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ABSTRACT

The emergence, spread, and establishment of an infectious disease within a population
brings about a plethora of challenges for public health organisations, whose aim is to
reduce disease burden while having access to limited information. In this thesis, we
develop statistical models and analyses to support public health response, addressing
uncertainties that are inherent to epidemics. The work is divided into two parts, focusing

on the last century’s biggest pandemics.

In the first part, we focus on the emergence of novel pathogens and variants of concern,
with applications to SARS-CoV-2. Firstly, we develop an adjustment to early reproduc-
tion number estimates, when generations of infections have not been reported. Our
adjustment is shown to reduce early biases in simulation studies. Secondly, we develop
a multi-strain Bayesian model to describe fluctuations in hospital fatality rates in Brazil
following the emergence of the Gamma variant. By synthesising data from separate
sources, we estimate the proportion of patients with either variant in hospitals across

Brazil, and quantify the impact of healthcare pressures, variant, and location effects.

In the second part of the thesis, we describe changes in transmission dynamics and
burden of HIV, using data from the Rakai Community Cohort Study. In the first project,
we develop a phylogenetic pipeline to estimate HIV time since infection from viral
sequences, and develop statistical models to refine estimates by incorporating testing
histories and known transmission network. By dating transmissions, we are able to
describe changes in transmission patterns, highlighting shifts in the age-profile of
the sources. Finally, we provide detailed descriptions of shifts in the age and gender
compositions of the burden of HIV and viraemia in Uganda. We obtain estimates at the
age level by developing non-parametric models sharing information across age groups.

We conclude by proposing novel metrics to inform prevention strategies.
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INTRODUCTION

HROUGHOUT human history, infectious diseases have posed one of the major threats
T to population survival. The Bubonic plague, now known as the Black Death, rav-
aged Europe between 1346 and 1353, claiming the lives of up to half of the European
population [ , |. The Columbian Exchange, following the discovery of Amer-
icain 1492, lead to a widespread intercontinental transfer of people, plants and products.
This exchange facilitated the transfer of pathogens like smallpox and measles, which
decimated native societies in the Americas | , , , ]. These pan-
demics, surpassing the death toll of World War I | , 1, left long-lasting

impacts on the societies they affected [ , 1.

Despite advances in medicine and public health, infectious diseases continue to be a
leading cause of death and poverty globally. One death in seven [ )
| is attributable to existing infectious diseases, and the risk of global pandemics is
on the rise due to various social, economic and ecological factors | , ,
, ]. For instance, the growing interconnectedness of the world brought about
by globalization enables pathogens to spread rapidly before they can be effectively

identified and characterized.

To fight these threats, international cooperation is crucial. With 194 member states,
the World Health Organization (WHO) is the leading international organization in the
joint fight against infectious diseases, aiming to promote health and its democratisa-
tion [ , ]. For instance, International Health Regulations [ , ] compel
members to meet standards for surveillance, reporting, and response to public health
emergencies, and to provide support to other nations in need. Additionally, the WHO
has contributed to the definition of the ambitious Sustainable Development Goals (SDG)

from the United Nations (UN), aiming to improve health and reduce worldwide poverty
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CHAPTER 1 INTRODUCTION

by 2030 [ , | by ensuring healthy lives and promote well-being for all
at all ages. The third of the 17 goals aims to end the epidemics of AIDS, tuberculosis,

malaria, and neglected tropical diseases by 2030 [ , 1.

Ambitious vision needs strategy, strategy needs analysis, and analysis needs data. To
achieve these goals and end some of the deadliest pandemics in history, effective
interventions must be implemented based on the available evidence. This thesis aims
to exemplify how statistical analysis of epidemiological data can be used to assess the
effects of public health interventions, detect changes in transmission dynamics and
inform public health policy updates. Specifically, I focus on the two most important
pandemics of the last century: COVID-19 and AIDS.

1.1 The SARS-CoV-2/COVID-19 pandemic

In December 2019, the novel Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-
CoV-2) was identified in China, following an outbreak of pneumonia cases associated
with a seafood market in Hubei, China [ , , , ]. Char-
acterization of early cases revealed a respiratory disease similar to SARS, which had
higher morbidity on men, people with diabetes and cardiovascular diseases. Symptoms
included cough, fever and fatigue [ , , , 1. Subsequent
studies revealed characteristic ideal for the virus’ spread: efficiency in the person-to-
person transmission [ , |, possibility of pre-symptomatic or asymptomatic
transmission [ , ] and a relatively long incubation period [

, ]. These factors led the WHO to declare the virus a Public Health Emergency
of International Concern on the 30% of January 2020 [ , ]. Less than two
weeks later, on the 11" of February, the WHO officially named the associated disease
Coronavirus Disease 2019 (COVID-19) [ , ]. Despite the introduction of travel
restriction in China, SARS-CoV-2 spread globally, and by February 2020 more than
80,000 cases were reported across all inhabited continents [ , ], which suc-
cessively led the WHO to announce a global COVID-19 pandemic on the 11" of March
2020 [ ) l.

The unprecedented spread of transmission forced governments worldwide to adopt
drastic non-pharmaceutical interventions in an attempt to reduce the burden on health-
care systems. The response included lockdowns, quarantines, school closures, physical
distancing, mask mandates and other measures [ , , , 1,
which were estimated to be effective in reducing the spread of the virus [ ,

, , ]. Simultaneously, massive investments were made in vaccine
developments which could increase immunization against COVID-19 and relax restric-

tions. The scale and speed of the vaccination campaigns were remarkable: within a year
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CHAPTER 1 INTRODUCTION

A TIMELINE OF PANDEMICS
Time and again, humanity suffered through large pandemics

Historical knowledge about many pandemics in the past is sparse. Pandemics with unknown death tolls are shown as triangles, while those
with an estimated death toll are shown as circles.

Pandemics before the 19th century, with an estimated death toll

1347-1353 Black Death 1492-1600 Columbian Exchange
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war.
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Figure 1.1: History of pandemics. Figure obtained from Dattani and Roser [2023]
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CHAPTER 1 INTRODUCTION

of the first administration of a COVID-19 vaccine outside of clinical trials in December
2020 [ , 1, at least half of the world’s population had received at least
one dose | , |. Nonetheless, access to vaccines was not homogeneous
and reflected structural and socio-economic disparities between and within countries.
For example [ ] estimated that up to a half of COVID-19 deaths could
have been averted in Low and Middle Income Countries (LMIC) countries had they had

similar early access to vaccine as High Income Countries (HIC).

Although containment measures and vaccination programs were effective in slowing
transmission, scientist consistently highlighted the possibility of the emergence of
variants which could escape immunity by cumulating evolutionary advantageous mu-
tations [ , , , ]. Over time, a variety of different
lineages emerged, whose increased transmissibility had the potential to destabilize
already struggling healthcare systems. These public health concerns led the WHO to
the label as Variant of Concern (VoC) any viral lineage satisfying one or more of the
following criteria: increased transmissibility, increased virulence, change in clinical
disease presentation, or decrease in effectiveness of public health and social measures
or available diagnostics, vaccines, and therapeutics [ , ]. One of the first strains
to be characterised as a VoC was Alpha (B.1.1.7). First detected in November 2020
in the United Kingdom, it was characterised by higher transmissibility compared to
wildtype [ , , , ] and quickly became the dominant vari-
ant in the country, reaching a prevalence of 95% among COVID-19 cases in February
20211 , ]. Similarly, other variants of concern emerged around
that time: Beta (B.3.5.1) and Omicron (B.1.1.529) were first detected in South Africa in
May 2020 and November 2021 respectively, Gamma (P.1) in Brazil in December 2020,
Delta (B.1.617.2) in India 2020 and Omicron in November 2021 , ,

, , , , , , , ]. All of

these were characterised by selective advantages over their predecessors.

1.2 The HIV/AIDS pandemic

Acquired Immunodeficiency Syndrome (AIDS) made its first, sudden appearance in the
1980’s. The first reported cases dated 1981, and concerned 19 white homosexual indi-
viduals exhibiting cancer and lung infections [ , ]
Additionally to Men who have Sex with Men (MSM), subsequent diagnoses involved
people with haemophilia, people who inject heroin and Haitians [

, , , ], all suffering similar symptoms and
facing severe social stigma. Increasing concern and research efforts led to the indepen-

dent discoveries of the causative virus, HIV, both in the USA | , ] and
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CHAPTER 1 INTRODUCTION

in France [ , 1. Associated with higher income countries, non
traditional sexual practices and stigma, HIV was either deemed unlikely to be spreading

in Africa, or worse denied altogether [ , 1.

The introduction of HIV in humans was later estimated to have occurred in the 1930’s
in Cameroon | , ]. According to the bushmeat theory, human HIV
infection was a result of zoonosis from chimpanzees due to hunting with poor hygienic
conditions [ , ]. The geographic reach of the virus expanded shortly
after, following rivers that were major route of travel and commerce | ,

]. Although the exact extent of the spread remains unknown, it is believed that
outbreaks of AIDS had already been happening in Central Africa between 1960 and 1980,
for example through increases in cases of cryptococcal meningitis in Kinshasa [ ,

]. By the 1990, there were an estimated 5.8 million cases of HIV in Africa, but no

treatment yet available [ , , , 1.

The timing and the extent of the response to AIDS differed widely across the African
continent, but its impact was felt everywhere. Following reports of increasing incidence
in Kampala in 1987 | , ], Uganda was the first country to mount a
national response to HIV, effectively managing to slow prevalence through educational
and destigmatizing campaigns [ , 1. On the other extreme, the
South African government, sometimes described as denialist, failed to address the rise
from less than 1% to 30% in antenatal HIV prevalence from 1999 to 2004 [ ,

]. Overall, the impact of HIV in Eastern and Southern Africa (ESA) in the 1990s was
devastating. More than half of adult mortality was attributable to HIV [ ,

], with widespread mother-to-child transmission and high rates of orphanhood as

a consequence [ , 1.

Between the late 1990s and the early 2000s, the growing international concerns mo-
tivated by the high mortality, together with the optimism of decreasing costs of HIV
treatment, paved the way for the creation of international organizations planning the
response to the pandemic. The foundations of the Joint United Nations Programme on
HIV/AIDS (UNAIDS) in 1994, the Global Fund to Fight Aids (Global Fund) in 2002 [

, ], and of the US President’s Emer-
gency Plan for AIDS Relief (PEPFAR) in 2003 brought about substantial investments
to fund research and scale up implementation of evidence-based interventions. No-
tably, some of the most effective interventions are Voluntary Medical Male Circumcision
(VMMC), which is estimated to reduce up to half the risk of transmission towards
men | , , , , , | and AntiRetroviral Therapy
(ART), which suppresses viral replication in an infected host and is highly effective in

reducing mortality [ , , , , , ] and prevent
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onward transmission [ , , , ]. The optimism sparked by
these findings, together with the ambition of ending the epidemic by 2030 [

, ] led to the definition of ambitious global targets. In 2015, the majority of
world countries | , ] committed to the UNAIDS “90-90-90” targets, requiring
that 90% of PLHIV are aware of their status, 90% of those aware are on ART, and 90%
of those on ART achieve viral suppression by 2020 [ , ]. The rationale was
Treatment as Prevention (TasP), i. e. the idea of guaranteeing easy access to treatment
to minimize the number of new HIV cases. Despite the success in scaling-up ART
administration, treatment uptake was heterogeneous across population subgroups.
Notably, it was lower in younger individuals, men and in key populations [

, | To address these disparities, in December 2020 UNAIDS introduced the
analogous “95-95-95” targets, with the additional constraint that each target should be
met by all population subgroups | , l.

Despite all the advances, the fight against HIV is still ongoing. In 2022, there were an
estimated 630,000 (480,000-880,000) deaths worldwide and 1.3 million new infections
globally, of which more than half occurred in ESA [ , |. Further, even though
HIV incidence is declining, this reduction is geographically heterogeneous and the
UNAIDS incidence targets for 2020 were missed | , |. Itis unclear whether
the 2030 SDG goal of ending AIDS as a public health threat will be met, even if “95-95-95"
targets are achieved by 2025. One possible reason for this is that different population
subgroups contribute to HIV incidence with different strength. Understanding which
population subgroups contribute most strongly allows to design targeted interventions
and speed up HIV incidence reductions. In my thesis, a principal focus concerns
using surveillance data to characterize which age-groups contribute most to ongoing

transmission.

1.3 The Rakai Community Cohort Study

HICs and countries in Sub-Saharan Africa face different HIV epidemics, and as such
require different approaches to control them. While in places such as the USA the epi-
demic is “concentrated”, meaning it is mostly confined to specific population subgroups,
in ESA the epidemic is “generalized”, meaning HIV infection is firmly established in the
general population [ , ]. As such, the role of African-based research in the local
fight against HIV has been, and still is, crucial in characterising the problems and in

evaluating the effectiveness of different interventions.

The Rakai Health Sciences Program (RHSP) is one of the oldest HIV research programs
in ESA. Its establishment in 1987 was a response to the first identification of clinical

AIDS in the Rakai district Uganda in 1982, and successively took up the role as a leading
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“hypothesis generating and hypothesis testing” institution [ , ]in
the fight against the epidemic. This experimental role was perfectly exemplified by the
Rakai STD Control for Prevention Study. Taking place between 1994 and 1998, it aimed
to assess whether the cure of Sexually Transmitted Diseases (STD) could reduce the risk
of HIV acquisition [ , ]. Although the results were negative, the study
was successively extended and renamed to Rakai Community Cohort Study (RCCS).
Table 1.1 reports some of the key published findings, together with a timeline of the

study rounds and of the interventions that were implemented.

The RCCS is an open, population-based, community HIV surveillance cohort of indi-
viduals aged 15 to 49 years old. The study includes communities in and around the
Rakai District, in South Central Uganda, bordering Lake Victoria to the east and Tan-
zania to the south. Initially, it included 30 agrarian and semi-urban communities, but
the number has since then increased to 40, notably with the addition of four fishing
communities around Lake Victoria in 2011 [ , ]. In fact, 2011 coincided
with the implementation of priority measures in these four hyperendemic communities,
and the RCCS aimed to study the effect of Universal Test and Treat (UTT), i. e. treatment
initiation immediately after the first positive test | , ]. This measure was

then extended to all communities in 2016.

The study is conducted in rounds, and each round is subdivided into three phases.
Firstly, an informational community mobilisation event is carried out to identify eligible
cohort participants. Secondly, a population census is executed. This involves a GPS
mapping of all the households, followed by visits in which household heads report the
number of people living in the household, as well as their gender and age. Individuals
are then invited to participate in the study. Participation is only allowed for residents
for at least 6 months, except for fishing communities where the residency requirement
is 1 month plus a declared intention to stay. Finally, the RCCS round starts. Partici-
pant consent is obtained privately by a trained RCCS interviewer. Following consent,
participants report either their birth date or current age themselves, and accompa-
nying documentary evidence is requested. Then, the participant is interviewed on
demographic characteristics, sexual behaviours, healthcare-seeking behaviour, and
successively tested for HIV. In case of positive test, the participant is offered counselling
and referral to care if needed. Starting from round 15, serum samples are collected for

potential HIV-1 viral sequencing and viral load measurements.

21



CHAPTER 1

INTRODUCTION

Table 1.1: Timeline of RCCS Survey Rounds. RCCS survey round dates with contemporaneous interventions and related

work.
Round | Start End Notable interventions Related work
Al Feb 1994 Dec 1995 | Interventions to reduce STD transmission Start of [ , ]
A6 Aug 1995 Aug 1996
B1 Jun 1996 May 1997
B6 Jun 1997 Oct 1998 End of [ , ]
W1 Apr 1999 Feb 2000 | Measures for PMTCT [ ) ]
Start of [ , ]
W2 Feb 2000 Feb 2001
W3 Apr 2001 May 2002
R9 Jul 2002  Aug 2003
R10 Sep 2003 Nov2004 | ART if CD4 < 250 Start of [ R 1
R11 Feb 2005 Jun 2006 | CT testing VMMC effect on incidence
R12 Aug2006 Jun2008 | CHP (VMMC + ART)
R13 Jun 2008  Jul 2009
R14 Jan 2010 Jun2011 | ART if CD4 <500
R15 Aug2011 Jun2013 | 4 Lake Victoria fishing communities added to RCCS [ , ]; start of
UTT in fishing communities and for key populations | [ , 1
R16 Jul2013  Jan 2015 | UNAIDS sets “90-90-90” targets. End of [ R 1;
start of Chapter 6"
R17 Feb 2015 Sep2016 | UTT for all End of [ R ]
R18 Oct2016 May 2018 End of [ , 1t
R19 Jun 2018 May2019 | Community outreach efforts (PrEP) [ R ] End of Chapter 6f

" Abbreviations: Prevention of Mother to Child Transmission (PMTCT); Sexual Transmitted Diseases (STD); Combination
HIV Prevention (CHP); Pro-Exposure Prophylaxis (PrEP).

t Project I contributed to.

1.4 Challenges

The statistical analysis of epidemiological data is crucial for public health planning.

Many challenges lie in the interpretation of often limited, biased data to quickly assess

the severity of a situation and the potential impact of different interventions. Some of

the most relevant challenges tackled in this thesis are:

e Missing data. An epidemic is always going to be only partially observed: some

cases are not going to be reported for a multitude of reasons, such as lack of an

easily accessible global testing infrastructure. In both HIV and SARS-CoV-2 cases,

individuals might also be unaware of their own infectious status due to absence

of symptoms or long incubation periods.

* Data aggregation and evidence synthesis. Multiple data sources may be infor-

mative to answer a question of interest. These sources might measure the same

quantity at different locations, time or granularity (such as cases), or they might

measure different quantities that provide a wider context (vaccination, census,

phylogenetics). This poses the problem of how to weight evidence coming from
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different sources, especially when some sources of data may be conflicting [

) 1.

* Biases and confounding. In order to generalize a statistical model inference, it is
often crucial to understand how the data was collected in relation to the popu-
lation of interest. In the case of HIV in ESA, testing rates are typically higher in
women and older individuals. Not accounting for this might lead to underesti-

mates of the contributions to the burden of HIV by younger individuals.

* Limited data availability in LMIC. This thesis focuses on the analysis of data from
LMIC countries, where the impact of communicable diseases is most severe, but
data are often less available or reliable. Analyses that are easily performed in HIC

might be impossible in LMIC countries, and alternatives must be found.

» Simplicity, transparency and interpretability. When informing public health
interventions, statistician should aim to “find models that are complex enough
to reflect sufficient details of the system but simple enough not to get lost in the
jungle of details” [ , ]. To guarantee that model outputs are
used for the intended scope, it is essential that their assumptions, purposes and

limits are clearly communicated | , 1.

e Moving targets. Public health interest may change in light of new evidence,
appearance of unexpected problems or changes in the epidemic itself as per
implementation of interventions. For example, the emergence of new pathogen
variants may prompt analysts to assess changes in transmission risks and severity

of the disease.

1.5 Thesis aims and Chapter descriptions

Before the start of my PhD in October 2020, my research was supposed to be centered
on the HIV epidemic in ESA. At the time however, most epidemiologist were focused
on the ongoing COVID-19 epidemic, estimating its spread and impact in Europe and
elsewhere in the world. Notably, Imperial College was at the forefront of the research,
as exemplified by the publication of early, high impact papers [ , ,

) ) , ) , |. The opportunity of
working on urgent and high-impact projects temporarily directed me towards COVID-19
projects, and it was only after 2021 that I started working on HIV. This shift is reflected in
the structure of my thesis: Chapter 3 and Chapter 4 deal with COVID-19, while Chapter 5
and Chapter 6 deal with HIV. Despite this dichotomy, common motivations underlie

the two sections. Each project involved the analysis of surveillance data to provide key
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strategical information to policy makers at different stages of a pandemic. An almost

chronological ordering emerged:

¢ In Chapter 3, we address biases in the estimation of the basic reproduction num-
ber in the very early stages of an epidemic, when the first infections are likely not

to have been reported.

* In Chapter 4, we assess changes in the mortality of COVID-19 across Brazil, after
the emergence of a variant of concern with increased immune escape. The project,
aiming to quantify the effect of the novel variant on hospital mortality, is an
example of how an epidemic can change due to evolutionary pressures on the

pathogen, and how its impact can be heterogeneous across locations.

e In Chapter 5 we demonstrate how the dynamics of a long-established epidemic
such as HIV can change through interventions, by describing changes in transmis-
sion flows in the RCCS. Here, we focus on the importance of dating HIV infections
events to improve comparisons of transmission patterns over time. We develop
a pipeline to estimate individual-level HIV time since infection, and a novel sta-
tistical model to estimate infection dates for individuals within a transmission

network.

e In Chapter 6, we further describe temporal changes in the age and gender contri-
butions to the burden of HIV and viraemia. Based on these analyses, we propose
metrics to help prioritize prevention efforts aimed at ending HIV as a public health
threat by 2030.

In summary, this thesis addresses statistical problems arising at different stages of
an epidemic, ranging from early surveillance data biases to changes in transmission
dynamics and ending with challenges related to bringing to control of the deadliest

pandemics in history.

The previously mentioned Chapters are preceded by a technical background chapter

(Chapter 2) and followed by a discussion (Chapter 7).
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2.1 Basic epidemiological definitions

One of the first aims of “quantitative” epidemiology is to measure the burden of a disease
in a population, and to understand properties of transmission dynamics. In this section,
we provide some of the basic definitions which are necessary to understand the rest of
the thesis.

2.1.1 Population, incidence and prevalence

A risk population, or simply population, is the collection of individuals we are interested
in studying. A category, or population subgroup of the population is a group whose
constituents share some common characteristics such as sex, age, location or ethnicity.
The prevalence of a disease is the proportion of individuals within the population who
have been infected by the pathogen of interest. By definition, it is always a number
between 0 and 1. Incidence is the rate of new infections over a specified period of time
for the population at risk for infection. For HIV, it is typically reported in person-years.
For example, an incidence rate of 0.01 infections per person-year means that 1% of the

susceptible population is expected to be infected in a given year.

2.1.2 Individual level disease status pathogen

A pathogen, or agent is a microorganism such as a bacterium or a virus that may cause
the disease of interest upon infection. An individual is infected if she was subject
to invasion by the pathogen of interest. These are also denoted as cases. An infected

individual is infectiousif it has the potential to transmit the disease to another individual.
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An individual is susceptible if she is not currently infected and could potentially develop
the disease. A transmission event is the process by which an infectious individual
transmits the disease to a susceptible individual. In this context, the person who
transmitted the disease is called infector or source (of transmission). The person who
got infected is called infectee or recipient. A pair of infector and infectee is also called a

transmission pair.

2.1.3 Incubation period, generation time and serial interval

The incubation period denotes the time delay between infection and appearance of
the first evidence, or symptom of the disease. The generation interval is the time delay
between the infection of an infected person and the infection of her infector. In practice,
infection dates are not observed, while it is easier to observe the onset of symptoms,
which justifies the following definition. The serial interval is time delay between the
development of symptoms in an infector and in her infectee. Note that while the
generation interval must always be a positive number, the serial interval can be negative

if the infectee develops symptoms before the infector.

2.1.4 Measures of transmissions speed

The growth rate r; is defined as the per capita change in the number of new cases per
unit of time, evaluated at time . This measure is sometimes reported in an alternative
form, the doubling time, which equals log(2)/r;, and represents the time it takes for the
number of cases to double. Although the growth rate is a useful measure of the speed of
transmission, other metrics because are often easier to interpret because they provide
deeper insights into the potential for disease spread and the effectiveness of control
measures. The basic reproduction number Ry is the average number of secondary cases
generated by a single infectious individual in a completely susceptible population.
The instantaneous reproduction number R; is the average number of secondary cases
generated by a single infectious individual at time ¢. These measures are a function of
both the growth rate and of the generation interval [ , ], and
relate to key epidemiological quantities such as the final size of an epidemic [ ,

] and the critical herd immunity threshold [ , , , 1.
Some questions of interest can be answered by either considering the growth rate or the
reproduction number. For instance, the number of cases at time ¢ is growing if and only

if R; > 1 or equivalently r; > 0.
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Figure 2.1: An example of a transmission network. Nodes represent individuals, and edges
transmissions from a source to a recipient. Note no node has more than 1 incoming arrows, and
some nodes may not be connected to others. Further, this transmission network can be broken
into three smaller networks, one per connected component.

2.1.5 Transmission networks

A transmission network is a directed graph N = (V, E), where V is the set of nodes and
E is the set of edges. Each edge e € E is a pair of nodes e = (v}, v»), representing a
transmission event from v; to v,. Given N we define the source of anode v € V as the
set source(v) = {u € V: (u,v) € E}. Similarly, we define the recipients of anode v e V
as the set of nodes recipients(v) = {u € V : (v, u) € E}. Note that two edges cannot be
directed to the same node, as an individual can only be infected once. An example of a

transmission network is shown in Fig. 2.1.

A network is said to be connected if for any pair of distinct nodes v;, v, € V, there exists
a collection of edges in E connecting v; and v». In this instances, a network can be also
represented as a tree with a unique root node, i. e. a node v without any incoming edges,
or source(v) = ¢. We can also define the distance between two nodes vy, v> € V as the
length of the shortest path connecting them, and the depth of a node v as the length of

the longest path connecting the root node to another node in V.

2.2 Models of disease transmission

In practice, it is infeasible to observe all cases of a disease in a population and explicitly
compute the key epidemiological quantities described previously. For instance, it is
impossible to count how many individuals were infected by each case and explicitly
compute the reproduction number. Instead, we rely on mathematical models which
impose a certain structure of the disease transmission dynamics to infer quantities of

interest. These include compartmental models and renewal models.

2.2.1 Compartmental models

Compartmental models are some of the simplest and most common models used in
epidemiology to describe the dynamics of disease transmission. They were first intro-

duced by [ | and have since been extended in a variety of ways. These
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models involve a population of individuals who fall into different compartments as a
function of their disease status. Each compartment is associated with different proper-
ties, and individuals can transition between compartments according to pre-specified
dynamics. The dynamics are typically expressed as a system of ordinary differential
equations, or as stochastic processes, such as Markov chains. The former case gives rise

to deterministic dynamics, while the latter gives rise to stochastic dynamics.

SIR models

The most common compartmental model is the Susceptible-Infected-Recovered (SIR)

model, which divides individuals into three compartments. At time ¢, we define:

S(t) the number of susceptibles. This counts individuals who are not infected and can

be infected.

Z(t) the number of infectious. This counts individuals who are infected and can

transmit the disease.

R(t) the number of recovered. This counts individuals who have recovered from the

disease and are assumed to be immune.

A fixed population of size N is assumed, and so the following relationship holds:
N=S)+Z(t)+R(). (2.1)

Itis assumed that the disease is transmitted through direct contact between susceptibles
and infectious individuals, and that the population is homogeneously mixing, meaning
that each individual has the same probability of coming into contact with any other
individual. The dynamics of a deterministic SIR model are described by the following

system of ordinary differential equations:

as _  SWI®

a7 N (2.2a)
darl(t) S()Z(t)

T p N —YZ(¥) (2.2b)
dR (1)

T YZ(1), (2.2¢)

where £ is the transmission rate and y is the recovery rate. Under this model, the

computation of the reproduction numbers is trivial:

Ro = P (2.3a)
Y
R, = ROE. (2.3b)
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Alternatively, stochastic SIR dynamics can be imposed by replacing the ordinary differ-

ential equations with a continuous-time Markov chain [ , 1.

SEIR models

For most diseases, an infected person does not immediately become infectious, but
rather some time needs to pass before they can transmit the disease. The Susceptible-
Exposed-Infectious-Recovered (SEIR) model is an extension of the SIR model which
accounts for this latent period, and introduces an exposed compartment. Compared to
the previously defined quantities, we here introduce £(¢) which denotes the number of
exposed individuals at time ¢. The dynamics of a deterministic SEIR model are described

by the following system of ordinary differential equations:

ds() _  SWIw

ar N (2.4a)
dé)  SHI)

= —0EW (2.4b)
% =o€ (1) —yL(1) (2.4c)
dR(1)

—— =71, (2.4d)

where o is the rate at which exposed individuals become infectious. As for the SIR model,
the reproduction numbers can be computed as in Eq. (2.3), and stochastic dynamics
can be imposed by replacing the ordinary differential equations with a continuous-time

Markov chain.

2.2.2 Renewal models

Renewal models are an alternative class of models used to describe incidence dynamics,
i. e. the evolution of the number of cases over time. While compartmental models simul-
taneously track how many individuals within a population are in each compartment,
renewal models only focus on those individuals that were previously infected. This
results in a simpler model structure, where, for example, there is no explicit need to

specify population size.

Renewal models predict changes in incidence I(#) at time ¢ as a function of previous

incidence and transmissibility (¢, 1) [ , ] as follows:

ELIOI (1) u<] =f0 Alt, D) I(t - 1)dT. (2.5)

Specifically, A(¢,7) describes the rate of secondary cases generated at time ¢ by an

individual who was infected at time ¢ — 7. It is common to assume the decomposition
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B(t,7) = R(t)w(r), where R(?) is the instantaneous reproduction number and w(r) is

the generation interval distribution [ , , , ], resulting in the
following equation:
EI(DIU () u<e] = R(OA() (2.6)
with A(?) :f w(t)I(t—T1)dr. 2.7
0
In practice, data is available at discrete time points | , ], and so the integral

in Eq. (2.5) is often replaced by a sum over a finite number of time points. We therefore

obtain the following discrete-time renewal model:

[e.°]
E(el(w)u<e] = ReAe =Ry ), wili—s, (2.8)

=0
where the subscripts are indicative of discrete indexing and I; denotes the number
of cases at time ¢. Below are two examples of renewal-based models widely available

through R packages.

2.2.3 EpiEstim

The EpiEstim package provides software to estimate the time-varying reproduction
number following the methodology in [ ]. Without loss of generality, we
assume that the time unit of interest are days, and we let ¢ = 0 denote the first day
for which incidence is reported. Here, the observed cases (I;);>o are modelled with a

Poisson likelihood with expectation given by Eq. (2.8), as follows:

(RyA ) te Rihe

P (Il (Is)oss<t W, Ry) =
1!

(2.9)

To avoid high variance in the estimates, the reproduction number is assumed to re-
main constant over sliding windows of time with length 7. Assuming a Gamma prior

distribution on R; ¢, the posterior distribution is Gamma distributed with parameters:

Rt ~ Gamma(apost, bpost) (2.10a)
t
Qpost = Aprior T Z I (2.10b)
s=t—-1+1
t -1
bpost = Z A+ b;,rlior ) (2.10c)
s=t—-1+1
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where a and b refer to the shape and scale parameters, respectively. Note that the
sliding windows are overlapping, and the estimation of the different R; ; is performed

separately i. e. not with a unique, joint model.

One limitation of this model concerns the explicit reliance on a constant reporting
process. The likelihood of cases in day ¢ is fully determined by the number of previ-
ously reported cases. As such, changes in the reporting process, such as changes in

ascertainment, may confound reproduction number estimates.

2.2.4 Epidemia

Epidemia is an alternative software based on the renewal equation that explicitly models
the reporting process to avoid confounding [ , , , 1. This
is achieved with two key differences. Firstly, the renewal equation is imposed on the
latent incidence process (i) ; which models the number of cases in the entire population.
Secondly, reported cases (Y;); are modelled as a noisy observation of the latent incidence
process, for example by accounting for ascertainment rates a; or infection-to-outcome

delays distributions 7. For instance, we may model:

Y; ~ Negative Binomial (at Y ik, <p) , (2.11)
k<t
where ¢ is an overdispersion parameter. Compared to EpiEstim, the model is more
flexible. It allows for both parametric and non-parametric inference of R; through and
for multiple observation processes, such as daily hospitalizations and daily deaths. As a
drawback, Epidemia requires an explicit definition of the starting date of the epidemic
as well as a prior on the number of cases present that day which typically leads to
identifiability issues in Ry estimates. The reason concerns transmissions in early stages.
High transmissibility can be either explained by high Ry or by many initial cases or
importations. If there is no data on the number of early cases, the model will have no

way to distinguish between the two sources of variation.

2.3 Statistical modelling

The main approach to statistical inference in this thesis is Bayesian. This decision
can be justified by a number of reason: flexibility in the design of the model, ability
to incorporate prior knowledge, and the necessity to accurately quantify uncertainty.
These justification are all crucial in epidemiological applications | , ] where
the data is often limited, and effects of interventions applied in different settings may
be available.
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2.3.1 Bayesian inference

Bayesian statistical inference aims to describe unknown quantities of interest through
probability statements. It provides a framework for estimating unknown quantities
of interest, by updating prior beliefs in light of observed data. This process occurs
within the context of a family of statistical models, each of which represents a data-
generating process deemed plausible. The models are distinguished by their parameters,
denoted by 8, which govern the behaviour of the model. The likelihood function p(y|0),
measures the probability of observing the data y under a given parameter value. The
core of Bayesian inference lies in updating our beliefs about the parameters 0 after

observing the data y. This is achieved through Bayes’ theorem:

p(yl0)p(0)

2.12
) (.12)

p@1y) =
Here, p(0) and p(0]y) represent the prior and posterior distribution respectively, en-
coding our beliefs about the parameter before and after observing the data. The term
p) = [p(yI0)pO)do' is denoted as evidence. As it is constant with respect to 6, we
can rewrite Eq. (2.12) as:

p@ly) x p(y|0)p@). (2.13)

The specification of the prior distribution is a key aspect of Bayesian inference, and
the choice should be made to reflect our prior beliefs on the parameter of interest.
Informative priors encode strong beliefs about the parameters. These are used when
substantial prior information is available, such as previous studies or expert knowledge.
Non-informative priors encode weak beliefs about the parameter, and are used when
little prior information is available. Weakly informative priors encode beliefs that
are intermediate between the two extremes. In practice, prior strength is sometimes

controlled to address identifiability issues.

2.3.2 Posterior predictive distribution

After updating the probabilistic description of the parameter of interest 6, a Bayesian
analyst may be interested in how this updated knowledge reflects on future data. This
corresponds to evaluating the posterior predictive distribution, which is the distribution
of future data y given the observed data y. If the data y, y is conditionally independent

given the parameter 0, the posterior predictive distribution can be computed as follows:
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p(yly) :fp(?ﬁly)de (2.14a)
=fp(?|9,y)p(9|y)d9 (2.14b)
=fP(J7|9)P(9|y)d9. (2.14c¢)

Hence, the posterior predictive distribution can be interpreted as a weighted average

over the conditional predictions p(7|0) over the posterior distribution p(01y).

