prior TB in the past two years. (14) In addition, more
aggressive testing and X-ray screening strategies can be combined with different levels of contact
tracing, for example, by offering X-ray screening or Xpert MTB-RIF testing to all household contacts of

a person diagnosed with TB.

Some of the above strategies have been evaluated, typically in the form of cluster randomised trials in
which entire communities or clinics are randomised rather than individuals. Such trials can generate
information on the impact of interventions on case detection — but are generally too short in duration
to meaningfully measure impact on incidence. In the above-mentioned trial of TUT, for example, 62
different clinics were randomised to either standard of care or TUT. The researchers found that TUT
increased case detection by 17% compared to standard of care. (14) Findings from ACT3 and

ZAMSTAR, two landmark trials of early case-finding interventions for TB, were mixed.(15) (16)

Cluster randomised trials are large, expensive, and typically only test a few interventions over a
limited time period. Given differences between real world communities, there is a significant risk of
confounding in cluster randomised trials, although this can to some extent be controlled for. The
generalisability of findings from cluster randomised trials to communities different from those studied
is also limited. Such trials may also not be set up, or continue for long enough, to detect the
community-level impact over time of diagnosing people who would have been diagnosed anyway at
an earlier stage in their disease course. Thus, though an essential research tool, cluster randomised
trials of diagnostic interventions will inevitably leave at least some important epidemiological

guestions unanswered.

There remain broadly two gaps in our knowledge of the impact of new case detection strategies in the
context of recent developments of our understanding of TB. Firstly, there are interventions, or
combinations of interventions, which remain untested in randomised controlled trials. Since there are
a large number of such potential interventions, and combinations of interventions, careful modelling
could help decide which ones to advance to clinical trials. In addition, even though evidence from
trials is essential to programmatic planning, it is unlikely that trials will provide all the answers given
the time and expense involved. Therefore, some form of modelling based on the best available
evidence will likely always have a role. Secondly, while clinical trials will yield information on case
detection, few will continue for long enough, or be sufficiently powered, to provide reliable information
on the secondary impact of such strategies on TB incidence. This is important since a key benefit of
early detection is the reduction of onward infection. Again, modelling may elucidate the

epidemiological dynamics at work and the impact of various interventions, not only on case detection,
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but also on the longer-term impact on TB infections and ultimately mortality. Such work could, for
example, be used to inform long-term cost-effectiveness analysis that takes into account the indirect

consequences of increased case detection.

We address both these knowledge gaps by modelling a series of interventions and combinations of
interventions and exploring the impact of these interventions on case detection, incidence, and
mortality. Our work thus attempts to shed light on the real and urgent question as to what early
detection interventions should be prioritised in TB programmes in contexts such as those in South

Africa.

The problem of defining optimal target product profiles for TB diagnostics

While the optimal use of existing TB case-finding interventions is one unsolved problem, another is to
pinpoint which characteristics developers of new TB diagnostics should focus on. This is in part a
matter of expert consensus, as for example shown in a World Health Organization (WHO) report on
target product profiles for TB diagnostics,(17) but it is also a question that should ideally be explored
using the best available evidence. Since the available evidence does not always provide clear
answers to important questions, such as the optimal frequency of TB testing, there is a potential role
here for modelling. For example, based on our existing knowledge of TB and TB diagnosis, models
could be developed that simulate the impact of different levels of test frequency. The outputs from
these models could then be taken into account in the development of target product profiles for TB
diagnostics. (Note: While the assessment of “optimal” strategies should ultimately take into account
factors such as cost-effectiveness and acceptability, the focus of the modelling presented in this

dissertation is on reducing infections and deaths.)

That new and better TB diagnostics are needed is widely acknowledged by the WHO and other
leading TB institutions such as the Stop TB Project. Current gold standard molecular tests, such as
the Xpert MTB/RIF, require people to produce sputum — something many people find hard to do. A
urine or saliva-based test would be a significant step forward, providing it has sufficiently high
sensitivity and specificity (existing urine tests only have high sensitivity in people living with HIV who
have severely compromised immune systems). Though point-of-care devices are under development,
the currently available molecular tests are generally still processed in laboratories. Point-of-care, or
ideally home tests, would both make testing more convenient and facilitate more frequent testing.
Either way, the requirement for sputum and the need for laboratories with the current tests, make high
frequency testing unfeasible. The most ambitious TB testing programmes we are aware of, such as
TUT, offer annual tests only to certain sub-groups considered to be at high risk of TB. We are not

aware of any programmes offering TB tests more frequently than once a year.

More frequent testing can benefit people with TB through earlier diagnosis and treatment, thus
preventing symptomatic disease or shortening its duration. Apart from the individual benefits, more

frequent testing can also have public health or population level benefits by reducing TB transmission.
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Just how more frequent testing might reduce TB transmission is, however, not well understood.
Accordingly, by modelling the impact of several levels of test frequency and test sensitivity on TB
incidence and mortality, we shed light on the question of how often we would have to test for testing
to result in substantial reductions in TB incidence. The cost and acceptability of such higher frequency

testing is however beyond the scope of this modelling exercise.

The problem of establishing how to diagnose more people infected with SARS-CoV-2 more
quickly

Coronavirus Disease 2019 (Covid-19) is an infectious disease caused by the SARS-CoV-2 virus. After
first being detected in Wuhan, China at the end of 2019, the virus rapidly spread around the world

causing a global pandemic claiming millions of lives in the subsequent two years.

By mid-2020, many countries had implemented extended and far-reaching lockdowns in response to
the pandemic, often at significant economic cost. A key question in the early months of the epidemic
was what non-pharmaceutical interventions (NPIs) governments could implement in order to exit such
lockdowns as safely as possible. (18) Some potential NPIs include promotion of hand-washing and
other hygiene measures, promotion of or legal requirement of mask-wearing in public, various
physical distancing regulations, border closures, school closures, and contact tracing and isolation
(CTI). (19)

CTl involves tracing the recent contacts of a person who tested positive for SARS-CoV-2 and isolating
these contacts, and in some cases also testing contacts. Teams of tracers traditionally conduct CTI,
but it can also be done through, or assisted by, various mobile phone applications. WHO has
endorsed CTI as a key strategy to slow transmission of SARS-CoV-2. (20) CTI has been implemented
in a wide range of countries — maybe most notably in China, Singapore and South Korea. (18-20) One
Lancet study concluded that “each country should have an effective find, test, trace, isolate, and
support system in place”. (18) Isolation refers to the movement of people with the infection being
restricted, voluntarily or legally, while quarantine refers to the movement of people at risk of infection
being restricted, voluntarily or legally. The work described here does not differentiate between these

distinctions. We therefore use isolation to refer interchangeably to isolation or quarantine.

Since there are economic, human resource and opportunity costs related to CTI, it is important to
understand the effectiveness of such programmes and the factors impacting their effectiveness. The
efficacy of CTI programmes in preventing infections and mortality will be different in different settings
and will depend on factors such as test turnaround times (TaT) and on whether contacts are tested or
not. TaT varied substantially in South Africa in 2020, at times exceeding seven days. It seems
plausible that, while potentially effective with a TaT of two days, CTI may become ineffective with a
TaT of seven or more days. In our work we thus explore the problem of quantifying the impact of

longer test turnaround times on the efficacy of CTI.
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The problem of modelling early detection interventions in complex social networks

In intervention models, a first objective is typically to develop a model that recreates key dynamics of
how the disease in question is transmitted in real-world populations. If a sufficiently accurate

transmission model can be developed, the model can then be adapted to see how different screening
or testing strategies might improve diagnosis compared to a baseline and what impact such improved

diagnosis might have on the trajectory of the epidemic in question.

An intervention such as contact tracing can be modelled in a wide variety of ways. In its simplest form
it may be assumed that contact tracing increases diagnosis in an entire population by a certain factor
and in a model based on ordinary differential equations the equations can be adjusted to include this
additional factor. At the other end of the spectrum, in an ABM, where modelling happens at the level
of the individual and every instance of disease transmission is discretely modelled, contact tracing
can be modelled as the process of tracing the actual contacts of every diagnosed individual in the
model.

A good rule of thumb in the modelling world is that one should use the simplest possible model that
adequately captures the key dynamics of interest. There are instances however in which the
complexities of the phenomenon being studied are such that certain epidemiological dynamics can

only be explored using relatively complex models.

When modelling interventions on TB detection and transmission dynamics, we propose that the
choice of model should be guided by three factors: (i) Whether the type of model captures the known
epidemiological dynamics of interest, (ii) whether relevant data exists with which to inform and
calibrate the model, and (iii) whether the model design allows for the meaningful modelling of

interventions.

Starting with the epidemiological dynamics of interest, the spread of TB in a community (similar
dynamics apply to COVID-19) can be thought of in terms of two processes. Firstly, there is the natural
history of TB, or the way TB manifests in particular individuals. There is significant heterogeneity in
this regard, with, for example, not everyone exposed to the bacterium becoming sick with TB.
Secondly, there is the process by which people encounter each other and the bacterium is
transmitted. In the real world, this is also a highly heterogeneous process with people meeting at
schools, workplaces, in households, and on public transport. In the first three of these settings, agents
mix with the same group of agents on every timestep and in the last, agents can mix with different

agents on different timesteps.

Modelling of TB and COVID-19 testing or screening interventions should ideally capture both these
natural disease processes and the transmission processes in sufficient detail. In both cases models
should preferably contain the type of heterogeneity seen in the real world. For example, if we consider

that an X-ray may detect TB in a specific person while that person is still asymptomatic, then we’d
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also be interested in the extent to which this early detection results in the person being infectious for a
shorter period of time, and accordingly transmitting TB to fewer people than otherwise would have
been the case. In this way, the early detection of TB in a worker may prevent an outbreak in that
worker’s workplace and home, which in turn can prevent further transmission in the school class
attended by members of the worker’s household. Similarly, TB infection can also spread through
these networks in a comparable manner. Intervention modelling should ideally capture these
transmission and prevention patterns in sufficient detail to allow for the development of emergent
phenomena, rather than simply assuming certain rates and discounting the possibility of any

unexpected dynamics emerging from the complexity of the network.

One way in which such complex transmission dynamics could be modelled is in the form of ABMs that
contain significant social network structure. In such models each person exists as a discrete agent.
The disease process for each agent exposed to a pathogen can be modelled to reflect published
estimates of the natural history of the disease in question, with heterogeneity built in by sampling from
plausible probability distributions rather than assigning the same parameters to all agents. These
agents can then be made to interact within a structured model space in which agents are associated
with specific households and school classes and/or workplaces. In this way the two key processes of
disease progression and transmission in social settings can be modelled simultaneously and in an

interconnected way.

Regarding the available data, the natural history of TB has been widely studied, although some key
parameters remain uncertain. This is a problem for TB modelling no matter the type of model —
although models that take into account the uncertainty arguably provide more realistic estimates (or
ranges of estimates). Though the situation with COVID-19 is somewhat fluid due to the development
of new variants and the impact of vaccination and immunity acquired from infection, the natural history
of COVID-19 has nevertheless been studied extensively and sufficient data has been published with

which to parameterise and calibrate this type of model.

Regarding transmission dynamics there is an emerging evidence base that can be drawn on exploring
the types of settings in which TB transmission is most likely to take place. Such estimates can inform
ABMs in various ways — ABMs can, for example, be calibrated to reproduce transmission patterns
similar to those observed in the published literature. Since SARS-CoV-2 is also largely transmitted
through the air, data on “shared air” (a measure of the extent to which people are breathing the same

air based on in-door CO2 levels) from TB studies can be used to inform COVID-19 models.

Finally, since ABMs operate at the agent level, they allow for the direct implementation of
interventions. For example, when an agent is X-rayed as part of a mass X-ray campaign, the
sensitivity of the X-ray screening is applied to that specific agent and there is a specific and discrete
test result. This is different from models where screening tests are dealt with in the aggregate. When
such ABMs also contain social structure in the form of households, school classes, and so on, they
allow for interventions to occur within realistic networks of agents — thus, as with the modelling of

disease itself, interventions are also modelled with more context and more heterogeneity than would
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be the case in simpler models. ABMs that contain substantial social structure are thus well-suited to

capturing the complex consequences that interventions may have on populations.

A similar argument can be made for modelling the impact of CTI and different test turnaround times
on COVID-19 incidence and mortality using ABMs with social structure. In general, many published
SARS-CoV-2 models are compartmental models rather than ABMs (see for example (19, 20, 21).
Compartmental models (discussed in more detail in chapter 2) describe the movement of people
between different compartments (typically susceptible, infectious, recovered) using ordinary
differential equations. Though significant complexity can be built into such models using various
mathematical techniques and by adding compartments, they do not model at the agent level, but at
the level of groups or compartments — which results in homogenous mixing. This arguably makes
them less appropriate for modelling interventions such as CTI, that by its nature takes place within

complex social networks that are not typically captured in compartmental models.

In contrast to compartmental models, ABMs with realistic social structure can provide a way to explore
the complex network effects and consequences of interventions such as CTI on the transmission of
SARS-CoV-2. By modelling at the agent level, where each agent represents an individual, such
models better account for heterogeneity within populations than is the case with compartmental or
population-level models that by definition model groups rather than individuals. By including structure,
such ABMs can factor in the complex dynamics whereby some agents within a household may be
employed, others might go to school, and others may be unemployed — dynamics that at scale could
lead to emergent effects such as early diagnosis and isolation in schools and workplaces potentially
shielding older unemployed persons at home from infection. In a recent review, four of seven models
investigating CTI for the control of earlier outbreaks of Severe Acute Respiratory Syndrome and/or
Middle-Eastern Respiratory Syndrome were ABMs(26). A review of the literature (see chapter 2),
however, suggests that ABMs with substantial social structure (households, schools, workplaces, and

so on) is an under-explored area of epidemiological modelling.

ABMs with substantial social structure pose at least two significant challenges. Firstly, they are harder
to parameterise and to calibrate since they tend to have more input variables than simpler models.
There is thus a greater risk of the “garbage in, garbage out” problem — though this can also be a risk
with very simple models. More parameters also make it harder to ensure that variables impact each
other in ways that are sufficiently realistic and relevant to the question being explored. Thus, even if it
is not a case of “garbage in”, the output might still be “garbage” if the model fails to capture the
relationship between variables with sufficient accuracy — something that becomes more likely as
models get more complex. This issue with parameterisation and calibration is best thought of as an

epidemiological problem rather than a computing problem.

Secondly, the more complex models become the more computing power is generally needed to run
them. Simulating larger populations, allowing more agent actions per time step, and modelling longer
time horizons also tend to increase computational burden. Improvements in computing power and

affordability over the last two decades have resulted in an increase of complex models such as ABMs
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in the academic literature. But despite these advances, computational burden remains a limiting factor
in the design of ABMs described in the literature (as we will show in chapter 2). That is to say some
decisions in model design are not driven purely by epidemiological or scientific considerations, but by
guestions such as how long it will take to run the model. Part of the problem here is that personal
computers are not yet fast enough, and access to more powerful computing resources not yet
universal enough, to make computational burden irrelevant to model design. Another part of the
problem is that model designers typically use relatively high-level modelling packages that, while
making it easier to design models, do not offer the high execution speed and configurability of
compiled programming languages such as C++. This issue is best thought of as a computing

problem, rather than an epidemiological problem.

Such questions of complex versus simple models can up to a point be dealt with in the abstract, but
there is also value in simply building and parameterising complex models with as much scientific
rigour as possible, seeing what we can learn from the process and subjecting the resulting models to
the scrutiny of the scientific community. This is the approach we’ve taken here.

In short, although ABMs have increasingly been used to model infectious disease interventions, they
have generally, and especially in relation to TB, not included the type of substantial social structure
that may be key to accurately capturing important nuances of how pathogens spread in populations.
ABMs with substantial social structure thus represent an underexplored solution to the problem of
how to optimally model infectious disease interventions with an inherently social component such as

contact tracing.
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Aims of research and research question

The research presented here straddles the intersection of epidemiological modelling and applied
computer science (or scientific computing). Accordingly, our research aims and research questions

contain elements of both fields and does not neatly fit into either.

The principle aim of this work was to develop a complex ABM with substantial social structure and to
use that ABM to explore the impact of several diagnostic interventions aimed at earlier detection of TB
and COVID-19.

In support of this over-arching aim, we set three objectives:

i. To conceptualise and design an ABM with substantial social structure in such a way that
it would allow for the modelling of TB and COVID-19 case-finding interventions.

ii. To efficiently code this model so as to allow for thousands of model runs to be executed
on a personal computer in minutes, and

iii. To use the model to explore three real-world epidemiological questions.

The three real-world epidemiological questions we explored are;

i. What is the impact of four different TB case-finding interventions on TB detection rates,
incidence and mortality?

. What is the impact of varying levels of test frequency and test sensitivity on TB incidence
and mortality? And

iii. What is the impact of contact tracing and isolation and variable test turnaround times on
COVID-19 diagnosis and mortality?

Approach and contribution

To answer the above questions, we developed a model called ABM Spaces. In brief, ABM Spaces is
an ABM with social structure in the form of households, workplaces, school classes, taxis, and city
blocks. It allows for the modelling of several different types of diagnostic interventions within a
heterogeneous population with realistic social structure. It is coded in C++ and hundreds of
simulations can be run in minutes on a standard laptop computer. It is calibrated using, among others,
previously published estimations of tuberculosis transmission patterns in a high-density township in

South Africa. (See chapter 3 for a detailed discussion of ABM Spaces.)

ABM Spaces is freely available on GitHub and can be relatively easily modified by other researchers
to explore similar epidemiological questions to those presented in this dissertation. ABM Spaces is
thus both of value as scientific software that other researchers can use and build upon and as a proof

of concept as to how this specific type of modelling can be done in a compiled language such as C++.
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The aim, however, is not only to develop scientific software, but to show how the software can be
used in a scientifically rigorous way to conduct complex agent-based modelling. Our contribution here
is to present an epidemiological methodology for developing, parameterising, and calibrating ABMs
with substantial social structure. There are relatively few ABMs of this nature in the published
literature and some aspects of our approach to this type of model are, as far as we can establish,
novel. The aim was also to illustrate that this type of modelling work can be relevant to specific real-
world policy questions. Thus, the chapters on TB and COVID-19 diagnostic interventions are aimed at
answering actual policy questions. Much attention was accordingly paid to reviewing the relative TB
and COVID-19 literature and parameterising and calibrating both the TB and COVID-19 versions of
ABM Spaces and ensuring the model design was appropriate to the questions being explored. As a
result, the work presented here also contributes to the literature on epidemiological questions relating

to the optimal diagnostic strategies for TB and COVID-19.

Our chapter on case-finding interventions for TB is novel, firstly, in that it includes sub-clinical TB — a
review article published in 2018 stated that “Most models of TB transmission have not included a
subclinical TB stage, which may constitute half of the average total duration of active TB prior to
treatment.”(10) Secondly, our TB model is one of the first to make use of findings from South Africa’s
first National TB Prevalence Survey (published in 2021). (13) Thirdly, this is one of very few models
we have found in the literature that makes use of an agent-based modelling framework with realistic
social structure to explore the impact of different interventions on TB transmission. It is also the first
study, to our knowledge, which evaluates the impact of contact tracing, mass X-ray screening, and
TUT in a single model and as such provides policy-makers with useful background to consider when

deciding on which early detection strategies to implement.

