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Abstract

Mathematical modelling is useful for understanding infectious disease epidemics, and for

estimating the impact of interventions to control them. However, the appropriateness of

different modelling approaches depends on the local context and availability of data. In this

thesis I use two approaches, epidemiological and evolutionary modelling, to estimate the

impact of interventions for controlling HIV and COVID-19.

After developing a dynamic transmission model fitted to local demographic, HIV prevalence

and antiretroviral therapy (ART) coverage data, I estimated the impact of a 2-year real-world

demonstration study of pre-exposure prophylaxis (PrEP) and ART treatment-as-prevention

(TasP) among female sex workers (FSW) in Cotonou, Benin. I further estimated the impact

of long-term scale-up scenarios of PrEP and TasP among FSW in Cotonou.

Next, based on data collected during the 2020 COVID-19 epidemic in Benin, I simulated

scenarios of COVID-related disruptions to HIV services and sexual behaviour, using the

same dynamic transmission model. I estimated the impact of these disruptions on HIV

epidemiology in Cotonou.

Many non-pharmaceutical interventions (NPIs), including travel restrictions and lockdowns,

were implemented globally to control COVID-19. Using model-based phylodynamic methods

fitted to twenty SARS-CoV-2 genomes, I estimated the impact of NPIs in Weifang, China,

one of the first COVID-19 epidemics outside of Wuhan.

Finally, I performed several non-parametric phylodynamic analyses on the COVID-19

epidemic in England, fitted to thousands of SARS-CoV-2 genomes. I evaluated the association

of stringency of NPIs and mobility with viral transmission at different periods between spring

2020 and winter 2020-2021. I further investigated the relative growth rates between different

viral lineages, including the B.1.1.7 (’alpha’) variant.

The results from this thesis are useful principally to policymakers for designing effective

local control measures for HIV and COVID-19. While modelling can be used to estimate the

impact of interventions, model choice must be tailored to the local epidemiological context.
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Overview

Motivation

Since its origins over one hundred years ago [1], mathematical modelling of infectious disease

epidemics has become increasingly important [2]. There are now large bodies of academic

literature dedicated to modelling all major global infectious pathogens, from understanding

basic epidemiology to estimating the impact of control measures [3]. For HIV, malaria and

tuberculosis, among the main causes of global deaths by infectious disease [4], mathematical

modelling forms an instrumental contribution to almost all policy decisions regarding their

control [5].

In the era of COVID-19, mathematical modelling of infectious disease epidemics has reached

unprecedented influence and attention [6]. There has been a vast expansion in the abundance,

availability and diversity of data describing the COVID-19 pandemic, collected and published

by governments and public health bodies across the world [7]. As a result SARS-CoV-2,

the viral agent causing COVID-19 [8], quickly became an intensively studied virus [9], and

the academic literature has since produced numerous publications aiming to understand the

epidemic in various contexts [10].

Further, the responses of many governments to the COVID-19 pandemic has relied heavily on

modelling studies, including real-time analysis of the impact of lockdowns, school closures

and various other restrictions [11]. Although modelling has previously been used in outbreak

response, notably for pandemic influenza, Ebola and Zika [12, 13], its scope and influence

for COVID-19 policy, particularly for Western governments, is significantly higher [11]. This

marks an advancement in evidence-led policy for infectious disease control, but also raises

many questions regarding the utility of modelling in different situations [14–16].

In this thesis, I explore different mathematical models for estimating the impact of interven-

tions for viral epidemics. To do this, I present two distinct approaches. The first is to use

a transmission dynamic model to understand the HIV epidemic in Cotonou, Benin, and to
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estimate the impacts of pharmaceutical interventions and COVID-related disruptions on HIV

epidemiology. The second is to use phylodynamic models to understand the COVID-19 epi-

demics of England and China, and to estimate the impact of non-pharmaceutical interventions

on COVID-19 epidemiology.

The main contributions of this thesis are specific to each local disease context: HIV control

in Benin, and COVID-19 control in China and England. Secondarily, given the current

unprecedented importance of mathematical modelling, I also explore the broader implications

of my research for the modelling of infectious diseases, in light of the diversity in disease

dynamics, data, and techniques employed.

Aims

The primary aim of this thesis is to use two approaches, epidemiological and evolutionary

modelling, to understand the spread of disease and assess the impact of interventions for

two different pathogens. A secondary aim of this thesis is to explore common themes

emerging from these diverse analyses, the strengths and limitations of each, and to understand

considerations for model choice in any given epidemiological context.

In the first half of the thesis, I explore the epidemiological impact of interventions for con-

trolling HIV in Cotonou, Benin, including antiretroviral treatment-as-prevention (TasP) and

pre-exposure prophylaxis (PrEP) among female sex workers (FSW). I use an epidemiologi-

cal model to do this, specifically a dynamic transmission model, fitted to decades of local

demographic and epidemiological data.

The specific objectives in these chapters are to answer the following research questions:

1. Is the city of Cotonou, Benin on track to meet the 2030 UNAIDS goal of eliminating
HIV/AIDS as a global health threat?

2. What was the impact of a two-year intervention of PrEP and TasP among FSW in
Cotonou?

3. What would be the impact of scaling up PrEP and TasP among FSW over twenty years in
Cotonou?

4. What was the impact of disruptions to HIV prevention services and sexual behaviour,
caused by the COVID-19 epidemic in Cotonou?

In the second half of the thesis, I investigate the epidemiological impact of non-pharmaceutical

interventions (NPIs), such as lockdowns and travel restrictions, imposed to control the
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COVID-19 epidemics in China and England. In these analyses, I employ evolutionary mod-

els: both parametric and non-parametric phylodynamic methods. These models are fitted to

whole genome sequences of SARS-CoV-2, the virus responsible for COVID-19.

The specific objectives in these chapters are to answer the following research questions:

5. What was the true number of COVID-19 infections in Weifang, China, during January and
February 2020?

6. What was the impact of NPIs on COVID-19 transmission in Weifang?

7. What was the impact of NPIs on COVID-19 transmission in England?

8. Was the B.1.1.7 variant spreading faster than previous variants in England?

Each modelling approach utilised in this thesis represents a different way to understand

the spread of disease, and to estimate the impact of interventions. I discuss the appropri-

ateness, robustness and utility of each modelling approach given the available data, the

epidemiological context, and the specific research question.

Summary of chapters

In this section, I provide a brief description of the objectives and contents of each chapter in

the thesis.

Chapter 1 introduces background information on the historical usage of modelling to under-

stand infectious disease dynamics. In particular, there is a detailed discussion of the dynamic

transmission and phylodynamic modelling methods. Further, there is an introduction to the

natural history, epidemiology and interventions for HIV and SARS-CoV-2.

Chapter 2 builds the foundation for the transmission model analysis for HIV in Cotonou,

Benin. It begins by providing a background to the local HIV epidemic. Next, an analysis

and summary of the available data is described. Finally, a mathematical description of the

dynamic transmission model development is provided, as well as the procedure for fitting

the model to available data. The dynamic transmission model described at the end of this

chapter is used for the analyses in Chapter 3 and Chapter 4.

Chapter 3 evaluates the impact of pharmaceutical interventions among FSW for HIV in

Cotonou. First, the trajectory of the HIV epidemic of Cotonou is estimated by fitting the

model to available data. Next, the impact of a real-world two-year PrEP/TasP demonstration

study that was conducted among FSW is estimated, as well as long-term PrEP and TasP
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scale-up scenarios with varying adherence and coverage. The fitted model resulting from this

chapter is extended for analysis in Chapter 4.

Chapter 4 explores the impact of COVID-19 on the HIV epidemic of Cotonou. First there

is a description of the COVID-19 epidemic in Benin, and the NPIs implemented by the

government. Next, based on available data, disruptions to already-present HIV interventions

are simulated, and the consequent impacts on HIV transmission are estimated.

Chapter 5 evaluates the impact of NPIs in response to the COVID-19 epidemic in Weifang,

China. It begins by introducing the information known about the local COVID-19 epidemic,

and describes the NPIs implemented. It then estimates the epidemic trajectory using a

parametric phylodynamic model fitted to available genomic data, and explores the effects of

physical distancing and lockdowns near the beginning of the outbreak.

Chapter 6 evaluates the impact of NPIs in response to the COVID-19 epidemic in England.

There is a detailed discussion of the COVID-19 epidemic in England, including the emergence

of viral genetic variants. The chapter is then divided into four case studies: A) England in

spring 2020, B) Leicester in summer 2020, C) England in winter 2020-2021, D) England

in winter 2020-2021 by genetic variant. For each analysis, the epidemic trajectory and the

impacts of NPIs are estimated using non-parametric phylodynamic models fitted to available

genomic data.

Chapter 7 discusses the implications of the thesis for responding to the HIV epidemic in

Cotonou, and the COVID-19 epidemics in Weifang and England. Further, this chapter brings

together themes common to all of the analyses. There is a discussion of the validity and

applicability of the modelling frameworks used in this thesis, and a comparison of their

strengths and limitations. Finally, broader implications of the research are explored.



Chapter 1

Background

1.1 Modelling of infectious disease dynamics

1.1.1 Uses of modelling in viral epidemic response

Mathematical analysis of epidemics dates back to the middle of the 18th century, when Daniel

Bernoulli estimated the effectiveness of immunising uninfected patients against smallpox

[17]. Later, a discrete time model was implemented by WH Hamer in the early 20th century

to investigate cycles of measles outbreaks [1]. The field of research grew throughout this

period, and by the 1990s, there was a steady number of academic papers featuring models of

infectious disease epidemics, averaging around 100 articles per year [2]. From the turn of the

millennium the number of papers increased dramatically, particularly in top journals such as

Nature and Science [2].

Mathematical modelling is now used to understand and predict epidemics of most major

pathogens around the world. For slower moving or endemic diseases, such as HIV or malaria,

policymakers benefit from modelling to decide upon the most impactful or cost-effective

interventions [18–21]. This is especially crucial in places such as Sub-Saharan Africa, where

resources are very limited [22]. One example of the influence of mathematical models for

designing policy is an article published in The Lancet by Granich and colleagues in 2009

[23]. Using both a stochastic and deterministic model of HIV transmission, they found that a

massively scaled-up test-and-treat strategy could cause a marked decline in HIV incidence in

South Africa, moving high-burden settings into an elimination phase, if high coverage could

be achieved. As a result, UNAIDS made this an official policy for their 90-90-90 agenda, to

help bring the AIDS epidemic to an end [24, 25].



46 Background

For fast-paced epidemics, mathematical modelling has also been impactful. Before the

arrival of the 2009 H1N1 influenza pandemic, mathematical models had already been

developed to assess its potential impact and to aid preparedness in the UK [26]. The

UK government’s response, which included school and port closures, was informed by

advice from mathematical modellers [27]. On an international level, these same models,

which included seasonality, viral antigenic changes, severity of infection, and impact and

cost-effectiveness of pharmaceutical interventions, provided evidence to the World Health

Organisation (WHO) for operational response and policy [15].

In 2014, near the beginning of the West African Ebola outbreak, early modelling studies

from the United States Center for Disease Control and Prevention (CDC) predicted an

unmitigated scenario in which over one million cases of Ebola were estimated [28]. As

a result of these analyses, the political will to respond quickly was generated [13]. Other

model analyses provided estimates of potential future incidence, bed requirements, risk

factors of increased transmission and case fatality ratio [29], all of which were invaluable

to the WHO for budgeting and strategic planning [30]. Further, ring vaccination trials were

designed with the help of mathematical models to evaluate efficacy during periods of reduced

incidence [31, 32]. Several years later, during the Ebola outbreak in DRC in 2018-2020,

these previously developed methods aided in designing impactful vaccination strategies to

contain the virus [12].

The COVID-19 pandemic has seen a significant increase in the influence of mathematical

modelling, domestically and globally [16]. From January 2020, simple epidemiological

models were used to estimate the total number of infected cases of COVID-19 (then termed

‘2019-nCoV’) in Wuhan, the mean time to detection of a case, and the incubation period [33].

Later, as reports from China indicated a very serious epidemic was emerging, mathematical

and statistical modelling were used to estimate transmissibility and severity of COVID-

19 [34, 35], during a time when lockdowns were imposed in Hubei and other provinces.

Phylogenetic and phylodynamic analyses were used to further estimate disease burden, viral

growth rates, heterogeneity in secondary infections, and evolutionary clock rate [36].

In the UK context, mathematical modelling of COVID-19 epidemics have been very influ-

ential for response policy. For example, model analyses were assessed by the Scientific

Advisory Group for Emergencies (SAGE), which recommended restrictive measures for viral

control to the British government [37].

On 16th March 2020, Imperial College published a modelling study estimating the impact of

non-pharmaceutical interventions (NPIs) on COVID-19 mortality and healthcare demand [38].

With an individual-based simulation model, they estimated that a completely unmitigated
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COVID-19 epidemic in the UK would cause over 500,000 deaths, due to the number of severe

cases overwhelming healthcare capacity at the time. They argued that social distancing, case

isolation and quarantines could control the epidemic and avoid this scenario. On the same

day as the publication, SAGE strongly recommended a swift introduction of restrictive social

distancing measures to the UK government [37]. One week later, on 23rd March 2020, the

Prime Minister implemented the first national lockdown in the UK, following the evidence

from these modelling studies [39].

In parallel with SAGE, other groups such as the Joint Committee on Vaccination and

Immunisation (JCVI) and New and Emerging Respiratory Virus Threats Advisory Group

(NERVTAG) provide counsel to the British authorities regarding COVID-19 policy [40, 41],

with the benefit of model analyses. Notably, NERVTAG advised further restrictions in

December 2020 following evidence from phylogenetic analysis that the novel variant of

concern, later named ‘B.1.1.7’ or the ‘alpha variant’, was more transmissible than previously

circulating lineages [42]. As of 11th August 2021, the UK government continues to receive

evidence from mathematical models to navigate the best course of action regarding the

COVID-19 pandemic.

1.1.2 Different modelling frameworks

There are myriad approaches to modelling infectious disease epidemics. In this section

I describe two families of models: dynamic transmission modelling and phylodynamic

modelling. I provide the theoretical basis, strengths and limitations of each. Given that a

model analysis is limited by the quality of the data, I also discuss the ideal data requirements

for reliable epidemic representation.

1.1.2.1 Dynamic transmission modelling

As a result of being spread from person to person, a communicable disease has unique

epidemiological properties. Among these is the probability of a susceptible individual

becoming infected, which depends on the current number (or density) of infectious individuals

[43]. The number of infectious individuals varies through time, thus the rate of infection,

also termed the ‘force of infection’, follows a non-linear pattern [2].

The most studied framework to capture this epidemiological non-linearity is the ‘SIR’ model,

a form of compartmental model [44]. In this model susceptible (S), infected (I) and recovered

(R) individuals are treated as separate compartments, usually represented by ordinary dif-
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ferential equations [44]. From this framework, useful parameters for understanding disease

spread can be calculated. For example, the basic reproduction number (R0), defined as

the average number of secondary infections an infectious individual will cause in a fully

susceptible population, is an effective measure of the potential of a pathogen to spread [45].

Given that the rate of infection changes with time in the SIR model, it can be classed as a

’dynamic transmission’ model.

The basic SIR framework has been adapted and extended to better represent the natural

history of pathogens. In this section, I focus on models of HIV epidemics, but similar

principles apply to other pathogens. For example, compartments relating to the acute, chronic

and AIDS stages of HIV infection are commonly modelled [46]; the chronic stage can be

further divided into stages of progressively smaller CD4 T-cell counts, representing the

pathogenic influence of HIV on the immune system [47]. The advent of antiretroviral therapy

(ART), with its curtailing of disease progression, mortality and transmission, has led to

further elaborations of the transmission dynamic model to include compartments of ART

and viral suppression [18, 48].

Most major infectious diseases have been modelled with the dynamic transmission modelling

framework, due to its flexibility to adapt to specific demography, natural history and inter-

ventions. Different age groupings [49], sexes [48], risk groups [50] and race [51] can all be

incorporated in the model, represented by separate compartments. For HIV epidemics, where

sexual transmission is the main driver, these delineations are often necessary to accurately

represent patterns of sexual activity [52]. Within-host dynamics can also be modelled [53, 54],

which can be nested within a between-host model if desired [55]. The deterministic model

can be translated into a stochastic process [2], allowing for potential epidemic extinction

[56]. With the increased complexity of models in recent years, there is a tendency to forego

analytical solutions for numerical ones [57].

Another key advantage of the dynamic transmission modelling framework is its power

to capture chains of disease transmission. As mentioned previously, the force of infection

applied to susceptibles depends on the density of infected individuals (i.e. disease prevalence).

Therefore, any infection incurred in the present could cause further infections as time

progresses. When modelling the impact of HIV interventions for example, secondary

infections averted in the long term can be added to primary infections averted in the short

term, providing a fuller estimate of impact. Conversely, a comparative modelling analysis

showed that a static model of HIV transmission, which calculates the distribution of incident

HIV infections by subgroup over one year based on the sexual behaviour and HIV prevalence

in their partners [58], will estimate a much lower impact for HIV prevention interventions
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[59]. By including secondary infections, the dynamic transmission model is a powerful and

flexible tool for measuring a fuller estimate of the impact of disease control interventions.

Data requirements for dynamic transmission modelling

A dynamic transmission model with more compartments will require more data. If, for

instance, there are twenty compartments reflecting individuals with HIV in different phases

of infection or at different stages in the HIV care cascade, then there are twenty unique

parameterisations that must be defined a priori. Another elaboration, as discussed earlier,

is the inclusion of separate compartments that divide demographics of individuals, such as

age, sex, risk group, ethnicity, etc. These compartments may differ in terms of birth and

mortality rates. In HIV models, they may interact differently with other groups in terms of

sexual partnership. All of these different parameterisations require data.

Further, there are transitions between compartments in the model at given rates, for example

moving from HIV undiagnosed, to diagnosed with HIV, to diagnosed with HIV and on ART

[2, 50, 18]. The more compartments there are, the more transitions there are, and each rate

will require data to for parameterisation. Further, in many models, individuals can transition

from one compartment into several others, meaning that the number of transitions increases

geometrically with the number of compartments. For the example of HIV compartments at

different stages of infection or in different states of engagement in the HIV care cascade,

data that describe transition rates may be clinical studies on disease progression (or rate

of depletion of CD4 T-cells) [60], or average waiting times until receiving an HIV test or

initiating ART [61].

In the simple SIR model, transmission can be modelled as a simple constant per capita rate

(β ). However, in many cases (such as in HIV modelling) this rate is made more complex

to capture temporal variance in sexual activity (e.g. number of partnerships and condom

use), prevalence of co-morbidities (e.g. HSV-2), circumcision, pharmaceutical interventions

(e.g. PrEP and ART), among many others [62–64]. These elaborations require data to

parameterise: not only trends through time, by group or by age, but also their estimated

impact on per sex act probability of transmission [65].

A final yet indispensable data requirement is that for model fitting, also known as calibration.

Model fitting is an optimisation process to find sets of parameters that minimise the sum

of errors between a model output and empirical observations [66]. Put another way, model

fitting maximises the extent to which a model agrees with data [67]. The posterior parameter

sets (or distributions) obtained as a result of model fitting can themselves be useful (e.g. to
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estimate basic reproduction number [68]), but a fitted model can also be used to project an

epidemic into the future, or to simulate various intervention scenarios [38].

In the case of dynamic transmission models, they are usually fitted to epidemiological data,

such as disease prevalence [48], case counts [69], or disease-related deaths [70], but can also

be fitted to demographic, behavioural and intervention data [18, 50]. Various approaches

have been developed to achieve model fits. One approach is using Latin Hypercube Sampling

(LHS) in combination with trajectory matching [50]. This involves sampling all free parame-

ters from pre-defined uniform distributions, creating thousands or millions of independent

parameter sets. Next, these parameter sets are used as inputs, and those which produce model

outcomes that meet pre-defined criteria are kept as model fits. Parameter sets producing

outcomes that do not meet the criteria are discarded.

Another approach is using Bayesian Markov chain Monte Carlo (MCMC) methods [71].

Briefly, the posterior parameter space is explored by attempting iterative rounds of newly

proposed parameter values, and evaluating a likelihood function. Each parameter value is

proposed based on a Markov Chain, i.e. that it depends on its previously proposed value.

A typical proposition might be sampled from a normal distribution centred on the previous

value. Parameters may be sampled one at a time, or several at a time.

A version of the Bayesian approach can also be implemented, called incremental mixture

importance sampling (IMIS) [72]. After sampling from the prior, importance weights are

calculated from an initial likelihood. A multivariate normal distribution is centred on the

point with the highest weight at each iteration of the sampler. The sampling distribution

thereby becomes a combination of the weighted likelihood function and the prior, allowing

for more sampling of underrepresented areas of parameter space [73].

In summary, the dynamic transmission model is an effective way to represent an epidemic and

to synthesise the information from many data sources. It is important to note that although I

have discussed examples of using data to parameterise and fit models of HIV transmission,

the same principle applies to any transmissible pathogen.

In other chapters in this thesis, there is further discussion of the historical use of dynamic

transmission modelling to estimate the impact of interventions. Chapter 2 features a de-

tailed discussion of previous modelling studies to estimate the impact of HIV prevention

interventions in Cotonou, Benin. Chapter 4 presents previous modelling of the impact of

COVID-related disruptions on HIV epidemiology in Sub-Saharan Africa. Chapter 6 provides

a summary of the previous modelling studies estimating the impact of NPIs on COVID-19

epidemiology.
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Compartmental models vs. individual-based models

Another family of epidemiological models is individual-based (or agent-based) models [2].

These methods explicitly model a number of individuals as separate entities, whose traits

and behaviours are drawn in a probabilistic fashion from distributions. These individuals

can interact with each other within the model, for example disease transmission from an

infectious individual to a susceptible one [74].

At small population sizes, stochastic effects can have large influence on outcomes, such as

the survival or extinction of an epidemic [75]. Implementing an individual-based model can

therefore be advantageous to capture this uncertainty. However, this comes at a computational

cost, particularly when there are large numbers of parameters [76]. In cases where population

sizes are large, and where there is a complex model with many parameters, the population-

level compartmental model may be a preferable choice in situations of limited computing

power [77].

1.1.2.2 Phylodynamic inference

Reconstruction of evolutionary history has been carried out by scientists for around 150 years.

In the mid 19th century, the German zoologist Ernst Haeckel coined the term phylogeny
[78], a description of the historical relationship and shared ancestry of living creatures. The

field of phylogenetics has since been developed to systematise this process, using various

algorithms and data sets to reconstruct the common ancestors of animals, plants, bacteria and

viruses [79].

Although this has traditionally relied on morphological characteristics, the advent of genetic

sequencing has enabled the production of more detailed and reliable phylogenies [80]. The

accompanying increase in high powered computing has led to more sophisticated methods,

such as maximum likelihood optimisation, which can exploit the evolutionary information

encoded in larger numbers of base pairs within larger numbers of genetic sequences [81].

At the same time, research into population genetics has revealed the effects that population

dynamics can have on genes and genomes [82]. Genetic drift, natural selection, population

growth and shrinkage all leave signature imprints on phylogenies, and various models and

frameworks have been designed to disentangle and describe these relationships [83].

One such model is the coalescent, mostly attributed to Kingman in the 1980s [84], which

sought to understand the historical evolutionary relationships of sampled individuals (or
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alleles) as a stochastic random process going backwards in time. Under this framework,

alleles coalesce together to form hypothetical ancestral copies in the past. Repeating this

process eventually leads to the most recent common ancestor of the whole sample. In the

classic coalescent model, the time to coalescence - i.e. how long it takes for two randomly

sampled individuals to "merge" into their common ancestor - is geometrically distributed [85].

Time to coalescence can be approximated by an exponential distribution at large population

sizes [85]. Some common assumptions of the coalescent model include no natural selection,

genetic recombination, population structure or changing population size; various extensions

of the model have been explored which relax some or all of these assumptions [86]. One

important feature of this framework is the establishment of the relationship between total

population size and time to coalescence of a random sample of individuals.

With this relationship in mind, it is possible to infer population size from the time to coa-

lescence of sampled individuals. If these individuals are pathogens sampled from infected

patients during an epidemic, a viral phylogeny can be constructed and the coalescent frame-

work can be co-opted to infer viral population size [87]. The exploitation of genetic sequence

data for the inference of epidemiological parameters and processes is known as phylody-

namic inference [88]. Some common assumptions of viral phylodynamic inference include

random sampling, a bottleneck at transmission, negligible diversity within-host compared to

between-hosts, and no sampling of ancestors [87–90].

Non-parameteric phylodynamic inference

The simplest coalescent-based phylodynamic models assume a constant or exponentially

growing viral population, and the parameters of these models can be inferred from the

phylogeny. However, the phylodynamic framework has been expanded to be able to estimate

a more detailed description of complex real life epidemiological trajectories. One of the

first of these was the skyline model which allowed population size to be estimated at the

time points of every coalescent event [91]. Given that skyline assumed no prior population

dynamic function, it is classified as a ’non-parametric’ model. The signature pattern of the

effective population size (Ne) trajectory resembled a city skyline, hence its namesake, but

many deemed this too noisy and overfitted [92]. The model has been modified in order

to compensate for such overfitting, with one example being the skyride model [93], which

assumes the existence of autocorrelation between effective population sizes, and uses a

Gaussian Markov random field (GMRF) to smooth the trajectory.
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There has also been interest in exploring the association of epidemiological parameters with

relevant non-genetic factors (’covariates’), which may include disease incidence or prevalence

in the case of HIV [94], or geographic structure and ecology for influenza [95]. The skygrid
model was developed in order to estimate Ne from multiple loci simultaneously [96], and

the model was later extended to incorporate covariate data, by affecting the smoothing

with a GMRF [94]. This model divides the epidemic into grids, creating a piece-wise

population dynamic function. These grid points are flexible, and can be chosen to correspond

to observations in the covariate data. The inclusion of covariates into phylodynamic analyses

can shed light on external factors associated with viral spread [96].

Inspired by the division of the epidemic into flexibly defined grid points, and the inclusion

of covariates, Volz and Didelot developed the skygrowth model [97]. The authors observed

that effective population size, whose increments are modelled as a stochastic process (such

as Brownian Motion) with stationary increments, is strongly determined by the choice of

demographic prior. Because the Brownian Motion prior will penalise changes in effective

population size, it will bias it towards being constant, even if the true underlying population

is exponentially growing [98]. This is especially true when genetic data are relatively

uninformative, such as during the period near the most recent sample. The key difference of

skygrowth is the assumption that the stochastic process is defined not on effective population

size, but rather on its growth rate. As a result, as genealogical data becomes uninformative in

the recent past, the growth rate estimated in the previous period is likely to remain unchanged,

and therefore the underlying exponential dynamics are continued. In analysing a rabies

virus genetic data set, Volz and Didelot manage to avoid the constant population size in the

recent past estimated by previous models, instead estimating a decline, a result much more

consistent with independent surveillance data from the Centers for Disease Control [97].

Although non-parameteric models such as those discussed offer significantly more flexibility

than parameteric alternatives where the demographic function is pre-specified, nevertheless

the demographic prior has a very strong influence on estimated epidemic trajectories. For

example, both skygrid and skygrowth define different stochastic processes a priori, and as a

result predict different estimates of effective population size through time. The smoothing

parameter (τ), which strongly affects the degree of penalisation of changing values in the

GMRF stochastic process (whether on population size or growth rate), is of particular

importance. A prior distribution as uninformative as possible is normally assumed for τ ,

however results can be sensitive to this arbitrary choice [93], highlighting the importance of

this parameter.
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As a result, Didelot and Volz designed the mlesky model, a frequentist approach to phy-

lodynamic modelling [99]. They implemented a Markov Chain where deviation from the

previous element is penalised according to a GMRF, but there is flexibility as to whether this

applies to effective population size, growth rate, or rate of change of growth rate. Importantly,

for the smoothing process, the smoothing parameter τ is selected using a cross-validation

method, rather than specified a priori. As in previous models, covariates can be incorporated

into the fitting framework. Further, the number of grid points is chosen using an AIC model

comparison criterion. Reproduction number through time (R(t)) can be estimated from the

growth rate and serial interval.

The authors argued that the mlesky approach is advantageous when it is difficult to establish

non-arbitrary priors for smoothing and for grid resolution. They showed success when using

simulated data, as well as real data from HIV and cholera epidemics. The mlesky model,

like skygrowth, is able to handle fitting to phylogenetic trees with thousands of tips within a

reasonable time frame. Both models have therefore been implemented for the modelling of

the SARS-CoV-2 epidemic in New York and England respectively [100, 101].

Model-based phylodynamic inference

An alternative methodological approach to inferring population dynamics from a tree is

possible, where the demographic function is specified a priori. This group of methods is

called parametric or ’model-based’ phylodynamics. The simplest case would be where a

fixed value of Ne is the only parameter estimated from the tree. An alternative model is

that of exponential growth, where there are two parameters: initial Ne and growth rate. The

topology of the phylogenetic tree may indicate the most appropriate demographic model to

represent the epidemic [88].

However, as discussed earlier, infectious disease dynamics are usually complex and non-

linear. The ’SIR’ model assumes that the rate of infection depends on the number of

infectious individuals; this rate is analogous to the birth rate in population genetics models.

For such non-linear models, however, understanding the relationship between Ne and disease

prevalence is not trivial [102]. Volz et al. proposed a coalescent rate (λn(t)) assuming the

SIR demographic model [90], shown below:

λn(t) =
(

n
2

)
2βS(t)

I(t)
(1.1)
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Where n is the number of extant lineages, β is the transmission rate, and S(t) and I(t) are the

numbers of susceptible and infected individuals through time.

This result is similar to the analytical result from the Kingman coalescent assuming a standard

Wright-Fisher model with discrete, nonoverlapping generations [103]:

λn(t) =
(

n
2

)
1

N(t)
(1.2)

However, the key difference is the number of susceptibles in the numerator in Equation 1.1.

Estimates of Ne using the Kingman coalescent are only proportional if S is invariable; in such

cases
(n

2

)
2βS(t) collapses into a constant. During the early phase of exponential growth,

where approximately 100% of the population is susceptible and decreases very slowly, this

is a reasonable assumption. However, this assumption becomes untenable as the epidemic

progresses, or if the pathogen becomes endemic.

Building on the coalescent rate which takes into account varying birth rates (Equation 1.1),

Volz proposed a model which can reflect different demographic structures [104], wherein

coalescence can take place within and between states. The rate of coalescence can therefore

vary by state and time. The likelihood of a tree given a complex population model is given,

allowing the incorporation of prior information about epidemiological parameters such as

population size or birth rates. Importantly, the ’true’ number of infections can be estimated

with relatively little bias.

This flexible framework was implemented in BEAST2 under the name PhyDyn, where the

parameters for the tree and epidemiological model can be co-estimated [105]. The population

structure is specified a priori by the user. It can therefore be used to represent different

mixing patterns of infected hosts, such as risk groups for HIV transmission (e.g. men who

have sex with men vs. heterosexual men and women) [106]. Alternatively, it can reflect

natural history of infection such as for Ebola virus (with an ’exposed’ but not infectious

compartment) [105]. Finally it has been implemented for SARS-CoV-2, where individuals

can move from the exposed compartment to two infectious compartments, accounting for

high dispersion in secondary transmissions [107, 108].

Data requirements for phylodynamic inference
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Just as with dynamic transmission models, phylodynamic models are also fitted to data.

One difference, however, is that phylodynamic models are fitted to genomic data, usually

summarised in one or several phylogenetic trees.

The reliability of the phylogenetic tree, and therefore of epidemic representation after fitting,

depends on the quality of the alignment of genomic samples. Therefore, the greater the

number of sequences, the more bootstrapping (or other cross-validation) can be performed on

the tree, and the greater the confidence in the topology and branch lengths of the tree [109].

Coalescent models assume that the sample was randomly selected from the wider population,

but there are many factors that could bias sampling. For example, viral genomes extracted

from hospital patients could bias towards certain demographics or virulent lineages [110].

Another departure from randomness is a sample generated from contact tracing [111], as

more closely related viruses may be disproportionately likely to be sampled, and the genetic

diversity of the wider population might be underestimated [112]. The ideal genomic sample

for phylodynamic modelling will therefore be as random as possible from the community.

Further, the genomic sample must be dated in order estimate the molecular clock [113], and to

infer dates of ancestral nodes, from which the coalescent model can estimate epidemiological

parameters.

Certain natural history data may be necessary to parameterise model-based phylodynamic

models [105]; using a mechanistic model will require the same parameters as discussed

in the dynamic transmission model section. Non-parametric models may also require

parameterisation of the serial interval in order to estimate reproduction number [114]. Finally,

if exploring the association of covariates with viral growth rates, as is possible with the

skygrid, skygrowth and mlesky models, data on covariates are required [94, 97, 99].

1.2 HIV

1.2.1 Natural history

The Human Immunodeficiency Virus (HIV) was first isolated in the Pasteur Insitute in Paris

in 1983 [115], and was given its name in 1986 by the International Committee on Taxonomy

of Viruses [116]. Phylogenetic analysis has confirmed that HIV-1, globally the most common

subtype, is a retrovirus related to the Simian Immunodeficiency Virus prevalent among

chimpanzees in Western and Central Africa [117]. A spillover event from other primates to

humans is therefore thought to be the origin of HIV [118].
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The viral genome is coded within two single strands of RNA, held within a conical capsid

[119]. Each strand has a length of just under 10,000 base pairs, organised into 9 genes coding

for 15 proteins [120]. Among the genes are gag, pol and env, responsible for the inner shell,

reproduction and infection of the virus respectively [121].

Viral infection is achieved primarily through sexual intercourse, but also occurs via childbirth,

breastfeeding, and injecting drug use [122]. A virion, an entire virus particle with genome

and protein shell, will attach to microphages and CD4+ T-cells, involved with the body’s

immune system [123]. The RNA will then enter the cell, and with the help of certain enzymes

such as reverse transcriptase and integrase, will be spliced into the host’s chromosomes [77].

Viral proteins will then be translated through the host ribosomes, which will lead to the

assembly and release of more viral particles to infect other cells. A cell infected with HIV

will die; the depletion of CD4+ T-cells is what leaves HIV-infected patients highly vulnerable

to opportunistic infections that would otherwise be easily managed [124].

The process of viral integration into the host chromosomes is highly error-prone, with

frequent recombination between the two strands of RNA [125]. It is believed that the

fast within-host evolutionary rate stems from this, causing the rapid development of drug

resistance to antiretroviral monotherapy [126]. Modern antiretroviral therapy is therefore a

combination of more than one drug, usually targetting different parts of the viral life cycle

[127].

1.2.2 Epidemiology

1.2.2.1 Global epidemiology

HIV continues to be a global public health threat [128]. According to UNAIDS, 37.7 million

people were living with HIV in 2020 [129]. UNAIDS also estimated that 1.5 million people

are newly infected each year, with 870,000 (58%) of these in sub-Saharan Africa [129].

Globally, HIV infections have decreased by 31% since 2010 [130]. A total of 680,000 people

died in 2020 from AIDS-related illnesses, denoting a decline of 47% compared to 2010 [130].

In 2016, UNAIDS teamed up with partners to end AIDS as a public health threat, which

they defined as a reduction of 90% in new HIV infections and HIV-related deaths by 2030,

compared to 2010 [131].

Globally, an estimated 27.5 million people are on antiretroviral treatment, representing 73%

of those living with HIV [130]. ART coverage in Sub-Saharan Africa is estimated to be close

to the global average, at around 76% of people living with HIV [130] in 2020.
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1.2.2.2 Key populations

According to UNAIDS, key populations are defined as subgroups who are key to the epi-

demic’s dynamics or to its response [132]. According to WHO, they are defined as groups

who are at increased risk of HIV, often with intersecting legal and social issues [133]. This

increased risk is attributed to specific high-risk behaviours and unmet needs in HIV preven-

tion and treatment (’prevention gaps’) [134]. The main five key populations as of the 2016

WHO update include 1) men who have sex with men, 2) people who inject drugs, 3) people

in prisons, 4) sex workers and 5) transgender people [133].

In most countries in Central Asia, Europe and North America, over 90% of new HIV

infections in 2014 were among people in key populations [135]. In the regions of Asia

and the Pacific, Latin America and the Caribbean, they accounted for two thirds of newly

acquired HIV infections [135]. In Sub-Saharan Africa where HIV can also be prevalent in the

wider population, key populations nevertheless account for over 20% of new HIV infections

[135]. It is argued that key populations are integral to the establishment of an epidemic, and

continue to contribute to its persistence [136, 137].

Female sex workers

Among the most at risk of HIV infection are female sex workers (FSW), defined as women

who exchange sex for money or other goods [132]. They vary in terms of visibility, the

organisation of their workplace (street-based, brothel-based), and the proportion of their

income coming from sex work, all depending on local social, historical, economic and legal

factors [138, 139]. These, along with violence, stigma and other structural factors contribute

to varying levels of risk of HIV infection [140]. The proportion of individuals engaged

in sex work is estimated to be up to 4.3% in Sub-Saharan Africa [138], where the bulk of

HIV infections are found [135]. HIV prevalence is estimated to be 30.7% among female

sex workers from a pooled estimate of several countries with generalised epidemics in 2007

- 2011 [141], mostly in countries in Sub-Sarahan Africa, but also in Asian and Carribean

countries. The WHO estimates in 2016 a global HIV prevalence of 12% among female sex

workers [133].

Contribution of FSW to HIV epidemics
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One common method for identifying epidemiological associations between exposures and

outcomes is the population attributable fraction (PAF), defined as the fraction of cases in

a population that is attributable to a specific exposure, or the fraction of cases that would

not have occurred had this exposure not existed [142]. The PAF of a key population may be

calculated as the fraction of cases that would have been avoided were there no transmission

from this group [143]. Commonly, dynamic transmission modelling is employed to estimate

this [59].

As discussed earlier, dynamic transmission modelling takes into account the chain of trans-

mission. It has been shown that even in epidemics where high HIV prevalence is also found

in the wider population, epidemics can be driven by high risk behaviours in key populations

[144]. To calculate the number of infections attributable to FSW, dynamic transmission mod-

els are capable of accounting for infections in their clients, as well as onward transmissions

to the partners of clients and into the wider population [50].

There have been several estimates of the PAF of FSW for HIV. In South India, from the

beginning of the epidemic to 2008, over 90% of incident HIV infections in men and 10-

20% in women were attributable to commercial sex either directly or indirectly through

bridging infections to the wider population from clients [145]. In Benin, it is estimated

that commercial sex has contributed to 93% (90% credible interval (CrI): 84–98%) of all

cumulative infections in heterosexual populations from 1985 – 1993, and 52% (90% CrI:

33–71%) from 1993 – 2008, including direct and secondary transmissions [50]. In Côte

d’Ivoire, FSWs contributed 95% (95% CrI: 91–97%) of all new infections from 1976 – 1985,

and 19% (95% CrI: 11–27%) of infections from 2005 – 2015 [48].

Due to their disproportionate burden and contribution to HIV infection, HIV prevention

interventions have often been focused on FSW to maximise effectiveness in the long term

[146].

1.2.3 HIV prevention interventions

In this section I introduce recent forms of bio-medical HIV prevention interventions. More-

over, I discuss available information regarding their feasibility among FSW in local settings,

including adherence and retention.
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1.2.3.1 Treatment as prevention (TasP)

Treatment as prevention (TasP) is the early provision of ART to HIV-infected patients with

the intent to lower viral load, and therefore onward transmission, as soon as possible [147].

The WHO and UNAIDS have both included TasP as a recommended HIV prevention tool to

policymakers, following a successful trial (HPTN-052) which demonstrated a 96% reduction

in onward HIV transmission from those receiving early ART [147]. However, large real-

world community-based randomised trials (CBRT) of TasP in Sub-Saharan Africa have

returned mixed results [148]. The ’TasP study’ (ANRS 12249), was a cluster-randomised

trial aiming to estimate the impact of TasP in KwaZulu-Natal, South Africa, where HIV

prevalence was around 19% among individuals between 15-49 years of age in the low-risk

population [149]. In this rural setting, they found that fewer than 40% of HIV-infected

individuals were able to access an HIV clinic within 3 months of referral. There was no

statistically significant difference in HIV incidence between the group assigned TasP and the

one assigned to the national guidelines (eligibility at CD4 <350 cells/mm3) [150].

Another CBRT in South Africa and Zambia, the PopART study (HPTN 071), had three arms

[151]. The first (A) offered a full package, including ART initiation at any CD4 T-cell count,

HIV testing and a variety of healthcare access services. The second (B) provided the same

package except for immediate eligibility. Eligibility for ART was at national guidelines,

which was initially at CD4 <350 cells/mm3, changing half way through the study to universal

ART, which rendered arm A and B identical. The control arm (C) provided the standard

of care according to the Ministries of Health of the two countries. The final results were

counter-intuitive: no difference in HIV incidence was observed between arms A and C.

However, arm B had a significantly lower incidence (around 30%) than both of the others,

including arm A which had earlier ART initiation than arm B [152]. The authors offer various

reasons for this surprising result, including unrecognised demographic differences at baseline,

migration, and random chance [152].

Two more notable CBRT also provided mixed results. The ’SEARCH’ trial, carried out in

rural Uganda and Kenya, showed no effect of TasP on HIV incidence [153]. The ’Ya Tsie’

trial in rural and peri-urban communities in Botswana found TasP reduced HIV incidence by

31%, but this result was not statistically significant at a threshold of 5% [154]. The success

of real-life delivery of TasP is therefore uncertain, particularly in rural African communities

with poor access to HIV testing and linkage to care [148].
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1.2.3.2 Pre-exposure prophylaxis (PrEP)

Pre-exposure prophylaxis (PrEP) is the practice of administering antiretroviral drugs to HIV-

uninfected individuals, lowering the risk of HIV infection at times of HIV exposure [155].

The WHO have recommended that PrEP be considered for anyone with substantial risk of

HIV infection [156], particularly those who struggle to maintain consistent condom use. The

different forms in which PrEP can be delivered are detailed in the following sections.

Oral PrEP

Oral PrEP involves the provision of tablets containing active antiretroviral drugs, commonly

tenofovir in combination with emtricitabine [157]. Clinical trials of oral PrEP have shown

a large variation in individual level effectiveness between sub-populations. Among men

who have sex with men (MSM), the results have been encouraging, showing significant

reduction in HIV incidence due to PrEP [158, 155, 159], with trial effectiveness nearing

90%. Among women however, the results are more mixed, with two trials discontinued for

lack of effectiveness [160, 161]. This was attributed to poor adherence, sparking a stronger

focus on monitoring adherence in subsequent trials. The Partners PrEP trial for discordant

couples showed that PrEP can achieve high levels of efficacy with good adherence in both

women and men [162], suggesting the success of PrEP hinges on behaviour, not physiology.

However, the uptake of the protective molecules seems more efficient in rectal than vaginal

tissues, meaning that good protection may require better adherence for women than for men

[163].

Several demonstration projects testing the real-life effectiveness of PrEP for FSW in Sub-

Saharan Africa have been completed. In Kenya, the feasibility of daily oral PrEP was

investigated for FSW, MSM and young women [164]. They found that retention was poor

for all groups, including for FSW, whose retention after one, three and six months was 40%,

26% and 14% respectively. The most commonly cited reasons for drop out were side effects,

self-perception of risk, a virally suppressed sexual partner, stigma and myths about PrEP.

In South Africa, the TAPS study was carried out, evaluating the feasibility of PrEP and

TasP among FSW [165]. They also found poor retention, with only 22% of enrolled FSW

presenting to clinics after one year. Although reasons for discontinuation were not recorded,

the authors speculate that it could be due to the establishment of a national PrEP programme

for FSW during the time of their study. Self-reported PrEP adherence was between 70-
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85%, but the authors believe this could be subject to a bias; no objective PrEP adherence

measurements were made.

In another setting with high HIV prevalence, similarly poor retention among FSW was

observed. The PrEP demonstration study in fishing villages in Uganda, where HIV prevalence

was around 40% [166], found that FSW were 42% more likely to drop out from the study

than women in HIV-discordant couples. For all women in this rural setting, median retention

on PrEP was only 45 days [167], but adherence was not measured.

Conversely, not all settings have poor PrEP retention among FSW. In Senegal, a demonstration

study found that 73% of FSW recruited were retained after 12 months [168]. The authors

suggest that high retention overall was due to the use of Ministry of Health clinics. This

good retention was complemented by no observed HIV infections among all participants,

even though 4 infections were expected given the baseline incidence rate of 14 cases per

1000 person-years. High mobility was cited as the main reason for those that did drop out.

The authors measured PrEP adherence using electronic recordings of each time the pill

container was opened ("MEMS cap"), and using blood plasma concentration samples. With

the electronic caps, daily adherence started off at 80%, but soon dropped to 50% then rose

to 65% where it stabilised. For blood plasma concentrations, the active drug tenofovir was

detected in 52% of samples (>0.3 ng/ml); 32% of samples had a concentration consistent

with daily adherence (>35.5 ng/ml).

Finally, a demonstration study of daily oral PrEP was carried out among FSW in Cotonou,

Benin [169]. Retention after two years was 43%, and tenofovir was detected in 53% of visits.

More details about this demonstration study are available in Chapter 2, and the study impact

is explored in Chapter 3.

Long-acting PrEP

More recently, injectable options for PrEP are moving towards regulatory approval [170].

Long-acting injectable cabotegravir (CAB-LA) is an injection of antiretroviral therapy into

the gluteal muscles every eight weeks [171]. There have been clinical trials for CAB-LA,

among MSM and transgender women (HPTN-083) and among heterosexual women (HPTN-

084). The HPTN-084 trial was carried out in seven Sub-Saharan African countries, and

showed CAB-LA to be 89% (95% CI 68-96%) more effective than daily oral PrEP, as the

challenge of daily adherence to pills was alleviated [172].
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As a result of these successful trials, CAB-LA was awarded Breakthrough Therapy desig-

nation by the United States Food and Drug Administration (FDA) [171]. Following full

regulatory approval, it is hoped that long-acting PrEP may help alleviate some of the issues

surrounding adherence, particularly for high-risk women [173]. Real-world implementation

studies of CAB-LA are yet to be conducted [174].

1.3 SARS-CoV-2

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is a single stranded RNA

virus that causes the coronavirus disease 2019 (COVID-19) [8]. It emerged in late 2019 in

Wuhan, Hubei Province, China, and has since spread throughout the world [175]. Initially

called ’nCoV-2019’, phylogenetic analysis found that it is related to the virus causing the

first SARS epidemic in 2002-2004 [176], and is thought to have emerged through a zoonotic

spillover event from bats, due to its genetic similarities to bat viruses found near Wuhan

[177].

1.3.1 Natural history

SARS-CoV-2 has four structural proteins. Spike (S), envelope (E) and membrane (M) form

the viral envelope, while nucleocapsid (N) binds to and encapsulates the viral RNA genome

[178]. The genome contains around 30,000 base pairs [179].

The spike protein has strong affinity to the angiotensin converting enzyme 2 (ACE2), an

enzyme attached to cell membranes found throughout the body [180]. Once a virion has

attached to ACE2, the spike protein is broken open and the virion can enter the cell protected

by an endosome [181]. The endosome will break, and the virion will release its genome into

the cell where it will replicate [182], producing many more virions for further infection of

other cells [183].

When the virus has spread to enough cells, the disease COVID-19 can occur. The main

symptoms are a dry continuous cough, fever, headache, fatigue, breathlessness and an

inability to taste or smell [184]. Symptom onset is estimated to be between one and fourteen

days after exposure [185], but is typically around 5-6 days [186, 187]. The severity of

symptoms is strong associated with age [188]; older patients are significantly more likely to

develop serious or fatal illness [189]. A certain proportion of individuals do not notice any
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symptoms, although it is believed asymptomatic cases can still transmit the virus to others

[190].