2.3.3 Monte Carlo methods

In the previous sections, we introduced the posterior distribution p(6|y) as the main
object of interest in Bayesian inference. In most cases, this distribution is only known
up to a normalizing constant as the evidence is unknown. Therefore, bespoke methods

and techniques are required to either summarize this distribution or to sample from it.

Monte Carlo methods are a class of algorithms that rely on random sampling to obtain
samples from a target distribution f of interest. These algorithms can be either exact, or
asymptotically exact. The former category includes rejection sampling, which requires
the knowledge of an envelope function that bounds the target distribution. The latter
category is more general as it only requires knowledge of the target distribution up to
a normalizing constant. Asymptotically exact methods include Markov Chain Monte
Carlo (MCMC) methods, which involve constructing a Markov Chain whose stationary

distribution is (or resembles) the target distribution.

A further distinction can be made between first and second-generation MCMC methods.
The first generation methods, such as the Metropolis-Hastings algorithm and Gibbs
sampling, are simple and flexible but can struggle with slow convergence, particularly
in high-dimensional or complex parameter spaces. These methods rely on random
walks or conditional sampling, which can lead to inefficient exploration of the posterior
distribution. In contrast, second-generation MCMC methods, such as Hamiltonian
Monte Carlo, leverage gradient information to guide the exploration of the parameter

space, resulting in more efficient sampling and faster convergence.

Rejection sampling

Rejection sampling requires the knowledge of an envelope distribution g such that
f6) < Mg(@) for some M > 0. The algorithm proceeds by sampling x from g and
accepting it with probability f(6)/(M - g(0)). The accepted sample will have the de-
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sired distribution f. Additionally, if the samples from g are independent, the resulting

samples from f will be independent too.

Gibbs Sampling

When rejection sampling is not feasible, it is often possible to construct a Markov Chain
(that is a sequence of samples) whose stationary distribution is the target distribution.
A basic example of a Markov Chain Monte Carlo approach is Gibbs sampling. This
algorithm is especially useful when the joint distribution of the parameters of interest
is complicated, but the marginal distribution for each parameter conditional on the

others is simple.

Mathematically, for a p-dimensional parameter vector 6 = (64,...,60,), we define 6_;
to be the p — 1-dimensional vector of all parameters except 0;, and we define the full
conditional distribution of 0; as p(6;|6_;). Gibbs sampling is initialized with 0© ¢
supp(f) and inductively obtains samples 8"V from 8"Y by sampling coordinate-wise
from the full conditional distributions:

01"V ~ f(6:]61*.... 007,000,007 (2.15)
Under mild conditions, repeating this process for n = 0 to N will produce a chain

(6™) ,—1 With stationary distribution matching the target distribution f [

) ].

Metropolis Hastings algorithm

In practice, we cannot always guarantee that the full conditional distributions are easy
to sample from, and it is often necessary to resort to more sophisticated methods to
explore the parameter space. The Metropolis Hastings algorithm represents one of the
most general approaches to propose and accept new samples in such a way that the
resulting chain has the desired stationary distribution. The algorithm involves sampling
candidates 6’ from a proposal distribution g(6'|6), and accepting them with probability

(2.16)

! !/
a(@,@’)=min(1 f(H)q(BlH)).

" f(0)q(0'10)

Intuitively, the proposal g represents an “easy-to-sample-from” distribution which
is used to explore the support of the target distribution f, while the accept-reject
mechanism discriminates against samples that are less likely to come from f as opposed

to the current sample.
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The advantages of the Metropolis Hastings algorithm and of Gibbs sampling are the
simplicity and flexibility, and the usage is widespread for problems where 6 has low
dimensionality. However, the speed of convergence of the chain to the desired stationary
regime may be compromised by multi-modal target distributions or by correlation

structures among the parameters.

Hamiltonian Monte Carlo

A potential solution to the shortcomings of common implementations of the Metropolis
Hastings algorithm is Hamiltonian Monte Carlo (HMC). HMC utilizes gradient infor-
mation of the target distribution to guide the exploration of the parameter space, and

hence facilitate convergence to the stationary regime.

The technical implementation involves augmenting the parameter space with a mo-
mentum variable p of the same dimension of 8. This means we are now interested in
obtaining samples from a joint distribution f (0, p). As in the Metropolis Hastings algo-
rithm, HMC involves proposing a candidate (6, p’), and then accepting it with a given
probability. In theory, the improvement lies in an acceptance probability equal 1, which
is achieved by following specific dynamics in the augmented space. In practice, the
dynamics are approximated, and therefore the computation of the acceptance-rejection
mechanism (Eq. (2.16)) is still required. The function guaranteeing efficient exploration
is built upon intuition from physics. This is denoted the hamiltonian function and

represents the logarithm of the augmented target distribution:
H@®,p)=-logf(0,p). (2.17)
Enforcing independence between 6 and p, we then obtain:
H(,p)=-log f(0) —log f(p). (2.18)

In practice, it is common to chose p ~ MVN(0, X), where the covariance matrix Z is
generally tuned from a set of initial draws in the training phase, denoted as warmup.

Given a previous sample (0;_1,p;-1), sampling from Eq. (2.18) involves:

e Sampling p* ~ p(p).
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* Evolving the system with initial conditions (6;_;, p*) according to the hamiltonian

dynamics for a fixed amount of time €L:

a9 _oH (2.19a)
dt  dp '

dp 0H

bl el 2.1
dt 00 (2.190)

In practice, the dynamics are approximated by the leapfrog algorithm. This algo-
rithm involves taking L discrete steps of size €, after which the candidate (8’, p') is

proposed.

* Accepting the candidate with probability

a(0,p,6',p") =min(1,exp (H®,p) - HO',p")). (2.20)

Again, note that if the dynamics in Eq. (2.19) are followed exactly, the acceptance
probability is equal to 1. Once enough samples have been generated, it is possible to
discard the momentum variables p yielding samples from the target distribution f(0).

More details on the implementation of HMC can be found in [ 1.

No-U-Turn Sampler (NUTS) The No-U-Turn Sampler (NUTS) is an extension of HMC
that addresses the need for manual tuning of hyperparameters. NUTS automatically
adjusts the step size and the number of leapfrog steps during the sampling process,
eliminating the need for user intervention. This is achieved by recursively building
a trajectory of proposals until the algorithm detects a “U-turn”, at which point the

trajectory is terminated | , l.

2.3.4 Software for Bayesian computation

The increase in popularity of Bayesian methods in the last 30 years would not have
been possible without the development of software simplifying its usage. One of the
main goals of such pieces software is to abstract away sampling algorithms from model
specification. This way, an user can focus on modelling, by describing the likelihood
and prior through a modelling language. Different modelling languages exist that
cater to different needs, but they can be broadly grouped based on the underlying
inference engine | , ]. The first general purpose modelling languages
emerged starting from the 1990s, and were mainly based on Gibbs samplers. With the
popularisation of automatic differentiation through differentiable programming, HMC
became a viable alternative to Gibbs sampling, leading to a second wave of modelling

languages. Recently, with the advances in software acceleration and the need to work
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with more complex models, a wave of general purpose probabilistic programming

languages emerged, which provide a unified interface to different inference engines.

Gibbs samplers based software

Gibbs sampling represents a natural solution to sample from the posteriors of Bayesian
networks. These models admit the following representation for the joint distribution of

the parameters and data V = (y,0):

pOW) =[] pwIP), (2.21)
vey
where P(v) denotes the parents of v in the graph, that is the smallest set of nodes in V
such that v 1L P(v)|P(v).

The BUGS (Bayesian inference Using Gibbs Sampling) language [ , | was
one of the first to provide a high-level interface to specify such models, requiring the
user to define the full conditional distributions of the parameters in the right-hand
side of Eq. (2.21). Improvements in portability and in sampling (e. g. through data
augmentation techniques [ , 1) were successively implemented in JAGS (Just

another Gibbs Sampler) [ , .

Despite the success of these programs, Gibbs sampling faces some fundamental limi-
tations. In particular, convergence to the posterior distribution may be slow if two or
more parameters are highly correlated, slowing down the exploration of the parameter
space. This issue is exacerbated in high-dimensional models, where the number of

parameters is large.

HMC based software and Stan

HMC can be an attractive alternative to Gibbs sampling, as its performance scales
better to high-dimensional models. Improvements in performance are achieved by
using gradients of the posterior distribution to guide the exploration of the parameter
space. These improvements hence comes at the cost of two additional requirements:
the need to compute the gradient of the posterior distribution, and the need to specify
hyper-parameters of the inference engine. The first problem was solved with the advent
and popularisation of differentiable programming, which makes it possible to automate
the computation of gradients of a wide range of functions. The second problem is
typically addressed by the inclusion of warmup phases, and bespoke heuristics and

tuning procedures.

The most popular HMC software is Stan [ , ], which implements sam-

plers such as NUTS in C++, but provides interfaces to different programming languages,
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such as R and Python. Most Bayesian models described in this thesis were implemented
in Stan. Specifically, we used the cmdstanr [ , ]and RStan |

, ] interfaces to Stan from within the R programming language [

General purpose probabilistic programming languages

General purpose probabilistic programming languages aim to provide a unified interface
to different inference engines. In fact, there currently are no inference engines that
are optimal for (or can handle) all types of models. For instance, HMC requires the
computation of gradients, which are not available for models with discrete parameters.
The aim of general purpose probabilistic languages is to provide a unified interface to
different inference engines, while maintaining the same syntax for model specification.
Pyro [ , ] is one of the most popular general purpose probabilistic

programming languages, which implements stochastic variational inference, and HMC.

We conclude this section by acknowledging that the development of automatic differen-
tiation and hence of gradient-based methods has not only driven the development of
modern Bayesian software but it has also made previously infeasible approaches com-
putationally tractable. These tools have facilitated the development of new modelling
techniques, including variational inference [ , ] and variational
auto-encoders | , ], and plethora of other neural networks based
approaches, such as convolutional neural networks [ , |, generative ad-
versarial networks [ , |, or neural additive networks [ ,

|. Despite their lack of interpretability, which is often crucial in epidemiological
applications, these methods have been successfully applied to a wide range of problems,
including diagnosis of COVID-19 from chest X-rays [ , ], or extensions
of Cox survival models [ , ]. Recent work also involves merging neural
network approaches and (approximate) Bayesian inference, for example employing
neural networks to simulate draws from Gaussian processes [ , I,
or learning amortized estimators for likelihood-to-evidence ratios to enable posterior

inference in intractable likelihood settings [ , 1.

2.3.5 Convergence diagnostics and model fit

The main challenge in using MCMC methods is to ensure that the samples obtained are
representative of the target distribution. In theory, the Markov Chains are guaranteed to
converge to the stationary distribution. However, in practice, the convergence might be
too slow or the samples might fail to reach some local modes of the target distribution.

Multiple diagnostics tools exist to assess the convergence of MCMC:
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e Trace plots are a simple visual tool to assess the convergence of the chain. They
show the evolution of the parameters of interest (on the y-axis) over iterations
(on the x-axis). A well mixing chain will show a random walk behaviour, with low
autocorrelation between samples and with trajectories which do not indefinitely

get stuck in local modes.

e Gelman-Rubin Statistics, or R is a diagnostic tools to assess whether different
MCMC chains converged to the same distribution. More specifically, it compares
the within-chain variance to the between chain variance for the draws of a param-
eter of interest | , , , ]. Values of R < 1.01

are generally considered satisfactory.

* The effective sample size quantifies the information in the samples obtained from
the MCMC chain while accounting for the autocorrelation between samples. In-
tuitively, this measure can be interpreted as the number of independent samples
that would provide the same amount of information as the MCMC draws for
a given parameter. Different sample size requirements are needed to estimate
different summary statistics for the posterior distribution: for instance, an accu-
rate estimation of the posterior mean requires fewer samples than an accurate

estimation of the posterior 95% credible interval.

A MCMC scheme may converge to a target distribution, but the target distribution may
not reflect the desired properties of the model. For instance, the posterior distribution
may not be able to explain the observed data, which may indicate a misspecification of
the likelihood or prior. Several diagnostic tools exist to assess the quality of the model
fit:

* Leave-one-out cross-validation is a diagnostic tool to assess the predictive per-
formance of the model. It involves fitting the model to all but one data point,
and then predicting the left-out data point [ , ]. The process is
repeated for all data points, and the predictive distribution is compared to the

observed data.

e Prior predictive checks involve generating data from the model by sampling pa-
rameters from the prior distributions. The rationale is to assess whether the prior
assumptions lead to data with plausible properties. If not, the chosen priors may

be inappropriate.

* Posterior predictive checks involve generating data from the model by sampling
parameters from the posterior predictive distribution. The posterior distribution

of a summary statistic is then computed and compared to the summary statistic
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of the observed data. If the latter doesn't fall within the bulk of the posterior

distribution, the model may be misspecified.

Convergence diagnostics and model checking are a fundamental component of the
Bayesian workflow, and are crucial to ensure that the results obtained are reliable and

interpretable [ , 1.

2.3.6 Non-parametric models

Non-parametric models are a class of models which do not assume a fixed number of
parameters, but rather let the size of the data to dictate the complexity of the model. Typ-
ical example applications involve estimating the shape of a function over a continuous
domain, or estimating the distribution of a random variable. In this thesis, two types of
non-parametric models are used: LOESS and Gaussian Processes. For both applications,
given a compact domain D c R?, the goal is to estimate a function f: D — R from a set

of observations (xi,yi)?zl such that y; = f(x;) +¢€;.

Locally Estimated Scatterplot Smoothing

Locally Estimated Scatterplot Smoothing (LOESS) is a non-parametric regression method
which involves fitting a polynomial surface to the data using local fitting. Local fitting
means that for every point x, the fitted function f is obtained by fitting a polynomial
curve to a subset of the data. Further, the points are weighted by their distance from
x, through weighted least squares. The behaviour of the fit is controlled by three main

parameters.

e The span a € (0, 1), which corresponds to the proportion of points used for the fit

at each point.
e The degree of the polynomial used for the fit.
* The distance metric used to weight the points.

In our applications, we used the loess function from the stats packageinR |

, ], and controlled the behaviour of the fit through the span parameter. By
default, the degree of the polynomial is set to 2, and the distance metric is the tricubic
weighting function, given by:

3

d 3
) , (2.22)

w(d) = (1— '—
m

where m is the maximum distance between the point x and the points used for the fit.

Note that once the fit is obtained, no uncertainty quantification is provided. This means

40



CHAPTER 2 TECHNICAL BACKGROUND

we cannot make probabilistic statements on say, how likely the true function is to be

above a certain value at a given point.

Gaussian Processes

One of the most popular tools that allows to make probabilistic statements on the prop-
erties of the fitted function is Gaussian Process (GP) regression. A GP is a mathematical
object which imposes a distribution over the space of functions supported in a domain

D, such that for any finite set of points xi,...,x, € D:
(f(xl)’---yf(xn)) NN(H(Xl,...,xn),K(X1,...,xn)), (223)

where p is the mean function and K is the covariance function. To specify a GP, one
needs to define a mean function u: D — R” and a kernel k: D x D — R%*4, such that
(K(x1,...,Xn))ij = k(x;, xj). Through reparametrization, the mean function can often
be assumed to be zero, and the focus lies on the choice of a kernel k from a parametric
family. In the applications reported in this thesis, we used the squared exponential or

radial basis function kernel, which is defined as:

2
u), (2.24)

ksg(x, x') = a® exp (— 207

where a? is the variance of the process and p is the lengthscale. The lengthscale de-
termines the distance over which the GP output changes: a shorter lengthscale results
in more rapid, short-range fluctuations, while a longer lengthscale yields smoother,
long-range changes. The variance dictates the extent to which functions can deviate

from their mean.

Fig. 2.2 illustrates the behaviour of a GP with a squared exponential kernel as the
lengthscale and variance are varied. An interactive version of this plot can be found at

https://abriz97.shinyapps.io/shiny_gp_viz/. Other popular examples include:

e The Matérn kernel, with parameter v:

1-v _ +'N\V _
ngag (6, ) = 2 (\/le x') Kv(\/ﬁlx x'), (2.25)
I'(v) [Y 1Y

where K, is the modified Bessel function of the second kind.

e The periodic kernel, with parameters a?, p, A:

2sin2(n|x—x’|m))
) (2.26)

kper(x, x') = a* exp (— P
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Figure 2.2: 20 draws from a Gaussian process with squared exponential kernel. The lengthscale
and variance of the kernel are varied to illustrate the behaviour of the process. The lengthscale
determines the distance over which the GP output changes, while the variance dictates the
extent to which functions can deviate from their mean.
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REFINING BASIC REPRODUCTION NUMBER
ESTIMATES IN EMERGING EPIDEMICS

3.1 Introduction

UTBREAKS of epidemics are generally viewed with apprehension by public health
O systems, as novel infectious agents can introduce considerable uncertainty and
potentially severe effects on societies worldwide. A primary aim of epidemiologists
during these phases is to utilize scarce data to address question on the type, scale
and timing of the measures required to mitigate the epidemic [ , l.
For example, understanding the speed at which a disease is transmitted allows for
calculating short-term demand of hospital resources. In this context, the basic and
instantaneous reproduction numbers, Ry and R;, represent key epidemiological pa-
rameters (Section 2.1.4). R; represents the average number of secondary infections
caused by a single infectious individual at time t and R, represents the average number
of secondary infections generated by a typical infection in a completely susceptible

population.

In the last couple of decades, several methods have been developed to estimate R;
given case data and a generation interval distribution. For example,
[ | base their methodology on determining likelihoods of chains of infections,
[ , ] use branching process theory, and
[ ] base their approach on SIR differential equations. In practice, one of
the most popular methods is EpiEstim [ , ] due to its clear assumptions,
an accessible software implementation, and its performance in detecting changes in

transmissibility patterns [ , 1.
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However, EpiEstim and other commonly used statistical methods, typically suffer from
systematic overestimation of the reproduction number | , ], which need
to be considered in the interpretation of the results. Indeed, although overestimates
may be preferred to underestimates in the early-stage response, the expected decrease
in bias over time | , ] may be misattributed to initial interventions,
hence overestimating their effect. For example, [ ] attributed decreases in
the instantaneous reproduction number of COVID-19 to public health interventions,

even though the largest decreases were estimated to predate their implementation.

There are multiple reasons which may contribute to the overestimates. Some of these
reasons are inherently hard to tackle. For example, estimates of transmissibility found in
the literature are often biased toward higher values because outbreaks with subcritical
transmission rates are inherently less likely to be noticed [ , ]. On
the other hand, it is possible to control for some sources of bias by understanding
how the reported case data departs from the underlying assumptions of the different
methods. For example [ | highlight the importance of accounting

for imported cases, which contribute to an increase in the force of transmission.

In this Chapter, we present the work featured in the article “Refining Reproduction
Number Estimates to Account for Unobserved Generations of Infection in Emerging
Epidemics” published in Clinical Infectious Diseases, and presented as a poster at the
“8th International Conference on Infectious Disease Dynamics” in December 2021. We
propose an adjustment to EpiEstim to account for missing generations of infections
and use simulated data to show it reduces the bias in early reproduction estimates. The
contributions of the authors are acknowledged thereafter: Ilaria Dorigatti and Megan
O’Driscoll were my project supervisors and conceived the study. They and I, Andrea
Brizzi, developed the methods, and wrote the paper. I implemented the methods and

performed the analyses.

This Chapter is structured as follows: Section 3.2 summarises the main contributions of
the paper. Section 3.3 introduces reproduction number estimators and describes the
proposed adjustment. Section 3.4 summarises our results both on simulated data and
on real count data from the COVID-19 pandemic. Section 3.5 assess the sensitivity of
our adjustment to different assumptions on generation intervals, reporting rates, and

model misspecification. Section 3.6 discusses the implications of our findings.

3.2 Contributions to the literature

In a previous simulation study, [ | demonstrated that statistical

methods widely adopted in outbreak analysis to quantify the reproduction number can
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be biased, especially in the early stages of an outbreak. Indeed, empirically observed
incidence data suffer from a variety of issues, including underreporting, and ignoring
their effects can result in biased estimates which are prone to misinterpretation. Due
to their simplistic assumptions, popular inference methods are especially vulnerable
to these issues, which typically involve more sources of variance than are accounted
for. For instance, EpiEstim assumes a Poisson distribution on the number of cases,
which does not account for the typical over-dispersion observed in real data and yields

overconfident estimates.

In this work, we consider the effects of under reporting in the first generations of infec-
tions, for instance due to the absence or suboptimal testing, reporting and surveillance,
on the estimates of the basic (Ry) and effective (R;) reproduction numbers obtained
from widely adopted methods. Using simulated data, we show that reproduction num-
ber estimates are systematically overestimated and we propose a simple adjustment
that overcomes the bias. Briefly, the adjustment involves fitting a linear exponential
growth model to the first reported cases and then using this model to back-impute prior
incidence. The rationale behind this approach is that it is unlikely that the first reported
case corresponds to the actual first case of infection; therefore, more individuals than

reported could have contributed to transmission.

We choose to apply our adjustment to EpiEstim, rather than other methods, for prag-
matic reasons. Namely EpiEstim has a popular implementation through a R package
and is widely used in practice. In this work, we compare the estimates produced by
EpiEstim with and without our adjustment when applied to early SARS-CoV-2 inci-
dence data reported in the USA, the UK, Italy and Sweden. Using one week worth of data,
the adjusted EpiEstim method produces R; estimates that are consistent with results
in the literature obtained from fitting transmission models to at least one month’s worth
of data, demonstrating that timely and reliable inference of the reproduction number is
possible in the initial phases of the epidemic with our adjustment. Our analysis shows
how a simple adjustment can reduce initial bias in reproduction number estimates in a
newly emerging epidemic when the interpretation of reproduction number estimates is

crucial for public health decision making.

The code necessary to reproduce our original analyses was made publicly available at
https://github.com/abriz97/R0_simulations. Since then, I implemented the adjustment
in the R package EpiEstim version v.2.2-5 alongside a vignette [ , | to justify
and describe its use.
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3.3 Methods

In this section, we first give a brief overview of the inference methods considered in
our work (Sections 2.2.3, 3.3.1 and 3.3.2), and the describe our simulation scenarios in
Section 3.3.3.

3.3.1 Exponential Growth

One of the simplest methods to characterise the speed of an epidemic, as measured by

the growth rate r, is to fit the log-transformed incidence data by linear regression:
argminZ(log(It) —(c+ rt))z. 3.1)
C,r t

When observations with 0 cases are present, linear regression requires the addition of a
small constant to each incidence data point, so that the logarithm of each data point
is well defined. If the generation interval distribution w is known, the reproduction
number R can be expressed as the inverse of the moment generating function M, of w

evaluated at —r [ ) |:

-1
R=My,(-r)~'= (Z wse”) : (3.2)
i=1

The assumption of exponential growth is justifiable in an initial epidemic period where
the proportion of susceptible individuals in a population is large, but as more individuals
get infected and the proportion of uninfected individuals falls, the growth in the number
of new cases slows down and becomes sub-exponential. A rule of thumb to identify the
time window in which the exponential growth assumption is valid is that the cumulative
number of infected individuals does not exceed the square root of the population
size. This rule was proposed by [ ] and is based on the

theoretical work of [ l.

3.3.2 EpiEstim with exponential back-imputation

EpiEstim (Section 2.2.3) is one of the most popular methods to estimate the time-
varying reproduction number [ , ], due to its ability to accurately identify
R; and detect abrupt changes in transmissibility [ , 1. However, the
method can suffer from systematic bias in the initial period of estimation [

, ], for example if the first chains of infections are not observed. To see this,

consider the mean of the posterior distribution Eq. (2.10) when 7 = 1 and priors are
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uninformative (such that dpyior, bprior tend to 0):

Ropey = 2L = i (3.3)

b=l Ay - Z?Zo wel;—s .
Hence the posterior mean corresponds the ratio between the number of observed
infections on day ¢ over the population infectiousness on the same day. When the first
chains of infections are not observed, the estimator will tend to attribute all new cases

to the first observed cases, overestimating the reproduction number.

In this work, we consider the scenario in which earlier cases would have been reported
if the testing capacity had been available. As such, we frame the statistical problem as
a missing data issue, where we observe incidence [ ‘}bs = (I5)o<s<T fromdayOup to T,
but we are missing the incidence I mis — (7)., from the start of the epidemic to the first
observed case. Note we are currently not providing a start date of the epidemic; our

proposed method will not require this information. The problem lies in quantifying:

p(Rel19%) = [ (R 150, 175) p (17115%) am 3.4)

To perform a fully Bayesian inference of (R; ) coherent with EpiEstim’s methodology
(Section 2.2.3), we should specify a model for p(I™¥|1°0%), and successively propa-
gate the uncertainty on the unobserved cases to the posterior distribution of (R; ).
For instance, we could have imposed a Bayesian linear model on the logged cases
parametrized by an intercept, a growth rate and a standard deviation. Then, simple
Monte Carlo methods could be used to simulate the unobserved cases, and the poste-
rior of (R;;) could be obtained by averaging the posterior of (R; ;) over the simulated
unobserved cases. However, this would result in the loss of a closed form expression for
the posterior of (R;;), which is one of the main practical advantages of EpiEstim over

other packages such as Epidemia (Section 2.2.4, [ D.

Instead of specifying a probabilistic model for the unobserved cases, we propose a
simple back-imputation procedure to account for unobserved initial infections. This
is similar in spirit to other extensions of EpiEstim. In [ ], the authors
firstly impute daily cases from reported weekly cases through a frequentist expectation-
maximisation procedure, and secondly use the imputed cases as an input of the Bayesian
EpiEstim algorithm.

We adopt a similar two-step approach, where imputation of unobserved initial infec-
tions is based on an exponential growth assumption, similar to [ ]
Specifically, we assume that the epidemic is growing exponentially to back-impute infec-
tions in the period prior to the fist observation. Note that this assumption is theoretically

justified in the early stages of an epidemic [Via, |, and exponential growth inference
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Figure 3.1: Visualisation of the exponential growth adjustment method, applied to simulated
data obtained with Ry = 2.5, reporting rate p = 1 and resulting changes in posterior estimates
having assumed 2 unobserved generations. On panel A, the logarithms of the first reported data
(those in the green region) are used to fit a linear model (line). The linear model is then used
to back-impute unobserved cases (red dots) to complement the available data (blue dots). On
panel B, the true R; value (black solid line) is compared to EpiEstim estimates without (blue)
and with (red) adjustment using sliding windows of 7 days. The back-imputation reduces the
initial mean estimates (dotted lines) and 95% credible interval widths (ribbons). The adjusted
method then converges to the original method as the importance of the imputed datapoints
vanishes. Method abbreviations: EpiEstim (EpEs); Adjusted EpiEstim (EpEsAdj) This figure is
included in the accepted manuscript provided to Clinical Infectious Diseases for further editing.

methods are between the most accurate in this initial period [ , ].
Our procedure can be summarised in three simple steps and is visualised in Fig. 3.1.
First, we fit a linear model on the log-transformed incidence data to estimate the growth
rate, as per Eq. (3.1) and as shown in Fig. 3.1A. Second, we use this linear model to back
impute incidence data, prior to the time of the first observed case. In particular, we
obtain an estimate of the number of cases for S days, where S is the largest possible
generation interval length, i.e., the largest value such that w; > 0. We highlight that it is
not necessary to round the output of the inferred number of cases, and estimates lower
than 1 should not be removed. Finally, we apply EpiEstim to the extended epidemic
curve (including the back imputed incidence data).

3.3.3 Simulations

To evaluate the validity of our correction, we compared the performance of EpiEstim
with and without the adjustment on simulated data. We additionally compared the re-
sults to those obtained by fitting a linear exponential growth model, as the performance

of our correction strongly depends on the accuracy of the estimates of the growth rate.
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Figure 3.2: Distribution of mean R, estimates assuming a fixed reporting rate p=50%. Dis-
tribution of mean R, estimates assuming a fixed reporting rate p=50%. Each panel shows the
distribution of the mean R estimates obtained using 100 simulations for a given true Ry value
(red dashed line). Method abbreviations: Linear exponential growth rate method (EG); EpiEstim
(EpEs); Adjusted EpiEstim (EpEsAdj). This figure is included in the accepted manuscript pro-
vided to Clinical Infectious Diseases for further editing.

We used a stochastic SEIR simulator to generate 100 epidemic curves for each R values
in {1.5,2,2.5,3}. We considered a large population of 106 individuals, and epidemics
seeded by 5 initial infections. We assumed 3 days and 3.5 days as the mean times spent
in the exposed and infectious compartments respectively, yielding a 6.5 mean genera-
tion interval commonly used to model COVID-19 [ , ]. To account for
imperfect reporting, we simulated two types of issues commonly affecting the observed
data: underreporting and unobserved initial generations of infections. We simulate
unobserved initial generations by considering the simulated data from day 15 to day 28,
corresponding to two generation intervals worth of data after having missed the first two
generations. Further, we simulated under-reporting by considering a constant reporting
rate p € {0.15,0.3,0.5, 1}. Daily observations were sampled as binomial realisations of

true incidence with success probability equal to the reporting rate p.
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Figure 3.3: Bias and coverage comparison by reporting rate. Median (point) and 95% CrI
(interval range) of the basic reproduction number (R;) mean estimates (panel A), mean coverage
(panel B) and mean 95% confidence/credible intervals widths (panel C) for different values of
Ry and reporting rates p. Each panel represents distinct values of Ry, while different colours
represent different reporting rates. Method abbreviations: Linear exponential growth rate
method (EG); EpiEstim (EpEs); Adjusted EpiEstim (EpEsAdj). This figure is included in the
accepted manuscript provided to Clinical Infectious Diseases for further editing.

3.4 Findings

3.4.1 Method comparison

We fitted the exponential growth, EpiEstim and adjusted EpiEstim methods to the
simulated data assuming a Gamma distributed generation interval matching the mean
and variance of the generating process (i.e., 6.5 mean generation interval). Fig. 3.2
shows the effect of our adjustment when the reporting rate is 50% and shows that the
initial bias observed in the estimates obtained with EpiEstim is strongly reduced by the
proposed adjustment, and the mean estimates are comparable with those produced
by the exponential growth method. These trends are observed for each value of p,
implying consistency in the estimates obtained with different reporting rates (Fig. 3.2
and Fig. 3.7). Our adjustment does not only improve the accuracy of the central esti-
mates of Ry, but also improves uncertainty quantification. Average credible/confidence

interval widths and coverage are reported in Fig. 3.3. Coverage remains constant across
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Figure 3.4: Impact of missed generations on Rj estimates. Distribution of mean R, estimates,
obtained using biweekly time windows (x-axis) and a variable number of unobserved generations
(0, 1 and 2, see rows), assuming Ry = 2.5 and reporting rate p = 1. EpiEstim estimates are shown
in blue, adjusted EpiEstim estimates are shown in red. On the axis, the sliding window used to
fit the method is shown. Each window contains 14 consecutive data points, starting at week 0,
or week 1, or week 2. Method abbreviations: EpiEstim (EpEs); Adjusted EpiEstim (EpEsAdj).
This figure is included in the accepted manuscript provided to Clinical Infectious Diseases for
further editing.

different values of the reporting rate for the estimates obtained with the exponential
growth and adjusted EpiEstim methods. On the other hand, the large bias observed in
the estimates obtained with EpiEstim implies that as credible intervals get narrower,
coverage decreases dramatically (Fig. 3.3, panels B and C). The EpiEstim adjustment
proposed in this paper produces generally narrower credible intervals as compared
to the exponential growth method, at the price of a slight decrease in coverage. This
trade-off is in favour of our adjustment for values of Ry larger than 2, when coverage
amongst the two methods is similar. Further, we highlight that the proposed adjustment

does not influence later estimates of R; produced by EpiEstim (Fig. 3.1).

3.4.2 Impact of missed generations

Beyond simulating undetected cases, reflecting a surveillance system which may be
unprepared or unaware of a newly unfolding epidemic, we investigated the impact of
the number of unobserved generations on the estimates obtained with our adjustment

using simulated data generated under a scenario with perfect reporting rate (p = 1)
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Figure 3.5: Comparison of R; estimates obtained with (red) and without (blue) adjustment
for COVID-19 data in 4 countries: Italy, France, the UK, and the USA. Each quadrant includes a
subfigure showing the logarithm of the data and the regression line (left) and the R; estimates
obtained using a sliding window of 7 days (and the data up to that day) and a generation interval
of mean 5.7 days and standard deviation of 1.72 days (right). Method abbreviations: EpiEstim
(EpEs); Adjusted EpiEstim (EpEsAdj). This figure is included in the accepted manuscript
provided to Clinical Infectious Diseases for further editing.

and Ry = 2.5 . From each epidemic trajectory, we considered 3 different left trunca-
tions of the data to account for 0, 1 and 2 unobserved generations. We then applied
EpiEstim with and without the proposed adjustment using biweekly time windows
starting on weeks 0, 1 and 2. Fig. 3.4 shows the distribution of the mean estimates for
100 simulations. Each row identifies the number of unobserved generations, while on
the x-axis we show the time window used to obtain the estimate. Fig. 3.4 also shows
that the adjustment is particularly useful when larger numbers of initial generations
are unobserved. While the proposed adjustment produces comparable estimates to
those obtained with EpiEstim when all generations are observed (top row of Fig. 3.4),
its dependence on the exponential growth method introduces a layer of stochasticity
that increases the variance of the mean estimates. On the other hand, when 1 or 2
generations are unobserved, the proposed adjustment adequately compensates for
EpiEstim’s bias and the median estimates become closer to the true R, value used to

simulate the data.
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3.4.3 Application to reported COVID-19 data

In addition to validating the proposed adjustment on simulated data, we applied it to
real-world COVID-19 incidence case data reported in the John Hopkins Center for Sys-
tems Science and Engineering database ( [ 1,

[ 1). During the initial phases of the outbreak, surveillance
systems of several countries were unprepared to detect infectious individuals and it
is likely that the first generations of infections were not observed, justifying our back-
imputation adjustment. We selected Italy, Sweden, UK and the US as case studies.
For each country, we fitted the log-transformed incidence case count reported for the
first sequential 7 days of sustained transmission (no days with 0 new cases in the se-
lected time window) with a linear regression model. We then inferred the number of
unobserved cases before the selected time window and applied EpiEstim with and
without adjustment to the observed and imputed data, using weekly sliding windows
and assuming a generation interval with mean 5.7 days and standard deviation of 1.72
days [ , ]. Fig. 3.5 shows that the adjustment lowers the estimates
of Ry in every scenario, suggesting a role for unobserved generations of infections in
overestimating the early Ry estimates of SARS-CoV-2, which in turn also affect the early
estimates of R;. We obtained average R, estimates of 3.6 with 95% credible interval
(2.8,4.6) in the UK, 5.2 (95% CrI 4.9,5.6) for Italy, 8.7 (95% CrI 7.8,9.6) for the US and 3.9
(95% Crl 3.5, 4.3) in Sweden.