Our chapter on TB test frequency and test sensitivity is novel in that it models test frequency in the
context of an ABM with social structure and with a sub-clinical TB phase. It identifies that the
relationship between test frequency and TB incidence is not linear and that there is a significant
inflection point at around the four-month mark. Our work suggests that the development of a TB test
that can be administered every three months, or ideally even more frequently, should be a high
research priority. Such frequent administration would require the test to be cheaper and much easier

to administer than currently available TB diagnostics.

Our chapter on COVID-19 diagnosis adds to previously published work exploring the impact of CTI
and TaT using different methodologies. For example, one branch process modelling study found that,
in most scenarios, highly effective contact tracing and case isolation is enough to control a new
SARS-CoV-2 outbreak within three months, but that “the probability of control decreases with long
delays from symptom onset to isolation”. (27) Such delays could, for example, be due to long TaTs.
This branch process model did not contain any compartments or social structure — but merely looked
at how many people would be infected by each infected person (the branching), and how that process
can be controlled with CTI. A similar branch-process modelling study found that “minimising testing
delay had the largest impact on reducing onward transmissions” and suggested that test turnaround

times (TaTs) of less than three days were required to bring the effective reproductive number under 1.
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(28) A model described as a “model of individual-level transmission stratified by setting” found that
CTl in combination with other interventions may contribute to substantial reductions in SARS-CoV-2
transmission. (29) While this model included transmission from infected individuals to individuals in
households, schools and workplaces (based on probabilities derived from real-world data), these
settings were not persistent in the model, and thus did not allow for the full network effect of
transmission chains to be explored. Our findings, first published as a preprint in late 2020, added to
the growing literature on the efficacy of CTI and the importance of test turnaround times for the control
of COVID-19.

Structure of the dissertation

This dissertation is structured as follows:

In chapter 2 we contrast ABMs with compartmental models (the type of model most widely used for
infectious diseases). We then provide a brief overview of the different types of ABMs and
considerations in the design of ABMs. That is followed by a literature review of use of ABMs to
explore questions relating to first TB and then COVID-19 interventions. We focus on the types of
ABMs used, the environments in which agents interact, the complexity of the models, and other key

design choices and trends.

In chapter 3 (methodology) we provide a detailed description of how the ABM Spaces model works,
and we explain the reasoning behind the various design decisions and why we consider ABM Spaces
to be an appropriate model with which to explore questions relating to early TB detection
interventions. We also provide a detailed explanation of how both the TB and COVID-19 versions of

ABM Spaces were parameterised and calibrated. In addition, we discuss the coding of ABM Spaces.

In chapter 4 we present the findings of an implementation of ABM Spaces used to explore the impact
of four TB case-finding interventions on TB detection rates, incidence and mortality. Here we attempt
to make a contribution to a real and urgent health policy question as to which interventions will most
effectively diagnose more people with TB more quickly. The analysis in this chapter illustrates our
core contention that relatively complex agent-based models can meaningfully be used to explore real-
world epidemiological questions and that by coding in a compiled language such as C++, such

models can be sped up significantly to take only minutes.

In chapter 5 we use a lightly modified version of ABM Spaces to explore the impact of variable test
frequency and test sensitivity on TB incidence and mortality. Our analysis here can help inform work

on defining target product profiles for TB diagnostics.

In chapter 6 we present the findings of an implementation of ABM Spaces used to explore the impact
of contact tracing and test turnaround times on COVID-19 infections and mortality. While the core of

the work presented in this dissertation relates to TB, ABM Spaces was first applied to COVID-19 as a
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proof of concept (since modelling COVID-19 transmission in this type of model is simpler than TB)
and since it became apparent that the model might usefully be used to explore certain real-world
dynamics that were of public interest at the time the model was first being coded. Accordingly, an
earlier version of this chapter was previously published as a preprint on medRxiv in October 2020
(having made the work available as a preprint, a decision was taken to focus on the TB chapters of

this dissertation rather than pursuing journal publication). (30)

In chapter 7 we briefly recap some of our key findings and discuss what types of analysis can and

cannot be done with agent-based models such as ABM Spaces.
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Chapter 2 — Agent-based models and their use in modelling TB and COVID-19
interventions

In this chapter we start by contrasting agent-based models with compartmental models. We then
provide a brief overview of the different types of ABMs and considerations in the design of ABMs.
That is followed by a literature review of the use of ABMs to explore questions relating to diagnostic
interventions for TB and COVID-19 respectively. We focus on the types of ABMs used, the
environments in which agents interact, the complexity of the models, and other key design choices

and trends.

How ABMs differ from compartmental models

Much modelling of infectious diseases is done using compartmental models along the lines of a model
first published by Kermack and McKenrick in 1927. (31) The classic example of a compartmental
model is an SIR model, in which people are allocated to compartments labelled “susceptible”,
“infective/infectious” and “recovered/removed”. These models are also sometimes referred to as SEIR
models when an “exposed” compartment is added. Designing compartmental models to have fewer or
more compartments is relatively trivial and compartmental models often have many more than just
three compartments. In compartmental models movement between compartments are defined by
equations. As Vynnycky and White explain in their book An Introduction to Infectious Disease
Modelling, these are typically difference or ordinary differential equations that take into account the
size of compartments and factors like the contact rate between people, the risk of transmission per
contact and the time period for which someone remains infectious. (1) Solving these equations is
trivial using software like the R package deSolve and the computational burden is usually relatively

low.

In their classic form compartmental models are deterministic — which is to say that given the same
initial parameters they will always produce the same outcomes. Initial parameters may be varied to
account for uncertainty regarding the values or to test sensitivity to different parameter values. A
deterministic compartmental model might thus be run many times with varying parameters to produce

a range of outputs.

One key characteristic of compartmental models is that everyone in a compartment is assumed to be
subject to the same rates — for example, if people recover in five days, people might move from the
infectious compartment to the recovered compartment at a rate of 1/5 per day. Accordingly,
compartments can contain fractions — there may for example at a certain time point be 21.4 people
who are in the infectious compartment. While this tendency toward treating people as homogenous

groups makes compartmental models comparatively simple and easy to work with, it does mean that
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compartmental models may not capture certain epidemiological dynamics that result from high

heterogeneity between people, such as some people having more social contacts than others.

Compartmental models can be customised to introduce elements of randomness, referred to as
stochasticity, and to ensure that only whole numbers are reflected in the various compartments. In
practice, compartmental models are modified in a wide variety of ways, can contain elements of other
types of models, can contain elements of heterogeneity, and become highly complex. An example of
a complex compartmental model is the Thembisa model. It is used by the South African government
and UNAIDS for HIV estimates in South Africa. (3) An influential COVID-19 model first published in
March 2020 by researchers at Imperial College London was also a compartmental model — a version

of this model was later published in the journal Science. (32)

Compartmental models are particularly useful in helping people to understand the possible
trajectories that a disease outbreak might take and are often used for this purpose. One review of
COVID-19 forecast models found that, “SEIR models are among the most widely adopted
mathematical frameworks to describe disease dynamics and forecast potential contagion scenarios”.
(33) Such models are also used to elucidate the epidemiological dynamics at play in an outbreak or

epidemic and to estimate the potential impact of interventions such as vaccination or quarantine.

As with any other model however, the usefulness and accuracy of compartmental models depend on
the accuracy of the model parameters and availability of data for calibration — which in the case of
COVID-19 was particularly uncertain in the early stages of the pandemic, while data used for the HIV
model mentioned above are much more reliable. Typically, compartmental models have the benefit of
relying on a relatively small number of parameters. They are thus comparatively simple to

parameterise, as long as reliable parameter estimates are available.

While compartmental models remain the cornerstone of infectious disease modelling, there are many
types of modelling being used — a review of COVID-19 prediction models identified machine learning
models, regression models, and long short-term memory models, among others. (33) Our focus here
is on agent-based models (ABMs). We contrast ABMs with compartmental models as a means to

explain how they work, but also to lay the foundation for our later explanation of why we chose ABMs

to address the research questions in chapters 4, 5, and 6.

ABMs — also sometimes called individual-based models or microsimulations — differ from
compartmental models in that they model at the agent level rather than at the compartment level —
which is to say processes in the model impact agents individually rather than as groups or
compartments of agents. Vynnycky and White say of ABMs, which they call individual-based models:
“These track what happens to each individual in the population and allow chance to determine
whether or not they become infected and infectious at each time step (i.e. an individual-based

approach).” (1) This “chance” element is why ABMs are classified as a form of stochastic modelling.

According to Railsback and Grimm, ABMs are:
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“‘models where individuals or agents are described as unique and autonomous entities
that usually interact with each other and their environment locally. Agents may be
organisms, humans, businesses, institutions, and any other entity that pursues a
certain goal. Being unique implies that agents usually are different from each other in
such characteristics as size, location, resource reserves, and history. Interacting
locally means that agents usually do not interact with all other agents but only with
their neighbours in geographic space or in some other kind of ‘space’ such as a
network. Being autonomous implies that agents act independently of each other and
pursue their own objectives.”(34)

At a most basic level, we propose that an ABM is a model in which (i) every individual is associated
with a unique ID and at least one state variable and (ii) in which at least some individuals’ state

variable(s) can be impacted by risk factors or by other individuals over time.

A key characteristic of ABMs is that they allow for modelling with much greater heterogeneity than
compartmental models. For example, rather than subjecting everyone in a compartment to a certain
rate that encapsulates the combined risk of infection, every single agent is individually exposed to a
risk and it is calculated for each agent individually whether or not infection takes place. This property
of exposing each agent to a risk, combined with the mediation of contact between agents through
social structure can result in models that more closely capture the real-world dynamics of how
disease spreads within social networks. This is why Vynnycky and White write, “One advantage that
these models have over less structured deterministic models, is that they can be used to explore the

impact of interventions targeted at the household, school or workplace.”(1)

The ability to model in more detail and with more nuances comes at a cost. The number of
calculations involved in running an ABM tends to be orders of magnitude more than in compartmental
models. This is because on each timestep all or most of the agents in the model are potentially
subject to unique calculations, however simple or repetitive those calculations may be. In
compartmental models, by contrast, there is roughly an equal number of equations per timestep as
the number of links between compartments in the model. It is possible that an SIR model may have
only two equations to solve per timestep, even if it is modelling a population of 10,000 people — while
an ABM modelling 10,000 people may in some manner have to consider each of those 10,000

individuals on each timestep.

ABMs may also require greater complexity in various other design aspects. While in a compartmental
model contact between people can be abstracted to a rate defined by a differential equation, ABMs
will typically function at a lower level of abstraction and let chance play a greater role in determining
whether two agents encounter each other and whether transmission takes place. By modelling at a
lower level of abstraction, more parameters may be needed and accurate model calibration may
become harder. As stated by Vynnycky and White, “the obvious disadvantage of such highly
structured models are that they are difficult to set up and they can be slow to run. A further challenge

is that the most detailed models require many input parameters (some of which are not readily
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available). As the number of input parameters increases, it becomes increasingly more difficult to
elucidate the contribution of a given input parameter on the overall outcome, and thus many
simulations may need to be run in order to obtain useful predictions.”

Vynnycky and White point out that “with the development of fast computers, these disadvantages
should become less of a problem in future.” While faster computers are indeed transforming this field,
we propose that there is also considerable progress to be made through better and more efficient
scientific programming — an element that has arguably been neglected in the ABM literature. In fact,
one of the key objectives of the work presented in this thesis is to illustrate that efficient coding of
highly complex ABMs in a low-level language such as C++ allows for thousands of model runs to be

executed in a matter of minutes on standard hardware.

The trade-offs between the complexity of ABMs and the relative simplicity of compartmental models
has at times lead to academic disagreement. For example, in 2014, Williams wrote in response to an
ABM-based paper by Hontelez and colleagues (35) that “their more complex models rely on
unwarranted and unsubstantiated assumptions”. (36)

Types of ABMs

ABMs can range widely in size, ranging from ABMs with only a handful of agents (e.g. a hospital
ward) to ABMs with many thousands of agents (e.g. a suburb or city). In addition to the number of
agents, ABMs can also differ widely in how much complexity is assigned to agents. In some models,
agents may have only a few state variables each, while in more complex ABMs, each agent might be

associated with tens or even hundreds of variables.

There are typically two types of processes that impact an agent’s state variables in an ABM. Firstly,
there are processes internal to agents — for example, the process by which an agent exposed to a
virus may over time transition to becoming infectious and then recovered. These processes can be
thought of as internal since, once initiated inside an agent, the process unfolds without reference to
the world outside of the agent, unless the process is modified through a specific interaction with the
outside world. There is significant variability in the complexity of such internal processes in ABMs. For
example, some infectious disease ABMs may simply let all agents be infectious for a fixed number of
days — while more complex models may build in multiple disease stages and determine the time spent
in each stage by sampling from probability distributions based on the published literature on the

natural history of the disease in question.

Secondly, there are processes by which agents encounter other agents or environmental conditions in
the model world (We use the term “model” to refer to the entire model and we use the term “model
world” to refer only to the environment or space in which agents in the model interact.). A susceptible
agent might for example encounter an infectious agent and may or may not get infected — if infection

does take place, it may then initiate an agent’s internal disease process. Models differ both in how
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they determine which agents encounter each other and in the mechanisms used to determine

whether or not transmission takes place during these encounters.

Determining which agents encounter each other largely depends on the structure or shape of the
model world. Some models, for example, make use of a linear space whereby all agents are situated
along a line. In such models, an agent may for example only ever encounter agents that are within 10
positions of them on the line. Alternatively, agents could be distributed across a grid or lattice and only
ever encounter their neighbouring agents. Agents can also be distributed over more complex two- or
three-dimensional shapes and in more complex algorithmically determined networks. In some models,
agents can interact randomly with other agents and with agents far away from them. Models also
differ in whether all agents have the same number of social encounters or whether some agents have
more than others. Rather than letting agents exist in a linear or multi-dimensional space, some ABMs
create realistic social network structures by letting agents be associated with specific households,
workplaces or school classes. ABMs can also be spatial — which means agents encounter each other
in a two- or three-dimensional space analogous to a real-world setting.

There are several methods for determining whether or not transmission takes place during an
encounter between agents. Most methods rely on randomly drawing a number and then checking
whether that number falls into a certain range. For example, when a susceptible agent encounters an
infectious agent and the risk of transmission during an encounter is set to 20%, a number might
randomly be drawn from the range 0 to 1 — if the number drawn is less than 0.2, transmission takes
place, and if it is greater than 0.2, transmission does not take place. While this example applies to
direct encounters between agents (relevant e.g. to sexually transmitted infections), encounters can
also be mediated by environments such as hospital wards, households, or workplaces. In such cases
the risk of a susceptible agent in an environment contracting a disease is impacted not only by the
infectiousness of the disease, but also by the number of infectious agents in the environment and the
likelihood of encountering them. In its simplest form the risk of a susceptible agent in such an
environment contracting a disease would be a certain infectiousness factor times the number of
infectious agents in the environment (such a design may for example be relevant when modelling the
transmission of airborne pathogens like tuberculosis in small, shared spaces where doubling the
number of infectious agents can lead to double the amount of TB bacteria in the air). But since the
risk of transmission of a pathogen in a ward may in many cases not in fact double if four as opposed
to two people in a ward are infectious, Vynnycky and White propose instead using the Reed-Frost
formula. The Reed Frost formula states that the risk of transmission is equal to 1 — (1 - p)' — where | is
the number of infectious agents in the environment and p indicates the risk of a contact between a
susceptible and an infectious agent resulting in transmission. (1) Any number of other formulas could
also be constructed. The choice of formula should ideally be guided by an assessment of how the

pathogen being modelled is in fact transmitted in the real world.

ABMs also differ in the timesteps used in simulations — typically days, weeks, or months. While
models are configurable, analyses reported in the published literature describe a certain number of

model runs, each for a certain duration of time (time in the model world). In general, larger, more
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complex models with shorter timesteps will run more slowly and may accordingly in some cases be
run for shorter periods, with smaller numbers of agents, and with smaller numbers of model runs. As
pointed out by Vynnycky and White, “the number of runs needs to be balanced against computational
burden”. (1)

Finally, ABMs can be built or coded in many different ways. Some software packages like NetLogo
(37) and AnyLogic (38) allows for ABMs to be designed using a combination of coding and use of a
graphical user interface. Some programming languages like Python and Java have packages that
provide tools with which to build ABMs. ABMs can also be developed in programming languages such
as Python, Java, Julia and C++ without using ABM-specific packages. In deciding between these
options, several trade-offs have to be considered. Using high-level packages may allow for ABMs to
be developed quickly but will tend to be less customisable and to result in slower code. On the other
hand, coding directly in a programming language will take longer, but will provide essentially unlimited
customisability and probably faster code. In addition, developing an ABM in a compiled language like
C++ is likely to take longer than doing so in a higher level, uncompiled language such as Python, but
a model coded in C++ is likely to run much faster than one coded in Python. Either way,
computational burden is not only a product of the model itself, but also of how efficiently and in what

language the model is programmed.

How ABMs have been used to explore tuberculosis interventions

We conducted a literature review of how ABMs are being used to explore questions relating to TB
interventions. We focus on the types of research questions that ABMs are used for, the model worlds
in which agents interact, the complexity of the models, and other key design choices and trends. We
searched PubMed and Google Scholar for the terms “tuberculosis” and “agent-based model” or
“individual-based model” or “microsimulation”. We restricted search findings to peer-reviewed articles
and sifted out articles that were not about TB interventions. We paid particular attention to articles
published in leading medical journals. We included systematic reviews in our analysis. Our review is
not systematic in the sense that we did not count and classify all models found in our search — rather
than exact quantification, our purpose was to identify broad trends in the use of ABMs for modelling

TB interventions.

Infectious disease ABMs have become more popular in recent years, although it is not clear whether
TB ABMs in particular have become more popular. In a review of agent-based models applied to
infectious disease interventions, Willem et al. found an increase in peer-reviewed, published papers
from 38 in 2006 to 115 in 2016. Of the 698 papers covered in their analysis, only 26 included TB in
some way. (39) According to Kasaie et al., “The literature on application of agent-based simulation

models in the study of TB” is “quite limited”. (40)
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The TB ABMs we reviewed can broadly be divided into three categories: (i) ABMs investigating the
impact of interventions relating to TB diagnosis, prevention, treatment or vaccination, (ii) ABMs
investigating costs or cost-effectiveness (we don’t go into much detail on these since cost-
effectiveness is outside the scope of this dissertation), and (iii) ABMs designed to elucidate

transmission dynamics, rather than modelling interventions (also not a key focus of our work).

Much of the TB intervention modelling we reviewed was concerned with TB case-finding strategies
such as contact tracing and testing people for latent TB infection. A systematic review published in
2013 found five TB models (of all types) that included contact tracing (41). Of the five models, only
one was an ABM. None of the five models included sub-clinical TB as an intermediary stage between
latent TB and active TB disease, as done in the TB version of ABM Spaces. There has, however,
been more contact tracing TB ABMs since that review. A study published in 2014 examined the
impact of contact tracing and preventive therapy in an ABM consisting of 2,000 households with one
to 10 members each. Agents in this model encountered other agents in their household and select
other agents in the community. The model had a timestep of one month. The model did not include
other settings such as schools or workplaces and disease progression did not include a sub-clinical
state. (42) Another ABM published in 2013 designed to explore the efficacy of contact tracing
interventions modelled populations of 15,000 agents in an algorithm-generated network structure, that
did not explicitly model households, workplaces or other environments. (43) Similar testing and
contact tracing interventions were explored in an ABM closely modelled on a Canadian community of
just under 9,000 people. This model contained households split into seven different communities, with
some limited movement between communities. Disease progression in this model included latent and
active stages, but not a sub-clinical stage. (44) Another ABM explored the impact of interventions like
early diagnosis and isolation in simulated populations of just over 100,000 agents situated on a
square lattice (317 by 317), with simulations run for 100 years in model time. (45) This latter study is
the largest we’ve found in both terms of the size of the population modelled and the period of the
simulation. A study published in 2019 estimated the impact of testing people in California for latent TB
and treating people who test positive with TB preventive therapy. The ABM used in this study had a
population of 30,000, but agents were not divided into households, workplaces or other settings.
Agents in this model were more likely to have contact with agents of the same race. The risk of TB in
this study was impacted by a variety of factors, such as whether an agent smokes or has diabetes.