The infection fatality ratio (IFR), i.e. the proportion of all infected individuals that die from

COVID-19, is estimated at 0.004% for individuals aged 0-34 years old, but rises to 28%

for individuals over 85 years [191]. Other risk factors for mortality include male sex [192],

ethnic minority status [193], and comorbidities such as diabetes, hypertension and asthma

[194]. Where medical infrastructure is poor or overwhelmed with cases, mortality from

COVID-19 may also increase [195]. For all of these demographic and economic reasons,

there are different observed IFRs for COVID-19 across the world [175].

Case fatality ratio (CFR) is the proportion of cases that result in death; this number tends to

be higher than IFR as the denominator will exclude asymptotic and unreported cases. Global

CFR is estimated to be 2.10% as of 17th August 2021 [196].

As of 17th August 2021, there is no effective cure for COVID-19, and treatment for severe

cases usually involves management of symptoms until the virus is cleared by the body [197],

although neutralising monoclonal antibodies and other antivirals have been found to improve

clinical outcomes [198]. For those that have trouble breathing, oxygen support and prone

positioning is recommended, and ventilation and dexamethasone for patients with very low

oxygen levels [199]. As of 17th August 2021, several effective vaccines are available which

greatly reduce morbidity and mortality from COVID-19, although efficacy against infection

and transmission seems to be more modest [200–202].

It is believed that COVID-19 is spread through droplets and aerosols, released by infected

individuals while they exhale from breathing, talking, singing, coughing and sneezing [203].

New infections occur mainly when infected particles are inhaled, and less commonly when

they come into contact with the eyes, nose or mouth [204]. It is important to note that

individuals infected with SARS-CoV-2 are able to transmit to others prior to symptom onset,

which has implications for effective epidemic control [205].

1.3.2 Epidemiology

Since its emergence in Wuhan in December 2019, SARS-CoV-2 quickly spread throughout

Hubei Province [206]. In January 2020, cases appeared throughout China following move-

ment for the Chinese New Year [207]. China implemented restrictions in late January and

early February across the country to contain the virus, most notably the complete quarantine

of Wuhan on 23rd January 2020 [208].
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By the end of January 2020, cases had also been identified outside of China, including

in Japan, South Korea, United States, Singapore, Thailand, France and Italy [209]. Italy

overtook China with the highest number of COVID-related deaths in March 2020, as it swept

through Lombardy in the north of the country. The WHO declared COVID-19 a pandemic

on 11th March 2020 [210].

As of 17th August 2021, there have been over 200 million confirmed cases of COVID-19

globally, and over 4 million COVID-related deaths; over 187 million confirmed cases have

led to a recovery. The COVID-19 pandemic has spread to every country in the world [175].

Comparing the epidemiological situation between countries is problematic for many reasons.

Firstly, the definition of a case has varied by country and across time [211]. Secondly,

the availability of tests for SARS-CoV-2 is not homogeneous, with developed nations

being more capable of implementing mass testing [212]. Thirdly, demographic differences

between countries, particularly age distributions, affects the proportion of symptomatic

cases (therefore reporting frequency), severity of illness (therefore hospitalisations), and

mortality [213]. Finally, there are striking differences in the types and levels of restrictions

implemented across the world, from very little intervention to very severe restrictions [214].

Nevertheless, as of 17th August 2021, the United States is the country with the highest

number of confirmed cases and COVID-related deaths at 37 million and 600,000 respectively.

The highest number of COVID-related deaths per capita is in Peru, at over 600 deaths per

100,000. Peru also has the highest case fatality ratio at 9.3% [196].

Many European countries have also suffered substantial mortality due to COVID-19. As of

17th August 2021, many countries in Eastern Europe have high deaths per capita, notably

Hungary, Bosnia and Herzegovina, Czechia, North Macedonia and Bulgaria [196]. In

Western Europe the situation is less severe, although high COVID-related mortality is

observed particularly in Belgium and Italy. More detail on the COVID-19 epidemic in

England is available in Chapter 6.

Comparatively few cases and deaths have been confirmed in Sub-Saharan Africa, particularly

in the first few months, attributed to underreporting [215, 216]. It is likely that the age

distribution in this continent, with a much younger population compared to developed

nations, contributes to lower overall mortality [217]. More detail on the COVID-19 epidemic

in Benin is available in Chapter 4.

Since the implementation of COVID-19 vaccines at the end of 2020, vaccine coverage has

increased globally, but generally at a higher pace in more developed countries. As of 17th

August 2021, nearly 2.5 billion people (31.7%) have had at least one dose of a COVID-19
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vaccine [175]. Some countries, including Malta, United Arab Emirates and Iceland, have

achieved over 80% coverage [175].

1.3.2.1 Evolution

Genomic data for SARS-CoV-2 has been collected since December 2019, when the virus

was first identified [218]. Since then, the virus has been sequenced across the world, mostly

deposited on the GISAID database [179]. SARS-CoV-2 quickly became the most sequenced

virus in history [219], as the sequencing efforts accelerated in the UK, US and elsewhere. As

of 17th August 2021, over 2.8 million individual isolates have been uploaded to the GISAID

database [179].

The vast amount of sequence data has enabled close monitoring of viral evolution. Early

phylogenetic studies estimated a substitution rate of 1.19−1.31×10−3 and 1.5−3.3×10−3

per site per year respectively [220, 221], although later studies estimate an approximately

two-fold decrease in substitution rate over time to 8.99×10−4 [222]; similar substitution

rates are observed in other related coronaviruses [223]. There is evidence of a number of

recombination events in the evolutionary history of the SARS-CoV-2 genome [224].

Since spreading from China, the evolutionary and epidemiological patterns of SARS-CoV-2

are observable on the same timescale [225]. There have been multiple proposals for naming

and classifying SARS-CoV-2 lineages. One is the ’Pango’ nomenclature system which

uses a phylogenetic framework [226], but whose labelling depends on number of samples,

geographical location and genetic difference [227]. Crucially, the names of lineages are

updated according to the dynamics of the pandemic; the entire evolutionary history of the

lineage is therefore not captured in the label, which would get far too complicated over a

short time frame.

This dynamic phylogenetic framework can identify lineages which are emerging and growing.

A lineage which is growing especially fast, coupled with any evidence of increased virulence,

immune escape or resistant to interventions, is designated a variant of concern by Public

Health England (PHE) [228]. This nomenclature is useful to policymakers in England and

elsewhere, whose recommendations for epidemic control are influenced by ongoing viral

evolution.

One prominent variant of concern was B.1.1.7 (later also termed the ’alpha variant’), dis-

covered towards the end of 2020 [101]. This lineage was estimated to spread faster than

previously circulating lineages. A detailed background on this lineage is available in Section

6.2.2.1, and an analysis exploring its increased transmissibility is described in Section 6.4.4.
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Monitoring evolution of SARS-CoV-2 is therefore of great importance for understanding

epidemiological patterns through time.

1.3.3 Interventions

In this section I introduce interventions implemented by various governments to control

the spread of COVID-19. In Chapter 6, I discuss previous mathematical modelling studies

exploring the impact of non-pharmaceutical interventions (NPIs).

There have been numerous NPIs implemented since the beginning of the outbreak to control

its spread. Beginning in China, a cordon sanitaire was placed around Wuhan on 23rd January

2020, followed by travel restrictions to and from other cities in the region and elsewhere

[229]. They further implemented diagnosis, case isolation and contact tracing, particularly

of travellers from Wuhan [230]. Finally, there was a suite of restrictions aiming to reduce

social contact, including school closures, stay at home orders, cancellation of public events

and gatherings, closure of workplaces and other non-essential buildings [231]. In Chapter 5 I

introduce the NPIs implemented in Weifang, a city in Shandong Province, China.

Similar measures were implemented in Europe, with most countries ordering their public to

stay at home during March 2020 [232]. In some countries there was a greater emphasis on

contact tracing, particularly in Germany [233], while countries in Southern Europe relied on a

stricter lockdown with curfews. In France, Spain and Italy, the public were required to justify

the necessity before leaving the house during lockdown, enforced by the police [234–236]. In

Sweden, although gatherings over 500 people were banned, the stay at home orders were not

mandatory, but advisory [237]. In Chapter 6 I introduce the NPIs implemented in England,

both locally and nationally.

In Sub-Saharan Africa, there was even more stark diversity in the COVID-19 response.

Although many countries implemented lockdowns early, sometimes before the appearance of

any confirmed cases [214], extensive and thorough restrictions were impossible to maintain

in most of them. Mostly, this is because a large proportion of the workforce is in informal

work (e.g. open air traditional markets) [238]. Further, the poor economic situation in most

African countries prevents large amounts of borrowing, spending, and economic relief, and

accepting the opportunity costs of closing businesses [239]. In Chapter 4 I discuss in detail

the non-pharmaceutical interventions implemented in the country of Benin in West Africa.



68 Background

1.4 Summary

In this chapter, I have introduced the background material required to understand the con-

text of the research in this thesis, including the modelling of infectious diseases, and the

pathogens HIV and SARS-CoV-2. However, the analyses in this thesis are diverse in terms

of metholodological approach and disease context. There are therefore further detailed

introductions at the beginning of each new chapter, to give further necessary background for

each analysis.



Chapter 2

Data summary and transmission model
development for HIV in Cotonou

2.1 Overview

In the first main section of this chapter, I introduce the local context of Cotonou: the

demographic and epidemiological patterns specific to HIV in the city, and its history of HIV

interventions beginning from the early 1990s. I further explore previous research studies

which have modelled the HIV epidemic in Cotonou.

Next, I begin the process of answering my research questions by reviewing and summarising

available data in Cotonou, as the analytical and predictive power of any mathematical model

depends on the data used to parameterise and fit it.

In the next main section of this chapter, I describe the mathematical details of the model

structure.

Finally, I describe the model fitting process, involving a sample from a Latin Hypercube and

retaining parameter sets which meet the fitting criteria. The fitted model described at the end

of this chapter is used for the analyses in Chapter 3 and Chapter 4.

The content in this chapter is published with the following citation, mostly in the supplemen-

tary materials.

Geidelberg, L., Mitchell, K. M., Alary, M., Mboup, A., Béhanzin, L., Guédou, F., ... &

Boily, M. C. (2021). Mathematical Model Impact Analysis of a Real-Life Pre-Exposure
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Prophylaxis and Treatment-As-Prevention Study Among Female Sex Workers in Cotonou,

Benin. Journal of Acquired Immune Deficiency Syndromes, 86(2), e28.

2.2 Introduction

2.2.1 The city of Cotonou and the Republic of Benin

The Republic of Benin (hereafter referred to as ‘Benin’) is a French speaking country in

West Africa [240]. The southern tip of Benin forms its coastline, a narrow stretch of land

called the Bight of Benin, home to the majority of its population of around 12 million (2018)

[241]. The rest of the country stretches inland, bordering Togo to the west, Burkina Faso to

the north-west, Niger to the north-east and Nigeria to the east [240]. The main ethnic groups

of Benin are Fon (38%), Adja & Mina (15%) and Yoruba (12%), and the main religions are

Roman Catholicism (52%), Islam (25%) and traditional local faiths (18%) [242–245].

Although Porto-Novo is the capital city of Benin, the nation’s seat of government is located in

its largest city and economic hub, Cotonou [246]. The population of Cotonou has increased

dramatically in the past decades not only from its growing population, but also because of its

expanding urban sprawl engulfing previously distinct towns [247]. The city of Cotonou had a

population of 320,000 according to the census in 1979, rising to 679,000 in 2013, reflecting a

growth rate of around 5% per year [242–245]. However, the recent inclusion of surrounding

areas such as Abomey-Calavi and Seme-Kpodji into ‘Greater Cotonou’ resulted in a total

population estimate of over 1.5 million in 2013 [245].

The Autonomous Port of Cotonou generates over 60% of the GDP of Benin, and is responsible

for 90% of its international trade [248]. Because of the various trade links to neighbouring

countries, Cotonou has had a significant amount of migration in the past several decades,

mostly from other African nations, but also from Lebanon [249]. Despite the abundance of

trade and promising growth, Benin remains one of the world’s poorest countries by most

economic indicators [250].

2.2.2 HIV epidemiology in Cotonou

The first confirmed cases of HIV-1 in Benin were detected in blood samples from Cotonou

between 1986-1987 [251]. An analysis of 3478 blood donors found seropositivity in 4

individuals (0.12%) [252], although a separate survey in the same year found an HIV
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prevalence of 3% (7/215) among female sex workers (FSW) [251], indicating that the

beginning of the epidemic might have occurred earlier. The most recent estimate of HIV

prevalence across Benin was among pregnant women in 2015, which showed that Cotonou

had a greater HIV prevalence than any other region in Benin [253].

FSW have a particularly high HIV prevalence in Cotonou; in 1993, it was estimated at 53%

(95% confidence interval: 48-58) [254]. In contrast, the national AIDS programme found

in the same year that among pregnant women, HIV prevalence was estimated at only 0.5%

[255]. In 2017, HIV prevalence had declined to 10% (7-13) among FSW in Cotonou [256].

FSW in Cotonou can be classified into two categories. The first is ‘professional FSW’

(pFSW), which describes women for whom sex work is their main source of income [256,

257]. These women tend to work in brothels or on the street, exchanging sex with clients for

money, gifts and favours [256]. The second type, ‘part-time FSW’ or ‘bargirls’, is a broad

category of women for whom sex work does not provide the majority of their income [258].

These women tend to work in bars, clubs or restaurants where they earn a wage, but also

where they may find clients [259]. Professional FSW have significantly higher numbers

of commercial sexual partners, and consequently have a much higher HIV prevalence than

part-time FSW [256, 259].

As a group, professional FSW in Cotonou represent a diversity of nationalities. In 1993, 97%

of these women were foreign-born, mostly from Ghana, Nigeria and Togo [255]. Although

more recent surveys revealed a greater proportion of FSW from Benin (e.g. 55% in 2015)

[256, 259], it is possible that Beninese women in earlier years did not reveal their status as

FSW due to intense stigma [254]. Many foreign-born FSW are drawn to Cotonou, as the port

provides ample commercial activity and therefore many travelling male clients [256, 259].

Further, the more severe legal prohibitions on prostitution in neighbouring countries may

have incentivised these women to migrate instead to Benin [260], where prostitution is more

generally accepted, albeit still illegal [261]. Many women return to their home countries

after a few years of sex work in Cotonou, creating a high turnover of sex workers in the city

[256, 259, 255].

Both types of FSW are considered to be ‘key populations’, i.e. groups whose risk of HIV

acquisition and mortality are elevated compared to other groups [133, 132]. Other key

populations (since 2017) in Cotonou include i) the male sexual partners of FSW: both their

clients and their long-term boyfriends or husbands, ii) men who have sex with men, iii) young

people (particularly women), iv) people who inject drugs, v) prisoners, vi) truck drivers and

vii) tuberculosis patients [259].
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The epidemiological pattern of disproportionate HIV prevalence among certain groups has

been commonly termed “concentrated”, as opposed to a “generalised epidemic” which

would be characterised by high HIV prevalence among low-risk groups (see Chapter 1)

[137]. Cotonou has been described as having a concentrated epidemic [137, 50], due to the

disproportionate burden and spread among FSW. As a result, there has been much effort over

several decades to respond to the HIV epidemic among this group in Cotonou [254, 262, 50],

as well as among other key populations [263].

2.2.3 The response to HIV in Cotonou

Ever since the early 1990s, there has been substantial activity responding to the crisis in

HIV and STI burden among FSW in Cotonou, in cooperation with the Canadian government

and other funders [254, 262]. All HIV prevention activities among FSW from 1993-2008 in

Cotonou are collectively known as the “SIDA 1/2/3” project [50]. The response package in

1993 included visits by community leaders and healthcare professionals, both to the homes

and workplaces of FSW, for the prevention of HIV and STIs [254]. Further, a dedicated

clinic was established to care for FSW, originally offering screening and treatment of STIs,

but in subsequent years including treatment for HIV, as antiretroviral therapy (ART) became

widely available [169]. Other STIs were also major problems in the early 1990s, such as

Neisseria gonorrhoeae (gonorrhoea) at 43% prevalence [254]. The imperative to treat these

other diseases stemmed not only from their own morbidity, but also from the increased risk

of HIV seroconversion with STI co-infection [264].

Further activities included the promotion of condom use, particularly for FSW during

commercial sex. In 1993, the FSW surveyed reported that 62% of sex acts with clients in the

past week were protected with a condom which, after years of awareness campaigning, rose

to 81% in 1998 [254]. By 2015, condom use with clients was estimated between 97-99%

[259, 265], although remained low with their long-term non-commercial partners (23-44%).

HIV monitoring and prevention were increased among the male sexual partners of FSW in

2000, after it was observed in 1998 that HIV prevalence among clients and boyfriends were

8% and 16% respectively [266]. Male circumcision was not required as an HIV prevention

intervention, as over 99% of men in Cotonou were already circumcised for cultural reasons

[267]. HIV prevalence and sexual behaviour have been monitored every few years since

1993 among professional FSW, bargirls and their clients, using integrated bio-behavioural

surveys (IBBS) [256, 259, 254, 262].
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Since 2002, when ART was first introduced in Cotonou [268], a high rate of viral suppression

has been one of the key targets for the HIV response [253]. As elsewhere, eligibility for ART

has evolved over time. Originally, only those with less than 200 CD4 T-cells per mm3 of

blood were eligible [269]. From 2012, this was expanded to anyone below 350 cells per mm3

[270], and from 2015 anyone below 500 cells per mm3 [271]. From 2016 onwards [253, 169],

anyone who is HIV-infected became eligible for ART; this policy became common throughout

the world [272], since it was discovered that viral suppression was beneficial not only for

mortality and morbidity for the HIV-infected patient, but was also itself a form of HIV

prevention for their sexual partners [273].

Treating HIV-infected patients as soon as possible, with the intention of preventing on-

ward transmission, will be henceforth called in this thesis “treatment-as-prevention”, or

“TasP” [147]. PrEP is the practise of administering antiretroviral medications to at-risk

HIV-uninfected individuals, such that their risk of HIV acquisition is lessened with the

presence of these drugs [155]. Detailed introductions to TasP and PrEP are found in Chapter

1.

2.2.4 The PrEP/TasP study

In late 2014, a two-year demonstration project (henceforth called the “PrEP/TasP study”) was

conducted to assess the real-life feasibility and usefulness of adding TasP and daily oral PrEP

to the existing clinical, behavioural and structural combination prevention package already

offered to FSW in Cotonou [169]. The study focused on pFSW from a designated catchment

area in Greater Cotonou, representing approximately 28% and 51% of all HIV-uninfected

and HIV-infected pFSW respectively in Cotonou and its surroundings [169, 259, 257]. Prior

to the study, there were extensive tailored community outreach activities, preparedness and

adherence counselling by researchers and community workers who were familiar with this

population of women in the past decades of HIV response. In the study, uptake, adherence

and retention to PrEP and TasP and self-reported sexual behaviour were measured over two

years (2015-2017) at quarterly visits in face-to-face interviews. Further to this, pill counts

and biological markers were used to measure adherence every 6 months. For PrEP, the

concentration of the active antiviral molecule, tenofovir, was measured in the blood plasma.

A low or undetectable concentration (<0.3 ng/ml) suggests poor or no adherence, while a

high concentration (over 40 ng/ml) was considered good or daily adherence. For TasP, CD4

T-cell counts and viral load measurements were taken as an indicator of successful adherence.

A viral load of <1000 copies/ml and <40 copies/ml represented states of viral suppression

and undetectable viral load, respectively.
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In the years prior to the study, there was already significant community engagement with

FSW in Cotonou to enable access to the sexual health clinic. As such, the population of

FSW was well known to the local researchers. They designed a catchment area within

Cotonou in which an estimated 600 FSW were located, expecting to reach around 500 of

them. They recruited FSW within this catchment area until the desired numbers on the PrEP

(approximately 250) and TasP arms (approximately 100) were achieved [169].

Uptake for PrEP and TasP were both encouraging. Of the 290 FSW eligible for PrEP (i.e.

those who were HIV-uninfected and not pregnant, breastfeeding or with active Hepatitis

B), 256 (88%) were recruited. For TasP, of the 110 who were eligible ( i.e. those who

were HIV-infected but without HIV-1/2 dual infection, and not on ART), 105 (95.5%) were

recruited [169].

Although self-reported adherence to PrEP was initially promising, as 78% of FSW reported

daily adherence during the 14 days before the first visit, it declined to 57% by the end of the

study. Furthermore, drug concentration measurements suggested that adherence was poorer

than what was self-reported by the participants. Over the course of the study, tenofovir was

detectable in blood plasma in only 53% of 569 visits by PrEP participants. Indeed, there

were two seroconversions during the course of the study among PrEP participants, and both

events were associated with poor adherence [274]. This translated to an incidence rate of

0.8/100 person-years in the PrEP arm [275]. For TasP, adherence was better than PrEP: at

the final visit 87% of participants had measurable viral suppression [169].

Retention was also a challenge for the study. By the end of the study, only 47% and 59% of

PrEP and TasP participants made the final visit. There were many reasons for dropping out

of the study, with the most common by far being movement: many of these FSW returned to

their town, province or country of origin (50% and 79% of PrEP and TasP dropouts). Other

reasons for leaving the study included no longer being interested, becoming pregnant and

therefore ineligible (for PrEP), and leaving sex work [274].

In 2015, prior to the PrEP/TasP study, only 24% of FSW living with HIV in Cotonou were

on ART. At the end of the study in 2017, ART coverage rose to 83% of FSW [276]. More

generally in Benin, only 66% of women and 45% of men living with HIV were estimated

to be on ART in 2017 [277], far below UNAIDS 2020 90-90-90 targets (90% of people

living with HIV (PLHIV) diagnosed, 90% of diagnosed on ART, and 90% on ART virally

suppressed) [278]. The imperfect ART coverage among all populations may prevent Benin

achieving the UNAIDS goal of eliminating HIV/AIDS as a global health threat by 2030

[131]; as such a continued focus and improvements in HIV prevention strategies remain

important.
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2.2.5 Previous studies modelling the HIV epidemic in Cotonou

There have been several studies modelling the epidemiological dynamics and impacts of

interventions in Cotonou. In 2002, using a mathematical model, Boily et al. estimated the

effectiveness of HIV interventions among key populations (termed ‘core groups’), depending

on the phase of the HIV epidemic [137]. They modelled an open population of high and

low risk sexually active heterosexual adults; high risk females and males were interpreted as

FSW and their clients respectively. They integrated sexual mixing patterns which featured

a parameter controlling the extent of assortativity between high and low risk groups. They

modelled both HIV and STD transmission, with the assumption that STD infection can

increase risk of HIV acquisition [264]. The model simulations reflected data from various

HIV and STD prevalence estimates among all groups, including from studies on sexually

active men and women, antenatal clinics, and the SIDA1/2 project funded by the Canadian

International Development Agency.

They estimated that the SIDA1/2 project, by screening 50% of FSW for gonorrhoea every

year and increasing commercial condom use from 50% to 60%, prevented 21% and 33% of

HIV infections among all women and men respectively during the first year of intervention,

rising to 48% and 51% if continued over 20 years. They found that this project prevented 45%

and 71% of infections among FSW alone over 1 and 20 years respectively. They concluded

that focusing HIV prevention interventions on key populations in Cotonou, owing to their

disproportionate role in HIV transmission, could have large impacts in the whole population.

Lowndes et al. further explored the extent to which FSW and their clients were driving the

HIV epidemic of Cotonou, by examining the epidemiological and behavioural data at the time

[255]. They estimated the number of non-FSW female partners of clients exposed to HIV or

STI infection through unprotected sex with these men. They estimated that eight non-FSW

women per 100 clients were exposed to HIV through unprotected sex, and 65 were exposed

to STIs. They concluded that most HIV infections that are found in the general population

are not generated from within these groups, but are rather transmitted via ‘bridging groups’

such as clients of FSW, and that HIV interventions focusing on core groups are therefore

disproportionately effective. Core groups can be interpreted as equivalent to ‘key populations’

in today’s literature.

In 2006, Vickerman et al. published another mathematical modelling study of HIV/STI

transmission in Cotonou [279]. Their dynamic model was fitted to available prevalence

data of HIV, gonorrhoea, chlamydia and genital ulcer disease among FSW and the general

population. They estimated that SIDA1/2 prevented 18% of HIV infections among FSW in
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Cotonou over 4 years (1995–8) inclusive, and 22% in the overall population, with around

three quarters of the impact due to increased condom use, and one quarter due to STI

treatments.

They further argued that the ‘syndromic approach’ to treating STIs in Sub-Saharan Africa,

whereby eligibility for antibiotics depends on the appearance of symptoms, has poor sensitiv-

ity and specificity, causing many false negative women to remain untreated. Moreover, the

overuse of antibiotics in false positive cases may lead to resistance. They aimed to estimate

the impact of an alternative strategy, called ‘point of care’ (POC) tests, which screen for

infection prior to treatment. Being more sensitive, these tests could successfully diagnose

more STI infections and thereby reduce risk of HIV acquisition. They estimated that if

SIDA2 had used POC tests with a 70% sensitivity, 37% more STI infections would have

been treated, and 42% more HIV infections would have been averted.

One final modelling studied conducted in 2014 by Williams et al. aimed to explore the

potential contribution of interventions to the observed decrease in HIV prevalence among

most groups in Cotonou from 1993-2008 [50]. For instance, the reduction in HIV prevalence

in FSW (from 53% in 1993 to 30% in 2008) was followed by a significant decline in

prevalence in men aged 15-49 from 3.4% in 1998, to 2.0% in 2008 [280]. A similar decline

had however not been observed in women of the same age, whose prevalence did not

significantly change (3.5% to 4.0% in 1998 and 2008 respectively) [280]. Williams and

colleagues parameterised and calibrated a compartmental transmission model with newer

behavioural and disease prevalence data (HIV and gonorrhoea), as well as ART uptake data

that had become available at the time. They estimated that the SIDA1/2/3 interventions

prevented 62% of new infections in FSW between 1993 and 2008, and would continue to

reduce FSW prevalence to 11% in 2040, assuming condom use continues at the same levels.

They found that commercial sex may have contributed to 93% of all cumulative heterosexual

HIV infections between the start of the epidemic until 1993, and 52% between 1993 and

2008, adding further justification to the focus of HIV interventions on key populations.

2.2.6 Aims and justification

The first four objectives in this thesis are as follows:

1. Is the city of Cotonou, Benin on track to meet the 2030 UNAIDS goal of eliminating
HIV/AIDS as a global health threat?

2. What was the impact of a two-year intervention of PrEP and TasP among FSW in
Cotonou?
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3. What would be the impact of scaling up PrEP and TasP among FSW over twenty years in
Cotonou?

4. What was the impact of disruptions to HIV prevention services and sexual behaviour,
caused by the COVID-19 epidemic in Cotonou?

The UNAIDS goal of eliminating HIV/AIDS as a global health threat is measured as a 90%

reduction in both new HIV infections and HIV-related deaths by 2030 compared to 2010

[131]. Impact of interventions and disruptions can also be measured with these outcomes,

or with others such as life-years gained [281]. The modelling approach that I use to answer

these four objectives must therefore be able to calculate such outcomes.

Given that the HIV epidemic of Cotonou is concentrated among key populations [255], who

likely form ‘bridges’ of infections into the general population [137], it is important that the

method used to measure these outcomes incorporates not only direct infections, but also

secondary ones [59]. As such, a dynamic transmission model is a very useful and robust

method to represent these chains of transmission. Furthermore, there is a wealth of data in

Cotonou spanning several decades; some of these data are already presented in the modelling

studies described in this chapter, but there have since been further published HIV prevalence

estimates, as well as data on HIV testing, ART coverage and dropout. A large selection of

data provides an excellent basis for a dynamic transmission model, as the epidemic can be

closely recapitulated with careful model fitting.

The recent PrEP/TasP study, conducted among professional female sex workers in Cotonou,

Benin, is also an interesting and useful source of data [169]. In Chapter 1, I discussed

the mixed results for real-world PrEP and TasP effectiveness among women, particularly

high-risk women such as FSW [160–162, 148, 151, 153, 154]. A model impact analysis

based on the rich dataset provided by the PrEP/TasP study would provide a reliable and

timely evaluation of recently available pharmaceutical interventions. Indeed, at the time of

the analysis, it was the first published impact study of PrEP among FSW in Sub-Saharan

Africa based on real-life uptake, adherence and retention data. The real-life setting of the

study, combined with uniquely detailed biological markers for adherence provide excellent

data to accurately reflect the context and impact of the intervention.

To answer these four objectives, however, the rich data set of Cotonou must be reviewed

and summarised in a useful format. This represents the aim of the next section of this

chapter. The following section describes the process of designing the transmission model

with two principles in mind: to maximise the utility of the data, and to best answer the

research questions. The final section in this chapter describes the process of fitting the model

to the summarised data in Cotonou. The results of the model fitting, epidemic trajectory
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and PrEP/TasP impact analysis are presented in Chapter 3. The results of the impact of

COVID-related disruptions are presented in Chapter 4.

For this model impact analysis, I received approval from the Imperial College Research

Ethics Committee (ICREC reference: 18IC4641) to carry out my secondary data analysis

on data from the PrEP/TasP demonstration study (2014-2017). This model impact analysis

involved no additional data collection.

2.3 Data review

2.3.1 Main data sources

I divided the data into eight categories. The first four are for model parameterisation: demo-

graphic, sexual behaviour, biological and HIV intervention data. The fifth and sixth categories

represent data relevant to the PrEP and TasP arms of the PrEP/TasP study respectively, which

are also used for model parameterisation. For all parameters I present a brief description

of the calculation of the fixed estimate or range (see Section ‘Model fitting’), based on the

original data sources.

The model should reflect key epidemiological outcomes to accurately represent the HIV

epidemic of Cotonou. As such, the seventh and eighths categories are data those used

for model fitting. The seventh category summarised demographic, epidemiological and

intervention data which serve as targets for the model fitting. Finally, data used for cross-

validation are presented in the eighth section.

There were many data sources which informed parameters and model fitting targets. In this

section I briefly describe some of the key sources.

Demographic parameters and model fitting targets were informed heavily by four censuses

carried out in Benin, in 1979, 1992, 2002 and 2013 [242–245]. Other sources included the

UN World Population Prospect [241], and studies estimating the size of pFSW (2012) and

client populations (1998, 2008) [255, 254, 257, 138].

Many parameters were informed by several rounds of FSW IBBS (1993, 1995, 1998, 2002,

2005, 2008, 2012, 2015) [254, 262, 258, 259]. These IBBS were conducted using a cluster-

based sampling method, based on mapping studies of FSW in Cotonou [262]. Sex work sites

were identified in Cotonou, and all FSW above the age of 15 were asked to participate in

the surveys. For surveys between 1993-2002 inclusive, the number of sites ranged between

47-97, and the number of FSW recruited ranged between 350-593 [262]. For surveys
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conducted between 2005-2015 inclusive, over 100 sites were sampled and over 1000 FSW

were recruited [262, 258, 259]. The same sex work sites identified for FSW surveys were

randomly sampled and used to recruit clients in the same fashion [282], to produce client

IBBS (1998-2015) [255, 265, 283].

These IBBS were used for data in many categories. For example, they were used for sexual

behaviour parameters, such as number of annual partners or condom use. Further, they were

used for intervention data, such as HIV testing, ART uptake and coverage, adherence (viral

suppression) and dropout. Finally, they were used to estimate HIV prevalence through time,

used in model fitting and cross-validation.

For low-risk groups, there were two household-based surveys conducted in Cotonou in

1998 and 2008 [280], from which considerable parameterisation and model fitting data were

extracted. Census areas were determined in Cotonou using probabilities proportional to size

and number of households; in both surveys there were 38 census areas. The households

chosen for each survey were randomly sampled from these census areas, producing 950 and

1,070 households in 1998 and 2008, respectively. All residents in these households between

15-49 years old were asked to participate in the studies [280]. These surveys provided data

on sexual behaviour, HIV testing, ART coverage, and HIV prevalence.

Finally, the PrEP/TasP study itself was a major source of data for parameterisation and model

fitting.

2.3.2 Summary of available data

2.3.2.1 Demographic parameters



Table 2.1 Demographic parameters for Cotonou

Name (units) Risk group Year Symbol Value/Range Justification/Source

Year of seeding of 
epidemic NA NA t0 1986 The earliest detection of HIV-1 in Cotonou (and in Benin) 

was in 1986-1987. Bigot et al. 1987. 

Total population 
aged 15-59 at seed All NA N0 286114

Calculated using the census population estimate of all 
adults 15-59 in Grand Cotonou at 1979, and the growth rate 

between 1979 and 1992. Benin censuses 1979 and 1992.

Population growth 
rate (per year)

All 1979-
1992 0.059

Calculated assuming exponential growth between census 
population estimates. Note that the period 1993-2002 has a 
prior range that is sampled in the Latin Hypercube; this was 

done to achieve more uncertainty in projected population 
size. Benin censuses 1979, 1992, 2002, 2013.

All 1993-
2002 0.048 - 0.058

All 2002-
2013 0.027

All 2014- 0.027

Proportion of 
population that is 
female at seeding

NA 1986-
2035 propF 0.512 - 0.520

Little variation in this estimate for each census. Range is the 
lowest (1992) to highest (2013) estimate. Benin censuses 

1979, 1992, 2002, 2013.

Proportion of 
women that are 

professional FSW 
at seeding

Pro FSW 1986-
2035 propPFSW 0.0024 - 0.00715

The lower bound is estimated from the number of FSW 
estimated in 2012 (Mapping study, Equite en Santé); the 
upper bound is estimated from Vandepitte et al. 2006. 

Ratio of women 
that are part-time 
FSW to Pro FSW 

at seeding

Part-time 
FSW

1986-
2035 ratioLFSW 1 - 2 Estimated from mapping study of FSW in Cotonou (Equité 

en Santé).

Proportion of 
women that are 
former FSW at 

seeding

Former FSW 
in Cotonou

1986-
2035 propFFSW

Same as proportion that are professional 
FSW

The number of former FSW in 1986 is unknown so I 
assumed it is the same number of active professional FSW.

Proportion of men 
that are clients at 

seeding
Client 1986-

2035 propC 0.066 - 0.30
Lower bound taken from Lowndes et al. 2002; Upper bound 
from West Africa HIV/AIDS Epidemiology and Response 

Synthesis report 2008 
Fraction of the 15-
59 population that 
is not yet sexually 
active at seeding

Low-risk 
women

1986-
2035 propFV 0.079 - 0.20 Lower bound taken from household survey in Cotonou 

1998; upper bound from DHS 2011
Low-risk 

men
1986-
2035 propMV 0.070 - 0.17 Lower bound taken from household survey in Cotonou 

1998; upper bound from DHS 2011

Prevalence of HIV 
at seeding

FSW NA FSW 0.0132 - 0.0659

Earliest estimate of HIV prevalence among FSW in 
Cotonou. 7/215 FSW (3.26%) in survey tested as positive 
for HIV-1. Prior range is the 95% CI for an exact binomial 

test. Bigot et al. 1987.
Client NA C

0.000313 - 0.00294

4/3478 (0.12%) blood donors found to be positive in 
Cotonou between 1986 and 1987. No estimates specific to 
men or women so assumed to be same. Prior range is the 
95% CI for an exact binomial test. Boyle and Way 1990.

Low-risk 
women NA F

Low-risk 
men NA M

Rate of leaving by 
ageing (per year) All 1986-

2035 0.022 Given population modelled is 15-59, an average of 45 
years, this rate is the inverse 1/45 per year.

Background 
mortality rate (per 

year)

Women

1986-
2035

0.0187 - 0.0200 Life expectancy estimates for 1980 - 2015 separately for 
men and women aged 15. The inverse of these durations 
gives the mortality rate of those aged 15. The highest and 

the lowest estimates of the mortality rate give the upper and 
lower bounds separately for men and women. UN World 

Population Prospects. 

Men 0.0194 - 0.0220

Rate of leaving of 
sex work (per year)

Pro FSW &
part-time 

FSW

1986-
2035 1 / durFSW 0 - 0.55

FSW reported how long they have been doing sex work; 
this gives the lower bound for the duration. I assumed an 

upper bound of infinity. The rate of leaving is the inverse of 
these durations. Alary et al 2002. Behanzin et al 2013.

Proportion of FSW 
that are non-

Beninese
Pro FSW 1986-

2035 fracFSWforeign 0.5 - 0.9 From the IBBS, this is the fraction of FSW that are foreign 
born. Alary et al 2002. Behanzin et al 2013.

HIV prevalence of 
incoming 

professional FSW
Pro FSW

1986 -
1993 Prev1986 0 - 0.163 The HIV prevalence of low-risk women in neighbouring 

Ghana, Nigeria and Togo were weighted by the fractions of 
FSW in Benin of each nationality. Alary et al 2002. 

Behanzin et al 2013.UNAIDS Reference Group.

1993 -
2015 Prev1993 Linearly interpolated

2015 - Prev2015 0 - 0.046

Rate of leaving of 
client category (per 

year)
Client 1986-

2035 1 / durclient 0 - 0.295

Estimated from the average number of years since first 
buying sex. The upper bound is the shortest average 

duration of being a client. The lower bound assumes clients 
never stop purchasing sex once they start. Lowndes et al 

2002.

Rate of entering the 
sexual population 

(per year)

Not yet 
sexually 

active female

1986-
2035 F 0.2 - 0.5 Derived from the 25 and 75% quantiles of the age of sexual 

debut of those who were not sexually active at 15, giving 
the rate of entry to the sexually active population. Behanzin 

et al. 2013.
Not yet 
sexually 

active male

1986-
2035 M 0.2 - 0.5

Proportion of 
people that are 

sexually active at 
15

Women 1986-
2035 fracWSA 0.12 – 0.17 Household based surveys in 1998 and 2008

Men 1986-
2035 fracMSA 0.18 – 0.35 Household based surveys in 1998 and 2008



2.3.2.2 Sexual behaviour parameters

Table 2.2 Sexual behaviour parameters for Cotonou

Name Group Year Symbol Value Justification/Source

Commercial partner 
change rate (per year)

Professional 
FSW

1993

cCPFSW

192 - 1277 Value estimated in 1993 and 2005. Between 1986-1993 has the value assumed 
for 1993. Between 1993 and 2005 it is linearly interpolated. From 2005 onwards 
it is kept constant. Alary et al 2002. Behanzin et al 2013. ESDG-2012. ESDG-

2015.
1993 -
2005 Linearly interpolated

2005 - 81 - 562

Part-time FSW 1986-
2035 cCLFSW 26 - 78 Personal communication from Michel Alary, MD.

Client 

1986 -
1998

cCC

8.4 - 32
Value estimated in 1998 and 2002. Between 1986-1998 has the value assumed 

for 1998. Between 1998 and 2002 it is linearly interpolated. After 2002 onwards 
it is kept constant. Lowndes et al 2000. ESDG-2015.

1998 -
2002 Linearly interpolated

2002 - 11.1 - 19.8

Non-commercial 
partner change rate (per 

year)

Professional 
FSW

1986-
2035 cNPFSW 0.31 – 0.86

Combination of all casual and long term partnerships estimated in IBBS for 
professional FSW (1993-2015) which are sexual but not contractual. Alary et al 

2002. Behanzin et al 2013. ESDG-2012. ESDG-2015.

Part-time FSW 1986-
2035 cNLFSW 0.41 – 1.04 Estimated from ‘bargirls’ IBBS 2012 and 2015. ESDG-2012. ESDG-2015.

Client 1986-
2035 cNC 1.6 – 3.3 Estimated from clients IBBS 1998-2015. Lowndes et al 2000. ESDG-2012. 

ESDG-2015.

Low-risk women

1986 -
1998

cNF

0.93 - 0.99

Household based surveys 1998 and 2008. Behanzin et al 2013.1998 -
2008 Linearly interpolated

2008 - 0.77 - 0.82

Low-risk men

1986 -
1998

cNM

1.25 - 1.43

Household based surveys 1998 and 2008. Behanzin et al 2013.1998 -
2008 Linearly interpolated

2008 - 0.73 - 0.84

Commercial number of 
sex acts per partnership 

(per year)

Professional 
FSW

1986-
2035 nCPFSW 1 - 3 Estimates from FSW IBBS 1993-2015. Alary et al 2002. Behanzin et al 2013. 

ESDG-2012. ESDG-2015.

Part-time FSW 1986-
2035 nCLFSW 1 Assumption based on advice from experts familiar with the population in 

Cotonou, Michel Alary MD.

Non-commercial 
number of sex acts per 
partnership (per year)

Professional and 
part-time FSW

1986 -
2002

nNPFSW

13.0 - 20.0 Value estimated in 2002 and 2015. Between 1986-2002 has the value assumed 
for 2002. Between 2002 and 2015 it is linearly interpolated. After 2015 onwards 
it is kept constant. Alary et al 2002. Behanzin et al 2013. ESDG-2012. ESDG-

2015.

2002 -
2015 Linearly interpolated

2015 - 38.2 - 60.0

Clients NA nNC

Matching the partner 
in their respective 

partnerships

The number of sex acts per partnerships has to match the values estimated among 
professional and part-time FSW

Low-risk women
- Low-risk men

1998

nN
F

35 - 44
Value estimated in 1998 and 2011. Between 1986-1998 has the value assumed 

for 1998. Between 1998 and 2011it is linearly interpolated. After 2011 onwards it 
is kept constant. Census 2013. Behanzin et al 2013.

1998 -
2011 Linearly interpolated

2011 29 - 38

Proportion of 
commercial sex acts 
protected by condom

Professional 
FSW & clients

1986

fcCPFSWclient

0 - 0.18

There is a general upward trend through time. The proportion is estimated at 
various time points and linearly interpolated between them. After 2008 the value 

is kept constant. Alary et al 2002. Behanzin et al 2013. ESDG-2012. ESDG-2015.
Lowndes et al 2000.

1986 -
1993 Linearly interpolated

1993 0.18 - 0.33
1993 -
1998 Linearly interpolated

1998 0.4 - 0.73
1998 -
2002 Linearly interpolated

2002 0.61 - 0.99
2002 -
2008 Linearly interpolated

2008 0.86 - 0.99

Part-time FSW & 
clients

1986

fcCLFSWclient

0
Estimated in 2015. Assumed zero in 1986. Linearly interpolated in between. 
After 2015 the value is kept constant Alary et al 2002. Behanzin et al 2013.

ESDG-2012. ESDG-2015. Lowndes et al 2000.

1986 -
2015 Linearly interpolated

2015 0.25 – 0.52

Proportion of non-
commercial sex acts 
protected by condom

Professional 
FSW & clients

1986

fcNFSW

0
Estimated in 2002. Assumed zero in 1986. Linearly interpolated in between. 
After 2002 the value is kept constant. Alary et al 2002. Behanzin et al 2013. 

ESDG-2012. ESDG-2015. Lowndes et al 2000.

1986 -
2002 Linearly interpolated

2002 - 0.19 - 0.62

Part-time FSW & 
clients

1986

fcCLFSWclient

0
Estimated in 2015. Assumed zero in 1986. Linearly interpolated in between. 
After 2015 the value is kept constant. Alary et al 2002. Behanzin et al 2013. 

ESDG-2012. ESDG-2015. Lowndes et al 2000.

1986 -
2015 Linearly interpolated

2015 0.138 – 0.383

Clients 1986-
2035 fcNC

Same as FSW or GPF 
in respective 
partnerships

Condom use must be equal on both sides of the partnership.

Low-risk women

1986 -
1998

fcNF

0.033 - 0.05

Estimated in 1998 and 2011. Linearly interpolated in between. After 2011 the 
value is kept constant. Census 2013. Behanzin et al 2013.

1998 -
2011 Linearly interpolated

2011 - 0.16 - 0.26

Low-risk men Same 
as GPF fcNM Same as GPF
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Table 2.3 Biological parameters for Cotonou

Name Group Year Symbol Value Justification/Source

HIV baseline transmission 
probability male to female per 

sex act
All 1986-2035 0.0006 - 0.00109 From the 95% confidence interval. Boily 

et al 2009.

RR HIV transmission risk 
female to male All 1986-2035 RR FM 0.53 - 2 From the 95% confidential interval.

Boily et al 2009.
RR transmission probability 

with HSV-2 infection for HIV 
acquisition in commercial sex

Professional FSW 1986-2035 RRjHSV2 0.9 – 2.3

Pooled estimates for studies reporting 
prevalent HSV-2 exposure. Looker et al 

2017.

RR transmission probability 
with HSV-2 infection for HIV 
acquisition in commercial sex

Women who are not 
professional FSW 1986-2035 RRjHSV2 1.8 – 3.4

RR transmission probability 
with HSV-2 infection for HIV 
acquisition in commercial sex

Clients 1986-2035 RRjHSV2 1.5 – 2.2

RR transmission probability 
with HSV-2 infection for HIV 
acquisition in commercial sex

Men who are not clients 1986-2035 RRjHSV2 2.2 – 4.3

Prevalence of HSV-2 Pro FSW & part-time 
FSW 1986-2035 jHSV2 0.87 - 0.94 n = 275, backcalculated for confidence 

intervals. Lowndes et al 2002.

Prevalence of HSV-2 Clients 1986-2035 jHSV2 0.18 - 0.28 Table 3 +- 5%. Weiss et al 2001.

Prevalence of HSV-2 Low-risk women 1986-2035 jHSV2 0.27 - 0.32 n = 1015 backcalculated for confidence 
intervals. Lowndes et al 2002.

Prevalence of HSV-2 Low-risk men 1986-2035 jHSV2 0.098 - 0.14 n = 928, backcalculated for confidence 
intervals. Lowndes et al 2002.

RR transmission circumcision
from female-to-male 

transmission
All 1986-2035 RR circum 0.34 - 0.72 From the 95% confidence interval. Mills 

et al 2008. Siegfried et al 2009.

RR of acquiring HIV when 
partner is in primary phase All 1986-2035 RRprimary 4.5 - 18.8 From the 95% confidence interval. Boily 

et al 2009. 
RR of acquiring HIV when 

partner is in AIDS (CD4 <200) 
phase

All 1986-2035 RRAIDS 4.5 - 11.9 From the 95% confidence interval. Boily 
et al 2009. 

Efficacy of ART if virally 
suppressed regarding reduction 

in onward transmission
All 1986-2035 effART 0.96 - 0.99 Converted efficacy to RR using RR = 1-

efficacy. Cohen et al 2016. 

Fraction of other groups virally 
suppressed Low-risk 1986-2035 V2-9

0.42 - 0.85
42% is from serology report by 

department, Benin 2015; 85% is from 
ART audit report 2017.Fraction of professional FSW 

virally suppressed Professional FSW 1986 - 2015 V1

Condom efficacy All 1986-2035 ec 0.58-0.95 From the 95% confidence interval. 
Weller et al 2002. 

Duration between 
seroconversion and death 

(years)
All 1986-2035 durSCdeath 8.7 - 12.3

Glynn et al 2007. Lavreys et al 2006. 
May et al 2009. Morgan et al 2002. 

Pantazis et al 2012. Peters et al 2007. 
Todd et al 2007. Van der Paal et al 2007.

Duration of primary phase 
(years) All 1986-2035 1/ 01 0.25 - 0.42 Lavreys et al 2006. Boily et al 2009.

Duration of CD4 200-349 
(years) All 1986-2035 1/ 04 2.3 - 4.4 May et al 2009. Pantazis et al 2012. 

Bakari et al 2008. 

Duration in CD4 <200 (years) All 1986-2035 1/ 05 0.58 - 3.17 Based on several estimates. May et al 
2009. Morgan et al 2002.

Duration of CD4 >500 (years) All 1986-2035 1/ 02 Derived from other 
sampled parameters

Derived: (durSCdeath - 01 - 04 - 05) gives 
the time after primary phase until CD4 
200-349. Dividing this time by 2 gives 

the duration of both CD4 >500 and CD4 
350-500, assuming they have the same 

duration.Duration of CD4 350-500 
(years) All 1986-2035 1/ 03

Death rate CD4 350-500 (per 
year) All 1986-2035 03 0.01 - 0.05 Mortality rate from source minus average 

background mortality rate (0.02 years^-
1). UN World Population Prospects. 