The estimates obtained for the UK show a curious trend, with mean R; estimates in-
creasing from 3.6 to 6.2 in less than a week time. There are two reasons underlying the
trend. Firstly, it could be argued that the growth rate used for back-imputation was
underestimated, as shown by the blue line in the left panel of Fig. 3.5. Secondly, a jump
can be observed in the number of cases from the start of March. The John Hopkins
database reported 33 cases on March first, while the previous three daily reports were 7,
12 and 15. The exact reason for this jump is uncertain, but might be related to increased
testing capacity. Official reports on the number of daily tests starts from the 20™ of
March, but it is likely that a scale up in testing capacity started earlier

[ I

3.5 Sensitivity analyses

3.5.1 Sensitivity analysis on the generation interval distribution

Estimates of the reproduction number are strongly dependent on the assumption of

the underlying generation interval [ , ]. In practice, especially
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during an outbreak, it is impossible to know with certainty the generation interval and
therefore it is important to consider different values. Here, we conducted a sensitivity
analyses to assess the impact of the assumed length of the mean generation interval
on the reproduction number estimates obtained with EpiEstim and our proposed
adjustment. We used the COVID-19 data described in Section 3.4.3 and considered
three different possible mean distributions with the same coefficient of variation set
to 2, shown in Fig. 3.6, reflecting the heterogeneity in the serial intervals assumptions
in the literature [ , , , , , ]. As expected,
longer generation intervals produce larger reproduction number estimates. We also
observe larger discrepancies between the estimates obtained with the original and
adjusted EpiEstim methods as the backimputation procedure plays a larger role when
the generation interval is longer, and therefore previous generations of infections are

more likely to contribute to transmissions.

3.5.2 Sensitivity analysis on the assumed reporting rate

To determine the impact of reporting rates on inference methods, we here report the
results of the simulation analyses described in Section 3.3.3 for different assumed
reporting rates p € {0.15,0.30,1.00}. Fig. 3.7 shows that the variance of the R, estimators
decreases as the reporting rate increases, and that the proposed adjustment consistently

reduces the bias in the estimates obtained with EpiEstim.

3.5.3 Sensitivity analysis on exponential growth assumption

To assess the sensitivity of our adjustment to the exponential growth scenario, we fur-
ther compared the performance of EpiEstim, EpiEstim adjusted and the Exponential
Growth method on simulated data featuring sub-exponential growth dynamics. Fol-
lowing [ 1, we simulated an SEIR model with modified transition
rates from the Susceptible to the Exposed compartment (Eq. (2.4)) reproducing sub-

exponential growth:

s o1
— = =B+, (3.5a)
dE(1) o1
— - =BSOIM < Y1), (3.5b)

Where a € [0,1] is a constant which quantifies the departure from the exponential
growth scenario. Similarly to the main text scenario, we considered rates y = %, o= 3—15

We further fixed 1(0) = 5, =3y and N = 10°.
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Figure 3.8: Incidence curves simulated via a stochastic SIR model with nonlinear inci-
dence rates, N = 10%, 1(0) = 5, Y = %, o = % and B = 3y. For each value of in a €
{0.75,0.8,0.85,0.9,0.95, 1}, we show 5 randomly selected incidence curves. Days are indexed on
the x-axis while the logarithm of the daily cases is reported on the y-axis. This figure is included

in the supplementary materials submitted to Clinical Infectious Diseases.

Note that Eq. (3.5) can be rewritten as:

dsw
ar - W

I(t)
N (3.6)
where ' corresponds to S1(#)* . For this reason, we can define the instantaneous
reproduction number as:

Rt:@E:@EHr)“. (3.7)

Ny Ny

In contrast to Eq. (2.3), here the value of the basic reproduction number Ry, is now
a function of the initial number of infections 7(0). We run 200 simulations for each
a € {0.75,0.8,0.85,0.9,0.95, 1}. Fig. 3.8 shows 5 randomly selected incidence curves for
each value of a. In order to simulate missing generations of infections, we truncated
the first 14 days of each incidence curve and run the methods to the successive 2 weeks

of data. We then treated the first obtained estimate as R, estimate.

Fig. 3.9 compares the evolution of the R; estimates obtained with EpiEstim and our
adjustment on a randomly selected incidence curve simulated with a = 0.7. As in
the previous scenario, the proposed imputation of initial infections leads to smaller

initial estimates, which then converge to the ones obtained with EpiEstim. Fig. 3.10
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Figure 3.9: Visualisation of the adjustment method applied to simulated data following non-
exponential growth. On panel A, the logarithms of the first reported data (those in the green
region) are used to fit a linear model (line). The linear model is then used to back-impute
unobserved cases (red dots) to complement the available data (blue dots). On panel B, the true
R; values (black solid line) are compared to EpiEstim estimates without (blue) and with (red)
adjustment using sliding windows of 7 days. The back-imputation reduces the initial mean
estimates (dotted lines) and 95% credible interval widths (ribbons). The adjusted method then
converges to the original method as the importance of the imputed datapoints vanishes. Method
abbreviations: EpiEstim (EpEs); Adjusted EpiEstim (EpEsAd). This figure is included in the
supplementary materials submitted to Clinical Infectious Diseases.

compares the distribution of the mean R, estimates obtained across the different a
values and demonstrates that all methods based on the exponential growth assumption
systematically underestimate the basic reproduction number, but the deviations get
smaller as a approaches 1. This behaviour is to be expected: the concavity of the log of
the incidence curves shown in Fig. 3.8 suggests that the growth rate inferred in weeks
3 and 4 will be lower than the one that would be estimated in the first 2 weeks. For
smaller a values, we observe an apparent improved precision of the estimates obtained
with EpiEstim compared with our adjustment (Fig. 3.10), which is due to a trade-off
between the underestimation described above with the over-estimation trend described
in the main text. With larger values of a, the under-estimation in R; plays a lesser role,
yielding larger estimates of R values obtained with EpiEstim and a better performance

of our adjustment.

3.6 Discussion

In this Chapter, we introduced and proposed a correction for the systematic overestima-

tion of Ry that occurs in the early stages of an epidemic when using EpiEstim and other
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Figure 3.10: Distribution of mean R, estimates obtained on simulated data following sub-
exponential growth. Each panel shows the distribution of the mean Ry estimates obtained
using 200 simulations for a given true Ry value (red dashed line). Method abbreviations: Linear
exponential growth rate method (EG); EpiEstim (EpEs); Adjusted EpiEstim (EpEsAdj). This
figure is included in the supplementary materials submitted to Clinical Infectious Diseases.

59



CHAPTER 3 REFINED Ry ESTIMATES IN EMERGING EPIDEMICS

common inferential methods, utilising a back-imputation procedure. The proposed
correction aims to account for unobserved generations of infections. For this reason,
we deem it to be most applicable in scenarios where generations of infections may have
been missed due to emergency situations and limited testing, and generation intervals
are relatively short. In practice, the adjustment will prove especially useful to evaluate
transmissibility of diseases that are either asymptomatic or cause mild symptoms for a
large proportion of infected individuals, as diagnosing and confirming cases for such
diseases may be challenging. Similarly, the adjustment may prove applicable to dis-
eases characterised by long time lags between infection to symptom onset, especially if

infectiousness develops significantly earlier than symptoms.

In this work, we demonstrate the application of this adjustment to the EpiEstim
method, though it can be applied to other statistical methods where this bias may occur.
The resulting adjusted EpiEstim method combines the best features of EpiEstim and
the exponential growth method, which is more adequate for the early phases of an
epidemic. In particular, the long-run R; estimates of the original EpiEstim method are
preserved, while the initial bias observed in the estimates is reduced by the proposed
adjustment. This was confirmed in all scenarios of our simulation experiments, inde-
pendently of the reproduction number and the reporting rate values used to simulate
the data. The adjusted estimates of R, strongly outperformed the estimates obtained
with the original EpiEstim method in terms of bias and coverage, and produced tighter
95% credible intervals. Our results show that the Ry estimates obtained with the ad-
justed EpiEstim and linear exponential growth method are very similar. This is likely
due, in part, to the fact that the proposed adjustment relies on linear regression on the
logged incidence, which is used for the back imputation of the unobserved generations

of infections.

The proposed method currently does not incorporate uncertainty in the growth rate
and in the number of imputed cases. A Bayesian approach to imputation would require
the specification of a model p(I™#|1°0%) in Eq. (3.4). Such an approach would reduce
the overconfidence in the estimates attributable to treating the imputed cases as known.
However, it would most likely result in a loss of a closed-form expression. Alternative
Bayesian approaches might include fitting stochastic transmission models as imple-
mented through the R packages Epidemia [ , ] and mcstate [

, ]. These methods allow for a more flexible specification of the transmis-
sion model, the observation model and observation times: the user can specify that
the epidemic started an arbitrary amount of time prior to the first observation, and
overdispersion can be accounted for, for instance by specifying a negative binomial
distribution for the number of cases. However, inference based on these models can be

sensitive to their initialisations. Namely, the user needs to specify the starting date of
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the epidemic as well as the number of seeding cases. These are unknown in practice

and can lead to different estimates of the reproduction number.

The effect of our adjustment was evident when working with early COVID-19 data
from Italy, the UK, Sweden and the US. The adjusted estimates where significantly
lower than the estimates obtained with the original EpiEstim method, and were found
to be largely consistent with estimates derived in [ ]. This is especially
encouraging considering that our adjusted R, estimates were obtained by making
use of 7 days’ worth of data, while those of [ ] were obtained on both
case and death time series data spanning months. This suggests that our method
can yield improved precision with limited information, which may prove valuable in
emerging epidemics. While several papers and meta-analyses reported estimates of the
exponential growth rate for the 4 countries [ , , , ,

, |, the parametrisation of the generation interval used and the reproduction
number estimates were often lacking [ , ] thus hindering further comparisons.
Further, the adjustment alone was not enough to explain the estimated decrease in
R; in the study period considered (see Fig. 3.5), possibly suggesting that changes in
individual behaviour and governmental interventions lowered transmissibility of the
disease. However, other biases may be playing a role, such as changes in reporting rates,

overestimation due to importations [ , ], or model misspecification.

Critically, the results are sensitive to the choice of EpiEstim parameters, such as the
generation interval and the length of the time window used.

Concerning the choice of the sliding window, the larger time windows produce smoother
estimates, which reduces the impact of the imputed cases. This means that our ad-
justment has a much smaller effect when considering sliding windows covering two

generation intervals worth of data or more.
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ESTIMATING FLUCTUATING HOSPITAL FATALITY
RATES IN LMIC SETTINGS

4.1 Introduction

HE emergence of novel variants often represents an important shift from the previ-
T ously understood transmission dynamics of the pandemic, introducing challenges
to local health systems, which need new information to update their strategies. For
example, although greater infectiousness is almost guaranteed to lead to more cases, it
is a priori unknown whether the associated severity of a novel variant is greater than
the previous. A timely comparison of variant specific disease severities is therefore
crucial to inform public health responses, including the potential necessity for non-

pharmaceutical interventions such as lockdowns.

However, comparing disease severities is more complicated than comparing transmis-
sibility. In HIC, high testing rates and availability of linked digitalised records allows
for the tracking of individual histories from reported infection to hospitalisation, with
successive dismissal or death. Further, sequencing capacities allow for the identification
of the variant causing the infection, both in surveillance and in clinical settings. This
infrastructure allows for observational study designs that can straightforwardly com-
pare variant severities, as exemplified in a multitude of studies in European countries.
For example, a cohort study performed between January and March 2021 in Denmark
estimates that Alpha is associated with 42% increase in risk of hospitalisation [
, |. The adjusted Risk Ratios were estimated through Poisson regression with
robust standard errors. [ ] used data from the TESSY platform [
, ] from September 2020 to
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March 2021 and found higher hospitalisation rates in cases infected with Alpha, Beta,
and Gamma relative to wildtype strains in seven European countries. Two parallel
analyses were made to estimate odds ratios accounting for confounders: one using strat-
ified logistic regression, and the other using conditional logistic regression on matched
cases-controls . A retrospective cohort analysis by [ ] used surveillance
data from November 2020 to January 2021 to estimate hazard ratios of hospital admis-
sions for Alpha against wildtype variant in England using a stratified Cox proportional
hazard model. They found a 50% larger risk of hospitalisation for Alpha cases relative
to wildtype. Later on, [ ] reported that, between April to June 2021, in
Scotland, the risk of hospitalisation was estimated to be double for individuals infected
with Delta as compared to Alpha. These results were obtained fitting a Cox proportional
hazards model. [ ] followed a cohort of confirmed COVID-19 cases in
England from March to May 2021, and estimated the risk ratio of hospital attendance
outcomes through stratified Cox proportional hazard regression, finding a double risk
of admission in the first 14 days after a positive test for delta relative to alpha. The same
statistical methods were used by [ 1, who considered a retrospective
cohort using data from the UKHSA | , ] and found a lower risk of hos-
pitalisation within 14 days of confirmed infection for Omicron cases relative to Delta.
Even when population testing rates lowered in spring 2022, European protocols for
cooperation were established to aggregate country-level results on relative severity of
Omicron and Delta through a meta-analysis [ , l.

The key to these studies is the availability of linked individual-level data: analysts know
how much time passed between a case report to a hospitalisation, the infecting variants,
and sometimes her vaccination status. In LMIC, this availability is poor. The infecting
variant for an hospitalised patient is rarely known, comorbidities are often not recorded,
and health records may not be digitalised. As such, comparing relative severities of
variants in LMIC is challenging. [ ] use a compartmental model
fit on excess morality data from Kabwe, Zambia. They are able to estimate time-varying
infection fatality rates, but are unable to attribute these to specific variants, due to the
absence of variant frequency data. On the other hand, the same type of model applied to
UK and fitted to multiple data sources was able to rank variants by their basic infection
fatality ratio [ , ]. As such, the lack of data in LMIC explains why
most studies in these settings limit themselves to comparing variant transmissibility

[ ) ) ) ) ) ]'

In this Chapter we present the work featured in the article “Spatial and temporal
fluctuations in COVID-19 fatality rates in Brazilian hospitals”, published in Nature
Medicine [ , ]. We describe changes in hospital fatality rates in 14 Brazil-

ian cities following the emergence of Gamma, and assessed whether shocks in fatality
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rates were attributable to the novel variant, to resource inequities or shocks in hospital
demands. The contributions of the authors of the papers is acknowledged thereafter.
Oliver Ratmann, my supervisor and senior author of the paper, conceived the analy-
sis. He, Ester C. Sabino, Nuno R. Faria, and Samir Bhatt oversaw the study. I, Andrea
Brizzi, am the first author of the paper. Oliver Ratmann and I developed the Bayesian
multi-strain model (Section 4.3.3). I, Luciana M. S. Servo, Iwona Hawryluk, Carlos A.
Prete Jr, William M. de Souza, Raphael Sonabend, Leonardo J. T. Araujo, Philippe Lemey;,
Paula L. C. Fonseca, Victor E. V. Geddes, Diego M. Bonfim, Raphael Sonabend oversaw
and performed data collection from primary data sources (Section 4.3.1). Oliver Rat-
mann, Samir Bhatt conceived the counterfactual analyses (Section 4.3.4) and sensitivity
analyses (Section 4.5), which were coded up and run by me and Charles Whittaker. I
coded all the Figures and Tables that are not attributed to another co-author. Nuno R.

Faria edited Fig. 4.6, Oliver Ratmann coded a first version of Figs. 4.3, 4.4 and 4.8.

This Chapter is structured as follows. Section 4.2 summarises the main contributions of
the paper. Section 4.3 describes the collated datasets and the statistical models used for
the analysis. Section 4.4 presents the main findings of the paper. Section 4.5 discusses
the model validation and sensitivity analyses and Section 4.6 and includes a discussion

of the limitations and the implications of our findings.

4.2 Contributions to the literature

In the study presented in this Chapter, we describe extensive geographic and temporal
variation in COVID-19 in-hospital fatality rates since the beginning of the epidemic in
14 Brazilian state capitals. We report that the first shocks in fatality rates predated the
emergence of the Gamma variant, and were primarily driven by shortages in health-
care capacity which, in turn, emerged from a combination of pre-pandemic regional
inequities and increased healthcare pressure brought about by epidemic waves of SARS-

CoV-2 transmission.

To perform the analysis, we processed and collated data from a variety of publicly
available sources, which we made available, together with the analyses code on our
Github repository | , ]. For example, we obtained individual-level
patient histories following hospitalisation with suspected or confirmed COVID-19 from

[ ,11, we obtained census data from the 2020 National Household Sample
Survey COVID-19 [ , |, and we obtained healthcare-facility-level microdata on
personnel and equipment from the National Register of Health Facilities [cne, l.
The efforts enabled us to define the pandemic healthcare pressure indices that measure
and monitor mismatches between healthcare demand and resource availability in

hospital settings. We found that these pandemic healthcare pressure indices are strongly
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correlated with variations in in-hospital COVID-19 fatality rates across 14 Brazilian state

capitals.

We developed a Bayesian multi-strain fatality model to disentangle the effects oflocation-
specific inequities [ , , ) ) ) )
, , , ], pandemic healthcare pressures and Gamma specific
disease severity on fluctuating COVID-19 in-hospital fatality rates [ ,
, , , , ], while accounting for the
substantial cumulated loss of life [ , |, and age-prioritised vaccine
roll-out [ , , , , , |. Briefly, the
model reconstructs the replacement dynamics of Gamma in each of the 14 state capi-
tals from weekly SARS-CoV-2 sequence metadata, and estimates the weekly number
of patients that are hospitalised respectively with Gamma and non-Gamma infection
in 11 age strata. We modelled age-specific in-hospital fatality rates for each variant
through a regression equation that captures non-parametric location effects, fixed non-
negative effects associated with the healthcare pressure indices, and non-parametric
virus variant effects associated with replacement dynamics of Gamma. In the model,
the non-parametric location effects do not vary in time and account for a variety of
constant social, economic or healthcare related factors that differentiate one city from
another in the weeks when their observed fatality rates were lowest, such as the preva-
lence of comorbidities that might modify disease severity or pre-existing inequities
in both the quality and the quantity of available healthcare resources [

, , , |. By contrast, the healthcare pressure indices vary in time
and the strength of their association with the fatality rates is estimated through the
regression equation. In the model, patients estimated to have been infected with the
Gamma variant are considered separately from those estimated to have been infected
with non-Gamma variants, which allows us to control for Gamma-specific expansion
and in-hospital disease severity when inferring associations between fatality rates and
healthcare pressure. This allowed us to overcome the missing individual-level data on
missing variants that is available in similar studies from high-income countries [

) ) ) ) ) ) ) ) ) )

) ]'

We found that the impact of Gamma in Brazil’s hospitals has predominantly been
indirect and mediated through pre-existing geographic inequities, transient infection
waves and concomitant shocks in healthcare demand. To further quantify the impact
of these healthcare shortages, we conducted counterfactual analyses projecting that
approximately half of Brazil’'s COVID-19 deaths in hospitals could have been avoided
without pre-pandemic geographic inequities and without the multitude of pandemic

healthcare pressures.
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Our findings are particularly important in calibrating the risk posed by new highly
transmissible virus or by SARS-CoV-2 variants of concern. The conclusions are highly
relevant for other countries and show that responding to acute health care shocks
is challenging. Without sustained investments in healthcare resources, healthcare
optimization, and pandemic preparedness to minimize population wide mortality and
morbidity, countries will continue to experience high fatality rates caused by immune-

escape SARS-CoV-2 variants or other highly transmissible pathogens.

4.3 Methods

This section presents the data and two models that we considered to analyse geographi-
cal and temporal trends in fatality rates in Brazilian hospitals. Section 4.3.1 provides
a detailed description of the different sources of data used. Section 4.3.2 presents
the model used to describe changes in fatality rates in a way that allows for compar-
ison across different locations after adjusting for differences in the age distribution
of hospitalized patients. Section 4.3.3 presents the explanatory model to quantify the

contributions of different factors on the observed fluctuations in fatality rates.

4.3.1 Data

Data to characterize hospital mortality

We obtained publicly available individual records of patients with severe acute respi-
ratory infection in public or private hospitals across Brazil that were reported in the
SIVEP-Gripe (Sistema de Informacao de Vigilancia Epidemiolégica da Gripe) database,
release 31 January 2022 ( [ 1, [ D.

Records were filtered excluding out-of-hospital deaths defined as individuals with a
missing hospital admission date or who died on the day of admission, excluding con-
firmed infections with other respiratory pathogens or with missing diagnosis, excluding
non-residents to match city-level population denominators, and excluding patients
with at least one vaccine dose prior to hospital admission to ensure trends in fatality
rates were not confounded with vaccine status. To avoid bias | , 1,
our data thus included patients with PCR-confirmed, clinically diagnosed, or suspected
COVID-19 infection. Alternative inclusion criteria were considered in sensitivity analy-
ses (Section 4.5). The data are available at inst/data/SIVEP_hospital_31-01-2022-all.rds
in the Github repository.
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Study location and observation period

We searched [ ] on June 14, 2021, for sequence data associated with SARS-
CoV-2 Gamma virus genome sequences in the 27 federal units (26 Brazilian states and
the Federal District). Gamma genome data was available for 16 federal units, Amaps4,
Amazonas, Bahia, Goids, Maranhao, Mato Grosso do Sul, Minas Gerais, Paraiba, Paran4,
Rio de Janeiro, Rio Grande do Norte, Rio Grande do Sul, Rondo6nia, Santa Catarina,
Sao Paulo, and Tocantins. State capitals of these federal units were the focus of our
analyses, as key variables such as population denominators, vaccination coverage and
healthcare indicators were more directly available at the level of state capitals. Two state
capitals, Palmas and Campo Grande, were excluded from further analysis due to limited,
weekly age-specific COVID-19 hospital admission and death counts among residents
reported to the SIVEP-Gripe database. The cities in our sampling frame were thus Belo
Horizonte, Curitiba, Florianépolis, Goiania, Jodo Pessoa, Macapd, Manaus, Natal, Porto
Alegre, Porto Velho, Rio de Janeiro, Salvador, Sao Luis and Sao Paulo. Table A.1 reports
the observation periods for each capital, reflecting the unsynchronized geographical
expansion of COVID-19 through Brazil. To establish a common definition for the start
of the epidemic that accounted for the widely varying population sizes across cities, we
defined the start date as the Monday following the first date on which at least 2.5 patients
per 100,000 population were hospitalized with suspected of confirmed COVID-19, and
the end date to 26 July 2021. In our preliminary analyses, lower thresholds resulted in

relatively sparse hospitalization data in some cities.

Population denominators data

Population size estimates in each city were retrieved by sex and 1-year age bands
from the 2020 National Household Sample Survey COVID-19, Pesquisa Nacional por
Amostra de Domicilios COVID-19 ( [ 1). The projections were reconciled with
available vaccination records of residents in each city, so that at most 99% of residents
received atleast one vaccine dose during the observation period. We denote the adjusted
population estimates in age group a and location [ as n’. The data are available at
inst/data/PNADc_vaxadj_population_210802.csv in the Github repository.

Sequence data to characterize Gamma expansion

Viral genome sequence collected between November 1, 2020 to March 31, 2021 across
Brazil was downloaded from GISAID on June 28, 2021 [ , l.
Records with incomplete collection dates were removed, de-duplicated, and classi-
fied as Gamma or non-Gamma variants with pangolin v.3.0.6, Pangolearn v.1.2.12,

scorpio lineage | , ]. In total, we retained sequences and meta-data
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from 7,221 samples, most of which were from Sao Paulo (1104 viral genomes), with an
average of 158 genomes per state. Gamma and non-Gamma frequencies were calculated
for each week and location, assuming that the frequency of Gamma in state capitals
is similar to the state-level frequency of Gamma in the GISAID data. Throughout, we
denote the week index in which Gamma was first detected in each location by Wldete“_r,
the number of sequenced genotypes in location / and collection week w by s; ,,, and

the number sequenced genotypes attributed to the Gamma variant with pangolin by

I
Sl,w

cities through phylogenetic analyses carried out by Nuno R. Faria. For technical details,

. This data was also used to estimate the date of Gamma’s emergence in different

refer to the methods section of the paper.

Healthcare resources data

To further investigate the shocks in in-hospital fatality rates before and after Gamma'’s
emergence, we obtained monthly data on healthcare resources reported by healthcare
facilities to the National Register of Health Facilities (Cadastro Nacional de Estabeleci-
mentos de Saude, CNES)| , ], release September 15, 2021. Data on healthcare
resources are mandatory to report by both public and private healthcare facilities, and
comprised personnel and equipment. Data aggregation and processing is detailed in
the Methods section of the paper [ , ]. Briefly, we obtained the number of
physicians, of ICU beds, and ventilators by location and month. The data are available
atinst/data/IPEA_ICUbeds_physicians_210928.csv in the Github repository.

From these data, we calculated healthcare pressure indices to quantify the mismatch be-
tween healthcare demand and available resources. Demand was defined in terms of all
hospital admissions for severe acute respiratory infections (i. e. including non-residents,
cases caused by other pathogens, and vaccinated individuals) and all ICU admissions
among patients hospitalised for severe acute respiratory infection. Again, records were
filtered to exclude out-of-hospital deaths as defined above. The healthcare pressure
indices were calculated by considering demand per available healthcare resource over
time. To account for the fact that admitted patients remain in care for several weeks, we

considered rolling sums of the form

3
3-wk ICU adm per ICU bed _ ICU ICU beds
Xw - (Z(«)hl,wﬂ)/rl,w ) (4.1)
where h}CU are the number of ICU admissions and rllcu? beds 5re the number of ICU

beds in location / and week w. Data on resources were available per month. In weeks
overlapping months, we used weighted averages of the resources in the corresponding
months to define the weekly resources, and otherwise we used the monthly values.

Table A.2 provides definitions for all healthcare pressure indices considered.
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Vaccine administrations data

The individual-level data on vaccine administrations was downloaded from Brazilian
Ministry of Health database ( [ 1) on 18 June 2021. This

was used to adjust the population denominators mentioned above, and to compute the

R
l,a,w

week w. In particular, we combined the data with estimates of vaccine effectiveness to

time-varying population at risk of hospitalisation n in location [/, age group a, and

estimate the proportion of individuals that were protected from hospitalisation.

4.3.2 Smoothed age-standardised fatality rates model

To characterise longitudinal trends to in-hospital fatality rates, we considered the age

strata

A= {0— 15,16 — 29,30 — 39,40 — 49,50 — 59, 60 — 69,
4.2)
70—74,75—79,80 — 84,85 — 89,90 + }

to control for age dependence in fatality rates. To capture temporal shocks in fatality
rates across Brazilian hospitals, all data were aggregated to weeks. In COVID-19 at-
tributable patients with unreported outcomes, deaths were predicted independently in
each location, week, and age strata based on the fatality rates in COVID-19 attributable
patients with observed outcomes in the two previous weeks, assuming data were missing
at random over the three weeks w—2, w—1, w in each age group and each location. For

every location /, age strata a and week w, we denote by /%" 'the number of COVID-19
- res-adj-D
La,w

the number of deaths in these admissions, adjusted for under-reporting. Empirical

attributable hospital admissions in unvaccinated residents, and we denote by i

fatality rates z; 4, were defined as the proportion of these hospital admissions that
resulted in death, hf;:;jdj'D/ h;ejw except for weeks with no such hospital admissions.
Longitudinal trends %; , ,, were obtained by fitting the non-parametric loess smoother
as implemented in the R stats package version 4.0.3 with argument span=0. 3 to the
empirical fatality rates z; 4, separately for each location and age band, and starting
from the first week with nonzero hospital admissions in each age band. To compare
fatality rates across cities in a simple statistic while accounting for the substantial differ-

ences in age demographics , we calculated age-standardised, weekly in-hospital fatality

rates with .
ncmes
A _ a N
Zlw = Z cities <Law> (4.3)
a Zb nb

cities

where Z; 4, are the smoothed fatality rates in location, age band and week, and n

are our 2020 projected population sizes in age band a across the 14 cities (see above).
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To avoid extrapolation, the smoothed rates Eq. (4.3) were generated onward from the

first week for which the 2; , ,, were defined for all age groups.

Fig. 4.1 shows the smoothed, age-standardised in-hospital fatality rates over time for
Goiania, Natal, Rio de Janeiro, and Sao Paulo. Associations between the healthcare
pressure indices such as Eq. (4.1) and smoothed, age-standardised in-hospital fatality

rates were quantified with Pearson correlation coefficients.

4.3.3 Bayesian multi-strain model

We developed a Bayesian multi-strain fatality model to disentangle the effects of pre-
pandemic geographic inequities, pandemic healthcare pressures and Gamma’s in-
hospital disease severity on fluctuating COVID-19 in-hospital fatality rates. Overall,
the model is structured in three components. In the first model component, a logis-
tic function is fitted to the Gamma variant frequency data to estimate the proportion
of Gamma infections in location / and week w, denoted by a; ,. Here, we use the
phylogenetically derived emergence times of the Gamma variant in each city, and spec-

Wlemerge_r. In the second model

ify that a;,,, is essentially zero for all weeks prior to
component, the proportion of hospitalised patients with Gamma and non-Gamma
infections in the weekly hospital admissions are estimated by city, age, and week of
admission. The model-based attribution of hospital admissions to Gamma and non-
Gamma variants is based on the estimated expansion of the Gamma variant in each
city through the a; ,,. In the third model component, we describe the fatality rates in
the Gamma-attributable hospital admissions and non-Gamma-attributable hospital
admissions through two corresponding regression equations. The regression equations
comprise non-parametric location effects, fixed effects associated with the healthcare
pressure indices, and non-parametric virus variant effects of Gamma-specific disease

severity in hospitals.

Note that the first two components of the model would be unnecessary were the infect-
ing variants known at the patients level. Such information would allow to calculate risk
ratios from standard models, treating the variant as a predictor the same way as age or

ethnicity in a logistic regression framework [ , 1.

Variant replacement dynamics component

The first model component describes the temporal expansion of Gamma in hospital

admissions. We use a logistic function to reflect the early exponential growth in the
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proportion of Gamma sequences which then saturates to a maximum value. We model:

slr,w ~ Beta-Binomial(sl,w, a0, - al,w)/Hl) (4.4a)
1
Al = (4.4b)
’ h .
1+exp ( - afrOWt (w- allmd))
a¥"™ ~ A(0,0.22) (4.40)
arlnid - N(a?ﬂd-mean’gz) (4.4d)
@ yemerse s _y) ~ Normal-cedf(0, 0.00252) (4.4€)
0, ~ Exponential(20), (4.41)

where the Beta-Binomial is specified in terms of the shape-shape parametrisation with

mean $;,,a;,, and variance equal to the Binomial variance component s; ,a;,,(1-a;, )
_1
071 +1
data. Time runs in units of weeks from the start of the first wave until the end of the

multiplied by (1 + (s, — 1) ) to allow for overdispersion in the variant frequency

observation period in each location. The prior mean for the midpoint of the logistic

mid-mean
l

location [. We force variant frequencies of Gamma to be close to zero before the week of

function, , was set to the week in which the ratio s{w/ s1,w was closest to 0.5 in
Gamma’s emergence in each location, which is implemented through the informative
prior Eq. (4.4e), where Normal-ccdf denotes the survival function of a normal density.
Intuitively, we put 95% prior probability on the proportion of Gamma sequences being
less than 0.5% before the week of Gamma’s emergence. The prior in Eq. (4.4f) peaks at
zero and thus favours the least complex model with no overdispersion. Fig. 4.2 shows

the fit of the logistic function to the Gamma variant frequency data in each location.

Age composition of hospital admissions component

In the second model component, we couple Eq. (4.4b) to decompose the COVID-19
attributable hospital admissions h;e;w by admissions with Gamma and non-Gamma
variant. We account for demographic changes in the population at risk of severe infec-
tion, either through higher cumulative mortality in older ages, or through prioritised
vaccination of older ages, and denote the population that remains at risk of severe infec-

tion in location [/, age group a and week w by nfa - Then, we assumed characteristic

T
L,a’

non-Gamma variants respectively, and considered modelling the expected values of the

per-capita rates A /llll‘;“'r of severe infection and hospitalisation with Gamma and
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hospital admissions /%~ with

La,w
r -r
E( res w)=(alw”1a,w+(1—alw)”?(;r_lw) Lo (4.5a)
r _
nlaw Alanlaw/z/llanlaw (4-5b)
non-I" nonF R non-I' R
nlaw - nldl,l//z/l nlaw’ (4-50)

where £, is the sum of hospital admissions across age strata, and nnon r

r
and 7 1q are
the time-invariant characteristic age composition of hospital admlssmns in location [

for Gamma and non-Gamma variants respectively.

We specified nfa,w as follows. First, to account for cumulative mortality, we calculated
excess deaths based on the all-cause deaths reported by Brazil’s Civil Registry |

, ], and subtracted from the population size projections the larger of
cumulated excess deaths or all reported COVID-19 deaths in the SIVEP-Gripe database.
Second, to account for increasing vaccine protection, we calculated vaccination cover-
age by vaccine administered in each location, age group and week , based on vaccine
administration records from the Brazilian Ministry of Health [

, ]. We then calculated the population at risk of severe infection, nfa'w, by
subtracting further a proportion of the individuals vaccinated with 1 or 2 doses for at
least 2 weeks according to the vaccine-specific efficacy values [ , ,

, , , , , , , ] listed in
Table A.3.