Each of the study’s scenarios were run 250 times. (46)

We found several examples of ABMs being used to estimate the cost-effectiveness of TB
interventions — including for treatment shortening (45-46) and urine testing in hospitals,(47-48), but
relatively few that focussed on the clinical impact of novel new treatments or diagnostics. One study
published in 2017 estimated the impact a hypothetical TB vaccine may have if provided to gold miners
in South Africa. The study divided agents between the mine and the community and agents could
move between the two settings. Agents in the model could be HIV positive, which increased their risk

of developing TB. The various scenarios in the model were run for 20 years — and given this long
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duration, the model also included births and deaths. A total of 216 000 model runs were used for the

study. (51)

TB ABMs that model at facility or ward-level are rare. One such model estimated the impact of

different interventions, such as opening doors and windows, on the risk of TB transmission at health
facilities in South Africa. (52)

In some cases, TB ABMs were not used to explore the impact of interventions, but to better

understand epidemiological dynamics. One study, for example, used an ABM to explore the timing of

TB transmission after an agent becomes infectious and estimated that nearly half of TB transmissions

occur after an individual has already been infectious for over one year. (40) ABMs were also used to

estimate the timing of TB disease progression and recovery (53) and to explore the impact of multiple

exposures to TB, or so-called complex contagion. (54) Finally, an innovative ABM was used to

estimate the impact of poverty, poor nutrition, and poor access to healthcare services on TB

outcomes. (55)

Table 1: Key characteristics of recently published TB ABMs

same race and

nativity)

Study Research Model Population Timestep Model runs
area environment size per scenario
Tien et al. Contact Algorithm- 15,000 agents 1 year (but 900
2013 tracing generated with com-
network plications)
Kasaie et al. | Contact Households 2,000 house- 1 month 1,020
2014 tracing and and community | holds (roughly
preventive 10,000 agents)
therapy
Tuite et al. Testing and Households 8,952 agents NA 100, 200,
2017 contact and 1,500, and
tracing communities 5,000)
Espindola et | Early Square lattice 100,000 agents | 1 day NA
al. 2017 detection and
isolation
Goodell et al. | Testing and No structure 30,000 agents 1 month 250
2019 preventive (More likely to
therapy encounter

Caption: This table shows selected TB ABMs published since 2010 that modelled TB interventions. It excludes

cost effectiveness studies and studies that used TB ABMs to explore transmission dynamics in the absence of

interventions.

Our review suggests the following broad conclusions:
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Firstly, comparatively few papers based on TB ABMs have been published. Those that have been
published were often concerned with early case finding interventions, the cost effectiveness of
interventions, or with elucidating aspects of the epidemiological dynamics of TB transmission.

Secondly, while there is some variation in the size of populations modelled in TB ABMs, population
sizes were mostly in the range 2,000 to 100,000. If there are TB ABMs that model populations of

hundreds of thousands or millions of agents, they are rare and did not appear in our search results.

Thirdly, we found significant variation in how TB ABMs are structured and the rules by which agents
encounter each other. Model spaces included, among others, a square lattice, an algorithm-generated
network, and several models that associated agents with specific environments such as households.
Of the TB ABMs with explicitly defined environments such as households, models often contained

only one or two environments — e.g. household and community or the mines and the community.

Fourthly, we found wide variation in the complexity of agents and the interplay of agent attributes with
the risk of TB transmission or TB disease. In some TB ABMs, agents had long lists of attributes that
impacted the risk of TB disease, including smoking, diabetes, and HIV status, while in others, agents
had very few attributes. The risk of TB transmission was mostly determined through relatively simple

equations, but in at least one instance (52) the more complex Wells-Riley formula was used.

On the whole, TB ABMs had greater complexity regarding agent attributes and transmission dynamics
than we anticipated, but less complexity than anticipated regarding social structure. One reason for
this may be that reliable demographic estimates can often be used to, for example, determine how
many agents in a population should be diabetic, while reliable estimates of contact patterns and social
structure are much harder to find and to calibrate for. In addition, complex social structures or contact

patterns may also be more difficult and time-consuming to programme efficiently.

How ABMs have been used to explore COVID-19 interventions

We conducted a literature review of how ABMs are being used to explore questions relating to
COVID-19 interventions. As with TB, we focus on the types of research questions that ABMs are used
for, the model worlds in which agents interact, the complexity of the models, and other key design
choices and trends. We searched PubMed and Google Scholar for the terms “COVID-19” or “SARS-
CoV-2” and “agent-based model” or “individual-based model” or “microsimulation”. We restricted
search findings to peer-reviewed articles and sifted out articles that were not about COVID-19
interventions. We paid particular attention to articles published in leading medical journals. We
included systematic reviews in our analysis and draw heavily on them in the below section, given their
depth and quality. Our review is not systematic in the sense that we did not count and classify all
models found in our search — rather than exact quantification, our purpose was to identify broad

trends in the use of ABMs for modelling COVID-19 interventions.
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Since the emergence of COVID-19 in 2020, there has been a rapid proliferation of studies using
ABMs to explore questions relating to the spread and containment of SARS-CoV-2. A review study by
Lorig et al. published in June 2021 found that such ABMs are “widely used” and identified 126 studies
(including preprints) that used ABMs to explore COVID-19 transmission processes. A review by
Zhang et al. published in August 2022 identified 275 COVID-19 papers based on ABMs. (56)

Lorig et al. wrote that: “Existing models are very heterogeneous with respect to their purpose, the
number of simulated individuals, and the modelled geographical region as well as how they
model transmission dynamics, disease states, human behaviour, and interventions. To this end,
a discrepancy can be identified between the needs of policy makers and what is implemented by
the simulation models. This also includes how thoroughly the models consider and represent the
real-world, e.g., in terms of factors that affect the transmission probability or how humans make

decisions.”(57)

The Lorig review found that 94.4% of the COVID-19 ABMs they identified modelled the impact of
NPIs (at the time they conducted their literature search in late 2020 pharmaceutical interventions
such as vaccines and antiviral treatments were not yet available). (57) By the time of the review
by Zhang et al. there were many more COVID-19 ABMs exploring pharmaceutical interventions.
(56) Lorig et al.’s review found 47.6% of studies analyse the effects of quarantining and isolation
of (potentially) infected individuals and 44.4% analyse social distancing. “Testing (33.3%) and
tracing (31.0%) are often analysed together, such that tracing of contacts results in them being
tested and quarantined if necessary. More than half of the articles that implement either of these
two NPlIs (54 articles, 42.9%) include both of them,” they wrote. (57)

In our review we found many studies that explored specific interventions such as the impact of
closing or reopening schools (56-57) or contact tracing (60) or that explored SARS-CoV-2
transmission in specific settings such as hospitals, (59-60) supermarkets, (63) care homes (64),
schools, (65) or a shop and bar (66). Other ABMs cast the net wider and modelled at the city ) or

national (67-68) level.

In terms of how COVID-19 ABMs handle disease states and disease progression, the Lorig
review found that 63.5% of models include an incubation period, 47.6% distinguish between
being symptomatic and asymptomatic (which can either be consecutive or exclusive), 34.1%
define states for severely ill, and 23% for critically ill individuals that require hospital or ICU

treatment.

Transmission risk is handled in a wide variety of ways and with widely varying complexity in the
models surveyed by Lorig et al. They found that 27.8% of the surveyed models include location-
specific transition probabilities. (57) While the processes determining whether or not transmission
takes place are generally relatively simple, our review identified highly sophisticated approaches

in some studies, particularly if the focus is on understanding of transmission in a specific setting.
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One study, for example, used a modified version of the Wells-Riley formula to model

transmission in a shop and bar. (66)

The world in which agents interact also differed widely. Unlike with TB, a substantial number of
COVID-19 models are spatial models that attempt to recreate key elements of how and where

people interact in the real world.

Finally, the size of modelled populations in the Lorig review ranged from as little as six to as
much as 60,000,000. They found that, of the models that provide information on the population
size, 7.3% consist of less than 500 agents and 12.8% of more than 5,000,000 — with the majority
in between. The median population size in their sample was 30,000. “The considerable
difference in population size results from a multiple of the aforementioned aspects. Usually, a
trade-off needs to be made between the level of detail of the modelled individuals, as well as the
complexity of their behaviour, the time step size, and the number of simulated individuals ...
Finding a suitable balance between level of detail and number of individuals strongly depends on

the interventions that are studied.” (57)
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Chapter 3 — Methodology: The ABM Spaces model, choices behind its design,
and its calibration

In this chapter we provide a description of how ABM Spaces works, and we explain the reasoning
behind the various design decisions and why we consider ABM Spaces to be an appropriate model
with which to explore epidemiological dynamics relating to interventions for TB and COVID-19. We
also provide some detail of the coding of ABM Spaces and show in detail how both the TB and

COVID-19 versions of the model are calibrated to real-world data.

What is ABM Spaces?

ABM Spaces is a complex agent-based model (ABM) coded in C++. The aim of ABM Spaces is to
allow for the modelling of infectious disease interventions such as contact tracing and various testing
strategies in heterogeneous virtual populations that contain significant and relevant social structure.
We have developed both TB and COVID-19 versions of ABM Spaces.

The term "spaces” is used to denote the fact that transmission is not directly from agent to agent, but
from agent to agent via environments or spaces. This means that at any timestep in the model every
environment has a transmission risk associated with it that all agents in that environment are exposed
to. The degree of risk in an environment is determined by the number of infectious agents present in

that environment on that timestep and by a setting-specific inherent risk factor (described later).

These spaces, or environments, are what gives the ABM Spaces’ model world its social structure.
There are five types of spaces in the model: households, workplaces, school classes, city blocks, and
taxis (a place-holder for public transport more generally). The first three represent relatively
assortative forms of mixing, while the latter two provide the model with more generalised forms of
mixing. These five spaces were chosen since they have been used in real-world studies of TB
transmission — our blocks space can also be classified as “other households”. (71) These spaces are
best thought of as groupings — that is to say that agents are associated with them, but do not move
between them in a two- or three-dimensional space as would be the case in a spatial model. An agent
of school-going age would, for example, be associated with a specific household and a specific school

class and would be exposed to the transmission risk in those spaces.

At the start of every simulation, the model generates a series of specific households, blocks, school
classes and workplaces — so that each household, for example, has a unique identifying number and
a list of the agents associated with that household. These spaces are generated in such a way as to
meet certain demographic parameters, so that, for example, the number of agents associated with
workplaces is in line with the employment rate. Below we provide more details on the five types of

spaces:
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Households: All agents in the model have to belong to a household. Agents are divided into
households based on a user-defined average household size parameter (the size of individual
households is determined by sampling from the range 2 to (2 * average household size) - 2.). When
new agents are born, they are allocated to existing households. The number of households in each
simulation thus remains stable.

e Workplaces: Based on employment statistics, a certain percentage of agents are allocated to
workplaces. The size of individual workplaces is determined using a similar sampling process
to that used for households, although the model makes provision for much larger workplaces
than households. When employed agents die or reach retirement age, they are replaced in
their workplace by an unemployed agent of working age. The number of workplaces and
employed agents thus remains stable in each simulation.

e School classes: All agents of school-going age are allocated to school classes. The size of
school classes is determined by a user-defined parameter (set to a default maximum of 40).
At the end of each year the school classes containing school-leavers are destroyed and new
classes are created for agents newly starting school.

e Blocks: Blocks are simply collections of households. In the default configuration 40
households constitute one block. The utility of blocks is to allow for some limited generalised
mixing of the kind one may find between people who live on the same city blocks in the real
world.

e Taxis: Taxis are newly generated on every timestep so that agents can be in a taxi with
different people on different days or in different weeks — thus allowing for a greater degree of
generalised mixing in the model than that achieved through blocks. Taxis can be seen as
standing in for public transport and similar forms of generalised mixing (the title taxis is used
since taxis are the most common form of this kind of mixing in the type of community we are
interested in). Only a certain percentage of the population will use taxis in any given week. It
is more likely for employed persons and school kids to take taxis.

Both the TB and COVID-19 versions of ABM Spaces contain all five of these environments, but since
the COVID-19 version is run for less than a year, it does not include births, natural deaths, and

starting or leaving school or employment.

Agents mostly remain associated with the same spaces over time. In some instances, agents can
temporarily be removed from a space — for example when an agent who is sick temporarily stops
going to work or when an agent is isolated or quarantined following a positive diagnosis or by having
been identified through contact tracing. More permanent removal from spaces can occur through
death, leaving school, or retirement. Agents can enter spaces by starting school or entering a new
job.

As noted in chapter 2, most TB ABMs that we reviewed that make use of such environments contain
only one or two environments. Depending on the research question, one or two environments may be

sufficient, but for certain types of research questions four or five may be needed. This may be
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particularly important for interventions such as contact tracing, which in the real world is highly
dependent on social networks. Indeed, in their systematic review of TB models used to evaluate the
impact of contact tracing, Begun et al. advise: “As contact tracing is necessarily an activity based
around individuals, more detailed approaches require inclusion of individual characteristic in models.
Elements which may need to be considered include incorporation of close as well as casual contacts,
location-based clustering (such as within households, schools or workplaces), age-related
associations, communal contact structures, and historical contact information.” (41) While ABM
Spaces does not meet all these recommended criteria, its implementation of “location-based
clustering” in “households, schools and workplaces” is more complete than any other TB ABM we

have reviewed.

Regarding social structure and the model world, the COVID-19 version of ABM Spaces is harder to
distinguish from COVID-19 ABMs in the literature given that these vary widely and there are relatively
few norms. Our impression, however, is that most COVID-19 ABMs in the literature either contain
significantly less social structure than ABM Spaces, or involve significantly more complex model
worlds, often with a spatial element and calibrated using geospatial data, for example from mobile
phones. Though not unigue, COVID-19 ABMs in which transmission is mediated through more than
two or three types of spaces or groups, as in ABM Spaces, are relatively rare and might be seen as

something of a middle-ground in terms of model complexity.

ABM Spaces can be adapted and parameterised to explore infectious disease dynamics for several
different infectious diseases where transmission is mediated through spaces and parameterised for a
wide variety of populations. In the work presented here it has been parameterised to simulate a
hypothetical South African township community very loosely based on Masiphumelele outside Cape
Town. Masiphumelele can be seen as a stand-in for a generic, relatively closed South African
township community of 10,000 to 20,000 people and our work should thus have some generalisability.

Since ABM Spaces contains substantial stochasticity, we report means and uncertainty ranges for all
key findings. Unless otherwise stated, all ranges are 95% ranges (percentile 2.5 to 97.5). For the
analyses in chapters 4 and 6 each scenario is run 10,000 times. For the analysis in chapter 5 each

scenario is run 1,000 times (see chapter 5 for the reasoning behind this lower number).

Model structure

Though the structure of ABM Spaces is somewhat complex, its basic building blocks are straight-

forward.

As described above, the model world consists of a large number of spaces, each with its associated
agents. Though this model world can and does change somewhat over time (more so in the TB

version of the model), it is largely determined at the beginning of each simulation.
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In this model world two types of processes, pathogen transmission and disease progression, then
begin and continue on each timestep for the duration of the simulation. The pathogen transmission
process involves counting the infectious agents in each space in the model and then exposing
uninfected agents in those spaces to the appropriate risk of becoming infected. The disease
progression process involves letting disease progress appropriately within each agent, for example
letting an agent’s latent TB infection progress to sub-clinical disease after a certain number of weeks.
In this way, an agent may for example as part of the pathogen transmission process become infected
with TB due to a high risk in his school class. The disease progression process within that agent will
then be started and the agent may accordingly become infectious several months later. Once
infectious, the agent will then contribute to the transmission risk in the settings with which he is
associated. In this way, the pathogen transmission and disease progression processes together, and
in the interaction between them, form the basis for our model of the epidemiology of an infectious

disease in a community.

Attributes of agents in ABM Spaces

Each agent in ABM Spaces has a lengthy list of attributes. These include the agent’s age, the agent’s
association with specific environments, and a series of disease-related attributes or state variables.
Agents in the version of ABM Spaces adapted for COVID-19 (described in chapter 6) have a set of
COVID-19-related attributes — for example defining whether or not they are infectious on a specific
timestep. Agents in the version of ABM Spaces adapted for TB (described in chapter 4) have a longer
set of attributes relating to TB and HIV disease states and susceptibility. HIV is included here, since
uncontrolled HIV infection increases the risk that someone with latent TB infection will develop active
TB disease. Neither version of the model currently includes gender, though the meaningful inclusion

of gender is a priority for future work.

In the TB version of ABM Spaces, the model lets agents age over time. This is because TB disease
progression is very slow and the meaningful modelling of interventions often require the simulations of
multiple years (10 years in the TB model). Since COVID-19 is a much faster moving infection, the
COVID-19 version of the model only runs for 270 days and accordingly agents in that model do not
age. Leaving the ageing routine out of the COVID-19 version of the model is an example of how a

model can be simplified, and speeded up, to suit the question being explored.

As explained in the previous section, agent associations with environments can change over time,

either due to ageing, death, quarantine and isolation, and, in the COVID-19 version, hospitalisation.

Finally, ABM Spaces also keeps track of a lengthy list of indicators relating to each agent. These are
mostly to allow for tracking and analysis. For example, the model keeps track of the type of

environment in which each agent with TB infection became infected, thus allowing for aggregate
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statistics on where agents got infected — which, as we will see, is important for model calibration. The

model also keeps track of things like how many times an agent has been tested.

Population size

ABM Spaces can be configured to simulate populations of any size, but in the TB and COVID-19
analyses populations of 20,000 and 10,000 are used. Our choice of population size is primarily driven
by the fact that our aim is to model the impact of interventions at the level of a single community or
township. This is in part because (i) calibrating the model at the level of a single community can be
done more credibly than for larger more complex communities, but also because (ii) in our judgement
a population of 20,000 is sufficiently large for the meaningful exploration of the dynamics we are
interested in (additional agents would add complexity and slow the model down without providing
benefit) and (iii) we are sceptical that the relative uniformity of a population of 20,000 or 10,000 could
be assumed for larger populations — which is to say that when creating larger populations simply
increasing the number of agents would not be sufficient and to keep the model roughly realistic
various sub-populations with, for example, variable employment rates, may be required (once again

introducing additional complexity without clear benefit for exploring our research questions).

As noted in chapter 2, most TB ABMs we reviewed had populations in the range 2,000 to 100,000,
while populations in COVID-19 ABMs ranged from 6 to 60,000,000 (with a median of 30,000). Our TB
and COVID-19 analyses thus falls squarely in the typical range of population sizes in TB ABMs.

Given the population sizes used in our work there is a possibility that stochastic fade-out may occur in
some model runs. We have however not observed this happening, likely due to the fact that the
number of initial infections in our model is high enough to make stochastic fade-out extremely
unlikely. We have included uncertainty ranges for all key model outputs, in part to provide insight on

the presence and absence of such unexpected effects.