Badri et al 2006. Death rate CD4 200-349 (per 
year) All 1986-2035 04 0.03 - 0.10

Reduction in progression for 
individuals on ART All 1986-2035 progART

4.82 - 10.2
The same factor is applied to both the 
slowing of mortality and slowing of 

progression. Keiser et al 2004. Reduction in mortality for 
individuals on ART All 1986-2035 mortART



2.3.2.4 Intervention parameters

Table 2.4 Intervention parameters for Cotonou

Name Group Year Symbol Value Justification/Source

Probability of having been tested 
in last year

Professional FSW

1986 - 2005 0

No widespread testing until 2005 
according to local experts. Batona et al 

2015. ESDG 2015.

2005 - 2013 Linearly interpolated

2013 0.65

2013 - 2015 Linearly interpolated

2015 - 0.68

Low-risk women

1986 - 2001 0

No widespread testing until 2002 
according to local experts. UNAIDS 

report 2016. House hold surveys 1998, 
2008.

2001 - 2006 Linearly interpolated

2006 0.14

2006 - 2008 Linearly interpolated

2008 0.21

2008 - 2011 Linearly interpolated

2011 - 0.33

Low-risk men

1986 - 2001 0

No widespread testing until 2001 
according to local experts. UNAIDS 

report 2016. House hold surveys 1998, 
2008.

2001 - 2006 Linearly interpolated

2006 0.098

2006 - 2008 Linearly interpolated

2008 0.1

2008 - 2011 Linearly interpolated

2011 - 0.058

Relative increase in testing at 
CD4 stage <200 All 1986-2035 RRtest200 1 - 5.4

Calculated from proportion who 
commenced ART that had CD4 count 
<200 cells/mm3. Ekouevi et al 2010.

ART initiation rate (per year)
Professional FSW 1986-2035 0.25 - 6 From Ministry of Health “File Active”

database 2017.Rest of population 1986-2035 6 - 12

ART dropout rate (per year)

Professional FSW 1986-2035 PFSW 0.023 - 0.11

Based on TasP study retention as well as 
11 clinical centres; no differentiation 

between males and females Ekouevi et al 
2010. UNAIDS report 2016.

Client 1986-2035 C

0.023 - 0.11

Low-risk women 1986-2035 F

Low-risk men 1986-2035 M

ART re-initiation rate (per year)

Professional FSW 1986-2035 FSW 0.25 - 1.5
From Ministry of Health “File Active”

database 2017.
Low-risk 1986-2035 rest 0.25 - 1.5

PrEP/TasP study testing rate (per 
year) Professional FSW 2015 - 2017 PrEP 0.5 - 2 Assumption.
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2.3.2.5 PrEP parameters

The Partners PrEP efficacy trial (Donnell et al. 2014 [284]) was conducted among heterosex-

ual serodiscordant African couples, evaluating the efficacy of tenofovir disoproxil fumarate

(TDF) and TDF with emtricitabine (FTC/TDF), the same prophylactic component in the

PrEP/TasP demonstration study.

They observed that most study participants displayed blood plasma tenofovir concentrations

which were either below the assay limit of quantification (< 0.3 ng/ml), or consistent with

daily adherence (>40 ng/ml). Few participants had a concentration between 0.3 – 40 ng/ml,

from as little as 8% to at most 14%, depending on the visit. The study authors calculated PrEP

efficacy at different thresholds of adherence: >0.3 ng/ml, >10 ng/ml and >40 ng/ml. Because

so few participants had an intermediate adherence, those that had detectable tenofovir were

almost always also daily adherers and as a result the estimated efficacy of PrEP for each

threshold were very similar.

I assumed PrEP efficacy for daily adherers in this analysis was 90 – 95% (modelled as per

sex act reduction in HIV transmission), consistent with the adjusted risk reduction for women

on FTC/TDF at tenofovir concentration >40 ng/ml estimated by Donnell et al. I assumed

that undetectable tenofovir conferred 0% PrEP efficacy. Based on expert opinion, I assumed

that intermediate adherence (0.3 – 40 ng/ml) was associated with 30 – 49% efficacy. This

assumption was explored in a sensitivity analysis (Chapter 3).

The proportions of visits in the perfect, intermediate and non-adherent categories are shown

in Table 2.5. Also shown are the assumed efficacies of PrEP. Given these, I calculated the

average effectiveness of PrEP as 41%, by computing the sum of product (average adherence

× efficacy) across all adherence levels.



Table 2.5 PrEP parameters for Cotonou

Name Group Year Symbol Value Justification/Source

Testing rate when on PrEP Professional FSW 2015 - 2017 i11 & i00 4
FSW are tested 4x a year on PrEP. 
Giguère et al 2019. Mboup et al 

2018.

PrEP offering rate (per year) Professional FSW 2015 - 2017 i 0.1 - 0.2
298 FSW offered PrEP from 902 
susceptibles over 2 years in the 
PrEP/TasP study. Mboup et al 2018.

PrEP acceptance rate (per 
year) Professional FSW 2015 - 2017 i 86% Of 298 FSW eligible for PrEP, 256 

were recruited. Mboup et al 2018.

Fraction in perfect PrEP 
adherence category Professional FSW 2015 - 2017 a 36.9%

Proportion of visits tenofovir 
concentration > 40ng/ml. Mboup et al 
2018.

Fraction in intermediate PrEP
adherence category Professional FSW 2015 - 2017 b 16.5%

Proportion of visits tenofovir 
concentration 0.3-40 ng/ml Mboup et 
al 2018.

Fraction in PrEP non-
adherence category Professional FSW 2015 - 2017 c 46.6%

Proportion of visits tenofovir 
concentration < 0.3 ng/ml. Mboup et 
al 2018.

PrEP drop out rate (per year) Professional FSW 2015 - 2017 0.45 - 0.64 Number of drop outs divided by PrEP 
person-years. Mboup et al 2018.

PrEP efficacy

Daily adherence 2015 - 2017 eP1a 0.9 - 0.95 Based on Donnell et al. efficacies at 
different tenofovir blood plasma 

concentrations, and expert opinion.Intermediate adherence 2015 - 2017 eP1b 0.3 - 0.49

Non-adherence 2015 - 2017 eP1c 0
Undetectable PrEP assumed zero 

efficacy. Marrazzo et al 2015. Van 
Damme et al 2012.

2.3.2.6 TasP parameters

Table 2.6 TasP parameters for Cotonou

Name Group Year Symbol Value Justification/Source

TasP initiation rate (per year) Professional FSW

1986 - 2015
initTasP

0 No TasP intervention

2015 - 2017 0.5 - 5
Initiations over person-years of HIV+ 
professional FSW in the PrEP/TasP 

study. Mboup et al 2018. 

Fraction of professional FSW 
virally suppressed Professional FSW 2015 - VSpFSW 0.75 - 0.87

Observed in study. Mboup et al 2018. 
From Ministry of Health audit report 

2017. 



86 Data summary and transmission model development for HIV in Cotonou

2.3.2.7 Model fitting data

Table 2.7 presents the data to which the transmission model is fitted. The model was fitted in

two stages: A) pre-study model fitting and B) PrEP/TasP study model fitting. Further details

are available in the ‘Model Fitting’ section.



Table 2.7 Outcomes and target range or estimate used for the A) pre-PrEP/TasP study model fitting (before 2015) and B) the PrEP/TasP study

scenario model fitting (2015-2017).

Fitting outcomes Year 
(start)

Target 
range/estimate

Justification/Source

A) Pre-study fitting

Stage 1 (1986-2015): Demographic
Total population size of sexually active adult 
population of Grand Cotonou (N)

1992 343,705 – 465,013

The population size of Cotonou aged 15-59 was estimated by censuses in 1992, 
2002 and 2013. Assuming a constant growth rate equal to the one between 2002-
2013, I projected estimates of population sizes in 2020 and 2030.

2002 579,325 – 783,793
2013 776,076 –

1,049,985
2020 959,418 –

1,298,036
2030 1,210,305 –

1,637,471
Percentage of women who are professional FSW (%) All

0.19 – 0.72

The lower bound is estimated from the number of FSW in Cotonou estimated in 
2012 (Equite en Santé); the upper bound is estimated from Vandepitte et al. 
2006, assuming that half of these women are pFSW.

Number of professional FSW (N) 2012 889 – 1,391 From the mapping study (Equite en Santé )

Percentage of women who are active FSW 
(professional + part-time) (%)

All 0.48 – 1.4 Lower bound from the mapping study (Equite en Santé); upper bound is 
estimated from Vandepitte.

Percentage of men who are clients (%) All 7.4 – 30 Lower bound taken from Lowndes et al. 2002; Upper bound from West Africa 
HIV/AIDS Epidemiology and Response Synthesis report 2008.

Percentage of women who are not yet sexually active 
(%)

All 7.9 – 20 Lower bound taken from household survey in Cotonou 1998; upper bound from 
DHS 2011.

Percentage of men who are not yet sexually active (%) All 7 – 17 Lower bound taken from household survey in Cotonou 1998; upper bound from 
DHS 2011.

Stage 2 (1986-2015): Epidemiological

HIV prevalence professional FSW (%) 1993 48 – 58 Several IBBS among professional FSW. Alary et al 2002. Behanzin et al 2013. 
ESDG-2012. ESDG-2015.

2002 32 – 46

2008 25 – 34

2015 14 – 22†

2017 7 – 13 †

HIV prevalence clients (%) 2002 6.8 – 12.0 IBBS among clients. Lowndes et al 2000. ESDG-2015.

HIV prevalence all women (%) 2011 1.3 – 3.5 DHS survey 2011.

HIV prevalence all men (%) 2011 0.75 – 2.9 DHS survey 2011.

HIV incidence rate professional FSW (% infected per 
person-year)

2015 0 – 3 Estimated by Diabaté et al. 2018.

Stage 2 (1986-2015): ART coverage

Professional HIV infected FSW on ART (N) 2015 42 – 56 "File Active": anonymised database of current female sex workers on ART in 
Benin. Ministry of Health.

Men and women on ART combined (N) 2017 8524 – 18273 UNAIDS Country progress report 2019.

ART coverage of men and women combined (%) 2011 33 – 52 UNAIDS Country progress report 2016.

ART coverage of men and women combined (%) 2017 60 – 91 UNAIDS Country progress report 2019.

Ratio of women to men on ART 2017 1.5 – 3.0 Ministry of Health audit report.

B) PrEP/TasP study scenario (2015-2017)

Person-years on PrEP (years) 2015-2017 250 Data from the PrEP/TasP study. Mboup et al 2018.

PrEP initiations (N) 2015 256

Number on PrEP at end of study (N) 2017 121

TasP initiations (N) 2015 105

All professional FSW on ART at end of first year (N) 2016 122

All professional FSW on ART at end of study (N) 2017 137

† Parameter sets which produced model outcomes meeting at least one of the empirical estimates of HIV prevalence among professional FSW in

2015 and 2017 were accepted.
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2.3.2.8 Cross-validation data

Table 2.8 presents the cross-validation data. Although the model was not calibrated to these

data, they served as independent verification of how closely my simulations reproduced the

context in Cotonou.



Table 2.8 Cross-validation data for Cotonou

Outcome Year Value Source

HIV prevalence professional FSW (%) 1995 43.0 – 54.4 From FSW IBBS. Alary et al 2002. Behanzin et al 2013. 
ESDG-2012. ESDG-2015.1998 36.6 – 44.7

2005 30.4 – 39.4
2012 23.0 – 32.2

HIV prevalence clients (%)

1998 5.9 – 11.6 

From client IBBS. Lowndes et al 2000. ESDG-2015.
2002 6.8 – 11.6
2008 3.5 – 9 
2012 1.3 – 5.2 
2015 0.6 – 3.5 

HIV prevalence all women (%) 1998 2.4 – 4.8 

From household surveys 1998, 2008.2008 3.0 – 5.3 

HIV prevalence all men (%) 1998 2.3 – 4.7 
2008 1.2 – 3.0 

Deaths due to AIDS (all groups)

1990 100 – 300

From AIDSinfo, UNAIDS.

1991 100 – 300

1992 100 – 300

1993 100 – 300

1994 100 – 300

1995 100 – 400

1996 100 – 400

1997 100 – 500

1998 200 – 600

1999 200 – 900

2000 200 – 1200

2001 500 – 1500

2002 500 – 1500

2003 500 – 1500

2004 500 – 1500

2005 500 – 2000

2006 500 – 2000

2007 500 – 2000

2008 500 – 2000

2009 200 – 900

2010 200 – 900

2011 200 – 800

2012 200 – 1300

2013 200 – 1300

2014 200 – 1300

2015 200 – 1300

2016 100 – 700

Proportion of HIV+ on ART and virally 
suppressed (all groups combined)

2015 14 – 30

From AIDSinfo, UNAIDS.2016 15 – 32

2017 28 – 60
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2.4 Model development

2.4.1 Model description

I developed a deterministic model of sexual HIV transmission and HIV interventions (PrEP,

ART, condom use) in the heterosexual adult population of Grand Cotonou (abbreviated

GC; comprising Cotonou, Abomey-Calavi and Seme-Kpodji). The model represents an

open and growing population aged 15-59 years old, stratified in 9 risk groups (subscript i):

1) professional FSW, 2) part-time FSW, 3) low-risk women, 4) former FSW in Cotonou,

5) clients, 6) low-risk men, 7) not-yet-sexually-active (NYSA) women, 8) NYSA men, 9)

former FSW outside of Cotonou.

New susceptible individuals can join the population at time-varying rates that reflect changes

in the total population size of Cotonou. They are distributed between six risk groups (NYSA

women & men, low-risk women & men and professional & part-time FSW) according to

relative population sizes. Ei represents the number of new susceptible recruits joining the

population in each group i. NYSA women and men enter the sexually active but susceptible

low-risk population at per capita rates u7 and u8 determined by the average age at sexual

debut, respectively. Professional and part-time FSW are recruited directly from the low-risk

women population of GC at per capita rates v1,3 and v2,3, respectively, or from outside of

GC (from both inside and outside Benin) at rates E1 and E2 respectively, reflecting HIV

prevalence of neighbouring countries at time t. Professional and part-time FSW cease sex

work and join the former FSW categories at rates u1 and u2, reflecting duration in sex work,

respectively; the factor p f oreign determines the fraction that leaves GC upon ceasing sex work.

Low-risk population males become clients at a per capita rate u6 and return at per capita rate

u5, reflecting duration of paying for sex. Individuals leave the modelled population due to

aging, HIV-related and unrelated mortality. Movement between risk groups applies equally

to all care states and stages of infection. The movement between risk groups are summarised

in Figure 2.1.
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Figure 2.1 Recruitment, movement and sexual mixing between groups, represented by green, black and blue

lines respectively. Groups within the dashed rectangles form the sexual transmission network of Grand Cotonou.

Ei represents the numbers of HIV-uninfected individuals in group i recruited to the model; P1 represents the

number of HIV-infected professional FSW recruited. Commercial partnerships are only formed between

professional and part-time FSW and clients. NYSA = not yet sexually active. FSW = female sex worker.

Apart from a fraction of professional FSW, all individuals enter the population in the suscep-

tible off PrEP category (S0
i ). Susceptible professional FSW can initiate PrEP at per capita

rate ζi, depending on background testing rate τi (t) of group i at time t, testing rate due to the

PrEP/TasP study ηi (t), PrEP offering rate ξi(t) and PrEP acceptance rate σi, and the fraction

f Pa
i , f Pb

i , f Pc
i , that are initially perfectly, intermediately and non-adherent (though receiving

pills), moving into states S1a
i , S1b

i and S1c
i respectively. The data indicates decreasing PrEP

adherence over time; thus PrEP users can move into lower adherence categories (at rates

ψa and ψb moving from perfect to intermediate and from intermediate to non adherence

respectively) or cease to use PrEP and move to the dropout PrEP category, at per capita rates
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κa, κb, κc. Professional FSW can retire from sex work and move to the former FSW groups

inside or outside GC; in this case they do not move to their associated PrEP category, but

rather into their susceptible off PrEP category (S0
i ).

Sexually active susceptible individuals are assumed to become infected at a per capita force

of infection λ rs
i j that depends on their PrEP status, number and type of sexual partners, HIV

prevalence among partners, sexual mixing patterns between risk groups, the fraction of

sex acts effectively protected by condoms, the levels of PrEP use and efficacy (related to

adherence status), the partner’s infectiousness (i.e., varying by disease stage, ART treatment).

The protective effect of male circumcision on HIV acquisition risk was captured in the per-act

HIV transmission probability since more than 99% of men in GC are circumcised [255].

Infected individuals are represented in the model as Ir,s
i , for risk group i, care state r and

stage of infection s.

Following HIV infection, the model represents the course of disease progression stratified by

CD4 cell count levels and different levels of engagement in the care and treatment cascade.

Untreated undiagnosed HIV-infected individuals progress through a short highly infectious

primary infection stage followed by 4 longer disease stages defined based on CD4 cell counts,

at rates γr,s that reflect care status (r) and stage of infection (s). Individuals in infected stages

CD4 350-500, CD4 200-349 and CD4 <200 (s = 3, 4, 5 respectively) die at AIDS mortality

rate αrs.

When infected, individuals on PrEP enter a distinct primary phase of infection to reflect the

fact that they are tested at an increased rate. These individuals leave this compartment at

testing rate τ1,1
i (t), dropout of PrEP at rate κ1, or progress to CD4 >500 at rate γ1,1

i .

All undiagnosed individuals in these 5 stages are tested for HIV at a per capita rate τrs
i ,

depending on group i, care status r and stage of infection s, moving to the diagnosed off ART

category, who experience the same disease progression as undiagnosed individuals. When

modelling the intervention, individuals experience an increased testing rate of ηi (t).

Diagnosed individuals initiate treatment at a per capita rate ρs
i that depends on group i,

calendar year (due to changes in eligibility criteria) and stage of infection s. When modelling

the intervention, individuals experience an increased ART initiation rate of ρ ′(t). Compared

to those not on ART, treated individuals have slower rates of disease progression and reduced

HIV-related mortality, represented by factors progART and mortART respectively. Finally,

some individuals may experience a therapeutic failure or discontinue ART, at rate ϕs, in

which case the disease follows its natural progression unless these individuals re-initiate

treatment at rate ιs
i .
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Individuals leave the population at per capita rates ν , μrs and αrs, which represent rate of

aging, background mortality and AIDS-related mortality, respectively. The full system of

ODEs is presented in this chapter in Section 2.4.2. The model structure is presented in Figure

2.2.

HIV was seeded at the initial prevalence πi, and the system of ODEs was solved numerically

from 1986 – 2035 using the lsoda algorithm (Petzhold and Hindmarsh) with a variable

time step. The model was coded in R v3.6.2, using “odin” (github.com/mrc-ide/odin), a

wrapper around the deSolve package for solving ordinary differential equations (https://cran.r-

project.org/web/packages/deSolve/index.html).



Figure 2.2 The model flow diagram, representing progression through state of care (r) and stage of infection (s). PrEP initiation, HIV testing,

and ART initiation are represented by blue, green and purple arrows respectively. Red arrows represent mortality and ageing; double red

arrow indicates increased mortality due to HIV infection. Orange arrows represent HIV infection. All risk groups are represented by these

compartments, but some compartments will always be empty for some groups (i.e. “on PrEP” for groups who are not professional FSW).
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2.4.2 Equations

2.4.2.1 Ordinary differential equations (ODEs)

Figure 2.2 shows the care state r and stage of infection s categories for each group i. Sr
i and

Ir,s
i represent susceptible and infected individuals respectively.

Testing/ART care-state (r):

0. Off PrEP, undiagnosed

1. On PrEP, undiagnosed

(a) Perfect adherence (daily dosing)

(b) Intermediate adherence

(c) Non-adherence (undetectable)

(d) PrEP Dropout

2. Diagnosed, off ART

3. Diagnosed, on ART

4. ART dropout

Stage of infection (s):

1. Primary phase

2. CD4 >500 cells/μl

3. CD4 350-500 cells/μl

4. CD4 200-349 cells/μl

5. CD4 <200 cells/μl

N (t) =
i=8

∑
i=1

r=4

∑
r=0

(
Sr

i (t)+
s=5

∑
s=1

Irs
i (t)

)
(2.1)
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N(t) is the total population of GC at time t; and Sr
i (t) and Irs

i (t) are the susceptible and

infected populations respectively, of group i, care state r and disease state s. Note that N(t)
does not include former FSW outside of GC (i = 9).

The following equations describe the recruitment of new individuals (E(t)) into the popu-

lation. Due to the population growth of GC, new people are added to the population every

timestep dependent on the growth rate ε(t).

Ei (t) = (ε (t)+μi +ν) N (t) ωi, i �= 1 (2.2)

Where E(t) is the number of new susceptible people entering the sexually active population

into group i; ε(t) is the total population growth rate; μi is the natural mortality rate; ν is the

rate of exit due to ageing; N (t) is the total population size at time t as defined in Equation

2.2; ωi is the proportion of new people distributed into group i.

For the numbers of professional FSW to be maintained, they have an extra term to account

for those who retire from sex work and leave Grand Cotonou. Additionally, professional

FSW enter the model at a prevalence of the neighbouring countries to Benin (Nigeria, Togo

and Ghana) at time t:

Fi (t) = (ε (t)+μi +ν) N (t) ωi+
1

durPFSW
∗ NPFSW (t)∗ f racFSW f oreign, i= 1 (2.3)

Ei (t) = Fi (t)∗
(

1− prevFSWf oreign (t)
)
, i = 1 (2.4)

Pi (t) = Fi (t)∗ prevFSWf oreign (t) , i= 1 (2.5)

Fi (t) = 0, i �= 1 (2.6)

Pi (t) = 0, i �= 1 (2.7)

Where Fi (t) is the total number of new individuals in group i entering the model at time t,
Ei (t) is the number of susceptible individuals in group i entering the model at time t, Pi (t) is

the number of infected individuals in group i entering the model at time t, durPFSW is the

duration of sex work for professional FSW, NPFSW (t) is the number of professional FSW at

time t, f racFSW f oreign is the fraction of FSW that are foreign-born and prevFSWf oreign(t) is the

prevalence of FSW in neighbouring countries.
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Susceptible:

Susceptible off PrEP:

dS0
i (t)
dt

= Ei(t)−S0
i (t)

(
∑

j

(
λ 0

i j (t)
)
+μi +ζi +ν

)
+T 0

i (2.8)

Where E(t) is the number of new susceptible people entering the sexually active population

into group i as described in Equation 2.4; μi is the background mortality rate of group i; ζi is

the PrEP initiation rate; λ 0
i j (t) is the force of infection from group j to group i; ν is the rate

of exit due to ageing; T rs
i is the sum of the movement of people to and from group i.

The PrEP initiation rate ζi is composed of background testing rate τi (t) of group i at time t,
testing rate due to PrEP/TasP intervention ηi (t), PrEP offering rate ξi(t) and PrEP acceptance

rate σi.

ζi = (τi (t)+ηi (t))∗ξi(t)∗σi (2.9)

Susceptible on PrEP (perfect adherence):

dS1a
i (t)
dt

= ζi (t) f Pa
i S0

i (t)−S1a
i (t)

(
∑

j

(
λ 1a

i j (t)
)
+μi + κa

i +ν

)
+T 1a

i (2.10)

Where f Pa
i is the fraction of individuals in the perfect PrEP adherence category and κr

i is

rate of PrEP dropout.

Susceptible on PrEP (intermediate adherence):

dS1b
i (t)
dt

= ζi(t) f Pb
i S

0

i (t)−S1b
i (t)

(
∑

j

(
λ 1b

i j (t)
)
+μi +κb

i +ν

)
+T 1b,0

i (2.11)

Where f Pb
i is the fraction of individuals in the intermediate PrEP adherence category.

Susceptible on PrEP (non-adherence):

dS1c
i (t)
dt

= ζi(t) f Pc
i S0

i (t)−S1c
i (t)

(
∑

j

(
λ 1c

i j (t)
)
+μi + κc

i +ν

)
+T 1c,0

i (2.12)
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Where f Pc
i is the fraction of individuals in the non-adherence to PrEP category.

Susceptible PrEP drop-out:

dS1d
i (t)
dt

= κa
i (t) S1a

i (t)+κb
i (t) S1b

i (t)+κc
i (t) S1c

i (t)−S1d
i (t)

(
∑

j

(
λ 1d

i j (t)
)
+μi +ν

)
+T 1d,0

i

(2.13)

Note that λ 0
i j (t) and λ 1d

i j (t) are equivalent, as those who have dropped out of PrEP do not

have any PrEP protection.

Primary infection:

As detailed in Equation 2.4, the number of new HIV-infected professional FSW entering the

model depends on changing HIV prevalence in neighbouring countries over time. There are

no HIV-infected individuals entering the model for any other group. The HIV-infected

professional FSW entering the model are divided into the 5 stages of infection in the

undiagnosed care state, proportional to the relative duration of each disease state (ds).

Primary infection off PrEP:

dI0,1
i (t)
dt

= d1 Pi (t)+S0
i (t)∑

j

(
λ 0

i j (t)
)
+S1d

i (t)∑
j

(
λ 1d

i j (t)
)
−

I0,1
i (t)

(
γ0,1 + τ0,1

i (t)+ηi (t)+ μi +ν
)
+ I1,1 (t) κ1 +T 0,1

i (t)

(2.14)

Where γrs is disease progression from care state r and disease stage s; τrs
i (t) is testing rate; κ1

is the PrEP dropout rate for infected individuals.

Primary infection on PrEP:

dI1,1
i (t)
dt

= S1a
i (t)∑

j

(
λ 1a

i j (t)
)
+S1b

i (t)∑
j

(
λ 1b

i j (t)
)
+S1c

i (t)∑
j

(
λ 1c

i j (t)
)−

I1,1
i (t)

(
γ1,1 +κ1 + τ1,1

i (t)+ μi +ν
)
+T 1,1

i (t)

(2.15)

Undiagnosed off PrEP:
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CD4 > 500 off PrEP:

dI0,2
i (t)
dt

= d2 Pi (t)+γ0,1 I
0,1
i (t)+ γ1,1 I

1,1
i (t)−I0,2

i (t)
(

γ0,2 + τ0,2
i (t)+ηi (t)+μi +ν

)
+T 0,2

i (t)
(2.16)

CD4 350 - 500 off PrEP:

dI0,3
i (t)
dt

= d3 Pi (t)+ γ0,2 I
0,2
i (t)− I0,3

i (t)
(

γ0,3 + τ0,3
i (t)+ηi (t)+α0,3

i +μi +ν
)
+T 0,3

i (t)
(2.17)

CD4 200 - 349 off PrEP:

dI0,4
i (t)
dt

= d4 Pi (t)+ γ0,3 I
0,3
i (t)− I0,4

i (t)
(

γ0,4 + τ0,4
i (t)+ηi (t)+α0,4

i +μi +ν
)
+T 0,4

i (t)
(2.18)

CD4 < 200 off PrEP:

dI0,5
i (t)
dt

= d5 Pi (t)+ γ0,4 I
0,4
i (t)− I0,5

i (t)
(

τ0,5
i (t)+ηi (t)+α0,5

i +μi +ν
)
+T 0,5

i (t)
(2.19)

Diagnosed infection, not on ART:

CD4 > 500 diagnosed, off ART:

dI2,2
i (t)
dt

=
(

τ0,1
i (t)+ηi (t)

)
I0,1 (t)+ τ1,1

i (t) I1,1 (t)+
(

τ0,2
i (t)+ηi (t)

)
I0,2(t)−

I2,2
i (t)(γ2,2 +ρ2

i (t)+ρ ′
i (t)+μi +ν)+T 2,2

i (t)
(2.20)

Where ρs
i (t) is rate of ART uptake in group i, disease state s.

CD4 350 - 500 diagnosed, off ART:
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dI2,3
i (t)
dt

= γ2,2 I
2,2
i (t)+

(
τ0,3

i (t)+ηi (t)
)

I0,3(t)−I2,3
i (t)(γ2,3+ρ3

i (t)+ρ ′
i (t)+α0,3

i +μi+ν)+T 2,3
i (t)

(2.21)

CD4 200 - 349 diagnosed, off ART:

dI2,4
i (t)
dt

= γ2,3 I
2,3
i (t)+

(
τ0,4

i (t)+ηi (t)
)

I0,4(t)−I2,4
i (t)(γ2,4+ρ4

i (t)+ρ ′
i (t)+α0,4

i +μi+ν)+T 2,4
i (t)

(2.22)

CD4 < 200 diagnosed, off ART:

dI2,5
i (t)
dt

= γ2,4 I
2,4
i (t)+

(
τ0,5

i (t)+ηi (t)
)

I0,5(t)−I2,5
i (t)(ρ5

i (t)+ρ ′
i (t)+α0,5

i +μi+ν)+T 2,5
i (t)

(2.23)

Diagnosed infection, on ART:

CD4 > 500 diagnosed, on ART:

dI3,2
i (t)
dt

= ρ2
i (t)+ρ ′

i (t)I
2,2
i t + ι2

i I4,2
i (t)− I3,2

i (t)(γ3,2 +φ 2
i (t)+μi +ν)+T 3,2

i (t) (2.24)

Where ιs
i (t) is rate of ART re-initialisation in group i, disease state s; ϕs

i is rate of ART

dropout.

CD4 350 - 500 diagnosed, on ART:

dI3,3
i (t)
dt

= γ3,2 I3,2
i (t)+ρ3

i (t)+ρ ′
i (t)I

2,3
i t+ι3

i I4,3
i (t)−I3,3

i (t)(γ3,3+φ 3
i (t)+α3,3

i +μi+ν)+T 3,3
i (t)

(2.25)

CD4 200 - 349 diagnosed, on ART:
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dI3,4
i (t)
dt

= γ3,3I3,3
i (t)+ρ4

i (t)+ρ ′
i (t)I

2,4
i (t)+ι4

i I4,4
i (t)−I3,4

i (t)(γ3,4+φ 4
i (t)+α3,4

i +μi+ν)+T 3,4
i (t)

(2.26)

CD4 < 200 diagnosed, on ART:

dI3,5
i (t)
dt

= γ3,4I3,4
i (t)+ρ5

i (t)+ρ ′
i (t)I

2,5
i (t)+ι5

i I4,5
i (t)−I3,5

i (t)(φ 5
i (t)+α3,5

i +μi+ν)+T 3,5
i (t)

(2.27)

Diagnosed infection, ART dropout / therapeutic failure:

CD4 > 500 ART drop out / therapeutic failure:

dI4,2
i (t)
dt

= ϕ2
i (t) I3,2

i (t)− I4,2
i (t)

(
γ4,2 + ι2

i (t)+μi +ν
)
+T 4,2

i (t) (2.28)

CD4 350 - 500 ART drop out / therapeutic failure:

dI4,3
i (t)
dt

= γ4,2 I4,2
i (t)+ϕ

3

i (t) I3,3
i (t)− I4,3

i (t)
(

γ4,3 + ι3
i (t)+α0,3

i + μi +ν
)
+T 4,3

i (t)
(2.29)

CD4 200 - 349 ART drop out / therapeutic failure:

dI4,4
i (t)
dt

= γ4,3 I4,3
i (t)+ϕ

4

i (t) I3,4
i (t)− I4,4

i (t)
(

γ4,4 + ι4
i (t)+α0,4

i + μi +ν
)
+T 4,4

i (t)
(2.30)

CD4 < 200 ART drop out / therapeutic failure:

dI4,5
i (t)
dt

= γ4,4 I4,4
i (t)+ϕ

5

i (t) I3,5
i (t)− I4,5

i (t)
(

ι5
i (t)+α0,5

i + μi +ν
)
+T 4,5

i (t) (2.31)
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2.4.2.2 Entering the population

New people entering the population are distributed into the 9 groups at fractions determined

by the parameter ωi.

ωPFSW = f racF ∗ f racFPFSW ∗ f racFSW f oreign (2.32)

ωLFSW = f racF ∗ f racFPFSW ∗ ratioLFSW ∗ f racFSW f oreign (2.33)

ωGPF = f racF −ωPFSW −ωLFSW −ωV F (2.34)

ωGPM = (1− f racF)∗ f racMSA (2.35)

ωV F = f racF ∗ (1− f racFSA) (2.36)

ωV M = (1− f racF)∗ (1− f racMSA) (2.37)

ωC = ωFFSWinCot = ωFFSWoutCot = 0 (2.38)

i=9

∑
i=1

ωi = 1 (2.39)

Where ωi is the fraction of new individuals entering group i; PFSW , LFSW , GPF , GPM,

V F , V M, C, FFSWinCot and FFSWoutCot represent professional female sex workers, part-

time female sex workers, low risk women and men, not yet sexually active women and men,

clients, former female sex workers in GC and former female sex workers outside of GC

respectively; f racF is the fraction of individuals that are female; f racFPFSW is the fraction

of women that are professional sex workers; ratioLFSW is the ratio of number of part-time

sex workers to professional sex workers; f racFSW f oreign is the fraction of sex workers that

are non-Beninese; f racMSA is the fraction of men that are sexually active; f racFSA is the

fraction of women that are sexually active.
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2.4.2.3 Turnover

Turnover between compartments was a critical component of the model for spreading

infections from high risk to low risk groups, and was also important for maintaining the

correct demographic patterns in the population. Turnover is represented by two separate

parameters, moving out (ui) and moving in (vi j). The former is the rate of leaving a group i,
thus need only apply to the group in question. The latter is the rate of entering a group i from

group j which captures the correct numbers in care-state r and stage of disease s.

Turnover applies equally to both susceptible and infected states (whereby X = S and X = I
respectively), and applies to all care states and stages of infection. Thus, the movement into

states S0
i and I4,5

i will arrive from states S0
j and I4,5

j respectively. As such, when considering

the movement of people from group j to group i, it will be with the HIV prevalence of

group j. Note however that professional FSW on PrEP do not move to their associated PrEP

category, but rather into the susceptible off PrEP category (S0
i ) of the destination group.

Movements in and out are combined into the turnover T rs
i (t) as follows:

T r,s
i (t) =−Xr,s

i (t)∗ ui +
j=9

∑
j=1

vi j ∗ Xr,s
j (t) (2.40)

Where T r,s
i (t) is the turnover of group i, care-state r and disease state s; Xr,s

i (t) is the current

number of individuals in the state, ui is the rate of leaving of group i; vi j is the rate of entering

in group i from group j.

Groups (i):

1. Professional FSW

2. Part-time FSW

3. Low-risk women

4. Former FSW in GC

5. Clients

6. Low-risk men

7. Not yet sexually active women

8. Not yet sexually active men
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9. Former FSW outside model

Not yet sexually active men and women

Not yet sexually active (NYSA) men and women enter the sexually active population. NYSA

women (i = 7) move into the low-risk women category (i = 3); NYSA men (i = 8) move

into the low-risk men category (i = 6).

Rate of leaving NYSA woman group (u7):

u7 =
1

χ7 −15
(2.41)

Rate of leaving NYSA men group (u8):

u8 =
1

χ8 −15
(2.42)

Where u7 and u8 are the rate leaving of NYSA women and men groups respectively; χi is the

average age of sexual debut of group i. Fifteen is the youngest age in the model, thus χ8−15

represents the length of time spent NYSA.

This results in the movement of NYSA women and men to be expressed as follows:

T r,s
7 (t) =−Xr,s

7 (t)∗ u7 (2.43)

T r,s
8 (t) =−Xr,s

8 (t)∗ u8 (2.44)

Where T r,s
7 (t) and T r,s

7 (t) are the movements of NYSA women and men respectively of

care state r and stage of infection s; Xr,s
i is either a susceptible (X = S) or infected (X = I)

individual in group i, care state r and stage of infection s at time t.

Professional and part-time female sex workers

Professional and part-time FSW are recruited from either outside of the sexual network of

GC, or recruited from the low-risk population. Both FSW groups retire to former FSW

groups (both inside and outside GC).
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Rate of leaving sex work is equal to the inverse of the duration of sex work ( 1
durPFSW

and
1

durLFSW
for professional and part-time FSW respectively).

Rate of leaving professional sex work (u1):

u1 =
1

durPFSW
(2.45)

Rate of leaving part-time sex work (u2):

u2 =
1

durLFSW
(2.46)

Where durPFSW and durLFSW is the duration of professional and part-time sex work respec-

tively.

The movement rates of FSW from the low-risk women group are calculated as follows:

Rate of entering professional sex work from low-risk women:

v1,3 =

(
1

durPFSW
+μF +ν

)
N1(0)

N3(0)

(
1− f racFSW f oreign

)
(2.47)

Rate of entering part-time sex work from low-risk women:

v2,3 =

(
1

durLFSW
+μF +ν

)
N2(0)

N3(0)

(
1− f racFSW f oreign

)
(2.48)

Where μF is female baseline mortality; ν is the rate of ageing; Ni(0) is the initial popu-

lation size of group i; f racFSW f oreign is the fraction of sex workers that are non-Beninese.

If f racFSW f oreign = 0, all FSW are recruited from the low-risk women group of GC; if

f racFSW f oreign = 1, all FSW are recruited from outside GC within the rate of entry E1 and

E2 for professional and part-time sex workers respectively. The ratio of professional FSW

and part-time FSW to low-risk women (
N1(0)
N3(0)

and
N2(0)
N3(0)

respectively) is required to ensure

that the approximately the same numbers of FSW that retire from sex work are recruited

from the low-risk women group. μF and ν are also required to recruit FSW at the rate at

which they age and die.

Total movement for professional and part-time FSW (T r,s
1 (t) and T r,s

2 (t) respectively), in-

cluding leaving and entering, are thus expressed as follows:
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T r,s
1 (t) =−Xr,s

1 (t)∗ u1 + v1,3 ∗ Xr,s
3 (t) (2.49)

T r,s
2 (t) =−Xr,s

2 (t)∗ u2 + v2,3 ∗ Xr,s
3 (t) (2.50)

Where u1 and u2 are rates of leaving professional and part-time sex work respectively, which

are multiplied by the number of individuals in each care state r and stage of infection s at

time t (Xr,s
1 (t) and Xr,s

2 (t) respectively); v1,3 and v2,3 are the rates of entering professional

and part-time sex work respectively, which are multiplied by the number of individuals in the

low-risk women (Xr,s
3 (t)) of care state r and stage of infection s.

Low-risk women

The rate of leaving of low-risk women group (u3) is the combination of the rates v1,3 and

v2,3:

u3 =

(
1

durPFSW
+μF +ν

)
N1(0)

N3(0)

(
1− f racFSW f oreign

)
+(

1

durLFSW
+μF +ν

)
N2(0)

N3(0)

(
1− f racFSW f oreign

) (2.51)

The rate of entering of the low-risk women group is equal to the rate of leaving of the NYSA

women group as shown in the following equation:

v3,7 =
1

χ7 −15
(2.52)

Total movement for low-risk women (T r,s
3 (t)), including leaving and entering, is expressed

as follows:

T r,s
3 (t) =−Xr,s

3 (t)∗ u3 + v3,7 ∗ Xr,s
7 (t) (2.53)

Where Xr,s
3 (t) is the number of low-risk women individuals in care state r and stage of

infection s at time t; u3 is the leaving rate of low-risk women; v3,7 is the entering rate of

low-risk women from the NYSA women group; Xr,s
7 (t) is the number of NYSA women in

the same care state and stage of infection.
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Former FSW inside and outside Grand Cotonou

Professional and part-time FSW retire to become former FSW, either inside or outside of GC.

The parameter f racFSW f oreign represents the fraction of FSW that were foreign-born, which

determines how many FSW leave GC upon retirement.

Rate of entering former FSW in GC from professional FSW category:

v4,1 =
1

durPFSW

(
1− f racFSW f oreign

)
(2.54)

Rate of entering former FSW in GC from part-time FSW category:

v4,2 =
1

durLFSW

(
1− f racFSW f oreign

)
(2.55)

Rate of entering former FSW outside GC from professional FSW category:

v9,1 =
1

durPFSW
f racFSW f oreign (2.56)

Rate of entering former FSW outside GC from part-time FSW category:

v9,2 =
1

durLFSW
f racFSW f oreign (2.57)

Total movement for former FSW inside (T r,s
4 (t)) and outside GC (T r,s

9 (t)) are calculated as

follows:

T r,s
4 (t) = v4,1 ∗ Xr,s

1 (t)+ v4,2 ∗ Xr,s
2 (t) (2.58)

T r,s
9 (t) = v9,1 ∗ Xr,s

1 (t)+ v9,2 ∗ Xr,s
2 (t) (2.59)

Where Xr,s
1 (t) and Xr,s

2 (t) represent the number of professional and part-time FSW respec-

tively, in care state r and stage of infection s at time t.

Clients
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Clients are recruited only from the low-risk men population, at a rate inversely proportional

to the duration of being a client ( 1
durclient

).

Rate of leaving client group (u5):

u5 =
1

durclient
(2.60)

To keep the proportion of men that are clients approximately the same over time, the rate of

entering the client group from the low-risk men group (v5,6) scales the rate of leaving of the

client group by the fraction of men that are clients at seeding (
N5(0)
N6(0)

). The background male

mortality and ageing rates (μM and ν respectively) are included to replace the clients that

are leaving due to death or ageing. The rate of entering the client category from the low-risk

men (v5,6) is calculated as follows:

v5,6 =

(
1

durclient
+μM +ν

)
N5(0)

N6(0)
(2.61)

Total movement for clients is thus calculated as follows:

T r,s
5 (t) =−Xr,s

5 (t)∗ u5 + v5,6 ∗ Xr,s
6 (t) (2.62)

Where Xr,s
6 (t) is the number of low-risk men in care state r and stage of infection s at time t.

Low-risk men

Low-risk men leave at rate u6, which is calculated as follows:

u6 =

(
1

durclient
+μM +ν

)
N5(0)

N6(0)
(2.63)

Rate of entering low-risk men from the client category (v6,5) is calculated as follows:

v6,5 =
1

durclient
(2.64)

Rate of entering low-risk men from the NYSA men category (v6,8) is calculated as follows:
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v6,8 =
1

χ8 −15
(2.65)

Where χ8 is the average age of sexual debut of NYSA men.

Total movement for the low-risk men category (T r,s
6 (t)) combines the turnover with clients

with the movement from NYSA men, and is calculated as follows:

T r,s
6 (t) =−Xr,s

6 (t)∗ u6 + v6,5 ∗ Xr,s
5 (t) + v6,8 ∗ Xr,s

8 (t) (2.66)

Where Xr,s
5 (t) and Xr,s

8 (t) are the numbers of clients and NYSA men respectively, in care

state r and stage of infection s.

2.4.2.4 Testing rates

Household, IBBS and DHS surveys provided estimates on the probability of being tested

in the last year for FSW and men and women in GC. After interpolating over time yearly

estimates of testing coverage (see parameter table), every time step I estimated the rate of

undergoing testing with the following equation:

τr,s
i =− ln(1− ptesti) (2.67)

Where τr,s
i is the rate of testing of group i; ptesti is the probability of being tested last year of

group i.

There are two cases when this is different:

1. Individuals in I0,5
i have an increased testing rate (τ0,5

i ) as calculated below

τ0,5
i =− ln(1− ptesti)∗ RRtestCD4200 (2.68)

Where RRtestCD4200 is the increase in testing due to a CD4 count <200 cells/mm3, which is

associated with symptoms of AIDS.

2. For individuals on PrEP but infected in primary phase (I1,1), testing rate τ1,1
i is fixed to 4

(year−1), as those under PrEP surveillance are tested every 3 months.

τ1,1
i = 4 (2.69)



110 Data summary and transmission model development for HIV in Cotonou

I assumed no difference in test sensitivity by PrEP status or stage of infection.

Furthermore, increased testing in the TasP/PrEP intervention was reflected in increased

testing when simulating the intervention scenario. This additional testing rate, represented

by ηi (t), was only applied during the 2 years of the study, or for longer when simulating an

intervention scale up.

2.4.2.5 ART initiation rates

ART initiation rate is represented by ρs
i , varying by group i and stage of infection s. Eli-

gibility of ART has historically depended on CD4 count according to national and WHO

recommendations; the rates of ART initiation in the model reflected this. Prior to 2012,

only those with a CD4 count below 350 cells/mm3 were eligible for ART (s = 4,5); in 2015

this was extended to those below 500 (s = 3,4,5), and in 2016 all stages of infection were

eligible.

Increased ART initiation due to the TasP/PrEP intervention was also represented in the model,

with the parameter ρ ′
i (t), which applies only to professional FSW.

The assumed proportion of all pFSW on ART that are virally suppressed was a weighted

average of observed viral suppression among pFSW on TasP (87%), and the viral suppression

among pFSW outside of TasP (75%).

2.4.2.6 Force of infection

The force of infection (λ r
i j (t)) is defined as the per capita rate at which susceptible individuals

of risk group i and care state r are infected by individuals of risk group j. It is derived from

the total risk of infection from commercial (C) and non-commercial partnerships (N), all

care states r and stages of infection s, including sex acts with and without protection from

condoms and PrEP.

λ r
i j (t) =

pC
i j cC

i

r=4

∑
r=0

s=5

∑
s=1

⎛
⎝ Ir,s

j (t)

∑r=4
r=0 ∑s=5

s=1

(
Ir,s

j (t)+Sr,s
j (t)

) (
1− (

1− (1− er
P) βi j Rr,s )nC

i j(t)
(

1− fC
i j (t)

)
×
(

1− (
1− eci j

)
(1− er

P) βi j Rr,s
j

)nC
i j(t) fC

i j (t)
)⎞
⎠

+

pN
i j cN

i

r=4

∑
r=0

s=5

∑
s=1

⎛
⎝ Ir,s

j (t)

∑r=4
r=0 ∑s=5

s=1

(
Ir,s

j (t)+Sr,s
j (t)

) (
1− (

1− (1− er
P) βi j Rr,s )nN

i j(t)
(

1− f N
i j (t)

)
×
(

1− (
1− eci j

)
(1− er

P) βi j Rr,s
j

)nN
i j(t) f N

i j (t)
)⎞
⎠

(2.70)
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Where pC
i j and pN

i j are the probability of sexual contact between groups i and j for commercial

and non-commercial partnerships respectively; cC
i and cN

i are the rates of new partner

acquisition for commercial and non-commercial partnerships respectively; βC
i j and β N

i j are

the commercial and non-commercial probability of HIV transmission per sex act from j to i
respectively; Rr,s

j is a matrix containing the scaling factors for risk of transmission based on

care state r and stage of infection s of transmitter j; nC
i j (t) and nN

i j (t) are the commercial and

non-commercial number of sex acts per partnership, fC
i j (t) and f N

i j (t) are the proportion of

commercial and non-commercial sex acts protected by a condom, eci j is the condom efficacy,

and er
P is PrEP efficacy of care state r (perfect, intermediate or non-adherence to PrEP). For

individuals who are not using PrEP, or who are not adherent, efficacy of PrEP is assumed to

be 0.

The total force of infection experienced by individuals of group i, and care state r (λ totr
i (t))

is the sum of the forces of infection contributed by each type of partnership they have.

λ totr
i (t) = ∑

j
λ r

i j (t) (2.71)

2.4.2.7 Balancing of partnerships

Commercial partnerships

The total number of commercial partnerships as declared by women (i = 1,2) must match the

total number of commercial partnerships as declared by men (i = 5), such that the following

equation is satisfied:

cC
1 N1 + cC

2 N2 = cC
5 N5 (2.72)

Where cC
i is the commercial partner change rate of group i; Ni is the total number of

individuals in group i. I used two methods (one of which is randomly chosen in each

simulation) in order to ensure that this equation is fulfilled:

1. Either I changed the partner change rate of the professional FSW every timestep in order

to balance

cC′
1 =

cC
5 N5 − cC

2 N2

N1
(2.73)
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Where cC′
1 is the balanced partner change rate of professional FSW, which will be applied in

the force of infection.