Following the mean structure of Eq. (4.5), the second model component is given by

1w ~ Dirichlet- Multlnomlal( PN T 53 w) (4.6a)

Thaw = QL) 4+ 1= @) o (4.6b)
Jrlra w= softmax(logxllrﬂ +log nfa,w) (4.6¢)
oy = softmax(log/lrllf;n'r +logn; a’w) (4.6d)
log/l ~N(0,1) (4.6e)
log Ao ~ (0, 1) (4.60)
Grw = (1" =D/ (O2+1) (4.69)

0, ~ Exponential(20), (4.6h)

where we denote the vector of age-specific hospital admissions in location / and week
w by hres = (h;e; w) ac.4 and the vector of the age composition of hospital admissions in
locatlon [ and week w by m; ,, = (nl,a,w) s againsuch that} ;7 4, = 1. The Dirichlet-

Multinomial is in standard sample size-scale parametrisation such that the means
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are given by h;f’;}'sumﬂl,a,w as in Eq. (4.4b). The softmax transformations (Eq. (4.6¢)-
Eq. (4.6d)) allow for convenient prior specifications of the log hospital admission rates
on the real line, and run over age bands a for fixed location / and fixed week w. The
scale parameter ¢; ,, is conditional on the known h;efu SUM re-parametrised into the
overdispersion parameter 6., with 8, > 0, and the prior on 6, in Eq. (4.6h) peaks at zero

and favours the least complex model with no overdispersion.

As a discussion to this model component, we note that hospital admissions are de-

composed through Eq. (4.5) into infections with Gamma and non-Gamma variants

non-I’
l,a

ferred from patient records when «; ,, = 0, i. e. from before Gamma’s expansion, and

according to the replacement dynamics in each city. It is clear that = can be in-
nlr,a can be inferred from patient records when a; ,, = 1, i. e. from after Gamma’s expan-
sion. Across time, the proportion of hospital admissions in age band a is described as a
mixture of the Gamma and non-Gamma proportions that is determined by the increas-
ing weight of Gamma’s variant frequency a; ,,. Good model fit can only be obtained
if the model reflects the observed age distributions of hospitalised patients shift over
time according to Gamma’s expansion, the heavier cumulative loss of lives in older age

groups and age-prioritised vaccinations. Initial versions of the model did not account

R
l,a,w

observed data in locations where Gamma’s expansion coincided with rapidly increasing

for age-prioritised vaccinations in n which resulted in very poor fit against the

vaccination coverage.

In-hospital fatality rates component

In the third model component, we quantify and model the fatality rates in the Gamma-
and non-Gamma- attributable hospital admissions separately. We model in-hospital
fatality rates in week w, location / and age group a that are respectively infected with

non-Gamma and Gamma variants with the decomposition

¢ront =1ogit™ (79T + X101 (4.72)
(Ea'w — logit—l (nrll,(;n-r + nll",-;‘andom-effect + Xl,wﬁl)’ (4.7b)

where X, € R1*? are p standardised healthcare pressure indices in location ! and
week w and f; € R? are constrained to be non-negative. For each location, we stan-
dardised the healthcare pressure indices to zero for the week in which the empirical
fatality rates Eq. (4.3) are lowest prior to Gamma'’s detection, which was typically at the
beginning of the pandemic and observation period. Specifically, we standardised each

index according to

xl'p’w = (xl’p'w - xl'p'wl)/Sd(xlvp!w)’ (4'8)
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where ) = argminwzlz(wldetect_r_l)21,w and sd denotes the standard deviation of the
indicator across all weeks in location /, using the notation in (Eq. (4.3)-Eq. (4.1)). The
p regression coefficients ; were constrained to be positive so that each standardised
index of increasing hospital demand pressure could only have an increasing effect
on fatality rates when f; > 0, or no effect when f; = 0, and not offset each other and

artifactually increase the effect of another index.

Thus we can interpret the logit™! (77 Lo on-I'y 35 the lowest observed fatality rate in each loca-
tion and age group, and take ratios of these terms across locations to quantify the impact
of geographic inequities (location effect). These ratios measure baseline differences in
fatality rates across the state capitals that are not captured by our healthcare pressure in-
dices. Next, for each location we can interpret the ratio of logit ™ (nnon T+ X108 divided
by logit 1 (n lon Ty as the multiplier to in-hospital fatality rates in week w and age group
a that is associated with the increasing healthcare pressure indices (healthcare pressure
effect). In Eq. (4.7b), nr -random-effect 4re non-parametric random effects that measure
age-specific deviations in fatality rates in hospitalised patients attributed to Gamma in-
fection. So, for each location we can interpret the ratio of logit™! (n™ L on-T'y pb L I"-random-effect
divided by logit™! (1 Lo non-I'y a5 the multiplier to fatality rates in hospitalised patients that
is attributable to Gamma infection versus non-Gamma infection (variant effect in hos-
pitals), controlling for differences in healthcare pressure in the weeks before and after
emergence of Gamma (because the X; ,, ; are zeroed), as well as cumulative mortality
and vaccination in the full model (see below). We note that the regression model is
measuring associations and is not guaranteed to identify causal relationships. Indeed,
causal relationships are difficult to establish in observational data, even if the variant
status of the patients were known. Compared to Clinical Trials, it is impossible and
unethical to randomise patients to different variants, and therefore analysts are limited

to adjusting models by accounting for potential confounders [ , .

We describe the expected fatality rates in the COVID-19 attributable hospital admis-
sions according to the modelled Gamma and non-Gamma fatality rates Eq. (4.7), and

their corresponding contributions to the overall fatality rates according to Gamma'’s

76



CHAPTER 4 ESTIMATING FLUCTUATING HOSPITAL FATALITY RATES IN LMIC SETTINGS

increasing frequency Eq. (4.9b), which is given by

h o0 ~ Beta-Binomial (1S5 . C1a0/05, (1 = C1a.0)103) (4.92)
(1 - @)} )
Craw= AW o+ (L= aL) TN o * (4.9b)
r
T b rort CLaw (4.9¢)
XLwy 4t (1- a:l,w)nl,a’w
logit 1% " =1 + X i (4.9d)
logit ({a,w _ n?(;n-r + nll"'-éandom-effect + X whi (4.9¢)
ot ~ N(-0.25,1.5%) (4.96)
nl;—;andom—effect ~ N, 0?) 4.99)
B.i ~ Nio,oo) 0,%7 ;7%) (4.9h)
k,; ~ Half-Cauchy(0, 1) (4.9i)
7 ~ Half-Cauchy(0,0.01) (4.9j)
o¢ ~ Exponential(2) (4.9k)
03 ~ Exponential(100), (4.9])
where w =1,..., W; and hf;::jdj'D is the number of under-reporting adjusted deaths

among the 7% COVID-19 attributable hospital admissions from residents in week
w and age group a in location /. The Beta-Binomial is in the shape-shape parameteri-

sation with mean h;es w( 1,a,w and variance equal to the Binomial variance component

hf;w{ La,w(1 = {1 4,,) multiplied by (1 + (hie;,w -1 9;11+1) to allow for overdispersion.
The priors in Eq. (4.9f) were chosen to place the non-Gamma in-hospital fatality rate
around the empirically observed range. In Eq. (4.9g), we model the Gamma in-hospital
fatality rate as a random effect around the non-Gamma in-hospital fatality rate. In
the model we conservatively sought to favour no dependence of in-hospital fatality
rates on the hospital pressure indices, which we implemented using the horseshoe-type
shrinkage prior in (Eq. (4.9h)-Eq. (4.9j)). The prior in Eq. (4.9]) peaks at zero and favours
the least complex model with no overdispersion. The overdispersion encoded in the
Beta-Binomial distribution allows for the model to account for the variability in the
number of hospitalised patients deaths that is not captured by our parametrisation of
the mean Eq. (4.9b). In fact, there might be other time-varying factors affecting fatality

rates which are not captured by our predictors.
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Computational inference

The model described through equations (Eq. (4.4)-Eq. (4.9)) was implemented in the
Stan probabilistic computing language, is available at inst/stan-models/age_hfr 210719d.
stan in the Github repository, and was independently fitted to data from each location
using cmdstanr version 0.3.0.9( , , , l.
As the model was run separately for each location, the estimates from each location
provide independent support into the inferred relationships between in-hospital fatality
rates, healthcare inequities, and healthcare pressure. Alternatively, a hierarchical model
could have been used to pool information across locations, but this would have required
a more complex model and would have been computationally more demanding. We
found the slowest model to take 6 hours to fit. Further, each of the 14 fitted objects
required almost 3 GB of storage space. Loading all of them in memory simultaneously

would have made local explorations and postprocessing difficult.

In total, the model comprised 75 parameters, although some were interrelated through
hierarchical components. The variant replacement subcomponent included 3 parame-
ters, the age composition of hospital admissions subcomponent included 23 parameters,
and the in-hospital fatality rates subcomponent included 49 parameters. Each inference
was conducted in 4 Hamiltonian Monte Carlo chains, each over 500 warmup itera-
tions, and 50,500 sampling iterations. The model converged well, and the smallest bulk

effective sample size was 1687, (see Table A.7, Fig. A.12).

4.3.4 Key Epidemiological quantities uncovered

From the Monte Carlo samples of the joint posterior distribution of the fitted Bayesian
multi-strain fatality model, we generated a collection of quantities of interest. We
calculate the expected, COVID-19 attributable hospital admissions among residents in
location [/, age band a, and week w for non-Gamma and Gamma variants that had no

evidence of vaccination prior to hospitalisation respectively by

res-non-I' _ 1 _ non-I" 7 res
hl,a,w = al:w)nl,a,w La,w

(4.10)
hres-F r res

lLa,w = alvwnl,a,w La,w’

res non-I' r
where hl'a'w are observed and a; ), o Tlaw

expected, COVID-19 attributable hospital admissions among residents in location /, age

are from the joint posterior. The
band a, and week w across all variants are

res-all _ j res-non-T' res-TI’
hl,a,w — "lLaw +hl,a,w' (4.11)
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We thus have that the expected share of age group a among hospital admissions among
Jjres-non- T
La,w non-I'

W =T aw
, ,W
similarly for Gamma. The expected share of age group a among hospital admissions

residents of location / in week w with non-Gamma variants is , and

nonF+
l,a,w

a l'wnzr,a,w' We calculate the expected, COVID-19 attributable deaths among hospital

among residents of location / in week w across all variantsis 7; 4, = (1 — ;)7

admissions in residents in location /, age band a, and week w for non-Gamma and

Gamma variants respectively by

res-non-I'-D

non-I 7 res non-I"
l,a,w =1~ ai, W)ﬂl a,w l,a,wcl,u,w 4.12)
res-T-D r res )
hlaw =ay, wnlaw law(l,a,w’

where h}%  are observed and @y, 7}0% 7, @) 0 €10, ¢ are from the joint pos-
terior. The expected, COVID-19 attributable deaths among hospital admissions in
residents in location /, age band a, and week w for all variants are
res-all-D res-non-I'-D res-I'-D
hlaw hl ,a,w +hl,a,w : (4.13)
The estimated COVID-19 attributable hospital admissions and deaths by SARS-CoV-2
variant are shown in Fig. 4.3 and Fig. 4.4 respectively.

To compare COVID-19 in-hospital fatality rates across locations, we define the overall
in-hospital fatality rate in location / and week w in an age-standardised population that

adjust for differences in age composition across locations. Specifically, we calculate

td CltleS

age s

- Z c1t1es Claw (4.14)
where n¢® is the population size in age band a across all cities considered, and {; 4, .

is from the joint posterior.

Location effect on COVID-19 in-hospital fatality rates

For each location, we define the week wl* with lowest in-hospital fatality rate as the

week that minimises the posterior median of Eq. (4.14),

age- std)

w] =argmin ;. detectT (posterior median of ¢ , (4.15)

and calculate the lowest, age standardised COVID-19 in-hospital fatality rates prior to
first detection of Gamma through

‘vlowest (age'Std' (4 16)

*
l,wl
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Figure 4.3: Estimated COVID-19 attributable hospital admissions by SARS-CoV-2 variant.
Posterior median estimates of hospital admissions among residents in each location, that are
attributed to non-Gamma variants are shown for each age band (color) in lighter shades, while
those for the Gamma variant are shown in darker shades. Estimates are derived using the
Bayesian multi-strain fatality model. Locations are shown across facets. The date of Gamma'’s
detection is shown as a grey vertical line. Observed weekly hospital admissions in residents
are shown as black dots. This figure is included in the accepted manuscript provided to Nature
Medicine for further editing.
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Figure 4.4: Estimated COVID-19 attributable deaths in hospitals by SARS-CoV-2 variant.
Posterior median estimates of deaths following hospital admissions of residents in each location,
that are attributed to non-Gamma variants are shown for each age band (color) in lighter shades,
while those for the Gamma variant are shown in darker shades. Estimates are derived using the
Bayesian multi-strain fatality model. Locations are shown across facets. The date of Gamma’s
detection is shown as a grey vertical line. Observed weekly deaths following hospital admissions
in residents are shown as black dots. This figure is included in the accepted manuscript provided
to Nature Medicine for further editing.
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The estimated Gamma frequencies «; , are of course also very small prior to first
detection of Gamma, and so the lowest, age standardised COVID-19 in-hospital fatality

rate are approximately

cities

(lowest ~ Z ml gi it~ (nrlu;n 1")’ (4.17)

a

non-T’

where Mg are the intercept terms in our regression Eq. (4.7) and from the joint

posterlor. Then, to compare Eq. (4.16) across locations, we find the location with overall

lowest age-standardised in-hospital fatality rate by
I* = argmin, {0V, (4.18)

and compute for all other locations [ the ratio

(lowest ratio (lowest / {lowest' (4.19)

We interpret Eq. (4.19) as the location effect on COVID-19 in-hospital fatality rates.
Because of Eq. (4.17), the location effect does not include contributions attributable
to the healthcare pressure indices (X; ,,8;), nor any contributions attributable to the

non-parametric Gamma effects (171; ,) on in-hospital fatality rates.

Healthcare pressure effect on COVID-19 in-hospital fatality rates

To compare time trends to in-hospital fatality rates in each location, we calculate for
each location the multiplicative effect of changes in healthcare demand and resources

in week w in location [/ by

cities { non-T'

multlpher ng Law
C Z Z ncmes (non r’ (4.20)
a l,a, w

where { Il“;nl;}r are from the joint posterior. Recalling Eq. (4.7a), we have

ncities  logit™ ()" + X, ., 81)

it 1 T
@ Lpngte logit™ (n‘;‘;n )

Cmultlpher (4.21)

Here, the approximation is because the Gamma frequencies «; ,, are very small but not
exactly zero, and because the week in which the loess-smoothed fatality rates are lowest
may not exactly coincide with the week w} in which the model-based fatality rates are
lowest. We interpret Eq. (4.20) as the healthcare pressure effect on COVID-19 in-hospital
fatality rates. Because of Eq. (4.21), the healthcare pressure effect does not include
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contributions attributable to the non-parametric Gamma effects (775 ,) onin-hospital
fatality rates, and corresponds to the multiplier to the minimum fatality rates in each

location that is associated with the healthcare pressure indices (X; ,, 81).

Variant effect on COVID-19 in-hospital fatality rates

Finally we describe the effect of Gamma on in-hospital fatality rates in the model.
Standardising across age bands, we calculate the ratio in Gamma versus non-Gamma

in-hospital fatality rates in location / by

nCltleS

I'—ratio _ a r non-T
{l - Z cities "Vl,a,w* /(l,a,w*’ (4.22)
a Zb I’Zb 1 ]
where { zra o 4 Il“;nwr* are from the joint posterior. We interpret Eq. (4.22) as the Gamma

effect on in-hospital fatality rates. It is again helpful to recall Eq. (4.7), which shows that

we can approximate the Gamma effect through

iti 1 T T
nzltles lOglt (nrll'(;n +nl,a)

(1;-1'3&0 ~ Z (4.23)

iti se—1 -
a Zb nlc; 1es lOglt (T]IIIZH )

The ratio ¢ lr‘ratio does not include contributions attributable to the healthcare pressure
indices (X; ,81), and corresponds to the multiplier to the minimum fatality rates in

each location that is associated with the non-parametric Gamma effects (nll“;n'r).

In summary, the definition of the location, healthcare pressure and variant effects are
an attempt to obtain interpretable parameter-specific effects that mimic odds ratios
in logistic regression models. As with odds ratio, we compute the ratio between the
probabilities of the same outcome occurring at two different levels of a factor. We
additionally obtain summary age-standardised versions to ease comparisons across

locations and time.

Counterfactual analyses

To quantify the impact that the observed fluctuations in COVID-19 attributable in-
hospital rates had on the death toll in the 14 state capitals, we performed two counter-
factual analyses. The aim of the first counterfactual (Scenario 1) was to estimate how
many COVID-19 attributable deaths could have been avoided with sufficient healthcare
resources so that healthcare pressures would not have resulted in shocks in in-hospital
fatality rates in each city. We implemented Scenario 1 by predicting deaths in each
city under the minimum in-hospital fatality rate that were observed in each age group

in that city. Specifically, for each location /, we considered the estimated age-specific
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in-hospital fatality rates Eq. (4.9b) in the week Eq. (4.15), and computed

w;
hypl-res-D _
h, =y > e b Law* (4.24)
w=1aeA
where the week indices range over the entire observation period. We define the expected
COVID-19 attributable deaths that could have been avoided in the absence of health-
care pressures in location [ during the observation period relative to this hypothetical
scenario by
. W .
hypl-avoidable-D _ res-adj-D hypl-res-D
H _(Z > R )—hl . (4.25)
w=1aeA
Similarly, we define the expected percentage reduction in COVID-19 attributable deaths
relative to this hypothetical scenario by
hhypl-res-D

phypl-avoidable-D —1— l

l w; res-adj-D”
Zw:l ZaEA hl,a,w

(4.26)

The aim of the second counterfactual (Scenario 2) was to estimate how many COVID-
19 attributable deaths could have been avoided with sufficient healthcare resources
and without healthcare inequities across the cities. We implemented Scenario 2 by
predicting deaths in each city under the minimum in-hospital fatality rate seen across
all cities, which we observed in Belo Horizonte. Specifically, we considered the location
I** in which we found the lowest age-standardised in-hospital fatality rate prior to

Gamma'’s detection in each location,

[** = argmin I ( we1$vi‘i%e°t‘r (posterior median of gc?g;-std))’ 4.27)
Ul
and computed
Wi
hyp2-res-D
hlyp res — Z Z h;,e;w(l**,a,w* (428)

w=1aeA
where again the week indices range over the entire observation period. In analogy to

the first counterfactual, we then calculate

hhypZ—avoidable—D _ % Z hres-adj—D) _ hhyp2—res—D (4.29)

l - La,w l !
w=1aeA
and the expected percentage reduction

hhypZ-res-D
hyp2-avoidable-D _ 1— l

l W res-adj-D
Z:w:1 YacA hl,a,w

(4.30)

84



CHAPTER 4 ESTIMATING FLUCTUATING HOSPITAL FATALITY RATES IN LMIC SETTINGS

4.4 Findings

4.4.1 Fluctuations of in-hospital fatality rates around Gamma’s emer-

gence

Fig. 4.5 summarises the data selection process. 641,618 patients with COVID-19 at-
tributable infection were admitted to hospitals across the 14 cities and reported to
Brazil’s SIVEP-Gripe (Sistema de Informacao da Vigilancia Epidemiolégica da Gripe)
database (Fig. 4.5 and Table A.1). To match these data to city-level transmission dynam-
ics, we retained for analysis the 495,100 COVID-19 attributable hospital admissions
among residents in each state capital. We further excluded 32,734 resident patients
who were administered at least one vaccine dose before hospitalisation to avoid con-
founding of time trends in fatality rates with vaccine rollout, which occurred during the
same period. Thus, our study population comprised the remaining 462,366 COVID-19
attributable hospital admissions in residents. Among those, 120,288 (26.02%) outcomes
were fatal. However, 32,585 (7%) admissions had unreported clinical outcomes, which
occurred primarily after Gamma’s detection, and so it is important to account for under-
reporting of COVID-19 deaths [ , , , ,

, ]. We estimate 10,029 additional fatalities by considering the proportion of
deaths among patients with known outcomes, stratified by age and observation week
(Table A.4).

Fig. 4.6¢ shows the resulting, empirical COVID-19 in-hospital fatality rates for Manaus,
defined as the proportion of under-reporting adjusted deaths in weekly COVID-19-
attributable hospital admissions among residents with no evidence of vaccination prior
to admission (see Fig. 4.1 for 4 other state capitals). The observed, age-dependent
patterns in COVID-19 in-hospital fatality rates are consistent with earlier observations
that COVID-19 fatality rates increase with age | , |. Moreover, we ob-
serve across all age bands marked increases in COVID-19 in-hospital fatality rates after
detection of Gamma, a pattern that is consistent across the 14 cities. Yet, importantly,
the within age band variation reveals stark geographical differences and temporal fluctu-
ations since the beginning of the pandemic rather than just since Gamma’s emergence,
reinforcing previous findings on geographical heterogeneity in the first three months
of the pandemic [ , ]. For example, in Belo Horizonte no age group
experienced shocks of COVID-19 in-hospital fatality rates above 50% that lasted at least
four consecutive weeks, whereas in Macap4 all age groups of age 40 or older experienced
such fatality shocks (Table A.5 ). We also find that the increases in COVID-19 in-hospital
fatality rates after detection of Gamma were largely temporary, declining in tandem

with fewer admissions, as shown in Fig. 4.6c for Manaus.
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Figure 4.5: Analysis flowchart. Individual-level records on hospital admissions with severe
acute respiratory infection across Brazil are mandatory to report to the SIVEP-Gripe (Sistema
de Informacao da Vigilancia Epidemiolégica da Gripe) database, and publicly available records
between 20 January 2020 and 26 July 2021 were downloaded on 31 January 2022Data used
to derive COVID-19 in-hospital fatality rates are shown in blue, and data used to derive the
healthcare pressure indices are shown in yellow. This figure is included in the accepted
manuscript provided to Nature Medicine for further editing.

Fig. 4.7a shows the age-standardised COVID-19 in-hospital fatality rates (Eq. (4.3)) since
the beginning of the pandemic across locations in black lines, and Table 4.1 reports
the minimum and maximum observed values in each location. The minimum age-
standardised in-hospital fatality rates occurred either at the start of the observation
period or between waves of hospital admissions in each location for all cities except
Belo Horizonte, where the lowest fatality rates were seen at the end of the observation
period. We performed additional analyses suggesting that this further drop in fatality
rates in Belo Horizonte at the end of the observation period is likely related to missing
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Table 4.1: Temporal fluctuations in COVID-19 attributable in-hospital fatality rate, and avoidable COVID-19 attributable deaths in hospitals.

Location Observation Period | COVID-19 attributable Age-standardised weekly Estimated, avoidable COVID-19
hospital admissions COVID-19 in-hospital deaths in hospitals assuming
in unvaccinated residents | fatality rate (HFR) the lowest HFR

in each city across all 14 cities
Total Deaths* Lowest’ Highest” Fold Percent Percent’
increase’

Belo Horizonte | 06/04/20-26/07/21 | 42,113 7,692 7.7% 12.7% 1.64 29.1% 29.1%

(24.6%-33.7%) | (24.6%-33.7%)

Curitiba 02/03/20-26/07/21 | 33,015 7,535 8.1% 18.1% 2.23 39.6% 47.3%

(34.2%-44.7%) | (43.9%-50.8%)
Florianépolis 09/03/20-26/07/21 | 4,032 893 7.8% 17.1% 2.20 22.7% 44.5%
(12.6%-32.5%) | (40.9%-48.1%)
Goiania 16/03/20-26/07/21 | 20,044 6,246 11.6% 25.9% 2.23 44.7% 61.2%
(39.0%-50.0%) | (58.6%-63.7%)
Jodo Pessoa 09/03/20-26/07/21 | 10,552 3,636 15.3% 29.7% 1.94 18.8% 65.9%
(13.0%-25.1%) | (63.7%-68.1%)
Macapd 30/03/20-26/07/21 | 3,169 1,011 11.0% 41.5% 3.78 41.6% 68.4%
(30.5%-51.8%) | (66.2%-70.6%)
Manaus 24/02/20-26/07/21 | 26,260 10,168 16.4%  33.4% 2.04 39.3% 70.9%
(35.9%-42.3%) | (69%-72.9%)
Natal 16/03/20-26/07/21 | 9,344 3,512 11.4%  32.9% 2.87 35.4% 66.9%
(30.2%-40.5%) | (64.8%-69%)
Porto Alegre 02/03/20-26/07/21 | 16,106 5,266 8.6% 27.1% 3.16 41.8% 59.6%
(37.7%-45.7%) | (57.1%-62.3%)
Porto Velho 30/03/20-26/07/21 | 6,795 2,473 11.5%  32.2% 2.79 39.1% 70.3%
(32.2%-45.5%) | (68.3%-72.4%)
Rio de Janeiro | 16/03/20-26/07/21 | 73,139 28,053 19.2%  26.0% 1.35 10.2% 66.9%
(8.5%-11.9%) (64.8%-69%)
Salvador 16/03/20-26/07/21 | 26,964 8,509 9.7% 26.9% 2.76 20.8% 61.3%
(16.2%-25.2%) | (58.8%-63.9%)
Sao Luis 24/02/20-26/07/21 | 8,545 2,547 8.2% 26.5% 3.25 35.7% 60.5%
(28.4%-42.4%) | (57.9%-63.1%)
Sao Paulo 20/01/20-26/07/21 | 182,288 42,769 8.8% 19.8% 2.24 36.2% 50.1%
(33.9%-38.4%) | (46.9%-53.4%)
All 14 cities 20/01/20-26/07/21 | 462,366 130,317 29.8% 57.1%
(28.7%-30.9%) | (54.3%-59.9%)

* Observed deaths plus expected deaths in COVID-19 attributable hospital admissions with unknown outcome.

t Age-specific COVID-19 attributable in-hospital fatality rates were estimated from linked data on underreporting-adjusted deaths

in COVID-19 attributable hospital admissions. Non-parametric loess estimates were obtained and weighted by the population

age composition across cities.

Lowest fatality rates were calculated in the period prior to Gamma’s first detection in each location, and highest fatality rates

were calculated including the time after Gammass first detection. The lowest fatality rates in the period prior to Gamma'’s first

detection agreed with those observed across the entire study period for all cities except Belo Horizonte

* Estimates are based on hypothetical scenarios evaluated under the Bayesian multi-strain fatality model, assuming the lowest

observed in-hospital fatality rates seen in the periods prior to Gamma’s first detection in each location.

data on vaccine status in hospitalised patients in Belo Horizonte (Fig. A.10). For this
reason, and to guard our analyses against other potential confounders such as improved
treatment with Dexamethasone, we evaluated the minimum fatality rates over the
period until detection of Gamma detection. In Belo Horizonte, the minimum age-
standardised COVID-19 in-hospital fatality rate before detection of Gamma was 7.7%,
and the maximum value over the entire study period was 12.7%, a 1.64-fold increase. We
observed higher fold increases in all other state capitals, apart from Rio de Janeiro where
age-standardised in-hospital fatality rates were very high throughout the study period.
Rates tended to reach similar baseline values between shock periods in each location,
and were lowest in state capitals from the South and Southeast regions of Brazil. The

maximum rates occurred in most locations after first detection of Gamma, except for
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Figure 4.6: Spatio-temporal expansion of SARS-CoV-2 Gamma in Brazil and associated shocks
in COVID-19 fatality rates in hospitals.(a) The 14 states and state capitals in which Gamma
was detected by March 31, 2021 and which were included in the analysis(b) Time evolution of
SARS-CoV-2 Gamma variant frequencies in three locations, suggesting rapid expansion. Data
from GISAID [Shu and McCauley, 2017] (dots) are shown along with the number of sequenced
SARS-CoV-2 samples (text), and posterior median model fits (line) and associated 95% credible
intervals (CrI) (grey ribbon). (c) Weekly COVID-19 in-hospital fatality rates among hospitalised
residents in Manaus with no evidence of vaccination prior to admission (dots), by age group
(facets). Non-parametric loess mean estimates of time trends are shown as block solid line along
with 95% confidence intervals as grey ribbon. The date of Gamma’s first detection is indicated as
grey dotted vertical line. This figure is included in the accepted manuscript provided to Nature
Medicine for further editing.

Jodo Pessoa, Macapa and Rio de Janeiro where they occurred before first detection of

Gamma. Overall, rates tended to be highest in the North, Northeast, and Center-West

regions of Brazil.
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Figure 4.7: Time trends in age-standardised COVID-19 in-hospital fatality rates and pandemic
healthcare pressure.(a) Non-parametric median estimates (line) and 95% CI (ribbons) of age-
standardised COVID-19 in-hospital fatality rates (black, right hand side axis) are shown against
the healthcare pressure index of ICU admissions over three weeks per available ICU bed in
each city (colour, left hand side axis). The date of Gamma’s first detection is added as a vertical
dashed line. (b) Heatmap of Pearson correlation coefficients between age-standardised in-
hospital fatality rates and each pandemic healthcare pressure index. This figure is included in
the accepted manuscript provided to Nature Medicine for further editing.

4.4.2 In-hospital fatality rates are tracked by healthcare pressure in-

dices

We find large inequities in healthcare resources across Brazil. In March 2020 the number

of available ventilators per 100,000 population ranged from 21.7 in Macapa to 102 in
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Porto Alegre, and the number of physicians per 100,000 population ranged from 124 in
Macapa to 631 in Belo Horizonte (Table A.6). From these data we constructed healthcare
pressure indices that capture changes in hospital demand per available resource, with
demand comprising all hospitalised patients with severe acute respiratory infection
(SARI), including non-residents and individuals with vaccine breakthrough infections.
One such index, the moving sum of ICU admissions over three weeks per ICU bed is
shown in Fig. 4.7a, and four further indices are shown in Fig. A.1-Fig. A.2 We find that all
healthcare pressure indices are strongly correlated with the age-standardised, weekly
COVID-19 in-hospital fatality rates in most cities (Fig. 4.7b). The only clear exception
is Florianopolis, where the first peak in in-hospital fatality rates lagged the peak in
healthcare pressure indices by more than one month, while the second peak in the time
series coincided. This explains why no single lag led to high cross-correlation measures
in this city (Fig. A.11). There may be different potential explanations for this anomaly,
for instance an investment in healthcare resources during the first wave that was not

immediately effective.

4.4.3 In-hospital fatality rates are mostly driven by regional and health-

care inequities

Fig. 4.8a compares the fitted age-standardised COVID-19 in-hospital fatality rates across
Brazil’s macroregions, the North, Northeast, Central-West, Southeast and South, reveal-
ing considerable geographical heterogeneity. Before first detection of Gamma in each
location, the fitted age-standardised in-hospital fatality rate was lowest in Belo Hori-
zonte and highest in Rio de Janeiro (shown as dotted horizontal lines in Fig. 4.8a. The
high estimates for Rio de Janeiro prompted us to compare excess deaths derived from
Brazilian’s Civil Registry to the COVID-19 attributable in hospital deaths, which sug-
gested that a smaller than expected proportion of hospitalised patients with unreported
clinical outcomes may have died. Yet, Rio de Janeiro’s age-standardised COVID-19 fatal-
ity rates remained the highest even when we assume that all patients with unreported

clinical outcomes were successfully treated and survived COVID-19 (Fig. A.4).

Fig. 4.8b-d compare the estimated location, Gamma and healthcare pressure contribu-
tions to in-hospital fatality rates (Section 4.3.4). We find that the marked increase in
COVID-19 in-hospital fatality rates is better explained by changes in healthcare pres-
sures rather than a direct effect of Gamma on fatality rates in hospitalized patients. This
result is inferred from three observations. First, the empirical in-hospital fatality rates
also fluctuated prior to the detection of Gamma, second the rates largely decreased after
the initial shock post-Gamma detection, and third the rates were strongly associated

with the time-varying pandemic healthcare pressure indices (Fig. A.3). Relative to Belo
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Figure 4.8: Estimated contribution of location effects, Gamma’s infection severity, and pan-
demic healthcare pressure on COVID-19 in-hospital fatality rates.(a) Estimated, weekly age-
standardised COVID-19 in-hospital fatality rates, averaged across SARS-CoV-2 variants. Posterior
median estimates (line) are shown with 95%CrIs (ribbon), and the lowest estimated fatality rates
prior to Gamma'’s detection in each state capital (dotted horizontal line). (b) Estimated ratio
in lowest in-hospital fatality rates in each location relative to that seen in Belo Horizonte. (c)
Estimated ratio in in-hospital fatality rates for Gamma versus non-Gamma lineages. (d) Esti-
mated multiplier to the lowest age-standardised fatality rates prior to Gamma’s detection shown
in subplot a, that is associated with the pandemic healthcare pressure indices. In each plot,
posterior median estimates are shown as dots, 95%Crls as linerange, and summaries across
locations as boxplots. Multipliers and ratios in panels b-d are reported on a logarithmic scale.
This figure is included in the accepted manuscript provided to Nature Medicine for further
editing.
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Horizonte, the lowest fatality rates were an estimated 1.95-fold (95% Crl: 1.11-3.25)
higher in all other state capitals, a location effect that was consistent across all age
groups. Although our model does not provide insights into the exact drivers of this
location effect, it is likely due to a combination of socio-economic factors unique to
each city, including pre-existing inequities in the availability, quality, and accessibility
of healthcare [ , , , ]. At peak times, pan-
demic healthcare pressures as measured by our indices were associated with a 2.33-fold
(95% Crl: 1.39-4.27) multiplicative effect across the 14 cities, and this contribution was
stronger in places that already had high in-hospital fatality rates at baseline. Gamma
was not associated with a statistically significant effect on in-hospital fatality rates after
controlling for healthcare pressures (posterior p-value of p=0.14 that Gamma-specific
in-hospital disease severity is lower or equal to that of non-Gamma variants in patients
aged 30-39 compared to non-Gamma variants of SARS-CoV-2, and larger those younger

than 30 years and older than 39 years).