Modelling two processes

As argued in chapter 2 and briefly described in the ‘model structure’ section above, the two key
processes in this type of ABM are the process by which disease progresses in individual agents and
the process by which pathogens are transmitted from agent to agent within a structured model world.
Modelling these processes simultaneously, efficiently, and in an interconnected way is the key

programming challenge and source of complexity in ABM Spaces.

The disease progression process in ABM Spaces works as follows: On the timestep that an agent
becomes infected with a disease pathogen a series of disease progression parameters are drawn

from probability distributions based on the published literature. The parameters indicate whether and
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on which dates certain disease progression events, such as becoming infectious or requiring
hospitalisation, will occur in the absence of treatment (in chapters 4 and 6 we provide details of how
these processes work in the TB and COVID-19 versions of the model). In this way, an agent’s future
disease trajectory is mapped out on the timestep that the agent becomes infected. These dates are
not set in stone and can be changed by interventions — so that, for example, an agent that was
scheduled to die may live if diagnosed and started on treatment. There are two advantages to
mapping out an agent’s future trajectory like this — as opposed to an alternative whereby no future
dates are drawn and agents are simply exposed to certain risks on every timestep. Firstly, it is
computationally much less intensive since sampling happens once rather than on every timestep.
Secondly, it allows for the relatively straight-forward sampling from appropriate probability
distributions — though essentially the same effect can be achieved with sampling on every timestep,
doing it in that way would require the extra step of transforming the probability distributions into daily
risks.

In some important respects, the TB disease process in ABM Spaces is more detailed than TB ABMs
reviewed in chapter 2. For example, none of the TB ABMs that we reviewed included a sub-clinical TB
stage as we do in the TB version of ABM Spaces. Also, while some TB ABMs that we reviewed did
allow for sampling from probability distributions, this was by no means the norm. By contrast, disease
progression in the COVID-19 version of ABM Spaces is fairly typical, although including an
asymptomatic state and hospitalisation places it toward the more complex/realistic end of the

spectrum.

As mentioned earlier in this chapter, the transmission processes in ABM Spaces are not from agent to
agent, but from agent to space to agent — or more precisely, infectious agents increase the risk in
specific spaces and other agents associated with those spaces are then exposed to that risk. On
every timestep, the model calculates the transmission risk for every specific space. The transmission
risk is the product of two factors: the number of infectious agents associated with that space, and the
inherent risk parameter associated with the type of space. The five types of spaces each have
different inherent risk parameters (the calibration section below explains how these inherent risk
parameters are calibrated). On each timestep, the model cycles through all spaces and exposes all
uninfected agents to the transmission risk in those spaces. Should transmission take place, the newly
infected agent is started on the disease process (described above) — which in time may lead to the
newly infected agent also becoming infectious and in turn exposing members of its associated spaces

to an increased transmission risk.

To determine whether or not an agent becomes infected on a specific timestep in a specific space,
the model draws a random number between 0 and 1 and then checks whether the number falls within

a range that would let infection occur (in line with the approach described by Vynnycky and White). (1)

In both the TB and COVID-19 versions of the model, the range is determined by the following formula:

r=1—-(01-)"
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Where n is the number of infectious agents in that space on that timestep and i is the inherent risk

parameter for the specific type of space, which is always a number between 0 and 1.

There is thus a value of | for each type of setting in the model — in for households, iw for workplaces, is
for schools, it for taxis, and i» for city blocks. If the inherent risk parameter for households is 0.05 and
there are two infectious agents in a specific household on a specific timestep, the risk range in that
household on that timestep would be calculated as follows: r = 1 — (1 — 0.05)% = 0.9025. For each
member of the household a random number between 0 and 1 would be drawn and if that number is

lower than 0.0975 the agent will become infected.

As explained in more detail in the calibration section, the five values of | are not directly
parameterised based on published data. Instead, the five values of | are simply those values that
result in the right number of infections occurring over time in the various types of settings, as

estimated in the literature.

The formula is slightly different for some settings and in some cases agents can be treated differently.

In the TB version, for example, agents with sub-clinical TB are half as infectious as agents who are
symptomatic. Such agents contribute only 0.5 to the ninthe r = 1 — (1 — i)™ calculation. ABM

Spaces defaults to the Reed-Frost equation since it is recommended by Vynnycky and White (1) as

the standard for such models, but it could easily be adapted to apply novel formulas.

In the COVID-19 version of ABM Spaces the risk of dying from COVID-19 is impacted by an agent’s
age. In neither the TB or COVID-19 versions however is transmission risk directly impacted by age,
though there is some indirect impact since the calibration of the setting specific risk is based on
estimates of real-world transmission of TB in such settings, which will in part be driven by differing
levels of infectiousness between for example school-going children and working adults. Current
versions of ABM Spaces include gender, but gender does not impact transmission risk or disease

progression. Adding this is a priority for future work on the model.

Rationale behind network properties, heterogeneity and stochasticity in ABM Spaces

As discussed in chapter 2, the worlds within which agents in ABMs interact can take many shapes
and be constructed in many ways. Our choice of a model world defined by spaces is firstly determined
by the fact that, on the face of it, such a design corresponds well to the real world. People after all live
in households situated in city blocks or neighbourhoods, and children go to school and some adults
work. That we have good data on the likelihood of TB transmission taking place in these spaces
strengthens the case. We’d argue that such a design more accurately corresponds to social networks
in the real world than, for example, an ABM in which agents are situated on a line or square lattice
where they interact with neighbouring agents. It might be argued that a two- or three-dimensional

spatial model world in which agents move around could correspond even more closely with reality, but
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such a model would be harder to calibrate reliably and we are sceptical as to whether the extra model

complexity would provide additional insight into our research questions.

A design such as that used in ABM Spaces gives rise to more complex social networks than may at
first be obvious. Consider that a single household of six agents may contain two agents that are also
associated with school classes and one agent that is also associated with a workplace — all six agents
will be associated with the local block and some may from time to time take public transport. There
are thus multiple roots by which infection can be introduced into the household and exported from the
household. Each such household, workplace, or other space in the model can be thought of as a
node in a network, with connections between two nodes existing where an agent is associated with
both — for example, an agent that is associated with household 3 and workplace 14 would connect
those two nodes. In addition, while most nodes are relatively stable over time, taxis are constantly
reconstituted and are thus transient nodes. Since blocks are collections of households, they are a
type of super node in terms of size, although the very low infection risk associated with blocks means
that blocks have only very weak links with other nodes. In simulations of 20,000 agents, ABM Spaces
thus produces complex networks with hundreds of nodes of various sizes and many thousands of

connections of various strengths between nodes.

One strength of ABM Spaces is that the constituent parts of these complex social networks, the
individual agents and the association with specific spaces, are newly created every time the model is
run. You may thus have some runs of the model with significant clustering (where a few households
are highly connected and others are poorly connected), and some runs with less clustering (where
households are more equally connected). These variations in network structure likely reflect the kind

of random diversity in real-world populations.

The variation in network structure between runs of the model is one source of stochasticity, or
randomness, in ABM Spaces. Another stochastic element is the fact that the initial infections in every
run of the model are randomly distributed — that is to say the model randomly picks which agents to
infect when the model is initialised. It is thus possible that in some runs of the model a
disproportionately high number of the initially infected agents will happen to be in highly connected
households or workplaces, which would then be likely to result in more rapid, and possibly larger,
outbreaks. Similarly, if initial cases are disproportionately situated in poorly connected households or
school classes, the resulting outbreak may be smaller or take longer to gather momentum. Either
way, the random distribution of initial infections combined with the generation of new networks on

every model run produces significant stochasticity.

These complex networks provide a useful model for studying the spread of disease within social
networks, but as importantly, they also provide a model within which to explore the efficacy of
interventions such as contact tracing or early testing. Thus, in ABM Spaces contact tracing is not
simply a matter of adding an extra parameter to an ordinary differential equation, it involves tracing
the specific agents who share a household or school class with a newly diagnosed agent and then

testing or quarantining those agents. The quarantining and isolation of agents thus occurs within
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these networks and can in some cases have the effect of temporarily shutting down the links between
specific nodes.

Several other processes in the model are also stochastic in nature. As described above, whether or
not transmission takes place in a specific instance is determined by checking whether a random
number falls within a certain range. It is thus possible that, purely by chance, an outbreak in a certain
space might be slowed if a series of draws happened to fall outside of the range required for
transmission. The disease process in individual agents is also highly stochastic, since for each agent
a series of dates are sampled from probability distributions and these dates determine the disease
course. Here to, while generally disease course will tend to follow the distribution described in the
literature, it is possible that, purely by chance, an unusually high number of agents may stay
infectious for longer and thus contribute to an outbreak being larger than it might have been

otherwise.

The combined impact of these various stochastic processes is that there can be significant variation
between different runs of the model. Accordingly, running the model only a few times is likely to
produce non-representative outputs purely by chance. This is why in all the core analyses, scenarios
are run 10,000 times and mostly mean output values are used.

Model calibration and parameterisation

The calibration and parameterisation of ABM Spaces can be divided into three broad categories.

Firstly, the model is parameterised so that the model population meets certain demographic
indicators. This includes parameters such as employment rate, average household size, maximum
size of school classes, age distribution, and in the TB version, HIV status. A number of reliable
sources exist in South Africa for these demographic indicators and they are referenced in chapters 4
and 6. National level indicators have mostly been used given the lack of accurate community-level

figures.

Secondly, disease processes are parameterised based on the published literature. Here the model
samples from probability distributions rather than using fixed parameters. In the TB version for
example, discreet probability distributions were constructed based on the literature describing time
from infection to active disease. In this case, the distribution was such that most agents would
progress to active disease in a matter of months, but a small minority of agents would progress only
years after infection. As with the demographic parameters, the aim was to make processes in the
model world correspond with the reality of disease processes (as described in the literature) in a
number of key areas that we consider relevant to the epidemiological dynamics being modelled. While
we only mention it briefly here, the careful parameterisation of disease processes based on the
published literature is an essential and time-consuming part of the methodology behind ABM Spaces

— without it, the model would be an empty shell. In the more detailed calibration sections in chapter 4
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and 6 we provide a detailed description of how the TB and COVID-19 versions of ABM Spaces were

parameterised and calibrated based on the published literature.

Thirdly, ABM Spaces uses a somewhat novel approach for the calibration of transmission risk. Rather

than hard-coding a value for the five setting-specific values of | in the transmission formula
r =1 — (1 — i)™ the five values of | were varied so that the model hit certain targets regarding how

many infections take place and where.

For these targets we firstly drew on published research estimating what percentage of TB infections in
a Cape Town community took place in households, schools, workplaces, public transport, and in the
community. By integrating data on social interactions and environmental context, Andrews et al.
developed a novel approach to project the impact of age-specific contact patterns and estimate where
TB transmission occurs. They utilized local data from a study of social interactions together with
measurements of carbon dioxide in common indoor environments, to model TB transmission in a
South African township. (71) While Andrews et al. reported what percentage of transmission occurred
in which of the five settings by age group, they did not provide overall numbers (irrespective of age)
for all five of the types of settings. Although the authors could not provide these overall percentages
on request, the numbers can be calculated based on the data that was published. Accordingly, we
calculated that 15.6% of transmission occurred in households, 41.4% in workplaces, 10.2% in

schools, 21.9% in public transport, and 10.9% in the community.

We also drew on estimates of disease spread — WHO estimates of TB incidence in the TB version

and early published estimates of Ro in the COVID-19 version.

Our six target values were thus the five percentages and the measure of spread (TB incidence and
the Ro value of COVID-19, respectively).

In order to calibrate the model to produce outputs as close as possible to these six target values, we

varied the five setting specific risk values (in , iw, is, it , and in) used in the transmission risk formula
r =1 — (1 — i)™ The inherent risk parameters i for the five types of spaces are thus simply the pa-

rameter values required to calibrate the model so that the right number of infections take place in the

right places.

There are a wide variety of methods used for the calibration of ADMs,(72) with the choice of method
often determined by factors such as model size and complexity. Options range from manual
parameter adjustment, to mathematical methods such as maximum likelihood estimation, to several
more complex approaches used in economics ABMs. (73) Both the TB and COVID-19 versions of
ABM Spaces were calibrated by manually varying the values of in , iw , is , it, and ib). We opted for
manual calibration firstly because it is safe to do so given the specifics of our model. The key risk with
manual calibration is that there may be multiple solutions and that calibration might by chance limit
the model to one non-representative solution. Given the nature of the variables and the target values
we judged the risk of this occurring with ABM Spaces to be very low. The five values of | relatively

directly (via the transmission formula) influences the percentage of infections that take place in each
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of the five types of settings. The fact that the five percentages have to be hit simultaneously with TB
incidence or COVID-19’s Ro value, acts as a severe constraint on potential solutions for the five |
values. In both models, our data show that our modelling only covers one, or part of one wave — the
only real variation is thus whether the same sized epidemic can be achieved with a longer and flatter
versus a shorter and steeper epidemic. While this may in part be influenced by values of |, it also
depends on a series of other parameters such as how soon after exposure agents become infectious
and how long they remain infectious (both parameters that are directly drawn from the published
literature). Secondly, while it is possible to create an automated calibration routine, executing such a
routine is likely to be time-consuming. Since both versions of the model have significant stochasticity,
hundreds of runs of the model are needed to get a clear picture of the impact of a set of values for |
(in all the key analyses in chapters 4, 5, and 6 each scenatrio is run 10,000 times). Even though ABM
Spaces is fast, automated calibration routines would likely require a few hundred thousand runs to
complete on a standard desktop computer and would thus be much less efficient than the manual
process we employed. (In the interest of reproducibility, the code used for the calibration process is
included in the GitHub repository.)

In chapters 4 and 6 we provide more detail on the setup and calibration of the TB and COVID-19

versions of the model.

Coding of ABM Spaces

While ABM Spaces was prototyped in R, the final versions of both the TB and COVID-19 versions of
ABM Spaces were developed in C++. C++ was chosen mainly to allow for maximum speed — the R
versions were unacceptably slow. Since these models are highly complex, contain significant
heterogeneity and have to be run hundreds of times to get meaningful results, we did not consider
slower or higher-level programming languages or packages to be an option since slower speeds
would have severely limited the utility of the models and would likely have forced compromises in
terms of model complexity. The final C++ versions of these two models allow hundreds of simulations

to be run in a few minutes on standard hardware.

Much of the code in the TB and COVID-19 versions of ABM Spaces is the same. Both versions, for
example, use the same code to generate households, workplaces and school classes and to
associate agents with these spaces. There are, however, also substantial differences between the
two versions. The parameterisation of disease processes and the number and logical flow between
disease states are different. In addition, while hospitalisation was highly relevant for the COVID-19
model, it was not considered essential for TB and left out of that version. On the other hand, since the
TB version has to run for 10 years, it contains routines for ageing, leaving or starting school, and

retirement and employment, which are not in the COVID-19 version, which runs for less than a year.
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The TB version also contains extra code to implement X-ray TB screening and targeted universal TB

testing. Finally, there are also differences in the outputs produced by the two versions.

At the core of both models is an array of agents, each with a long list of attributes and relevant data
fields tracking various changeable states. One key to the speed of the model is that most operations
on the array of agents happen in place (without copying). The model is designed to run in parallel —
thus allowing for higher speeds on multicore systems.

The basic flow of the programme is as follows:

Create agents
Create spaces and allocate agents to spaces
Start loop of timesteps
Let disease progress in individual infected agents
Calculate transmission risk in each space and expose associated agents to that risk
Run interventions (depending on scenario)
Write interim output data

End loop of timesteps

A number of command line switches are available that allow users to pass arguments specifying for
example how large the population should be (hum_agents), how many days (COVID-19) or weeks
(TB) to model (num_time), and how many cores to use (cores). A full list of switches is included in the
source files. There is also a Makefile and a number of R scripts that can be used to run the models
and generate output in HTML format using the RMarkdown package. Users who have cloned the
ABM Spaces repository can for example run “make analyze 1000” in a Linux terminal to reproduce
the key analysis described in chapter 4 (it requires R and the Rmarkdown, dplyr, and HTMLTable R
packages to be installed). The source code, scripts, and model outputs used for the analysis

presented in chapters 4, 5 and 6 are all available at https://github.com/marcuslowx/ABM-Spaces.

MO Low PhD dissertation


https://www.google.com/url?q=https%3A%2F%2Fgithub.com%2Fmarcuslowx%2FABM-Spaces&sa=D&sntz=1&usg=AOvVaw11DQQTXMBes8n9F6pW4LnJ

44

Chapter 4 — Evaluation of four tuberculosis case-finding interventions in a
complex agent-based model

In this chapter we present an implementation of ABM Spaces used to explore the impact of four TB
case-finding interventions on tuberculosis (TB) detection rates, incidence and mortality. The analysis
presented illustrates our core contention that relatively complex agent-based models can meaningfully
be used to explore real-world epidemiological questions and that by coding in a compiled, low-level

language such as C++, such models can be made very fast.

Background

As noted in chapter 1, people with TB are estimated to transmit the bacteria to three to 10 people per
year if not diagnosed. Accordingly, a key question in TB control is how we should go about diagnosing
more people with TB more quickly. The problem has become even more complex in recent years with
evidence showing that TB transmission can occur while someone is still in a sub-clinical
(asymptomatic) phase. Since the importance of sub-clinical TB has only become apparent in recent

years, much of the historic literature and modelling efforts does not take its impact into account.

Several early diagnoses, or active case finding approaches, are currently being used in health
systems, being piloted, or are being researched in large trials. Most notable among these are contact
tracing, digital X-ray screening, and targeted universal testing (TUT). Which of these approaches, or
combination of approaches, will be most effective in particular circumstances is unknown. In addition,
while real-world studies can give some indication of improvements in case detection, due to the
complexity and long timelines involved, it is hard to imagine studies that will be able to prove a clear
link between case finding approaches and outcomes such as decreases in TB cases and decreases
in TB mortality. Modelling offers one means to explore these impacts in the context of our current

understanding of sub-clinical TB.

We use ABM Spaces to explore the impact of four different active case finding approaches on TB
diagnosis, TB cases, and TB mortality. The four approaches are: TUT, contact tracing with X-ray
screening of contacts, TUT plus contact tracing with X-ray screening of contacts (called the ultra

scenario), and mass X-ray screening (a base scenario is also included for comparison).