2. Or I changed the partner change rate of the clients every timestep in order to balance

cC′
5 =

cC
1 N1 + cC

2 N2

N5
(2.74)

Where cC′
5 is the balanced partner change rate of clients, which will be applied in the force of

infection.

Non-commercial partnerships

The number of non-commercial partnerships as declared by women (i = 1,2,3,4) must match

the number of partnerships as declared by men (i = 5,6), such that the following equation is

satisfied:

i=4

∑
i=1

cN
i Ni =

i=6

∑
i=5

cN
i NicN

1 N1 + cN
2 N2 + cN

3 N3 + cN
4 N4 = cN

5 N5 + cN
6 N6 (2.75)

I changed the partner change rate of low-risk women (i = 3) and former FSW (i = 4) in GC

every timestep to balance partnerships:

cN′
3 = cN′

4 =
cN

5 N5 + cN
6 N6 − cN

1 N1 − cN
2 N2

N3 +N4
(2.76)

Low-risk women and former FSW in GC share the same non-commercial partner change

rate (cN′
3 and cN′

4 respectively).

Sex acts per partnership

This parameter is equal between each pairing, i.e. professional FSW have the same number

of sex acts per commercial partnerships with clients, as clients have with professional FSW.

The value of this parameter is drawn from a range whose uncertainty encompasses estimates

from professional FSW and client data.
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2.4.2.8 Probability of sexual contact

The contact matrices MC
i j and MN

i j determine whether commercial and non-commercial

partnerships respectively are formed between groups i and j.

The values in the matrices take value either 1 or 0, representing sexual contact or not,

respectively. For commercial partnerships (MC
i j), clients (i = 5) have sexual contact with

professional FSW (i = 1) and part-time FSW (i = 2). The corresponding elements in the

matrix have value 1; all the rest have value 0.

For non-commercial partnerships (MN
i j ), clients have sexual contact with professional FSW,

part-time FSW, low-risk women, and former FSW in Cotonou. Low-risk men have sexual

contact with low-risk women and former FSW in Cotonou. The corresponding elements in

the matrix have value 1; the rest have 0.

The probabilities of commercial and non-commercial sexual contact of an individual from

group i with an individual from group j (pC
i j and pC

i j respectively) are determined by the

proportion of partnerships declared by group j out of the total number of partnerships,

calculated as follows:

pC
i j (t) =

cC
j Nj

∑9
j=1 cC

j Nj MC
i j
, MC

i j = 1 (2.77)

pC
i j (t) = 0, MC

i j = 0 (2.78)

pN
i j (t) =

cN
j Nj

∑9
j=1 cN

j Nj MN
i j
, MN

i j = 1 (2.79)

pN
i j (t) = 0, MN

i j = 0 (2.80)

Where cC
j and cN

j represent the commercial and non-commercial partner change rates of

group j respectively, after balancing.

2.4.2.9 HIV transmission probability per sex act

From Boily et al. 2009, I obtained ranges for the baseline probability of HIV transmission

from men to women (β ) [65]. I estimated the per sex act probability of transmission from
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men to women (and vice versa) which depended on: relative risk of HIV transmission proba-

bility (RR) with concurrent HSV-2 infection in the acquirer, female-to-male transmission,

circumcision, and HSV-2 prevalence in the acquirer. I assumed all males were circumcised

[255].

HIV transmission probability per sex act from men to women (βMF ):

βMF = β ∗ (1+(RRHSV 2
j −1)∗πHSV 2

j ) (2.81)

Where RRHSV 2
j is the RR of transmission probability if acquirer group j is HSV-2 infected;

πHSV 2
j is the prevalence of HSV-2 in group j.

There are other STIs which affect HIV transmission, such as gonorrhoea, chlamydia, and

various other genital infections. However, prevalence of HSV-2 is at much higher prevalence

than other STIs in Cotonou. HSV-2 was present in 87-94% of FSW in Cotonou in 1998 [255],

while syphilis, gonorrhoea and chlamydia were at 1.5%, 20.5% and 5.1% respectively in

1998 [254]. In order to control model complexity, I aimed to reduce the number of parameters

wherever possible, and so did not explicitly model the other STIs.

HIV transmission probability per sex act from women to men (βFM):

βFM = β ∗ RRβ FM ∗ RRβ circum ∗
(

1+(RRHSV 2
j −1)∗πHSV 2

j

)
(2.82)

Where RRβ FM is the RR of female-to-male transmission; RRβ circum is RR of male circumci-

sion.

2.4.2.10 Relative risk of transmission

Table 2.9 shows how the relative risk of transmission (Rr,s
j ) per sex act varies with care state

(r) and the stage of infection (s) of the transmitter ( j).
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Table 2.9 The relative risk parameter employed according to the care state and stage of infection of the

transmitter.

Relative risk of transmission 
( ) 

Stage of infection ( ) of the transmitter ( ) 

1. Primary 2. CD4 
>500 

3. CD4 350 - 
500 

4. CD4 200 - 
349 

5. CD4 
<200 

Care state 
( ) of the 

transmitter 
( ) 

0. Off PrEP RRprimary 1 1 1 RRAIDS 
1. On PrEP RRprimary - - - - 

2. Diagnosed 
off ART - 1 1 1 RRAIDS 

3. On ART - RRj
ART RRj

ART RRj
ART RRj

ART 
4. ART Drop 

out - 1 1 1 RRAIDS 

Where RRprimary is the relative risk of infection per sex act if the transmitter is in the primary

stage of infection; RRAIDS is the relative risk of infection per sex act if the transmitter is in

AIDS stage; RRART is the relative risk of infection if the transmitter is on ART. RRART
j is

calculated as follows:

RRART
j = 1−V S j ∗ e f f ART (2.83)

Where V S j is the proportion of individuals that are virally suppressed in group j, and e f f ART

is the efficacy of ART when virally suppressed.

2.4.2.11 Disease progression and AIDS-related mortality

Progression through the stages of infection occurs at rate γr,s for each care state r and stage

of infection s.

The duration of the entire infection (durSCdeath, seroconversion to death) was estimated, as

well as the duration of primary phase ( 1
γ01 ), infection stage CD4 200-349 ( 1

γ04 ) and CD4

<200 ( 1
α05 ). The durations of stages CD4 >500 ( 1

γ02 ) and CD4 350-500 ( 1
γ03 ) are calculated as

follows:

1

γ02
=

1

γ03
= durSCdeath − 1

γ01
− 1

γ04
− 1

α05
(2.84)

Progression happens at the same rate when undiagnosed off PrEP, undiagnosed on PrEP,

diagnosed off PrEP or in ART dropout (r = 0,1,2,4); progression is slowed by a factor of

progART for those on ART (r = 3) such that:
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γ32 =
γ02

progART
∗ V S j + γ02

(
1−V S j

)
(2.85)

γ33 =
γ03

progART
∗ V S j + γ03

(
1−V S j

)
(2.86)

γ34 =
γ04

progART
∗ V S j + γ04

(
1−V S j

)
(2.87)

Where V S j is the proportion of individuals that are virally suppressed in group j.

If an individual on PrEP is infected (I1,1
i ), they progress at the same rate as if not on PrEP:

γ1,1 = γ0,1 (2.88)

There is no AIDS-related mortality for those who are susceptible, primary phase of infection,

or CD4 >500 (s = 0,1,2). It occurs for CD4 350-500, CD4 200-249, CD4 <200 (s = 3,4,5).

AIDS related mortality for those on ART (r = 3) is slowed by a factor of mortART , such that:

α33 =
α03

mortART
∗ V S j + α03

(
1−V S j

)
(2.89)

α34 =
α04

mortART
∗ V S j + α04

(
1−V S j

)
(2.90)

α35 =
α05

mortART
∗ V S j + α05

(
1−V S j

)
(2.91)

2.5 Model fitting

The model was calibrated within a Bayesian framework. Based on the summarised data

described earlier in the chapter, I defined pre-specified plausible prior ranges for 87 demo-

graphic, behavioural, biological and intervention model parameters (Tables 2.1-2.4), and 31

different demographic, epidemiological and intervention fitting targets before and after the

PrEP/TasP study (Table 2.7).
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Some parameters were sampled in a Latin Hypercube from a prior uniform distribution of

the range given in the table, others were fixed and not sampled. For parameters that were

sampled at multiple timepoints (e.g. commercial partner change range), I assumed that

the values varied linearly between them. Parameter estimates sourced from the published

literature assumed the 95% CI as the prior range. If the 95% CI was not used for a certain

parameter, its range is described in the parameter tables.

The model was fitted in two stages. The first was to all data up until the beginning of the

study (2015); this is called “pre-study model fitting”, and the data is presented in Table 2.7A.

Note that this stage was itself completed in two steps (see: pre-study model fitting section

below). The second stage, PrEP/TasP study model fitting, reflected observed data from the

2-year study between 2015-2017, as shown in Table 2.7B.

2.5.1 Pre-study model fitting (1986-2015)

The pre-study model fitting was itself completed in two steps using Latin Hypercube Sampling

(LHS) [285]. In step 1, I sampled my pre-specified demographic priors to form 7,000

parameter sets, and retained those which produced model estimates meeting the 11 pre-

specified demographic model fitting targets (442 parameter sets retained) (Table 2.7A). In

step 2 (epidemiological), the posterior ranges of these 442 parameter sets were sampled 79

million times, retaining those which produced model outcomes meeting all 25 fitting targets

before 2015 (111 parameter sets retained). On important precision is that all trajectories had

to fall strictly within the bounds provided in Table 2.7, except for HIV prevalence among

professional FSW in 2015 and 2017. As it was impossible to obtain a trajectory which met

those two data points, I relaxed the conditions such that trajectories were permitted if they

fell within the bounds of at least one of them.

Following this procedure, the modelled epidemic trajectories therefore reflected the empirical

data in Cotonou. Some fitting targets (e.g. men and women on ART combined) are after

2015, but these were insignificantly impacted by the PrEP/TasP study, hence I called this

stage “pre-study” for simplicity. Additional available data not used for model fitting were

used for cross-validation (Table 2.8).

In terms of HIV prevalence, there were multiple estimates from survey data at different

time points for each risk group. It was not possible to include all points as strict fitting data

without discarding all parameter sets. I therefore chose a priori which data points would

be used for fitting or for cross-validation. In collaboration with experts in on the ground in

Cotonou who have studied the setting for decades, the data points reflecting surveys in which
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they had most confidence were chosen as fitting points. For example, due to the difficulties

of finding a fully representative sample of part-time FSW, their HIV prevalence estimates

were only used as cross-validation.

2.5.2 PrEP/TasP study model fitting (2015-2017)

I next fitted the model to the 2-year PrEP/TasP targets, reflecting the observed study data

(adherence, retention, coverage). First, I defined prior ranges for six PrEP and TasP pa-

rameters (Table 2.5 and Table 2.6). For each of the 111 parameter sets retained after the

pre-study fitting, I sampled the ranges of the six PrEP/TasP parameters 100 times separately

and retained the set that produced model results best matching (using a least squares method)

the study targets (Table 2.7B).

2.5.3 Scenarios

After fitting to the 2-year PrEP/TasP study, the model was now fully calibrated to the HIV

epidemic in Cotonou, from 1986-2017. Using this fitted model, I could simulate various

scenarios. Chapter 3 describes scenarios to estimate the impact of PrEP and TasP among

pFSW in Cotonou. Chapter 4 describes scenarios to estimate the impact of COVID-19 on

HIV epidemiology.

2.6 Discussion

In this chapter, I have introduced the HIV epidemic of Cotonou, and previous modelling

studies describing it. I summarised data used to parameterise and fit the HIV dynamic

transmission model in Cotonou, which is also described in this chapter. In Chapter 3, I show

that the model captures the HIV epidemic in Cotonou, by comparing epidemic trajectories to

model fitting targets. I also estimate the impact of the PrEP/TasP study, as well as scale-up

scenarios of PrEP and TasP. In Chapter 4, I build upon the fitted model described in this

chapter, to generate scenarios of COVID-related disruptions to HIV prevention services

and sexual behaviour. I use these scenarios to estimate the impact of COVID-19 on HIV

epidemiology.



Chapter 3

Impact of pharmaceutical interventions
for HIV in Cotonou

3.1 Overview

In Chapter 2, I introduced the HIV epidemiological context of Cotonou and the various

prevention and treatment interventions that have been implemented since the early 1990s.

I presented and summarised the sources of data for the parameterisation and fitting of a

transmission model to the Cotonou HIV epidemic. Next, I mathematically described the

transmission model. Finally, I detailed the model fitting process.

In this chapter, I describe the scenarios relevant to the PrEP/TasP impact analysis. I present

the results of the model fitting by plotting the simulated epidemic trajectories against de-

mographic, epidemiological and intervention fitting data and cross-validation data. Next, I

present the results of the impact analysis of the PrEP/TasP study, as well as scaled-up PrEP

and TasP interventions. Finally, I discuss the implications of these results firstly in the wider

context of HIV interventions in Cotonou, and secondly with respect to the appropriateness of

the transmission model framework, to respond to the aims of this thesis.

The content in this chapter is published in the same article as the content in Chapter 2.

Geidelberg, L., Mitchell, K. M., Alary, M., Mboup, A., Béhanzin, L., Guédou, F., ... &

Boily, M. C. (2021). Mathematical Model Impact Analysis of a Real-Life Pre-exposure

Prophylaxis and Treatment-As-Prevention Study Among Female Sex Workers in Cotonou,

Benin. Journal of Acquired Immune Deficiency Syndromes, 86(2), e28.
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3.2 Methods

3.2.1 Scenarios

3.2.1.1 PrEP/TasP study scenario

After completing the two stages of model fitting described in Chapter 2, I used the 111

parameter sets obtained and produced the PrEP/TasP study scenario, reflecting what happened

during the two years of study, as well as after the study end in 2017 [169]. This specific

scenario assumed that HIV testing, PrEP and ART eligibility returned to the pre-study levels

after 2 years (at study end), i.e. that PrEP was unavailable, and ART eligibility for pFSW

returned to CD4<500 cells/μ l. I assumed that pFSW recruited to TasP remained on ART post-

study. I simulated the HIV epidemic from 1986-2035 using these assumptions (PrEP/TasP

study scenario A1, Table 3.1). The PrEP and TasP arms of the study were also simulated

alone (scenarios A2 and A3 respectively) to estimate the relative impact of each. These

scenarios (along with all other scenarios) are summarised in Table 3.1.

3.2.1.2 Long-term 20-year intervention scenarios (2015-2035)

I also simulated long-term PrEP and/or TasP “extension” and “scale-up” scenarios, which

offered interventions to all eligible pFSW for 20 years (2015-2035) instead of 2 years. Details

are available in Table 3.1. The “extension” scenarios maintained over twenty years the same

HIV testing, PrEP/ART initiation and dropout rates as the PrEP/TasP study scenario. PrEP

and TasP extensions are labelled scenarios B1 and B4 respectively. “Scale-up” scenarios

assumed a PrEP or TasP initiation rate twice as high as those observed in the study. PrEP

scale-up also allowed PrEP re-initiations, while TasP scale-up also assumed a four-fold

decrease in ART dropout rate. PrEP and TasP scale-ups are labelled scenarios B2 and B5

respectively. These scenarios are within limits of what was deemed realistic by local experts

(Michel Alary, MD). I assumed no reduction in condom use for those on PrEP, as observed

[255].

I further simulated combination scenarios of PrEP and TasP. Scenario B6 is a PrEP extension

combined with TasP scale-up. Scenario B7 is a PrEP scale-up combined with a TasP scale-up.

Finally, I also simulated an "optimistic" PrEP scale-up scenario, which assumed a PrEP

initiation rate five-fold higher than that observed in the study (scenario B3). This scenario is

less realistic according to local experts (Michel Alary, MD), as such it is not considered a
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part of the main analysis. However, the impact of this scenario is explored in a sensitivity

analysis in Section 3.3.2.3.

In all long-term intervention scenarios, pFSW HIV testing equalled the PrEP/TasP study

rate. When modelling PrEP alone, I assumed that ART eligibility remained at CD4<500

cells/μl, and that PrEP daily adherence patterns were either (i) equal to the 2-year study or

(ii) “perfect” adherence. For long-term TasP intervention scenarios, all HIV-infected pFSW

were eligible for ART for 20 years.

3.2.1.3 Counterfactual scenarios

The main counterfactual scenario (scenario C0) simulated the HIV epidemic over 1986-2035

without PrEP or TasP among pFSW. I assumed that all parameters (including HIV testing,

ART initiation and dropout rates) remain constant from 2015 onwards, PrEP never became

available, and ART eligibility remained at CD4<500 cells/μl (reflecting guidelines in 2015)

for pFSW until 2035. Despite all HIV-infected key populations later becoming eligible for

ART [169], CD4<500 was the “standard of care” at the time of the study, and was therefore

used as the counterfactual to estimate the impact of TasP (the combined effect of increased

ART eligibility, initiation and HIV testing), to answer my primary modelling objective. I

ensured the number of pFSW on ART predicted in the model counterfactual in 2017 was

consistent with the observed number within the Beninese health system. Most of the main

results in Chapter 3 assume this as the counterfactual scenario.

Finally, I explored an alternative counterfactual scenario (scenario C1), which assumed that

all HIV-infected FSW were eligible for ART from 2017 onwards, even if the study had

never happened. I repeated all analyses using this counterfactual scenario. This facilitated

understanding the impact of increased ART initiation and HIV testing resulting from TasP,

but not the effects of changing eligibility. A fuller explanation of this scenario, and the

impact it has on the results, are presented as a sensitivity analysis in Section 3.3.2.3.
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Table 3.1 Short and long-term scenarios investigated. A) the 2-year PrEP/TasP study and (B) various extended

and scaled up 20-year PrEP and TasP interventions.

Scenario

Increase
d HIV 
testing 
among 
FSW†

PrEP among FSW ART among FSW
Median coverage across 

111 fits (%)

Initiation 
rate‡ Adherence

Eligibility 
criteria 
(from 
2015)

TasP 
initiation & 

dropout 
rates‡ 2017 2035

C0

Main 
counterfactual 
(no PrEP or 

TasP)

- - - CD4 < 500 -

PrEP 0% 0%

ART
49% 52%

C1 Alternative 
counterfactual - - -

Any CD4
-

PrEP 0% 0%
ART 64% 67%

PrEP/TasP study scenarios (2015-2017)§

A1 Observed 
PrEP/TasP study

As 
observed As observed As observed 

(Table 1E)

Any CD4 
(until 
2017)¶

As observed
PrEP 9% 0%

ART 83% 53%

A2 PrEP study arm 
alone

As 
observed As observed As observed CD4 < 500 - PrEP 9% 0%

ART As counterfactual 

A3 TasP study arm 
alone

As 
observed - -

Any CD4 
(until 
2017)¶

As observed 
PrEP As counterfactual 

ART 83% 53%

Long-term 20-year interventions scenarios (2015-2035)
Long-term PrEP alone

B1 PrEP extension†† As 
observed As observed i) As observed

ii) Perfect CD4 < 500 - PrEP 24%‡ 20%
ART As counterfactual 

B2 PrEP scale-up†† As 
observed

2x higher than 
observed;
allow re-
initiations

i) As observed
ii) Perfect CD4 < 500 -

PrEP 37% 47%

ART
As counterfactual 

B3 Optimistic PrEP 
scale-up††

As 
observed

5x higher than 
observed;
allow re-

initiations

i) As observed 
ii) Perfect CD4 < 500 -

PrEP 53% 69%

ART As counterfactual

Long-term TasP alone

B4 TasP extension As 
observed - - Any CD4 As observed PrEP As counterfactual

ART 83% 81%

B5 TasP scale-up As 
observed - - Any CD4

Initiation 2x 
higher & 
dropout 4x 
lower than 
observed 

PrEP As counterfactual 

ART

89% 88%

Long-term PrEP and TasP combined

B6
PrEP extension†† 

+
TasP scale-up

As 
observed As observed i) As observed

ii) Perfect Any CD4

Initiation 2x 
higher & 
dropout
4x lower than 
observed

PrEP As B1

ART As B4

B7
PrEP scale-up††

+
TasP scale-up

As 
observed

2x higher than 
observed;
allow re-
initiations

i) As observed 
ii) Perfect Any CD4

Initiation 2x 
higher & 
dropout 4x 
lower than 
observed

PrEP As B2

ART

As B5

† Increased testing among pFSW applied over the duration of the intervention (PrEP/TasP study scenarios: 2015-2017; long-term scenarios:

2015-2035)

‡ PrEP and TasP initiation rates among HIV-uninfected and HIV-infected pFSW (PrEP/TasP study scenarios as observed: 2015-2016;

long-term scenarios: 2015-2035)

§ PrEP and TasP were available between 2015–2017, and impact measured both over 2 years (2015-2017) and over 20 years (2015-2035)

¶ Eligibility returns to CD4<500 in 2017

†† All 20-year scenarios involving PrEP are simulated twice: either assuming adherence as observed or assuming all FSWs adhere perfectly

‡‡ Note long-term PrEP initiation rate assumed constant from 2015 onwards (c.f. in the study where initiation only lasted one year:

2015-2016



3.3 Results 123

3.2.2 Estimating impact

For each model fit and scenario, I estimated the annual number of incident HIV infections

and life-years lived (number of individuals at each mid-year) for each risk group.

Infections averted (IAW
i ) were calculated as the difference in cumulative infections between

intervention w (CIW
i ) and the main counterfactual scenario (CIC

i ) (Table 3.1).

IAW
i =CIW

i −CIC
i (3.1)

Life years gained were calculated in a similar fashion as above.

The fraction of infections averted ( f IAw) was calculated as the proportion of cumulative

infections in the counterfactual that were averted by intervention w:

f IAW
i =

IAW
i

CIC
i

(3.2)

I calculated HIV infections prevented and life-years gained among professional FSW only

(i = 1), clients (i = 5) and in the total population of Grand Cotonou (e.g. ∑i=8
i=1 IAW

i ), mea-

sured over 2 year (2015-2017) and 20 year (2015-2035) time horizons; the latter allowed

observation of long term impact such as accumulated life-years and prevention of secondary

HIV transmissions. I reported the median impact and the 2.5th and 97.5th percentile (95%

uncertainty interval (UI)) from all model fits.

3.3 Results

3.3.1 Epidemic trajectory in Cotonou

3.3.1.1 Model fitting up to 2017

After model fitting, simulations based on the 111 posterior parameter sets agreed well with

available data from Cotonou. Figure 3.1 shows how the fitted model compares to fitting and

cross-validation data, for a series of key targets, including HIV prevalence among pFSW,

clients, all men and all women. Model results suggest that the HIV epidemic in Cotonou

peaked in the mid-1990s for key populations: at 57.4% (95% uncertainty interval (UI):

52.1-63.2%) in 1996 for pFSW and at 9.4% (6.7-15.2%) in 1997 for clients. The peaks in
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HIV prevalence occurred later for other groups, and at lower values: 3.0% (2.2-3.9%) in

2003 among all women and 2.8% (1.9-3.9%) in 2000 among all men. By the end of the

PrEP/TasP study (2017), model posterior HIV prevalence among pFSW was estimated at

11% (10-14), with prevalence decreasing in all groups in the long term.



Figure 3.1 Model fitting to key targets up to 2017: The results show model predictions from the 111 posterior parameter sets, in grey, green and

orange solid lines (median) and shaded regions (95% uncertainty intervals (UI) across all fits) representing pre-study, counterfactual (no PrEP or

TasP) and 2-year PrEP/TasP study scenarios respectively, compared to available fitting HIV prevalence and ART and PrEP coverage data shown

in thick bars before 2015 (grey) and during the 2-year PrEP/TasP intervention study between 2015-2017 (orange). Results are shown for HIV

prevalence (%) among A) all women, B) all men, C) professional FSWs, D) clients of FSWs; ART coverage (%) among E) HIV-infected pFSW

and F) all HIV-infected people; G) number of pFSWs on PrEP, and H) on ART. Additional cross-validation data not used at the fitting stage are

also presented in thin bars.
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Figure 3.1 also demonstrates that the model closely matched patterns in ART coverage

among pFSW and overall, which show a broad increase over time. ART coverage is shown

as an absolute number (Panel H) and percentage (Panel E) among pFSW, and the difference

in coverage resulting from the PrEP/TasP study (orange) compared to the counterfactual

(no PrEP or TasP, green) is clearly observable. Similarly, the difference in PrEP coverage

between the two scenarios is shown in Panel G; no PrEP was available in the counterfactual

scenario (C0). From 2015-2017, the model replicated closely the observed numbers of pFSW

on PrEP and ART (including TasP) in the 2-year study scenario, and the observed number

on ART but not on TasP in the main counterfactual scenario (Figure 3.1H). At study end

(2017), median posterior ART coverage was 83% of HIV-infected pFSW, of which 34% were

those recruited in the TasP arm of the study. Median posterior PrEP coverage was 9% among

HIV-uninfected pFSW.

Other fitting targets were also met. Appendix Figure A.1 shows that the expanding population

size of Cotonou was well reflected in the model simulations, both those observed in the

census and those predicted assuming constant growth rates (Chapter 2, Table 2.7). Appendix

Figure A.2 shows the percent of each group in their respective gender (e.g. the percent

of women who are pFSW) through time, which agreed with the demographic fitting data.

Appendix Figure A.3 shows the modelled number of pFSW in 2012 compared well to data

from the Équité en Santé mapping study in Cotonou. Finally, Appendix Figure A.4 shows

that the observed ratio of women to men on ART was well reflected in the model simulations

after fitting.

Cross validation to data from UNAIDS Reference Group Spectrum model estimates are

shown in Appendix Figures A.5 and A.6 for HIV-related deaths and proportion of HIV-

infected individuals on ART and virally suppressed respectively. The model simulations for

the counterfactual scenario (i.e. no PrEP or TasP, scenario C0) are shown. There is strong

agreement between my model simulations and the independent cross-validation data.

Condom use data from IBBS among several risk groups were used in model parameterisation.

Appendix Figures A.7, A.8 and A.9 show posterior parameter estimates for condom use by

professional FSW, part-time FSW and low-risk women respectively. The parameterisation

through time agrees well with the general trend of increasing condom use.

3.3.1.2 Model projections from 2017 onwards

Appendix Figure A.10 shows long-term model projections of the epidemic trajectory in terms

of HIV prevalence through time, from 1986 until 2035, assuming the main counterfactual
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scenario (no PrEP or TasP). Even if the PrEP/TasP study had not happened, and if all

parameters including condom use remained constant from 2015 onwards, my fitted model

projections estimate that HIV prevalence would continue to decline in all risk groups.

By 2020, the fitted model predicts that pFSW would have a median HIV prevalence of 8.2%

(95%UI: 6.9-11.1%), falling to 3.7% (2.2-5.6%) by 2030. HIV prevalence in clients is an

estimated 1.5% (0.9-2.4%) and 0.5% (0.3-0.9%) in 2020 and 2030 respectively, representing a

dramatic decline and approaching that of the lower-risk population. Indeed, among all women

and men, there is an estimated HIV prevalence of 0.9% (0.7-1.4%) and 0.7% (0.5-0.9%) in

2020 respectively, and 0.4% (0.2-0.6%) and 0.2% (0.2-0.4%) in 2030.

In terms of HIV incidence, the fitted model also estimated a sharp decline through time

among all groups. In 2010, there were an estimated 539 (401-760) infections in Cotonou

overall, which declined to 97 (57-166) in 2030. This reflects a decrease in HIV incidence

of 82%. There were an estimated 642 (441-923) HIV-related deaths overall in 2010, and

160 (118-224) in 2030, representing a decrease of 75%. In the absence of any PrEP or TasP

intervention, Cotonou is predicted to not meet the UNAIDS 2030 targets.

3.3.2 Impact analysis

In this section I present the estimated impact of the PrEP/TasP study, and various long-term

PrEP and TasP scenarios, among pFSW, clients and overall, either over 2 years or 20 years.

All scenarios presented are described in Table 3.1. Note that to determine impact, infections

and life-years gained in each intervention scenario are compared to the main counterfactual

scenario (scenario C0), unless stated otherwise.

3.3.2.1 Impact of the PrEP/TasP study

In the 2-year PrEP/TasP study scenario, there were an estimated 539 (95%UI: 401-760) HIV

infections in 2010, and 93 (56-163) in 2030. This represents an 83% decline in new HIV

infections. There were an estimated 642 (441-923) deaths in 2010, and 157 (115-218) in

2030. This represents a 75% decline in new HIV-related deaths.
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Figure 3.2 Impact of the 2-year PrEP/TasP study for PrEP and TasP combined (scenario A1), PrEP alone

(scenario A2) or TasP alone (scenario A3) alone, among professional FSWs ("pFSW”), clients and the whole

population (“All”) in terms of percentage of HIV infections prevented over (A) 2 years and (B) 20 years, and

C) life-years gained (LYG) over 20 years, compared to counterfactual scenario (no PrEP; ART coverage 49%

and 52% in 2017 and 2035 respectively). Boxplots represent the median impact (central horizontal line), 25th

to 75th percentiles (box) and 95% UI (whiskers) across 111 parameter sets. Labels in panels A and B show

median percentage (and number in brackets) of infections prevented; panel C shows median LYG. PrEP and

ART coverage represent median posterior values across all model fits for each scenario as shown in Table 3.

† Median coverage of HIV-uninfected and HIV-infected for PrEP and ART respectively at end of the 2-year

study.

‡ Median coverage in 2035, 20 years after start of PrEP/TasP study.
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Infections averted

Figure 3.2 shows the estimated impact of the 2-year PrEP/TasP study, among pFSW, clients

and overall, in terms of infection averted (over 2 and 20 years) and life-years gained (over

20 years). In the two years between 2015-2017, I estimated that the PrEP/TasP study itself

(scenario A1) prevented a median of 8% (6-12%), 17% (10-29%), and 7% (3-11%) of new

HIV infections among all pFSW, clients, and in the whole population respectively. In absolute

terms, this represents 4 (2-5), 49 (27-91) and 72 (41-119) infections prevented (Figure 3.2A).

However, when considering the impacts of PrEP and TasP individually, there are key differ-

ences. Over 2 years, the percentage of infections averted among pFSW was similar for the

PrEP and TasP arms at 5% (4-6%) and 4% (2-7%) respectively, but among clients it was

significantly different at 1% (1-2%) and 16% (9-28%), and overall it was 1% (0-1%) and 6%

(3-11%). It is important to note that the median posterior coverage of PrEP and TasP at study

end (2017) were 9% and 34% respectively among pFSW; ART coverage including those not

on TasP was 83%.

Over 20 years, the percentages of HIV infections prevented by the PrEP/TasP study were

lower, as intervention efforts ceased after study completion: 6% (3-10%), 8% (4-15%) and

5% (2-9%) among pFSW, clients and overall respectively (Figure 3.2B). However, due to

the cumulative effects of prevention of secondary transmissions over a longer time period,

the impact on absolute infections is higher: 13 (6-26), 127 (60-262) and 274 (142-608)

among pFSW, clients and overall respectively. When comparing the two pharmaceutical

interventions over twenty years, the TasP arm prevented 4x, 13x and 11x more infections

than the PrEP arm among pFSW, clients and overall respectively.

Life-years gained

In terms of life-years gained, the impact of the PrEP/TasP study over two years was 2 (1-6)

among pFSW, 0 (0-0) among clients and 2 (1-6) overall (not shown); the very small impact

is because the 2-year time horizon is not long enough for the mortality effects to accumulate.

Over 20 years however, the 2-year study gained 62 (25-219), 186 (80-473) and 907 (430-

2157) life-years among pFSW, clients, and overall between 2015-2035, respectively (Figure

3.2C). The relative impact of TasP over PrEP is very clear: TasP gained 32x, 13x and 15x

more life-years, among pFSW, clients and overall respectively over twenty years compared

to PrEP.

Although TasP broadly had greater impact overall than PrEP, the picture is heterogeneous

when considering different key populations. Whether measured over either 2 or 20 years

(Figure 3.2A, B), the PrEP study arm prevented a greater percentage of infections among
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pFSW than clients or overall, while the TasP arm prevented more infections among clients

than pFSW.

3.3.2.2 Impact of long-term PrEP and TasP

In this sub-section I explore the impact of 20 year PrEP and TasP interventions, as described

in Table 3.1. To summarise, a PrEP or TasP “extension” is a scenario where I used the same

HIV testing, PrEP/ART initiation and dropout rates as were observed in the study, but instead

of stopping after 2 years, I extended them for 20 years. A “scale-up” scenario is one where

the initiation rate is increased (and dropout rate is decreased for TasP) to achieve higher

coverages than those estimated in the extension scenarios.

I present the estimated impact of both PrEP and TasP extension and scale-up interventions

alone, while also exploring PrEP adherence. Next, I estimate the impact of combining a

PrEP extension or scale-up with a TasP scale-up. After this, I consider more optimistic PrEP

scenarios with increased coverage, as well as a sensitivity analysis on the efficacy of PrEP.

Finally, I perform a sensitivity analysis on the impact of TasP by exploring an alternative

counterfactual scenario (scenario C1).

Impact of 20-year long-term PrEP or TasP interventions alone evaluated over 20 years

Figure 3.3 compares the long-term impact over 20 years of extending and scaling-up PrEP

(Figure 3.3A, C), and TasP (Figure 3.3B, D) interventions alone.
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Figure 3.3 Impact of long-term 20-year PrEP (A, C) or TasP (B, D) intervention scenarios separately in terms of

percentage of infections prevented (A, B) and life-years gained (C, D) among pFSW and the whole population

(“All”), compared to the counterfactual scenario (no PrEP; 52% HIV-infected pFSW ART coverage in 2035).

Boxplots represent the median impact (central horizontal line), 25th to 75th percentiles (box) and 95% UI

(whiskers) across 111 parameter sets. The PrEP and ART coverages represent median posterior values in 2035

(among HIV-uninfected and HIV-infected pFSWs respectively) across all model fits for each scenario as shown

in Table 3. Adherence to PrEP assumed either as observed in the 2-year study (green), or perfect (orange).

Labels in panels A and B show median percentage (and number in brackets) of infections prevented; panels C

and D show median life-years gained.

Infections averted

Assuming the observed study PrEP dropout rate (including migration), extending PrEP for 20

years achieved a modest 20% coverage in 2035 among HIV-uninfected pFSW (scenario B1),

preventing 11% (8-14) and 3% (1-5) of new infections over 20 years among pFSW and in

the whole population, respectively, if adherence remains as observed in the study (green bars

in Figure 3.3A). Compared to PrEP extension (scenario B1), the percentage of infections

prevented over 20 years among pFSW and overall was doubled by either increasing 2035

PrEP coverage to 47% (scenario B2), or assuming perfect PrEP adherence (orange bars in

Figure 3.3A), and increased by 3-4 fold to 43% (36-51) and 10% (5-16) in pFSW and overall,

by achieving both.
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In contrast, extending TasP (scenario B4) achieved a 2035 ART coverage of 81% (compared

to 52% in the counterfactual), and prevented 13% (7-22) infections among pFSW and overall

(Figure 3.3B). Scaling-up TasP to 88% coverage (scenario B5) prevented 17% (10-27)

infections among pFSW and overall. The TasP extension and scale-up scenarios respectively

have a 3- & 4-fold higher impact than the 20-year impact of the 2-year TasP study arm

(scenario A3), among pFSW and overall.

Similar to the results for the 2-year study, TasP broadly had a larger impact than PrEP

overall. Although PrEP and TasP extensions each prevented similar infections among pFSW

(11-13%), the population-level impact was 4x higher for TasP (13% vs. 3%). PrEP always

had greater impact among pFSW than overall, and TasP always had greater impact overall

than among pFSW. Among pFSW, the impact in terms of infections of PrEP was greater

than that of TasP if coverage was increased to 47% or if PrEP adherence was assumed to be

perfect. However, for the overall impact, even increasing both coverage and adherence to

these levels did not make PrEP more impactful than TasP.

Life-years gained

With PrEP extension, 10 (5-24) and 236 (93-596) life-years were gained among pFSW and

overall (Figure 3.3C), assuming adherence was as observed in the study. Similar to infections

averted, if either PrEP coverage was increased to 47% or if PrEP adherence was assumed to

be perfect, then life-years gained were doubled, and increased 3-4 fold if both were achieved.

At 81% ART coverage (TasP extension, scenario B4), 132 (58-419), and 1473 (758-3391)

life-years were gained in pFSW and overall respectively (Figure 3.3D), and 200 (95-523) and

2218 (1274-4407) at 88% coverage. Compared to PrEP scale-up scenario (scenario B2: 47%

coverage; perfect adherence), the TasP scale-up scenario led to 5x and 3x more life-years

gained among pFSW and overall respectively.

Impact of 20-year combined PrEP and TasP scale-ups evaluated over 20 years

Infections averted

A TasP scale-up alone (achieving 88% ART coverage of HIV-infected pFSW in 2035,

scenario B5, Figure 3.4A) is estimated to avert 17% (10-27%) of infections among pFSW

and 17% (10-27%) overall. Combining this TasP scale-up with a PrEP extension (20%

coverage of HIV-uninfected pFSW in 2035) would be substantially impactful among pFSW,

with infections averted rising from 17% to an estimated 24% (18-34%) (Figure 3.4A); but

not overall, with infections averted rising from 17% to 18% (11-30%) of infections. This



3.3 Results 133

pattern is reproduced with even higher PrEP coverage (47% in 2035), rising to 32% (25-41%)

among pFSW and overall to 20% (12-31). Compared to TasP scale-up alone, PrEP and TasP

scale-up combined prevented approximately twice the infections among pFSW, but only 18%

higher overall.
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Figure 3.4 Impact of combined 20-year PrEP interventions and TasP scale-up (88% coverage HIV-infected

pFSW in 2035), in terms of percentage of infections prevented (A) and life-years gained (B) among pFSW

and the whole population (“All”), compared to the counterfactual scenario (no PrEP; 52% HIV-infected pFSW

ART coverage in 2035). Boxplots represent the median impact (central horizontal line), 25th to 75th percentiles

(box) and 95% UI (whiskers) across 111 parameter sets. PrEP coverages represent median posterior values in

2035 (among HIV-uninfected pFSW) across all model fits for each scenario as shown in Table 3; adherence

assumed as observed in 2-year study. Labels in panel A show median percentage (and number in brackets) of

infections prevented; panel B shows median life-years gained.
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Life-years gained

In terms of life-years gained, the impact of adding PrEP incrementally onto TasP was even

more slight. Compared to TasP scale-up alone, PrEP and TasP scale-up combined (scenario

B7) only increased life-years gained by 2.5% among pFSW and 10% overall (Figure 3.4B).

3.3.2.3 Sensitivity analyses

Exploring a further increase in PrEP coverage

In this chapter I have estimated the impact of scaling up PrEP to higher coverage (47% of

HIV-uninfected pFSW in 2035), which was achieved by doubling the PrEP initiation rate

observed in the study. This was deemed a realistic scenario by experts who are familiar

with the FSW population of Cotonou (Michel Alary, MD). Despite the fast observed study

initiation rate, where 256 HIV-uninfected FSW were recruited in a year among around 900

eligible women (28%), achieving high coverage was difficult due to the high dropout rate

(median 54% per year). Doubling the initiation rate therefore only achieved 47% coverage in

2035.

However, as an exploratory scenario, I investigated the potential impact of PrEP if high

coverage were achieved (scenario B3). By multiplying five-fold the PrEP initiation rate from

the study, and enabling re-initiation of those who dropped out, 69% PrEP coverage could be

achieved among HIV-uninfected pFSW. I simulated this scenario with i) PrEP adherence as

observed, and ii) perfect PrEP adherence.
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Figure 3.5 Impact of long-term 20-year PrEP intervention scenarios in terms of percentage of infections

prevented (A) and life-years gained (B) among pFSW and the whole population (“All”), compared to the

counterfactual scenario (no PrEP). Boxplots represent the median impact (central horizontal line), 25th to 75th

percentiles (box) and 95% UI (whiskers) across 111 parameter sets. The PrEP coverages represent median

posterior values in 2035 (among HIV-uninfected pFSW) across all model fits for each scenario as shown in

Table 3, as well as a scenario of 69% PrEP coverage. Adherence to PrEP assumed either as observed in the

2-year study (green), or perfect (orange). Labels in panels A shows median percentage (and number in brackets)

of infections prevented; panel B shows median life-years gained.

Figure 3.5 shows the impact of this PrEP coverage compared to the more realistic main

scenarios. With adherence as observed, raising PrEP coverage to 69% prevented 31% (26-

36%) of infections among pFSW and 8% (4-14) overall, rising to 63% and 14% respectively

if adherence were perfect. The increase from 47% to 69% represents a ∼50% increase in

coverage, which leads to an improvement of ∼50% on the impact, suggesting a broadly
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linear relationship between coverage and impact. However, when considering the overall

population impact, even with perfect adherence the number of infections averted is only

marginally bigger than when simulating a TasP extension (14% vs 13% infections averted

overall), and is less impactful than a TasP scale-up (17%).

With perfect adherence, 69% PrEP coverage prevented 58 (32-153) and 1151 (483-2576)

life-years among pFSW and overall, each of which are lower than that achieved by a TasP

extension (132 and 1473 respectively). The most optimistic PrEP scenarios, even with a

hugely intensified effort for recruitment and perfect adherence, would still have smaller

impact than a more realistic TasP scenario.

Exploring different assumptions about PrEP efficacy

As described in Chapter 2, PrEP efficacy was assumed to be dependent on adherence. In

summary, I split the on PrEP population into three adherence categories: daily, intermediate

and non-adherence, representative of different tenofovir blood plasma concentrations. These

three categories were assumed to have efficacies of 90-95%, 30-49% and 0% respectively,

derived from the Partners PrEP study (Donnell et al. 2014 [284]). In this sub-section I

describe a sensitivity analysis on the efficacy of PrEP for the intermediate category.

In the PrEP/TasP study, intermediate PrEP adherence (by tenofovir concentrations between

0.3 – 40 ng/ml) was recorded in 16.5% of all visits.

Figure 3.6 shows the results of the PrEP extension (Sc B1) and PrEP scale-up (Sc B2)

scenarios, exploring different assumptions for PrEP efficacy for the intermediate adherence

category:

• 30 – 49% (assumption in main analysis)

• 0% (pessimistic)

• 92% (optimistic)
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Figure 3.6 Impact of long-term 20-year PrEP intervention scenarios in terms of percentage of infections

prevented (A) and life-years gained (B) among pFSW and the whole population (“All”), compared to the

counterfactual scenario (no PrEP). Boxplots represent the median impact (central horizontal line), 25th to 75th

percentiles (box) and 95% UI (whiskers) across 111 parameter sets. The PrEP coverages represent median

posterior values in 2035 (among HIV-uninfected pFSW) across all model fits for each scenario as shown in

Table 3. The per sex-act reduction in transmission (efficacy) of PrEP in the intermediate adherence category

(0.3 – 40 ng/ml) is assumed to be 30 – 49% (green), 0% (yellow) or 92% (purple). Labels in panels A shows

median percentage (and number in brackets) of infections prevented; panel B shows median life-years gained.

In the PrEP extension scenario (scenario B1) with 20% PrEP coverage in 2035, the main

analysis assumption prevented 11% infections among pFSW and 3% overall (Figure 3.6A).

The pessimistic scenario (0% efficacy in intermediate adherence category) had similar

impacts, 9% and 3% among pFSW and overall respectively, while the optimistic scenario had

impacts of 13% and 3%. In a similar fashion, little difference was observed between these
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three assumptions for the PrEP scale-up scenario (scenario B2). In terms of life-years gained

(Figure 3.6B), likewise, there was little variation resulting from the different assumptions on

PrEP efficacy for this adherence category.

Even though I explored the effect of varying efficacy of intermediate PrEP adherence from

0 to 92%, I found that the impact of PrEP interventions did not substantially vary. This is

because intermediate PrEP adherence was observed in only 16.5% of visits, with the vast

majority of blood plasma tenofovir concentration samples being consistent either with daily

adherence or non-adherence (undetectable).

Exploring ART eligibility

The main counterfactual scenario (scenario C0) assumed that from 2015 onwards, only

HIV-infected pFSW who had a count CD4 T-cell count < 500 cells/mm3 blood were eligible

for ART. This was the standard of care before the start of the PrEP/TasP study in 2015

[271]. The TasP arm of the PrEP/TasP study involved three components: increased HIV

testing, increased ART initiation and increased eligibility for ART of all pFSW HIV-infected

regardless of CD4 count. The main objective of my analysis (indeed also an objective of

the PrEP/TasP study) was to evaluate the full impact of the PrEP/TasP study compared to

the standard of care at the time. To assess the impact of all three components of TasP, the

counterfactual scenario had to maintain the 2015 eligibility criteria for ART (CD4 < 500

cells/mm3) from 2015 onwards.

However, following the PrEP/TasP study’s completion in 2017, the eligibility criteria changed

such that all HIV-infected individuals were eligible for ART. Had I assumed this change in

the counterfactual scenario, then the full impact of TasP, including increased ART eligibility,

would not have been estimated. In this section I describe a second counterfactual scenario

(Table 3.1, scenario C1), whereby ART eligibility is expanded to all HIV-infected pFSW in

2015. I compared incident infections and life-years between this new counterfactual scenario

with the long-term 20-years TasP scenarios (TasP extension and scale-up scenarios B4 and

B5 respectively), to evaluate the added impact of increased HIV testing and initiation, but

without the difference in ART eligibility.
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Figure 3.7 Impact of long-term 20-year PrEP intervention scenarios in terms of percentage of infections

prevented (A) and life-years gained (B) among pFSW and the whole population (“All”), compared to the

counterfactual scenario (no PrEP). Boxplots represent the median impact (central horizontal line), 25th to 75th

percentiles (box) and 95% UI (whiskers) across 111 parameter sets. The PrEP coverages represent median

posterior values in 2035 (among HIV-uninfected pFSW) across all model fits for each scenario as shown in

Table 3. The per sex-act reduction in transmission (efficacy) of PrEP in the intermediate adherence category

(0.3 – 40 ng/ml) is assumed to be 30 – 49% (green), 0% (yellow) or 92% (purple). Labels in panels A shows

median percentage (and number in brackets) of infections prevented; panel B shows median life-years gained.

I estimated that expanding ART eligibility to any HIV-infected pFSW in 2015 (second coun-

terfactual scenario C1) would lead to a 2035 ART coverage of 67% of HIV-infected pFSW

in this new counterfactual scenario, compared to 52% in the main original counterfactual

scenario. The impacts of TasP extension and scale-up (to median 2035 ART coverage of 81%

and 88% respectively), relative to both counterfactual scenarios, are shown in Figure 3.7.

When compared to the alternative counterfactual scenario (C1), TasP extension prevented 9%

(4-18%) and 9% (4-17%) infections in FSW and overall respectively, and a TasP scale-up

prevented 13% (6-22%) and 13% (7-22%).

The impact of TasP when assuming the alternative counterfactual is around 30% smaller than

when assuming the main counterfactual. This can be interpreted as the relative contribution

(in HIV infections prevented) of increased ART eligibility to all HIV-infected FSW in the

TasP intervention, and 70% as attributable to increased HIV testing and ART initiation. In

terms of life-years gained, the relative contribution of increased ART eligibility is 20-25%.
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3.4 Discussion

Pharmaceutical interventions are among the many tools in the HIV prevention toolkit [286].

The motivation to treat HIV-infected individuals is driven not only by marked improvements

to their mortality and morbidity from viral suppression, but also from the effectiveness of

test-and-treat for preventing onward transmission [272]. As PrEP is by design a medication

for HIV-uninfected individuals, there is no therapeutic benefit to the patient. Instead, PrEP

is a purely preventative measure which, in its various modalities, has been seen as crucial

for achieving the UNAIDS prevention target of a 90% reduction in HIV infections by 2030

[287]. Indeed, PrEP has been granted regulatory approval in dozens of countries worldwide

[288]. However, clinical trials have shown mixed results for the effectiveness of PrEP

among heterosexual women [160, 161], and the real-life evidence of uptake, adherence and

continuation in Sub-Saharan Africa was not available at the time of the PrEP/TasP study

towards the end of 2014 [289, 290].