4.4.4 Number of deaths attributable to resource limitations

To quantify the impact that the observed fluctuations in COVID-19 attributable in-
hospital rates had on the death toll in the 14 state capitals, we considered counterfactual
simulations where infection waves and resource limitations did not result in surging
in-hospital fatality rates. We consider this counterfactual conservative as it assumes for
each location achievable in-hospital fatality rates that are based on the lowest values
observed prior to first detection of Gamma in each state capital, and thus prior to
improvements in clinical management, patient triage, treatments (e. g. dexamethasone).
Across the 14 state capitals, we find deaths could have been, in the absence of pandemic
resource limitations, reduced by an estimated 29.8% (95 Crl: 28.7%-30.9%) (Table 4.1).

Using additional counterfactual simulations, we further evaluated how many in-hospital
deaths could have been avoided in the absence of regional inequities and pandemic
resource limitations, i. e. if all 14 state capitals would have experienced throughout the
pandemic the lowest observed in-hospital fatality rates across all 14 cities, which were
found in Belo Horizonte. We consider these projections less conservative, since the
observed, low in-hospital fatality rates in Belo Horizonte may reflect a large range of
factors that may not be translatable to other locations in Brazil. We find in-hospital
deaths could have been reduced by an estimated 57.1% (95% Crl: 54.3-59.9%) in the 14
state capitals (Table 4.1)
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4.5 Model validation and sensitivity analyses

Concerns on SARS-CoV-2 sequence sample representativeness | , ] prompted
us to re-evaluate our findings using monthly state-level variant frequency data reported
by Rede Gendmica FioCruz [ , ]. Data on monthly Gamma
variant frequencies in each Brazilian federal unit or state between November 2020 and
May 2021 were retrieved from the dashboard on June 15, 2021. Again, we assumed that
the variant frequencies reported at state level were representative of the variant frequen-
cies in state capitals. We also considered weekly city-level Gamma variant frequency
data from Manaus, Belo Horizonte, and Sdo Paulo obtained under controlled sampling
frames. In Manaus, samples from PCR-positive residents testing in two private laborato-
ries through nasal and oropharyngeal swabs were selected at random for sequencing
regardless of Ct values. The samples were sequenced and processed using the ARTIC
bioinformatics pipeline [ , ] as described in [ ]. Viral
genomes recovered from 147 samples collected between November 1, 2020 and January
10, 2021 had sufficient genome coverage enabling lineage classification with pangolin
version 2.2. 1] , , ’ I.
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We found only minor differences in our primary findings depending on what SARS-CoV-

2 variant frequency data were used (Fig. 4.9 and Figs. A.5 to A.7)

Given long-term underfunding of Brazil’s public healthcare system, we investigated
if geographic inequities could be modulated by different proportions of patients in
public and private hospitals, and if the strong fluctuations in COVID-19 in-hospitable
fatality rates are also observed in private hospitals. For Sao Paulo, we could classify most
hospitals as either private or public. We found consistently lower in-hospital fatality
rates in private hospitals that however fluctuated in synchrony with those in public

hospitals, in line with our primary findings (Fig. A.8).

In Belo Horizonte, the age-standardised COVID-19 in-hospital fatality rates declined
over the summer months of 2021 to levels well below those seen during earlier time
periods (Fig. 4.8a). We hypothesised that larger numbers of patients hospitalised in Belo
Horizonte may have been vaccinated, with no vaccination record reported to SIVEP-
Gripe. To address this possibility, we performed a sub-analysis in which we excluded
patients with unreported vaccination status in the SIVEP-Gripe data set (Fig. A.10). In the
figure, fatality rate estimates are not shown for weeks in which patient denominators
were too small. In this sub-analysis, we found larger discrepancies in fatality rates
compared to the main analysis only for Belo Horizonte, suggesting that missing data on
vaccination status has likely no substantial impact on our overall findings. However for
Belo Horizonte, it is possible that our in-hospital fatality rate estimates are confounded
with unreported vaccination status, which in turn would explain the estimated negative

Gamma effects in this city (Fig. 4.8c).

The highest age-standardised COVID-19 in-hospital fatality rates were observed in Rio
de Janeiro, against the national trend of declining rates in Brazil’s South and Southeast
macroregions. It is possible that smaller proportions of hospitalised patients with
unreported clinical outcomes may have died, and analyses were repeated assuming that
all patients with unreported clinical outcomes survived. We found in comparison to
other cities, that Rio de Janeiro’s baseline in-hospital fatality rates were in this sensitivity
analysis considerably lower than in the main analysis, but remained overall largest and

showed the same strong fluctuations as in the main analysis (Fig. A.4).

In-hospital fatality rates also depend on who, and under what circumstances, severely ill
patients are admitted to hospitals. This prompted us to investigate if the observed fluc-
tuations in COVID-19 fatality rates could in part be the result of concomitant changes
in the profile of admitted patients. There is limited data on disease severity at time of
hospital admission available in SIVEP-Gripe, however one indicator that can be readily
calculated is the time between hospital admission and death in patients with a fatal

outcome (Fig. A.9). In Macapd, Manaus, Porto Alegre, and Porto Velho, we find sub-
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stantially shorter times to death when the number of COVID-19 attributable hospital
admissions peaked, suggesting admitted patients may already have been at a more
severe clinical stage when admitted, or that during times of peak demand healthcare
pressure in hospitals both increased fatality rates and led to faster progression to death.
These data suggest that increased healthcare pressure likely acts to shape in-hospital
fatality rates through distinct mechanisms, through a combination of both a reduced
ability to provide adequate care and an increase in the average severity of admitted

patients.

4.6 Discussion

In this Chapter, we describe temporal fluctuations in COVID-19 in-hospital fatality rates
across 14 Brazilian state capitals. In summary, we found that the impact of Gamma
in Brazil’s hospital fatality rates has been mainly indirect, influenced by pre-existing
geographic inequities and pandemic-related healthcare challenges. Through coun-
terfactual analyses, we additionally estimated that around half of Brazil’s COVID-19
hospital deaths could have been prevented without these factors, highlighting the impor-
tance of addressing healthcare inequities and ensuring adequate healthcare resources
to reduce COVID-19 mortality.

Our multi-strain Bayesian model used inferred variant replacement dynamics to esti-
mate the proportion of COVID-19 hospitalisations with either variant. This modelling
approach is not necessary in other studies conducted in HICs aimed at comparing
variant-specific severities, for a couple of reasons. Firstly, as Brazilian hospital records
were not linked to case surveillance data, we could not compute the time delay between
case reporting to hospitalisation, nor the fraction of cases that were hospitalised. As
such survival analyses estimating hazard ratios were impossible [ , l.
Secondly, as we did not have available data on the infecting variant of patients, it was im-
possible to compare hospital outcomes across different groups of individuals through,
for example, logistic regression [ , ]. Further, such analyses typically
account for a variety of comorbidities to adjust for confounding. In the case of the SIVEP

data, comorbidities were sparsely reported, and probably unreliable for such analyses.

The findings presented in this chapter should be considered in the context of the
following limitations. First, we here delineate fluctuations in COVID-19 in-hospital
fatality rates at city level to focus on the extensive spatio-temporal heterogeneity in
fatality rates across Brazil. We recognise this broader geographic focus masks important
differences within cities, and thus we cannot identify the exact factors determining the
substantial location effects that we measure. However, these are likely related to (i)

differences in catchment populations as vulnerable populations with poor healthcare
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access are highly clustered across Brazil’s largest cities [ , ,
, ], (ii) underfunding of the public healthcare system [ , ,
, | and emerging discrepancies in healthcare resources compared to private
hospitals | , , ) ) ’ ’ )
], or (iii) inequities in the quality and capabilities of healthcare systems which are
well-documented, for example, for pre-pandemic sepsis survival rates [ ,
]. Additional relevant factors could include (iv) differences in demand reflecting
variation in epidemic magnitude [ , ], and (v) the timing and extent
of public health measures aimed at controlling spread and preventing infection in
vulnerable groups | , , ) )
, |. As such, the location effects could also reflect healthcare pressures
that are present already at the lowest incidences of COVID-19 hospital admissions in
each location. Importantly, we observe substantial fluctuations in in-hospital fatality
rates even in private hospitals of Sao Paulo city (Fig. A.8 ), suggesting that large effects

of healthcare pressure on in-hospital fatality rates are common across Brazil.

Second, the pandemic healthcare pressure indices that we derive are based on data
reported to CNES, which does not capture all resource limitations such as the acute
shortages in oxygen supply that were experienced in January 2021 in Manaus [

, ], and is prone to potential reporting biases | , ]. In our view,
the inferred associations between healthcare pressure indices and fatality rates demon-
strate that where resources are limited, real-time monitoring of available resources is
especially important to identify critical resource limitations and avoid the lamentable

shocks in death rates that we describe for many state capitals across Brazil.

Third, in characterising hospital fatality rates in a wide Brazilian context, we are ig-
noring historical policy aspects that can be a source of heterogeneity. The standard of
healthcare per unit staff member can be improved by federal coordinated actions and
policies on training, as well as unambiguous governmental medical policies to prevent
disinformation [ , |. These federal policies also extend to financing to
ensure that the underlying structure of primary care and emergency services all present

a standardised quality of care [ , 1.

Finally, our analyses start with hospitalisation, which is a limitation because in-hospital
fatality rates also depend on who, and under what circumstances, severely ill patients
are admitted to hospitals. Thus, it is possible that healthcare demand was amplified due
to an increased risk of hospitalisation following infection with a variant of concern with
higher infection severity, as has been shown for SARS-CoV-2 Alpha [ , ,

, ]. We also find evidence that in several locations, the time to death

following admission tended to be shorter during peak demand (Fig. A.9). These observa-
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tions indicate that increased healthcare pressure acts to shape in-hospital fatality rates
through distinct mechanisms, likely through a combination of both the reduced ability
to provide adequate care and an increase in the average severity of admitted patients
(with only the most severely ill admitted during periods of highest pressure). In this
context, if less severe COVID-19 cases could also have been admitted, we expect that
the estimated proportion of avoidable COVID-19 in-hospital deaths in the absence of
healthcare pressure effects would be lower than what is reported here. At the same time,
the projected numbers are likely an underestimate of COVID-19 deaths that could have
been avoided in the absence of healthcare pressure effects because we did not account

for deaths in severely ill individuals that were not cared for in hospitals.
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PHYLOGENETIC ESTIMATION OF HIV TIME SINCE
INFECTION: SOFTWARE AND APPLICATION IN
UGANDA

5.1 Introduction

IV transmission dynamics are complex, and highly structured. That is, the risk of

HIV transmission depends on the characteristics of individuals at risk and those

already infected, such as patterns in sexual behaviour [ , ], as well as
the varying prevalence of HIV across different age groups, genders, and locations [

, ]. Understanding which population subgroups are over-represented
in transmission events allows for tailored interventions to individuals who most need
them. In turn, interventions affect transmission dynamics and potentially change the
subpopulations at highest need of interventions. This creates a feedback loop in which
transmission patterns need to be routinely analysed to reflect the changing dynamics

introduced by epidemiological interventions.

Scientific methods aiming to describe transmissions need to overcome a variety of data
issues. Due to long incubation periods, infrequent testing, and stigma associated to HIV,
it is practically infeasible to 1) observe all HIV infections occurring within a population,
2) accurately date infections, and 3) determine with certainty the source of infection for
a given case. These challenges are particularly pronounced in the context of generalized
epidemics, such as in Africa, where tracking all possible sources of infections is infeasible
due to the higher prevalence of HIV. In this context, phylogenetic approaches emerge

as a natural solution, as they aim to reconstruct the genetic history of related viral
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sequences to approximate transmission history [ , ]. For
example, these methods have been used to detect linkage among PLHIV | ,

], directionality of transmission [ , ], and to describe
the geographic movement and history of the virus [ , ]. A comprehensive
review of phylogenetic approaches with applications to HIV epidemiology is reported

in [ l.

Phylogenetic analyses are tailored to, and are limited by, the sequencing technologies
available. Sanger sequencing [ , ] was the first commercially available
method to summarize the viral diversity in an HIV infected host through a single consen-
sus sequence, which reports the most common nucleotide found at each position in a
sequence alignment. Although phylogenies of consensus sequences aren’t sufficient to
infer direction of transmission | , , , ], they
are affected by transmission dynamics [ , , , ]
and were used to estimate “global” epidemiological parameters, such as reproduction
number [ , |. A prominent approach in modelling structured transmission
dynamics involved positing a compartmental transmission model parametrized by sys-
tems of ODEs [Volz, ] and fitting it to a reconstructed phylogeny. In [ ]
these two steps are performed sequentially for computation ease, while

[ | jointly infer epidemiological parameters and phylogenies.

The advent of Next-Generation Sequencing (NGS) technologies, which produce multiple
viral variants reads for a given sample, widely increased the scope of phylogenetic
analyses. The unprecedented resolution of within-host viral diversity made it possible
to address the challenge of inferring transmission direction. In fact, transmission
direction may be reflected in the topology of a phylogeny [ , 1,
specifically in the configuration of the clades containing the viral reads of two different
hosts. The impact of these advancements were profound: for example, confirmatory
direction analyses were essential in proving the effectiveness of ART in two clinical

trials [ , , , l.

From a statistical modelling perspective, having access to phylogenetically likely source-
recipient pairs [ , | allows epidemiological models to be fitted to
partially observed transmission networks. This approach differs to fitting models to
entire phylogenies, which are generally more complex objects to interpret and model.
The benefits of the source-recipient approach include ease in computational complexity,
enhanced flexibility and transparency when specifying how transmission dynamics
affect the modelled object, and the ability to account for selection bias [X], . In

practice, these models have been used to describe transmission flows between different
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population subgroups, for example by location | ) ) ) I,

age and gender [ , , , , , , , l.

However restricting analyses to likely source-recipient pairs comes with limitations.
For example it is not possible to infer the exact date of a transmission event without
external sources of information. As a consequence, the previously cited studies typically
assume constant transmission dynamics, under the assumption that the observed
infections happened in a short time frame relative to the time scale of the epidemic. As
such, studies based on partially observed transmission networks are better suited at
describing recent transmission dynamics with high resolution, as opposed to identifying

long-term trends, as for example in phylogeographic studies [ , l.

In this Chapter, we present some of the work included in the article “Longitudinal
population-level HIV epidemiologic and genomic surveillance highlights growing gen-
der disparity of HIV transmission in Uganda”, published in Nature Microbiology. Here,
we used recent phylogenetic methods to estimate the Time Since Infection (TSI) [

, ] of recipients in observed transmission pairs and subsequently infer
temporal changes in HIV transmission dynamics in South Western Uganda. The con-
tributions of the authors of the papers is acknowledged thereafter. Oliver Ratmann,
my supervisor, and M. Kate Grabowski conceived the analysis. Mélodie Monod is the
first author of the paper, she is responsible for the statistical modelling summarised
in Section 5.3.5. She coded most of Fig. 5.5 using the time-since infection estimates of
my model, and I additionally modified the figure to satisfy publication requirements.
Further, she coded Fig. 5.6. I, Andrea Brizzi, am the second author of the paper. I
coded the phylogenetics pipeline for time since infection in Section 5.3.3, ran it on
the RCCS transmission cohort data (Section 5.3.1), matched the outputs against the
source-recipient pair outputs in Section 5.3.2, and developed the infection dating model
in Section 5.3.4. In Section 5.3.2, I modified how the direction of transmission scores
are typically computed ([ , ]) to account for serohistory data. I took
over the main project after Mélodie Monod completed her PhD, contributing to the
code for preprocessing, postprocessing, visualisation, and computation of selection
probabilities in Section 5.3.5. Ronald M. Galiwango, Robert Ssekubugu, Edward Nel-
son Kankaka, Victor Ssempijja, Lucie Abeler-Dorner, David Bonsall, Larry W. Chang,
Christophe Fraser, Tanya Golubchik, Ronald H. Gray, Julio Croda, Godfrey Kigozi, Lisa A.
Mills, Oliver Laeyendecker, Thomas C. Quinn, Steven J. Reynolds, John Santelli, Nelson
K. Sewankambo, Joseph Ssekasanvu, Laura Thomson, Maria J. Wawer, David Serwadda,
Joseph Kagaayi and M. Kate Grabowski oversaw and performed data collection (Sec-
tion 5.3.1). Xiaoyue Xi contributed to Section 5.3.2. Specifically, she wrote and run the
phylogenetic pipeline to identify potential networks and confirm source-recipient pairs.
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This Chapter is structured as follows. Section 5.2 summarises my main contributions
on the paper. Section 5.3 describes the sequence data, the phylogenetic pipelines and
the statistical models used for the analysis. Section 5.4 presents our main findings and

Section 5.5 includes a discussion of the limitations and potential research direction.

5.2 Contributions to the literature

In this Chapter, we describe the pipeline I coded up to estimate HIV TSI from sequence
data, and a method to use these estimates to date transmission events which are consis-
tent with individual-level testing histories and known transmission networks. To the
best of our knowledge, this is the only open-source pipeline that takes individual-level
NGS data and outputs TSI estimates. From this point of view, we empower a wider range
of researches to apply HIV-phylo-TSI, [ | for their own analyses.
We then describe the implications of dating infection events on the statistical modelling
of partially observed transmission networks as well as practical application on surveil-
lance data from the RCCS. Importantly, we reported temporal changes in transmission
dynamics in South Western Uganda, consisting of a shift in the age-profile of sources of

HIV transmission.

A major novelty of this study consists in the comparison of HIV transmission flows over
time. This was made possible by dating the transmission events, and successively fitting
the same epidemiological model to different time windows. In particular, our work
is an extension of the framework described in [ 1, where age at infection
is implicitly defined as the age at the midpoint of the study period, possibly yielding
bias and inconsistencies. For instance, if most transmission events occurred far into
the past, the model would overestimate the contributions to HIV transmission of older
age groups. Our approach, presented in Section 5.3.4, not only allows estimation of
age at infection which is consistent with individual-level testing histories, but also
allows to impute other characteristics at the date of infection, such as location of
residence. The code for these analyses is included in the Github repository https:
//github.com/MLGlobalHealth/phyloSI-RakaiAgeGender and the data made openly
available at https://zenodo.org/records/8412741.

In the context of the African response and surveillance of the HIV epidemic, which
makes strong use of sequence data and phylogenetic analyses through organizations
such as Phylogenetics And Networks for Generalised Epidemics in Africa (PANGEA) [

, , , ] and TAVI [ , ], our pipeline opens novel
research opportunities to tackle important problems, such as the estimation of HIV
incidence [ , ]. We made the code of our pipeline openly available
at https://github.com/abriz97/HIV-phyloTSI-workshops, and together with PANGEA,
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IAVI, and Dr. Moyo, we organized workshops in Nairobi and Gaborone to train local
researchers on how to use it, with an example application on a small dataset from

Zambia.

5.3 Methods

5.3.1 RCCS transmission cohort data 2010-2018

Within the RCCS, we performed population-based HIV deep-sequencing spanning
survey rounds 14 to 18, that is from January 2010 to April 2018. The primary purpose
of viral deep sequencing was to reconstruct transmission networks and identify the
population-level sources of infections. The secondary purpose was to estimate the TSI
for individuals living with HIV, providing information on the incidence of HIV infection

in the population, and allowing for a comparison of transmission patterns over time.

The RCCS viral phylogenetic transmission cohort includes participants with HIV for
whom at least one HIV deep sequence sample satisfying minimum quality criteria for
deep-sequence phylogenetic analysis is available. For survey rounds 14 to 16 (PANGEA-
HIV 1), viral sequencing was performed on plasma samples from participants with HIV
who had no viral load measurement and self-reported being ART-naive at the time of
the survey, or who had a viral load measurement above 1,000 copies/mL. For survey
rounds 17 to 18 (PANGEA-HIV 2), viral load measurements were available for all infected
participants and viral sequencing was performed on plasma samples of individuals
who had not yet been sequenced and who had a viral load measurement above 1,000

copies/mL.

We restricted our analysis to samples from 2,172 RCCS participants that satisfied min-
imum criteria on read length and depth for phylogeny reconstruction and subsequent in-
ferences. We further included samples from the spatially neighbouring MRC/UVRI/LSHTM
surveillance cohorts to enhance the genetic background and improve the resolution of

the phylogenetic analyses.

For each participant in the transmission cohort, we had access to the birthdate, the date
of first positive test, and sometimes the date of last negative test. These last two dates
provided a range of possible infection dates, and are referred to as “serohistory” in the

next sections.

5.3.2 Identification of plausible source-recipient pairs

The HIV deep-sequencing pipeline provided sequence fragments that capture viral

diversity within individuals, which enables phylogenetic inference into the direction
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of transmission from sequence data alone | , , , ,

, ]. First, potential transmission networks were identified, and in the
second step transmission networks were confirmed and the transmission directions in
the networks were characterized as possible.

In this study, the first step was modified from previous protocols [ , ]
to ease computational burden, while the second step remained unchanged, and was per-
formed with phyloscanner, using version 1.8. 1. Specifically, deep-sequencing reads
were assembled with the shiver sequence assembly software, version 1.5.7 [

R ]. Next, phyloscanner version 1.8.1 [ , ] was used to
merge paired-end reads, and only merged reads of at least 250 bp in length were re-
tained in order to generate 250bp deep-sequence alignments as established in earlier

work [ .

Phylogenetically likely source-recipient pairs with linkage scores = 0.5 and direction
scores = 0.5 were extracted, and only the most likely source-recipient pair with highest
linkage score was retained if multiple likely sources were identified for a particular
recipient. The resulting source-recipient pairs were checked further against serohistory
data from both individuals where available. If serohistory data indicated the opposite
direction of transmission, the estimated likely direction of transmission was set to that
indicated by serohistory data.

In total, we identified 539 source-recipient pairs that involved participants from the 36
survey communities and further individuals from the background dataset. In 13 of the
539 source-recipient pairs, available dates of last negative tests indicated that only the
opposite transmission direction was possible and in these cases the inferred direction of
transmission was set to the opposite direction. The resulting pairs included 501 unique
recipient partners, and for reach we retained the most likely transmitting partner. To
identify pairs capturing transmission events within the RCCS inland communities, we
restricted analysis initially to 236 heterosexual source-recipient pairs in whom both
individuals were ever resident in the 36 survey communities. Of these, 142 pairs were
from men to women and 94 from women to men. Infection times were estimated for
all sampled individuals and refined for the recipient partners in the 236 heterosexual

source-recipient pairs, as described in the following two subsections.

5.3.3 Phylogenetic pipeline for HIV time-since-infection

To evaluate changes in transmission dynamics through phylogenetic analyses, it is
necessary to estimate when, and under which circumstances, transmission events
occurred. [ ] showed that it is possible to estimate the TSI of

individuals living with HIV using deep-sequencing data. Briefly, the authors trained a
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Random Forest model, HIV-phyloTSI to predict TSI from a set of seroconverters with
known serohistories, using outputs of phyloscanner [ , ] and minor
allele frequencies as predictors. Our aim was thus to integrate the predictions from

HIV-phyloTSI into our source-recipient pair analysis to date transmission events.

Even though the code for HIV-phyloTSI is publicly available, the authors did not pro-
vide code to obtain the necessary inputs to run the model. The reasons are twofold.
Firstly, NGS phylogenetic analyses require massive parallel computations, as alignment
and tree construction are computed across multiple windows of the HIV genome. Par-
allel computations are typically performed on high-performance computing clusters,
which are not always available to all researchers, and may differ in their configuration.
Secondly, the authors claim the algorithm to be robust to small differences in the argu-
ments used to generate the input data. These arguments may include the number of
sequences used, and arguments controlling the behaviour of alignment programs, tree

construction programs, and phyloscanner.

In this section, we describe our own implementation of a phylogenetic pipeline which
starts from individual-level deep-sequence data and ends with TSI estimates. The
pipeline described here is based on the one outlined in Section 3 of Xi | ] to find
source-recipient pairs through phyloscanner [ , 1, but with im-
portant modifications in functionality and improvements in automation. Regarding
functionality, finding source-recipient pairs requires the construction of a “potential
transmission network”. This initial step is not necessary for TSI estimation, and is
therefore omitted. Also the last steps differ, as our pipeline terminates with the applica-
tion the HIV-phyloTSI algorithm [ , |. Regarding automation, our
software performs intermediate output checks and, after completion of one step, it au-
tomatically launches the following. This functionality is achieved through a bash script,
runall_TSI.sh which acts a controller, and a set of R scripts that are able to interact
with the controller and queue follow-up steps. Overall, these changes represent impor-
tant improvements over the original pipeline, which required manual intervention at

each step.

A brief skeleton of the pipeline is reported in Fig. 5.1, which demonstrates how different
steps are linked. Note that these steps are not subcomponents of a model, and do not
include any parameter tuning or quantification of uncertainty. As in [ ,

, , ], robustness to phylogenetic signal is achieved by averaging

results over hundreds of windows across each gene.

The following subsections describe each of the reported steps in more detail.
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Individual-level NGS data

Reference sequences
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Figure 5.1: Pipeline for estimating TSI from NGS data. The programs (in ellipses) and the data
(in rectangles) are shown together with arrows indicating the order of execution. Steps run for
each group and window are shown in red, steps run for each group are shown in orange and
steps run once for the entire dataset are shown in yellow.
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Grouping of sequences

NGS phylogenetic analyses can be extremely computationally intensive, due to the
large number of sequences that need to be aligned and compared. As such, it is often
necessary to partition the set of all sequences available for analysis into smaller groups,
perform group-level analyses and then aggregate the results at the end. This is the case
for most phylogenetic analyses built on top phyloscanner, as this program considers
phylogenies built on multiple overlapping windows of the HIV genome. For instance,

[ ] uses a clustering algorithm that groups sequences into potential transmission
networks, and suggests avoiding clusters containing data for more than 50 individuals.
Groups of 50 sequences per groups are consistent with [ | sugges-
tions, and therefore we used this number in our pipeline. Further, only one sample per
individual is used. We selected the least recent one to minimize the risk of obtaining a

TSI estimate inconsistent with the known date of first positive test.

Multiple Sequence Alignment

A Multiple Sequence Alignment (MSA) is an arrangement of a set of nucleotide sequences
in which each column of the alignment represents homologous (evolutionarily related)
positions across the sequences. We perform MSAs at a group-window level exploiting
phyloscanner_make_trees.py script, which in turns calls MAFFT | , ]. Briefly,
we divide the HIV genome into overlapping windows of 250 bp, positioned at a distance
of 25bp. Then, for each group, and if possible, we align the sequences in each window
using MAFFT [ , ] with flags -globalpair -maxiterate 1000. When applied
to the RCCS transmission cohort, single alignments required up to 1 day to complete,
even though the majority were finished in less than 8 hours. However the alignment
step as a whole lasted 6 days due to bottlenecks in the throughput of the cluster, which
meant only 500 windows could be aligned in in parallel.

Phylogenetic trees construction

Once the deep-sequences are aligned, it is possible to construct phylogenies repre-
senting the evolutionary relationships between them. For each group and window,
phylogenetic trees are constructed from the MSAs using IQ-TREE [ , ]
with a generalised time reversible model with FreeRate with six categories of rate vari-
ation (i.e. GTR+F+R6 model). In the RCCS case study, a single tree reconstruction
required up to 3 days to complete, even though the majority required less than 8 hours.
However, due to throughput bottlenecks, the entire step lasted 4 weeks. The following

steps of the pipeline were much shorter, requiring just a few hours.
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Phylogenetic trees analyses

Phylogenetic trees are then processed and summarised through phyloscanner |

, ], using the same settings as reported by [ |, namely:
-sks -ow -rda -swt 0.5 -amt -sat 0.33 -rcm -blr -pbk 15 -rtt 0.005 -rwt
3 -m 1E-5. Among the outputs, we only require the *PatStats. csv files, which con-

tain summary statistics for each window.

Minor Allele Frequencies

Minor Allele Frequency (MAF) calculations are an extra step beyond the source-recipient
pairs pipeline outlined in Xi [ ]. MAF quantifies within-host diversity [ ,

, , | by assessing, for each sequence and position, the fraction of
observed nucleotides that differ from the predominant base. Our calculations were per-

formed within a custom script, specifically through the R function generate.sample.

TSI estimation

The final step of the pipeline involves the estimation of individual-level TSI estimates
based on the intermediate outputs produced by the previous steps. Briefly, summary
statistics are extracted from the PatStats.csv files obtained with phyloscannerR
and from the maf . csv file. These are then aggregated by calculating averages over all
windows across different genes and they are successively fed to HIV-phyloTSI. Short

descriptions of the predictors used are reported in Table 5.1.

5.3.4 Estimation of infection data for source-recipient pairs

As described in the previous subsection, HIV-phyloTSI’s TSI estimates are obtained
using exclusively individual-level deep-sequence data. This raises important considera-
tions when dating transmission events, i. e. infection time of the recipient in the source

recipient pairs. Briefly:

* Although phylogenetic signal can be strong, there is wide uncertainty in the
estimates obtained from the Random Forest model, which are characterised by

potentially very wide prediction intervals.

* As serohistory is not used as a model predictor, some TSI estimates may be in-
consistent with the known serohistory: the algorithm may infer an infection date

which predated the last negative test.

e Finally, the TSI estimates may be inconsistent with the inferred direction of trans-
mission of a source-recipient pair: the algorithm may infer the recipient’s infection

date to predate the source’s infection date.
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Predictor | Description Genes Codes
Number Number of viral sequences in the phylogenetic | gag gag_tips
of Tips tree coming from the same sample. gp4l gp4l_tips
gpl20 | gpl20_tips
Largest Longest distance from the root of the tree to any | gag gag_lrtt
Subgraph of the terminal nodes (tips), calculated on the pol pol_1lrtt
Rootto Tip | largest subgraph obtained after excluding the | gpl120 | gp120_1rtt
Distance tips from other samples. This distance measures
the maximum genetic divergence between the
ancestral state at the root of the subtree and its
most divergent descendant sequences.
Minor The fraction of observed nucleotides that differ | gag gag_maf3c
Allele from the predominant base at each positionin | gp4l gp41l_mafi2c
Frequencies | the alignment. It is a measure of cumulated ge- gp41_3c
netic divergence over time. The predictor name
is differently suffixed depending on whether this
frequency is computed using nucleotides on the
first two bases (12c) or the base (3c) of each
codon

Table 5.1: Description of HIV-phyloTSI predictors.

A naive imputation of the infection date for the source-recipient pairs would therefore
result in a variety of inconsistencies. Here, we present our approach to avoid these and
“refine” infection date estimates. We first describe the mathematical formulation of
the problem, together with a rejection sampling algorithm to sample from the posited

distribution of plausible infection dates.

Mathematical formulation

Consider a transmission network A/ = (V, E) (Section 2.1.5). For every individual i € V,
we denote by f; the (unknown) infection date. As each source must be infected before

the recipient, we have the following constraint:

ts<t, V(s r)eE. (5.1)

We define a plausible range of infection dates [m;, M;], as any interval such that ¢; €
[m;, M;] with certainty. As this framework is motivated by HIV applications, we can

assume that we have access to an initial plausible range, denoted by the superscript

“hist”. In practice, m?iSt may correspond to the last negative test date, or the date of
sexual debut, and MlhiSt to the earliest date of a positive test. The inference of the

infection dates (¢;);¢y is divided into two tasks:
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e First determine the domain of possible infection dates. That is, finding the largest
subset of D = R such that (tj)iey € D implies consistency with the network
structure and the plausible ranges.

* Second, impose a probability distribution p” on D whose aim is to reflect that

some combination of infection dates may be more likely than others.

Note that the two tasks are conceptually separate. The first consists in a mathematical
derivation subject to a list of constraints: its solution is unique. Instead, the second
tasks requires modelling choices to define a probability distribution that best reflects

the modeller’s beliefs on how infection dates may be related to each other.

To find the largest domain of possible infection D our first aim is to determine the

shortest possible plausible ranges, which satisfy a set of constraints listed below.

e The infection date of an individual cannot precede the infection date of their
source:

m; = Mesource(i)- (5.2)

* Analogously, the infection date of a source cannot follow the infection date of any
of the recipients:
Mi < min M j (5.3)
Jjerecipients(i)
* Infection dates must be consistent with the testing history of an individual, and

as such plausible ranges must be a subset of the interval [m?iSt, MlhiSt]:

mst < m; < My < MY (5.4)

Exploiting the acyclic nature of the transmission network, we can efficiently propagate
information through the networks through “tree-traversal” algorithms [ , .
This family of algorithms are characterised by the fact that each node is visited at most
once, and that the visiting order is determined by the structure of the network. Informa-
tion on the lower bound of infection dates (m;) ;c) propagates from sources to recipients
(Eq. (5.2)) which suggests a “top-down” traversal as implemented in Algorithm 1. On the
other hand, information on the upper bound of infection dates (M;) ;c) propagates from
recipients to sources (Eq. (5.3)) which suggests a “bottom-up” traversal as implemented
in Algorithm 2. The outputs of these traversal algorithms, which are (m}) ,ev, (M}) vev,

are guaranteed to:

* Terminate in less than [V iterations as every node is attached to the queue at most

once.
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Algorithm 1: Minimum Infection Date Propagation
Input :
» Agraph N = (V, E) representing the connected network.
* Array m"s representing the prior minimum infection times of each individual.
Output:
* Array (m;);cg) representing the minimum infection dates of each node consistent
with the network
Find the root node i, representing the root node, that is the only element in
V\r:(s,r)}
Initialize an array m of size | V| with elements set m = m
Initialize a queue Q and enqueue i.
while |Q|#0do
Dequeue a node i from Q.
for j e recipients(i) do
m; = max(m;j, m;).
L Enqueue j to Q.

hist

* Provide the longest plausible ranges consistent with the network structure (Egs. (5.2)
and (5.3)) and the initial plausible ranges (Eq. (5.4)). See Appendix C for a proof of
this for Algorithm 1.

The algorithms rely on the assumption that the transmission network is correctly speci-
fied. If this assumption is not met, Eq. (5.4) may not be satisfied, hence indicating that

the transmission network is not consistent with the initial plausible infection ranges.