Since there is significant uncertainty in the TB literature regarding time from TB exposure to
developing TB disease and time from starting TB treatment to becoming non-infectious, secondary
analyses are presented showing what impact alternative parameterisation in these areas has on
model output. A secondary analysis is also presented showing the impact of higher HIV prevalence

on the key model outputs.
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Setup and calibration of the TB version of ABM Spaces

Below we explain the design of ABM Spaces TB in more detail, with reference to how we define
agents, how disease progression works for individual agents, how we define spaces (or settings), how
TB transmission works in the model, the inclusion of HIV co-infection in the model, how we model

interventions, and model calibration and choice of parameters.

a. Agentsinthe TB model

In its default configuration, the model generates 20,000 unique agents at the start of every simulation.
Each agent has a set of attributes, such as age, gender, TB status, and HIV status. Some of these
attributes can change over time. Agents, for example, get older or can become infected with TB. The
initial ages of agents are determined by sampling from a distribution that reflects the reported age
distribution in South Africa. (74) New agents are born during simulations at a rate determined by a
user-defined fertility rate. Agents die either due to TB (according to processes described lower down),
or naturally, according to a user-defined death rate. The inclusion of births and deaths from causes
other than TB in the TB version of the model is necessary given that simulations model at least 10

years.

b. Disease progression in the TB model

As explained in chapter 3, the two key processes we are interested in is the way disease progresses
in individual agents and the way TB is transmitted from agent to agent within a model world with
realistic social structure. The disease progression process works as follows: On the timestep that an
agent becomes infected with latent TB, a series of disease progression parameters are drawn from
distributions based on the published literature (see details in section g below). The parameters
indicate whether and on which dates certain disease progression events will occur in the absence of
treatment. It is determined (i) whether an agent with latent TB infection will progress to sub-clinical
disease, (ii) if yes, when progression to sub-clinical disease will occur, (iii) whether an agent will
develop active TB disease, (iv) if yes, when progression to active TB disease will occur, (v) whether
an agent will die, (vi) if yes, when an agent will die, (vii) whether an agent will be cured in the absence
of treatment, and (viii) if yes, when cure without treatment will occur. The flowchart in figure 1 sets out

the paths that an agent’s disease course can follow.
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Initial infection

Latent infection

Sub-clinical disease

Active disease

Figure 1: Flowchart of TB disease progression in ABM Spaces

In this way, an agent’s future disease trajectory is mapped out on the timestep that the agent
becomes latently infected. These dates are, however, not set in stone and can be changed by
interventions — so that, for example, an agent that was scheduled to die may live if diagnosed and

started on treatment.

c. Spaces in the TB model

ABM Spaces contains five types of spaces: households, workplaces, school classes, city blocks, and
taxis (a place-holder for public transport more generally). The first three represent relatively
assortative forms of mixing, while the latter two provide the model with more generalised forms of
mixing. These five spaces were chosen since they have been used in real-world studies of TB
transmission — our blocks space can also be classified as “other households”. (71) See chapter 3 for a
more detailed explanation of how these spaces are constituted and the type of network that results

from their creation.

d. TB transmission

TB transmission in the model is not from agent to agent, but from agent to space to agent — or more

precisely, infectious agents increase the risk in specific spaces and other agents associated with
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those spaces are then exposed to that risk. On every timestep, the model calculates the transmission
risk for every specific space. The transmission risk is the product of two factors: the number of
infectious agents associated with that space, and the inherent risk parameter associated with the type
of space. The five types of spaces each have different inherent risk parameters (section g below
explains how these inherent risk parameters are calibrated in the TB version of the model). On each
timestep, the model cycles through all spaces and exposes all uninfected agents to the transmission
risk in those spaces. Should transmission take place, the newly infected agent is started on the
disease process described in section b above — which in time may lead to the newly infected agent
also becoming infectious and in turn exposing members of its associated spaces to an increased

transmission risk.

Agents in the TB version of ABM Spaces with sub-clinical TB are half as infectious as agents with
active TB. We could not find reliable estimates of the difference in infectiousness between sub-clinical
and active TB in the literature — although it seems very likely that people with sub-clinical disease will

be significantly less infectious given less frequent coughing and lower bacterial load.

e. HIV co-infection

Given that living with HIV has been estimated to increase a person’s risk of developing active TB
disease by more than 20 times (5) and that around 13% of the South African population are estimated
to be living with HIV, we included HIV status in ABM Spaces TB. At the outset of each simulation 13%
of agents are randomly defined to be HIV positive. This 13% is further divided into the following HIV
stages (with the likelihood of falling into the different stages determined by outputs from version 4.4 of
the Thembisa mathematical model of HIV in South Africa (3): (0) HIV-negative, (1) Diagnosed HIV-
positive and virally suppressed, (2) Diagnosed HIV-positive and not suppressed, (3) HIV-positive, but
not diagnosed and not suppressed. In the model, agents at stage 2 or 3 are at 20 times higher risk of
proceeding from latent TB infection to sub-clinical disease than HIV-negative agents. Including
information on whether agents have diagnosed HIV also allows the model to let these agents be

tested more regularly in scenarios with the TUT intervention.

As time passes in each simulation, additional agents acquire HIV in line with HIV incidence estimates
drawn from the Thembisa model and agents move between stages. The model thus does not directly
model actual HIV transmission in the way that it models TB transmission. This is for two reasons:
Firstly, the relationship between HIV and TB is one directional, with HIV status impacting TB risk, but
not the other way around. The key dynamic for our modelling is simply that a certain percentage of
the population should be exposed to this increased TB risk. That dynamic can be sufficiently captured
without direct modelling of HIV transmission. Secondly, directly modelling HIV transmission in ABM
Spaces TB will dramatically increase model complexity since it will require the current setting-
mediated TB transmission framework to be augmented with a second type of direct agent-to-agent
transmission framework that includes complexities such as partner matching along the lines of

previous work by Geffen and Scholz. (75) Combining these two types of agent-based modelling into
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one model will at best offer marginal benefits in answering the questions we are interested in here.

The marginal benefit is outweighed by the increased cost in terms of complexity and model speed.

Such a unified model may however be worth developing in future in order to explore other questions

relating to HIV and TB co-infection.

f. Interventions in the TB model

The TB model was designed so as to allow for the modelling of the following intervention scenarios:

1.

Base: 80% of symptomatic agents are tested using molecular testing, with testing typically
happening in the weeks after an agent first becomes symptomatic. In the remaining 20%
of cases symptomatic agents never present to facilities. There is no testing of
asymptomatic agents. 80% of agents who test positive are treated and cured (this rate can
be seen as the product of the linkage to care rate and the treatment success rate). This
scenario can be seen as the standard of care, or control scenario. Even though in reality
there is some tracing of household contacts, our understanding is that it is far from
universal.

Base + CTI: 80% of symptomatic agents are tested using molecular testing as in the base
scenario. Contacts of agents who test positive are traced and tested, with the process
being repeated for any contacts that test positive. The model does not include preventive
therapy and contacts who test negative are accordingly not started on preventive therapy.
X-ray mass screening: 80% of symptomatic agents are tested using molecular testing (as
described above) and mass X-ray screening is provided so that every city block is
screened once in two years. When a city block is screened 60% of agents in that city block
is X-rayed. X-rays are given a 90% sensitivity for the detection of sub-clinical or active TB.
This is an attempt to model a very ambitious X-ray screening campaign. It is inspired by
findings from South Africa’s First National TB Prevalence Survey indicating that X-ray
screening can help detect many sub-clinical cases that would be missed otherwise.

TUT: 80% of symptomatic agents are tested using molecular testing (as described above)
and 80% of high-risk agents are tested once a year using molecular testing (provided they
have not already been tested as contacts of agents with TB or because they have
symptoms themselves). High risk agents include agents with diagnosed HIV, agents who
have had TB in the last two years, and household contacts of agents with diagnosed TB.
This scenario is an implementation of the TUT strategy that has been found in a cluster
randomised trial to increase TB case detection by 17% compared to standard of care.
Ultra: 80% of symptomatic agents are tested using molecular testing (as above), 80% of
high-risk agents are tested once a year using molecular testing (as per TUT scenario
above), and 80% of household, school class and workplace contacts are screened using

X-rays.
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In order to avoid agents being exposed to too many X-rays or an unreasonably high number of
molecular tests, all the above scenarios are designed such that an agent cannot receive more than
one molecular test in six months and not more than one X-ray per year. In practice this means that

agents will at times sit-out screening or testing that is done as part of tracing or TUT.

g. Calibration and parameter values
Disease progress parameter distributions

As explained in section b above and in chapter 2, one of the key processes modelled in ABM Spaces
TB is the TB disease progress within individual agents. Instead of letting all agents experience the
same disease course, key questions about each agent’s disease course are decided by drawing from
probability distributions. For example, when deciding for how long an agent will be sub-clinical before
developing active TB disease, the base configuration of the model samples from a uniform distribution

of four to 48 weeks. The distributions used in our model are shown in table 1.

In what follows we explain the basis for our choice of probability distributions. We draw largely from a
tuberculosis primer published in Nature in October 2016. (5) We also consulted the original sources
referenced in the Nature primer and searched the literature for relevant papers published in the years
since the publication of the Nature primer. The probability distributions used in the model are shown in
table 2.

One challenge in modelling TB is that significant uncertainty remains concerning some of these
probability distributions. It is for example uncertain what percentage of people, if any, who develop
sub-clinical disease never progress to symptomatic disease. (12) We assumed that in the absence of
treatment all do progress. There are also differing views in the literature regarding the likelihood that
latent infection can progress to symptomatic disease two years after initial infection — one recent
study argued that this is extremely rare, (76) while the more traditional view was that it is not that rare.
While such uncertainties undoubtedly present a challenge when modelling TB, there is arguably a
slightly higher tolerance for uncertainty when the objective of the model is to explore epidemiological
dynamics associated with interventions rather than make precise predictions about potential future

outcomes. Our focus here is on the prior.

We have mostly used uniform probability distributions. This is because in most cases, as mentioned
above, the real values are highly uncertain and there is little evidence to support the use of more
nuanced distributions. We have, however, in two instances opted to use more complex probability
distributions, or provided an option to use alternative probability distributions, where using uniform
distributions may fail to capture a key aspect of the real-world dynamics of TB and there is good

evidence to support the use of more nuanced distributions.
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Likelihood of progression from latent infection to sub-clinical disease: According to the
Nature primer, 5% to 15% of people with latent TB infection will progress to active disease
(5) — they cite a study estimating different levels of risk for different age groups. (77)
Similarly reliable estimates are not available for progression from latent infection to sub-
clinical disease. In the base configuration of our model, we have however assumed that
sub-clinical infection is a state everyone passes through when progressing from latent to
active TB and that everyone who develops sub-clinical TB will go on to develop active
disease, providing they are not treated. For the purposes of our model, the best estimate
for progression from latent to sub-clinical TB is thus equal to the best estimate for
progression from latent to active disease. Accordingly, our model uses the mid-point of the
Nature primer estimate to give each latently infected agent a 10% risk of progressing to
sub-clinical TB.

Timing of progression from latent infection to sub-clinical disease: Since there are few
diagnostic tools with which to diagnose sub-clinical TB and since sub-clinical TB is
comparatively poorly studied, we have not been able to find reliable estimates of the time
from latent infection to the development of sub-clinical TB. One review of insipient and
sub-clinical TB provided no concrete numbers but indicated that the timing can be widely
variable. It stated that, “the time from initial infection to the development of incipient or
subclinical TB may range from weeks to a lifetime”. (10) Since sub-clinical TB is typically a
precursor to active TB, we can, however, infer that the period from latent infection to sub-
clinical TB will be shorter than that from latent infection to active TB, which has been much
better studied. While we discuss it in more detail in point d below, suffice here to note that
in the vast majority of cases active TB is thought to develop within a few months to two
years from latent infection. Within these parameters, we make an educated guess that
sub-clinical TB can develop in anything from one month to 18 months after initial latent
infection. In the standard configuration of our model, we transform this to weeks —
producing a uniform distribution of four to 72 weeks. As a secondary analysis, we also ran
the model with an alternative non-uniform distribution that allows for active TB to develop
up to a decade after exposure — although likelihood of developing sub-clinical TB in this
distribution is still much higher during the first 18 months.

Likelihood of progression from sub-clinical to symptomatic disease: It is not known what
percentage of people with sub-clinical TB will progress to active TB disease. Though there
is some suggestion that a small percentage of people with sub-clinical TB will not go on to
develop active TB, we suspect that this is highly unusual given the emerging picture of
sub-clinical TB as a precursor to active TB. Since the number of exceptions are probably
negligible, we’ve assumed in all our base scenarios that 100% of people who develop sub-
clinical TB will go on to develop active TB. The model does not allow TB status to oscillate
between sub-clinical TB and active TB.

Timing of progression from sub-clinical to symptomatic disease: According to the Nature

primer, progression from latent infection to active TB disease can occur in anything from
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months to a few years. While there seems to be relative consensus that most people who
develop active TB disease do so within a few years of becoming latently infected, there is
disagreement regarding the likelihood of developing active TB more than two years after
exposure. A landmark study published in the British Medical Journal in 2018 argued that
the incubation period of TB is shorter than previously thought and that the vast majority of
people develop active TB within two years and that only very few do so after that. (76) This
contrasts with the more traditional interpretation that people can develop active TB many
years, even decades after exposure. To account for these differing views, our model
includes two different distributions from which to sample when determining when an agent
will develop active disease. The first (and default), uses a uniform distribution of four to 48
weeks — corresponding, though crudely, to the analysis in the BMJ article. The second
distribution also sees most agents developing active TB in the first few years after
exposure, but has a long tail, stretching to 10 years. This latter distribution more closely
resembles the traditional view. (The two distributions are visualised in figure 2A.) Note that
the studies cited here relate to the time from latent to active disease — since our model
includes the intermediate step of sub-clinical disease, the sub-clinical period is essentially
subtracted from these estimates when calculating model parameters.

Likelihood of progression from symptomatic disease to death: In a widely cited review by
Tiemersma et al. it is estimated that life-time case fatality for untreated smear-positive TB
is 70%, while for smear-negative TB it is over 20%. (78) The Nature primer states that “in
the absence of treatment, approximately 50% of individuals who develop active TB
disease will succumb to it”. Since our model does not distinguish between smear-positive
and smear-negative, and since the Nature primer estimate is close enough to the mid-
point of the smear-positive and smear-negative estimates, we use the 50% figure in our
model.

Timing of progression from symptomatic disease to death: According to the review by
Tiemersma et al., the duration of TB from infection to cure or death is approximately three
years — although for the purposes of our model parameters the latent and sub-clinical
periods have to be subtracted from this number. According to the Nature primer the
average duration of infectiousness among those with active TB disease is greater than one
year in many high-burden settings. In line with these estimates, our model samples from a
distribution of 24 to 72 weeks — uniformly distributed.

Likelihood of progression from symptomatic disease to cure (without treatment): This
parameter is necessarily the inverse of that described in point e above. Accordingly, the
model gives agents with active TB disease a 50% chance of being cured in the absence of
treatment.

Timing of progression from symptomatic disease to cure (without treatment): The review
by Tiemersma et al. states that the time from disease onset to death is roughly the same
as that from disease onset to cure. We thus use the same distribution here as described in

point f above. It is also in line with the Nature primer’s statement that people with active TB
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are on average infectious for more than a year — the 24-to-72-week range will average to
48 weeks, but the additional weeks that agents are infectious while sub-clinical will push
the number of infectious weeks to an average of greater than one year.

While these parameters are sampled on the first day of an agent’s infection, they are not
set in stone and can be impacted by treatment. For example, in default scenarios all sub-
clinical or symptomatic agents will become non-infectious in two weeks and be cured in six
months if they take treatment. Whether or not an agent takes treatment depends on
whether the TB is diagnosed. Diagnosis in turn is impacted by interventions such as
contact tracing and targeted universal testing.

Agents can be reinfected after having been cured, but the disease course of the second
infection is not impacted by the first and the model does not include any form of TB
immunity due to prior infection. The current version of the model also does not include TB
relapse, drug-resistant forms of TB, or TB preventive therapy. Agents in our model also

can’t oscillate between sub-clinical and active TB.

While the traditional view is that people become non-infectious after two weeks on treatment (our
default parameterisation), emerging evidence suggests a more complex picture by which people may
remain infectious for much longer. (79) Accordingly, we included an alternative discrete probability
distribution, indirectly derived from a review article published in 2021, (79) from which the model
samples to determine when an agent will become non-infectious. The review estimated whether
people on treatment would produce infectious sputum at various time-points, but explicitly did not take
into account whether or not people stop coughing. This made direct use of the review findings
unworkable for our purposes since we are interested in how infectious and agent is, which is
determined both by whether sputum is viable and by whether someone is coughing. We thus, using
the review as a rough guide, constructed an alternative distribution whereby agents become non-
infectious anything from two weeks to 12 weeks after starting treatment. While this alternative
distribution is thus in a sense arbitrary, we nevertheless consider it a useful tool with which to explore
what impact longer infectious periods may have on the various epidemiological dynamics of interest.
(figure 2B illustrates the default and alternative probability distributions for determining when agents

will become non-infectious.)
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Figure 2: Alternate probability distributions for key parameters

Caption: These are probability distributions showing the relative likelihood of events occurring over time. In each

graph the volume/area under the two lines are equal. Figure 2A shows time from becoming sub-clinical to

becoming symptomatic and figure 2B shows time from starting TB treatment to becoming non-infectious.

Table 2: Disease progression parameter distributions in the TB model

Parameter

Distribution/likelihood

Likelihood of progression from latent infection to

sub-clinical disease

10% (77)

Timing of progression from latent infection to

sub-clinical disease

Four to 72 weeks uniformly distributed

Likelihood of progression from sub-clinical to

symptomatic disease

100%

Timing of progression from sub-clinical to

symptomatic disease

Four to 48 weeks uniformly distributed

Likelihood of progression from symptomatic

50% (78)
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disease to death

Timing of progression from symptomatic 24 to 72 weeks uniformly distributed
disease to death

Likelihood of progression from symptomatic
disease to cure (without treatment) 50%

Timing of progression from symptomatic 24 to 48 weeks uniformly distributed

disease to cure (without treatment)

Calibration of transmission parameters

As mentioned in section d above, whether or not an agent becomes infected with latent TB, that is to
say the transmission risk a specific agent is exposed to on a specific timestep in a specific setting,
depends on two factors: the number of infectious agents associated with that space, and the inherent
risk parameter associated with the type of space. The five inherent risk parameters, one for each type
of space, are thus the key variables by which the transmission processes in the model can be
calibrated. While the specific values of these parameters are not meaningful in themselves, together
with the social interaction pattern determined by the model structure they control two key elements of
the model: the overall force of infection and the proportion of infections that take place in each type of
setting — in other words, how many infections take place and where they take place. (See chapter 3
for a discussion of the methodology and relevant formulas.)

Accordingly, the five inherent risk parameters were varied to simultaneously calibrate the model so as
to (i) produce incidence rates within the range of incidence values that the WHO estimates for South
Africa and (ii) to reproduce setting-specific transmission patterns matching those described by
Andrews et al. in a study of TB transmission in a South African township. (71) The WHO estimates
that TB incidence in South Africa in 2020 was 554/100,000 (range 388/100,000 to 749/100,000). (6)
In the base scenario, our model is calibrated to produce a mean incidence over 10 years of
553/100,000. Using CO2 monitors together with social contact patterns, the Andrews et al. study
estimated the proportion of infections by age group that take place in own households, other
households, schools, workplaces and public transport in a Cape Town township. We combined these
age-specific proportions to derive over-all proportions (for all ages) as follows: own household 15.6%,
other households 10.9%, schools 10.1%, workplaces 41.4%, and public transport 21.9%. Our base
model is calibrated on average to produce similar percentages. We can thus say with some
confidence that our model produces roughly the same number of infections one would expect in the
real world and that transmissions in the model generally occur in the types of settings where the

available literature suggests they occur.

Since we are also interested in the impact of interventions on case detection rates in addition to TB
incidence, we then calibrated the model so that in the base scenario case detection rates are similar
to that estimated by the WHO for South Africa — thus establishing a case detection baseline. The
WHO estimates treatment coverage of 58% (range 43% to 83%) for South Africa in 2020. (6) They
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define treatment coverage as TB notifications divided by estimated incidence — which is

interchangeable with the term case-detection rate, as used in our modelling. Accordingly, we varied

the testing rate parameter (proportion of symptomatic agents who will test) in our model to produce a

mean case detection rate of 58% in the base scenario. The testing rate parameter was then held

stable at that level in the intervention scenarios.

Table 3 shows the above literature-based target values together with the mean values and variants

produced by the 10,000 runs of the base scenario of the model used in the main analysis.