To understand the feasibility of implementing PrEP and TasP among professional FSW in

Cotonou, the PrEP/TasP study was carried out from 2015-2017 [169]. In this chapter, I

performed an impact analysis of the two-year PrEP/TasP study, estimating the numbers of

incident HIV infections averted and life-years gained, among pFSW, clients and overall.

Further, I estimated the impact of 20-year interventions of PrEP and TasP, either alone or

together, with varying levels of adherence and coverage.

3.4.1 What does the epidemic trajectory suggest?

By fitting a transmission model to multiple sets of cross-sectional data, I obtained 111

simulations of HIV prevalence through time. The median and 95% UI of these fits are

summarised for groups separately, from 1986-2035, in Appendix Figure A.10. The fitting

process provided model simulations which reflected closely the observed data. Note that this

assumes no PrEP/TasP interventions, i.e. it is the main counterfactual scenario.

The epidemic trajectories show that the interventions present in Cotonou before the PrEP/TasP

study were already highly effective in decreasing HIV burden among all groups. I estimated

that the HIV epidemic in Cotonou rose dramatically between the mid-1980s and the mid-

1990s. Since 1992, various HIV prevention packages have been implemented, in collaboration

between the Canadian government and other funders [254]. Following these interventions,

which initially focused on STI and HIV prevention among professional FSW, HIV prevalence

slowed down within this group, peaked in 1996, then started to decline. Soon after, in 1997,
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HIV prevalence peaked in clients. From the mid-1990s onwards, HIV has continued to

decline with every new survey, and is estimated to further decline until 2035 according to my

model projections. The combination of condom use, HIV testing and ART initiation has led

to considerable progress in responding to the HIV epidemic in Cotonou.

The peaks in HIV for all men and women occurred around the turn of the century, a few

years after those among pFSW and clients. In other words, both the rise and decline in HIV

prevalence in core groups was followed by the rise and decline among lower-risk groups.

This is consistent with the argument that infections in Cotonou among lower-risk groups are

mostly seeded from more risky groups involved in commercial sex. A reduction in infections

from key populations therefore has secondary benefits for the rest of the population, which

supports the impetus to prioritise HIV prevention and treatment among these groups.

Projecting the fitted model to 2030, I estimated that HIV prevalence will continue to decline

in the long term. The group with the highest HIV estimated prevalence in 2030 is professional

FSW, at 3.7% (2.2-5.6%), compared to all women at 0.4% (0.2-0.6%) and all men at 0.2%

(0.2-0.4%).

Within the Sustainable Development Goals set out by the United Nations, UNAIDS and

partners aimed to ending AIDS as a public health threat, which was defined as a reduction of

90% in both new HIV infections and HIV-related deaths by 2030, compared to 2010 [131].

My fitted model estimated 539 (401-760) HIV infections in 2010, which declined to 97

(57-166) in 2030, representing an 82% decrease. Assuming no further intervention efforts

from 2015 onwards (i.e. no PrEP/TasP study), my model analysis suggests that Cotonou

would fall slightly short of the UNAIDS goals for 2030.

3.4.2 What was the impact of the PrEP/TasP study?

I estimated that the PrEP/TasP demonstration study (2015-2017) in Cotonou averted 8% and

6% of HIV infections among pFSW over 2 and 20 years, respectively, and 7% and 5% in the

whole population. In the 2-year PrEP/TasP study scenario, I estimated that there would be 93

(56-163) HIV infections in 2030. Compared to 539 (401-760) HIV infections in 2010, this

represents an 83% decline. The 2-year study therefore is estimated to bring Cotonou closer

to the UNAIDS goals of 90% reduction in HIV incidence for 2030, but would not completely

achieve it.

Over 20 years, the study led to an estimated 62 and 907 life-years gained among pFSW

and overall, respectively. Unsurprisingly, the PrEP arm had its greatest preventative impact

among pFSW, as the direct protective benefits are incurred by the group taking the medication.
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In contrast, the TasP arm had its greatest impact among clients due to viral suppression

among pFSW directly reducing HIV transmission to clients; the TasP arm prevented an

estimated 16% and 7% of infections among clients over 2 and 20 years, respectively.

Overall, there was greater impact (in terms of infections prevented and life years gained)

from the TasP arm compared to PrEP for several reasons. First, I assumed that PrEP was

unavailable post-study since it was not recommended by national guidelines, while I assumed

those on TasP continued treatment (as observed) [169]. Second, TasP had a higher coverage

(34% of HIV-infected) than PrEP (9% of HIV-uninfected) after 2 years among pFSW in

Cotonou, due to higher uptake and retention; FSW on PrEP had high dropout due to migration

and leaving sex work. Third, there was better adherence and thus higher preventative efficacy

for TasP than PrEP (averaging 81% pFSW on ART virally suppressed vs. 37% of visits with

perfect PrEP adherence) [169, 275, 291]. Finally, TasP reduces mortality [292], thus gaining

life-years among HIV-infected pFSW.

3.4.3 What would be the impact of long term PrEP and TasP for FSW
in Cotonou?

Similar to the 2-year study results, I predicted greater impact for the extended and scaled-

up TasP interventions than PrEP. Compared to a 20-year TasP extension, PrEP extension

prevented similar percentages of infections among pFSW (11-13%), but 4-times fewer

infections overall; even PrEP scale-up to 47% HIV-uninfected pFSW with perfect adherence

had less impact overall. Long-term TasP always gained more life-years than PrEP. Increasing

PrEP coverage beyond 50% would be unfeasible according to country-level experts, mainly

due to healthcare and funding constraints, and high observed turnover of pFSW in Cotonou

[255, 259, 256]. With TasP scale-up to 88% HIV-infected pFSW in 2035, my analysis

suggests little additional impact would be gained by simultaneously increasing PrEP coverage

to 47%.

In a sensitivity analysis I explored a second counterfactual, whereby ART is available for all

HIV-infected pFSW from 2015 (as in long-term TasP scenarios). I found that removing the

added effect of increased eligibility reduces the impact of TasP on infections prevented by

around 30%, however TasP extension still prevents more infections overall than PrEP, unless

47% coverage and perfect adherence can be achieved. All long-term TasP scenarios still gain

more life-years among all groups than any long-term PrEP scenario. This sensitivity analysis

suggests that the increased eligibility for ART as a result of test-and-treat policies make a
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substantial impact. Further, it suggests that even if ART is universally available, increasing

ART coverage is still more impactful than PrEP.

My results suggest that efforts to improve PrEP adherence may be as beneficial as increasing

coverage. For example, achieving perfect adherence with a PrEP coverage of 20% had

similar impact to increasing PrEP coverage to 47% with study level adherence. The observed

PrEP adherence in the demonstration study was low despite the important components of

outreach and adherence counselling. However, long-acting PrEP (injectable cabotegravir

“CAB LA”) was recently shown to have high efficacy among women [172], men who have

sex with men and transgender women [293], reducing the barriers to adherence with daily

pills [172]. Assuming that women would attend visits for regular injections of CAB-LA, then

my perfect PrEP adherence scenario could be interpreted as the impact of long-acting PrEP.

While there is good efficacy of daily oral PrEP under good adherence, the degree of efficacy

is less well understood for women who have intermediate adherence [284]. However, given

the observed biological concentrations of tenofovir in women in the study, it seems that this

group is relatively small: only 16.5% of visits showed a concentration between 0.3-40 ng/ml.

My sensitivity analysis showed that the overall impact of PrEP was robust to changes to the

assumption of intermediate PrEP efficacy.

Finally, this model analysis shows that the impact of PrEP is hampered by low coverage.

This was observed in the study because of poor retention and high mobility, as 53% of PrEP

study participants dropped out and of these 58% left either Cotonou or sex work [169]. This

is a reality of this key population, who are in unstable and clandestine employment, and

whose families may still live in their home nation. Scaled up PrEP interventions among this

or similar groups would be more effective when identifying factors associated with better

adherence and retention, or when aiding these women in achieving more stable lives.

3.4.4 Comparing impact with other studies

At the time of analysis, this study was the first model impact analysis of PrEP and TasP

among FSW reflecting observed real-life uptake, adherence and retention data [276]. Pre-

vious modelling studies on the impact of PrEP assumed parameters which were based on

clinical trials, not on implementation studies in real-life contexts [281, 19, 294]. Indeed, the

investigation of PrEP and TasP adherence with biological tests in this real-life implementation

study provided excellent and reliable data on which to perform a model analysis [276].

Although this is the first impact analysis of PrEP among FSW reflecting real-life demon-

stration study data on uptake, adherence and retention, the results are comparable with
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previous studies that explore similar parameter values, despite differences in epidemiologi-

cal conditions across settings. Assuming 30% annual PrEP uptake and 40% effectiveness,

Bekker et al estimated ∼8% infections prevented over 10 years among FSW in South Africa

[294]. I estimated that with similar annual PrEP uptake (26%) and average effectiveness

(41%, Section 2.3.2.5), my PrEP extension scenario (scenario B1) prevented 11% (8-14%)

of infections in pFSW over 20 years. The slight differences are partially explained by the

10% condom use reduction assumed for South Africa, whereas no condom migration was

observed in pFSW in Cotonou [291].

Low et al estimated that providing TasP to FSW in Burkina Faso achieving an ART coverage

of 79% (compared to 37% in their base-case scenario) would prevent 15% of infections over

20 years overall [281]. This result is comparable to my TasP extension scenario (scenario

B4) at 81% long-term coverage preventing 13% (7-22%) of infections overall, slightly lower

because my counterfactual scenario has an estimated 52% long-term ART coverage. It is

important to note that while these other studies explore the impact of PrEP and TasP under

many coverage and adherence scenarios, my analysis estimates long-term coverage based

on either observed, or plausible increases in, uptake, retention and adherence. Nevertheless,

the comparable results between all studies underlines the robustness and generalisability of

the conclusions, that if FSW have PrEP and TasP adherence and retention as observed in

Cotonou, the population-level impact of TasP is higher.

3.4.5 Strengths and limitations

Data availability

There are several strengths to this modelling analysis. First, I had access to a large amount

of detailed data (see Chapter 2) including censuses [242–245], size estimate studies [257,

255, 254, 138], and house-hold based surveys [280]. Importantly, I also had access to several

rounds of historical cross-sectional data among several risk groups, including IBBS among

pFSW from 1993-2017 [254, 262, 258, 259] and their clients from 1998-2017 [255, 265,

283]. These studies informed demographic and sexual behaviour parameters, and HIV

prevalence estimates over time for all groups. The modelled trajectories reflected empirical

data from Cotonou and therefore were an accurate representation of its demography and HIV

epidemiology. Other data were used for cross-validation for further confidence. Second,

the PrEP/TasP study data provided estimates for key PrEP and TasP parameters including

uptake, retention and individual biological measures of adherence every 6 months: blood
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plasma tenofovir concentration for PrEP, and viral load for TasP [169]. The data used in

this model analysis included outreach, adherence counselling, migration, leaving sex work,

and other legal and structural barriers to PrEP/TasP use among pFSW. As such, this analysis

is significantly more realistic compared to previous studies which did not reflect such data

[281, 19, 294].

Limitations to this analysis are mostly due to data uncertainties. Self-reported data used to

inform the sexual behaviour parameters may have been subject to social desirability or recall

biases, although these would be mitigated by assigning wide prior parameter ranges capturing

uncertainty. I fixed adherence levels over 20 years in PrEP extension/scale-ups, which ignores

the observed decrease in adherence over the 2-year study. However, this is justifiable since

an extended PrEP intervention would allow more new initiations and dropouts, potentially

maintaining a stable overall adherence pattern. There remains substantial uncertainty about

the efficacy of PrEP for women especially at intermediate adherence levels, based on clinical

trial data and low biological availability of tenofovir in vaginal tissue [163]. I performed

a sensitivity analysis showing that this uncertainty did not influence impact substantially,

as intermediate adherence represented only 17% of samples. Finally, although I estimated

the impact of PrEP and TasP among professional FSW in Cotonou, I did not include a cost-

effectiveness analysis. Such an analysis would be important to consider in a resource-limited

setting such as Benin, and is included in possible further work (see Chapter 7).

A further source of bias may come from specific parameters which are difficult to estimate.

One example of this is the average duration each pFSW spends in active sex work. In the

questionnaires, the women are asked how long they have been paid for sex. The median

length was assumed to be the lower bound for the duration. It is however impossible to

receive a response from a pFSW who has already retired from sex work. I assumed therefore

as an upper bound that they never retire from sex work (or that the rate of leaving was equal

to zero). This could potentially lead to a bias of over-estimating the duration of sex work,

as the uniform prior distribution extends to decades. However, the model analysis is likely

robust to this, as the number of pFSW in the model is forced to carefully reflect survey

estimates. In other words, if my posterior duration of sex work was overestimated, then the

number of pFSW would be overestimated, and the model fitting process would discard that

run.

Another parameter that is difficult to estimate includes the date of HIV introduction into

Benin. This can have important implications on the epidemiological trajectory. Although I did

not vary the date of seeding, I sampled HIV prevalence in 1986, separately for professional

FSW and for other groups. The HIV prevalence among professional FSW at seeding of
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my model in 1986 was sampled between 1.3% and 6.6% according to the available data

(Table 2.1). A lower and higher prevalence at this time may implicitly suggest a later and

earlier introduction respectively. I also varied the transmission rate and HIV prevalence

of incoming migrants. Therefore, although I did not explicitly sample different dates of

introduction, the uncertainty surrounding the early years of the epidemic in Cotonou was

explored. Nevertheless, there are limitations regarding the uncertainty for the date of initial

HIV introduction.

A final source of bias may come from the fitting and cross-validation data. As discussed

in Chapter 2, the data in which local experts had most confidence was used as fitting data,

while the rest was used as cross-validation. Finding a representative sample of part-time

FSW to survey is difficult, as they work in bars, restaurants, and a number of different venues.

Further, as sex work is not their main source of income by definition, they have numerous

other occupations and represent a diverse group of women. As such, estimates of HIV

prevalence were not used as strict fitting data. The posterior epidemic trajectories estimated

HIV prevalence below the observed data (Figure A.10). However, this is not likely to be a

serious limitation. Firstly, these data points are not very reliable due to the aforementioned

difficulties in defining and sampling this group. Secondly, the important research questions

focused on professional FSW, for whom accurate model representation is more important

and was maintained.

The transmission modelling framework

The transmission model framework itself comes with many benefits. The numbers of

individuals who are susceptible and infected are counted and calibrated to data such as HIV

prevalence; as a result, the model can output predicted incident infections and life-years

(or deaths) which, when analysing the impact of interventions, is a tangible and useful

outcome for policymakers. Further, with the inclusion of secondary transmissions, the full

impact of PrEP and TasP can be evaluated. This is particularly important when investigating

interventions that are given to core groups, under the understanding that this may indirectly

protect other populations. For answering my specific research questions, in terms useful to

policymakers, the transmission model framework is well suited. Indeed, my model analysis

suggests that the PrEP/TasP study will bring Cotonou slightly closer to meeting the 2030

UNAIDS goals for ending AIDS as a public health threat; explicitly modelling this scenario

and the past historical epidemic was vital for achieving this result. It is worth noting that
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other modelling frameworks, including some presented later in this thesis, cannot produce

outcomes such as disease incidence or prevalence.

Chapter 2 outlined the rich set of data included in the analysis. Indeed, this was only possible

because the transmission model framework was able to incorporate such data. For example,

sexual partnerships were explicitly modelled, so numbers and types of partnerships according

to various surveys could be directly used as parameters. The same is true for several other

important parameters relating to sexual behaviour, such as probability of transmission per

sex act, condom use, condom efficacy, HSV-2 infection, and many more. In summary, a

transmission model can be carefully shaped to input several sources of data of many varieties,

and in doing so, combines all of their information to create a simulated epidemic closely

resembling reality.

Furthermore, the parameterisation of rates between compartments not only permits utilising

data such as PrEP and ART initiation and dropout rates, but also provides a convenient

framework with which to simulate scenarios. For example, I calculated the PrEP initiation

rate from the observed number of individuals who began PrEP in the study, and the number

of susceptible professional FSW who were eligible. Based on this rate, I generated the PrEP

study scenario, as well as several long-term PrEP scenarios. I also generated a counterfactual

scenario, where the PrEP initiation rate was set to zero. By comparing intervention scenarios

to the counterfactual, and counting the number of incident HIV infections, the impact of

PrEP could be evaluated, akin to measuring the difference in outcomes between two arms

of a clinical trial. The comparison is made clear in Figure 3.1, where the orange and green

shaded areas represent the study and counterfactual scenarios respectively. The transmission

model framework simulates not only the scenario that happened in reality, but also a control

scenario against which to compare it. It is again worth noting that other modelling analyses

presented later in this thesis, such as those using phylodynamic inference, are not capable of

estimating the impact of interventions by simulating two scenarios for comparison.

Indeed, evaluating the population-level impact of the PrEP/TasP study is made possible by

this dynamic transmission model framework. For practical and ethical reasons, there were

no control arms in the study, and so while incidence (and other outcomes) can be measured

in those in the study, there was no other ideal group against which to compare them. It

is possible to compare the women who initiated PrEP with those who refused it or who

were ineligible, but this is likely to be incurring bias as the two groups of women were not

randomly assigned.

Finally, as discussed in Chapter 1, individual-based models are able to capture stochastic

events that are not possible with a deterministic transmission model such as the one I
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used. However, the large population sizes of individuals in Cotonou, coupled with the very

large number of parameters for various risk groups and through time, the computational

requirement for an individual-based model would have been too large to be practically

possible. Therefore, the deterministic compartmental model implemented is justified.

In Chapter 7, I compare the strengths of my approach in this chapter for estimating the impact

of interventions, against others described in other chapters. I also discuss future work that

could add to the results of this analysis.

3.4.6 Conclusions

My model analysis suggests that the 2-year PrEP/TasP study had a modest impact among

pFSW and overall in Cotonou over 2 and 20 years, but will aid the city in getting slightly

closer to the UNAIDS 2030 goals. The observed migration and poor adherence were key

barriers to high PrEP coverage and effectiveness. As a result, the TasP arm was substan-

tially more impactful than the PrEP arm in reducing HIV infections and mortality. Indeed,

achieving high PrEP coverage over 20 years is only possible with greatly increased PrEP

initiation, and it would still prevent fewer infections and gained fewer life-years overall than

a TasP extension, even with perfect PrEP adherence. In resource-limited circumstances, this

analysis suggests that scaling up TasP is a more effective population-level strategy in the

HIV prevention toolkit, particularly among key populations, for both preventing direct and

indirect transmissions and increasing survival. PrEP should be made available where possible

within combination prevention strategies to improve individual choices, but strong efforts

should be made to ensure good adherence and retention, particularly in highly vulnerable

groups such as FSW. The transmission modelling approach employed was very effective

at exploiting the rich data set available, carefully representing the real-life epidemic and

simulating several scenarios for comparison.





Chapter 4

Estimating the impact of COVID-19 on
HIV epidemiology in Cotonou

4.1 Overview

In Chapter 3, I presented a transmission dynamics model analysis of the HIV epidemic in

Cotonou, Benin, in which I estimated the impact of the PrEP/TasP study, and long-term

PrEP and TasP interventions. In this Chapter, I describe the outbreak of COVID-19 in Benin,

three years after the end of the PrEP/TasP study. I discuss the potential disruptions that

COVID-19 may have on already-present HIV interventions in Cotonou. Using the fitted

model described in Chapter 2 and Chapter 3, I simulate various scenarios of COVID-related

disruptions to HIV prevention and treatment services, and to sexual behaviour. I estimate the

impact of these disruptions on HIV epidemiology. Finally, I discuss the implications of these

disruptions for pharmaceutical and non-pharmaceutical interventions for HIV in Cotonou.

This analysis was originally performed in October 2020, and the results form a significant

contribution to the following publication.

Silhol, R., Geidelberg, L., Mitchell, K. M., Mishra, S., Dimitrov, D., Bowring, A., ... &

Boily, M. C. (2021). Assessing the potential impact of disruptions due to COVID-19 on HIV

among key and lower-risk populations in the largest cities of Cameroon and Benin. Journal
of Acquired Immune Deficiency Syndromes, 87(3), 899.
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4.2 Introduction

4.2.1 The COVID-19 pandemic

As of 17th August 2021, there have been over 200 million confirmed cases of COVID-

19 globally, and over 4 million COVID-related deaths; over 187 million confirmed cases

have led to a recovery [175]. The COVID-19 pandemic has spread to every country in the

world [175]. Governments across the world have implemented various non-pharmaceutical

response strategies to control the spread of COVID-19, including enforced social distancing,

venue closures, border closures, local or national lockdowns, economic relief packages,

among many others [214]. Both the SARS-CoV-2 pandemic, and the international response

to it, have had profound impacts on global health, economies and societies [295].

On top of the direct threat of COVID-19 to public health, indirect impacts have also emerged

through the disruption of public and private life [296–299]. For example, the governments

of many countries ordered the evacuation of hospital beds and cancellation of elective

appointments to increase capacity for acute COVID-19 patients [214]. Many healthcare

professionals and scientists are therefore concerned about the long-term incidence of other

illnesses, for example preventable cancers, for which routine screenings may be delayed or

abandoned [300, 301].

Also of concern is HIV, a virus that infects CD4+ T cells [123], which play a large role in

the acquired immune system [124]. Untreated HIV infection, characterised by suppressed

immunity and vulnerability to opportunistic infections, has a ∼2x increased relative risk

of COVID-19 mortality compared to HIV-uninfected individuals [302]. The impact of

COVID-19 on excess HIV-related mortality is therefore of great concern [303].

Further to this direct impact on health, the disruptive consequences of the COVID-19

pandemic on healthcare systems are also problematic [304]. During the spring and summer

of 2020, there were concerns about COVID-related disruptions to HIV prevention and

treatment services [305], and the potentially significant indirect effect on HIV transmission

and mortality [306]. Sub-Saharan African countries, generally suffering from greater HIV

burden and poorer economic and healthcare resilience, were likely to be disproportionately

affected [307, 308].

Indeed there were concerns regarding the entire HIV care continuum. Firstly, HIV testing

was at risk of being disrupted: the Ministry of Health and Child Care in Zimbabwe estimated

that, from April to June 2020, there was a 59% decline in patients who were tested for HIV

and received their results [309]. Secondly, there was evidence of reduced attendance at
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healthcare clinics: In Kisumu County, Kenya, where the general population HIV prevalence

was 17.5% in 2018 [310], average attendance across 60 Ministry of Health clinics decreased

by 51% from March to April 2020 [311]. Further, a qualitative study in Uganda revealed

that engagement with healthcare facilities during April-May 2020 was hampered by fear of

catching COVID-19, and by government restrictions (mostly closure of business and public

transport) [312]. Thirdly, there were concerns about ART provision: a survey conducted by

the World Health Organisation between April and June 2020 revealed that 36% of African

countries were at risk of anti-retroviral disruptions [313], and indeed 7 countries in Sub-

Saharan Africa reported stocks of less than 3 months of first-line drugs. Fourthly, ART

adherence was also at risk of being reduced: over 10,000 patients living with HIV in Guateng,

South Africa missed collection of their treatment medication during lockdown from March

to May 2020 [314].

Various responses have been implemented in certain Sub-Saharan African countries to prevent

disruptions to HIV services. In Kisumu County, Kenya, the Ministry of Health increased

their stocks of ART by ordering extra shipments, and contacted patients to come to the clinic

to receive an early refill of a 3-month ART supply [311]. Of the ∼28,000 patients who

were eligible for this extra supply of drugs, 84% presented at the clinic to pick it up [311].

Further, evidence from South Africa suggests that the networks and health infrastructure

rapidly developed for the COVID-19 response could prove useful for the HIV response, with

improved medical triage, home delivery of medication and longer refills to aid in adherence

and retention [315]. The current HIV healthcare infrastructure, largely comprising in-person

clinic appointments, HIV testing, medication retrieval and check-ups, is however still not

adapted to cope with the social and legal implications of the COVID-19 pandemic and

response [308]. An increase in HIV infections is likely where there are interruptions in

diagnosis, delays in treatment uptake, and decreases in viral suppression [306].

Conversely, the physical distancing observed in all countries, either organically developed

from fear of infection, or mandated by government interventions, may lead to an interruption

of risky sexual behaviours [316], which may in turn reduce incident HIV infections [317]. In

Kenya for example, where there were venue closures, curfews and travel restrictions, female

sex workers were forced to adapt to different working conditions [318]. Among the strategies

were bringing clients to their home, going to the clients’ homes, and working outside of

‘formal’ workday hours. However, the changes in work were accompanied with serious

challenges: stigma, police harassment and fines [318]. The result was a reduction in income

from reduced commercial sexual contact [318]. There are two potential consequences: it

may indirectly decrease HIV incidence through fewer commercial sexual encounters, or it
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may increase incidence by compensation with more risky sex [319], or with the association

with police harassment and violence [320].

At the time of this analysis, reliable quantitative data describing the indirect impacts of

COVID-19 on the HIV care cascade were limited, particularly in Sub-Saharan Africa [306].

In these countries the scarce economic resources, and the prioritisation of acute healthcare and

of food and financial security, were a barrier for data collection during a rapidly evolving and

chaotic period [321]. Further, patient behaviour and healthcare systems have changed over

the course of the year, with a move away from face-to-face interactions. This, coupled with

varying paper or electronic recording systems [322] and physically distant staff [313], has

led to delays, and unreliable and inconsistent data collection [323]. All of these challenges

have resulted in a scarcity of empirical evidence for the impact of COVID-19 on HIV

epidemiology.

4.2.2 COVID-19 in Benin

During the year of 2020, the Republic of Benin had a less severe COVID-19 epidemic than

other nearby countries. The first confirmed case of SARS-CoV-2 infection was reported on

the 16th March 2020 [324], and as of 28th October 2020, the whole country had reported

2557 cumulative confirmed cases and 41 deaths [175]. However, the number of confirmed

cases is likely to be an underestimate [325]; at the beginning of the epidemic there was only

one laboratory in the country (the haemorrhagic fever lab in Cotonou) capable of carrying

out tests for SARS-CoV-2, which ran at a maximum capacity of 300 tests a day [326]. This

lack of testing could also limit the ability to attribute deaths to COVID-19, and as such, this

figure is also likely to be an underestimate. Indeed in March 2020, healthcare capacity to

cope with acute medical cases was found to be insufficient in Benin [326], as it was in other

Sub-Saharan nations [327].

On 29th March 2020, the President, Patrice Talon, explained that harsh measures, including

lockdowns, were economically unviable for the country [328], and with the majority of its

workforce in informal labour, would be devastating to the livelihood of the population [329].

Instead, the Government responded by declaring a two-week cordon sanitaire around several

of the urban agglomerations, including the cities of Cotonou and Porto-Novo, the largest

city and capital city respectively, where non-essential travel into and out of these areas was

restricted [328]. Further, groupings of larger than 10 people were banned, physical distancing

of at least one metre was required, public transport was cancelled, taxis were limited to one

passenger, and bars and other venues were closed. Although these restrictions were initially
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only meant to last two weeks, they were extended [330]. Mandatory mask wearing was

implemented on 27th April 2020 [331], and restrictions were only further relaxed in June

2020, with the reopening of bars, religious venues and public transport [332].

Following the lack of COVID-19 testing capacity early in the epidemic, efforts were made to

increase it, such that by October 2020 there were 13 testing centres, with at least one located

in each of Benin’s twelve districts [326]. As of 23rd October 2020, around 8,000 tests were

carried out each week, with a cumulative total of more than 222,000 [326]. The European

Investment Bank provided 30 million Euros to supply health centres in Benin with medical

equipment to care for severe acute cases of COVID-19 [333].

However, at the time of analysis there was great uncertainty regarding the extent of disruption

to HIV prevention services and sexual activity in Benin. Although stocks of ART were

maintained throughout 2020 (personal communication: Michel Alary, MD and Luc Béhanzin,

PhD), data on initiations, adherence and retention following the pandemic were unavailable.

Although general population data was very limited, some data was available for FSW in

Cotonou. A survey was conducted in October 2020 among 407 FSW, investigating the impact

of COVID-19 on sex work and related activities [334]. This survey was embedded within a

wider study investigating the feasibility and implementation of HIV self-testing [335]. FSW

were recruited from 31 sex work sites known to local researchers to achieve a suitable number

of individuals for the study (around 400). The FSW were interviewed face to face, and asked

questions about their lives during the COVID-19 epidemic, with respect to sexual behaviour

and HIV services [334].

Among these women, 47% had no other source of income outside of sex work. The definition

of a professional FSW, as described in Chapter 2, is a woman whose main source of income is

sex work. Although slightly less than half of the surveyed women declared to be exclusively

sex workers, it is possible that the others still meet the definition of professional sex worker,

despite having other sources of income.

The women surveyed described two main changes to the nature of sex work. Firstly, the vast

majority (88% n=358) reported that clients were much harder to find since the outbreak of

COVID-19. Secondly, a large minority (36% n=145) revealed a reduction in the price of each

sex act, presumably a result of lessened client demand. A smaller number of FSW reported

a deliberate reduction in the number of clients (8%) and a changing in sexual position for

the sex act (7%). A small minority (7%) found that COVID-19 had no impact on their

commercial sex work. Although some have speculated that FSW may switch to riskier

(and more remunerative) sex as a result of fewer clients [319], only 0.5% of the FSW in

Cotonou reported using fewer condoms or opting for anal sex. It is however important to note
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that reporting on such activities may have a social desirability bias, as it was a face-to-face

interview; such a bias has been previously observed in Cotonou [336].

With regards to HIV prevention and treatment services, COVID-19 proved to have an impact

for FSW in Cotonou. Twenty-two percent of FSW attended fewer HIV/STI awareness

sessions, and 21% saw a reduction in the availability of free condoms. Further, 12% and 9%

of women reported a decrease in attendance at clinic visits and HIV testing appointments,

with the most common reasons being a lack of funds and fear of contracting COVID-19.

Among the 399 women who responded to the question, only 7% filled in a new prescription

in the pharmacies in the last 6 months, suggesting a very significant or near total pause

in new ART initiations. Among HIV-positive women already on ART however, only 4%

declared a pause, although 15% did not respond to the question. The clinics reported no lack

of ART following the first cases of COVID-19, due to a resupply in March 2020, although

medications for treating other STIs were not fully stocked (personal communication, Michel

Alary, MD).

4.2.3 Possible impacts of COVID-19 on HIV epidemiology in Cotonou

Although there was limited data demonstrating general disruptions to HIV prevention services

in Cotonou, the unexpected arrival of the epidemic, as well as governmental restrictions

on movement, are likely to have had effects all along the HIV care cascade, as has been

observed in other Sub-Saharan countries [309, 311–314]. Indeed the FSW survey in Cotonou

has indicated a decrease in condom distribution, clinic visits, HIV testing and ART initiation

among these women [334]; if these disruptions reflect a broader pattern then an increase in

HIV infections (and later deaths) can be anticipated.

On the other hand, the cordon sanitaire, and more importantly the closure of bars and venues,

are likely to reduce commercial sexual activity in Cotonou, as these are locations in which

professional and part-time FSW meet clients [258, 259, 256]. Commercial sex partnerships

are disproportionately important for the HIV epidemic of Cotonou [50], as FSW and their

clients represent crucial roles as a ‘core’ and ‘bridging’ groups that drive the epidemic [137];

an estimated 52% of all HIV infections between 1993-2008 were attributable to commercial

sex [50]. Despite the successful condom promotion in Cotonou since 1993 (“SIDA 1/2/3”

interventions), HIV prevalence remains significantly higher among FSW: HIV prevalence

in Cotonou among professional and part-time FSW were 10% and 7% in 2017 respectively,

compared to 1% in the general Beninese population in 2015 [256, 253, 277]. If commercial

sex activity decreases following venue closures, this could reduce new incident HIV infections
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among key populations, and therefore reduce overall incidence from secondary transmissions

[276].

However, regarding commercial sex, other less favourable scenarios are possible. The

recently reduced availability of paying sexual partners and encounters following restrictions

may force FSW to engage in higher paid (but riskier) sex without a condom, which carries a

much higher risk of HIV acquisition [65]. Further, clients who normally frequent part-time

FSW in bars or clubs may instead bring their custom to professional FSW, who could thereby

be exposed to new and risky partnerships.

4.2.4 Previous studies estimating the impact of COVID-19 on HIV
epidemiology

Early modelling studies have investigated the potential impact of the pandemic on HIV

in Sub-Saharan Africa. Hogan et al. modelled the effects of disruptions to heath services

for HIV, tuberculosis and malaria in low- and middle-income countries (South Africa,

Malawi, Mozambique, Zimbabwe, eSwatini, Lesotho, Uganda, Kenya, Botswana, Tanzania,

Cameroon, Côte d’Ivoire, Nigeria and Sub-Saharan Africa as a whole) [337]. They simulated

several scenarios of COVID-19 response, ranging from no action to total suppression for 1

year. For HIV-related activities, they assumed that COVID-19 suppression would involve

reductions in new ART initiations, viral suppression, PrEP enrolment, voluntary medical

male circumcision (VMMC), and sexual partnerships. In their worst-case scenario, they

estimated that there would be 10% more HIV-related deaths over 5 years as a result of these

disruptions.

Jewell et al. presented a study of five separate models of HIV epidemiology simulating a

range of scenarios related to COVID-19 and the COVID-19 response [306]. These included

interruptions to VMMC, condom availability, prevention of mother-to-child transmission

(PMTCT) programmes, HIV testing, ART initiation, viral load testing and ART retention.

They estimated that a 6-month interruption of ART supplies for half of people living with

HIV would result in nearly 300,000 excess HIV-related deaths in Sub-Saharan Africa over

the course of a year. An equal disruption to condom programmes would lead to an increase

of around 20% of new incident HIV infections over one year. These impacts are estimated to

be partially offset by disruptions to sexual activity resulting from physical distancing.
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4.2.5 Motivation and aims

The impact of COVID-19 on HIV epidemiology is complicated, multi-faceted, and depends

on the specifics of the local HIV epidemic in question. This chapter focuses on the impact

of COVID-19 on the HIV epidemic of Cotonou, Benin. Previous modelling studies have

already explored this in several countries [306, 337], but there were two key reasons why a

model analysis was important in Cotonou.

Firstly, the epidemic trajectory of COVID-19, and the responses of national governments,

have both varied dramatically between countries, even in the same geographical location

[338–340]. For instance, the response of the Beninese government was very different to that

of Nigeria, despite being a neighbouring country. Further, given that every country’s HIV

epidemic is unique [136], the same restrictions or disruptions in HIV care or sexual activity

could affect places in very different ways. The epidemiological context of Cotonou, distinct

not only from other African countries but also from the less densely populated regions of

Benin [265, 258, 253], is therefore deserving of its own analysis.

Second, previous studies have reported potential impact of COVID-related disruptions only

among the general populations of each country. Given our understanding of the crucial

role of key populations in transmission [50], particularly in concentrated epidemics such as

in Cotonou [255], and their unique vulnerability experiencing higher levels of stigma and

violence [341], it is important to explore the impact of COVID-19 among these groups in

particular. Cotonou is an excellent locality within which to do this: the HIV epidemic of

Cotonou has been studied for over thirty years [251, 336], providing a wealth of detailed

data concerning prevalence, sexual behaviour and interventions, among key populations and

low-risk groups.

Therefore, the key research question I aim to answer is, as outlined in the aims of this

thesis: what was the impact of disruptions to HIV prevention services and sexual behaviour,

caused by the COVID-19 epidemic in Cotonou? I further aim to answer these secondary

questions: are key populations disproportionately affected by these disruptions? What can

these disruptions tell us about the effectiveness and utility of already-present HIV prevention

and treatment interventions?

To answer these questions, I used the transmission model calibrated to the HIV epidemic

of Cotonou described in Chapters 2 and 3. I simulated some plausible scenarios reflecting

the most likely disruptions to occur in Cotonou based on available data and reports, as

well as other exploratory disruption scenarios. I measured impact in terms of changes in
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HIV infections and HIV-related deaths among professional FSW, their clients, and in the

population overall.

This model analysis was completed in October 2020, as part of a model comparison with

a model describing the HIV epidemic in Yaoundé, Cameroon. The other model analysis

was performed by Dr Romain Silhol. The exploratory scenarios described in Section 4.3.1.2

were identical between the two analyses to facilitate comparison. This model comparison

is published [317]. At the time of publication, it was the first model analysis explicitly

investigating the impact of COVID-19 on HIV epidemiology among key populations.

4.3 Methods

Chapter 2 provided the description of the transmission model used for this analysis. I assumed

there was no PrEP in Cotonou, as observed [275, 291]. There was otherwise no difference

to the model structure. Details on how I modelled COVID-related disruptions are given in

Section 4.3.1.3.

Table 4.1 summarises posterior distributions for relevant demographic, biological, epidemio-

logical and intervention parameters, and outcomes from the model fitting in Chapter 2.
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Table 4.1 The posterior distributions (median and 95% UI (2.5th and 97.5th percentiles) for relevant parameters

in January 2020, following model calibration in Chapter 2.

Population structure
% FSW among all females 0.30% (0.27-0.38%)
% clients among all males 21.3% (12.6-25.9%)
Sexual behaviours
FSW:
Number of commercial sex acts (per year) 648 (194-1546)
Number of non-commercial sex acts (per 
year) 27 (15-44)

Clients:
Number of sex acts (per year) 121 (89-162)
Lower-risk populations:
Number of sex acts (per year) 38 (29-47)
Fraction of sex acts which are with casual 
partners. 20%

HIV prevalence
FSW 8.5% (7.1-11.2%)
Clients 1.5% (0.9-2.2%)
Lower-risk females 1.0% (0.8-1.5%)
Lower-risk males 0.6% (0.3-0.9%)
% condom use at last sex
FSW during paid sex 91.4% (86.0-98.2%)
FSW during unpaid sex 39.9% (21.7-59.9%)
Lower-risk populations 20.7% (16.2–25.5%)
ART and viral suppression coverage in 
PLHIV
RR for disease progression and AIDS-
related mortality 5.1 (7.2-10.0)

FSW: % on ART 72.0% (63.1-80.6%)
% virally suppressed 57.1% (49.7-66.2%)
Clients: % on ART 58.8% (42.0-73.4%)
% virally suppressed 35.8% (20.2-55.8%)
Lower-risk females: % on ART 74.9% (64.7-83.2%)
% virally suppressed 46.8% (31.4-65.4%)

Lower-risk males: % on ART 68.3% (50.4-80.6%)

% virally suppressed 42.0% (23.3-63.0%)
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4.3.1 Scenarios

I explored several disruption scenarios, informed by data, informal reports and expert opinion,

to determine the potential impact of COVID-19.

A list of scenarios is presented in Table 4.2. The base-case scenario assumes no COVID-

related disruptions, where parameters remain unchanged from 2020 onwards. The rest of

the scenarios are divided into two types: i) plausible scenarios and ii) exploratory scenarios.

The exploratory scenarios include ’Single disruptions’, ’Combined disruptions’ and ’Group-

specific disruptions’; section 4.3.1.2 provides further details.

Each scenario reflects different disruptions to HIV testing, ART initiation, viral suppression,

condom use, or sexual behaviour. The scenarios are explained in more detail in the following

sections.

For each of the 111 fits described in Chapter 3, the epidemic was simulated from 1986-2025

assuming parameter sets from each scenario in Table 4.2. All disruptions were modelled

to begin on 1st January 2020 for computational reasons, and lasted for either 3, 6, 12 or 18

months, unless stated otherwise.
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Table 4.2 Disruption scenarios simulated in Cotonou from January 2020

Scenario number Description
A0: Base-case scenario No COVID and no COVID response*

Plausible scenarios

A1: Data-driven†

- ART initiations paused among all groups

- 10% reduction in viral suppression among all groups

- 10% less condom use among all groups

- 10% fewer casual partners among all groups

- 10% fewer commercial partners among all groups

A2: Policy-driven† 100% reduction in client demand for commercial sex with part-time FSWs; demand not transferred.

Exploratory scenarios: single disruptions (all groups)
B1 Reduction in HIV testing by 10%, 25%, or 50%

B2 All HIV testing paused

B3 All ART initiations paused

B4 Reduction in proportion of those on ART who are virally suppressed by 10%, 25%, or 50%

B5 Reduction in all condom use by 10%, 25%, or 50%

B6 Reduction in non-commercial condom use by 10%, 25%, or 50%

B7 Reduction in commercial condom use by 10%, 25%, or 50%

B8 Reduction in number of casual partners by 10%, 25%, or 50%

B9 Reduction in all non-commercial partnerships by 10%, 25%, or 50%

B10 Reduction in all commercial partnerships by 10%, 25%, or 50%

B11 Reduction in number of all partners by 10%, 25%, or 50%

Exploratory scenarios: combined disruptions (all groups)
C1 - No new ART initiations

C2
- No new ART initiations

- Reduction in proportion virally suppressed by 10%, 25%, or 50%

C3

- No new ART initiations

- Reduction in proportion virally suppressed by 10%, 25%, or 50%

- Reduction in condom use frequency by 10%, 25%, or 50%

C4

- No new ART initiations

- Reduction in proportion virally suppressed by 10%, 25%, or 50%

- Reduction in condom use frequency by 10%, 25%, or 50%

- Reduction in casual partners by 10%, 25%, or 50%

C5

- No new ART initiations

- Reduction in proportion virally suppressed by 10%, 25%, or 50%

- Reduction in condom use frequency by 10%, 25%, or 50%

- Reduction in casual partners by 10%, 25%, or 50%

- Reduction in commercial partners by 10%, 25%, or 50%

Exploratory scenarios: group-specific disruptions
D1 Among clients, no new ART initiations and viral suppression halved

D2 Among professional FSW, no new ART initiations and viral suppression halved

D3 Among lower-risk populations, no new ART initiations and viral suppression halved

D4 All condom use between pro FSW and clients halved

D5 All condom use of lower-risk populations halved

D6 Commercial sex in bars stops but client demand not transferred

D7 Commercial sex in bars stops and so clients go to professional FSW in brothels

∗ All parameters remain as they were in 2020

† All disruptions in the plausible scenarios last 3 months
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4.3.1.1 Plausible scenarios

I developed two plausible scenarios to best understand what happened in Cotonou during

the COVID-19 epidemic in 2020. The first ‘data-driven’ scenario (Scenario A1) assumes

several disruptions based on behavioural and intervention data from a FSW-specific survey

in Cotonou, and general population data from other nearby countries. The second ‘policy-

driven’ scenario contains one specific disruption to sexual activity, which reflects the likely

effects of the government policy to close bars in Benin.

1. Data-driven scenario

Although local experts report that stocks of ART were maintained throughout 2020 in Benin,

there were no data on initiation, adherence and retention. The FSW survey in October 2020

found that only 7% of FSW filled in a new prescription of any kind [334]; I therefore assumed

that ART initiations stopped temporarily. The same survey found that 21% of FSW received

fewer free condoms due to the COVID-19 response, and 8% report deliberately reducing

the number of clients. Based on this, I assume there was a 10% reduction in commercial

partnerships, as well as a 10% reduction in condom use during commercial sex acts. For lack

of data and for simplicity, I assumed also 10% reductions in non-commercial partnerships

and condom use too. In Yaoundé, Cameroon, there was a 10% reduction in viral suppression

in 2020 compared to 2019 [52]; I therefore assumed a 10% decrease in viral suppression.

Given that restrictions that began in March 2020 ended in June of the same year, I assumed

this scenario lasted for 3 months.

2. Policy-driven scenario

Among the COVID-19 response activities announced by the President Patrice Talon on 29th

March 2020, the policy to shut bars, clubs and restaurants is notable for having a likely

direct impact on commercial sex. As described in Chapter 2, a portion of commercial sex

in Cotonou is performed in such venues, mostly by part-time FSW. These FSW engage in

less sexual activity than professional FSW, with a lower frequency of condom use [258, 259].

Based on this government policy, this scenario explores the impact of a total cessation of

commercial sex by part-time FSW. Given most (88%) of professional FSW experienced

fewer clients during the COVID-19 period, I further assume that the clients who could not
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find commercial sex partnerships in bars did not transfer their custom instead to professional

FSW.

4.3.1.2 Exploratory scenarios

Given that data was limited for Cotonou during this period, I designed several exploratory

scenarios which reflect potential disruptions to various HIV prevention services and sexual

behaviours. These scenarios were split into three sets: single disruptions affecting all groups,

combined disruptions affecting all groups, and group-specific disruptions (Table 4.2). All of

these disruptions were implemented for 3, 6, 12 and 18 months, and the level of reduction

was explored at 10%, 25% and 50%, unless stated otherwise. For the purposes of clarity I do

not present the results of every single combination.

The first set, ‘single scenarios’ contained those which feature only one disruption applied to

all risk groups in Cotonou. An example of this is scenario B1, where the frequency of HIV

testing among all groups was reduced.

The second set, ‘combined scenarios’ were scenarios where two or more disruptions were

applied simultaneously. These disruptions were all individually represented in the ‘single

scenario’ set, and as before were applied to all risk groups. For example, scenario C1 involved

a reduction in viral suppression, combined with a pause in all ART initiations.

The third set, ‘group-specific scenarios’, were those where only particular groups were

affected. For example, scenario D1 explores the impact when commercial sex partnerships

were paused for part-time FSW, but the client demand was instead transferred to professional

FSW.

The next section describes how each disruption was modelled mathematically.

4.3.1.3 Modelling the disruptions

HIV testing

I described in Chapter 2 an analysis of historical intervention data in Cotonou, including

integrated bio-behavioural surveys, household-based surveys, and demographic and health

surveys. A common question in these surveys asked the participant if they have been tested

for HIV in the last year.



4.3 Methods 165

The following is a summary of how testing was modelled in Chapter 3. I extracted the

probability of annual testing for each risk group over time and transformed this probability

into a rate using the following equation:

τr,s
i =−ln(1− ptesti) (4.1)

Where τr,s
i is the rate of testing of group i; ptesti is the probability of being tested last year of

group i.

To model the impact of COVID-related disruptions to testing, I modified this formula to the

following:

τr,s
i =−ln(1− ptesti ∗ (1−D)) (4.2)

Where D is the disruption factor due to COVID-19.

A reduction of D to the annual probability of being testing reduces the rate of testing. In this

analysis, I explored scenarios where D takes values of 10%, 25% and 50%.

ART initiation

As described in Chapter 2, disease progression and transmission risk are both reduced when

an HIV-positive individual is on ART. ART initiation rate is represented by ρs
i , varying by

group i and stage of infection s. Eligibility of ART depends on the stage of infection and

time, which is reflected in the model.

In this analysis, a pause in ART initiation is implemented by setting all groups to be ineligible

for ART, thereby setting ρs
i = 0 for any i and any s, during the period of disruption.

Viral suppression

The effectiveness of ART depends strongly on viral suppression; the proportion of individuals

virally suppressed is therefore a key parameter.

As described in Chapter 2, I assume that when a person living with HIV is on ART, the

transmission probability per sex act in the force of infection is multiplied by RRART
j , which

takes a value below 1. RRART
j is calculated as follows:
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RRART
j = 1−V S j ∗ e f f ART (4.3)

Where V S j is the proportion of individuals that are virally suppressed in group j, e f f ART is

the efficacy of ART when virally suppressed. I adapted this formula to model disruptions to

viral suppression:

RRART
j = 1−V S j ∗ (1−D)∗ e f f ART (4.4)

Where D is the factor of disruption resulting from COVID-19.