The previously obtained plausible ranges summarize consistency constraints on the
individual-level infection dates t;. More generally, we are interested in the collection of
infection dates £ = (f;);ecp € RY! for all individuals in the network. As such, we define the
plausible region of infection dates D < R as the intersection of the Cartesian product
of the |V| individual-level plausible ranges and the | E| half-hyperplanes defined by the

direction of transmission of each transmission event #; = fsource(i):

D= x [m},M1n [ {teRY: 6 >1¢}. (5.5)
ey (s,r)eE

Having obtained the region of all infection dates consistent with our data, the second
set consists in specifying a probability distribution p® over it. Below we detail a natural
choice for this distribution, which we define iteratively over the network structure,
proceeding “breadth-first” from the root of the network. Specifically, let iy be the root of
the network V, and let d (i, iy) denote the length of the path between i and iy. We can
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Algorithm 2: Maximum Infection Date Propagation
Input :
» Agraph N = (V, E) representing the connected network.
e Array Mt representing the prior minimum infection times of each individual.
Output:
* Array (M;)cr representing the maximum infection dates of each node consistent
with the network.
Find the root node r( representing the root node, that is the only element in
V\r:(s,r) € E}
For each node in V\ijy, define the priority 7 (i) as the distance between i and iy, that
is the number of edges in the shortest path connecting ip and i .
Initialize an array M of size | V| with elements set M = Mhist,
Initialize a prioriy queue contaning nodes that are not sources Q = V\r:(s,r) € E,
with priority given by 7
while |Q| #0do
Dequeue the node i from Q with highest priority.
for j € source(i) do
M]' = rnin(Mj,Mi).
If j ¢ Q, enqueue j to Q.

decompose our model as:

L

pD(th, D)= l_[ 1_[ P(tiltsource(i)yN; D). (5.6)
I=0 ieV:
d(i,ig)=1

Assuming a constant hazard of infection A, we can model the individual-level infection

dates as truncated exponential distributions:

L
pPIN. D)o [ ] exp(-At) - Mmax(m;, teource(i)) < ti < M;). (5.7)

=0 ieV:
d(i,ig)=1

Notice such a model has closed form expression for the full conditional distributions:

pD(tiIt_,-,./\/, D) x exp(—At;) -1 max(m;‘, fsource(i)) < ti <min rereg}l)iiglmsﬁ)(tr),M;k)),

(5.8)
where the normalising constant can be computed analytically. Although the above is a
natural and simple way to model the infection dates, the mathematical formulation was
completed after submission of the manuscript, and in the paper we use two different
distributions. The first one assumes a uniform distribution over the plausible region
D, and it can be considered as a limit of Eq. (5.7) as A — 0. The use of an uniform
distribution to model infection dates constrained to a range is common in the literature,

especially regarding estimation of HIV incidence [ , , ,

111



10
11

CHAPTER 5 HIV-TSI: PIPELINE AND APPLICATIONS

Algorithm 3: Rejection Sampling for a connected transmission network
Input :

» Connected tranmsmission network N = (V, E).

¢ Lower bound for date of infection m, forall ve V.

e Upper bound for date of infection M, forall ve V.
Proposal distributions p, (-) for all v € V, supported in [m,, M,].
Target pP known up to a normalizing constant a.

D

C:= infxesupp(pD) #p(’j&v)
Number of samples N.
Output: N samples from the target pP.
Seti—1
while i < N do
Sample j, ~p, forallve V
for (source,recipient) € E do
if J7 source ~ JA’recipient then

Reject the sample
L Continue from line 2

Sample u ~ Uniform(0, 1)
ap®? ()

Cllvev pv(Pv) then

Accept the sample (7,) yev
i—i+1

if u<

, , ]. We also considered a second distribution: a piecewise
constant distribution with assigned higher probability to infection events occurring in

early infection stages of the sources.

Imputation of infection dates can then be performed by either sampling from p? or
obtaining summary statistics such as the marginal medians. For either choice of p”,
we can sample from the posterior distribution of the infection dates using rejection
sampling, as per Algorithm 3 A natural choice for the proposal is the product of |V|
uniform distributions supported in the individual-level plausible ranges, which was
sufficient for reasonable acceptance probabilities in our experiments. If full conditional

distributions are available, as in Eq. (5.8), a Gibbs samplers could be used instead.

Application to source-recipient pairs

The source-recipient pairs obtained in Section 5.3.2 defined a partially observed trans-
mission network, which we assumed to be correct, and consistent with the individual-
level serohistories. To apply the method described just above, we first partitioned the
network into connected components and then applied the rejection sampling algorithm
to each of the resulting sub-networks.
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Figure 5.2: Schema illustrating the refinement of phylogenetic time since infection estimates.
Combinations of infection dates for recipient (x-axis) and source (y-axis) which are consistent
with direction of transmission (below black dotted line), with HIV-phyloTSI prediction range
(red dotted rectangle), and with serohistory (blue rectangle). The intersection of this region
(purple triangle) is consistent with all of the above, and we imputed its centre of mass as the
refined transmission date. This figure is included in the accepted manuscript provided to
Nature Microbiology for further editing.

We considered multiple ways to define the initial plausible ranges for the source-
recipient pairs, which used the HIV-phyloTSI estimates, the serohistory data, or a
combination of both. The HIV-phyloTSI plausible ranges were simply defined using
the 2.5% and 97.5% quantiles of the prediction intervals, which can be extracted from
the algorithm’s output. On the other hand, the serohistory-based plausible ranges were

defined as follows. The upper bound of the infection date was set as the 30

day prior
to the first positive test of the participant [ , ]. The lower bound of the
infection date was set to the largest of the following dates: the date of last negative test
if available, the 15™ birthday, or the date corresponding to 15 years prior the upper
bound | , ]. We then considered a combination of the two approaches,
where the initial plausible ranges were defined as the intersection of the two sets of

ranges, and if these intersection were empty, we discarded the HIV-phyloTSI estimates.

The schema in Fig. 5.2 summarizes the process of date of infection imputation for a
transmission network which only includes a single source-recipient pair, as most of the

networks we considered.

Fig. 5.3 compares the refined infection date against the original HIV-phyloTSI esti-
mates. It is clear that the refinement process strongly reduces the uncertainty around

the estimates, as can be noted by the typically much narrower 95% credible intervals.
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Figure 5.3: Comparison of estimated infection dates in reconstructed source-recipient
pairs. (a) Estimated infection dates of the recipient in the 236 source-recipient pairs from
HIV-phyloTSI (x-axis) against refined estimates accounting for serohistory and inferred direc-
tion of transmission (y-axis). Medians (dots) are shown along 95% uncertainty ranges (lines). (b)
Histogram and mean (triangle) of absolute differences between infection date estimates and
the midpoint of seroconversion intervals in 98 source-recipient pairs in which the recipient
had a last negative test, across methods (color). (c) Histogram and median (triangle) age of the
phylogenetically likely recipient, across methods (colors). (d) Histogram (bars) and median
(triangle) age of the phylogenetically likely source, across methods (colors). This figure is
included in the accepted manuscript provided to Nature Microbiology for further editing.
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5.3.5 Modeling changes in transmission flow

In the previous subsections, we described how to obtain individual-level TSI estimates,
and how we can combine these to obtain transmission date estimates for source-
recipient pairs which are consistent with the serohistory and the inferred direction
of transmission. In this section, we describe how source-recipient pairs with known
transmission dates can be used to estimate changes in HIV transmission flow, i. e. the
proportion of transmissions that occur between different population subgroups. The
model in this section was developed by Mélodie Monod, building on top of

[ ]. For this reason, [ will only summarise the key modelling concepts, highlighting
how treating infection time as known can be used to describe changes in transmission

patterns over time.

Asin [ ], we consider a population divided in two genders G = {male, female},
and multiple age groups A = {15,16,...,49}. A susceptible-infected (SI) model is as-
sumed, where the expected number of transmission events from one group to another
is proportional to a transmission intensity, the number of susceptible individuals in the
recipient group and the number of infected individuals in the source group. Whereas

[ ] considered transmission intensities which were constant in time, we
considered time-varying transmission intensities, which depended on the round r in
which the infection date was attributed. As such, for each round r, we defined the
expected number of transmission events from individuals of gender g and age i to

individuals of gender h and age j as:

g§—h _ pg—h h 8 end _ start
Arrirj - ﬁrvi!j % S] x Il % |tr tr |’ (5.9)
where ,Bf ij 18 the transmission rate exerted from one virally unsuppressed individual of

gender g aged i to an individual of gender / and age j, Sﬁj is the number of susceptible
individuals of gender & and age j, I f ; is the number of virally unsuppressed individuals
of gender g and aged i, and the last term refers to the length of the round r. An implicit
assumption in Eq. (5.9) is that the changes in the number of susceptible and infected
individuals are negligible over the length of the round, which is reasonable given the

short duration of the rounds, and the low incidence rate of HIV in the population.

.. —h e
We then model the unobserved number of transmission events Z f i from individuals

of gender g and age i to individuals of gender h and age j in round r as:
Z lgj_’h ~ Poisson(ﬂtfj_’h). (5.10)

Phylogenetically detected source-recipient pairs may not be representative of all the

transmission events, as the detection of such a transmission event relies on both indi-
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viduals being sequenced, and sequencing probabilities vary over time, age and gender.
For this reason, we assume that both sources and recipients are sampled at random
within each strata, with sampling probabilities ¢ i g, and ¢ f hj respectively. By thinning
properties of the Poisson distribution, the observed number of transmission events
Yrgl._;.h is then distributed as:

by

—h . —h
Yfi’j ~ P01sson(/1§j ’thlg.i,jfi,i,j)' (5.11)
To make inference computationally manageable, ,B‘f l_’]h are modelled as efficient 2D-

B-splines Gaussian processes [ , ]. Technical details on prior choice

2

and definition of the sampling probabilities ¢ i g, and ¢ h,

jare provided in the methods

section of [ 1.

5.3.6 Ethical consideration

Our research group is part of the PANGEA HIV consortium [ , 1,
and as such follows the consortium’s ethical guidelines [ , ]. Crucial
among these are the protection of the rights and interests of study participants, provision

of informed consent, and communication of the results to the communities involved.

Phylogenetic analyses are performed on anonymised data, with identification keys
different from the ones provided by the RHSP. The identifiers were further changed
in the shared data, to ensure participants cannot be identified from this data set. For
instance, age of the participants is not provided, and figures such as Fig. 5.5 report age

at estimated infection, which depends on the inferences of time since infection.

This specific study was independently reviewed and approved by the Ugandan Virus Re-
search Institute, Scientific Research and Ethics Committee, protocol GC/127/13/01/16;
the Ugandan National Council of Science and Technology; and the Western Institutional
Review Board, protocol 200313317. All study participants provided written informed
consent at baseline and follow-up visits using institutional review board approved
forms. This project was reviewed in accordance with CDC human research protection
procedures and was determined to be research, but CDC investigators did not inter-
act with human subjects or have access to identifiable data or specimens for research
purposes. Participants in the RCCS received 10,000UGX (approximately 2.50USD) in
compensation for the baseline and follow-up surveys.
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Figure 5.4: Comparison of pipeline output for a set of 152 sequences appearing both in
HIV-phyloTSI’s training data and in the RCCS. For each of the predictors (first 3 rows) and
HIV-phyloTSI outputs (central prediction and 2.5™ and 97.5™ percentiles in the last row), we
report the values obtained with our pipeline (x-axis) against those obtained in Golubchik et al.
[2022] (y-axis). The continuous line represents the identity line, while the dotted line represents
the linear regression fit.
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5.4 Findings

Our TSI pipeline is consistent with the original one.

To test whether the implementation of the pipeline was successful, we compared our out-
puts against the ones from [ ] on a subset of the sequences. Briefly,
152 sequences of the RCCS sequences appeared in the training data of HIV-phyloTSI,
and we contacted the author to share the values of the predictors and the TSI estimates
they obtained. The comparison is reported in Fig. 5.4, showing consistent predictions
(see yellow colour, regardless of slight changes in predictors value) with the original
study. The computed MAFs were identical among predictors, which is expected as they
only depend on deterministic calculations. Some differences were observed in the com-
puted number of tips and largest root-to-tip distances, which are strongly dependent
on the grouping of sequences and stochastic phylogeny reconstruction. In particular,
there was a light under-estimation of the number of tips, which however did not seem
to affect the TSI estimates.

Identification and dating of source-recipient pairs in the RCCS

When applying our phylogenetic analyses to the RCCS transmission cohort data, we
identified 236 heterosexual source-recipient pairs in whom both individuals were ever
resident in the 36 survey communities. Of these, 142 pairs were from men to women
and 94 from women to men. Infection times were estimated for all sampled individuals
and refined for the recipient partners in the 236 heterosexual source-recipient pairs as
per Section 5.3.4. For 4 recipient partners, the HIV-phyloTSI estimates were ignored
as they were incompatible with inferred transmission direction and survey data, and
was based on serohistory data only. The phylogenetically most likely location of both
individuals at time of transmission was estimated as their location at the RCCS visit date
that was closest to the posterior median infection time estimate. Using this location
estimate, 233 of the 236 heterosexual source-recipient pairs were estimated to capture
transmission events in RCCS inland communities and were retained for further analysis.
A further six recipient partners had posterior median infection time estimates outside
the observation period from September 2003 to May 2018 and were excluded, leaving
for analysis 227 heterosexual source-recipient pairs that captured transmission events
in RCCS inland communities during the observation period. This excluded 88 potential
source-recipient pairs from our study due to ethical considerations and prior analyses
suggesting these pairs most likely represent partially sampled transmission chains (i.e.,

“false positives”) [ , ]. Fig. 5.5 shows the number of heterosexual
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source-recipient pairs by the date of infection of the recipient, the age of the recipient at

infection, and transmission direction.
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Figure 5.5: Phylogenetically reconstructed source-recipient pairs. (a) Number of heterosexual
source-recipient pairs by the date of infection of the recipient (x-axis), the age of the recipient at
infection (panel), and transmission direction (color). (b) Heterosexual source-recipient pairs
by the age of the recipient (x-axis) and the age of the source (y-axis) at the median infection
time estimate by the round (color) in which transmission was estimated to have occurred. The
number of phylogenetically reconstructed source-recipient pairs is indicated in the top-left
corner. This figure is included in the accepted manuscript provided to Nature Microbiology for

further editing.

Temporal changes in transmission dynamics

Fig. 5.6 shows the age profile of the estimated male and female sources of infection, such

that the male plus the female sources sum to 100% for each survey round. Overall, we
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Figure 5.6: Time trends in age-specific sources of HIV infections in women and men. (a)
Estimated age distributions of transmitting partners (posterior median: line, 95% credible
interval: ribbon), along with the median age at transmission (posterior median: cross, 95%
credible interval: linebar). Age contributions sum to 100% for each round, summing over men
and women. This figure is included in the accepted manuscript provided to Nature Microbiology
for further editing.

found that the contribution of men to onward transmission increased progressively from
57.9% [56.2-59.6] in 2003 to 62.8% [60.2-65.2] in 2018, indicating that HIV transmission

is now more disproportionately driven by men than has been the case previously.

We also found that sources of HIV infection are increasingly older. The age of trans-
mitting male partners progressively increased from a median age of 28.5 [27.1-30.1]
years in 2003 to 33.5 [31.0-36.0] years in 2018 Fig. 5.6), and this increase in the age
of transmitting male partners was largest in transmissions to women aged 20-24. In
contrast, the median age of female transmitting partners remained similar (from 25.0
[23.0-27.0] years in 2003 to 26.0 [24.0-28.0] years in 2018).

Over time, substantially fewer infections occurred in adolescent girls and young women
aged 15-24 years, and the largest share of transmission flows shifted to women aged

25-34 years, from male partners 0-6 years older.

5.5 Discussion

In this Chapter, we described our own implementation of a high-throughput phyloge-
netic pipeline to estimate HIV TSI. The pipeline exclusively makes use of individual-level
deep sequence data, and as such may report prediction ranges which are inconsistent
with the known serohistory of a patient, or with a known or inferred transmission

direction. As such, we developed a method to refine the date of transmission for phylo-
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genetically inferred source-recipient pairs, which is consistent with all of the available
sources of information. When we applied these methods to the RCCS transmission
cohort, we dated infection events for 236 heterosexual source-recipient pairs, and were

able to estimate changes in the transmission flows by age and gender over time.

HIV-phyloTSI is not the only method to estimate HIV TSI, but previous approaches
rely on data, such as longitudinal CD4 counts and viral load measurements, that are
not commonly available in LMIC settings. For instance, [ ] use
a multi-state model including CD4 count as predictors to estimate the history of HIV
incidence, changes in time to diagnosis in MSMs and size of the unaware population
in the Netherlands from 1980 to 2011. [ ] developed a Bayesian,
biomarkers-based survival model to estimate TSI in a cohort of cases diagnosed in Lon-
don between 2009 and 2013. [ | applied another Bayesian approach
by modelling the joint evolution of CD4 counts and viral loads through a bivariate linear
mixed model. Their goal was to determine the place of HIV acquisition for a cohort of

HIV-positive migrants diagnosed in Europe.

The implementation of our pipeline, together with its openly available code, represents
a step forward towards the democratisation of the phylogenetic analyses to estimate
TSI. However, there are a couple important limitations that need to be addressed to
guarantee other research groups can use our pipeline. Firstly, the pipeline is highly
computationally intensive and necessitates access to a high-performance computing
cluster, even for small datasets. We have only managed to implement our pipeline
on Imperial College’s HPC cluster, and therefore job submission scripts may require
adjustments to function on other clusters. Nonetheless, the modular structure of the
pipeline implies that only a few functions would need tweaking to enable its oper-
ation on different clusters. Our hope is that, with the continuous improvements in
computational power, the pipeline will be able to be run on cloud-based services at
a limited cost in the future years. Secondly, even when utilizing a high-performance
computing cluster, the pipeline may necessitate prolonged execution times, particu-
larly for extensive datasets. The primary bottleneck of in the high-throughput required
to parallelize the alignment and tree construction steps across multiple groups of se-
quences and hundreds of windows across the HIV genome. To address this limitation, a
potential solution involves altering our sequence grouping strategy: as alignment and
phylogeny reconstruction scale at least quadratically with the number of sequences in
each group [ , ], reducing the number of sequences in each

group may lead to a substantial reduction in the time to completion.

Through our application on data from the RCCS transmission cohort, we demonstrated

that TSI estimates allow for novel insights into the dynamics of HIV transmission. In
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particular, dating transmission events allows to compare source-recipient pairs deemed
to have been infected at different times, and to impute individual-level characteristics at
the time of transmission, such as age or residence. However, we believe TSI estimation
may open up further research directions, and we list some of these below. Firstly, as
per HIV-phyloTSI original motivations, TSI estimates may be used to estimate HIV
incidence in a population. The rationale is that although the predictions may not always
be accurate at the individual-level, population-level averages may more accurately
depict the proportion of recent infections at the population level [ ,

|. For these applications, it would be necessary to take into account the differences
between the training data used in [ ] and adjust for false-positive
and false-negative rates accordingly [ , , , ]. Secondly,
incorporating information on infection dates of PLHIV may allow for the reconstruction
of bigger transmission networks than previously possible [ , |. Here,
we presented a method to impute the date of transmission events ¢ conditional on a
known transmission network N and with the known serohistory of each individual.
Namely, we developed simple tree-traversal algorithms [ , ] which exploited
the network structure to efficiently exclude combinations of infection dates inconsistent
with the data. We then imposed a probabilistic model supported on the remaining dates,
and proposed rejection sampling or importance sampling algorithms to sample from,

and summarise, the distribution of t.

This work could be generalised to jointly model the infection dates and the network
pW, 1), for example taking inspiration from the literature on influenza or foot and
mouth disease [ , , , , 1, but with
careful consideration of the underlying assumptions. In particular, contrary to typical
HIV scenarios, the papers assume that all potential sources of infection are followed,
and that either the infection dates are known, or an individual’s infectiousness is a
function of symptom onset only. Careful consideration would also be needed to encode
structure in HIV transmission, such that infections occur only among individuals of
different genders. In our attempts, we did not manage to find a convincing solution,
and found it especially challenging to either model P(N) or P(N|#). Specifically, we did
not know how to account for unobserved HIV cases which could act as missing links in

the transmission network.

Our pipeline provides a base to iterate on the hard problem of estimating TSI. The lack
of a large dataset including individuals with precisely known infection dates makes the
training of machine learning models difficult. This results in some model limitations.
For instance, HIV-phyloTSI random forest’s 95% prediction intervals do not achieve the
nominal coverage, and the width of these intervals on the linear scale can be very small

for infections predicted to be recent. If prediction ranges are deemed more important
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than point estimates, it could be possible to modify the random forest algorithm to
perform quantile regression [ , ]. This could be easily implemented by

replacing the model in the last step of our pipeline.
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AGE AND GENDER PROFILES OF HIV INFECTION
BURDEN AND VIRAEMIA

6.1 Introduction

TH the expansion of HIV testing and treatment services, many countries in ESA

have either attained or are close to attaining the “95-95-95” targets at a pop-
ulation level [ , , , |. Thus, determining
novel effective methods to measure HIV epidemic control and direct future efforts to
accelerate epidemic decline in such contexts is required. While stratification of “95-95-
95” targets by age and gender represents one approach, current evidence suggests that
these metrics may not be predictive of incidence declines [ , ,

, , , , , ]. Indeed, although populations
stratifications of existing targets are useful in highlighting important inequalities in
treatment coverage | , ], they do not account for underlying demo-
graphic structures or distributions of HIV burden in the population. Consequently, they
may not provide a complete understanding of the people most at risk of HIV-related
morality and onward transmission, which is necessary to tailor and implement effective

prevention interventions.

Motivated by the UNAIDS suppression goals, previous studies have focused on analysing
relationships between viral suppression outcomes and other factors. The majority of
studies take individuals as experimental units. [ ] use Poisson Gener-
alized Estimating Equation on data from a household survey in Botswana to examine
associations between individual socio-demographic factors and outcomes including

viral suppression. [ ] compute the prevalence of HIV and viral
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suppression in a longitudinal cohort of performing home based testing. They compute
average across population strata and assume the study population is homogeneous with
respect to the source population to generalize their estimates of prevalence.
[ | perform multivariable logistic regression to explain associations with respect to
recent viral load testing and suppressed viral load in South Africa. They find female
sex and older age to be associated with higher levels of suppression. In

[ ], “visit-pairs” of consecutive visits from the same RCCS participant are used
as units of analysis. Viral load test outcomes are used as response to a multivariate
Poisson regression, with the aim of understanding patterns in individual viral load
histories. The study found younger age, male sex and mobility to be associated with
consecutive unsuppressed viral load measurements. In these studies, age is treated
as a categorical variable, with bespoke breakpoints in each study. Other studies have
used communities as units of analysis. [ ] used logistic regression
to estimate the probability of one recent infection occurring in an enumeration area,
finding strong associations with the prevalence of viral suppression. Similar results were
obtained in an study of MSM and people who inject drugs in India. [ ] use
linear regression to assess associations between HIV incidence and community-level

measures of viraemia.

In this Chapter, we present the work submitted to International Journal of Epidemi-
ology as a manuscript titled “Age and gender profiles of HIV infection burden and
viraemia: novel metrics for HIV epidemic control in African populations with high
antiretroviral therapy coverage” and presented at the 2024 “Conference on Retroviruses
and Opportunistic Infections” as an Oral Abstract. Using longitudinal data from the
RCCS, we describe current limitations in the use of the “95-95-95” targets to assess HIV
epidemic control in ESA. We then propose alternative metrics that characterize the age
and gender profiles of the population burdens of HIV infection and of viraemia. The
contributions of the authors acknowledged thereafter. My supervisor Oliver Ratmann,
M. Kate Grabowski, Steven J. Reynolds, Robert Ssekubugu designed the study. Ronald H.
Gray, Robert Ssekubugu, Godfrey Kigozi, Oliver Laeyendecker, Thomas C. Quinn, Fred
Nalugoda, Larry W. Chang, Steven J. Reynolds, Joseph Kagaayi, Gertrude Nakigozi, M.
Kate Grabowski oversaw and performed data collection. I, Andrea Brizzi, performed
most of the analysis, and wrote code for the statistical models, figures and tables. Imo-
gen Kyle, Alexandra Blenkinsop, Mélodie Monod, M. Kate Grabowski, contributed to the
statistical analysis. I wrote the first draft together with M. Kate Grabowski and Oliver

Ratmann.

This Chapter is structured as follows: Section 6.2 summarises the contributions of this
study. Section 6.3, describes the study population and the statistical models developed

to estimate prevalence of HIV and viraemia. Section 6.4, summarises the findings of this
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study. In Section 6.5, we discuss the implications of the findings and the limitations of
the study.

6.2 Contributions to the literature

The contributions of the work presented in this Chapter are two-fold. Our first contri-
bution concerns the detailed description of the evolution of HIV burden by age and
gender over time across the RCCS study population. This description involves the group-
specific estimation of three types of prevalences, namely the prevalence of HIV, the
prevalence of viral suppression among PLHIV and the prevalence of vireamia among all
individuals. The groups are defined by the location of residence, the gender and the age.
Compared to most similar studies, our estimates are reported at the age-specific level,
and we do not group the population into 5 or 10 year age groups [ ,

]. This is achieved through the use of Gaussian processes Section 2.3.6 to model
variation in the prevalence across ages, in such a way that similar ages have similar
prevalence estimates. We prefer this approach to the standard grouping as inference for
parameters of different age groups is done independently, and because grouping could
mask differences in the characteristics and behaviours of individuals within each group.
For instance, HIV prevalence may vary between individuals aged 15 and 19 years and
those aged 20 and 24 years. By comparing the prevalence of suppression among PLHIV,

we evaluate the progress towards the “95-95-95” UNAIDS targets.

Our second contribution concerns the development of metrics to accompany the “95-
95-95” targets. In simple terms, we argue that if the majority of PLHIV are middle-aged,
then a greater focus should be placed on these population subgroups compared to a
scenario in which the majority of PLHIV are young adults. The current “95-95-95" targets
are unable to account for differences in the demographic structure of the population,
and ignoring this limitation may lead to suboptimal treatment and prevention strategies.
To address this limitation, we propose the age and gender profiles of PLHIV and of people
exhibiting viraemia, which describe the share of the burden of HIV and viraemia that
is borne by individuals in a certain subgroup of the population. This is achieved by
combining our posteriors on prevalence with population sizes to estimate the number
of individuals in each subgroup that are HIV positive or viraemic. In summary, we show
that the population subgroups that contribute the most to population viraemia are not

necessarily the ones with the lowest levels of viral suppression.

The code necessary to reproduce all analyses was made freely available on GitHub at
the repository https://github.com/MLGlobalHealth/longi viral loads. Data necessary
to reproduce the analyses are available on Zenodo (https://doi.org/10.5281/zenodo.
12663850) as open access dataset under the CC-BY-4.0 license.
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6.3 Methods

6.3.1 Population size and participation rates

Between July 2013 and May 2019, four survey rounds (survey rounds 16, 17, 18 and
19) were conducted in four Lake Victoria fishing and 36 inland agrarian and semi-
urban communities as part of the RCCS (see Section 1.3). A total of 37,743 individuals
participated in the study at least once (see Table B.1 for participation rates and Fig. 6.1
for study flowchart). Of these, 22,215 (58.86%) participated for the first time (Table B.2).

To account for population structures, we used RCCS’s census data which reported
census-eligible population sizes by community type, survey rounds, gender and 1-year
age bands. The ages reported by household heads during the census (see Section 1.3)
reflected grouping patterns towards ages which were multiples of 5. As such, we ob-
tained smoothed population sizes Ng,a for gender g across ages a € A € {15, 16,...,49}
years, stratifying by round and community type using LOESS as implemented in the
R package stats version 4.2.2 with span=0.5 | , |. We analogously
obtained smooth estimates of participation rates ég’aess of census-eligible populations
in each community type, survey round, gender and 1-year age band stratum. Here, the

LOESS span argument was set to span=0. 25.

The data and resulting fits are illustrated in Fig. B.1. Inland communities were char-
acterized by expansive population pyramids with a predominantly young population,
consistent with rapid population growth across Uganda and ESA [ , ]. In
contrast, fishing communities were characterized by constrictive population pyramids
comprising primarily working-age adults (20-40 years) and substantially fewer children
or families than in inland communities (Fig. 6.5b). Gender distributions also differed,
with women accounting for 52.2% of the population in inland communities and 44.3%

in fishing communities in 2018 (Table 6.1).

6.3.2 Measurement of HIV serostatus and viraemia

After being interviewed on demographic characteristics (including age), behavioural
and healthcare behaviour, all RCCS participants were offered free HIV testing. Testing
was performed through a combination of three rapid tests with confirmation of positive,
faintly positive, and discordant results by at least two EIAs and Western Blot or DNA
PCR [ , ]. Overall, 99.7% of participants accepted HIV testing across
survey rounds. Among participants living with HIV, HIV-1 viral load was measured on
stored serum samples using the Abbott real-time m2000 assay (Abbott Laboratories, IL,

USA). Overall, viral load measurements were obtained from nearly all (99.4%) partici-
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pants living with HIV [ , , , , ]. Participants
who previously tested positive could potentially refuse to test again and drop out for
viral load measurement. If all missed measurements were from participants living with
HIV, we would have missed at most 1.66% of measurements Fig. 6.1. Viral suppression
was defined as a viral load measurement below 1,000 HIV RNA copies/mL plasma,
following recommendations of the WHO | , ] at the time. People who did not

achieve viral suppression were defined as exhibiting viraemia.

6.3.3 Population-level HIV prevalence estimates by age and gender

Our primary objective was to obtain smooth estimates of the proportion of the census-
eligible population in each community type, survey round, gender and 1-year age band
stratum who have HIV, and similarly to obtain smooth estimates of the age and gender
profile of the census-eligible population with HIV in each community type and survey
round. We obtained smooth age-specific estimates independently for each gender,
survey round and community type combination, and below drop notation relevant
to gender, survey round and community type. Throughout, we fitted models to HIV
test data from two subsets of participants: all participants (denoted by (r = 1)), and
first-time participants (denoted by (r = 2)). We nonetheless treated all data points
independent and did not consider first-time and repeat participants separately because
in young age groups all participants were first-timers and this posed challenges in
obtaining robust non-parametric prevalence estimates under this alternative approach.
The rationale for such division concerns the generalizability of the results to the entire
source population. Similarly as [ 1, [ ], our aim
was to obtain prevalence estimates representative of the entire population, and we
wanted to avoid overly optimistic estimates which do not account for selection bias.
As we believe that first-timers are more representative of non-participants than all
participants, we used them as a proxy for non-participants. For each participant type r
and age group a, we denote the number of study participants with Z, , and the subset
of participants with HIV by Y, .. We modelled age-specific HIV prevalence rates with

the non-parametric Bayesian logit model | , 1.

Y, , ~ Binomial (ZW, ng{;) 6.1a)
logit(ZY) = v, + f;(a) (6.1b)
v, ~ Normal (0, 10?) (6.1¢c)

fr ~ Gaussian-Process (0, ks, ) (6.1d)

o ~ Half-Normal (0, 12) (6.1e)

p ~ Inverse-Gamma (Oshape, Oscale) (6.11)
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Figure 6.2: Age- and gender-specific HIV prevalence estimates among study participants
and first-time participants, 2013-2019. (a) Posterior median estimates of the proportion of
all participants in each age and gender group who have HIV (lines) and 95% CrI (ribbons),
shown along empirical proportions (squares and triangles for men and women respectively).
Participant numbers in each stratum are indicated by the size of squares or triangles. (b) Same
for the proportion of first-time participants in each age and gender group who have HIV.
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where a € A, and r € {1,2}. Age-specific HIV prevalence in all participants and first-
time participants was modelled on the logit scale with fixed, independent baseline
effects v, plus 1-dimensional Gaussian processes priors f;(a) specified by squared
exponential kernels k, , with variance parameter o and length-scale p. Age inputs
were translated to the interval [1,35]. The same hyperparameters o, p were used for
both participant types, under the assumption that the age-dependent fluctuations
in HIV prevalence were similar for the two groups. The hyperparameters pghape and
Pscale Where chosen to address identifiability issues relating to minimum and maximum
covariate distances, and set such that approximately 99% of the prior mass for the
length-scale p is contained within [1,35], i.e. Pshape = 2.21 and pgcale = 7.05 [ ,

]. In simple terms, the informative prior is necessary to avoid functions f;(a)
which are very “wiggly” between two age groups (low p), or that are very “flat” over the
entire range (large p) (recall Fig. 2.2). A simpler approach could have involved fitting a
Bayesian binomial regression model with age as a categorical covariate. However, this
would have resulted in prevalence estimates that are not continuous in age, potentially
masking important dynamics between age groups. To enforce continuity, a Generalized
Additive Model (GAM) could have been used, incorporating penalized splines for the
age variable. We believe this approach would have yielded similar inferences, given
the comparable expressiveness of GAMs and Gaussian processes in modeling smooth,

non-linear relationships.

Model Eq. (6.1) was fitted repeatedly to all gender, survey round and community type
combinations with the R package cmdstanr version 0.5. 3, using four separate HMC
chains with 500 warmup iterations and 10,000 sampling iterations each [ ,

, , ]. Convergence and mixing diagnostics are reported in
Table B.4, and the model fitted all the available data well (Figs. 6.2 and B.2).

From the fitted models, we generated smooth age-specific estimates of the proportion
of the census-eligible population in each community type (denoted by c), survey round
(denoted by ¢), gender g and 1-year age band a stratum who have HIV with

hiv-pop _ Aloess hiv nloess hiv
otga — ec,t,g,a X ”c,t,g,a,r:l +(1- Hc,t,g,a) X nc,t,g,a,r:Z’ (6.2)

hiv
ctgar=1
-, are the

where élc"ffg? , are the smooth participation rate estimates from Section 6.3.1,
are the posterior HIV prevalence estimates among all participants and JIIC“;’ ga,
posterior HIV prevalence estimates among first-time participants from model Eq. (6.1).
In Eq. (6.2), we assume HIV prevalence in the subpopulations who did not participate is

the same as HIV prevalence among first-time participants.