Table 3: Calibration results for the TB model

Calibration value

Target value based on

literature

Mean values produced by
10,000 runs of the model

Cases of active TB per

554 (range 388 to 749)

552 (461-634)

100,000 per year

% infections in homes 15.6% 15.6%
% infections in schools 10.2% 10.1%
% infections in workplaces 41.4% 41.6%
% infections on public transport | 21.9% 21.9%
% infections in other 10.9% 10.9%
households/blocks

Case detection rate as % 58% (range 43% to 83%) 58%

Note: The range around the WHO point estimate for case detection is remarkably wide. This is a
product of the underlying uncertainty regarding how many undetected TB cases there actually are in
South Africa. In our model world we know exactly how many infections there are, and accordingly the
IQR around the 58% case detection mean is very narrow at 57%-59% (what little variation there is, is

driven purely by model stochasticity).

Finally, we opted not to calibrate our model to findings from South Africa’s First National TB
Prevalence Survey and the previously mentioned cluster-randomised trial of a TUT intervention. This
is because the TB prevalence survey was cross-sectional (provided only a snapshot of a specific
point in time) and we consider WHO estimates of prevalence in South Africa to be more reliable, in
addition to being more recent. The TUT study was of very short duration compared to the period that
we are modelling. These, and other differences between these studies and our modelling framework
makes meaningful calibration difficult, if not impossible. In addition, calibrating our model to match the
findings of these two studies would risk a type of over-fitting since we would be manipulating the very
outcomes that the model is meant to shed light on. That said, we do provide a comparison of how our
model estimates of the impact of TUT on case detection compares with that reported in the cluster-

randomised trial.
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The default timestep in the TB version of the model is one week and in the default scenarios the
model is run for 520 weeks, or 10 years. Each scenario under investigation is run 10,000 times to
account for the model’s stochasticity. The key outputs are the mean cumulative number of TB cases,

the mean cumulative TB mortality over 10 years, and the mean case detection rate over 10 years.

Results

Results of the main analyses

The mean incidence of active TB in the base scenario was 552/100,000 (range 461-634). As
expected, mean incidence of active TB in all the intervention scenarios was lower — 536/100,000
(range 432-619) in the contact tracing scenario, 526/100,000 (range 433-605) in the mass X-ray
screening scenario, 497/100,000 (range 394-581) in the TUT scenario, and 488/100,000 (range 387-
582) in the ultra scenario. On most measures the ultra scenario did best, followed in order by the

TUT, mass X-ray screening, contact tracing, and the base scenario. (See table 4 for details.)

The mean case detection rate in the base scenario was 58% (range 55.2%-61%). As expected, mean
case detection rates were higher in all intervention scenarios — 59.4% (range 56.5%-62.5%) in the
contact tracing scenario, 62.9% (range 59.8%-65.8%) for mass X-ray, 71.1% (range 67.8%-74.3%)
for TUT, and 74.2% (range 70.8%-77.6%) for ultra.

The mean period for which an agent is infectious (sub-clinical period plus active TB period) is 50.3
(range 48.3-52) weeks in the base scenario. This period is slightly lower in the intervention scenarios
—49.8 (range 47.8-51.6) weeks in the contact tracing scenario, 49 (range 47.1-50.7) weeks in the
mass X-ray screening scenario, 46.6 (range 44.5-48.4) weeks in the TUT scenario, and 45.8 (range

43.9-47.5) weeks in the ultra scenario.

Table 4: Key outputs for the five scenarios

Metric Base CTI X-ray TUT Ultra
Mean TB 552 536 526 497 488
cases/100,00

0

Mean case 58.0% 59.4% 62.9% 71.1% 74.2%
detection rate

Latent TB 8,767 8,536 8,391 7,975 7,823
infections

Active TB 1,105 1,071 1,052 995 977
cases

TB deaths 274 259 240 205 190
Mean weeks 50.3 49.8 49.0 46.6 45.8
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infectious
(sub-clinical

+active)

Mean weeks 24.5 24.6 24.4 23.2 22.7

active

Caption: This table shows key numbers for each of the intervention scenarios. Uncertainty ranges for these
indicators are available in the paragraphs preceding the table.

Plotting the mean incidence of active TB over the 10 years for the five scenarios produces
epidemiological curves that underline the relatively small differences between scenarios. (See figure
3.) Apart from most of the key numbers being somewhat lower in intervention scenarios, epidemics in
these scenarios also tend to peak a few weeks later — base = week 326 (range 249-419), contact
tracing = week 330 (range 252-433), mass X-ray screening = week 333 (range 250-425), TUT = week
333 (range 246-442), and ultra = week 338 (range 242-445).

Active TB cases/100k over time

750-

variable
Base
500- cn
— Xray
— TUT
Ultra

Active cases/100k

250-

25 5.0 7’5 10.0
Years

Figure 3: Epidemiological curves for the five scenarios

We also calculated the annual case detection rate for each of the 10 years in each of the five
scenarios (detected new infections divided by actual new infections). As shown in figure 4, the case

detection rate showed a slight, but steady increase over the 10 years.
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Case detection rate over time
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Figure 4: Case detection over time

As shown in table 5 below, the impact of all interventions was slightly greater on active TB cases than

on latent TB infections, and much greater on TB deaths than on active TB cases.

Table 5: Impact of interventions compared to the base scenario

Metric CTI X-ray TUT Ultra
Latent TB -2.3% -4.0% -9.0% -10.8%
infections

Active TB cases | -3.0% -4.8% -9.9% -11.6%
TB deaths -5.7% -12.4% -25.3% -30.8%
B -3.0% -4.8% -9.9% -11.6%
cases/100,000

Caption: This table shows the reductions in mean values for key metrics compared to the base scenario.

Impact of varying key parameters and distributions

Given some of the uncertainties described in chapter 3, the model was also run with some alternative
parameters and drawing from alternative distributions. While this does not amount to a full sensitivity
analysis, these tests do give some insight into the relevant dynamics and were chosen specifically to
anticipate potential blind spots in our model or areas where we thought the risk of uncertainty about

key distributions skewing model outputs was greatest.

MO Low PhD dissertation



60

The trends identified above for the base configuration generally held for the alternative configurations,

although the size and timespan of epidemics differed somewhat.

Firstly, instead of all agents becoming non-infectious after two weeks on treatment, as in the default

configuration, we reran the model with the time to non-infectiousness being determined by sampling

from a discrete probability distribution (as shown in figure 2A above). This resulted in a slightly larger

epidemic, reflected in marginally higher TB incidence, latent TB infections, active TB cases, and TB

deaths. (See table 6.)

Table 6: Impact of alternative probability distributions on key metrics

rate

(55.2%-619%)

(55%-60.9%)

Metric Normal configuration | Alternative non- Alternative TB
(Base scenario) infectiousness activation
configuration configuration
(Base scenario) (Base scenario)
Incidence 552 574 395
(TB cases/100,000) (461-634) (483-654) (279-498)
Latent TB infections 8,767 9,074 7,297
(7,939-9,469) (8,244-9,751) (5,915-8,359)
Active TB cases 1,105 1,148 789
(923-1,268) (966-1,307) (559-995)
TB deaths 274 287 182
(214-335) (224-348) (118-247)
Mean case detection 58% 58% 57.6%

(54.2%-619%)

Secondly, we reran the model using the more complex distribution for latent-to-sub-clinical

progression rather than the default uniform distribution (as shown in figure 2A above). This

configuration resulted in somewhat smaller epidemics over the 10-year period being modelled —

although the difference between this and other configurations would be reduced over longer time

periods. As expected, this configuration resulted in later epidemic peaks — a mean of week 419

compared to a mean of week 326 with the base configuration. Interventions also tended to be slightly

more effective in this scenario.

Table 7: Incidence reductions in the five scenarios using the alternate distributions

Scenario | Normal Alternative non- Alternative TB activation
configuration infectiousness configuration | configuration
CTI -3% -4.1% -3.8%
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X-ray -4.8% -6.4% -6%
TUT -9.9% -11% -13.1%
Ultra -11.6% -12.5% -14.9%

Caption: This table shows the reduction in mean TB incidence for each intervention scenario compared to the

base scenario in each of the three configurations.

Comparison with published data

Finally, we compared our model outputs to relevant data from the published literature. Having been
calibrated to produce incidence and case detection rates that correspond to those estimated for South
Africa, our model also produces death rates comparable to that in the literature — while we used risk
of death parameters based on the published literature, we did not calibrate the model to reproduce
the numbers of deaths seen in South Africa. The WHO estimates that there were 61,000 TB deaths in
South Africa in 2020. With a population of roughly 60 million this amounts to just under 1 TB
death/1,000 people. In our population of 20,000 agents (it is actually greater given births and natural
deaths) one would thus expect roughly 200 deaths over 10 years. The base scenarios in our three
configurations produced mean deaths of 274 (range 214-335), 287 (range 224-348), and 182 (range
118-247), respectively.

In a cluster randomised study of TUT in South Africa the intervention was found to result in a net
increase in TB case detection of 17% per clinic per month compared to clinics where TUT was not
implemented. In our primary analysis, TUT resulted in a mean increase in case detection over 10
years of 22.6%.

A key difference between our model outputs and the TUT study is that in our TUT scenario the
intervention is implemented from the outset of the epidemic, whereas in the TUT study the
intervention is implemented in an already mature epidemic. To allow for a more meaningful
comparison, we accordingly ran our model with TUT implemented only from the beginning of year six.
In these runs of the model, we found a mean improvement in case detection from year five to year six
of 24.6% (or 14 percentage points). After this large jump from year five to six case detection remained

relatively stable at the new higher level until year 10.

Since TUT is also impacted by HIV rates, we repeated this latter scenario with HIV prevalence set to
40% (roughly the maximum observed in communities in South Africa), rather than the 13% used in all
our other scenarios. This resulted in a jump in case detection from year five to six of 62.4%, or 32

percentage points.

Discussion
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In the ABM Spaces TB model, interventions aimed at the early detection of TB lead to small
decreases in the number of latent TB infections, slightly greater decreases in the number of cases of
active TB, and significantly larger decreases in the number of deaths caused by TB. These dynamics
are not unexpected given that the type of interventions being modelled impact these key metrics in at
least three ways — firstly by screening or testing agents who otherwise would not have screened or
tested, secondly by screening or testing people who would have tested anyway but doing so at an
earlier stage in their disease course, and thirdly by reducing the total number of infections over time.
Whatever the complex and inter-related set of causes, the understanding that the same intervention
can have a much greater impact on TB deaths than on TB case detection may be of use when

evaluating case detection efforts in the real world.

The impact of the various interventions in our model was smaller than we expected, particularly on the
number of latent TB infections and cases of active TB. We believe that this is largely due to the
relationship between the timing of tests and the natural history and epidemiology of TB. Both mass X-
ray screening and TUT are forms of screening and testing unrelated to whether or not an individual
has any TB symptoms. These tests are thus in a sense randomly distributed in relation to the time at
which agents become sub-clinical. If it is accepted that an agent can develop sub-clinical TB (i.e.
become infectious) at any time, and is tested every 12 months, then on average one would expect
agents to have been infectious for around six months before testing positive — in reality it is a bit more
complicated since screening and testing coverage is below 100% and since some agents will test
more quickly because they had become symptomatic. Either way, when looking for TB using annual
screening or annual tests, our model suggests that a large number of agents would have already
been infectious for some time prior to testing positive — and many of these agents would have
transmitted TB in that time. We believe this dynamic explains the relatively low efficacy seen for

annual interventions in our model.

Given the relevant time-scales, our findings could thus be interpreted as suggesting that more regular
screening or testing than once a year of asymptomatic persons will be required in order to have a
more substantial impact on TB incidence or mortality. While testing more frequently than once a year
with X-rays or molecular TB tests are probably not realistic, it may well be that future urine or saliva-
based screening tests could be done every month or every three months. In chapter 5 we build on
these findings by exploring the impact of several levels of test frequency and test sensitivity on TB

incidence and mortality.

Of all the interventions in our model, TUT was by far the most impactful. This is at least in part due to
the fact that HIV prevalence in our model is high and that HIV increases the risk of progressing from
latent TB infection to sub-clinical and active TB disease. In our model, as in the real world, TUT is by

definition targeted at high-risk groups and this finding is thus not surprising.

The comparatively poor efficacy of mass X-ray screening in our analysis is because the screening
was essentially untargeted and we’ve assumed far from universal coverage. As with TUT, the efficacy

of mass X-ray screening will be highly context-specific — and it may, for example, perform much better
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in comparison to TUT in communities with very high TB incidence and very low HIV prevalence.
Indeed, as our additional analysis of the impact of TUT in communities with an HIV prevalence of 40%
has shown, efficacy of these interventions can be highly dependent on the setting. One potential
future use of ABM Spaces would be to more closely explore the impact of different levels of HIV
prevalence on the impact of TUT — an analysis that could be used to inform cost-effectiveness

calculations for TUT in different settings.

The impact of TUT and mass X-ray screening in our model was cumulative, that is to say that each
continued to offer roughly the same additional benefit whether or not the other is also being
implemented. This intuitively makes sense since, while there is some overlap in who will be reached
by these tests, TUT will be more effective at specifically reaching people with HIV, while mass X-ray
screening will be more effective at reaching asymptomatic HIV negative people. Either way, our

findings support the concurrent use of these interventions.

The later epidemic peaks in the configuration with the alternative latent-to-sub-clinical progression
was anticipated since agents in scenarios with this configuration will on average take longer to
become infectious than in the base scenario — thus leading to slower or longer epidemics. The finding
that interventions tended to be slightly more effective under this configuration, is likely because a
slower, or stretched epidemic provides more opportunity for interventions to have an impact. The
slightly larger epidemics in the alternative configuration for ‘time to non-infectiousness’ was also
expected. The fact that the key trends regarding the effectiveness of the various interventions held in
these alternative configurations suggests that these trends stand, irrespective of what the reality may

be regarding the scientific uncertainties captured in the alternative configurations.

As with any modelling study, and particularly TB modelling, the work presented here has significant
limitations. Most notably, there is uncertainty about various parameters relating to the natural history
of TB. That uncertainty in the literature is unavoidably carried over into any modelling efforts. For the
most part we have chosen parameters in line with current expert consensus, as reflected in the
published literature — but it is worth stressing that significant uncertainty remains. In cases where the
current or old consensus is being challenged, we have modelled both the old consensus and the new
or alternative case — as for example with time from starting treatment to becoming non-infectious. As
with the natural history of TB, there are also significant uncertainties relating to the epidemiology of
TB that makes it hard to fit the model to real-world data. We have for example calibrated the model in
part using WHO estimates for South Africa as a whole since sufficiently reliable community-level

estimates could not be found.

Given these uncertainties, our model should not be seen as making precise predictions about TB in
the real world. That said, while we caution against overinterpreting the specific numbers produced by
this modelling exercise, we do think the structure and calibration of our model allows us to
meaningfully explore the epidemiological dynamics relating to the various TB detection interventions.
That is to say, the model roughly approximates real-world social networks, infections take place

roughly where they take place according to previous studies, roughly as many agents become
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infected as in the real world, and within this model world the various interventions are implemented in

a way that is analogous to its real-world equivalent.

As with any modelling exercise, we have had to make choices about which processes to simplify and
in which parts of the model to maintain complexity. This is inevitably a balancing act between
maintaining nuance and capturing the key dynamics, on the one hand, and over-complicating the
model to the extent of making it unworkable and impossible to calibrate, on the other. In the
methodology section of this chapter and in chapter 3 we make the case that our choices are

appropriate for our research questions.

Our model looks at one community with 20,000 agents at the outset. Even though there are births and
natural deaths in our model, there is no movement of agents into or out of our population. This is
different from real world dynamics whereby people often move in and out of communities, often
bringing or taking infections with them. The epidemiological curves produced by our model (see figure
3) show a steeper ascent and decline than is seen in estimates of the TB epidemic in South Africa as
a whole. This is as expected for three reasons: (i) in the real world different localised epidemics in
different areas to some extent average each other out leading to flatter combined curves, (ii)
epidemics in larger populations tend to take longer (the South African population is several orders of
magnitude larger than our model population), and (iii) movement in and out of communities can
extend epidemics. The fact that our model does not include TB relapse, means that incidence
declines more rapidly than it might have done had relapse been included and counted as incident
cases. Also notable in figure 3 is the fact that the difference between interventions is greatest when
incidence is high (in the middle years) and converges as incidence declines toward year 10. This
convergence suggests that there is a base level of transmission that none of the interventions
modelled here can prevent — as hypothesised above, one factor contributing to this base level of
transmission is that testing in our model is at best annual and thus most agents will have transmitted

TB to at least some other agents prior to testing, irrespective of the intervention.

Finally, we did not attempt to do any cost effectiveness or cost estimates. Since all interventions
modelled here involve doing additional tests, they will result in an increased direct cost of testing — at
least in the short term. Over the longer term these interventions may well be cost-saving due to a
reduction of TB incidence and hospitalisation, but that calculation is beyond the scope of this

dissertation.
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Chapter 5 — The impact of test frequency and sensitivity of a hypothetical TB
test on TB incidence and mortality

Background

In chapter 4 we asked what impact several leading early case-finding strategies for TB can have on
TB case detection, incidence, and mortality. One of our conclusions was that any testing strategy that
relies on annual, or less frequent than annual, testing is likely to have only a limited impact on
incidence. This is largely because by the time someone is diagnosed, they would on average have
been infectious for around six months and would therefore already have transmitted TB to their close
or regular contacts. Given these findings, an obvious follow-up question is what impact more frequent

testing might have on incidence and mortality.

More frequent testing with the current gold-standard molecular tests is probably not feasible. This is
because these tests require people to produce sputum — something many people find hard or
uncomfortable. These tests also require the presence of a healthcare worker and the analysis of test
samples is typically done at laboratories, although some point-of-care devices are also being
developed. The WHO has published target product profiles to guide developers as to what to prioritise
in the development of several types of TB diagnostics. (77-78) In particular, a report of a WHO
meeting on such target product profiles set out several key targets that a TB diagnostic should meet —
with high sensitivity and ease of use (not requiring sputum) being key factors. (17) Ease of use and

low cost is likely to facilitate more frequent testing.

In this chapter, we contribute to the literature on target product profiles, or ideal future TB tests, by
modelling the impact of a hypothetical test on TB incidence and mortality. By modelling 13 different
levels of test frequency together with four levels of test sensitivity, we shed light on the relation
between factors such as test frequency and incidence. In short, we ask how often we need to test if

we are to see larger reductions in incidence.

Methodology

The TB version of ABM Spaces was adapted to model the use of a hypothetical TB test. Key
elements of the model, including most of its structure and its parameterisation and calibration is
identical to that presented in chapter 4. Population size (20,000) and length of simulation (10 years)
were also the same. The only differences to the model presented in chapter 4 is that the TUT and
mass X-ray routines were not used, a “regular testing” routine was added, and each scenario was run
1,000 instead of 10,000 times (explained below).
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The model was run with testing frequencies of every four weeks, every eight weeks, every 12 weeks,
and so on up to every 52 weeks (adding up to 13 levels of frequency). For each of the 13 levels of
frequency, 1,000 simulations were run with test sensitivity set to each of 70%, 80%, 90%, and 100%.
The analysis thus added up to a total of 52 scenarios and 52,000 simulations. Given this high number
of scenarios with only very small differences between them, a total of 1,000 runs per scenario was

considered sufficient for capturing the dynamics in question.