Likewise, progression through the stages of infection is slowed by a factor of progART for

those on ART (r = 3) such that:

γ32 =
γ02

progART
∗V S j + γ02

(
1−V S j

)
(4.5)

γ33 =
γ03

progART
∗V S j + γ03

(
1−V S j

)
(4.6)

γ34 =
γ04

progART
∗V S j + γ04

(
1−V S j

)
(4.7)

Where γ32, γ33 and γ34 are the rates of disease progression of individuals on ART in stages

CD4 > 500, CD4 350 – 500 and CD4 200 – 349 cells/mm3 respectively, γ02 , γ03 and γ04 are

the rates of disease progression of individuals not on ART in stages CD4 > 500, CD4 350 –

500 and CD4 200 – 349 cells/mm3 respectively and V S j is the proportion of individuals that

are virally suppressed in group j. The reduction in rate of disease progression is represented

by progART . I adapted these equations to model disruptions to viral suppression:

γ32 =
γ02

progART
∗V S j ∗ (1−D)+ γ02

(
1−V S j ∗ (1−D)

)
(4.8)

γ33 =
γ03

progART
∗V S j ∗ (1−D)+ γ03

(
1−V S j ∗ (1−D)

)
(4.9)

γ34 =
γ04

progART
∗V S j ∗ (1−D)+ γ04

(
1−V S j ∗ (1−D)

)
(4.10)
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Where D is the factor of disruption resulting from COVID-19.

Finally, AIDS-related mortality occurs for individuals with CD4 350-500, CD4 200-249,

CD4 <200 cells/mm3 (s = 3,4,5). AIDS related mortality for those on ART (r = 3) is slowed

by a factor of mortART , such that:

α33 =
α03

mortART
∗V S j + α03

(
1−V S j

)
(4.11)

α34 =
α04

mortART
∗V S j + α04

(
1−V S j

)
(4.12)

α35 =
α05

mortART
∗V S j + α05

(
1−V S j

)
(4.13)

Where α33, α34 and α35 are rates of AIDS-related mortality of individuals in stages CD4

350-500, CD4 200-249, CD4 <200 cells/mm3 respectively when on ART, α03, α04 and α05

are rates of AIDS-related mortality of individuals in stages CD4 350-500, CD4 200-249,

CD4 <200 cells/mm3 respectively when not on ART, and mortART is the reduction in rate of

AIDS-related mortality.

For each parameter set, progART and mortART are equal. I adapted these equations to model

disruptions to viral suppression:

α33 =
α03

mortART
∗V S j ∗ (1−D)+ α03

(
1−V S j ∗ (1−D)

)
(4.14)

α34 =
α04

mortART
∗V S j ∗ (1−D)+ α04

(
1−V S j ∗ (1−D)

)
(4.15)

α35 =
α05

mortART
∗V S j ∗ (1−D)+ α05

(
1−V S j ∗ (1−D)

)
(4.16)

Where D is the factor of disruption resulting from COVID-19.

Sexual partnerships
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Chapter 2 showed that partner change rate is calculated separately for commercial (cC
i ) and

non-commercial partnerships (cN
i ). Commercial partnerships are only formed between female

sex workers (either professional or part-time) and their clients. Non-commercial partnerships

can be formed by any sexually active group in the model.

In this analysis, I investigated the impact of a reduction (D) in annual commercial and

non-commercial partner change rates, both separately and together.

It is important to note that at every timestep, commercial partnerships are balanced: the

total number of commercial partnerships as declared by women (i = 1,2) must match the

total number of commercial partnerships as declared by men (i = 5), such that the following

equation is satisfied:

cC
1 (1−D)N1 + cC

2 (1−D)N2 = cC
5 (1−D)N5 (4.17)

Where cC
i is the commercial partner change rate of group i; Ni is the total number of

individuals in group i; and D is the disruption factor due to COVID-19. The same procedure

was implemented for non-commercial partnerships. A more detailed explanation of balancing

of partnerships is available in Chapter 2 Section 2.4.2.7.

This balancing procedure is unimportant when the disruption scenario affects the number of

partnerships for all groups equally, as the expression (1−D) will factor out. However, there

are scenarios where the number of partnerships for a specific group was reduced.

In Scenario D7, I assumed that client demand is maintained, such that partnerships that

would have been formed with part-time FSW were instead transferred to professional FSW.

This was implemented by setting the partner change rate for part-time FSW to zero, while

balancing the partnerships as usual.

In Scenario D6, I assumed that part-time FSW experienced a pause in commercial sex, but

that the client sex demand was not transferred to professional FSW. To implement this, I

assumed that the number of sex acts per partnerships between part-time FSW (i = 2) and

clients (i = 5) were temporarily set to zero. This is described in the equations below:

nC
12 = nC

21 = 0 (4.18)

The effect of this implementation is that the partner change rates and balancing of partnerships

are unchanged, but the force of infection experienced by part-time FSW from clients, and

vice versa, was temporarily set to zero.
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Condom use

In my model structure, the transmission probability of HIV per sex act is modified by

the probability that it was protected by a condom, represented by parameters fC
i j and f N

i j

for commercial and non-commercial partnerships respectively, where i and j represent

individuals in the sexual partnership. These probabilities varied by group and through time.

I explored various scenarios of reduction in condom use either by particular groups, or by all

groups, where the following expressions were implemented, representing frequency of sex

acts protected by a condom for commercial and non-commercial partnerships respectively:

fC
i j(1−D) (4.19)

f N
i j (1−D) (4.20)

Where D is the disruption factor due to COVID-19.

4.3.1.4 Estimating impact

The cumulative numbers of incident HIV infections and HIV-related deaths were calculated

in the base-case scenario (Scenario A0: no COVID-19), and for all disruption scenarios.

These were calculated over 1 and over 5 years separately for professional FSW, clients and

for the overall population. For each of the 111 model fits achieved and described in Chapter

3, impact was evaluated as the relative change in new HIV infections or HIV-related deaths

compared to the base-case scenario; the equation below describes this calculation:

% change in HIV in f ections=
HIV in f ections in disruption scenario−HIV in f ections in basecase scenario

HIV in f ections in basecase scenario
(4.21)

% change in HIV deaths =
HIV deaths in disruption scenario−HIV deaths in basecase scenario

HIV deaths in basecase scenario
(4.22)

Results are presented as the median and 95% quantiles of the 111 fits (95% UI), calculated

either over 1 year (2020-2021) or 5 years (2020-2025), and are presented as a percentage. A

negative impact represents a reduction in infections or deaths.
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It is important to note that while disruptions may be applied to certain groups or all groups,

the impact of every scenario, in terms of HIV infections and deaths, was evaluated separately

for professional FSW, clients and overall.

4.4 Results

4.4.1 Plausible scenarios

The data-driven plausible scenario, as described earlier, assumed a 3-month disruption

including the cessation of ART initiations, and 10% reductions in viral suppression, condom

frequency, casual and commercial partnerships. This scenario increased HIV infections by

6.4% (3.3-13.8%) among professional FSW, 7.3% (4.6-11.4%) among clients and 4.7% (2.8-

7.1%) in the overall population measured over 1 year, and 2.1% (1.2-4.3%), 2.4% (1.5-3.7%)

and 1.6% (1.0-2.6%) measured over 5 years. The equivalent impact in terms of HIV-related

deaths was an increase of 6.1% (4.6-8.3%) among professional FSW, 2.6% among clients

(1.3-5.2%) and 3.0% (1.6-6.0%) overall measured over 1 year, and 2.0% (1.3-2.8%), 0.6%

(0.4-1.3%) and 0.7% (0.4-1.4%) measured over 5 years. In terms of change in relative HIV

infections, the impact of this scenario was greater among clients than among professional

FSW, but the inverse was true in terms of HIV-related deaths. For this scenario, whether

measured in terms of HIV infections or deaths, or measured over 1 year or 5 years, the

greatest impact was found either among professional FSW or clients, rather than overall. The

relative impact among all groups of a 3-month disruption was greater when measured over 1

year than over 5 years.

The policy-driven plausible scenario explored the impact of disruptions to commercial sex of

part-time FSW, a possible result from the closing of bars and restaurants in Cotonou, which

lasted from 29th March 2020 to late June 2020 (around 3 months) [332]. If part-time FSW

stopped commercial sex for 3 months, and clients did not seek it instead from professional

FSW, there was an estimated decrease of 0.1% (0.0-0.4%), 0.3% (0.1-1.5%) and 0.3% (0.1-

0.8%) in new HIV infections among professional FSW, clients and overall respectively. The

impact in terms of deaths was <0.001% for all groups.
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4.4.2 Exploratory scenarios

4.4.2.1 Single scenarios

Figure 4.1 shows the impact of single 6-month disruptions on professional FSW, clients and

overall in terms of HIV infections and HIV-related deaths, measured over 1 year. Increases

in new HIV infections were estimated for reductions in ART initiations, viral suppression

and condom use, while decreases in infections followed reductions in sexual partnerships.

A larger disruption (e.g. 50% reduction) had a greater impact than a smaller one (e.g. 10%

reduction).



172 Estimating the impact of COVID-19 on HIV epidemiology in Cotonou

Impact among FSW Client Overall
A

RT
/v

ira
l s

up
pr

es
si

on
C

on
do

m
 u

se
Se

xu
al

 b
eh

av
io

ur

20 0 20 40 60 80

Reduction in viral suppression of 50%
Reduction in viral suppression of 25%
Reduction in viral suppression of 10%

Reduction HIV testing 50%
Reduction HIV testing 25%
Reduction HIV testing 10%

No new ART initiations
All HIV testing suspended

Overall condom use decreases by 50%
Overall condom use decreases by 25%
Overall condom use decreases by 10%

Commercial condom use decreases by 50%
Commercial condom use decreases by 25%
Commercial condom use decreases by 10%

Non commercial condom use decreases by 50%
Non commercial condom use decreases by 25%
Non commercial condom use decreases by 10%

Reduction in all partners 50%
Reduction in all partners 25%
Reduction in all partners 10%

Reduction in non commercial partnerships 50%
Reduction in non commercial partnerships 25%
Reduction in non commercial partnerships 10%

Reduction in commercial partners 50%
Reduction in commercial partners 25%
Reduction in commercial partners 10%

Reduction in casual partners 50%
Reduction in casual partners 25%
Reduction in casual partners 10%

New HIV infections (%)
0 20 40 60
New HIV related deaths (%)

Figure 4.1 Relative change in cumulative number of incident HIV infections and HIV-related deaths over 1

year among professional FSW (green), clients (purple) and overall (orange) under scenarios assuming 6-month

single disruptions to all groups, compared to base-case (no COVID-19 nor COVID-19 response) in Cotonou.

Squares and lines represent median and 95% percentiles of estimates across 111 model fits.

Broadly, in terms of HIV infections, reductions in condom use led to greater impact than

similar reductions in HIV testing or viral suppression; this effect was most pronounced for

condom use during commercial sex. Indeed, reducing commercial condom use by 50% for 6

months led to an estimated 67.5% (95% UI: 37.6-158.1%) increase in HIV infections among

professional FSW, 45.5% (21.2-110.0%) among clients, and 18.5% (8.9-42.0%) overall. The

impact of reducing non-commercial condom use was substantially smaller for all risk groups.
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In comparison, reducing viral suppression by 50% was less impactful: leading to a 11.9%

(5.3-24.1%), 17.6% (10.3-29.8%) and 14.0% (6.7-27.0%) increase in HIV infections among

FSW, clients and overall respectively. Another difference is that while condom use disruptions

had a bigger relative impact on professional FSW, disruptions to viral suppression had a

bigger impact among clients, because of the increased HIV transmission from professional

FSW.

A 50% reduction in commercial partners prevented 27.9% (25.2-30.1%) of new HIV infec-

tions among professional FSW, 17.2% (10.0-23.8%) among clients, and 7.0% (3.7-11.3%)

overall; the highest impact was among professional FSW and the lowest in the overall popu-

lation. However, the opposite pattern was observed for non-commercial partnerships: a 50%

reduction in non-commercial partnerships prevented 4.6% (2.6-8.2%) of new HIV infections

among professional FSW, 15.6% (9.3-21.7%) among clients, and 24.3% (20.6-27.2%) overall.

A reduction in all partnerships resulted in a similar impact for all risk groups.

In terms of HIV-related deaths, the greatest impact by far was observed for a 50% reduction

in viral suppression, which led to an estimated 31.5% (23.9-48.1%) increase in HIV-related

deaths among professional FSW, 18.3% (9.0-38.4%) among clients, and 21.4% (10.7-44.3%)

in the overall population. The cessation of all new ART initiations increased HIV-related

deaths by 5.7% (2.9-9.0%), 1.6% (0.8-3.4%) and 1.8% (0.9-3.6%) among professional FSW,

clients and overall respectively. Disruptions which strongly increased infections, such as

those in condom use, did not have time to incur substantial impact in HIV-related deaths

when measured over 1 year only. Reducing viral suppression among those already infected,

however, caused measurable mortality within 1 year. Other than those related to ART

initiation and viral suppression, all single disruptions explored changed HIV-related deaths

by <1% over 1 year.
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Figure 4.2 Relative change in cumulative number of incident HIV infections over 1 year and 5 years among

professional FSW, clients and overall under single scenarios assuming 3 (light green), 6, 12 and 18 (dark green)

month disruptions, compared to base-case in Cotonou. Squares and lines represent median and 95% percentiles

of estimates across 111 model fits.

Varying the duration of the disruption had implications for the impact. Figure 4.2 shows how

disruptions of 3, 6, 12 and 18 months for single scenarios impacted HIV infections among

professional FSW, clients and overall. For any duration of disruption, and for all scenarios,

the impact was greater in amplitude when measured over 1 year than over 5 years, because a

relatively larger proportion of the time under analysis was under disruption. When measuring

over 5 years, there was a strongly linear relationship between duration of disruption and

new HIV infections. However, when measuring over 1 year, the 12-month and 18-month

disruptions had equal impact, as the whole period under study was disrupted in both cases.

Although the relative impact was higher when measuring over 1 year, the absolute impact

was higher over 5 years. For example, a 25% reduction in overall condom use for 12-months

increased HIV infections among professional FSW by 62% (35-140%) over 1 year, and 18%
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(10-42%) over 5 years (Figure 4.2). However, the absolute number of new HIV infections

were 8 (4-20%) and 10 (6-24%) over 1 and 5 years respectively (not shown).
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Figure 4.3 Relative change in cumulative number of HIV-related deaths over 1 year and 5 years among

professional FSW, clients and overall under single scenarios assuming 3 (light green), 6, 12 and 18 (dark

green) month disruptions, compared to base-case scenario (no COVID-19 nor COVID-19 response) in Cotonou.

Squares and lines represent median and 95% percentiles of estimates across 111 model fits.

The effects of varying duration of disruption, and the time over which impact is calculated,

are shown in Figure 4.3 in terms of HIV-related deaths. Unlike for HIV infections, HIV-

related deaths were not always higher when measured over 1 year than 5 years. For example,

when reducing overall condom use by 25% for 12 months, the impact was an increase of

0.12% (0.04-0.44%) over 1 year and 1.36% (0.55-3.97%) over 5 years among professional

FSW. This was because the deaths incurred by reducing condom use took some years to

accumulate. Like with HIV infections, duration of disruption scaled linearly with increases

in HIV-related deaths, except for 12 and 18-month disruptions when measured over 1 year

which were identical.
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To summarise, the single scenario with the worst negative impact depended on the outcome of

interest. Disruptions to condom use, particularly for commercial sex, were the most impactful

in terms of HIV infections for the time horizons explored. This impact was highest among

professional FSW, who rely on high frequencies of condom use to protect themselves and

their sexual partners from HIV acquisition. Disruptions to viral suppression also had large

impacts on new HIV infections, as the transmission attenuation provided by ART is weakened.

The impact of such a disruption was highest among clients, who were more exposed to higher

prevalence sexual partners (professional FSW). In terms of HIV-related deaths, disruptions

to viral suppression were the most damaging, as this was the only intervention which directly

mitigates HIV mortality.

Reductions in sexual partnerships decreased new HIV infections, by reducing the number of

opportunities for HIV transmission. The decrease in HIV-related deaths was however very

slight for all scenarios reducing sexual partnerships.

Professional FSW and clients tended to experience a disproportionate estimated impact

caused by disruptions. This was true not only for reductions in commercial condom use which

only affected these groups, but also for more general disruptions such as viral suppression

which affected all groups. The relative impact was greater in the overall population compared

to key populations only for reductions in casual or non-commercial partnerships, or non-

commercial condom use. However, when only looking at infections in the overall population,

it is important to note that the impact was still greater with disruptions to commercial

condom use than to non-commercial condom use, due to secondary transmissions from key

populations into the lower-risk groups.

Longer disruptions had greater impact, and measuring outcomes over 1 year generally

returned a greater relative impact than over 5 years, but a smaller absolute impact.

4.4.2.2 Combination scenarios

Figure 4.4 shows the impact of different combination scenarios on HIV infections and HIV-

related deaths, calculated separately for professional FSW, clients and the overall population.

The combination scenario with the greatest negative impact explored assumed that for 6

months ART initiations stopped, the proportion virally suppressed halved, and the frequency

of all condom used halved (scenario C3). This led to an estimated 107% (65-230%) increase

in new HIV infections for professional FSW, 94% (52-178%) for clients and 51% (29-90%)

overall over 1 year. For both professional FSW and clients, the incremental impact of reduced

condom use was far larger than that of both the cessation of ART initiation and reduced viral
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suppression. Further, for these two risk groups, the reduction of casual partnerships made

little difference compared to the reduction in commercial partnerships.
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Figure 4.4 Relative change in cumulative number of new HIV infections and HIV-related deaths over 1 year

among professional FSW, clients and overall under combination scenarios assuming 6 month disruptions,

compared to base-case in Cotonou. For each panel, every new line indicates an additional disruption which

occurs on top of the previous one. The level of reduction represented in each disruption is 10% (light blue),

25% or 50% (dark purple). Squares and lines represent median and 95% percentiles of estimates across 111

model fits.
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The reduced transmission following a reduction in partnerships did not fully compensate for

the increased transmission from other disruptions. With reductions of 50%, the combination

of all disruptions (scenario C5) increased HIV infections over one year by 20% (1-68%),

26% (10-60%) and 19% (7-36%) among professional FSW, clients and overall respectively.

The combination of cessation of ART initiation with a 50% reduction in viral suppression

(scenario C2) increased HIV-related deaths by 36% (28-55%) among professional FSW, 20%

(10-41%) among clients, and 22% (12-47%) overall. The incremental impact of any further

disruption was negligible (<0.1%), whether increased from reduced condom use or decreased

from reduced partnerships.

The impacts of combined disruptions scaled roughly linearly with the degree of disruption,

i.e. the impact when reducing by 50% is around double that when reducing by 25%, and

around 5 times that when reducing by 10%.

4.4.2.3 Group-specific scenarios

I also explored various scenarios in which disruptions only affected certain groups; these

results are presented in Figures 4.5 and 4.6. In terms of new HIV infections, the scenario

with the greatest negative impact was the 6-month 50% reduction in condom use between

professional FSW and clients (reduced for both commercial and non-commercial sex), shown

in Figure 4.5. This disruption increased new HIV infections by an estimated 68% (38-159%)

among professional FSW, 45% (21-110%) among clients and 18% (9-42%) overall, measured

over 1 year. The equivalent disruption for lower-risk populations was significantly smaller:

halving condom use among these groups increased HIV infections by 1.5% (0.8-2.6%)

overall, and less than 0.2% for professional FSW and clients.
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Figure 4.5 Relative change in cumulative number of new HIV infections over 1 year among professional

FSW (green), clients (purple) and overall (orange) under scenarios with group-specific 6-month disruptions,

compared to base-case in Cotonou. Squares and lines represent median and 95% percentiles of estimates across

111 model fits.

The impacts of disruptions to ART initiation and viral suppression were small over 1 year,

and the group most at risk of increased HIV infection and death depended on whose viral

suppression was affected. For example, if the interruption of ART initiations and the halving

of viral suppression occurred only among clients, the greatest impact was among professional

FSW, with an increase of 11% (5-22%) HIV infections, compared to 3% (1-7%) among

clients and 6% (3-13%) overall. The equivalent disruption among professional FSW had

the most effect on clients, increasing HIV infections by 3% (1-4%) among professional

FSW, 11% (6-17%) among clients and 4% (2-6%) overall. The equivalent disruption among

lower-risk populations increased infections by 2% (1-5%), 10% (6-20%) and 9% (5-16%)

among professional FSW, clients and overall respectively.
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Finally I explored the impact of 6-month disruptions to commercial sex of part-time FSW

(Figure 4.5). If these FSW stopped commercial sex, and clients did not seek it instead from

professional FSW, there was an estimated 0.2% (0.0-0.7%) decrease in new HIV infections

among professional FSW, 0.6% (0.1-2.7%) among clients and 0.5% (0.2-1.5%) overall.

However, if instead this client demand was transferred to professional FSW, there was an

estimated increase in HIV infections of 5% (0-15%) among professional FSW, 3% (0-9%)

among clients and 1% (0-3%) overall.
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Figure 4.6 Relative change in cumulative number of new HIV-related deaths over 1 year among professional

FSW (green), clients (purple) and overall (orange) under scenarios with group-specific 6-month disruptions,

compared to base-case in Cotonou. Squares and lines represent median and 95% percentiles of estimates across

111 model fits..

Figure 4.6 shows the impacts of group-specific scenarios in terms of changes in HIV-related

deaths. The group who experienced disruptions to ART and viral suppression are those who

experienced the greatest increase in HIV-related deaths. For instance, disruptions to ART

initiation and viral suppression among clients increased HIV-related deaths by 0% (0-0%)
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among professional FSW, 20% (10-41%) among clients and 3% (1-8%) overall. Equivalent

disruptions to ART initiation and viral suppression among professional FSW increased

HIV-related deaths by 36% (28-55%) among professional FSW, and by less than 0.3% on

average among clients and overall. Equivalent disruptions to lower-risk groups increased

HIV-related deaths 19% (9-39%) overall, and by less than 0.1% among professional FSW

and clients.

All other disruptions, in terms of condom use and sexual partnerships, increased HIV-related

deaths by less than 0.1% on average for all groups.

4.5 Discussion

The city of Cotonou in Benin has a long history of successful HIV interventions, including

widespread condom promotion and uptake, HIV testing and ART initiation [342, 262, 280,

270, 253]. However, the recent COVID-19 pandemic has caused significant concern regarding

the sustained implementation of these interventions across Sub-Saharan Africa [343]. The

aim of this chapter was to explore the potential impact of the COVID-19 pandemic on HIV

epidemiology in Cotonou. To do this, I used a transmission model already calibrated to the

local epidemic (described in Chapter 2), and simulated various scenarios reflecting potential

disruptions to already present HIV interventions such as condom use, viral suppression, ART

initiations and HIV testing. I also explored scenarios with disruptions to sexual behaviour,

whether self-imposed or resulting from physical distancing policies. I calculated impact

as the change in new HIV infections and HIV-related deaths following these disruptions,

measured over 1 year or 5 years.

4.5.1 COVID-related disruptions to HIV interventions

4.5.1.1 Plausible scenarios

There is, to date, limited data directly measuring the disruptive impact of COVID-19 on HIV

interventions. I designed a plausible data-driven scenario, based on a FSW survey in Cotonou,

expert opinion, and data from nearby countries. To summarise, this scenario was a 3-month

disruption, including a total pause in new ART initiations, as well as 10% reductions in

viral suppression, condom frequency, casual and commercial partnerships. When measured

over 1 year, these disruptions had a modest impact, increasing HIV infections by 6%, 7%

and 5% in professional FSW, clients and overall respectively. Figure 4.1 and Figure 4.4
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show that the largest single contributing factor was the disruption to commercial condom

use. Indeed, bio-behavioural surveys in 2012 and 2015 showed that condom use between

professional FSW and clients exceeded 90% [265, 258, 283, 259], a phenomenon likely to

have strongly driven the sharp decrease in incidence among FSW in recent decades [50]. A

modest 10% decrease in commercial condom use translates to a near two-fold increase in the

number of unprotected sex acts, which risks undoing the successful continued decrease in

HIV incidence in Cotonou. These results show that efforts to maintain condom use in these

settings are therefore crucial to mitigate the impacts of COVID-19 on new HIV infections,

and that even small disruptions can cause significant impacts.

The plausible data-driven scenario led to an estimated increase in HIV-related deaths of 6%,

3% and 3% among professional FSW, clients and overall respectively. The major contributing

factor was from disruption to viral suppression, as shown in Figure 4.1 and Figure 4.4. Indeed,

professional FSW are the risk group with the highest HIV prevalence, and so they have the

greatest risk of mortality from lower viral suppression. Although new HIV infections will

lead to mortality if not controlled with ART, the measurement of impact over 1 or 5 years

is not long enough for these impacts to be fully measured, given the average duration of an

infection without the use of ART is around 10-12 years [344–349].

The plausible data-driven scenario is a conservative disruption, based on the information

available at the time of analysis. If it emerges that more severe disruptions occurred during

this period, or will occur in future waves of COVID-19, then higher impacts are likely.

4.5.1.2 More recent data

As of 7th September 2021, there is still very little data describing COVID-related disruptions

to HIV prevention and treatment services, and sexual behaviour in Cotonou. UNAIDS tracked

changes in HIV services in certain Sub-Saharan African countries during the COVID-19

epidemic between March and August 2020 [350]. They found that HIV testing fell in most

countries, including in Sierra Leone, where it fell by around 30% compared to before the

COVID-19 epidemic. Similar reductions in HIV testing were found by PEPFAR in the West

African countries of Ghana and Togo [351]. Although Benin is not a PEPFAR supported

country, nor featured in the UNAIDS reports, similar reductions in HIV testing could have

occurred.

PEPFAR further found that viral load suppression was maintained during April–June 2020 in

all PEPFAR-supported countries [352]. UNAIDS also reported that ART coverage has been

relatively unaffected by the COVID-19 or COVID-related restrictions [353]. Local experts
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in Cotonou (Michel Alary, MD and Luc Béhanzin, PhD) reported that ART stocks were

maintained in Benin, although data on viral suppression and ART dropout were unavailable.

If more data emerges describing any COVID-related disruptions in Cotonou during 2020,

this model analysis can provide an estimate of the likely impact on HIV epidemiology.

4.5.2 The disproportionate impact on key populations

While little is known about the impact of COVID-19 and the COVID-19 response on Sub-

Saharan African HIV epidemiology in general, even less is known about the impact on

key populations in particular. The results from this chapter show that professional FSW

and their clients are disproportionately affected by universal disruptions to HIV prevention.

The data-driven plausible scenario, which features disruptions applied equally to all groups,

has the highest median impact among clients in terms of new HIV infections (7.3% vs.

4.7% overall), and among professional FSW in terms of HIV-related deaths (6.1% vs. 3.0%

overall).

The reasons for this can be found by exploring the single scenarios. For example, a reduction

of 50% in overall condom use (both commercial and non-commercial) led to a median

estimated increase in HIV infections of 69%, 49% and 23% among professional FSW, clients

and overall respectively. The first explanation for the high impact among professional FSW

is that condoms are used more in commercial sex than in non-commercial sex. If around 90%

of commercial partnerships are protected by a condom as observed [265, 258, 283, 259],

then 10% are unprotected. A 50% reduction in condom use (to 45% of sex acts protected)

would mean unprotected sex acts increase from 10% to 55% of all sex acts, a greater than

five-fold increase. Therefore, the originally high condom use by professional FSW means

they are more at risk if there are any disruptions. Secondly, due to higher HIV prevalence and

number of sexual partnerships among both FSW and clients, they both experience a higher

force of infection than lower-risk populations. A reduction in their condom use, therefore,

will subject both groups to a higher exposure to HIV acquisition per sex act compared to

lower-risk groups.

A similar pattern is observable when considering interruptions to HIV prevention and treat-

ment services. Disruptions to HIV testing, ART initiation and viral suppression all have

bigger impacts on key populations than low risk populations. In this case, clients experience

the greatest increase in estimated new HIV infections. This is because ART initiation and

viral suppression among professional FSW, the risk group with the highest HIV prevalence,

decreases the risk of onward infection. Any disruption to the FSW HIV care cascade will
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create the biggest HIV risk exposure among clients, with whom FSW have sexual part-

nerships. Even if the impacts of disruptions seem modest overall, care must be taken that

disproportionate impact is not felt by key populations.

On the other hand, the protective effect caused by a reduction in all partnerships due to

physical distancing is very similar among key populations and lower-risk populations: a

50% reduction in all partners for 6 months would prevent an estimated median of 32%,

32% and 31% of HIV infections among FSW, clients and overall respectively. Reducing

commercial partnerships protects key populations more, while reducing non-commercial

partnerships protects lower-risk populations more; reducing all partnerships averages out

to similar protection among all groups. Therefore, the specific impact on key populations

depends on which partnerships are likely to be disrupted.

Further, the results from this chapter highlight the importance of understanding behavioural

responses to disruptions of certain partnerships, particularly in commercial sex. I explored

the impact of a disruption to commercial sex from part-time FSW following the closure of

bars, clubs and restaurants. The epidemiological impact of this strongly depends on the

behaviour of clients. If this client demand disappears, then there is a modest reduction in

new HIV infections among all groups: by 0.2%, 0.6% and 0.5% among professional FSW,

clients and overall respectively. However, if clients instead buy the same amount of sex from

professional FSW in brothels, there is an estimated increase in new HIV infections: a median

of 5%, 3% and 1% among professional FSW, clients and overall respectively. Understanding

the behaviour of clients in response to disruptions is therefore crucial to estimating the impact

of government policy.

In terms of HIV-related deaths, by far the most impactful disruptions were those to viral

suppression. As professional FSW are the group with the highest HIV prevalence, any

reduction in their levels of viral suppression is the most dangerous. If stocks of ART become

limited throughout the city due to COVID-19, then this key population is most at risk of HIV-

related death in the short and long term. Efforts should be made to protect key populations

from disruptions to their HIV prevention and care.

4.5.3 Core group effect

Section 4.5.2 outlined why key populations may require extra attention in the case of

disruptions from COVID-19, as they are disproportionately at risk from HIV infection and

mortality. However, my results demonstrate a second reason for focused protection on key

populations. Because of high HIV prevalence and incidence among key populations, they
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are often seen as the ‘drivers’ of concentrated epidemics, such as the one in Cotonou [137].

Increased HIV risk among key populations can lead to increased secondary transmissions in

lower-risk populations from the extended sexual network in the city. Figure 4.1 shows the

estimated increase in HIV infections from single disruptions. A 50% reduction in commercial

condom use naturally had more serious consequences for key populations compared to the

overall population; meanwhile non-commercial condom disruptions had a bigger impact

in the overall population compared to key populations. It is however important to note

that for the overall population, commercial condom disruptions are more impactful than

non-commercial ones. Although commercial condom use does not directly affect most of the

population in Cotonou, the very significant increase in HIV infections among professional and

FSW leads to increased secondary infections in lower-risk groups. This clearly demonstrates

the effect of the core group theory: protecting key populations will in turn protect lower-risk

population too, by preventing onward transmission.

4.5.4 Other patterns in the impacts of disruptions

The results in this chapter describe the potential impact of longer and more drastic disruptions,

in the worst cases increasing infections by over 100%. Generally, the length and degree of

disruption scaled linearly with impact, both in terms of HIV infections and deaths.

In the scenarios that I explored, disruptions to commercial condom use and viral suppression

were the biggest contributors to HIV infections and deaths respectively. If policymakers wish

to minimise increases in new HIV infections, priority should be given to prevent disruptions

to condom use. However, if policymakers wish to minimise increases in new HIV deaths,

priority should be given to prevent disruptions to viral suppression.

The protective effects of physical distancing are also demonstrated. A reduction in sexual

partnerships can lead to fewer new HIV infections than predicted without COVID-19. How-

ever, reduced sexual partnerships are not enough to compensate for equivalent disruptions to

condom use or viral suppression.

Finally, the period over which to measure impact is important to define. A disruption

generally has a greater relative impact, but a smaller absolute impact, when measured over

a shorter period, rather than a longer one. Although immediate negative impacts must be

recognised, it is nevertheless important to also consider these over the long term, as it could

take many years for resultant HIV deaths to accumulate.
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4.5.5 Comparison to previous studies

The results in this modelling study compare well to those in similar countries. Silhol and

colleagues performed a similar analysis on the HIV epidemic in Yaoundé, Cameroon, as

a model comparison with this study [317]. They used a transmission model calibrated to

historical data in the city. The results from Yaoundé were of similar magnitude as mine from

Cotonou for most of the disruptions that were simulated.

For example, a 6-month 50% reduction in viral suppression for all groups increased new

HIV infections by 18% (95% uncertainty interval: 16-22%) overall in Yaoundé, compared to

14% (7-27%) in Cotonou. The larger uncertainty interval in Cotonou was due to a greater

uncertainty in the posterior proportion of the general population virally suppressed; for

example among lower-risk males the 95% UI for this parameter in Yaoundé and Cotonou

is 34.2–43.0% and 23.3-63.0% (Table 4.1) respectively [52, 317]. In terms of increased

HIV-related deaths, the impact was higher overall in Cotonou compared to Yaoundé: 21%

(11–44%) and 13% (9–16%) respectively. A greater impact will occur if a larger ART

coverage is disrupted, and indeed Cotonou has higher posterior coverage than Yaoundé

among the HIV-infected lower-risk populations in 2020 (75% vs. 55% among women and

68% vs. 49% among men).

A 50% reduction in overall condom use for 6 months gave strikingly similar results between

the two cities in terms of increased new HIV infections: 23% (15–31%) and 23% (12–49%)

over 1 year in Yaoundé and Cotonou respectively, and 8% (5–10%) and 8% (4–18%) over

5 years. However this similarity obscures differences in commercial and non-commercial

condom use. A 50% reduction in commercial condom use increased HIV infections by 4%

(2–9%) in Yaoundé and 19% (9–42%) Cotonou. This difference is because Cotonou has an

HIV epidemic which is much more concentrated within commercial sex networks than in

Yaoundé; although HIV prevalence among these groups is higher in Yaoundé than Cotonou

(e.g. among full-time FSW: 13.9% (11.9–16.4%) vs 8.5% (7.1–11.2%) respectively from

posterior model distributions in 2020), HIV prevalence among the lower risk populations is

relatively higher in Yaoundé than Cotonou. For example, HIV prevalence among lower risk

women in Yaoundé is an estimated ∼5x higher (4.9% (3.9–5.9%) vs 1.0% (0.8–1.5%)). This

comparison indicates that the impact of disruptions depends strongly on the epidemiological

characteristics of the locality.

Indeed this effect means that in Cotonou key populations are more severely impacted by

similar disruptions. A worst-case scenario simulated in both locations, a 6-month pause

in ART initiations combined with 50% reductions in condom use and viral suppression,
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increased overall HIV infections by 51% in both cities over 1 year. However, among FSW

and clients together the impact was 1.4x higher in Yaoundé, and 1.9x higher in Cotonou.

Extra care to protect key populations must be considered in locations where HIV epidemics

are more concentrated.

4.5.6 Strengths and limitations

This study has many strengths. First, the model used has been calibrated (and cross-validated)

to decades of Cotonou-specific data, gathered from many sources, enabling a close represen-

tation of the true HIV epidemic of Cotonou in 2020. Secondly, given that specific risk groups

including key populations were explicitly modelled, the effects on each can be measured

and compared. Previous studies had not focused so carefully on key populations [306, 337],

even though they are usually more vulnerable to HIV incidence and mortality. Thirdly, the

transmission model framework reflects chains of transmission, such that the long term impact

of disruptions can be understood. Finally, the results were comparable to similar modelling

studies in nearby locations, which corroborates the findings and adds reliability.

The main limitation of this study was the lack of empirical data on the COVID-related

disruptions being explored. For example, although bars were shut in Cotonou for around 3

months, it has not been shown that part-time FSW stopped commercial sex for this period,

nor that clients did not instead transfer their demand to professional FSW. Due to this lack of

data, many assumptions on the nature of the disruptions had to be made.

Having said this, however, as I explored different levels of disruption (i.e. reductions between

10% and 50%), one can reasonably assume that if there were any disruptions they fell within

this range. A 50% reduction in viral suppression for 6 months increased new HIV infections

by an estimated 14% among all groups over one year. Given that such a disruption is very

extreme and unlikely to happen, one can therefore be confident that given this model analysis,

any disruption to viral suppression is unlikely to increase new HIV infections by more than

14%.

4.5.7 Implications

The implications of this modelling study are numerous. If new data emerge which describe

any disruption to sexual behaviour or HIV prevention services in Cotonou, then this model

analysis can be co-opted to estimate the potential impact in terms of HIV infections and HIV-

related deaths, among key populations and overall. Even if data does not emerge describing
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the more chaotic first wave of 2020, where the outbreak was unexpected and difficult to

measure, data may yet still be generated in future waves of COVID-19. Epidemiologists

argue that this is a likely scenario before vaccine coverage becomes high, or if vaccine escape

variants emerge [354].

The results show which disruptions are likely to cause the greatest impacts in terms of

changes in new HIV infections or HIV-related deaths. This can help in mitigating the

negative consequences of future disruptions. For instance, commercial condom use must be

protected from any disruption in order to minimise the impact of COVID-19 on new HIV

infections.

This study further highlights the disproportionate negative impact likely incurred by key

populations relative to lower-risk ones. Even if a disruption universally affects all groups,

professional FSW and their clients can disproportionately feel the impact. A small disruption

may cause a modest increase of infections, but most of these cases may be concentrated

among key populations. This corroborates previous studies which demonstrate their increased

vulnerability, and the need for maintenance of HIV prevention and treatment services among

them [355].

The precarious working and living conditions for key populations (such as FSW in Cotonou)

make them particularly vulnerable to the impacts of disruptions. Previous studies have

found that key populations experience higher levels of stigma and abuse [356], and given

the officially illegal status of sex work in Benin [261], FSW may be impacted in unexpected

ways and less likely to receive professional aid.

Finally, this exercise underlines once more the effectiveness of HIV prevention interventions.

Chapter 3 estimated the impact of adding PrEP and TasP among professional FSW to

the already-present suite of HIV prevention tools in Cotonou. This chapter reaffirms the

effectiveness of condoms and viral suppression in another fashion. Instead of estimating the

positive effects of adding interventions, it estimates the negative effects of disrupting them.

This is particularly clear in the case of condom use which, following decades of promotion

and education campaigns, has reached very high frequency (90%+) among professional FSW

in commercial sex partnerships. This study shows that any backtracking on this progress can

lead to devastating results.

Interest in novel pharmaceutical interventions is increasing, particularly for long-acting PrEP

[357], or a potential HIV vaccine [358]. While these interventions would undoubtedly be

useful if proved effective and feasible in real-life settings, this chapter serves as a strong

reminder of the importance of current interventions. Although perhaps less exciting than

recent or future inventions, one must not lose sight of the ‘basics’ of HIV prevention:
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promotion of condoms, regular testing, and access to ART. The infrastructure to deliver these

tried and tested tools must be solidified to ensure resilience to turbulent periods, such as

during a fast-paced respiratory pandemic.



Chapter 5

Estimating the impact of
non-pharmaceutical interventions for
COVID-19 in Weifang

Overview

In this chapter I describe an analysis of 20 SARS-CoV-2 genomic sequences from Weifang,

China, using model-based phylodynamic methods. I estimate the burden of SARS-CoV-2

in the city, and various epidemiological and evolutionary parameters. I explore whether the

range of restrictions imposed in Weifang were successful in controlling the SARS-CoV-2

outbreak.

This analysis was originally performed in August 2020, and is published with the following

citation.

Geidelberg, L., Boyd, O., Jorgensen, D., Siveroni, I., Nascimento, F. F., Johnson, R., ... &

Nie, Q. (2021). Genomic epidemiology of a densely sampled COVID-19 outbreak in China.

Virus Evolution, 7(1), veaa102.
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5.1 Introduction

5.1.1 The COVID-19 epidemic in Weifang, China

On the final day of 2019, a cluster of cases of pneumonia was reported by Wuhan Municipal

Health Commission, China [359]. A week later, on 7th January 2020, the Chinese Center

for Disease Control and Prevention identified the novel coronavirus (then termed ’2019-

nCoV’) from a throat swab in Wuhan, Hubei province [360]. The International Committee on

Taxonomy of Viruses (ICTV) later named the virus as SARS-CoV-2, following the discovery

of close genetic relatedness to SARS, and because it caused a similarly acute respiratory

infection [361]. The illness caused by SARS-CoV-2 was termed COVID-19 on 11th February

2020 [362].

As a result of Chinese New Year celebrations and the approaching Spring Festival, many

travellers spread from Wuhan throughout China during December 2019 and January 2020

[363], seeding epidemics in diverse geographical locations. The city of Weifang, Shandong

Province, was among the first to report an outbreak cluster of COVID-19 outside of Wuhan.

The first case of COVID-19 was identified in Weifang on 23rd January 2020 [363]. As

of 10th February 2020, 136 suspected cases and 214 close contacts had been diagnosed

by Weifang Center for Disease Control and Prevention; of these, 38 cases were confirmed

positive with SARS-CoV-2 [364].

These cases partially overlapped with a range of interventions to control the spread of

COVID-19 [365]. Between 23rd-26th January, the local government engaged in public

health messaging by establishing telephone hot-lines and encouraging recent travellers from

Wuhan to isolate at home. On 24th January, suspected COVID-19 patients were triaged in

hospitals, and on 27th January ’fever clinics’ were established for consultation and disease

diagnosis. Travel restrictions were implemented on 26th January, and school closures were

extended on 27th January. As such, unlike the early spread of SARS-CoV-2 in Hubei

Province, the majority of community transmissions within Weifang likely occurred after the

implementation of these interventions.

On top of being among the first geographically concentrated outbreaks of COVID-19 outside

of Wuhan [366], Weifang is of interest as it provided genomic sequencing for a large

proportion of its confirmed cases. The whole genome sequences of 20 virus samples from

patients were obtained by researchers from the Department of Microbiology, Weifang Center

for Disease Control and Prevention, and from the Department of Respiratory Medicine,

Weifang. At the date of the last sample, these 20 genomes represented 53% of the 38
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confirmed cases in Weifang. There was no deliberate method of sampling to obtain these

20 sequences out of the total confirmed cases, but instead reflected the limited materials

available locally given the uncertainty at the time.

Among the 20 patients from whom the virus was sequenced, two suffered severe or critical

illness. The patient median age was 36 (range: 6-75). Seven of them had been to Wuhan, as

it was their place of work. The thirteen others lived in Weifang, and of these two of them

were in contact with a traveller from Wuhan.

5.1.2 Motivation and aims

It is of great interest to academics, policymakers and to the public to understand epidemiolog-

ical parameters relating to the COVID-19 pandemic (such as reproduction number), and the

impact of non-pharmaceutical interventions. However, it can be challenging to understand

these for several reasons.

As described in Chapter 1, many COVID-19 patients are asymptomatic, which makes them

far less likely to get tested. Case ascertainment can therefore be extremely poor in certain

contexts, particularly where there is a high proportion of asymptomatic cases (e.g. in young

people), or where there is weak infrastructure for widespread testing. This was especially

true in early 2020 for most countries, as tests were not widely available.

As a result of unreliable case counts, fitting mathematical models can prove challenging.

Certain models are fitted instead to hospitalisations or deaths, but to reproduce epidemic

trajectories of all infections, assumptions must therefore be made on the proportion of cases

which are severe or lethal.

Alternatively, genomic sequence alignments are another data set with which to fit models.

Indeed, model-based phylodynamic methods have been previously used to analyse sequence

data from Wuhan and exported international cases [367].

The objective of this chapter is therefore to estimate the epidemic trajectory of SARS-CoV-2

in Weifang, as well as the impact of non-pharmaceutical interventions on epidemiological

parameters. As stated in the aims of this thesis, the key research questions are:

What was the true number of COVID-19 infections in Weifang, China, during January and
February 2020?

What was the impact of NPIs on COVID-19 transmission in Weifang?
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Secondary questions that I aim to answer are: how does the estimated burden compare to

confirmed cases? How did viral transmission vary through time?

To do this, I used an adapted version of a previously published model-based phylodynamic

method to be suitable for fitting to the 20 whole SARS-CoV-2 genome sequences in Weifang.

I estimated cumulative and daily infections, and through comparison with confirmed cases

published by Weifang CDC, I estimated the reporting frequency. I also estimated reproduction

number through time, and from this interpreted the impact of NPIs in Weifang.

5.2 Methods

5.2.1 Epidemiological investigation, sampling, and genetic sequencing

Through collaboration with Chinese colleagues, I was able to access whole genome sequences

of SARS-CoV-2 from 20 patients in Weifang. These sequences were already cleaned and

aligned. In this section I describe the methods for generating these sequences; note that no

part of this protocol was performed by me.

Viral RNA was extracted using the Maxwell 16 Viral Total Nucleic Acid Purification Kit

(Promega AS1150) with the magnetic bead method, and the RNeasy Mini Kit (QIAGEN

74104) with the column method. Quantitative reverse transcription polymerase chain reaction

(RT-qPCR) was carried out using the 2019 novel coronavirus nucleic acid detection kit

(BioGerm, Shanghai, China) to confirm the presence of SARS-CoV-2 viral RNA with

cycle threshold (Ct) values ranging from 17 to 34, targeting the highly conservative region

(ORF1ab/N gene) in the SARS-CoV-2 genome.

Concentration of RNA samples was measured by the Qubit RNA HS Assay Kit (Thermo

Fisher Scientific, Waltham, MA, USA). The enzyme DNase was used to remove host DNA.

The remaining RNA was used to construct the single-stranded circular DNA library with

the MGIEasy RNA Library preparation reagent set (MGI, Shenzhen, China). Purified RNA

was then fragmented. Using these short fragments as templates, random hexamers were

used to synthesise the first-strand cDNA, then the second strand. Using the short double-

strand DNA, a DNA library was constructed through end repair, adaptor ligation, and PCR

amplification. PCR products were transformed into a single strand circular DNA library

through DNA-denaturation and circularisation. DNA nanoballs (DNBs) were generated with

the single-strand circular DNA library by rolling circle replication (RCR). The DNBs were

loaded into the flow cell and pair-end 100bp sequencing was performed on DNBSEQ-T7
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platform 8 (MGI, Shenzhen, China). Twenty genomes were assembled with length ranging

between 26,840 to 29,882 nucleotides.

Total reads were first processed using Kraken v0.10.5 (default parameters) with a self-built

database of Coronaviridae genomes (including SARS, MERS, and SARS-CoV-2 genome

sequences downloaded from GISAID, NCBI, and CNGB) to identify Coronaviridae-like

reads. To remove low-quality reads, duplications and adaptor contaminations, fastp v0.19.5

(parameters: -q 20 -u 20 -n 1 -l 50) and SOAPnuke v1.5.6 (parameters: -l 20 -q 0.2 -E 50

-n 0.02 -5 0 -Q 2 -G -d) were used. The Coronaviridae-like reads of samples with < 100×
average sequencing depth were directly assembled de novo with SPAdes v3.14.0 using default

settings. The Coronaviridae-like reads of samples with > 100× average sequencing depth

across the SARS-CoV-2 genome were subsampled to achieve 100× sequencing depth before

being assembled.

The 20 Weifang sequences had mean 1.1% N content, and are deposited in GISAID (gi-

said.org).

5.2.2 Mathematical model

To carry out this analysis, I used the PhyDyn package (v1.3.7) implemented in BEAST

(v2.6.1), which has previously been published [105]. Briefly, the PhyDyn package is a

flexible tool for implementing custom compartmental models for phylodynamic inference.

As opposed to non-parametric methods, such as skyline and skyride, PhyDyn permits the

pre-specification of model structure and parameterisation (e.g. the common SIR model), such

that susceptible and infected groups can be explicitly modelled. Further, unlike earlier model-

based phylodynamic inference packages, PhyDyn allows a more complex set of structured

coalescent models. For instance, migration between demes can vary over time, and lineages

located in different demes are allowed to coalesce together. Further details are available in

Chapter 1.