131



CHAPTER 6 PROFILES OF HIV INFECTION BURDEN AND VIRAEMIA

a All participants b First-time participants
Fishing Inland Fishing Inland
100% 100%
75% 75%
©
2 50%- 50%
3
o
o
25% 25%
0% -—= : : : : : 0% : : : : : :
20 30 40 50 20 30 40 50 20 30 40 50 20 30 40 50
100% 100%
(2]
2
2 75% 75%
(0]
3~
25
S £ 50%- 50%
=} o
@
o
@ 5 5
& 25% 25%
o
<
2
= 0% T T T 1 T T 0% T T T T T T
I 20 30 40 50 20 30 40 50 20 30 40 50 20 30 40 50
<
= 100% 100%
(=)
£
=
» 75% 75%
«
3 ®
=5
T 2 50%- 50%
= >
: [e)
5 ©
c
2 25% 25% -
o
o
[
e 0% — T T T T T 0% T T T T T T
20 30 40 50 20 30 40 50 20 30 40 50 20 30 40 50
100% 100%
75% 75%
[}
B 50% - 50%
=}
o
o
25% 25%
0% — T T T T T 0% T T T T T T
20 30 40 50 20 30 40 50 20 30 40 50 20 30 40 50
Age at visit
Number of individuals - 0 @ 20 @ 40 @ 60 @ 80  Gender Women Men

Figure 6.3: Age- and gender-specific viral load suppression rate estimates among study par-
ticipants and first-time participants with HIV, 2013-2019. (a) Posterior median estimates of
the proportion of all participants with HIV in each age and gender group who have suppressed
virus (lines) and 95% CrI (ribbons), shown along empirical proportions (squares and triangles
for men and women respectively). Participant numbers in each stratum are indicated by the
size of squares or triangles. (b) Same for the proportion of first-time participants with HIV in
each age and gender group who have suppressed virus.

132



CHAPTER 6 PROFILES OF HIV INFECTION BURDEN AND VIRAEMIA

6.3.4 Age and gender profiles of PLHIV

To investigate the age and gender profile of PLHIV in each community type (denoted by
¢) and survey round (denoted by ¢), we first estimated the number of PLHIV of gender g

and age a as:

hiv-pop (6.3)

Icytvgra = NC,f,g;“ X ﬂC,t,g,ﬂ ’

hiv-pop

ct,ga are from Eq. (6.2), N¢,1.g,a are the LOESS-smoothed population size

where 7
estimates from Section 6.3.1. Next, we generated the age and gender profile of PLHIV in
each community type ¢ and survey round ¢, by normalising the age and gender specific

number of PLHIV by the total over all age groups and genders:

chl,i;,(“! 8= Ic,t,g,a/( Z Ic,t,g’,a’); (6.4)
a'eA,g'eG

where G = {men,women}. In Eq. (6.4), the profile sums to 1 over all age and gender
groups in each subpopulation specified by community type and survey round. The age
and gender profile of HIV prevalence also accounts for population structure between
men and women, as for example in fishing communities the gender ratio is far from
50:50.

6.3.5 Prevalence of viral suppression among PLHIV by age and gender

Our objective was to obtain smooth estimates of the proportion of the census-eligible
population with HIV in each community type, survey round, gender and 1-year age
band stratum who had suppressed virus. We obtained smooth age-specific estimates
independently for each gender, survey round and community type combination using
the same model as for estimating population-level HIV prevalence. Specifically, and
suppressing again notation for community type, survey round and gender, we fitted
model Eq. (6.1) to the number Zfll,i;’ of study participants with HIV in age band a and of

participant type r, and the subset Y, of participants with HIV in age band a and of

participant type r who had suppressed virus.

) ) . v
Y, PP ~ Binomial (Zg,l;’, a P IV) : (6.5)

supp-hiv hiv s ..
where 7, ; was modeled analogously as 7 ;' in Eq. (6.1). Convergence and mixing

diagnostics are reported in Table B.4, and the model fitted all the available data well
(Figs. 6.3 and B.2).

From the fitted model, we obtained smooth age-specific estimates 7, g}’;iv of the

proportion of the census-eligible population with HIV in each community type (denoted
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by ¢), survey round (denoted by t), gender g and 1-year age band a stratum who had

suppressed virus in analogy to Eq. (6.2).

6.3.6 Age and gender profile of people exhibiting viraemia

Finally, we sought to obtain smooth estimates of the proportion of the census-eligible
population in each community type, survey round, gender and 1-year age band stratum
exhibiting viraemia, and similarly to obtain smooth estimates of the age and gender
profile of the census-eligible population exhibiting viraemia in each community type
and survey round. We again obtained smooth age-specific estimates independently for
each gender, survey round and community type combination using the same model
as for estimating population-level HIV prevalence. Specifically, and suppressing again
notation for community type, survey round and gender, we fitted model Eq. (6.1) to
the number Z, , of study participants in age band a and of participant type r, and the
subset Zg,i;’ — Y;};pp of participants exhibiting viraemia in age band a and of participant

type r.

75~ Yz5PP ~ Binomial ( Zq,, 7 " (6.6)

pop hiv

where Jt‘;i_r,' was modeled analogously as 7'y in Eq. (6.1). Convergence and mixing
diagnostics are reported in Table B.4, and the model fitted all the available data well
(Figs. 6.4 and B.2). Due to the small sample sizes, results for first-time participants
display wider credible intervals for the proportion of individuals exhibiting viraemia

compared to the results for all participants From the fitted model, we obtained smooth
vir-pop

age-specific estimates 7, 8a

of the proportion of the census-eligible population in
each community type (denoted by c), survey round (denoted by ?), gender g and 1-year

age band a stratum who had suppressed virus in analogy to Eq. (6.2).

Further, we obtained estimates of the number of individuals exhibiting viraemia V; ; ¢ 4
analogously to Eq. (6.3) and computed the age profile y. ;(a) of individuals exhibiting
viraemia in each community type and survey round as in Eq. (6.4), replacing I. ; ¢ o by
Ve,t.g,a- Namely, the number V, ; ¢ , of individuals exhibiting viraemia in community
type ¢, atround ¢ of gender g and age a was defined as:

A Vir-po
Ve,t.g.a = Ne,t,g,a X ”C,t,g,ap; (6.7)
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Figure 6.4: Age- and gender-specific viral load suppression rate estimates among census-
eligible people with HIV. Posterior median estimates of the proportion of census-eligible people
with HIV in each age and gender group exhibiting viraemia (lines) and 95% CrlI (ribbons),
shown along empirical proportions (squares and triangles for men and women respectively).
Participant numbers in each stratum are indicated by the size of squares or triangles.
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while the age and gender profile of individuals exhibiting viraemia in each community

type ¢ and survey round ¢ was defined as:

Y@ =Verga/ L Verga) (6.8)
a'eA,g'eG

6.3.7 Age quantiles for burden profiles by gender

We decided to capture and summarize changes in the burden profiles of PLHIV by
calculating the p quantiles q?yi;;p of the age profiles by survey round ¢, community
type ¢, and gender g for p € {25%,50%,75%}. Specifically, for every Monte Carlo it-
eration, we used the profiles defined in Eq. (6.4) to define a continuous probability
g
distributions. We simply assumed g

distribution gY , over the ages for every gender, and evaluated the quantiles for these

?1;’ ¢ to be a step function such that for every age
hiv

integer a, the distribution is constant on [a, a + 1), and equals y;

p € {25%,50%, 75%}, we solve:

(g, a). Then, for every

hiv—p
qc,t,g .
p= f goy (x)dx, 6.9)
15

. hiv—
in terms of qclfgp.

We analogously calculated p quantiles qf;;f for the age profile of people exhibiting vi-
raemia. Specifically, for every Monte Carlo iteration we defined a continuous probability
distribution g"" _ from the burden profile defined in Eq. (6.8), and solved an analogous

ctg
equation to Eq. (6.9) for every community type c, survey round ¢, and gender g.

We note that the age quantiles qgiz g), qzllfg

composition of the population living with HIV and the population exhibiting viramia,

only partially capture the change in the age

as the age of the study population is restricted to 15-49 years.

6.4 Findings

6.4.1 Age and gender burden profiles of HIV infection

To describe the burden of HIV infection, we initially followed the typical approach to
reporting HIV seroprevalence and estimated the proportion of individuals with HIV
infection (i. e. , positive HIV serostatus) in each 1-year age band (Fig. 6.5c, orange).
Despite close geographical proximity, HIV seroprevalence was higher in fishing com-
munities along Lake Victoria than in the inland communities [ , ]. In
2019, HIV seroprevalence was 32.8% (95% posterior credible interval: 31.5%-34.2%) in

136



PROFILES OF HIV INFECTION BURDEN AND VIRAEMIA

CHAPTER 6

%0°001

%0°001

(%S°S-%0F) %LV

(%L 9T-%¥'CT) %V ¥1

(%TVE-%S'TE) %8 TE

(11D %G6) ‘@rewInSa URIPaW I01I19)SOJ 4
((uonerndod 1e101 J0%) ‘U) '

(%00°001) 8€T‘L

[el0L,

reior,

(%S°G-%9°T) %0°E
(%9°L-%E"€) %S
(%E'ST-%6°L) %V 11
(%6°GC-%8' 1) %961
(%V"9T-%8'8) %T Tl
(%T°S-%9°T) %0°E
(%0°€-%E"0) %0'T

(%9°9-%6'F) %L'S
(%S'6-%8°L) %L'8
(%Y CT-%E0T) %V 11
(%ETT-%0°0T) %T'TT
(%EL-%T G %9
(%6'T-%0°T) %¥'T
(%9°0-%1°0) %E0

(%¥"9-%8'T) %S'€E
(%S'S-%ET) %I'E
(%E8-%0'F) %8'S
(%ETT-%1'9) %98
(%S L-%9°€) %S
(%0°€-%6°0) %L'T
(%¥'2-%2C°0) %80

(%€ 9IT-%TS) %96
(%ETT-%8'S) %L'6
(%¥'02-%2°0T) %0'ST
(%0°8€-%E"8T) %L'GC
(%1°9€-%E"8T) %S 92
(%L 07-%9 1) %T'SCT
(%TH7-%1'8) %T'1¢

(%8'2G-%E6E) %8 SY
(%€ LV-%9°8E) %6'CY
(%0°S¥-%L"9€) %6°0%
(%0°6€-%S"0€) %S Ve
(%G C2-%SST) %981
(%9°L-%8"€) %SG

(%G €-%L0) %L1

(%02°¥) ¥0€
(%87'9) 69%
(%02°6) 999
(%2L°0T) 922
(%00°TT) 962
(%8L°L) €99
(%16°G) 8¢¥

6v-Gv
Yv-0¥
6€-G€
¥€-0€
6¢-G¢
¥¢-0¢
61-ST

(%S°€9-%6"8%) %E9S

(%6°9%-%L"CV) %8 ¥¥

(%6°S-%8'€) %8V

(%ECC-%S 1) %181

(%S°82-%L"¥2C) %S 92

(%62°SS) 200V

[e10L

U

(%1°C-%V0) %E'T
(%6°7-%0"C) %V
(BT0T-%6'F) %L'9
(%9°CT-%L9) %68
(%S TT-%6'S) %L'8
(%8 CT-%9°9) %06
(%8 L-%SC) %T'S

(%9°€-%LT) %T'E
(%S"8-%¥"L) %6'L
(%€TCT-%0TT) %911
(%SG ¥1-%6'CT) %LET
(BT CT-%Y'01) %E'TT
(%€9-%0°G) %9°S
(%V'C-%E'T) %81

(%TS-%T'T) %T'E
(%V'S-%1C) %L'E
(%L L-%9°€) %T'S
(%Y L-%8°€) %T'S
(%1°9-%0°€) %SV
(%TL-%9°€) %6V
(%L°G-%8'T) %L'E

(%8°0T-%8'T) %¥'S
(%T°0T-%L"€) %9
(%6°€T-%S9) %9'6
(%0 7T-%9°L) %S 01
(%89T-%0'8) %CC1
(%L°82-%0°ST) %012
(%L 07-%1"€T) %0'¥C

(%0°€9-%T LY) %E GG
(%979-%G"SS) %1°09
(%8'79-%¥'LS) %T 19
(%9'85-%8°1S) %<C'SS
(%0 ¥7-%V"LE) %9 0V
(%9V2-%1°61) %8 1T
(%2 2T-%S9) %06

(%S8°T) ¥€T
(%2EP) €1€
(%SY9) L9¥
(%01°8) 985S
(%80°6) LS9
(%9€°8) S09
(%SS9) ¥2¥

67-G¥
Yv-0¥
6€-G€
¥€-0€
6¢-G¢
¥¢-0¢
61-ST

(%TT1S-%S'9€) %L EY

(%€ LS-%T'ES) % SS

(%9°S-%L"€) %9V

(%8 ET-%E'6) BV’ TT

(%S2V-%9'8€) %S 0%

(%1L°¥¥) 9€2°€

[el0L

uowiopy  3urysig

%00°00T

%00°00T

(%TC-%L'T) %61

(%9°61-%8'ST) %9'LL

(%S TT-%S0T) %011

(%00°00T1) 62972

[e10L

[e10L

(%T°L-%0°€) %LV
(%€8-%0'F) %6°S
(%9 TT-%2C9) %98
(%6 7T-%6'8) %911
(%8 ET-%0'8) %S 01
(%¥'L-%6"€) %¥'S
(%0°S-%2°T) %0°E

(%L9-%8F) %L'S
(%S"8-%L"9) %92
(%S°8-%89) %92
(%6°9-%2°S) %09
(%Y 7-%1°€) %L'E
(%ET-%ST) %6'T
(%L T-%6°0) %E'T

(%6°€-%9°T) %SC
(%Y €-%S'T) %ET
(%ET-%12) %0'E
(%6°7-%LC) %9
(%6°€-%1°C) %6C
(%8 T-%6°0) %1
(%8°0-%E°0) %S0

(%T72-%6'01) %991
(%6°02-%E0T) %0°ST
(%0°L2-%6'71) %S 0C
(%9 T7-%9°92) %8 €€
(%Y LS-%6°LE) %E LY
(%9°09-%0"8€) %1 6%
(%8 ¥S-%C'ST) %T 6E

(%8°02-%L V1) %9 L1
(%L'61-%T'ST) %¥'L1
(%S LT-%V'ET) %E'ST
(%L TT-%E6) %801
(%T1°L-%6'F) %8G
(%T°€-%0T) %S'C
(%S T-%80) %T'T

(%19°€) 888
(%69°%) 9ST‘1
(%GS°G) L9€‘T
(%81°9) €251
(%86°9) 6121
(%L1°8) €10°C
(%97°21) 020°€

6v-Gv
Yv-0¥
6€-G€
¥€-0€
6¢-G¢
¥¢-0¢
61-ST

(%¥"9S-%T ¥¥) %E0S

(%T9E-%9'TE) %Y €

(%V'2-%L'T) %0°C

(%8°0€-%T 22) %E9T

(%G'8-%T"L) %8'L

(%S9°L¥) 9€2°T1

[el0L

TSN

(%E€-%T'T) %0C
(%L°G-%6C) BTV
(%2 0T-%0"9) %6°L
(%0°€T-%T'8) %901
(%0 7T-%0'6) %E'TT
(%TTT-%S9) %V'8
(%E°L-%0°€) %6V

(%1°6-%E"L) %8
(%L CT-%8°0T) %L'T1
(%L ET-%ITT) %LCT
(%7 ¥1-%¥'C) %V €1
(%EET-%T TT) %CCl
(%L9-%1°G) %6'S
(%9°2-%S'T) %0°C

(%0°C-%L0) %1
(%TCT-%T'T) %91
(%T€-%8'T) %S'C
(%8°€-%EC) %0'E
(%S €-%C'2T) %8'C
(%TT-%ET) %L'T
(%0 T-%¥°0) %20

(%T'8-%T'€) %E'S
(%0°6-%8F) %89
(%L ET-%T'8) %E 0T
(%8'9T-%ETT) %6°ET
(%L 12-%Y'71) %81
(%TTE-%86T) %8 VT
(%6°07-%2 02) %9'6C

(%€ TE-%0°ST) %1'8C
(%T82-%8°€7) %092
(%LY2-%9°02) %9°CC
(%L €C-%C02) %0°CC
(%6°8T-%L"ST) %E'LT
(%9°L-%8'S) %99

(%T2-%2TD %91

(%€T°€) 96L
(%10°9) ¥€T‘1
(%02°9) L2S‘1
(%25°9) 6191
(%28°L) L26°T
(%€9°6) 2LEC
(%88°€T) 8I¥‘E

67-G¥
¥v-0¥
6€-G€
¥€-0€
6¢-G¢
¥¢-0¢
61-ST

(%8'SS-%9'€V) %L 6¥

(%¥'89-%8"€9) %C 99

(%T'2-%9'T) %8'T

(%0'ST-%S'TT) %C' €T

(%9 V1-%T ETD) %6'E1

(%S€g2S) €68°C1

[e10L

USWION pueruy

3

BIUIORIIA
Suniqryxs sydoad
Jo oyoad a8y

3

AIH yam spdoad
Jo oyoad a8y

t+ dnoa3 a8e yoea
Ul BTUIRIIA
Suniqryxs sjdoad
Jo uoniodoig

¥

dnoa3 a8e yoeo ur
BIWSRIIA SUNIQIYXD
‘ATH'Id Jo uoniodoig

2

dnoi3 a8e yoeo ur
‘AIH'1d Jo uoniodoid

I

dnoi3 a8e yoea
ur sfenplarpur
QIqIS1[a-snsuad)

dnoi3
a8y

(6102 ABIN-8T0g 2un{) 6T punox ux ‘SONOY Y} Ul ATH INoym pue \pim suonemdod yo sonspaloerey) :1°9 9[qeL

J9pu9ay uonedo]

137



CHAPTER 6 PROFILES OF HIV INFECTION BURDEN AND VIRAEMIA
a b Fishing communities Inland communities
ganda/ Kenya 454
R \ 40 A
Buryndi 354
Tanzania 7 < 30 4

Gy S

v Fishing e Inland

T T T T
100 0 100 800 400 0 400

Number of census eligible individuals

Inland communities with HIV prevalence typical of rural and semi-urban East Africa

T
800

- 3%

-2%

- 1%

0%

- 3%

- 1%

C
Women Men
30% - g
°
x e
$ 20%- -
&
2
g
] -
2 10%- g
[
o
c
©
o
e
T 0%-h T T T T T T T T T T T T T
s 15 20 25 30 35 40 45 15 20 25 30 35 40 45
g Hyperendemic Lake Victoria fishing communities
© Women Men
<
1%
©
[}
c  60% -] -
= s
E=
2
[J]
o
&
o 40%- b
[ B
o
Q
=
T
20% =] _ g
0% ='r T T T T T T 0%=1 T T T T T T
15 20 25 30 35 40 45 15 20 25 30 35 40 45

HIV prevalence within each age band

(orange bars, left y-axis)

__ Age and gender profiles of HIV burden

(black line, right y-axis)

0%

(sixe-A 3ybu ‘aul) 3oe|q) usping AlH 40 sajyoid Japuab pue aby

Figure 6.5: Age and gender profiles of HIV burden in the Rakai Community Cohort Study, June
2018-May 2019 (round 19). (a) Map of the fishing (triangles) and inland (circles) study com-
munities within the Rakai region in south-central Uganda, produced using the ggmap package
version3.0.2 [ , ] in R (OStadia Maps ©Stamen Design ©OpenMapTiles
© OpenStreetMap contributor) (b) Population pyramids in fishing and inland communities. For
each 1-year age band, the number of census-eligible individuals (colored bars) are shown for
men(blue) and women (pink). Colored lines represent smoothed population size estimates. (c)
The profile for the burden of HIV in the population is shown in black (line: posterior median
estimate, linerange: 95% credible interval) and values shown on the right y-axis, for both com-
munity types (top, bottom) and both genders (left, right). For comparison, HIV seroprevalence
within each 1-year age band is shown in orange (bars: posterior median estimates, error bar:
95% credible interval), and values shown on the left y-axis.
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fishing communities, versus 11.0% (10.5%-11.5%) in inland communities (Table 6.1),

and it was larger among first-time participants (Fig. 6.2).

The distinct population pyramids of these communities also prompted us to charac-
terize the HIV infection burden profile (Fig. 6.5c). We found that this profile centered
more strongly on younger populations than statistics of HIV seroprevalence within each
1-year age band might suggest, such that some younger populations with relatively
lower HIV seroprevalence accounted for a higher fraction of the HIV infection burden.
For example, by 2019, in inland communities half (51.4% (49.3%-53.5%)) of all women
with HIV were 27-39 years old and half (53.1% (49.5%-56.3%)) of all men with HIV were
34-45 years old.

Differences in the gender burden of HIV infection across community types depended
both on differences in seroprevalence and population structures. In 2019, HIV sero-
prevalence among women was 1.53 (1.40-1.66) fold higher than among men in fishing
communities and 1.78 (1.61-1.98) fold higher among women than among men in inland
communities. Further, as women accounted for a smaller proportion of the population
in fishing communities (44.3%) as opposed to in inland communities (52.2%), women
made up a smaller fraction of the PLHIV in fishing communities (55.2% (53.1%-57.3%))
rather than in inland communities (66.2% (63.8%-68.4%)).

6.4.2 “95-95-95” targets are achievable in Rakai

We next characterized progress towards “95-95-95” targets between 2013 and 2019
in the high-prevalence fishing communities that have since 2013 been prioritized for
TasP, and in the inland communities where UTT was implemented beginning in late
2016 (see Table 1.1). The number of people with viraemia decreased substantially
from 2013 to 2019 (Table 6.2). Specifically, in inland communities, the proportion of
women with HIV exhibiting viraemia decreased from 34.7% (32.3%-37.1%) in 2013 to
13.2% (11.5%-15.0%) in 2019, while the proportion of men with HIV exhibiting viraemia
decreased from 50.7% (46.5%-54.8%) in 2019 to 26.3% (22.2%-30.8%) in 2013. In fishing
communities, the proportion of women with HIV exhibiting viraemia decreased from
44.0% (40.9%-47.0%) in 2013 to 11.4% (9.3%-13.8%) in 2019, while the proportion of
men with HIV exhibiting viraemia decreased from 64.7% (60.8%-68.5%) in 2013 to 18.1%
(14.5%-22.3%) in 2019.

Considering the number of people exhibiting viraemia in the entire population, by 2019,
there were 233 (200-270) women and 236 (193-286) men with viraemia in inland commu-
nities, corresponding to 1.8% (1.6%-2.1%) and 2.0% (1.7%-2.4%) of the census-eligible
female and male populations, respectively. In fishing communities, there were 148

(120-180) women and 190 (152-237) men exhibiting viraemia in 2019, corresponding to
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a Inland communities with HIV prevalence typical of rural and semi—urban East Africa
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Figure 6.6: Trends in the proportions of PLHIV who have unsuppressed viraemia in the Rakai
Community Cohort Study. (a) Estimated proportions of people with HIV in 1-year age bands
who have unsuppressed viraemia, in men and women of inland communities. On the left,
time trends in the proportion of PLHIV with unsuppressed viraemia from round 16 (July 2013-
January 2015) to round 19 (June 2018 to May 2019) are shown for men and women by 1-year age
bands (points: posterior median estimates, linerange: 95% CrIs). On the right, posterior median
estimates in the proportion of PLHIV with unsuppressed viraemia in round 19 are shown for
men and women by 5-year age bands (bars: posterior median estimates, linerange: 95% Crls).
The horizontal dotted line represents the 14% suppression threshold implied by 95-95-95 targets.
(b) Same for PLHIV in fishing communities.
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4.6% (3.7%-5.6%) and 4.8% (3.8%-5.9%) of census-eligible women and men, respectively
(Tables 6.1 and 6.2). Thus, while suppression levels among PLHIV were higher in fishing
communities compared to inland communities in both men and women, suppression
levels in the population, i. e. among census-eligible individuals, were lower in fishing

communities rather than inland communities due to the overall higher HIV prevalence.

6.4.3 Age and gender profiles of the burden of viraemia

To characterize the age and gender-specific populations in which viraemia concentrates,
we first considered the proportion of PLHIV exhibiting viraemia stratified by age and
gender. By 2019, in inland communities, the proportion of PLHIV exhibiting viraemia
was highest in men aged 23-27 years (49.8% (39.9%-60.3%)) (Fig. 6.6), showing also that
conventional 5-year age banding (15-19 years, 20-24 years ...) can mask the actual age
groups in which prevalence of viraemia peaks. In fishing communities, the proportion
of PLHIV exhibiting viraemia in 2019 was highest in men aged 28-32 years (28.2% (20.0%-
41.2%)) (Fig. 6.6). Across all age groups, the proportion of PLHIV exhibiting viraemia
was larger in first-time participants (Figs. 6.3 and 6.4), and lower, or equal in women
than men. By 2019, among women, this proportion was highest in women aged 15-17
years in inland communities (30.3% (18.7%-44.0%)) and in women aged 18-22 years in
fishing communities (23.9% (16.2%-34.0%)).

Then, we accounted for the distinct population structure in inland and fishing com-
munities to characterize the population subgroups in which viraemia is concentrating.
Fig. 6.7 compares the age and gender specific prevalence of viraemia among PLHIV to
the viraemia burden profile in the population. We found that viraemia did not center
in the age groups currently furthest from achieving “95-95-95” targets. Specifically, in
inland communities, women aged 15-19 years were furthest from achieving the “95-95-
95” targets in 2019, but we estimate they contributed only 4.9% (3.0%-7.3%) to people
exhibiting viraemia. Instead, women aged 20-24 years and 25-29 years each contributed
approximately 10% to people exhibiting viraemia in 2019, although these age groups
were either close to or had already exceeded the “95-95-95” targets. Similarly, in inland
communities, men aged 20-24 years were furthest from achieving “95-95-95” targets in
2019, but we estimate they contributed only 5.4% (3.9%-7.4%) to the burden of viraemia.
Rather, men aged 25-29 years and 30-34 years each contributed approximately 10% to
the burden of viraemia in 2019. Similar patterns were observed in fishing communities.
In 2019, women aged 15-19 were one of the few groups that had not yet met “95-95-95”"
targets, but this group only contributed 5.1% (2.5%-7.8%) to the burden of viraemia.
Instead, women aged 30-34 had met the targets but contributed 8.9% (6.7%-12.6%) to
the burden of viraemia. Among men, age groups from 20 to 34 years exhibited similar

levels of viral suppression among PLHIV. However, there were more men aged 30-34
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exhibiting viraemia as compared to men aged 20-24. The former amounted to 19.6%
(14.8%-25.9%) of the burden of viraemia as compared to 3.0% (1.6%-5.2%) in the latter

group.

Fig. 6.7c depicts temporal changes in absolute suppression levels, as well as shifts in the
profile of the burden of viraemia. Even though we found a steady increase in the median
age of PLHIV by gender and community strata, the age profile of people exhibiting
viraemia remained relatively stable over time (Table B.3).

6.5 Discussion

In this Chapter, we estimated the age and gender burden profiles of HIV infection and
HIV viraemia in south-central Uganda using data from communities with HIV risk
and demographic profiles typical of rural and semi-urban ESA and data from Lake
Victoria fishing communities with high HIV seroprevalence and atypical demographic
profiles. Overall, the burden profiles revealed important differences by geographic
location, gender and age group. Following the earlier expansion of TasP programs,
fishing communities witnessed faster increases in suppression levels among PLHIV
than in inland communities, with overall levels surpassing the “95-95-95” targets by 2019.
However, the burden of HIV viraemia remained larger in fishing communities, where
the proportion of individuals exhibiting viraemia was approximately 2.5 times larger
than in inland communities, reflecting higher HIV prevalence in fishing communities.
When analyzing the burden of viraemia by gender, we found that in both community
types, most individuals exhibiting viraemia were men, although fewer men have HIV
than women. When also considering age, we found that the age groups that contributed
most to the burden of viraemia were not necessarily the ones that were furthest from
achieving the “95-95-95” targets. For example, in inland communities, individuals
aged 25-34 contributed to approximately 40% of the burden of viraemia but had higher

suppression levels than younger age groups.

Overall, our results show that the metrics considered by the “95-95-95” targets are
insufficient to characterize the population exhibiting viraemia, and hence at risk of
transmitting HIV. For example, by 2019, fishing communities had an overall prevalence
of suppression among PLHIV that surpassed “95-95-95” targets, while inland communi-
ties had not yet achieved them. However, individuals exhibiting viraemia represented
a larger proportion of the population in fishing communities as opposed to inland
communities, consistent with HIV incidence remaining higher in the former commu-
nities despite additional interventions such as Pro-Exposure Prophylaxis [

, |. This is largely explained by differences in HIV prevalence and implies

that reaching “95-95-95” by 2025 may be insufficient to lower incidence below elimi-
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Figure 6.7: Age and gender metrics for people exhibiting viraemia. (a) Estimates for the
prevalence of viraemia among PLHIV (median: purple bars, lines: 95% CrI, right y-axis) in each
gender and age band are compared to the burden profile of viraemia (median: black curve, lines:
95% CrI, left y-axis) for inland (top row) and fishing communities (bottom row). (b) Time trends
in the burden profiles of viraemia for both men and women (facets), colored by community
type (inland or fishing) and survey round (16 or 19) colors (line: posterior median estimate,
ribbon: 95% credible interval). The profiles were multiplied by the population prevalence of
viral suppression to visualize shifts in the size of the population exhibiting viraemia.
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nation threshold [ , ], especially in countries with elevated burden of
HIV [ ) l.

Moreover, since 2020 the updated UNAIDS targets recommend the “95-95-95” goals
to be met within subpopulations stratified by age and gender [ , l. In
practice, this supports the prioritization of interventions to those subgroups that are
furthest from achieving the targets and improving barriers and inequalities in treatment
coverage [ , |. However, these subgroups may not disproportionately
contribute to the burden of HIV viraemia. For example, in inland communities, we
found that young individuals aged 15-24 constituted approximately two fifths of the
census-eligible population, but only one fifth of the population exhibiting viraemia. In

fact, the lower suppression levels commonly reported among young PLHIV | ,

) ’ ’

) ) ) ) ) ) )

, , ] are counterbalanced by the small absolute number of young
PLHIV. This observation is typically missing from studies supporting prioritization of
younger age-groups in ESA based on the UNAIDS targets | , ]. However,
there are instances in which higher suppression levels and HIV seroprevalence lead
to balanced profiles. For instance, although most PLHIV are women, there are similar
numbers of men and women exhibiting viraemia in inland communities. Taken together,
these findings support the need to reach and treat a wide subset of the population: men
aged 25-34 and women aged 20-39, who disproportionately contribute to unsuppressed

viraemia.

While we assessed both age and gender burden profiles of HIV infection and HIV vi-
raemia in this study, the latter metric provides a cross-sectional description of individu-
als at most at risk of HIV mortality and onward transmission. Hence, we propose the
viraemia burden profile as a new metric for HIV control. Critically we observed that the
burden profiles of viraemia revealed similar relative contributions of men and women,
and larger relative contributions of middle-aged individuals (25-34) than younger in-
dividuals (15-24). We further show that these important observations are obscured
by age-gender stratified “95-95-95” targets. Furthermore, unlike the “95-95-95” tar-
gets [ , , , ], population burden of HIV viraemia has
been shown to be strongly predictive of population HIV incidence [ ,

, , ]. Of course, the viraemia burden profile cannot be considered in
isolation when designing interventions, as sexual behaviour of PLHIV also contributes
crucially to transmission risk. For instance, younger women with HIV have been re-
ported to have a higher exposure to pregnancy | , ] and higher rates of

partner acquisition|[ , l.
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The statistical modelling choices made in this study have to be considered in the context
of the studies aims. Due to the growing epidemiological interest in high-resolution,
age-specific patterns in HIV and viraemia burden, we chose to use models which could
provide prevalence estimates at the one-year bands level. To achieve this, it was neces-
sary for the models to borrow information across similar age groups, prompting the use
of Gaussian Processes. Additional information borrowing could have included other
covariates, such as location and interview round, instead of treating these as indepen-
dent strata. For instance, the Gaussian process kernel could have been extended as a
product of kernels for age, location and round [ , |. Inference may then
have required low-rank approximations of the resulting Gaussian process, for example
through the use of Hilbert space approximations [ , ], or random
Fourier features | , ]. The advantages may have then included
tighter credible intervals but at the cost of increased computational complexity and,
more importantly, harder generalizability to other settings in ESA. To elaborate on the
last point, our study aimed to develop cross-sectional measures to describe the burden
of HIV and viraemia, thus necessitating a model that accurately reflects a cross-sectional

design. For these reasons we avoided borrowing information across rounds.

This study has several limitations. First, due to the RCCS definition of census-eligible
individuals in the study period, our study population is limited to individuals aged
15-49 years. Accordingly, we are not able to quantify the growing seroprevalence of HIV
among individuals aged 50 or more, nor viral suppression outcomes in children (<15
years) living with HIV. Importantly, the reported age and gender specific percentages
in the burden profiles in the census-eligible population aged 15-49 years should not
be interpreted as fractions of the entire population, as they would be overestimates.
Further, an extension of our burden profiles to include children would provide more
insights into the contributions of vertical transmission to the HIV epidemic, which ises-
timated to account for one fifth of new infections in Uganda [ ]. Second, our
study only considered data from Uganda, and our results may not directly generalize to
other settings. However epidemiological patterns reported here are typical of ESA, such
as: expansive population pyramids [ ) ], patterns in HIV prevalence by age

and gender [ , ], and gender gaps in suppression levels [

) ’ ) )

) ) ) ) ) M

, , , ]. These observations suggests that the major con-
tributions of individuals aged 25-34 to the burden of viraemia may generalize across the
subcontinent. Third, to generalize our results to the entire census-eligible population,

we assumed that first-time study participants were representative of non-participants in
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terms of age and gender-specific prevalence and viral suppression levels. Despite simi-
lar HIV seroprevalence estimates, our estimates of viral suppression among first-time
participants were lower than for all participants. Generalizing the results to the census-
eligible population avoided overestimation of viral suppression levels and allowed us to
match our analyses’ denominators to the ones defined in the UNAIDS goals. Fourth,
the age profile of the population exhibiting viraemia may not match the age profile of
the sources of HIV infections, but rather the potential sources of HIV transmission. The
difference between the two populations can be explained by heterogeneities in trans-
mission risk among individuals exhibiting viraemia. For example, phylogenetic studies
in Uganda [ , ], Zambia [ , ], and Botswana [ ,

] have estimated highest transmission risks in men aged 30-34 and women aged
20-24, and much lower for example among individuals aged more than 50. These results
hence reinforce the importance of the subpopulations contributing most strongly to

the burden of viraemia described in this Chapter.
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DISCUSSION

The aim of this thesis consisted in developing statistical models and analyses to inform
public health response to epidemics. The results of this work are demonstrated through
four case studies on COVID-19 and HIV, which reflect the rapidly changing questions
and interests as an epidemic unfolds and evolves. Under this perspective, the Chapters
aims can be reformulated as follows. Chapter 3 focuses on the very early stages of an
outbreak, when the interest lies in understanding the growth of the cases. In Chapter 4,
the interest concerns reassessing disease severity following mutations in the pathogen.
Other changes can be brought about by public health response and interventions; in
Chapter 5 we aim to improve the detection of changes in transmission patterns over
time. Finally, in Chapter 6 we provide novel metrics to assess progress towards the
end of AIDS as a public health threat. Our work was mostly focused on LMIC as these
countries are the ones that suffer most from infectious diseases. We also made an effort
to make our code and data publicly available, in line with the open science movement.
In the following, we discuss the motivations, implications, strengths, limitations, and

future research directions for each piece of work.