The levels of test sensitivity is in line with that discussed in a WHO meeting report on target product
profiles which identified 98% as a minimum target for smear-positive TB and 68% as a minimum
target for smear-negative disease. (17) ABM Spaces TB does not distinguish between smear-positive
and smear-negative disease, but the range of values used in the model does cover a realistic set of
average test sensitivity values. The WHO profile does not specify targets for test frequency, but it
does place significant emphasis on ease of use and convenience, which we take to be preconditions
for higher frequencies such as those that we model. Even so, our choice of four-weekly increments is
somewhat arbitrary and was largely chosen as a mid-point between providing sufficiently granular

information and managing the computational and analytical burden.

For each of the 52 scenarios we measured the mean number of TB cases, mean TB mortality, mean
period for which agents are infectious, and the mean period for which agents have active TB disease
(the infectious period is the period of active disease plus the period of sub-clinical disease). Our key
guestion was whether the relationship between test frequency and these indicators are linear, and if

not, whether there is an inflection point and where.

Results

In an adapted version of ABM Spaces, we found a clear correlation between more frequent testing
and lower TB incidence and mortality. Higher test sensitivity was also correlated to lower incidence

and mortality, but the impact was much less pronounced.

Four-weekly testing with test sensitivity of 100% resulted in a mean number of 361 (range 179-553)
cases of active TB and a mean number of 35 (range 14-61) TB deaths over a ten year period in our
population of 20,000 agents, which is 63.1% and 82.1% lower than the mean number of 978 (range
758-1,149) active cases and mean of 196 (range 142-244) TB deaths with 52-weekly testing and a
sensitivity of 100%. With a test sensitivity of 70%, findings were similarly striking with mean active TB
cases at 488 (range 261-695) and mean TB deaths at 51 (range 23-79) in the 4-weekly scenario
compared to 1,012 (range 789-1,184) and 215 (range 154-265) in the 52-weekly scenario (reductions
of 51.8% and 76.3%, respectively). See table 8 for more detail.
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Table 8: Impact of test sensitivity on key indicators with four- and 52-weekly testing

Indicator 70% 80% 90% 100%

sensitivity | sensitivity sensitivity sensitivity

Mean active TB cases (four-weekly | 488 431 396 361

tests)
(261-695) (214-640) (216-603) (179-553)

Mean active cases (52-weekly 1,012 994 992 978

tests)
(789-1,184) | 804-1,167 (794-1,162) (758-1,149)

Mean TB deaths (four-weekly tests) | 51 43 39 35
(23-79) (17-72) (17-65) (14-61)
Mean TB deaths (52-weekly tests) 215 206 202 196

(154-265) | (153-257) (148-250) (142-244)

Mean infectious period in weeks 30.5 29.2 28 27

(four-weekly tests)
(27.9-32.8) | (26.7-31.4) (25.4-30.1) (24.4-29.2)

Mean infectious period in weeks 47.2 46.8 46.4 46

(52-weekly tests)
(45.1-48.9) | (44.6-48.5) (44.4-48.1) (43.9-47.8)

Mean active TB period in weeks 17.1 16.5 16 15.6

(four-weekly tests)
(15.5-18.7) | (14.6-18.1) (14.3-17.7) (13.6-17.2)

Mean active TB period in weeks 24.5 24.4 24.2 24.2

(52-weekly tests)
(22.8-26.2) | (22.6-26.2) (22.6-25.9) (22.4-25.8)

Caption: This table shows mean values for several key outputs for four-weekly and 52-weekly testing (the two
extremes) for all four levels of test sensitivity. As elsewhere, the ranges are 95% uncertainty intervals.

The decrease in mean active TB cases and mean TB deaths associated with more frequent testing is
not linear. As shown in figures 5 and 6, mean active TB cases and mean TB deaths declines relatively
slowly as test frequency is reduced from 52-weekly to 16-weekly, whereafter it declines much more
rapidly. Our modelling thus indicates an inflection point at around the 16-weekly (slightly under four-
monthly) mark. (Note that the X-axis in these graphs do not represent time in years but represent

different levels of test frequency from 4-weekly on the left to 52-weekly on the right.)
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Test frequency and mean cases of active TB
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Figure 5: Test frequency and mean cases of active TB
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Test frequency and mean TB deaths
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Figure 6: Test frequency and mean TB deaths

As shown in figures 7 and 8, there is a similarly non-linear pattern with an inflection point at around
the 16-weekly mark for the mean period for which agents are infectious and the mean period for
which agents have active TB disease. For example, from 52-weekly testing to 16-weekly testing in
with test sensitivity of 90%, mean active TB cases falls by 178 from 992 to 814 — while from 16-

weekly to four-weekly it falls by 418 (from 814 to 396).
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Test frequency and mean infectious period
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Figure 7: Test frequency and mean infectious period
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Test frequency and mean period with active disease
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Figure 8: Test frequency and mean period with active disease

On the face of it these mean infectious and mean active disease periods (ranging from 27 to 47
weeks and 16 to 24 weeks, respectively) may seem longer than anticipated with high frequency
testing. For example, four-weekly testing with a test sensitivity of 100% results in a mean infectious
period of 27 weeks. There are two factors driving this effect. Firstly, agents do not immediately
become non-infectious upon being diagnosed and typically only become non-infectious after two or
more weeks on TB treatment (see chapter 4 for more detail on the default probability distribution for
time from starting treatment to becoming non-infectious). Thus, even if all agents are diagnosed on
the day that they become infectious, the mean infectious period cannot be less than two weeks.
Secondly, even with highly frequent testing, not all agents are tested and some will slip through the
cracks and remain infectious for longer periods, thus driving up the mean values. In addition, in
scenarios where test sensitivity is lower than 100%, some agents who do test will not be diagnosed
when tested and accordingly not be started on treatment.
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Discussion

In an adapted version of ABM Spaces, we found a strong, non-linear correlation between increasing
test frequency and reductions in the mean number of active TB cases and mean number of TB deaths
in outbreaks. Higher test sensitivity was correlated with the same reductions, although the impact was
much less pronounced. This finding that testing frequency has a greater impact on mean number of
active TB cases and mean number of TB deaths than test sensitivity (at least in the test sensitivity
range in our model) was not unexpected, although the scale of the difference was surprising. There is
a high likelihood in the model that agents who receive a false negative test result will test positive in
subsequent tests. In effect, a test sensitivity of 70% for a single test amounts to a much higher
cumulative test sensitivity when that test is repeated every four weeks. It should be noted, though,
that in our model agents are all exposed to the same risk of a false negative when test sensitivity is
below 100% and the model thus does not account for the possibility that some people may in reality
be more likely to get false negative test results than others, for example due to factors such as having

a continuously low bacterial load.

Maybe most importantly, our modelling suggests that the relationship between testing frequency and
TB incidence is not linear. Incidence declines relatively slowly as frequency is reduced from 12
months to around four months, and then starts declining much more rapidly. Additional research is
required to establish where exactly this inflection point is. Either way, our model provides relatively
compelling evidence in support of setting a target test frequency of three or fewer months. To get
people to take a test that regularly, the test will have to be extremely easy to take — and would likely
have to be a home test that makes use of either a urine or a saliva sample. Whether it is possible to

produce affordable urine or saliva-based tests with sufficient sensitivity is not yet known.

The analysis presented in this chapter is unique in that it explores the impact of test frequencies as
high as four-weekly. What literature we could find in this area typically looked at intervals of a year or
longer between testing rounds. In line with our findings, a study published in PLOS ONE in 2011

found that more frequent testing results in more TB cases being averted.(82)

There are several limitations to the analysis presented in this chapter. Our hypothetical test is equally
sensitive to sub-clinical and active TB, something that may not be the case with real-world tests. It is
also possible that future real-world TB testing will involve multiple tests (for example to screen and
confirm) rather than our ideal of a single definitive test. Our assumption of 100% specificity may also
not be realistic. We assumed that on average around 80% of the population will regularly use the test.
Such high usage may be possible in a high-prevalence community with a very cheap and really easy
to use home urine or saliva test, but would be unlikely with more complex tests and in lower-
prevalence settings. As in the previous chapter, we did not model the use of TB preventive therapy,
nor did we include drug-resistant TB or the possibility of TB relapse. We also didn’t model the
monetary cost of more frequent testing. In real-world settings it is plausible that the concurrent use of

TB preventive therapy would reduce the impact of highly frequent testing such as that modelled here.
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Chapter 6 — The use of ABM Spaces to explore the impact of contact tracing
and test turnaround times on COVID-19 infections and mortality

Note: ABM Spaces was initially conceptualised as a framework with which to model TB interventions.
From the outset, however, the plan was to make the model easy to adapt for other infectious diseases
where transmission is also mediated through environments like households and workplaces —which is
the case when transmission is partly or mainly airborne. Accordingly, as COVID-19 was spreading
across the world in early 2020, we pivoted the development of ABM Spaces first to address questions
relating to COVID-19. This was both done because of the urgency of COVID-19 at the time, and
because COVID-19 is in some respects simpler to model and thus presented an easier target for the
first prototypes of ABM Spaces, before taking on the more complex challenge of modelling TB
interventions. We include this chapter here to illustrate how the ABM Spaces model can be tailored to
explore research questions in an infectious disease that differs from TB in important ways. An earlier
version of the work presented in this chapter was published as a preprint on medRxiv in October
2020. (30) We have improved some of the original analysis and edited the paper to fit in this
dissertation (for example by removing duplication of model description). We have not updated the
model with new parameterisation and the analysis presented here is thus based on the original
variant of SARS-CoV-2 and on what was known about the virus in mid-2020. We have added a note
to the discussion section where we consider how these findings may change in the context of newer

variants like Omicron.

Background

As discussed in chapter 2, as of mid-2020, many countries had implemented extended and far-
reaching lockdowns in response to the COVID-19 pandemic, often at significant economic cost. A key
guestion in the early months of the epidemic was what non-pharmaceutical interventions (NPIs)
governments could implement in order to exit such lockdowns as safely as possible. (18) One NPI
that received significant attention and that was endorsed by the World Health Organization was
contact tracing and isolation (CTI). CTl involves tracing the recent contacts of a person who tested

positive for SARS-CoV-2 and isolating these contacts, and in some cases also testing contacts.

One factor that can impact the efficacy of CTl is the amount of time it takes to get test results, referred
to as the turnaround time (TaT). In the early months of the pandemic in South Africa the demand for

tests far exceeded supply and testing capacity and TaT was often longer than 7 days.

Using the ABM Spaces model (parameterised and calibrated as described in Chapter 3) we explore
the impact of CTl and variable TaTs on SARS-CoV-2 infections and mortality in the context of a high-
density area such as a South African township, with interaction between individuals in households,

schools, workplaces, public transport and within a neighbourhood block. The three main scenarios in
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our modelling were (i) no CTI, (i) CTI with testing of contacts, and (iii) CTI without testing of contacts
(in both CTI scenarios contacts are isolated). To explore the impact of testing delays, each of these
base scenarios were run with 10 different TaT values (two to 11) — adding up to a total of 30
scenarios. Each scenario was run 10,000 times, for a total of 300,000 simulations. For our primary
analysis we focussed on the difference between TaT values of two and eight — although we report

outcomes for all scenarios. We did not model any NPIs other than CTI.

Setup and calibration of the COVID-19 version of ABM Spaces

The COVID-19 version of the model was developed to simulate key dynamics of the transmission and
disease progression of SARS-CoV-2 in a closed population of 10,000 agents loosely based on
Masiphumelele, a high-density township in Cape Town, South Africa. Apart from its similarity to other
high-density townships in South Africa, we chose Masiphumelele because of the significant amount of
high-quality research that has been conducted on tuberculosis transmission in the township, some of
which we have used to calibrate our model.

a. Agentsinthe COVID-19 model

Agents in the COVID-19 version of the model are given various attributes, including age, gender, and
a variety of variables relating to COVID-19-relevant disease states (such as exposed, infectious,
symptomatic, recovered, and dead). Though agents have an age attribute, agents in this version of
the model do not age, given that the model is run for only 270 days. Age does however impact the
model world by determining whether an agent is in school or eligible for work and by impacting an
agent’s mortality risk when ill with COVID-19.

b. Disease progression in the COVID-19 model

On the day an agent becomes infected with SARS-CoV-2, the model draws from a number of
probability distributions and estimates of risk, based on the published Covid-19 literature, (79-80) to
determine (i) whether and when the agent will become symptomatic, (ii) when the agent will become
infectious, (iii) whether and when the agent will be tested, (iv) whether and when the agent will stay
home, (v) whether and when the agent will require hospitalisation, and (vi) whether and when the
agent will die. The model remains flexible regarding these values — for example, when hospitals are
full an agent requiring hospitalisation will not be hospitalised and face a higher risk of death than
would otherwise be the case. This latter feature means our model factors in the impact of limited ICU

capacity on COVID-19 mortality.
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The below flow chart (figure 9) shows the possible disease progression paths that an agent can take
in the COVID-19 version of ABM Spaces.

Initial SARS-CoV-2 infection

Become infectious

Develop symptoms

Asymptomatic Hospitalised

Figure 9: Flowchart of disease progression in the COVID-19 model

c. Spaces in the COVID-19 model

As in the TB version of the model, agents can be associated with five types of spaces (environments):
households, workplaces, school classes, taxis, and city blocks. The choice of these settings is based
on research conducted on tuberculosis transmission in Masiphumelele. (71) There was no such
research available on COVID-19 transmission by type of setting available in mid-2020. Since TB
transmission is also largely airborne, we considered these data to provide a close enough
approximation of where COVID-19 transmissions might take place. Spaces in the COVID-19 version
of the model function mostly precisely as they do in the TB version of the model. The only notable
difference is that spaces are more stable since agents never age out of school classes or workplaces

and since there are no births and natural deaths in the COVID-19 version of the model.

While the COVID-19 version of the model includes hospitalisation, hospitals in the model do not exist
as a space where agents encounter each other and transmission takes place. This is because all
agents in the model who are hospitalised are by definition already infected with SARS-CoV-2. A
hospitalised agent is however withdrawn from all other spaces that it is associated with for the

duration of its stay in hospital.
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d. COVID-19 transmission

As in the TB version of ABM Spaces, transmission of SARS-CoV-2 occurs not directly from agent to
agent, but from agent to setting to agent. On each timestep in the model, agents are exposed to the
transmission risk of the various settings they are associated with. The setting and timestep-specific
risk of a setting is a product of the number of infectious agents in that setting on that timestep and the
inherent risk profile of the type of setting. As with the TB version of the model, the Reed-Frost formula

is used to determine whether or not transmission takes place (the formula is discussed in chapter 3).

e. CTland testing in the Covid-19 model

The model allows for false negative tests and takes into account published estimates of the variability
of test sensitivity based on days since infection so that, for example, an agent with SARS-CoV-2
infection is much more likely to test positive on day four of infection as opposed to day one or day 14.
(85) We gave symptomatic agents a likelihood of 0.8 of being tested in the days following first
symptoms — although the model can easily be run with other values for this and other variables. The
only way for asymptomatic agents to be tested in the model is as part of contact tracing. The model
allows for different TaT values to be used. TaT values observed in South Africa ranged from two to
greater than 11. (86)

The model can be run with or without CTI. In the default version of the model CTI involves testing
80% of an agent’s household, school class or workplace contacts within two days of the agent testing
positive. The test results for these tests become available a default of two days later (TaT equals two)
whereupon the same process is repeated for all positive tests — with the modification that agents
tested in the last 14 days will not be tested again. In CTI scenarios agents who test positive are
isolated from all other agents and cannot further transmit the virus. Eighty percent of agents who are
traced but who do not test positive, go into isolation (are temporarily removed from all spaces they are
associated with), with the remaining 20% isolating at home (are removed from all their associated
spaces apart from their household). The model can also be run so that a positive agent’s contacts are
isolated, but not tested (what we call the CTI without testing scenario).

Isolation refers to the movement of people with the infection being restricted, voluntarily or legally,
while quarantine refers to the movement of people at risk of infection being restricted, voluntarily or
legally. The work described here does not differentiate between these distinctions. We therefore use

isolation to refer interchangeably to isolation or quarantine.
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f.  Calibration and parameter values in the COVID-19 model

Disease progress parameter distributions

In the first half of 2020, there was great uncertainty about the key epidemiological parameters relating
to the natural history of SARS-CoV-2. Many studies were conducted to establish these parameters
and efforts made to synthesise the available data. Here we refer largely to two sources. At the end of
March 2020 Verity et al. published several key estimates in the Lancet medical journal, among others
for the case fatality rate (1.38%) and the mean time from symptom onset to death (17.8 days). Their
study also included estimates of case fatality rate by age, which were used to parameterise the case
fatality rate for different age groups in our model. (83) Then in July 2020 the South African COVID-19
Modelling Consortium published a set of model projections including several parameters used in their
modelling. (84) We consider these parameters to constitute expert consensus in South Africa at the
time and accordingly drew on them as well. Table 9 below shows the key disease progression
parameters used in the COVID-19 version of ABM Spaces.

Table 9: Disease progression parameter distributions in the COVID-19 model

Parameter Distribution/likelihood

Timing of progression from exposure to Two to six days with mean of four
becoming infectious

Likelihood of progression to symptoms 25%

Timing of progression from becoming infectious | One to three days with mean of two
to becoming symptomatic

Timing of progression from becoming Four to six days with mean of five

symptomatic to becoming non-infectious

Timing of progression from developing One to seven days with mean of four
symptoms to testing

Likelihood of requiring ICU admission 10%

Timing of progression from becoming Four to six days with mean of five

symptomatic to ICU admission

Case fatality rate Overall 1.38%, but rates differ by age group as
per Verity et al. (83)

Calibration of transmission parameters

In the COVID-19 version of the model, the parameters for inherent risk (i) associated with different
types of spaces were calibrated using two processes: Firstly, setting-related risks were varied so as to

reproduce published transmission patterns observed for TB in Masiphumelele. (10) Secondly, these
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risks were calibrated so as to produce epidemic simulations with Ro values that fall within the range of

Ro estimates found in the Covid-19 literature. (27)

We calculated Rovalues in the model using a numerical method that involves deriving Ro from the
equation R = Ro*S/N — where S is the susceptible population and N is the total population. (87) Since
Ri= 1 at the peak of the epidemic and the fraction susceptible at the peak of the epidemic is known

for each simulation, Ro can accordingly be solved numerically.

As a result, the model is calibrated to produce a force of infection similar to that estimated in the

literature with infections taking place in the settings where the available literature suggests they might.

Table 10: Calibration results for the COVID-19 model

Calibration value Target value based on Mean values produced by
literature 10,000 runs of the model in

the base scenario

Ro 1.5t0 3.5 (27) 1.68

% infections in homes 15.6% 15.8%
% infections in schools 10.2% 10.2%
% infections in workplaces 41.4% 41.4%
% infections on public transport | 21.9% 21.7%
% infections in other 10.9% 10.9%

households/blocks

g. Analysis in the COVID-19 model

The three base scenarios in the COVID-19 model were (i) no CTI, (ii) CTI with testing of contacts, and
(i) CTI without testing of contacts. To explore the impact of testing delays, each of these base
scenarios were run with ten different TaT values (two to 11) — adding up to a total of 30 scenarios.
Each scenario was run 10,000 times, for a total of 300,000 simulations. For our primary analysis we
focussed on the difference between TaT values of two and eight — although we report outcomes for

all scenarios.

All the above scenarios were run with populations constituted using published South African age
structure data. To explore the impact of age structure, we ran an additional 10,000 simulations of the
no CTI, TaT=2 scenario with a uniform age distribution rather than the South African age structure —
by uniform here we mean that agents were no more likely to be one age than any other. Apart from

the difference in age structure, all other parameters were kept the same for this additional analysis.