In order to perform phylodynamic modelling of SARS-CoV-2, the following features were

included: i) nonlinear epidemic dynamics in Weifang with a realistic course of infection

(incubation and infectious periods), ii) variance in transmission rates which can influence

epidemic size estimates, and iii) migration of lineages in and out of Weifang. I justify the

inclusion of these features and describe their implementation below.
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Nonlinear epidemiological dynamics in Weifang

The maximum number of daily confirmed COVID-19 cases occurred on 5th February, but it

is unknown when the maximum prevalence of infection occurred. To capture a nonlinear

decrease in cases following epidemic peak, and to account for a realistic distribution of

generation times, I used an extension of the susceptible-exposed-infectious-recovered (SEIR)

model [368] for epidemic dynamics in Weifang, shown in the set of ordinary differential

equations 5.1.

Variance in transmission rates

To estimate total numbers infected, the phylodynamic model must account for epidemiologi-

cal variables which are known to significantly influence genetic diversity [369]. Foremost

among these is the variance in offspring distribution (number of transmissions per primary

case). Drawing on evidence based on the previous SARS epidemic, the offspring distribution

is highly over-dispersed [369]. Analyses of SARS-CoV-2 sequence data drawn primarily

from Wuhan has found that high over-dispersion was required for estimated cases to be

consistent with the epidemiological record [367]. High variance of transmission rates will

reduce genetic diversity of a sample and failure to account for this factor will lead to highly

biased estimates of epidemic size [370]. Models assuming low variance in transmission rates

between people would generate estimates of cases that are lower than the known number of

confirmed cases.

Further, Endo et al. [371] found that high over-dispersion is required to reconcile estimated

reproduction numbers with the observed frequency of international outbreaks. The SEIR

model was therefore extended with an additional infectious compartment J which has a

higher transmission rate (τ-fold higher) than the I compartment.

The variance of the implied offspring distribution was calibrated to give a similar overdisper-

sion to that of the SARS epidemic.

Equations 5.1 describe the system of ordinary differential equations. Susceptibles become

exposed at a force of infection rate proportional to β and the number of infected individuals.

Upon leaving the exposed compartment, at a rate which is the inverse of the incubation

period, individuals progress to the J compartment with probability ph, or otherwise to I.

Individuals enter the ’recovered’ compartment at rate 1/γ1 = 3.8; however it is important to

note that this combines both recovery and mortality.
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Ṡ(t) =−(β I(t)+βτJ(t))
S(t)

S(t)+E(t)+ I(t)+ J(t)+R(t)

Ė(t) = (β I(t)+βτJ(t))
S(t)

S(t)+E(t)+ I(t)+ J(t)+R(t)
− γ0E(t)

İ(t) = γ0(1− ph)E(t)− γ1I(t)

J̇(t) = γ0 phE(t)− γ1J(t)

Ṙ(t) = γ1(I(t)+ J(t))

(5.1)

The compartments for infected individuals (E, I and J) are considered demes, i.e. they

correspond to the state of a lineage. Rates of coalescence may vary between lineages. The

compartments S and R are non-demes, and exist in the model simply to facilitate the growth

and decline of the infected compartments. They are not to be interpreted as estimates of the

true susceptible and recovered populations respectively. I explore this parameterisation in

Section 5.4.

The basic reproduction number (R0) can be calculated for the I and J compartments separately,

which when combined as a weighted average, produces the overall estimated R0:

R0 = (1− ph)∗β/γ1 + τ ∗ ph ∗β/γ1 (5.2)

Importation of lineages from Wuhan

The outbreak in Weifang was likely seeded by multiple lineages imported at various times

from the rest of China. The location of sampling is therefore accounted for in the model.

Migration is modelled as a bi-directional process with rates proportional to epidemic size

in Weifang. The larger reservoir of COVID-19 cases outside of Weifang (Y (t)) serves as a

source of new infections and is assumed to be growing exponentially (at rate ρ) over this

time period.

The equation governing this population is:

Ẏ (t) = (ρ −μ)Y (t). (5.3)

Migration only depends on the size of variables in the Weifang compartment and thus does

not influence epidemic dynamics; it will only influence the inferred probability that a lineage
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resides within Weifang. For compartment X (E, I, or J), η is the per-lineage rate of migration

out of Weifang, and the total rate of migration in and out of Weifang is ηX .

5.2.3 Model parameterisation

During phylodynamic model fitting, the transition parameters η , β and ρ are estimated, as

well as the initial sizes of Y , E, and S. Table 5.1 shows the prior distribution for parameters

which were estimated in the phylodynamic analysis.

Table 5.1 Summary of prior distributions for primary epidemiological and evolutionary parameter.

Parameter Prior
Initial infected Exponential(mean=1)

Initial susceptible Exponential(mean=500)

Migration rate1 Exponential(mean=10)

Transmission rate Log-normal(mean log=3.21, sd log=0.5)

Reproduction number Log-normal(mean log=1.03, sd log=0.5)

Molecular clock rate2 Uniform(0.0007,0.003)

Transition/transversion Log-normal(mean log=1,sd log=1.25)

Gamma shape Exponential(mean=1)

1Units: Migrations per lineage per year.
2Units: Substitutions per site per year.

Initial values of I, J and R are fixed at 0. Other parameters are fixed based on prior information.

I fixed 1/γ0 = 4.1 days and 1/γ1 = 3.8 days [367]. I set ph = 0.20 and τ = 74 which yielded

a dispersion of the reproduction number that matches a negative binomial distribution with

k = 0.124 for any value of R0 between 2 and 5. This dispersion is similar to values estimated

for the 2003 SARS epidemic [369].

The phylodynamic model is illustrated in Figure 5.1A as a flow chart. I set the SEIJR model

dynamics to begin on 10th January 2020.

5.2.4 Phylogenetic analysis

Using MAFFT v7.471 [372], I aligned the 20 Weifang sequences with a previous alignment

of 57 non-identical SARS-CoV 2 sequences from outside of Weifang, hereafter known

as the ’reference set’ [367]. I sampled the reference set from the GISAID database [373]

downloaded on June 7th 2020, and explicitly included close genetic matches to sequences

from Weifang. I placed an upper bound at May 1st on the date of sampling. The distribution
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Figure 5.1 Epidemiological model and sample times. A) A diagram representing the structure of the epi-

demiological SEIR model which was fitted in tandem with the time scaled phylogeny. Infected and infectious

individuals may occupy a low (I) or a high (J) transmission rate state to account for high dispersion of the

reproduction number. B) Sampling density of sequences from inside (yellow) and outside (grey) of Weifang

respectively through time.
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of sample dates from inside and outside of Weifang are shown in Figure 5.1B. Of the 57

sequences in the reference set, 20 (35%) were sampled from China.

I carried out a maximum likelihood analysis using IQTree v1.6.12 [374] with a HKY+G4

substitution model (parameters -nt 12 -redo -m HKY -s). I used the getRoot function in

phangorn to implement midpoint rooting of the tree. I estimated a time-scaled tree using

treedater v0.5.0 [113].

Bayesian phylogenetic analysis was carried out using BEAST 2.6.1 [375] with a HKY+G4

substitution model and a strict molecular clock. The phylodynamic model was implemented

using the PhyDyn package v1.3.7 [376] using the QL likelihood approximation and the RK

ODE solver. The model was fitted by running 8 MCMC chains of 30 million steps in parallel,

and combining chains after removing 50% burn-in.

In order to demonstrate the added utility of the sequence data, I repeated the analysis when

sampling only from the prior probability distributions. This was achieved by assuming a

constant likelihood, specified in the BEAST xml file.

I used the ggtree package for all phylogeny visualisations [377].

5.3 Results

5.3.1 Main analysis

5.3.1.1 Model fitting

The posterior distributions of key parameters are summarised in Table 5.2 following phylody-

namic model fitting, and in Table 5.3 when sampling from the prior. After fitting the model

to sequence data, good mixing was achieved and the posterior parameter distributions were

well sampled; the effective sample size (ESS) was above 1,000 for all parameters. When

fitting to the sequence data, the parameter posterior distributions are different to when simply

sampling from the prior. Notably, mean posterior transmission rate was estimated at 21.5,

compared to 28.5 when sampling from the prior. This results in a smaller (and more realistic)

estimate of the reproduction number, as shown in the next section.
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Table 5.2 Summary of primary parameters for the main analysis, including mean estimated posterior and

effective sample size due to autocorrelation.

Statistic Mean ESS

Posterior -41631.97352 1208

Likelihood -41618.79558 1383

Prior -13.17793938 1160

Tree likelihood -41618.79558 1383

Tree height 0.371177175 2947

Molecular clock rate 0.00130656 1784

Gamma shape 0.286880065 2405

Transition/transversion 4.623272977 12172

PhydynSEIR 7.89341053 1130

Initial exposed 4.84479347 2956

Initial susceptible 549.8789703 3182

Transmission rate 21.45699354 4734

Initial exogenous 0.520109449 1486

Exogenous growth rate 20.47238551 1646

Migration rate 1.684142341 9309

Table 5.3 Summary of primary parameters for the main analysis but sampling from the prior, including mean

estimated posterior and effective sample size due to autocorrelation.

Statistic Mean ESS

Posterior -41643.01783 10410

Likelihood -41626.68793 10272

Prior -16.3299023 18874

Tree likelihood -41626.68793 10272

Tree height 0.604156711 13422

Molecular clock rate 0.000709584 22985

Gamma shape 0.297625411 3313

Transition/transversion 4.62191852 13931

PhydynSEIR 0 NA

Initial exposed 1.001445038 23576

Initial susceptible 596.9800995 24008

Transmission rate 28.46598941 23490

Initial exogenous 1.00446398 24008

Exogenous growth rate 37.79539512 23614

Migration rate 0.968908965 8496
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5.3.1.2 Epidemic trajectory

I estimated cumulative and daily number of infections in Weifang, shown in Figure 5.2A and

Figure 5.2B respectively. The peak in daily infections was estimated to occur in late January,

preceding the time series of confirmed cases by about a week; this is expected due to delays

from infection to appearance of symptoms and delays from symptoms to diagnosis.

The genetic data are strongly informative about timing and size of the epidemic peak:

trajectories sampled from the Bayesian prior distribution have a smaller and later epidemic

peak (see Figures 5.2 and 5.3) with much less precision.

The epidemic peak in terms of daily new infections was estimated to be a few days after final

NPIs in Weifang were implemented.

My central estimate for the cumulative number infected on 10th February is 365 (highest

posterior density (HPD): 102-1174), compared to 38 cumulative confirmed cases. Reporting

frequency of COVID-19 cases in Weifang (Figure 5.3) was calculated by dividing the number

of reported cases by the cumulative mean (and 95% HPD) estimated cases.

I therefore estimated that around 10% of infections were diagnosed; an unknown proportion

of infections will be missed by the surveillance system due to very mild, sub-clinical, or

asymptomatic infection. This supports the hypothesis that there was a modest (but not

large) burden of infection in Weifang over the period that the sequence data were sampled.

When fitting to genetic sequence data (compared to sampling from the prior), the reduced

uncertainty in estimated cases also provides more precision for the estimated reporting rate

(Figure 5.3).

Effective reproduction number over time is shown in Figure 5.2C. I estimate R0 = 3.4 (95%

HPD:2.1-5.2) and the initial growth rate in cases was approximately 22% per day. Sampling

from the prior yields a much higher estimate for R0 with an unrealistic HPD upper bound over

10. My central estimate of Rt drops below 1 on the 4th of February, after the implementation

of many NPIs in Weifang.
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Figure 5.2 Epidemiological trajectory of the Weifang SARS-CoV-2 epidemic in 2020 when fitting the SEIR

model to genetic data (blue) and sampling only from prior (grey). Solid lines and shaded area reflect posterior

median and 95% HPD. The vertical green solid line represents the date of the final NPIs in Weifang. The

vertical dashed line represents the date of the last sequence sampled in Weifang. A) Cumulative estimated

infections through time compared to cumulative cases (yellow points) reported by Weifang CDC. B) Daily

estimated infections through time compared to daily reported cases (yellow points). C) Effective reproduction

number through time Rt . The horizontal dotted line indicates Rt = 1.
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Figure 5.3 Estimated reporting frequency. The yellow points and grey bars reflect the mean and 95% HPD

cumulative estimated proportion of cases that were identified through time respectively. Results shown

separately for analyses conducted with and without the sequence data.

5.3.1.3 Phylogenetic analysis

There was a mean of three pairwise differences among sequences from Weifang; the cor-

responding number among the sequences outside of Weifang is eight. Figure 5.4 shows a

maximum-likelihood phylogeny of the alignment, including 20 lineages sampled from dis-

tinct patients in Weifang (red tips) and 57 genomes sampled from Wuhan and internationally

(grey tips).
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Figure 5.4 A maximum likelihood tree estimated using IQTree using the same data as used for the Bayesian

analysis. Red and grey dots represent samples inside and outside Weifang respectively.

Figure 5.5 shows the time-scaled maximum clade credibility (MCC) tree which was co-

estimated with the epidemiological parameters in the BEAST analysis. The tips from Weifang

appear to cluster together, suggesting more community transmission than importations,

but there is correspondingly low confidence in tree topology, and only two monophyletic

Weifang clades had greater than 50% posterior probability, neither of which are larger than

two samples.
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Jan Feb Mar Apr MayDec

Figure 5.5 A time-scaled phylogeny (maximum clade credibility tree) co-estimated with epidemiological

parameters of the SARS-CoV-2 epidemic in 2020. Red and grey tips correspond to samples from inside and

outside Weifang, China respectively. The credible interval of time to most recent common ancestor (TMRCA)

is shown as a blue bar for all nodes with more than 50% posterior probability support.

Figure 5.6 shows a root-to-tip regression of the fitted tree. Genetic diversity increases

approximately linearly with date of sampling, and the estimated mean substitution rate

is 1.1× 10−3 substitutions per site per year. The correlation coefficient was r2 = 0.52;

this strong linear relationship suggests that evolution was reasonably reflected by a strict

molecular clock.
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Figure 5.6 A root to tip regression (red and black points indicate sample and internal nodes respectively)

showing approximately linear increase in diversity with time of sampling. The red text indicates the mean

substitution rate.

5.3.2 Sensitivity analyses

To investigate the robustness of my results to changes in parameterisations, I performed two

sensitivity analyses on the initial number of susceptibles and the heterogeneity in offspring

distribution.

5.3.2.1 Initial number of susceptibles

In the main analysis, I assumed a prior mean of S = 500 for the initial susceptible com-

partment. I performed a sensitivity analysis on this parameter, changing it from S = 500 to

S = 9,086,241, the latter reflecting the total population of Weifang. Figure 5.7 shows that in

this analysis, the reported number of cases is within the HPD of the estimated cumulative

infections, and slightly below the central estimate. However, the mean estimated reproduc-
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tion number remains constant above 1. There is strong prior belief that the outbreak was

controlled (and therefore that Rt must have fallen below 1); I therefore believe these to be

unrealistic posterior trajectories, highlighting the impossibility of such a high S prior.

This sensitivity analysis demonstrates that the potential for epidemic decline in our model

framework (within a sensible timeframe) is dependent on certain model parameterisations,

i.e. a small S prior. It is important to restate that the S compartment is not to be understood

as the ’true’ number of susceptibles, but is simply included to allow for R(t) to vary, given

that the transmission rate parameter (β ) is constant.
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Figure 5.7 Assuming a mean initial susceptible prior of S = 9,086,241, cumulative estimated infections and

effective reproduction number through time are shown when fitting the SEIR model to genetic data (blue) and

sampling only from prior (grey). Solid lines and shaded area reflect posterior median and 95% HPD. The

vertical dashed line represents the date of the last sequence sampled in Weifang; the horizontal dashed line

represents R(t) = 1. Cumulative cases (yellow points) reported by Weifang CDC.
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5.3.2.2 Offspring distribution heterogeneity

I also performed a sensitivity analysis on the heterogeneity of offspring distribution. In the

main analysis, the prior distribution of R0 has mean around 4, which matched a negative

binomial distribution with k = 0.124, similar to previous modelling from Endo et al 2020

[371]. It is worth noting that in the model, k is largely insensitive to R0, and very sensitive to

τ and ph. I repeated the analysis while exploring lower offspring heterogeneity by changing

from τ = 74 (as in the main analysis) to τ = 13, which resulted in increasing k to 0.2. To

maintain a similar mean prior R0 of around 4 (as R0 is very sensitive to τ), I increased the

prior log-normal distribution mean of β to 4.61 (sd=0.5). Under this parameterisation, the

estimated number of infections at last sample (February 10) is 300 (49-1138), compared to

365 (102-1174) in the main analysis. The HPDs are highly overlapping and the conclusions

remain the same, but the analysis with lower offspring heterogeneity, as expected, had fewer

estimated cases.
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Figure 5.8 Assuming τ = 13 (corresponding to dispersion k = 0.2), cumulative and daily estimated infections

and effective reproduction number through time are shown when fitting the SEIR model to genetic data (blue)

and sampling only from prior (grey). Solid lines and shaded area reflect posterior median and 95% HPD. The

vertical dashed line represents the date of the last sequence sampled in Weifang; the horizontal dashed line

represents R(t) = 1. Cumulative cases (yellow points) reported by Weifang CDC.
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5.4 Discussion

In this chapter, I performed a model-based phylodynamic analysis on a small genomic

data set of 20 SARS-CoV-2 sequences from the Chinese city of Weifang, as well as 57

sequences sampled from the rest of China and internationally. This modelling framework

allows simultaneous estimation of epidemiological and phylogenetic parameters. I estimated

the viral epidemic trajectory from January-March 2020, and calculated the percentage of

cases that were identified by Weifang CDC. I further estimated the change in reproduction

number following the imposition of various NPIs in Weifang. Finally, I produced a posterior

time-scaled phylogenetic tree. In this section, I discuss how these results address the key

research questions of this chapter.

5.4.1 What was the true number of infections in Weifang?

Despite an initial rapid increase in confirmed cases in Weifang in late January and early

February, the number of confirmed cases by Weifang CDC suggest that the outbreak peaked

early and the maximum number of daily cases occurred on 5th February 2020. Surveillance

of COVID-19 is however rendered difficult by high proportions of illness with mild severity

and an unknown proportion of asymptomatic infection [378].

This phylodynamic analysis of 20 SARS-CoV-2 genomes has confirmed independent ob-

servations regarding the rate of spread and burden of infection in Weifang, China. The

results suggests there was no large hidden burden of infection within Weifang. I estimated

that there was a total number of cases around 365 (102-1174) at the date of last sample

(10th February 2020), towards the end of the outbreak. This suggests that around 10% of

COVID-19 infections were diagnosed in Weifang. This estimate was robust to sensitivity

analyses exploring the initial number of susceptibles and the heterogeneity in offspring

distribution.

5.4.2 What was the impact of NPIs in Weifang?

Following phylodynamic analysis, I estimated a basic reproduction number of R0 = 3.4,

which is equivalent to an initial growth rate of around 22% per day. Fitting the model to

genetic data strongly reduces uncertainty relative to simply sampling from the prior. These

results are consistent with those estimated in other settings and during the early epidemic

in Wuhan [379]. As the epidemic progressed during late January, I estimated a significant
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decrease in effective reproduction number (R(t)). This coincides with the period of public

health interventions, including contact tracing and travel restrictions. I estimated that R(t)
fell below 1 on 4th February 2020, consistent with a previous modelling study of Shandong

province [380], which showed that Rt fell below 1 on January 29th.

It is widely believed that control efforts reduced epidemic growth rates and contributed to

eventual control in China. This phylodynamic analysis supports this hypothesis to be true in

Weifang for the following reasons. Given that SARS-CoV-2 has a high R0, as estimated in this

study and elsewhere [379], a decrease in R(t) can be achieved only by either a reduction in

transmission or by reaching herd immunity. There is no evidence of widespread transmission

in Weifang according to phylodynamic estimates here or independent diagnoses according to

Weifang CDC, suggesting herd immunity had been reached. The only reasonable alternative

explanation is that NPIs reduced contact rates and transmission, sending reproduction number

below one, and thereby prevented the further spread of SARS-CoV-2.

Indeed, one of the interventions implemented was contact tracing, particularly for travellers

from Wuhan. As there was widespread recognition of an emerging respiratory infection

circulating in Hubei province, other local Chinese authorities implemented preventative

interventions to avoid high levels of infections in their provinces. It seems that the strategy

of early and intense restrictions were successful at quickly reducing growth rates.

The phylogenetic component to this analysis corroborates this hypothesis. The maximum

clade credibility tree suggests that sequences from Weifang are clustered together. If the

20 sequences represented multiple importations into Weifang, this clustering would be

’broken up’ by other Chinese samples from the reference set downloaded from GISAID.

It is reasonable to therefore conclude that a large degree of the observed cases were due

to community transmission, suggesting that the travel restrictions and contact tracing were

effective at minimising importations from Wuhan and elsewhere.

The posterior molecular clock rate shown in Table 5.2 is consistent with previous estimates for

SARS-CoV-2 [381], adding weight to the robustness of the phylogenetic analysis performed

here.

5.4.3 Limitations and strengths

This study has a number of limitations. Firstly, there was a modest number of sequences

from Weifang (20). However, this represents a significant proportion of the total number of

cases reported; there were 38 confirmed cases at the date of the last genetic sample (10th

February), rising no further than 44 from 16th February onwards. Despite relatively few
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sequences, our estimated trajectories display uncertainties which are significantly reduced

and more realistic, compared to sampling only from the prior.

As there were few sequences used to fit the model, the number of estimated parameters had

to be limited in order to prevent overfitting. The sensitivity analyses demonstrated however

that the results were robust to altering these fixed parameters to other reasonable values,

adding reliability to the study.

It is possible that the outbreak observed in Weifang could be due not to community transmis-

sion, but rather multiple importations. However, I explicitly included close genetic matches

to the Weifang sequences in generating the reference set. Given that I sampled these from a

GISAID database downloaded in June, it is reasonable to assume all close genetic matches

would have been chosen. A maximum-likelihood tree of the entire alignment (Figure 5.4)

shows that lineages from Weifang have common ancestry with other Chinese lineages at two

distinct polytomies and the phylogeny alone gives no information about location of these

nodes (Weifang or exogenous). I therefore conclude that the MCC in Figure 5.5, which

reflects significant clustering of the Weifang samples, is reasonable.

Community transmission is further supported by the fact that cases were identified via

contact tracing. This forms another limitation, as it suggests non-random sampling of cases

in Weifang. This could lead to an underestimate of the total number of cases in Weifang.

However, as a large proportion of reported cases were included in this analysis, the bias is

unlikely to be too significant.

The SEIR model structure also presents some limitations. As β has a constant value, Rt can

decrease only as a result of depleting susceptibles. The decrease in Rt is therefore a constraint

in the model and occurred even when sampling from the prior. Despite this, the genetic

data was informative on the value of β (and therefore R0), which in turn affects the date at

which Rt falls below 1. This analysis demonstrates a reliable mean estimate of R0, with a

narrower uncertainty, compared to sampling from the prior. Although other methods allow

for time-varying transmission rate (including other PhyDyn model templates) or models

with a piece-wise Rt function [102], this SEIR-type model with constant β required fewer

parameters, appropriate for an analysis with only 20 internal sequences.

Further, one of the advantages of a smaller data set is computational speed. This study

demonstrates a pipeline for real-time phylodynamic analysis, which could feasibly provide

realistic results as a supplement to epidemiological surveillance. However the real-time

utility of such methods is dependent on randomised concentrated sampling within localities,

coupled with timely sharing of data. Efficient genetic sequencing, processing and data
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sharing, coupled with phylodynamic analysis, could prove to be a key tool in the outbreak

response toolkit.

Finally, the greatest advantage of this modelling framework is its reliance solely on genomic

data, and not on more ’traditional’ epidemiological data such as confirmed cases, hospital

admissions or deaths. These latter data types are subject to bias for lack of infrastructure for

widespread testing, and issues with case ascertainment, case definition and under-reporting.

Although fitting models to such data is feasible with various adjustments, there is a danger of

uncertainty and bias. Where genomic data is available, model-based phylodynamics is an

excellent additional option for estimating epidemiological (and evolutionary) parameters, as

well as for investigating the impact of interventions.

5.4.4 Conclusions

This analysis suggests that there was no large hidden burden of COVID-19 in Weifang,

China, during the outbreak of January-February 2020. This study corroborates others in the

interpretation that NPIs in China were instrumental in controlling the COVID-19 epidemic.

While the value of pathogen genomic analysis is widely recognised for estimating dates

of emergence [382] and identifying animal reservoirs [383, 384], analysis of pathogen

sequences also has the potential to inform epidemic surveillance and intervention efforts.

This is demonstrated clearly in this analysis, drawing on previously developed models and

packages for BEAST2 [375, 376], where the results show much narrower uncertainties and

more realistic estimates compared to sampling from the prior. Indeed, the added value of

fitting to only 20 local sequences in this analysis demonstrates the utility of phylodynamic

modelling for outbreaks as compared to traditional epidemiological modelling fitted only to

case data.

5.5 Data availability

Genetic sequence data are available from GISAID (gisaid.org).

Accession numbers for sequences from Weifang:

EPI_ISL_413691 EPI_ISL_413693 EPI_ISL_413694
EPI_ISL_413695 EPI_ISL_413696 EPI_ISL_413697
EPI_ISL_413711 EPI_ISL_413729 EPI_ISL_413746
EPI_ISL_413747 EPI_ISL_413748 EPI_ISL_413749
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EPI_ISL_413750 EPI_ISL_413751 EPI_ISL_413752
EPI_ISL_413753 EPI_ISL_413761 EPI_ISL_413791
EPI_ISL_413809 EPI_ISL_413692

Accession numbers for sequences from outside of Weifang:

EPI_ISL_414380 EPI_ISL_437621 EPI_ISL_429092
EPI_ISL_418327 EPI_ISL_416335 EPI_ISL_413854
EPI_ISL_402121 EPI_ISL_408480 EPI_ISL_418503
EPI_ISL_450196 EPI_ISL_417030 EPI_ISL_424356
EPI_ISL_451351 EPI_ISL_408010 EPI_ISL_430742
EPI_ISL_416366 EPI_ISL_451343 EPI_ISL_416381
EPI_ISL_407988 EPI_ISL_413882 EPI_ISL_413881
EPI_ISL_413879 EPI_ISL_411954 EPI_ISL_417184
EPI_ISL_418992 EPI_ISL_454935 EPI_ISL_414569
EPI_ISL_416570 EPI_ISL_416600 EPI_ISL_413608
EPI_ISL_451347 EPI_ISL_419242 EPI_ISL_414485
EPI_ISL_414005 EPI_ISL_430847 EPI_ISL_415580
EPI_ISL_413595 EPI_ISL_455376 EPI_ISL_417101
EPI_ISL_417168 EPI_ISL_455410 EPI_ISL_424081
EPI_ISL_440461 EPI_ISL_440433 EPI_ISL_455696
EPI_ISL_444577 EPI_ISL_456208 EPI_ISL_434463
EPI_ISL_437264 EPI_ISL_452673 EPI_ISL_437515
EPI_ISL_437185 EPI_ISL_427257 EPI_ISL_432722
EPI_ISL_437704 EPI_ISL_461275 EPI_ISL_403932



Chapter 6

Estimating the impact of
non-pharmaceutical interventions for
COVID-19 in England

6.1 Overview

In this chapter, I introduce the COVID-19 epidemic in England, United Kingdom, from

January 2020 until 18th March 2021. I describe the available data on SARS-CoV-2 genomes,

mobility, and non-pharmaceutical interventions (NPIs). Next, I detail how I sub-sampled and

processed these data for use in phylodynamic analyses.

I divided this chapter into four case studies. The first (case study A) investigates the beginning

of the epidemic in England before and after the imposition of the first national lockdown.

The second (B) studies the city of Leicester during the spring and summer of 2020, where

there was a local lockdown. The third (C) explores the second and third waves of COVID-19

in England during the winter period 2020-2021, when there were two national lockdowns.

The fourth (D) investigates the same winter period but sub-sampling by lineage, to explore

the potential increased transmissibility of variant B.1.1.7 (’alpha’). I conclude this chapter

by exploring the association of mobility and NPIs with viral transmission.

Significant portions of this chapter are published or are in peer review. Case study A forms

an example of application for the new mlesky method, available as a pre-print:

Xavier Didelot, Lily Geidelberg, The COVID-19 Genomics UK (COG-UK) consortium, and
Erik M Volz. “Model design for non-parametric phylodynamic inference and applications to
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pathogen surveillance”. Pre-print available at:
https://www.biorxiv.org/content/10.1101/2021.01.18.427056v2

Case study D was featured in an article exploring the increased fitness of the B.1.1.7 lineage

(e.g. Fig. 1b and 1c, Extended Data Fig. 3).

Volz, E., Mishra, S., Chand, M., Barrett, J. C., Johnson, R., Geidelberg, L., ... & Ferguson, N.
M. (2021). Assessing transmissibility of SARS-CoV-2 lineage B. 1.1. 7 in England. Nature,
593(7858), 266-269.

Note that an earlier version of this article was published as a report with the following

citation:

Volz, E., Mishra, S., Chand, M., Barrett, J. C., Johnson, R., Geidelberg, L., ... & Ferguson, N.
M. (2021). Transmission of SARS-CoV-2 Lineage B. 1.1. 7 in England: Insights from linking
epidemiological and genetic data. MedRxiv, 2020-12.

6.2 Introduction

6.2.1 The COVID-19 epidemic in England

The first cases of COVID-19 in the United Kingdom were confirmed on 31st January 2020 in

York [385]. One year later, on 31st January 2021, the number of confirmed cases had risen

to over 3.8 million people, with over 100,000 deaths attributed to the disease [386]. The

SARS-CoV-2 epidemic was found to be the deadliest respiratory illness in the UK since the

Spanish flu 100 years prior [387].

This epidemiological impact was in spite of an unprecedented breadth and depth of public

health interventions implemented by the British government. In late January 2020, contact

tracing was attempted on all air passengers from Wuhan in the two weeks prior, following

advice from the Department of Health and Social Care [388]. In the following weeks, the

alert risk level of the disease was raised incrementally, as the number of cases began to rise

across England, Scotland, Wales and Northern Ireland. On 12th March 2020, the risk level

was raised to “high”, and anyone with possible COVID-19 symptoms (a continuous cough or

fever) was recommended to self-isolate for seven days [389]. The government further advised

on 16th March that people avoid pubs, clubs, theatres, non-essential travel and contacts with

others, and that working should be remote where possible [390]. The following day, NHS

England announced that, in order to free up 30,000 extra beds in hospitals for COVID-19
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patients, all non-urgent operations were to be cancelled [391]. By 20th March schools were

closed and public examinations were cancelled [392].

On 23rd March 2020, the UK strategy for mitigating the spread of COVID-19 changed from

advisory to compulsory. The Prime Minister announced that all areas of the UK will be

subject to a range of restrictions on movement [393]. On top of the closure of all leisure

facilities, pubs, restaurants, shops and most businesses, all those residing in Britain were put

under a stay-at-home order; leaving home was permitted only for “essential” reasons: food

shopping, medical needs and work which could not be performed remotely. Exercise was

permitted, outdoors, once a day. With funerals being the only exception, there was a full

prohibition on all social gatherings and mixing of households. The mandated stay-at-home

order was widely known as “lockdown”.

The impetus for lockdown was supported by epidemiological and modelling studies con-

ducted in February and March, which estimated the reproduction number (R) of the virus

[39]. As confirmed cases, hospitalisations and deaths seemed to follow an exponential curve,

public health officials were concerned that hospitals would soon be overwhelmed by patients

with acute COVID-19, having been observed in Northern Italy a few weeks prior [394]; such

a scenario was avoidable only if the reproduction number could be brought below one.

A few weeks later, in late April 2020, the number of daily confirmed cases started to decline

[386]. The majority of public health officials, epidemiologists and mathematical modellers

agreed that the decline could not be attributed to herd immunity [38, 232, 69, 68]. Although

a substantial proportion of infections were asymptomatic [190], it was estimated that an

insufficient number of individuals had been infected, and that the vast majority remained

susceptible. This was further evidenced by the fact that, following a loosening of restrictions

in the early summer, cases began to rise again.

On 30th June, following rising cases in Leicester superseding that of the national average

[395], the city went into a ’local lockdown’, whereby shops and restaurants were closed, and

movement into and out of the city was restricted [396]. This local lockdown proceeded for

around a month, and was lifted on 1st August. Subsequent local lockdowns were imposed on

Greater Manchester, east Lancashire and West Yorkshire [397].

By October 2020, numerous regions were experiencing rising cases; the UK was declared

to be suffering its ’second wave’. The government introduced a ’tier system’ whereby

local regions were ranked according to their case burden, and the stringency of restrictions

imposed reflected its tier [398]. Regions with low burden were in tier 1 and received mild

restrictions, while those with high burden were in tier 3 and received harsher restrictions.

This heterogeneous application of intervention was thought to be a fairer response to the
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highly variable observed case counts throughout the country. However, cases continued to

climb and a second national lockdown was imposed on 5th November 2020 [399].

Daily case counts fell towards the end of November, so the government lifted lockdown

on 2nd December 2020 and re-introduced the tier system [400]. However, this second

implementation included four tiers, and more regions were placed into higher tiers compared

to October. On 19th December, London and other regions in the South-East of England were

placed into Tier 4 [401], the highest tier, as cases continued to rise faster than anticipated.

Daily case counts exceeded those of the first wave during the Christmas period, and so the UK

government imposed a third lockdown on 5th January 2021, this time also heavily restricting

international travel [402]. The winter period of 2020/2021 saw daily COVID-19 related

deaths far exceed 1,000 per day [403]. The unforeseen increase in COVID-19 cases was

attributed to a novel variant (B.1.1.7) which was estimated to have increased transmissibility

compared to previously circulating strains. I discuss the emergence of this strain in Section

6.2.2.1, and describe my analysis of its transmissibility in Section 6.4.

As of 18th March 2021, the cumulative numbers of confirmed cases and COVID-related

deaths in the UK exceed 4 million and 125 thousand respectively [386].

6.2.2 SARS-CoV-2 sequence data

On the date of the first national lockdown, March 23rd 2020, the government and UK Chief

Scientific Advisor backed the newly-formed COVID-19 Genomics UK Consortium (COG-

UK) with an investment of £20 million [404]. The objective of COG-UK was to produce

large-scale and rapid sequencing of SARS-CoV-2, the virus causing COVID-19. COG-UK

became a large collaboration between the NHS, public health agencies, the Wellcome Sanger

Institute, several universities and research institutions.

This enabled high-throughput sequencing in the UK that eclipsed that of other countries,

particularly during the first several months of the pandemic. By September 2020, the largest

single nation contribution to the global repository of SARS-CoV-2 sequences was from

the UK [405], representing about 40% of all sequences. As of 23rd April 2021, 728,344

sequences from the UK had been submitted to COG-UK; the total number of sequences

submitted to GISAID was just under three million [179].

The COG-UK central database included sequences acquired from two broad sampling

strategies: ’pillar 1’ and ’pillar 2’. Pillar 1 includes patients who are unwell with COVID-19

in hospitals. The weekly number of sequences requested from each NHS site by COG-UK

is decided prospectively. Sites are asked to provide the first available sequences each day
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(’surveillance sampling’), without any particular pre-defined selection criteria, so as to make it

reasonably random. Local areas within the surveillance of each NHS site should be sampled

proportionate to its population size. This surveillance sampling makes up 50% of their

allocated daily number requested. The remaining 50% comprises samples which meet local

requirements (’targeted sequencing’), to answer particular local research questions. Sites

may be requested to prioritise samples from certain risk groups, sample types, locations and

viral lineages. Taken together, the pillar 1 database provides detailed data on specific hospital

areas and patient groups, and is therefore best suited to answer focused research questions. It

is however not ideal for obtaining a representative national picture of the epidemic.

Pillar 2 is based on residual materials from community testing for COVID-19. It is considered

to be a more random and representative sample from the UK compared to Pillar 1, as it will

not bias for samples taken from hospitals; its composition is similar to designed samples

such as REACT-1 and REACT-2 [406]. It aims to provide coverage of England, Scotland,

Wales and Northern Ireland, proportionate to the burden of confirmed cases. Where possible,

I used pillar 2 sequences for my analyses, as they provided a closer-to-random sample of the

country.

The extensive metadata labelling of the COG-UK data enabled efficient sub-sampling by

various characteristics, including time and location. Further, as part of the daily pipeline,

sequences were aligned within a national and global maximum-likelihood phylogenetic tree,

and were thereby labelled by lineage. This enabled researchers to sort by lineage to identify

those increasing in frequency, and to estimate elevated transmission and virulence.

6.2.2.1 The variant of concern B.1.1.7

Although SARS-CoV-2 does not evolve at a notably fast pace [407], the high number of

transmission events across the world provide ample opportunities for novel mutations to arise

and become fixed. Many institutions, including COG-UK, were therefore closely monitoring

hospital and community samples for novel variants. Non-synonymous mutations which are

likely to cause functional effects in viral infection were of particular interest. An example

was B.1.177, a lineage that likely emerged in the summer of 2020 in Spain [408], which

quickly rose in frequency across Europe. It was characterised by a substitution on the spike

protein (A222V), which initially led to concerns of increased transmissibility (and possibly

virulence). Transmission advantage is still debated, but it showed in any case that rapid

fixation of novel variants was possible [408].
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In December 2020, Public Health England (PHE) announced an increase in monitoring of a

novel strain, located within the B.1.1.7 lineage, which became a ’variant under investigation’

(VUI – 202012/01) [409]. By 13th December, over one thousand cases within this lineage

were identified, mostly in the South East of England, particularly in Kent. There seemed

at the time to be a correlation between high frequency of this variant and a large burden of

confirmed COVID-19 cases [409]. Retrospective analysis of the COG-UK sequence database

revealed a phylogenetic cluster in Kent of 117 samples over the week 10th-18th November

2020 [410]; other samples within the same cluster appeared as far back as 20th September

[411]. As investigation continued, the proportion of samples located within this lineage

increased, and it became designated a variant of concern on December 18th. By January 1st

2021, B.1.1.7 accounted for around 80% of all samples in the UK, and exceeded 95% by

February; it increased to significant frequencies around the world in the following months

[412].

Compared to the average accumulation of around 1-2 mutations per month in most SARS-

CoV-2 lineages [413], B.1.1.7 is notable for having accrued 14 lineage-specific amino acid

replacements prior to its detection [411]; in other words, the high rate of molecular evolution

occurred in the phylogenetic branch ancestral to B.1.1.7. In total, B.1.1.7 is defined by 23

mutations [410], eight of which are in the viral spike protein. The mutation N501Y in the

spike protein has been associated with increased ACE2 receptor affinity, which has been

experimentally shown to increase viral entry into hosts and therefore boost viral infectivity

[414]. Another mutation, P681H, is located immediately adjacent to the furin cleavage site,

which is also implicated in viral infectivity [415]. A final notable mutation is a deletion at

positions 69 and 70 on the spike protein (Δ69-70), which has been independently described as

causing diagnostic test failure for common commercial assays [416]. Three of the laboratories

which test community cases in the UK use a three-target assay focusing on the nucleoprotein

(N), ORF1ab and spike glycoprotein (S) genes [410]. The Δ69-70 mutation causes S-gene

target failure (SGTF) in otherwise positive samples. Although possible for other lineages,

the vast majority of instances of SGTF were associated with the B.1.1.7 by the end of 2020

in England [417]. Indeed, increasing frequency of SGTF was used as a proxy for measuring

increased frequency of B.1.1.7 [410, 101]. Various statistical, mathematical modelling and

phylodynamic analyses estimated an increased fitness of B.1.1.7 compared to previously

circulating lineages [410, 418]. It has been suggested that the failure to control the virus

during the tier system period of December 2020 was due to the emergence of this more

transmissible lineage [419].
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6.2.3 Estimating the impact of lockdown

6.2.3.1 The challenges

In 2020, the UK economy suffered the greatest decline since 1709 [420], and other medical

concerns surrounding cancer, mental health and obesity mounted [301, 421, 422]. There

are many who attribute these serious non-COVID related costs to lockdowns. Although

polling suggests that the public broadly agreed with imposing lockdowns [423], there has

nevertheless been significant political and social conflict.

Proponents of lockdown argue that it has the greatest impact on reducing transmission and

COVID-related deaths, a belief supported by many studies [38, 232, 69, 68]. Although costly,

its repeated deployment is therefore justified on these grounds. It is nevertheless crucial to

scientists, governments, policymakers and the general population to gather as much evidence

as possible on the effectiveness of lockdowns and other non-pharmaceutical interventions.

In the weeks following the imposition of the first national lockdown, confirmed COVID-19

cases fell. After the relaxation of restrictions, cases once again began to rise. The second

(and third waves) in the UK demonstrate that the population remained largely susceptible,

assuming that re-infection is rare [424]. It is therefore reasonable to conclude that herd

immunity had not been reached in the spring of 2020, and that the observed reduction in

cases could only be attributed to a decreased contact rate. Many have therefore concluded

that lockdown succeeded in controlling the epidemic in the UK.

The question, however, is made complex by several factors.

Firstly, lockdowns have always been instigated in parallel to many other interventions. Prior to

the first national lockdown on March 23rd 2020, the UK government had implemented several

less severe interventions as described earlier. Some of these, for example school closures

and public health messaging regarding hand washing, had been previously used to combat

other pathogens such as influenza [425]. Economic relief was provided in several packages

throughout the year for various reasons, e.g. rough sleepers to obtain accommodation,

benefits for those temporarily unemployed due to the virus (the ’furlough’ scheme), and for

local governments. Disentangling the relative effects of all concomitant interventions is very

difficult.

Secondly, news reports from China, Italy and elsewhere had heightened the awareness and

fear of many members of the public of COVID-19, and it is likely that many restrictions

and behaviour changes were self-imposed [426]. Indeed, using GPS locations from mobile

phones, Google released data that suggested decreased movement preceded the enactment
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of lockdown [427]. Determining the counterfactual scenario against which to measure the

impact of lockdown is, therefore, non-trivial. Indeed some have argued that less stringent

interventions, such as those imposed in Sweden, would have been enough to reduce social

contacts and control the epidemic [428].

Thirdly, the time horizon over which to measure impact is important. It is possible that

COVID-19 becomes endemic in the future [429], and thus all individuals may eventually

become exposed [430]. Interventions may therefore not be able to prevent infection, but

rather delay it. The likelihood of this scenario is decreased with the introduction of vaccines

beginning in December 2020 in the UK [431], but potential vaccine escape variants have

already been detected which could plausibly increase the susceptibility of a highly vaccinated

population [432]. In any case, measuring the impact of lockdown over 3 months and over 10

years may provide very different estimates.

Fourthly, even if it were established that lockdown decreases transmission, the amplitude

of this effect is of equal importance. The justification for lockdown strongly depends on

whether reduction is in the order of 5% or 50%.

Finally, even if correlations between lockdown and decreased transmission are demonstrated,

it can be difficult to establish the direction of causality, or indeed if there is a causal link

at all. It is clear that governments across the world increased restrictions as cases rose, but

careful analysis is required to determine that changes in stringency cause a change in cases.

6.2.3.2 Previous studies on the impact of lockdown

Several modelling studies have aimed to estimate the impact of lockdown in the UK. Below I

detail the model analyses of groups from Imperial College, the London School of Hygiene

and Tropical Medicine (LSHTM) and University of Warwick, whose members contribute

to UK COVID-19 response policy through the Scientific Advisory Group for Emergencies

(SAGE).

Imperial College published an influential report on 16th March 2020, prior to the national

lockdown, estimating the impact of various NPIs on COVID-19 cases and deaths in the UK

[38]. Using an individual-based simulation model original developed for pandemic influenza,

they modelled the epidemic trajectory under various scenarios. They parameterised SARS-

CoV-2 natural history (i.e. severity, generation time, percent infections symptomatic) based

on data available at the time from Italy and China. In their scenario assuming an entirely

unmitigated epidemic, and a reproduction number of 2.4, they estimated COVID-19 would

cause 510,000 deaths in the UK, with significant mortality caused by the overwhelming of
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ICU capacity; if all patients could be treated, they estimated around 250,000 deaths in the UK.

They concluded that reproduction number could be brought below 1 under a combination of

case isolation, social distancing of the entire population and either household quarantine or

closing schools and universities.

After the first wave, Imperial College used a Bayesian mechanistic model to assess the impact

of NPIs in several European countries including the UK, fitting to observed COVID-related

deaths [232]. They estimate that the only intervention to cause a detectable impact on

reproduction number was lockdown, by reducing transmission by 81%. The impact of other

NPIs, such as closing public events, school closure and isolation of symptomatic cases were

estimated to not significantly differ from zero.

A third modelling study from Imperial College sought to evaluate the epidemic in England

during the whole year of 2020 [69]. They fitted an age-structured stochastic transmission

model to multiple outcomes in surveillance data, including hospital admissions, ICU oc-

cupancy, deaths, testing, serological surveys and SARS-CoV-2 prevalence. They conclude

that the timing of lockdown had a huge impact on epidemic size and therefore mortality. If

lockdown had been imposed a week earlier, they estimate that the first wave death toll would

have been reduced by over 50%, and that a week delay would have increased deaths by nearly

three-fold. They argue that the Government’s ’Eat Out To Help Out’ scheme increased the

reproduction number to above 1 in all regions of England, and that the subsequent tiered

restrictions reduced transmission but could not bring the reproduction number below 1.

They estimate this was only possible with the second lockdown from 5th November to 1st

December 2020, in conjunction with population immunity.

The Centre for the Mathematical Modelling of Infectious Diseases at LSHTM also published

a study of the impact of NPIs following the first national lockdown [68]. Using a stochastic

age-structured SEIR-type transmission model, they estimated that an unmitigated epidemic

would have caused 350,000 COVID-related deaths by the end of 2021, without accounting for

an increase in CFR if hospital capacity were exceeded. They projected that a strong lockdown

would reduce deaths to 50,000, a seven-fold decrease compared to the unmitigated scenario.

Like the Imperial College modelling study, they concluded that reproduction number could

be brought below 1 only if lockdowns were imposed, and that other NPIs such as school

closures and shielding of vulnerable people were not sufficient.

A group at the University of Warwick developed an age-structured transmission model

which they fitted to hospitalisations and mortality data from the UK [70]. They estimated

that an unmitigated epidemic would have led to 200,000 deaths by the end of 2020, which

was reduced to 39,000 deaths if lockdown were imposed throughout the whole year. They
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concluded that lockdown was required to control the epidemic, and that other scenarios were

not as effective. Further, the release of lockdown, in lieu of a vaccine, would lead to a similar

number of deaths as a totally unmitigated scenario, assuming contact mixing patterns return

to as before.

In summary, all models from several key modelling institutions have concluded that control

of the UK COVID-19 epidemic, represented by a reduction in R to below 1, could be achieved

only by full lockdown, in the absence of widespread vaccination.

6.2.3.3 Previous studies on the impact of the tier system

The LSHTM model was also used to evaluate the effect of the tier system introduced in the

autumn of 2020 in England. They estimate that for the period of October 2020 to March

2021 inclusive, tier 2 and tier 3 restrictions reduced reproduction number by 2% and 10%

respectively; lockdown, including with school closures, reduced reproduction number by an

estimated 36%, to a value below 1.

A separate modelling study was conducted by Imperial College to estimate the impact of

the tier system between the first and second national lockdowns in the UK [433]. Using

a Bayesian hierarchical model fitted to estimated reproduction number by lower tier local

authority (LTLA) over time, they estimated that tier 1 had no significant impact on reproduc-

tion number, and tiers 2 and 3 reduced it by 6% and 23% respectively. They state in their

limitations however that this effect is associative and not causal.