Chapter 3: Refined R, estimates in emerging epidemics

In the early stages of an epidemic outbreak, one of the most pressing public health
issues concerns the prediction of the short-term burden of infections. The predicted
burden has to be compared to available resources, such as hospital personnel, beds,
and ventilators, whose absence can turn a curable disease into a deadly one. Early pro-
jections of disease incidence are based on cases reported by surveillance systems, which
typically suffer from a variety of data-collection biases. In the case of COVID-19, these

biases were accentuated by the fact that many cases were asymptomatic, and the disease
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could be confused with others, such as influenza. As a consequence, in most countries
around the world, SARS-CoV-2 was circulating before the first cases were reported to
the national surveillance systems. Not accounting for these unobserved infections can
lead to confounded estimation of the time-varying reproduction number [

, ] which in turn can be used to attribute changes in transmissibility to early

measures whose real effect may be limited, or overestimated.

In our work, we addressed this limitation for EpiEstim, one of the most popular statisti-
cal packages to infer changes in the reproduction number R;. The statistical challenge
concerned missing data: in this instance, unreported infections that took place before
the first reported case. Assuming that early cases follow an exponential growth, we
propose a two-step procedure to avoid overestimation of the reproduction number: first,
we impute cases in the period prior to the setup of surveillance systems, and secondly
we fit the EpiEstim model to both the imputed and the observed cases. We evaluated
this approach on simulated data, showing a reduction in bias in R, estimates, and an
increase in coverage of the 95% credible intervals. We then applied this method to
early COVID-19 data from Italy, the UK, Sweden, and the US, showing that the adjusted
estimates were closer to those obtained by others on longer time series | ,

) ) ]'

The main strengths of our approach are simplicity and generalisability. Alternative
approaches to estimate the time-varying reproduction number exist | , ,

, 1, but due to their flexibility these require more work to set up, and
take longer to run. On the other hand, our method runtime is negligible. Moreover,
the two-step procedure involving back-imputation could be applied to other statistical

methods, and is not exclusive to EpiEstim.

One limitation of our approach is that we do not quantify the uncertainty in the imputed
cases. A fully Bayesian approach could be used to propagate this uncertainty in the
estimate of the reproduction number, but this would imply the inability to express
the posterior of EpiEstim in closed form. Instead, our imputation procedure requires
the inference of two parameters for a linear model, and then considers the imputed
cases as known, and fixed. We believe that, due to the relatively (exponentially) smaller
magnitude of imputed cases compared to the observed cases, this simplification is likely
to have limited impact on the final estimates. Secondly, the limitations of EpiEstim
still apply. Most notably, the estimates of the reproduction number are dependent on
the assumed generation/serial interval. In practice, this is generally set to be equal to
serial interval of similar diseases as it is unlikely to obtain this information from very

early outbreak data. Future work may focus on evaluating tools that do not depend on
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such estimates, and determine whether a time-varying exponential growth rate r; can

replace the reproduction number R; for early-outbreak public health decision-making.

Chapter 4: Estimating Fluctuating Hospital Fatality Rates in LMIC set-
tings

Rapidly spreading pathogens, such as SARS-CoV-2, have the potential to rapidly mutate.
Most of the mutations are typically neutral or deleterious for the pathogen, but some
of these can confer a selective advantage and hence increase transmission risk, and
potentially change the associated disease’s severity. Changes in transmissibility are
relatively easy to detect: these are typically followed by an increased in the estimated
reproduction number with a simultaneous replacement of the dominant strain in the
pathogen’s population. The former is typically detected through an increase in reported
cases, while the latter is typically detected through genomic surveillance. However,
changes in disease severity are harder to evaluate, as they require comparison of health
outcomes for a cohort of individuals whose infecting strain is known. These studies are
easier to perform in HIC, where high quality, linked genomic surveillance and hospital
records are available [ , , , , , , ,

]. Nonetheless, viral mutations are likely to appear in LMIC, as these comprise a
large share of the world’s population. In summary, changes in disease severity associated
with pathogen mutations may only be assessed once the pathogen has reached HIC,
which may be too late to inform public health responses in either settings. Exploratory
studies on the associations between viral mutations and disease severity in LMIC are

therefore crucial to improve strategic planning in epidemic control.

An example of this problem concerned the emergence of the Gamma variant in Brazil,
whose appearance coincided with an increase in the number of cases and large fluctu-
ations in in-hospital fatality rates across the country. To disentangle contributions to
fatality rates from the viral variants, from mismatches in hospital resources and from
other locations-specific factors, we built a Bayesian model estimating the proportion
of hospitalised patients with either variant, and used this to evaluate the effect of the
variant on fatality rates in 14 Brazilian state capitals. Our model synthesised data from
different sources: genomic surveillance data was used to reconstruct replacement dy-
namics, census and vaccination data were used to quantify the amount of people at risk
of hospitalisation and hospital records were used to estimate changes in fatality rates by
age. The model for each city comprised 75 parameters in total. The variant replacement
subcomponent included 3 parameters, the model for the age-composition of hospital
admission included 23 parameters, and the in-hospital fatality rates subcomponent

included 49 parameters. Model diagnostics involved checking R statistics, trace plots,
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effective sample sizes as well as visual assessment of different submodel fits. We fur-
ther evaluated the robustness of our inference with respect to different data sources or

modelling choices through the sensitivity analysis presented in the Chapter.

Our results suggest that conditional on hospitalisation, the Gamma variant was not
associated with higher mortality. Rather, the observed fluctuations in fatality rates over
time were largely explained by the mismatch of hospital resources and hospital demand,
which likely increased due to the rapid spread of the variant. For example, the city of
Belo Horizonte did not witness changes in hospital-fatality rates despite the variant’s
presence, likely due to better pandemic preparedness and higher hospital resources.
In our counterfactual analysis, we showed that one out two deaths could have been

averted had the fatality rates in Belo Horizonte been preserved across all state capitals.

There are two wider implications: Firstly, although most studies assessing disease
severity are performed in HIC, analysing data from LMIC can provide crucial insights to
inform global public health response. Secondly, our results suggest that investment in
pandemic preparedness and hospital resources are critical to avoid extreme shocks in

health systems brought about by changes in pathogen transmissibility.

Nonetheless, limitations due to data quality and availability are present. Our model did
not account for the effect of the variant on the probability of hospitalisation. It could be
the case that Gamma had an increased severity largely mediated through an increase
in the risk of hospitalisation. Although our analysis considered data from different
locations in Brazil, we could not fit a unique hierarchical model fitting to all locations.
Borrowing information across different states may allow for more precise estimation
of variant and location effects, and may be helpful to generalise similar analyses to

multiple countries.

Chapter 5: HIV-TSI: pipeline and applications

Following public health interventions, the transmission dynamics of a pathogen can
change. For instance, school closures can reduce the number of contacts between
children yielding decreases in the number of COVID-19 cases [ , ]. In the
case of HIV, transmission dynamics have been changing over time as observed through
world-wide decreases in incidence | , | following the implementation of
different interventions, for example TasP. Changes in transmission patterns also mean
that the populations at highest risk of infection and at highest risk of transmission may

change, highlighting the need for continuous monitoring of transmission dynamics.

The work in this Chapter aimed to extend existing models for estimation of transmis-

sion flows to account for changes in transmission dynamics over time. In summary,
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we completed three tasks. Firstly we wrote and shared a phylogenetic pipeline to
obtain TSI estimates from HIV sequences through the machine learning algorithm
HIV-phyloTSI [ , ]. Secondly, to guarantee consistency between
a patient’s estimated TSI estimates, her testing history and a known transmission net-
work, we developed a method to refine the date of transmission events. This method
proceeds by excluding all combinations of infection dates inconsistent with the known
data, and successively imposing a probability distribution over the remaining dates.
Finally, we applied these methods to the RCCS transmission cohort to date infection
events, and then fed the dated transmission events into a Bayesian model to estimate
transmission flows over two periods of time. This transmission flow model did not take
into account uncertainty in the TSI estimates. The reasons are twofold. Firstly, the
model used estimated dates of infection to classify pairs into two periods. In its current
formulation, the model is unable to account for uncertainty in the classification of pairs,
although it might be possible to extend the framework to account for such uncertainty,
analogously to [ |, where preclassification of transmission status is not
necessary. Secondly, although HIV-phyloTSI provides prediction ranges (as quantile
of each individual regression tree), it is not a Bayesian method and its training does
not guarantee quality of uncertainty quantification. One of the simplest approaches to
improve the quality of uncertainty quantification may concern the use of model-free

prediction intervals | , .

In summary, from 2003 to 2018, we showed increases in the average age of men who
are sources of HIV infections, and that women aged 15-24 make part a decreasing
proportion of new infections. Instead, women aged 25-34 are increasingly becoming the
main recipients infections. These findings suggest that PEPFAR’s focus on prevention to
young and adolescent women may need to be extended to middle-aged women [

, ] to further reduce the burden of new infections.

However, the applications of our phylogenetic pipeline for estimation of HIV TSI may
be more general. We highlight two possibilities for future research. Firstly, the time
since infection predictions obtained from sequence data may lead to novel methods
to estimate HIV incidence without requiring expensive longitudinal studies. These
approaches would require adjustments to account for differences in the training data
used in [ ] and sequence data from surveillance cohorts, which
likely includes fewer long-term infections. Secondly, we introduced a method to impute
infection dates for a network of source-recipient pairs, while assuming that the network
is known. Further extension may include a joint model for the estimation of the network
and the infection dates, which could be adapted from previous literature. Specifically,
these extension may look especially promising to analyse HIV contact tracing data [

, 1, which may become a more widespread intervention in ESA, and
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would allow to analyse bigger transmission networks than previously possible [

) 1.

Chapter 6: Profiles of HIV infection burden and viraemia

The successful scale up of ART around the world has led to notable decreases in the
number of deaths caused by HIV and in the number of new infections. Despite this,
much work needs to be done to end the AIDS epidemic as a public health threat by 2030.
For instance, incidence still remains higher than the estimated elimination threshold of
0.1% [ , ], and many key populations are still left behind due to stigma
and poorer access to health services [ , ]. As such, population-level statistics
such as incidence only paint a partial picture of a much more complex epidemic, and
metrics additional to the UNAIDS “95-95-95” targets are needed to 1. define progress
towards the end of the HIV epidemic [ , , , ] and 2. to

identify which groups would benefit most from targeted interventions.

In Chapter 6, we assessed progress towards the UNAIDS’ “95-95-95” targets in the RCCS
from 2013 to 2019. The statistical challenges consisted in obtaining fine-grained esti-
mates of different types of prevalence for every one-year age group, which we addressed
through the use of GPs. In particular, estimates for the different measures of prevalence
relied on learning hyperparameters of a squared exponential kernel by fitting it to empir-
ical data. Model diagnostics included controlling the number of divergent transitions,
the effective sample size, and the R statistics. Model fit was also assessed through
posterior predictive checks. We found that the prevalence of HIV in the RCCS decreased
from 2013 to 2019, and that the prevalence of viraemia decreased in all age groups.
Further, we found that although younger groups were furthest from from achieving
the “95-95-95” targets, they were not the group that made up the largest proportion of
individuals exhibiting viraemia. To better describe which population subgroups make
up the largest share of the people living with HIV, or exhibiting viraemia, we introduced

the age- and gender- profiles for the burden of HIV and viraemia

Our results suggest that although women constitute the majority of people living with
HIV, men constitute the majority of people exhibiting viraemia. As such we suggest
strengthening prevention programs providing ART to men. Our results are in line
with other literature, such as the Population-based HIV Impact Assessment (PHIA) sur-
veys [ ’ ) ) )

, , , 1, which how-
ever only focus on suppression rates among different groups of PLHIV, but without

providing a comprehensive overview of the burden of HIV and viraemia.
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Future research is needed to assess whether the gap in suppression levels between
men and women living with HIV will shrink. Also, it might be interesting to consider
burden profiles of viraemia which are not grouped by age and sex, but also by other
characteristics, such as income, education or residence. Such statistics are relatively
easy to compute as they rely on typically known information: group-specific estimates

of HIV prevalence, prevalence of viraemia, and population sizes.

7.1 Conclusions

In this thesis, we presented four cases studies on how Bayesian statistical methods can
be used to inform public health response to epidemics. We typically chose a Bayesian
approach due to its flexibility, the ability to incorporate prior information in settings
were data is scarce, and, importantly, the interpretability of the results. In the last years
however, the rapid expansion of Al has raised important discussions on the relative
importance of accuracy and interpretability: deep learning models have been used to
solve problems that were intractable with traditional methods | , ,

, 1, but they are often black boxes without guarantees on the quality of out-
of-distribution prediction [ , , , ]. In epidemiological
applications, it is hence crucial to understand in which applications the benefits of
increased prediction accuracy outweigh the need for interpretability. The answer to
the question depends on the sensitivity of the data, on the model predictive power and
its assessment, on the availability of high quality data, on the ability to incorporate
information from data sources which are currently neglected, or unusable and on the

ability to perform counterfactuals.

One of the most promising applications of Al in the field regards its integration to

existing mechanistic models of transmission|[ , ]. For instance, integrating
non-traditional data sources such as social media trends | , ], search
queries, satellite imagery [ , | and wastewater analyses | ,

] to traditional surveillance system could enhance early outbreak detection. Such
approaches could extend our framework in Chapter 3, where the number of missed
generations of infections and its impact on transmission could be informed by multiple

data sources.

Models of transmissions could further be extended to model economic and behavioral
factors, providing more comprehensive counterfactuals to inform public health inter-
vention. For instance, a major criticism of the non-pharmaceutical intervention against
the spread COVID-19 regarded the lack of consideration of the economic consequences
[ , ]. Capturing economic factors could provide weaker or stronger

support for the implementation of interventions. For instance, early assessment of
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a highly transmissible variant could avoid a later need for measures hindering eco-
nomic activity [ , |. In the context of HIV, agent-based models
[ , ] could capture a more dynamic evolution of individuals behaviour
following infection, diagnosis and treatment. In summary, the resulting simulations
and counterfactuals could provide more detailed insights, extending the scope of our
counterfactuals in Chapter 4, or potentially describing the evolution of HIV incidence

after updating global guidelines and targets, as suggested in Chapter 6.

Finally, in recent years there have been significant breakthroughs steps in the devel-
opment of generative models, such as large language models [ , ], or
protein folding models | , ]. Their ability to simulate complex structure-
mirroring the complexity of real-world language and proteins-has sparked optimism
in their wider applications, potentially in phylogenetics [ , ]. Aug-
menting the collected sequence data with synthetic sequences could improve training
of models such as HIV-phyloTSI, and increase the amount of information that could
be learnt from phylogenetic analyses. Nonetheless, training of these models typically
requires large amounts of high quality data, and their validation may be challenging.
For this reason, more immediate opportunities might involve leveraging existing tools
to help healthcare providers and researchers. For instance, meta-analyses could be
significantly streamlined by models capable of processing and parsing vast volumes of
literature, while code completion could improve the development and maintenance of

reproducible code and reproducible analyses [ , .

Despite these opportunities, the integration of Al into epidemiology is not without
challenges. Rigorous evaluation of model robustness, sensitivity, and generalizability
is essential in real-world settings. Similarly, data privacy and algorithmic biases raise
important ethical considerations that need to be addressed. Collaboration between epi-
demiologists, data scientists, and policymakers will be crucial to ensure that Al models

are grounded in domain expertise and address real-world public health priorities.
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Figure A.1: Time evolution of pandemic healthcare pressure indices, part 1. SARI admissions in
this and the following two weeks per hospital resource are shown in colour, with y-axis on the left.
In (a), demand per critical care bed is shown, and in (b) demand per physician. Non-parametric
estimates of age-standardised COVID-19 in-hospital fatality rates are shown in black, with 95%
confidence intervals as grey ribbons, and y-axis on the right. Pearson correlation coefficients
(r) are shown in the upper left corner, and dates of Gamma’s first detection as vertical black
lines. This figure is included in the accepted manuscript provided to Nature Medicine for further
editing.
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Figure A.2: Time evolution of pandemic healthcare pressure indices, part 2. ICU admissions
in this and the following two weeks per hospital resource are shown in colour, with y-axis on
the left. In (a), demand per ventilator is shown, and in (b) demand per intensive care specialist.
Non-parametric estimates of age-standardised COVID-19 in-hospital fatality rates are shown in
black, with 95% confidence intervals as grey ribbons, and y-axis on the right. Pearson correlation
coefficients (r) are shown in the upper left corner, and dates of Gamma’s first detection as

vertical lines. This figure is included in the accepted manuscript provided to Nature Medicine
for further editing.
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Figure A.5: Estimated temporal dynamics of Gamma frequency across the 14 cities when
using sequence data from Rede Gendmica FioCruz. Posterior median estimates (dots) are
shown along with 95% credible intervals (linerange) for the central analysis (yellow, n=7,221
samples) and sensitivity analysis (purple, n=17,070 samples).
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Figure A.6: Estimated effect of healthcare pressure on in-hospital fatality rates when using
sequence data from Rede Gendmica FioCruz. Estimated effect of Gamma infection on in-
hospital fatality rates when using sequence data from Rede Gendmica FioCruz. Posterior median
estimates (dots) are shown along with 95% credible intervals (linerange) for the central analysis
(vellow, n=7,221 samples) and sensitivity analysis (purple, n=17,070 samples).
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Figure A.9: Time to death in COVID-19 attributable hospital admissions. Fatalities in weekly
COVID-19 attributable hospital admissions were stratified by time to death (1 week or less, 1-2
weeks, 2-3 weeks or more than 3 weeks since admission). We show the proportion of deaths in
each time to death stratum (colours). Data for each city are in facets. For reference, the time
evolution of weekly hospital admissions is shown with the black line.
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Figure A.10: Age-standardised COVID-19 fatality rates in reported unvaccinated patients only.
From the denominator of COVID-19 attributable hospitalised residents, we further excluded
patients with unreported vaccination status on or after March 29, 2021, and re-calculated the
non-parametric, smoothed estimates of age-standardised COVID-19 fatality rates. To avoid
extrapolation, we only included estimates obtained prior to the last date for which there was at
least one hospital admission per age group. Mean estimates (dots) are shown along with 95%
confidence intervals (errorbars) for two patient groups depending on reported vaccination status
(colour): patients without evidence of vaccination (n=100,746) and confirmed unvaccinated
patients (n=45,422)
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Figure A.11: Measure of cross correlations between age-standardised in-hospital fatality rates
and each pandemic healthcare pressure index. For each city and healthcare pressure index, we
report the maximum cross-correlation value calculated over lags of up to 5 weeks.
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Figure A.12: Traceplot of parameter with lowest effective sample size. This corresponded to
one of the g, for the city of Macap4, see Eq. (4.7)
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State capital

State

Observation period

SARS-CoV-2 Gamma variant

Start End Estimated emergence First detection
(posterior median) (observed)
Belo Horizonte Minas Gerais 06/04/2020 26/07/2021 | 15/02/2021 15/12/2020
Curitiba Parana 02/03/2020 26/07/2021 | 26/01/2021 22/10/2020
Florianépolis Santa Catarina 09/03/2020 26/07/2021 | 08/01/2021 11/12/2020
Goiania Goias 16/03/2020 26/07/2021 | 19/01/2021 28/11/2020
Jodo Pessoa Paraiba 09/03/2020 26/07/2021 | 21/01/2021 20/12/2020
Macapé Amapa 30/03/2020 26/07/2021 | 16/01/2021 14/12/2020
Manaus Amazonas 24/02/2020 26/07/2021 | 04/12/2020 04/12/2020
Natal Rio Grande do Norte | 16/03/2020 26/07/2021 | 26/01/2021 06/12/2020
Porto Alegre Rio Grande do Sul 02/03/2020 26/07/2021 | 10/01/2021 21/11/2020
Porto Velho Rondonia 30/03/2020 26/07/2021 | 18/01/2021 25/12/2020
Rio de Janeiro  Rio de Janeiro 16/03/2020 26/07/2021 | 19/01/2021 29/11/2020
Salvador Bahia 16/03/2020 26/07/2021 | 28/12/2020 02/12/2020
Sao Luis Maranhao 24/02/2020 26/07/2021 | 19/01/2021 04/12/2020
Sao Paulo Sao Paulo 20/01/2020 26/07/2021 | 01/02/2021 01/11/2020

Table A.1: Sampling frame of study.
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Location Reported Underreporting-adjusted
COVID-19 attributable in-hospital deaths” | COVID-19 attributable in-hospital deaths*
Total Ages Total Ages
0-49 50-74 75+ 0-49 50-74 75+
Belo Horizonte | 7640 808 3680 3152 7691 817 3705 3169
Curitiba 7535 1162 3941 2432 7535 1162 3941 2432
Floriané6polis 882 85 441 356 892 86 446 360
Goiania 6103 1006 3110 1987 6245 1036 3181 2028
Jodo Pessoa 2810 508 1326 976 3635 674 1730 1231
Macapa 992 240 507 245 1011 243 520 248
Manaus 10006 1922 5390 2694 10168 1961 5483 2724
Natal 3059 467 1448 1144 3512 561 1688 1263
Porto Alegre 5133 517 2625 1991 5265 541 2701 2023
Porto Velho 2156 468 1200 488 2472 561 1361 550
Rio de Janeiro 23398 3116 11537 8745 28052 3947 13988 10117
Salvador 7667 1206 3754 2707 8508 1402 4206 2900
Sao Luis 2163 372 1049 742 2546 428 1256 862
Sao Paulo 40744 5483 20301 14960 42768 5795 21302 15671
T COVID-19 attributable in-hospital deaths were defined as deaths in hospitalised unvaccinated residents
with PCR confirmed or clinically diagnosed COVID-19 infection, or severe respiratory infection with no
other confirmed cause. Data capture admissions and deaths until 26 July 2021.
¥ To reported counts were added expected fatal outcomes in COVID-19 attributable hospital admissions in
unvaccinated residents with unreported outcomes.

Table A.4: Reported and underreporting-adjusted COVID-19 attributable in-hospital
deaths.

City Longest observed duration of COVID-19 in-hospital fatality rates above 50%
(in weeks, by age group shown in years)
0-15 16-29 30-39 40-49 50-59 60-69 70-74 75-79 80-84 85-89 90+

Belo Horizonte | 0 0 0 0 0 0 0 0 0 0 0
Curitiba 0 0 0 0 0 0 3 0 2 0 6
Florianépolis 0 0 0 0 0 0 0 8 7 5 14
Goiania 0 0 0 0 0 0 7 9 12 22 32
Joao Pessoa 0 0 0 0 0 2 8 18 44 24 19
Macapa 0 7 0 8 9 11 14 18 23 53 31
Manaus 0 0 0 1 4 9 10 14 51 26 51
Natal 0 0 0 0 1 24 16 25 30 48 47
Porto Alegre 0 0 0 0 0 6 9 10 12 56 62
Porto Velho 0 0 0 0 0 8 25 30 16 48 64
Rio de Janeiro 0 0 0 0 0 0 12 52 72 72 70
Salvador 0 0 0 0 1 0 9 10 13 28 29
Sao Luis 1 0 0 0 0 1 2 14 11 17 12
Sao Paulo 0 1 0 0 0 4 7 2 8 20 20

Table A.5: Longest observed duration of COVID-19 in-hospital fatality rates above
50%.
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Date Healthcare resources per 100,000 population’
Belo Curitiba Florian6- Goiania Jodo Macapa Manaus
Horizonte polis Pessoa
Intensive Care March 2020 | 2 3 3 2 7 0 2
Specialists July 2021 2 (0%) 3 (0%) 4 (33%) 2 (0%) 6 (-14%) 0 2 (0%)
Nurses March 2020 | 249 185 251 151 212 129 114
July 2021 306 (23%) 228 (23%) 299 (19%) 180 (19%) 238 (12%) 164 (27%) 152 (33%)
Physicians March 2020 | 631 482 615 368 309 124 155
July 2021 674 (7%) 520 (8%) 686 (12%) 394 (7%)  345(12%) 139(12%) 166 (7%)
Physiotherapists | March 2020 | 74 65 86 50 76 47 19
July 2021 92 (24%) 84 (29%) 117.(36%) 59 (18%)  90(18%) 56 (19%) 29 (53%)
Nurse assistants | March 2020 | 584 356 479 371 309 318 290
July 2021 723 (24%) 491 (38%) 601 (25%) 427 (15%) 367 (19%) 350 (10%) 328 (13%)
CC Beds March 2020 | 41 41 35 51 27 10 11
July 2021 56 (37%) 63 (54%) 54 (54%) 86 (69%) 59 (119%) 28 (180%) 28 (155%)
CC Beds with March 2020 | 40 41 30 36 23 9 11
ventilator July 2021 55 (38%) 62 (51%) 51 (70%) 70 (94%) 54 (135%) 25(178%) 26 (136%)
ICU Beds March 2020 | 34 33 24 32 22 6 9
July 2021 48 (41%) 56 (70%) 46 (92%) 66 (106%) 51 (132%) 22 (267%) 24 (167%)
Ventilators March 2020 | 83 79 86 77 57 21 38
July 2021 101 (22%) 112 (42%) 108 (26%) 113 (47%) 87(53%)  41(95%) 58 (53%)
Natal Porto Porto Rio de Salvador  Sao Sao
Alegre Velho Janeiro Luis Paulo
Intensive Care March 2020 | 4 6 2 5 6 1 3
Specialists July 2021 4 (0%) 6 (0%) 2 (0%) 6 (20%) 7 (17%) 2 (100%) 4 (33%)
Nurses March 2020 | 162 290 168 185 229 223 183
July 2021 201 (24%) 334 (15%) 250 (49%) 228 (23%) 265 (16%) 258 (16%) 219 (20%)
Physicians March 2020 | 313 626 237 299 329 207 324
July 2021 348 (11%) 654 (4%) 293 (24%) 326 (9%) 344 (5%) 229 (11%) 358 (10%)
Physiotherapists | March 2020 | 43 67 44 35 73 53 41
July 2021 55 (28%) 79 (18%) 76 (73%) 41 (17%) 80 (10%) 71 (34%) 55 (34%)
Nurse assistants | March 2020 | 378 624 461 291 374 497 214
July 2021 451 (19%) 868 (39%) 608 (32%) 422 (45%) 432 (16%) 569 (14%) 271 (27%)
CC Beds March 2020 | 41 55 37 44 55 37 37
July 2021 68 (66%) 88 (60%) 86 (132%) 56 (27%) 67 (22%) 58 (57%) 52 (41%)
CC Beds with March 2020 | 36 53 35 38 46 33 30
ventilator July 2021 63 (75%) 86 (62%) 82 (134%) 50 (32%) 63 (37%) 48 (45%) 48 (60%)
ICU Beds March 2020 | 27 45 31 22 42 24 18
July 2021 53 (96%) 82 (82%) 78 (152%) 31 (41%) 60 (43%) 37 (54%) 37 (106%)
Ventilators March 2020 | 75 102 68 72 83 65 66
July 2021 123 (64%) 156 (53%) 147 (116%) 94 (31%) 109 (31%) 87 (34%) 86 (30%)
T Numbers summarise healthcare facility level microdata on personnel (nurses, nurse assistants, physiotherapists, physicians
and intensive care specialists), and reported equipment (critical care beds, ICU beds, ventilators) from Brazil's National Register
of Health Facilities (Cadastro Nacional de Estabelecimentos de Satide - CNES). Values in brackets give the
percent increase from March 2020 to July 2021. CC stands for critical care.

Table A.6: Healthcare resources, March 2020 to July 2021.
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City Maximum R Mininum ESS
Belo Horizonte 1.0003 27857
Curitiba 1.0003 12923
Florianopolis 1.0003 8700
Goiania 1.0003 21118
Joao Pessoa 1.0003 8121
Macapa 1.0009 1687
Manaus 1.0002 31551
Natal 1.0003 13478
Porto Alegre 1.0002 24679
Porto Velho 1.0008 7936
Rio de Janeiro 1.0004 34369
Salvador 1.0002 8222
Sao Luis 1.0005 8610
Sao Paulo 1.0001 34373

Table A.7: Model maximum R and minimum effective sample sizes for each city.
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Figure B.1: RCCS population size estimates and participation rates, 2013-2019 (a) Age- and
gender-specific population sizes reported by households heads during the census preceeding
each survey round (bars), overlayed with smooth population size estimates obtained with LOESS
(purple line). (b) Age- and gender-specific empirical survey participation rates in the census-
eligible populations (dots), overlayed with smooth estimates obtained with LOESS (lines).
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Figure B.2: Consistency of fitted models with available data. (a) Posterior predictive median
estimates of the number of individuals with HIV among participants (dot) are plotted on the y-
axis versus the observed number in each survey round-community type-gender-age-participant
type stratum, along with 95% posterior predictive intervals (errorbars). (b) Posterior predictive
median estimates of the number of individuals suppressed virus among participants with HIV
(dot) are plotted on the y-axis versus the observed number in each survey round-community
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Location Gender Survey Census eligible Participants Participation
round individuals (n) (n) rates
Fishing Women Round 16 2,757 1,867 67.7%
communities 07/13-01/15
Round 17 3,224 2,077 64.4%
02/15-09/16
Round 18 3,359 2,225 66.2%
10/16-05/18
Round 19 3,236 1,968 60.8%
06/18-05/19
Men Round 16 3,546 2,067 58.3%
07/13-01/15
Round 17 4,068 2,163 53.2%
02/15-09/16
Round 18 4,224 2,535 60%
10/16-05/18
Round 19 4,002 2,123 53%
06/18-05/19
Inland Women Round 16 11,346 7,816 68.9%
communities 07/13-01/15
Round 17 11,990 8,377 69.9%
02/15-09/16
Round 18 12,193 8,331 68.3%
10/16-05/18
Round 19 12,893 8,495 65.9%
06/18-05/19
Men Round 16 10,541 6,256 59.3%
07/13-01/15
Round 17 10,939 6,716 61.4%
02/15-09/16
Round 18 11,076 6,722 60.7%
10/16-05/18
Round 19 11,736 6,765 57.6%
06/18-05/19

Table B.1: Census eligible population size and participation rates by community type,
gender and survey round.
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APPENDIX B APPENDIX FOR PROFILES OF HIV INFECTION BURDEN AND VIRAEMIA

Model Round PDI EBFMI ESS
HIV prevalence 16 | 0.00 % 0.96 6360
in first-time participants 17 | 0.00 % 0.98 7598
and all participants 18 | 0.00 % 1.00 7442

19 | 0.00 % 0.99 12589
Viral suppression rates 16 | 0.00 % 0.99 3531
among people with HIV 17 | 0.00 % 0.98 2234

18 | 0.00 % 0.99 2172
19 | 0.00 % 1.01 1647

Prevalence of unsuppressed viraemia 16 | 0.01 % 0.96 3032
in first-time participants 17 | 0.00 % 0.97 3277
and all participants 18 | 0.06 % 0.98 5128

19 | 0.04 % 0.96 3044

Table B.4: Convergence diagnostics for all models. PDI=Proportion of Divergent Iter-
ations, EBFMI= Effective Bayesian Fraction of Missing Information, ESS= Minimum
effective sample size for the model parameters.
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APPENDIX C

——> 0 D o<

PROOFS

C.1 Proof of Algorithm 1 working.

Let N/ = (V, E) be a connected transmission network (a directed tree). Let (m?iSt) iy be
the minimum plausible infection date for each individual in the network. The aim of

the proof is to show that the output (m}) ey satisfies the following properties.

A Constraints Egs. (5.2) and (5.4). These can be jointly written as:

m; = min (mll-ﬁ“, mz‘ource(i)) Yie). (C.1)
B For each i € V, m} is “minimal”, meaning it is the smallest number satisfying
Eq. (C.1).

As the output is initialized with (m?iSt)iey and every update corresponds with an in-

crease in value, property A is trivially satisfied by the algorithm. We are left to prove
statement B.

The proof proceeds by induction, exploiting the uniqueness of the source for each node,

except for the root node.

Base case: The output of the algorithm for the root node iy equals its initialisation value:
hist
io

*
ip
mz‘o is “minimal”.

m

= mgm. Any value m;.“o < m;"®" would violate the constraint Eq. (5.4) and so

Inductive step: Assume that the statement holds for all nodes i at distance d from the root node
io- Consider a node j at distance d + 1 from the root node iy. By construction of
the algorithm, we have:

* . hist *
m; = mln(mj ,msource(j)). (C.2)
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* _ hist * s« I ”»
If M urce() = Msource(j)’ then m is minimal” by an argument analogous to the

3 K ok . . .
one for the base case. Otherwise, m 7= Mgurce()- By the inductive hypothesis,
* c s s ” K e e N
Mo urce(j) 18 minimal”, and so m ;s minimal”.

An analogous proof works for the M-algorithm (Algorithm 2), with the main differences
being that we now want to prove that each component of (M );cy is maximal, and

where we have to account for the fact that each node may have multiple recipients. Both
adjustments are trivial.
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