Each scenario was run for 270 timesteps (days) with a population size of 10,000 agents. Each

scenario was run 10,000 times.
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Results

In the ABM Spaces model, the implementation of CTI results in significant benefits, particularly where
contacts are tested, as shown in figures 10 and 11. CTI alone reduces the number of infections, but
there is the greatest reduction with CTI with testing and a short TaT. Compared to no CTI, CTI with
testing of contacts reduced the mean number of infections from 5,851 (range 5,692-6,013) to 4,439
(range 4,316-4,566) — a relative reduction of 24.1% — for a TaT of two days. The reduction was less
pronounced for CTI only (without testing) — with a mean number of infections of 4,828 (range 4,694-

4,963) and a relative reduction of 17.5%.

TaT and mean infections
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Figure 10: Test turnaround Time (TaT) and mean infections
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CTI has a smaller relative impact on the number of deaths in the ABM Spaces model compared to
infections. Again, the greatest reduction is observed with CTI with testing and a short TaT. For a TaT
of 2 days, CTI alone showed a mean number of 33.3 (range 12-56) deaths — a relative reduction of
8.5% — whereas CTI with testing reduced the mean number of deaths from 36.4 (range 15-59) to 31.6
(range 11-54) — a relative reduction of 13.2%. Under this relatively ideal TaT, whether or not contacts
were tested in the two CTI scenarios made only a moderate difference to deaths — with testing of

contacts reducing mean number of deaths by 5.1%.
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Figure 11: Test turnaround Time (TaT) and mean deaths

The testing of contacts, however, required dramatically more tests to be conducted. With TaT held at
two days, a mean of 1,443 (range 1,369-1,519) tests were conducted in the no-CTI simulations,
11,870 (range 11,019-12,626) in the CTI with testing of contacts simulations, and 1,189 (range 1,126-

1,252) in the CTI without testing of contacts simulations (the latter is lower than no-CTI since there
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are fewer infections). In the two CTI scenarios and with TaT held at two days, one life was saved for
every 6,283 additional tests conducted in the simulations where contacts were tested, and one

infection averted for every 27.5 additional tests conducted in these scenarios.

While TaT had essentially no impact on mean infections in the no-CTI scenario, longer TaTs were
associated with both more infections and more deaths in the two CTI scenarios. CTI with testing of
contacts and a TaT of eight days resulted in a mean of 5,325 (range 5,184-5,468) infections and a
mean of 35.9 (range 14-59) deaths — relative reductions of 9% and 1.6% compared to no CTI. CTI
without testing of contacts and a TaT of eight days resulted in a mean of 5,417 (range 5,271-5,560)
infections and a mean of 36.2 (range 15-59) deaths — relative reductions of 7.4% and 0.8% compared
to no CTI. With a TaT of 8 days and no CTI, mean infections were 5,849 (range 5,689-6,011) and

mean deaths were 36.5 (range 15-60).

The impact of both CTI and testing contacts on mean infections and mean deaths is greatest when
TaT is two days — with the impact getting smaller as TaT increases. The difference between CTI with
testing of contacts and CTI without testing of contacts also shrinks as TaT increases — a difference of

389 mean infections when TaT is two days drops to 92 when TaT is eight days.

In simulations with CTI and testing of contacts, the mean number of deaths was only moderately
sensitive to TaT. In these scenarios the greatest difference was observed between low TaT values —
mean deaths increased by 1.5 when TaT was three days compared to two, while an increase of only
2.8 deaths was seen with a TaT of eight days compared to a TaT of three. As with infections, the
impact of TaT on the mean number of deaths was less pronounced in simulations without the testing

of contacts but followed the same pattern of shrinking benefit.

Changing the age distribution to uniform (in the no-CTI, TaT=2 days scenario) resulted in mean
infections of 4,829 (range 4,667-4,993) and mean deaths of 34.1 (range 15-55) — relative reductions
of 17.5% and 6.3% compared to the same scenario with the South African age distribution. This
finding is somewhat counter-intuitive since it has been hypothesised that South Africa’s age
distribution, with a youth bulge and few people over 60, would lead to fewer deaths, given that people
over 60 are at much higher risk of dying of COVID-19 than younger people. In our model, however,
having more young people (mixing in school classes) and working-aged people (mixing in

workplaces) resulted in substantially more infections, and accordingly in more deaths.

Discussion

In an ABM that simulates key dynamics of Covid-19 transmission and disease progression, the WHO
recommended strategy of CTI resulted in a small reduction in the mean number of deaths and a
substantial reduction in the mean number of total infections. The benefit is greatest with TaTs of two
days, but a marginal benefit remains even with TaTs of eight days or longer. In our model significant
numbers of infections and deaths can be averted by testing the contacts of persons who test positive

— a benefit that is greatest with shorter TaTs.
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These results suggest that well-implemented CTI can play a valuable role in reducing the size of
outbreaks in the real world and that TaTs should be kept as short as possible in order to maximise
this benefit. Our findings thus broadly confirm those of Kretzschmar et al. and Hellewell et al. using a
substantially different methodology. (25-26) Apart from the difference in methodology, our study
differs from that of Kretzschmar et al. and Hellewell et al. in that we asked whether CTI and different
TaT values lead to meaningful reductions in total infections, while they explored what level of
intervention was needed to reduce the effective reproductive number to below one. It is possible that
certain levels of intervention would substantially reduce total infections, but not so much as to bring
the effective reproduction number below one.

This modelling work also illustrates a finding that would arguably be less likely with other, non-agent-
based, types of modelling. Our model produced the counter-intuitive finding that the South African
age structure would lead to more deaths than would be seen if age were uniformly distributed in the
population. This finding is a product of the fact that most mixing in our model involves people of
working or school-going age, something that produces more infections in the context of the South
African age distribution than it does with uniformly distributed age. While our finding in this regard is

far from conclusive, it does suggest a dynamic that was not anticipated.

Since several of our model parameters are highly uncertain, there is uncertainty in the model outputs
in addition to the already significant stochasticity in the model. The model outputs should thus at most
be considered as illustrative of underlying epidemiological dynamics rather than as an exact

prediction of the impact of CTI and TaT in the real world.

The model has several limitations. Many of the Covid-19 epidemiological and disease progression
parameters were highly uncertain in mid-2020 and remain relatively uncertain. The model does not
account for co-morbidities such as diabetes, HIV and TB. Neither does it account for movement in
and out of the community, a key element of Covid-19 transmission in the real world. Our model also
does not include NPIs other than CTlI, such as school closures. The setting-specific transmission-risk
parameters in the model were deduced from published literature on TB transmission in a Cape Town
community (to our knowledge no such South African data yet exists for Covid-19). Finally, we did not

attempt to assess the cost-effectiveness of CTI in this study.

Note: The analysis presented here is based on the initial parent variant of SARS-CoV-2. More recent
variants, such as Omicron, have shorter incubation periods and spread more quickly. We'd thus
expect short test turnaround times to be even more important in the context of Omicron than they
were in mid-2020. That said, the context has also changed in other ways. Most notably for this
analysis, the development of rapid antigen tests means that test results can now be obtained within a
few hours, rather than days — albeit at the cost of reduced sensitivity. The modelling of COVID-19 has
also in some respects become more complex given that we now know that people can become
infected multiple times and that much of the world’s population have at least some form of immunity,
be it natural or vaccine-induced — in mid-2020 it was still reasonable to model COVID-19 transmission

without assuming the possibility of reinfection and the impact of vaccination. Either way, the
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development of new SARS-CoV-2 tests, and arguably also the relative failure of contact tracing
efforts in most countries, mean that the type of analysis presented here is less relevant in 2023 than it
was in 2020. We nevertheless think it is worth including as an example of how a model like ABM

Spaces can be used to explore urgent research questions.
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Chapter 7 — Conclusions

After providing an overview of what ABMs are and reviewing their use in TB modelling, we used ABM
Spaces to explore a set of specific questions relating to TB and COVID-19 detection and
transmission. Based on this work, we can draw several broad conclusions — below we first note
conclusions relating to the use of ABMs with substantial social structure and then conclusions relating
to the specific TB and COVID-19 questions.

First, ABM Spaces illustrates that it is possible to develop ABMs with substantial social structure — in
the form of multiple environments such as households, school classes, and workplaces, together with
the complex social networks that link such spaces — in a way that is epidemiologically sound. Much of
the TB ABMs we found in the literature contains only one or two such environments — ABM Spaces

contains five and more could be added with relatively minor impact on model performance.

We described how model worlds where agents are associated with such spaces/environments in a
relatively straight-forward manner can give rise to highly complex social networks. This type of
modelling thus presents an alternative to models where complex social structure is hard coded or
derived from sophisticated algorithms or geospatial data. Instead, we’'ve shown that a relatively simple
setup of letting agents be associated with specific households, workplaces or school classes, can give
rise to rich and complex social structure in a way we think captures key aspects of real-world social
networks without presupposing too much of the social structure. Such spaces/environments-based
ABMs present an attractive trade-off between model complexity and computational burden that we’d

encourage other modellers to consider when making decisions on type of model and model design.

Second, ABM Spaces provides evidence that complex ABMs with social structure can efficiently be
coded in a compiled programming language such as C++, so that hundreds of complex simulations
can be run in minutes on a personal computer. This shows both that access to supercomputers are
not always required for this type of analysis and that compromises in terms of model complexity, as
we’ve identified in the literature, are not always necessary. Epidemiological modellers who wish to
make use of ABMs may thus benefit from greater collaboration with programmers skilled in compiled,
high-performance languages such as C++. Our review of the literature suggests that such
collaboration does not happen routinely and that modellers often use higher level modelling tools that
are slower and less customisable. At the same time, our experience in adapting ABM Spaces to
explore specific TB and COVID-19 questions, made it clear that significant epidemiological expertise
and scientific rigour is required to produce robust models that are relevant to real-world

epidemiological questions.

In short, our work suggests complex ABMs are best approached as inter-disciplinary projects

requiring both scientific programming and epidemiological modelling expertise.

Third, while demographic data can be used to associate agents with different environments in TB

ABMs (e.g. employment statistics can be used to determine how many agents should be associated
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with workplaces), determining the different risk of disease transmission in these environments poses
a challenge. Our novel solution to this problem was to calibrate ABM Spaces to published estimates
of the places in which TB transmission takes place in a township outside Cape Town while also
calibrating the force of infection in the model to match that estimated for South Africa. While we don’t
think that this calibration technique should be relied on for highly specific projections (given
uncertainties in the data to which we are calibrating), we are confident that, by letting roughly the right
number of transmissions take place in roughly the right types of places, the model sufficiently
captures real-world transmission dynamics so as to allow for a meaningful exploration of
epidemiological dynamics. Used cautiously, we believe such a calibration approach may be of value
to other modellers.

Fourth, our analysis in chapter 4 found that the impact of several TB case-finding strategies on TB
incidence, TB deaths, and TB case detection, was smaller than anticipated. Of the individual
strategies, targeted universal testing was most impactful. The impact of combining strategies was
additive, suggesting that in some cases it may make sense to implement multiple strategies
simultaneously. The analysis supports the view that the choice of case-finding strategy or strategies is
highly context dependent — with the case for targeted universal testing, for example, being much
stronger in areas with high HIV rates. In a South African context, this would suggest that the case for
TUT in a province with high HIV prevalence, such as KwaZulu-Natal, would be stronger than that in a

province with lower HIV prevalence, such as the Western Cape.

Either way, our findings suggest that the South African government’s decision to implement the TUT
strategy was epidemiologically sound and is likely to lead to significant improvements in TB case
detection, even if these effects may not be as large as we expected them to be. Our findings also
support the wider use of X-ray screening in South Africa, as is already being done in several pilot
projects, although it is not yet clear who should be offered X-ray screening, and how frequently, to

achieve maximum impact.

While both these strategies offer individual and public health benefits, we did not model their cost-
effectiveness and it is possible that in some contexts such case-finding strategies might not be cost-
effective. Modelling the cost-effectiveness of such interventions in a way that accounts for the health

benefits of earlier diagnosis and reduced transmission is a key area of future research.

Fifth, in interpreting why the TB case-finding interventions modelled in chapter 4 were less impactful
in terms of reducing transmission than we expected, we reached the insight that any form of annual
TB testing or screening of asymptomatic people would on average find people when they’ve already
been infectious for at least six months (with the exception potentially of some blood marker tests that
may have some predictive value). Since a substantial number of TB transmissions would already
have occurred when someone has been infectious for six months, more regular testing may be

required to make a significant impact on transmission.

Accordingly, in chapter 5 we explored the impact of a hypothetical TB test with several levels of test

frequency and test sensitivity on TB incidence. We found that test frequency has a much greater
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potential impact on incidence than test sensitivity (at least in the sensitivity range of 70% to 100%
used in our analysis) — likely due to false negatives turning into true positives in subsequent cycles of
testing. The reduction in incidence with more frequent testing in our model was not linear and showed
a slow reduction from 12 months to around four months, and then a much more rapid decline down to
four weeks. These findings suggest that a sufficiently sensitive test administered to roughly 80% of a
community every three months, or even more frequently, if possible, could have a significant impact

on the trajectory of the TB epidemic in that community.

Such regular testing with currently available tests is not feasible, but our work in this area does
contribute to the growing literature on “ideal” TB tests as, for example, described in the WHO'’s target
product profiles. Monthly or three-monthly testing would require tests to be cheap and very easy and
convenient to use. Very low-cost urine or saliva-based tests that can be self-administered at home
would be ideal. Should such tests be developed, acceptability and cost-effectiveness studies will be

an urgent priority.

While more frequent testing is one means to reduce the period for which someone is infectious, it is
only part of the solution since, even if people start treatment immediately, they can remain infectious
for several further weeks. Isolation of infectious persons is one means to reduce transmission in this
period but may be particularly difficult to implement if people are asymptomatic or have only very mild
symptoms, and isolation equates to time out of school or away from work. Tracing and testing
contacts and providing TB treatment if positive and preventive therapy if negative (as per South
African treatment guidelines published in 2023) (88) can also help to reduce further transmission. As
with frequent testing, higher uptake of preventive therapy is also likely to depend on ease of use and
convenience. Here also, as with TB diagnostics, new technologies such as a course of preventive

therapy delivered as a single injection rather than a month or more of pills, could be transformative.

Either way, in the absence of a breakthrough new vaccine, the road to TB elimination is likely to be
complex and involve a combination of many different new technologies. Our contribution here is to
show that the potential gains from tests that can be administered or self-administered monthly or

three-monthly could be substantial.

Sixth, the analysis presented in chapter 6 supports the intuitive view that for contact tracing to have a
significant impact in controlling the spread of COVID-19, it is critically important that test turnaround
times are as short as possible. The analysis was done based on data on the initial variant of SARS-
CoV-2 — for later SARS-CoV-2 variants such as Omicron, where the incubation period is even shorter,

test turnaround times would have to be even shorter to have the same impact.

More broadly, our modelling, as with much other COVID-19 modelling, confirms that contact tracing
and isolation has the potential to be effective in reducing the spread of an infection. Translating this
theoretical efficacy into real-world efficacy has however proven to be challenging — with maybe the
exception of South Korea and a handful of other countries, contact tracing and isolation programmes
in the COVID-19 pandemic have had very limited efficacy. This is partly due to the fact that COVID-19

presents a particularly tough challenge for contact tracing programmes since SARS-CoV-2 is a rapidly
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spreading virus with substantial spread from asymptomatic people. There is however also an
important reminder here that modelling complex social interventions such as contact tracing and

isolation is difficult and there is always a risk of models oversimplifying complex and messy realities.

Seventh, one finding in chapter 5 illustrates how complex models such as ABMs with realistic social
structure can produce emergent findings that may at first seem counter-intuitive, but that are
nevertheless plausible. It was widely anticipated that South Africa’s relatively young population would
mean that comparatively fewer people per capita would die of COVID-19 in the country, given that
COVID-19 is less deadly in young people than in old people. Yet, when we parameterised ABM
Spaces with the South African age distribution (with a young population) we found a higher number of
COVID-19 deaths than when we parameterised the model with a uniform age distribution (where
agents were equally likely to be young or old). We were able to show that the reason for this was that
young people in our model had more social contacts and there was thus more COVID-19
transmission, and accordingly deaths, in scenarios with the South African age distribution than in
scenarios with a uniform age distribution. Our model does not provide any evidence that this is what
happened in the real world, but it does illustrate a plausible epidemiological dynamic by which having
a young population might actually result in more COVID-19 deaths rather than fewer. Our modelling
here did not account for complicating factors such as the impact of lockdown measures such as

school closures.

The capacity of ABMs to generate unanticipated outputs such as these may make them particularly
valuable for the exploration of epidemiological dynamics. By letting agents interact in a realistic model
world and seeing what emerges, the door is left open to more potential outcomes than when model
dynamics are hard coded, as is essentially the case with models based on difference or ordinary
differential equations. While the use of ABMs for intervention modelling is already quite common,

there may well be a greater role for it in exploratory epidemiology than is currently the case.

Eighth, our work suggests that chance plays a large part in determining the speed and size of an
outbreak in a specific community — while we reported mainly on the mean of 10,000 runs of the
various scenarios, there was significant variation around those means. While this may simply be an
artifact of the stochasticity in our model, a plausible case could be made that similar stochasticity
drives outbreaks in real-world communities. In our model, for example, a high number of initial cases
in a workplace that happens to be highly connected to households with many school-going children
and adults associated with other workplaces could spark a rapid rise in infections — a dynamic that is

also plausible in the real world.

One intriguing implication of this is that much of the variation seen in outbreaks between real-world
communities may simply be due to chance. Such underestimation of the impact of random factors on
the size of outbreaks in communities may also have implications for the interpretation of findings from
cluster randomised trials. ABM Spaces could potentially be adapted to simulate cluster randomised

trials in an attempt to better understand the impact of chance on such trials.
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There are several other potential future uses of ABM Spaces. With relatively trivial modification, the
model could be used to explore several other TB case-finding interventions not discussed in this
dissertation. It could also be adapted for the exploration of early case-finding interventions for other
infectious diseases where infection is mediated through spaces such as classrooms. Though a
significant undertaking, a priority is to expand the TB version of ABM Spaces to include gender-
related risk profiles, TB preventive therapy, TB relapse, drug-resistant forms of TB, and more variable

levels of infectiousness.

Though we have made a case for the usefulness of ABMs, we are also very aware of their limits.
None of the conclusions and findings in this chapter cite specific numbers. This is intentional.
Complex ABMs like ABM Spaces contain many parameters and many internal complexities that
together create a substantial risk of inaccurate model outputs with little relevance for the real world.
Though this risk can to some extent be mitigated through careful calibration, there are simply too
many variables and too many dynamics at play to allow much confidence in the precise numbers

produced by such models, even if all possible precautions are taken.

That said, careful modelling such as that presented here, may nevertheless be sufficiently accurate to
allow for the identification of general trends and indications of potential epidemiological dynamics that
would be hard to identify using simpler models. We suspect that this, rather than precise prediction, is
where the greatest value in complex ABMs is to be found. Indeed, with the examples in chapters 4, 5,
and 6 we have illustrated that a specific type of complex ABM, one that contains substantial social
structure in the form of spaces or environments, can shed light on important real-world
epidemiological questions relating to the early diagnosis of TB and COVID-19. Though for most
epidemiological questions compartmental modelling will remain the most appropriate choice, we have
shown that for at least some problems, particularly those involving social interventions such as
contact tracing, ABMs with substantial social structure offers a viable, and arguably superior,

alternative.
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