6.2.4 Non-pharmaceutical interventions as a continuous variable

As of March 18th 2021, there have been three announcements of national lockdown: March

23rd 2020, November 5th 2020 and January 5th 2021. These interventions can be understood

as binary variables - lockdown or no lockdown - and their impact on epidemiological param-

eters can be estimated. However, this binary reduction can occlude significant explanatory

power of the available data. As discussed, there were several other NPIs which are likely to

have contributed to transmission of COVID-19.

Among the most prominent attempts to quantify the extent of varied NPIs is the Oxford

COVID-19 Government Response Tracker (OxCGRT) [214]. This project collated informa-

tion on governmental responses across the world for a number of indicators. These indicators

were grouped into three main families: Containment and closure (C), Economic response

(E), and Health systems (H). Containment and closure included stay-at-home requirements
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(lockdowns), school and workplaces closures, restrictions on travel. Economic responses in-

cluded income support, international support, debt relief and fiscal measures. Health systems

included public information campaigns, testing policies, contact tracing, facemasks and vac-

cines. Importantly, they converted the presence, absence and duration of these indicators into

quantitative measures. Two of the main measures are the health and containment index, and

the stringency index, which are select combinations of the above indicators. These indices are

downloadable for each nation as a time-series. OxCGRT has been used in numerous studies,

from estimating associations between levels of healthcare resources and viral transmission,

to estimating impacts of physical distancing on transmission and time-varying reproduction

number [434].

Another source of useful data are the Google COVID-19 community mobility reports [435].

Using GPS location from mobile phones, they provide open-access time series data on

community mobility for each day since the beginning of the pandemic. Compared to baseline

values, they report the changes in daily movement for six categories: retail and recreation,

grocery and pharmacy, parks, public transport, workplaces, and residential. These changes

can be compared to a "baseline", calculated as the median value for the current week or

previous weeks. It is therefore possible to compare changes in mobility following the

emergence of COVID-19 in the UK, as well as throughout the course of the epidemic.

Google mobility data has been used to estimate the association between movement and

COVID-19 transmission [436] and death [437].

Although both the OxCGRT and Google mobility data sets have been widely used, adding

support to their reliability, they can be mutually validating; significant associations between

government responses and mobility have been directly estimated [434].

Further, Koh, Naing and Wong performed a regression analysis across 142 countries on

stringency and mobility estimated from OxCGRT and Google respectively, against time-

varying reproduction number estimated from the COVID-19 Epiforecasts project [438, 439].

They find that an increase in stringency index by 10 points is correlated with a reduction in

R(t) of 6%. They argue that lockdowns should not be considered a binary variable because

they vary in stringency, from working from home to complete movement restrictions. They

estimate partial and full lockdowns to reduce R(t) by 38% and 32% respectively, but that the

effect sizes are not significantly different between them. They instead conclude that earlier

lockdowns are more impactful than late ones. They estimate that complete travel bans reduce

R(t) by 24%. To address issues concerning causality between policy and viral transmission,

they compared R(t) as a median over the 14 days after the date of the explanatory variable

(e.g. stringency index).
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6.2.5 Aims and justification

As detailed in Section 6.2.3, understanding the impact of lockdown on viral transmission is

of critical importance. Few studies have attempted to estimate this using genomic data; none

to my knowledge have done so in the English context. The insight gained in doing so would

be a useful complement to those analyses working with traditional epidemiological data.

A useful (and easy to interpret) epidemiological parameter obtained from phylodynamic

modelling is effective reproduction number (R(t)). This statistic has been widely used

in policy documents [410], and has heavily featured even in non-scientific media outlets

[419, 440]. As described in Section 1.1.2.2, R(t) is calculated from growth rate, which is the

rate of change in effective population size (Ne).

Therefore in this chapter, using phylodynamic modelling methods, I estimate the epidemic

trajectory of SARS-CoV-2 in England in terms of Ne, and compare it to independent case

data published from official sources. Secondly, I aim to estimate R(t) through time, and test

its association with the imposition of NPIs including lockdowns, and changes in mobility

through time.

The results of these analysis enable me to answer the following research questions, according

to the aims of the thesis:

What was the impact of NPIs on COVID-19 transmission in England?

Was the B.1.1.7 variant spreading faster than previous variants in England?

To do this I use high quality publicly available time-series data on mobility and measures

of NPI stringency ("covariates"), and compare their associations with my estimates of R(t).
Finally, I integrate these covariates in the phylodynamic modelling analysis (see Section

1.1.2.2). After fitting to both genomic and epidemiological co-variate data, growth rates can

be re-estimated, and associations between growth rates and covariates can be measured.

Throughout 2020 and the beginning of 2021, there has been significant heterogeneity, both

over time and region, in terms of COVID-19 transmission dynamics, government intervention,

testing capability, case definition, genomic sampling intensity and viral genetic diversity. It

is therefore more practical and useful to focus research questions on smaller time periods or

locations.

I therefore present four case studies in this chapter. The first (case study A) considers the

beginning of the epidemic in England before and after the imposition of the first national

lockdown. I investigate whether the reduction in case burden was attributable to lockdown.
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The second (B) focuses on the city of Leicester during the spring and summer of 2020, in

which there were both a national and a local lockdown. Here, as well as estimating the

impact of lockdowns, I explore whether the high case burden observed in Leicester in the

summer months was detectable from the genomic data, even when only using small fractions

of the samples. As policy is often tailored to the region depending on local viral activity, it is

interesting to see whether local trends can be identified from available genomic data, before

the increase in cases and hospitalisations; this case study provides a good setting to do this.

The third case study (C) examines the epidemic in England during the winter months (2020-

2021) during which there were interchanging periods of little restriction, tier systems, and

two national lockdowns. I aim to evaluate the effectiveness of the observed changing policies

on viral transmission.

The fourth case study (D) also focuses on the winter period, but here I accommodate some of

the observed heterogeneity in viral lineage that had emerged in this more advanced stage of

the epidemic. By estimating the epidemiological trajectories for different lineages, I estimate

whether the variant of concern B.1.1.7 had a higher transmission than previously circulating

lineages, and investigate whether national efforts to contain the COVID-19 epidemic in

England were affected by the emergence of this new variant.

Beyond the importance to scientists, policymakers and the general public, the research

questions I undertake are justified methodologically. Firstly, the UK had by far the largest

repository of SARS-CoV-2 sequences in the world during the first months of the pandemic

[412], and thereby represent a significant opportunity for insights from genomic epidemiology

and population genetics, which can complement conclusions derived from more ’traditional’

surveillance and epidemiological modelling. However, the nature of the devolved govern-

mental structure of the UK is such that England, Scotland, Wales and Northern Ireland are

each able to produce independent COVID-19 response strategies. For this reason I opted

to focus on the English epidemic, where the largest genomic data set resides. Further, the

likely origin of the B.1.1.7 variant is in South East England, and the close monitoring from

its emergence to its near-fixation provides an excellent knowledge base with which to study

its impact.

Secondly, as the number of SARS-CoV-2 sequences in the UK approached half a million as

of April 13th 2021, the preferred phylodynamic methods are those that can cope with large

data sets. Non-parameteric methods such as those described in Section 1.1.2.2 are therefore

ideal to maximise the benefits of such a rich genomic data set.
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6.3 Materials and Methods

The process for producing epidemic trajectories is summarised as follows. First I summarised

the NPI data (including lockdowns) against which I could compare the phylodynamic results.

Secondly, I sampled the COG-UK sequence alignment for each case study, described in

Section 6.3.3. Next I produced maximum-likelihood trees, then dated them, as described in

Section 6.3.4. Finally, I fitted skygrowth and mlesky phylodynamic models to the dated trees,

either with or without NPI data encoded as covariates, as described in 6.3.5.

6.3.1 Summarising NPI covariate data

Binary lockdown variable

There were three UK national lockdowns imposed on March 23rd 2020, November 5th 2020

and January 5th 2021. To encode this information for inclusion in the phylodynamic analyses,

I created a model matrix equivalent to Z as described in Gill et al 2016 [94]. Each lockdown

was assumed to be a binary predictor variable (Z j) of length t = 412 elements corresponding

to each day between 1st January 2020 and 15th February 2021. For each time point, the value

of the predictor was set to 1 if the lockdown was present. For example, for the first lockdown,

each value between 23rd March 2020 and 12th May 2020 was set to 1, and the rest set to 0.

Continuous NPI variables

However, as discussed in Section 6.2.4, lockdown is not the only NPI under consideration.

In this section I describe how I analysed the data from two main sources: mobility data

from Google and the indices of government intervention by OxCGRT. These two data

sources provide a richer data set against which to explore associations with SARS-CoV-2

reproduction number.

Figure 6.1 shows the raw data over time, for different categories of movement, during the

early months of 2020 (black lines). These data are the covariates against which I compare

R(t) in case study A: England before and after the first national lockdown. The raw data was

highly variable by day, reflecting the changing mobility throughout the week. To produce

intelligible comparisons with reproduction number, the raw data had therefore to be smoothed.

I used a local regression smoothing algorithm (‘stats’ R package, ‘loess’ function).
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The changes in mobility behaviour in these months were very sharp. Therefore, after

smoothing, the sheer drop in mobility was only captured when using a small smoothing

parameter alpha (e.g. 4%). This means that local regressions are calculated only for the very

nearest neighbouring points, allowing for sharp local changes to be respected. In general

statistical language this translates to a small bias. However, bias is in trade-off with variance:

a smoothing parameter too small will produce a curve with high variance (very “bumpy”),

one which is overfitted to the data. Figure 6.1 shows that a parameter value of 4% performs

well at balancing these two effects, producing a smooth and accurate recapitulation of the raw

data. I therefore proceeded to use this smoothed data (with k=4%) in the analyses described

later. In Section 6.5.2.3, I discuss a sensitivity analysis where I instead assume k=20%.

Retail and recreation Transit stations Workplaces

Grocery and pharmacy Parks Residential

Feb Mar Apr May Feb Mar Apr May Feb Mar Apr May

−50

0

−50

0

Month of year 2020

G
oo

gl
e 

m
ob

ilit
y 

da
ta

 (r
aw

 v
s 

sm
oo

th
ed

)

loess
20%
4%
None

Figure 6.1 National time series data of movement trends for different location types during spring 2020,

published by Google. Thin black line represents raw data. Thick red and blue lines represent local regression

smoothing with parameters of 20% and 4% respectively. The dashed grey lines indicate date of national

lockdown.

I performed a similar exercise for the Oxford COVID-19 Government Response Tracker

(OxCGRT) measures of government intervention, summarised in the ‘Containment and
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Health’ and ‘Stringency’ indices. The ‘raw’ estimates of these indices for spring 2020 are

shown in Figure 6.2 (black lines).
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Figure 6.2 Time series composite data of UK government interventions in the early months of 2020, estimated

by Oxford COVID-19 Government Response Tracker (OxCGRT). Thin black lines represent raw data. Thick

red and blue lines represent local regression smoothing with parameters of 20% and 4% respectively. The

dashed grey lines indicate date of national lockdown.

The same trade-off between bias and variance is observable. However, I had a different

interpretation of the best degree of smoothing. While mobility provides a direct measure

of changing public behaviour, a change in policy does not. Further, the enforcement of

policy changes is not immediate. The OxCGRT index shifts occur when changes of policy

are announced, and this is represented as a near-instantaneous change. For instance, the

announcement of a national lockdown on March 23rd can be seen as an overnight three-

fold or five-fold ‘jump’ in containment and stringency indices respectively. In reality, the

manifestation of this policy change is unlikely to be so instantaneous.

Using a 4% smoothing parameter (blue line) value closely imitates this instantaneous jump

in policy, while a 20% value (red line), by encompassing a wider set of data points in

each local regression, reflects a more incremental change in policy. The bias in such

smoothing is clearly seen: the indices ‘overestimate’ prior to the announcement of lockdown,

and ‘underestimate’ following it. However, I believe that a more incremental curve is

a more realistic representation of the implementation of government policy, even if the

announcements were themselves instantaneous events. I therefore used the curve produced

with a 20% smoothing parameter value in my analyses. I discuss the robustness of this

decision in Section 6.5.2.2, by implementing a sensitivity analysis using a 4% smoothing

parameter value.

However, it is arguably realistic to assume that all changes in government policy do manifest

incrementally, but that this change should strictly follow policy announcements, not precede
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them. In other words, the ‘slowness’ of policy implementation should be interpreted as

a rightwards lag. To account for this, I explore the effects of introducing rightward (and

leftwards) lag in government policy, also discussed in Section 6.5.2.2.

Another justification for opting for a shallower smoothing curve is the ability to more easily

encode first order changes in the data. Reproduction number (R(t)) is related to growth rate,

which is the first-order rate of change of (Ne); it is therefore most intuitive to compare it to

the first-order rate in change of the covariates. In the curve with a 4% smoothing parameter,

the flat portions and instantaneous changes of the raw data are mostly preserved. The rate

of change would therefore be zero throughout most of the time series, with very extreme

values for short periods of time around the date of national lockdown. With such high skew,

it would be difficult to compare this rate of change against reproduction number. In the 20%

smoothing parameter case however, the more gradual curve enables a greater heterogeneity -

and reduced skew - of rates over time, allowing an easier comparison.

The same transformations of the Google mobility and OxCGRT NPI data were applied for

covariate data used in case studies B (Leicester during spring and summer 2020) and C and

D (England during the winter period 2020-2021). For similar reasons in each case study, I

used a loess parameter of 4% for Google mobility and 20% for OxCGRT.

Figures 6.3 and 6.4 display the smoothed mobility and index data used for the Leicester

analyses respectively, used in case study B. Google provided mobility data on a regional

level; the time series for Leicestershire was extracted to be used in case study B. However,

as of March 18th 2021 when this analysis was conducted, there were significant portions

of the mobility data missing for the ’parks’ variable. The degree of missingness was too

great to be able to interpolate between the data points that were reported. I therefore used the

national level data for this comparison, and interpretations of results must therefore be made

more cautiously. The OxCGRT did not report interventions on the local level, thus I used the

national indices. Again, interpretations of these results are therefore subject to more caution.
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Figure 6.3 Time series data of movement trends for different location types in Leicestershire during spring and

summer 2020, published by Google. Thin black line represents raw data. Thick red and blue lines represent

local regression smoothing with parameters of 20% and 4% respectively. The dashed grey lines indicate dates

of national and local lockdowns.

* Mobility data for Leicestershire as of 18th March 2021 had too much missingness; national data was instead

used here
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Figure 6.4 Time series composite data of national UK government interventions in the spring and summer

months of 2020, estimated by Oxford COVID-19 Government Response Tracker (OxCGRT). Thin black lines

represent raw data. Thick red and blue lines represent local regression smoothing with parameters of 20% and

4% respectively. The dashed grey lines indicate dates of national and local lockdowns.



6.3 Materials and Methods 235

Figures 6.5 and 6.6 show the smoothed covariate data for the winter period of 2020-2021,

which is encoded in the analysis for case studies C and D.
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Figure 6.5 Time series data of movement trends for different location types in England during the winter period

2020-2021, published by Google. Thin black line represents raw data. Thick red and blue lines represent local

regression smoothing with parameters of 20% and 4% respectively. The dashed grey lines indicate dates of

national lockdowns.
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Figure 6.6 Time series composite data of UK government interventions in the winter of 2020-2021, estimated

by Oxford COVID-19 Government Response Tracker (OxCGRT). Thin black lines represent raw data. Thick

red and blue lines represent local regression smoothing with parameters of 20% and 4% respectively. The

dashed grey lines indicate start dates of lockdowns.

Finally for all case studies, after smoothing the covariates, I rescaled them to take positive

values within a range of 1-100 and log transformed them to reduce skew.

In summary, there are 3 covariate time series data sets to include in phylodynamic modelling

analyses. First is the binary lockdown matrix (separate columns for different lockdowns).

Secondly there are the continuous Google mobility time series data. Finally there are the

continuous OxCGRT stringency and health containment indices.

6.3.2 S-gene target failure data

As discussed in Section 6.2.2.1, the B.1.1.7 lineage was linked to S-gene target failure

(SGTF) in common SARS-CoV-2 diagnostic tests such as the TaqPath assay. However, other

lineages (such as B.1.258) with the same functional deletion Δ69-70 have been observed

to cause SGTF. Therefore, the reliability of using SGTF frequency as a proxy for B.1.1.7

infection burden varies over time, depending on its changing frequency relative to other

Δ69-70 lineages.

Using a spatio-temporal model fitted to counts of genomes with Δ69-70 belonging to VOC

and non-VOC lineages, Volz et al [101] estimated the probability that a sample with Δ69-70

belongs to the VOC lineage, as a function of time and place. This probability was termed

"true positive proportion" (TPP). They thereby calculated the numbers of TPP-corrected

SGTF negative cases attributable to VOC (S−), and TPP-corrected SGTF positive cases

attributable to non-VOC lineages (S+).
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To explore the effectiveness of phylodynamic analysis to estimate viral lineage growth, I

compared estimated effective population size against S− through time. However, the above

S+ and S− counts reflect only those who were tested, and are underestimates of the true

numbers. Therefore for each STP and for each epiweek, I calculated the ’true’ number

TPP-corrected SGTF negative cases (Strue−
w ) as the proportion of S− out the total number of

SGTF cases, scaled by the number of cases reported.

The number of confirmed COVID-19 cases was available by epidemiological week (’epi-

week’) for all 42 STP regions in England. Let Cw represent confirmed cases per epiweek w.

Let S−w and S+w represent SGTF negative and positive cases per epiweek w respectively. I

used the following formula to calculate Strue−
w for each STP for each epiweek:

Strue−
w =Cw ×S−w/(S

+
w +S−w )

I summed across all STPs to produce an estimate of total Strue−
w in England for each epiweek.

Where there was more than one data point for any week, I kept only the most recent value.

The weekly estimates of Strue−
w are shown in Figure 6.22.

6.3.3 Sub-sampling the sequence alignment

The phylodynamic models skygrowth and mlesky, when implemented in R on several com-

puter processing units, can both cope with phylogenetic trees with a few thousand tips

to produce epidemic trajectories within a reasonable time frame. However, the COG-UK

database for England contains a higher number of sequences by two orders of magnitude.

Not all of these sequences can (or should) therefore be used, and appropriate sub-sampling

is necessary. The four case studies I describe seek to answer different questions, and the

sub-sampling strategies of each are therefore specific and detailed separately in this section.

Case study A: England during the early months of 2020

This aim of this case study was to evaluate the impact of the first national lockdown in

England. I therefore sought sequences across the country sampled between 1st January

and 30th April 2020. At the beginning of the epidemic in early 2020, the infrastructure

for high throughput sequencing of SARS-CoV-2 in England did not exist. Coupled with

the lower burden of COVID-19 early in the exponential growth phase, comparatively few

sequences were therefore available in the months of January and February. A simple random
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draw of sequences sampled between January and April would therefore retrieve little to no

representation from the earlier months.

To obtain coverage stretching back into February (or late January), I ordered the sequence

alignment by sample date, split it into 5,000 separate bins, and sampled one sequences from

each. As a result, there was guaranteed representation from earlier sequences, but the vast

majority of samples were from March and April. I then removed duplicate sequences. I

replicated this process 10 times to produce 10 alignments with a mean of 4217 sequences

each.

Note that during these early months pillar 2 (community sampling) was not available, and

thus I sampled from pillar 1, where there were around 23,000 sequences until 30th April

2020.

Case study B: Leicester during the spring and summer of 2020

The aim of this case study was to evaluate the impact of lockdowns on a more local level.

Leicester, like the rest of the country, went into lockdown on March 23rd 2020. However,

Leicester was unique in being the first British city to enter a local lockdown, due to its dispro-

portionate viral burden during the summer months [395]. Local lockdown was implemented

from June 30th to August 1st in Leicester, whereby stay-at-home orders were mandated, and

travel from and to the city was prohibited.

As discussed in Section 6.2.5, a motivation for focusing on the city level (as opposed to the

national level) was to explore whether routine genomic surveillance is sufficient to provide

enough sequences to detect upward trends in infections using phylodynamic modelling,

possibly before they are revealed through testing, hospitalisations and deaths. As cases rose

in Leicester through the month of June 2020, leading to a sharper focus in this region, a large

number of samples were available in June. Such a wealth of data in Leicester during this

period is useful, yet it is unusual. It is interesting to investigate whether the rise and fall in

viral burden is still detectable with a more ’normal’ level of genomic sampling; as such, I

performed phylodynamic analyses on various fractions of the whole alignment in Leicester.

I filtered the database for sequences in Leicester (and neighbouring areas) sampled between

1st January and 29th September, in order to obtain a spread of samples before, after and be-

tween lockdowns. This resulted in 1,511 sequences between 18th March and 29th September

2020. I took a random sample without replacement of 5% of the Leicester alignment (76

sequences); I performed this 20 times. I repeated the process for sampling fractions of 10%,
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15%, 20%, 30%, 40%, 50%, 70%. This generated 8 x 20 alignments on which to perform

analyses, with each alignment ranging from 76 to 1,058 sequences.

It is important to reiterate that these fractions do not reflect the proportion of total cases,

but rather the proportion of available samples. Only a fraction of cases are sequenced, even

under periods of intensive sampling.

Case study C: England during the winter of 2020-2021

The aim of this case study was to examine the epidemic trajectory of the second and

third waves of COVID-19 in England, during the winter period of 2020-2021. COVID-

19 infections and deaths exceeded those of the first wave, despite having a far deeper

understanding of the virus. This period was also notable for heterogeneity in government

interventions, with both regional and national restrictions applying at different times.

I filtered the COG-UK database for sequences in England between 7th September 2020 to

31st January 2021, which covered the period before the start of second national lockdown,

and after the start of the third. Note however that the third lockdown was still in place at the

end of this sample period, and was still in place when this analysis was performed in March

2021.

Pillar 2 sampling, which aims to achieve a more random sample of the community, was

in place during this later period of the epidemic. I therefore prioritised these samples and

excluded pillar 1 samples.

I ordered the whole England alignment by sample date, split it into 3,000 bins and sampled

one sequence from each bin, then deduplicated as before. I repeated this process 100 times

to produce 100 alignments with a mean of 2,338 samples each. Note that these alignments

contain sequences from any lineage, and is hereafter labelled as "All", so as not to be confused

with alignments in case study D.

Case study D: Variant of concern B.1.1.7

In Section 6.4 I present an analysis of the epidemic during the winter months in England,

separated by lineages B.1.1.7, B.1.177 and a "control". This work was completed within

the Imperial College COVID-19 response team, in collaboration with others. Although I

carried out the tree dating and phylodynamic analyses, the sub-sampling (and generation of

the maximum-likelihood phylogenetic trees) by lineage were carried out by Dr Erik Volz and

Dr Robert Johnson, with the details described in a published article [101].
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Briefly, all COG-UK samples were assigned weights according to their local authority and

collection date, to account for differences in sampling intensity over space and time. This

weight was proportional to the ratio of diagnosed cases to the number of samples in each local

authority in each week. Within the B.1.1.7 lineage, 100 alignments with 3,000 sequences

were sampled between 15th October 2020 and 1st February 2021. The B.1.1.7 sequences

included were then paired with samples from different lineages (B.1.177 and ’control’),

matched by upper tier local authority and by sample week, mimicking a case-control study.

B.1.177, as described in Section 6.2.2.1, was a lineage that was investigated closely and

found to bear no transmission advantage. The "control" group was a sample of any lineage

outside of B.1.1.7.

Case study C presents a set of unweighted samples from any lineage, whereby the B.1.1.7

alignments in case study D are weighted samples within the lineage, which are matched by

week and local authority to produce the sets B.1.177 and control. Case study C therefore

differs from case study D by being unweighted and indiscriminate with respect to lineage.

However, both case studies C and D examine the same winter months between 2020 and

2021.

6.3.4 Producing dated phylogenetic trees

As part of the daily COG-UK pipeline, a maximum-likelihood (ML) tree is generated for the

whole alignment of sequences from the UK. The documentation for this process is described

in a GitHub repository (https://github.com/COG-UK/grapevine) and in this published paper

[441]. Briefly, new UK sequences are filtered based on coverage and quality of reads,

assigned a lineage using pangolin (github.com/cov-lineages/pangolin), then mapped to a

reference sequence Wuhan-Hu-1 using Minimap [442]. A maximum-likelihood phylogeny

is constructed using FastTree version 2.1.11 [443], with Wuhan/WH04/2020 used as an

outgroup. I have not contributed to this pipeline.

Having selected the alignments as described in Section 6.3.3, I retained these tips from the

ML tree produced in the COG-UK pipeline, using the ape R package [444]. By using the pre-

generated tree, I avoided unnecessary and lengthy computational time in its reconstruction.

In a sensitivity analysis, I reconstructed the ML tree from the sub-sampled sequences (i.e.

not using the COG-UK tree) using IQTREE (parameters -nt 12 -redo -m HKY -s). I did this

to explore whether avoiding the step of reconstructing the ML tree caused a difference to the

results.
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I dated the pruned ML trees containing the samples of interest using treedater [113], collaps-

ing small branch lengths and randomly resolving polytomies. I sampled clock rate from a

normal distribution of mean 5.91×10-4 and standard deviation 1.92×10-5; this clock rate

distribution was estimated in a Bayesian coalescent phylodynamic analysis performed using

BEAST by Professor Andrew Rambaut, described here [101]. Each ML tree was dated 10

times (with a different sampled clock rate) to account for phylogenetic uncertainty. These

dated trees were provided as data to which skygrowth and mlesky were fitted.

A summary of all time-scaled phylogenetic trees is presented in Table 6.1, detailing the

number of sequences, sample dates and lineages for all case studies in this Chapter.
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6.3.5 Phylodynamic modelling

6.3.5.1 Implementation

To estimate the association between SARS-CoV-2 transmission and NPIs, I carried out

phylodynamic modelling analyses using skygrowth [97] and mlesky [99], both implemented

in the R programming language.

Using both models, I estimated the epidemic trajectory of SARS-CoV-2 by fitting to the

time-scaled phylogenies described in Section 6.3.4. I use the same sets of trees in both model

analyses. I perform this for case studies A-C; for case study B, trajectories are estimated for

every sampling fraction (see Table 6.1). For case study D, I estimate trajectories for B.1.1.7,

B.1.177 and control lineages separately using mlesky only. In all case studies, covariate data

are included in a mlesky analysis.

The default parameters used in the skygrowth model analyses are summarised as follows. The

precision parameter (τ) had an exponentially distributed prior with scale set to 2.06×10−6,

corresponding to a 1% change in growth per week.

The number of grid points (m), i.e. the number of piecewise sections in which Ne(t) is

estimated, was set to twice the number of weeks in the period under examination. For

instance, case study A simulated the period January 29th 2020 - April 30th 2020 (13 weeks)

such that m = 26. The prior for R was defined as a lognormal distribution with mean log(0.7)

and standard deviation 0.5. R(t) was calculated according to the following equation [445]:

R(t) = r(t)/γ +1

where r(t) is the growth rate of effective population size (Ne(t)) estimated through time and

(1/γ) is a constant serial interval of 6.5 days, based on previous studies on transmission pairs

[446–448]. This calculation is valid when infectious periods are exponentially distributed

[449, 97]. I calculate the 95% highest posterior density (HPD) for Ne(t) and R(t) through

time, across all simulations.

The default parameters used in the mlesky model analyses are summarised as follows. The

precision parameter (τ) was optimised by cross-validation using the .mlskygrid_oos func-

tion (https://github.com/emvolz-phylodynamics/mlesky/blob/master/R/mlesky.R), bounded

between 0.001 and 10. The number of grid points (m) was also set to twice the number of

weeks in the period under examination.
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The mlesky package outputs effective population size (Ne(t)) given a time-scaled phylogeny.

Let r(t) represent growth rate of effective population size. In the same fashion as skygrowth,

R(t) is calculated as:

R(t) = r(t)/γ +1

where (1/γ) = 6.5 days.

I calculated the 95% quantiles for Ne(t) and R(t) through time, across all simulations.

When including a covariate time series data set for model fitting in mlesky, the formula_order
parameter is set to 1 (unless stated otherwise), which tests the association between growth

rate and the first order rate of change of the covariate. As discussed in Section 6.3.1, growth

rate is estimated as the first-order rate of change of Ne(t) and can be related to R(t). The only

deviation from this is when including the presence or absence of lockdowns as a covariate, for

which I assumed f ormula_order = 2. This specification compares the association between

the 0th order (undifferentiated) covariate with second order changes in Ne(t), i.e. the change

in growth rate through time. Although more difficult to interpret, I chose this because the

binary matrix, if differentiated to the first order, would be far too sparse to test for associations.

Section 6.3.5.2 provides more detailed discussion of the implications of including covariates

in mlesky.

The steps to complete the time-scaling of the phylogeny and phylodynamic analysis are

detailed in scripts in the R programming language, available at: https://github.com/mrc-

ide/sarscov2-b.1.1.7/blob/main/phylo/d1_date_trees.R and https://github.com/mrc-ide/sarscov2-

b.1.1.7/blob/main/phylo/d2_mlesky.R.

6.3.5.2 Testing association between covariates and viral transmission

The full methodological framework for the inference of Ne(t) using mlesky is available at

[99]. To explore associations between covariate data and viral transmission (represented by

R(t)), I use two methods: ’post hoc’ and ’joint’. In this section I summarise the steps of the

mlesky analysis in order to describe differences in the two methods.

Like in previous phylodynamic frameworks such as skygrid [94], a piece-wise function of

(log-transformed) effective population size through time (Ne(t)) is estimated at different

pre-defined gridpoints using a coalescent model fitted to a time-scaled phylogeny. In order to

reduce noise and overfitting, the trajectory of Ne(t) is described as a Markov Chain. Given

a value of Ne(t = 0) each piece of the chain experiences a ’roughness penalty’, where the
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second order differences of log(Ne(t)) is modelled as a normal distribution with expectation

of zero, and a standard deviation dependent on a smoothing parameter τ which is selected by

a k-fold cross-validation strategy. This Markov Chain structure ensures that large steps are

penalised during the smoothing process.

Post hoc association between covariate and viral transmission

The first method, post hoc, was achieved by performing the above, providing a smoothed time

series (or ’trajectory’) of Ne(t), from which growth rate (and therefore R(t)) were calculated.

Then, assuming that this reflects the ’true’ R(t), I treated it as data against which I tested

association with the covariates.

Although rolling correlations between these can be plotted [450], formal testing for sig-

nificance is not trivial. Measures in a time series, with each element being dependent on

the previous time point, violate the assumptions of independent samples for most tests of

correlation.

To overcome this, I computed the incremental daily changes in the covariate, a discrete

equivalent of the first-order differential, which I then tested for correlation against R(t)
(already a first order differential of Ne(t)), measuring the effect size and significance of the

association. Although imperfect, it is reasonable to assume that each daily change is less

dependent on the previous day than the undifferentiated time series.

I tested the same correlations after delaying the R(t) time series forwards or backwards by

ten days. If changes in NPI are more strongly correlated with R(t) ten days later, but not ten

days earlier, it adds some evidential strength to the direction of causality.

A drawback of this method is that although phylogenetic uncertainty has been explored by

resampling sequences and trees, only the central estimate of R(t) across trees is the ’data’

against which the covariates are fitted, and thus uncertainty in R(t) is not fully accounted for.

Joint estimation of association between covariate and viral transmission

The second method, ’joint’, also involves estimating the maximum likelihood of Ne(t).
However, the covariates are now implicated in the smoothing of the trajectory. The steps are

summarised here. Note that these steps were programmed by Dr Erik Volz.

An initial fit of Ne(t) against the time-scaled phylogenies is estimated. Daily changes in the

covariates, like before, are fitted to daily changes in Ne(t), assuming a linear model. Using
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notation described in skygrid [94], let k represent the number of observations for which Ne(t)
is estimated (pre-defined by the number of grid points), and let p represent the number of

covariates, which have observations at the times of grid points. If there are no observations

for any covariate at a certain grid point, they are inferred by linear interpolation. In the linear

model, the vector of coefficients βk has length p, and the model matrix Zkp has dimensions

k× p. Let bk represent the multiplication of these two:

bk = Zkp ·βp

The length of bk is therefore k, the number of observations of Ne(t).

For this analysis, when implementing the roughness penalty in the Markov Chain, the second

order differences of log(Ne(t)) for each piece i is modelled as a normal distribution with an

expectation of bi. In a final joint optimisation step, the maximum likelihood of Ne(t) and βk

are determined by evaluating the likelihood of the tree given log(Ne(t)), combined with the

roughness penalty incurred by this trajectory assuming expectations given by bi.

Each analysis considered a Google mobility type or OxCGRT index as individual univariate

predictors; I did not perform any multivariate analyses with these data sets. In other words, β
was a scalar with units dR/dx where x is the covariate. However, I did perform a multivariate

analysis using ’lockdown2’ and ’lockdown3’ as joint covariate predictors (see Section 6.3.1).

In this case, β had units d2R/x.

As I performed each mlesky analysis across a set of trees, the phylogenetic uncertainty was

represented by a distribution of maximum likelihood estimates of β . If 95% of estimated

values of beta were greater or less than 0, I concluded there was a positive or negative

association respectively between the covariate and viral transmission.

I also explored the impact on β when implementing a delay in the covariate data before

performing the mlesky analysis. For example, I tested the association between growth rate at

time t and the covariate at t −10, or at t +10. If associations were stronger when the changes

in covariate preceded changes in Ne (and not the other way round), then the direction of

causality between changes in covariates and transmission could be more strongly stated even

if not conclusively proved.
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6.4 Results

6.4.1 Case study A: England during the early months of 2020

Figure 6.7 displays the epidemic trajectories of the SARS-CoV-2 epidemic in England during

the early months of 2020. There is near-identical accord between both models for the central

estimates of Ne(t) and R(t). The measure of uncertainty for skygrowth exceeds that of mlesky.

Epidemic peak is estimated to occur on 1st April for mlesky, eight days after the imposition

of the first national lockdown, shown in the red box. For skygrowth, the peak is broader and

more jagged, but also centres around 1st April. These peaks precede the peak in confirmed

cases by PHE by several weeks, although widespread testing was not available during this

period, and case ascertainment was therefore very poor until April which will downwards

bias the case count during February and March (dashed line in Figure 6.7A).

Reproduction number (R(t)) also falls below 1 at the beginning of April, although it appears

that it was steadily decreasing in the several weeks prior to the start of lockdown. This

decline could be due to reduced mobility and behaviour changes due to the pandemic even

before lockdown. Alternatively, it could be because the proportion of cases that were due

to importation decreased through time, as travel restrictions were imposed and internal

transmission increased [451].

For both skygrowth and mlesky, the first few weeks of the epidemic provided extremely wide

uncertainty for reproduction number. I estimated that in late January, R(t) was 1.4 (95%

HPD: 0.4-35.0) for mlesky and 2.1 (1.1-4.4) for skygrowth. In a stochastic transmission model

fitted to surveillance data and SARS-CoV-2 prevalence, Knock and colleagues estimated

R0 in England at 2.9 (95% CrI: 2.8-3.1) at the beginning of March [69]. This estimate is

higher than the median ones in my analyses, but within the wide uncertainty intervals. The

paucity of good quality genomic data at the time in England is likely to lead to unreliable

R(t) estimates in my phylodynamic analysis in the early months, reflected in the extremely

wide uncertainty intervals.
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Figure 6.7 The epidemiological trajectory of SARS-CoV-2 in England during spring 2020. Thick solid lines

and shaded areas represent median and 95% quantiles respectively, estimated by mlesky (green) and skygrowth
(purple). Red shaded area represents period of first national lockdown in England. Black dotted line represents

daily confirmed cases (smoothed and rescaled). Panel A: effective population size (Ne(t)) through time. Panel B:

reproduction number (R(t)) through time. Panel C: frequencies of tips in each sample week in the phylogenies

used.

Appendix Figure A.11 shows the daily incremental changes in Google mobility and OxCGRT

index data through the spring months of 2020. Superimposed on each plot are the daily

incremental changes in median estimate of R(t) using mlesky.
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Figure 6.8 shows scatterplots of the daily incremental changes in covariates against incre-

mental changes in median R(t) estimated by mlesky. This is the ’post hoc’ analysis described

in 6.3.5.2. None of the correlations are significant to 5%.

The same correlation was tested after shifting R(t) forwards or backwards by 10 days; still

no significant correlations were found. These plots are displayed in the Appendix (Figures

A.12 and A.13).
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Figure 6.8 Scatterplot of the daily incremental changes in covariates against incremental changes in median

R(t) estimated by mlesky for England. Panels A-F display Google mobility data; panels G&H display OxCGRT

index data. Grey line shows least squares linear regression; coefficients are displayed top left of each panel. No

correlation was found to be significant to 5%.
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When including the covariate within the phylodynamic analysis (’joint’), several significant

associations appear. Figure 6.9 shows that positive daily changes in most Google mobility

measures are associated with negative changes in R(t), demonstrated by the negative distribu-

tion of coefficients. The exception is residential movement, which has positively association

with transmission, although the 95% quantiles overlap with 0.

Government interventions, measured by both containment health and stringency indices, are

both negatively associated with R(t) (Figure 6.10).
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Figure 6.9 Distribution of beta coefficients when testing for univariate association between Google mobility

and changes in effective population size estimated in mlesky. Boxes represent median and interquartile range;

whiskers denote 95% quantiles.
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Figure 6.10 Distribution of beta coefficients when testing for univariate association between daily changes

in OxCGRT indices and daily changes in effective population size (i.e. growth rate) in England estimated in

mlesky. Boxes represent median and interquartile range; whiskers denote 95% quantiles.

Figure 6.11 shows the effect of introducing delays in the covariate time series for the OxCGRT

Containment and Health index. The effect size of the coefficient has the largest negative

value when introducing a time delay of 8 days; that is the association between the index at

time t and R at time t +8. When the delay is the other way round (i.e. changes in R precede

those in NPI by 8 days), the association becomes non-significant.
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Figure 6.11 Distribution of beta coefficients when testing for univariate association between daily changes in

OxCGRT health containment index and daily changes in effective population size (i.e. growth rate) in England

estimated in mlesky. Boxes represent median and interquartile range; whiskers denote 95% quantiles. A positive

delay of 10 represents testing an association between the covariate at time t and R at time t +10 days.

Including covariates with the ’joint’ estimation method made little difference to the me-

dian estimated epidemic trajectories, but greatly reduced uncertainty in R(t) through time

(Appendix Figure A.14).
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6.4.2 Case study B: Leicester during the spring and summer of 2020

Figure 6.12 shows the results of phylodynamic analysis with skygrowth and mlesky without

covariates in Leicester, when sampling 70% of sequences during the spring and summer

months. There is good concordance in central estimates between the two analyses; mlesky has

greater uncertainty, particularly in the more recent past. The skygrowth and mlesky analyses

estimate the peak of infections to have occurred on 11th June and 12th June respectively.

They both also estimate that R(t) surpasses and falls below 1 repeatedly throughout the

period. Note that this plot is cropped in mid August, although simulations continued until

the end of August; this is because uncertainty in estimates grew two orders of magnitude in

late August and displaying it compressed the axes and obscured the mid-year dynamics.

Both skygrowth and mlesky estimated a peak in cases in late April which was followed two

weeks later by a peak in confirmed cases in mid May (PHE). Both methods later estimated a

peak in early June, which was followed around a week later by a peak in confirmed cases.

This latter peak is what led to the local lockdown in Leicester.
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Figure 6.12 The epidemiological trajectory of SARS-CoV-2 in Leicester during the spring and summer months

of 2020, using 70% of available sequences. Thick solid lines and shaded areas represent median and 95%

quantiles respectively, estimated by skygrowth (purple) and mlesky (green). The black dotted lines show

confirmed cases in Leicester according to PHE (smoothed and rescaled). Red shaded areas represent the first

national lockdown in England and local lockdown in Leicester. Panel A: effective population size (Ne(t))
through time. Panel B: reproduction number (R(t)) through time. Panel C: frequencies of tips in each sample

week in the phylogenies used.
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Figure 6.13 shows the results of phylodynamic analysis with skygrowth without covariates in

Leicester, using different fractions of sampling. Most sequences were sampled in June, due

to the increased local testing following an outbreak in the city. A peak in viral population size

is clearly detected for any sampling fraction above 5%, however increased sampling fractions

were strongly associated with higher estimates of Ne and higher variance in reproduction

number.
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Figure 6.13 The epidemiological trajectory of SARS-CoV-2 in Leicester during the spring and summer months

of 2020. Thick solid lines and thin dashed lines represent median and 95% quantiles respectively, estimated

by skygrowth. Colour represents the fraction of samples analysed, ranging from 5% at the lowest (purple)

to 70% at the highest (green). Legend displays sampling fraction and number of tips per alignment and tree.

Red shaded areas represent the first national lockdown in England and local lockdown in Leicester. Panel A:

effective population size (Ne(t)) through time. Panel B: reproduction number (R(t)) through time. Panel C:

frequencies of tips in each sample week in the phylogenies used.
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Figure 6.14 shows the equivalent plot for mlesky, but cropped to the beginning of July, and

only for sampling fractions of 30% and above. The full plot is available in the Appendix

(Figure A.15); the very large uncertainty intervals for the recent past and smaller sampling

fractions obscure the patterns in viral population size dynamics. Similar to skygrowth,

increased sampling fractions were associated with higher estimates of Ne. The peak in viral

population size is observable at all sampling fractions (Figure A.16).
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Figure 6.14 The epidemiological trajectory of SARS-CoV-2 in Leicester during the spring and summer months

of 2020, cropped to the beginning of July, and only for sampling fractions of 30% and above. Thick solid lines

and thin dashed lines represent median and 95% quantiles respectively, estimated by mlesky. Colour represents

the fraction of samples analysed, ranging from 30% at the lowest (purple) to 70% at the highest (green). Legend

displays sampling fraction and number of tips per alignment and tree. Red shaded areas represent the first

national lockdown in England and local lockdown in Leicester. Panel A: effective population size (Ne(t))
through time. Panel B: reproduction number (R(t)) through time. Panel C: frequencies of tips in each sample

week in the phylogenies used.

Figure 6.15 shows the tests for correlation between daily incremental changes in covariates

and in R(t). There are no significant correlations to 5%.
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Figure 6.15 Scatterplot of the daily incremental changes in covariates in Leicester against incremental changes

in median R(t) estimated by mlesky at 70% sampling. Panels A-F display Google mobility data; panels G&H

display OxCGRT index data. Grey line shows least squares linear regression; coefficients are displayed top left

of each panel. No correlation was found to be significant to 5%.

Figures 6.16 and 6.17 show no significant associations when including the covariate within

the phylodynamic analysis (’joint’) with mlesky, for either Google mobility or OxCGRT

indices.
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Figure 6.16 Distribution of beta coefficients when testing for univariate association between Google mobility

and growth rate in Leicester (70% sampling), estimated with mlesky. Boxes represent median and interquartile

range; whiskers denote 95% quantiles.
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Figure 6.17 Distribution of beta coefficients when testing for univariate association between daily changes in

OxCGRT indices and daily changes in effective population size (i.e. growth rate) in Leicester (70% sampling),

estimated with mlesky. Boxes represent median and interquartile range; whiskers denote 95% quantiles.

In summary, for case study B (Leicester), no associations were found with either method

between movement or NPIs against viral transmission. Including covariates with the ’joint’

estimation method slightly changed the estimated epidemic trajectory but made no qualitative

difference.

The lack of significance in this study is perhaps not unexpected. As there were very few

sequences in Leicester in March 2020, this analysis mostly covered the months of April

to June 2020 inclusive. This analysis therefore begins with strong restrictions already in

place. Testing associations between changing stringency and viral transmission is therefore

expected to generate a less significant result compared to case study A, which spanned a

period with great variance in stringency (late January to late April).

6.4.3 Case study C: England during the winter of 2020-2021

The estimated epidemic trajectories are shown in Figure 6.18. Both models have strong

agreement, estimating a small peak on October 23rd 2020, and a larger peak on 27th

December 2020 (skygrowth) and 30th December 2020 (mlesky). Daily confirmed cases

peaked on 7th November and January 4th, after smoothing data from PHE. The peaks in Ne

therefore precede confirmed cases by 15 days for the first peak, and 5 - 8 days for the second

peak.
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Figure 6.18 The epidemiological trajectory of SARS-CoV-2 in England during the 2020-2021 winter period.

Thick solid lines and shaded areas represent median and 95% quantiles respectively, estimated by mlesky
(green) and skygrowth (purple). The black dashed line represents daily confirmed cases from PHE (smoothed

and rescaled). Red shaded areas represent periods of lockdowns and tier systems; a darker box reflects more

strict restrictions. Panel A: effective population size (Ne(t)) through time. Panel B: reproduction number (R(t))
through time. Panel C: frequencies of tips in each sample week in the phylogenies used.

Figure 6.19 shows the scatterplot of daily incremental changes in covariates and R(t) esti-

mated by mlesky. There was a significant negative correlation for the residential mobility

covariate, suggesting an association between changes in residential mobility and changes in

R(t).
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Figure 6.19 Scatterplot of the daily incremental changes in covariates against incremental changes in median

R(t) estimated by mlesky for England during the winter period. Panels A-F display Google mobility data; panels

G&H display OxCGRT index data. The lines show least squares linear regression; coefficients are displayed

top left of each panel. The red line shows a significant correlation for residential mobility.

Figure 6.20 shows the association between the presence of lockdowns and second order

changes in Ne (i.e. rate of change of growth rate). Although the 95% confidence interval for

both lockdowns overlapped with 0 suggesting a non-significant effect, the central estimate

was more negative for lockdown 3.
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Figure 6.20 Distribution of beta coefficients when testing for multivariate association between presence of

lockdowns 2 and 3 against second order changes in effective population size estimated in mlesky. Boxes

represent median and interquartile range; whiskers denote 95% quantiles.

Including covariates with the ’joint’ estimation method slightly changed the estimated

epidemic trajectory but made no qualitative difference.

6.4.4 Case study D: Variant of concern B.1.1.7

Figure 6.21 shows the trajectories of lineage B.1.1.7 compared to samples from B.1.177

and other lineages (control), matched by location and week. Frequency of B.1.1.7 grows

rapidly from the end of October 2020 to become the dominant strain by the end of the year.

The trajectories of reproduction number for each lineage are very similar, but is consistently

higher for B.1.1.7 throughout the period studied: between 5th November 2020 and 23rd

January 2021, R(t) for B.1.1.7 was 39.8% (daily median, 95% CI: 5.4-70.3) higher than that

of the control group. Reproduction number for B.1.1.7 only dips below 1 during the third

lockdown.
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Figure 6.21 The epidemiological trajectories of 2 lineages (B.1.1.7 and B.1.177) of SARS-CoV-2, as well

as a control group including samples from any lineage outside of B.1.1.7, in England during the 2020-2021

winter period. Thick solid lines and shaded areas represent median and 95% quantiles respectively, estimated

by mlesky. B.1.1.7, B.1.177 and control group are shown in green, orange and purple respectively. Red shaded

areas represent periods of lockdowns and tier systems; a darker box reflects more strict restrictions. Panel A:

effective population size (Ne(t)) through time. Panel B: reproduction number (R(t)) through time. Panel C:

frequencies of tips in each sample week in the phylogenies used.

Figure 6.22 shows that effective population size of the B.1.1.7 lineage, as estimated from

genomic data with mlesky, is associated with independent estimates of SGTF, producing a

robust cross-validation of the phylodynamic results. Figures A.18 and A.19 in the Appendix

show the equivalent plots with B.1.177 and control lineages respectively; the effective

population size of neither of these two show any association with SGTF.
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Figure 6.22 Effective population size of B.1.1.7 estimated by mlesky compared to TPP-corrected estimates of

SGTF by epiweek.

Figure 6.23 shows the association between changes in mobility estimated by Google and

reproduction number estimated through mlesky. Most associations have a significant negative

coefficient, suggesting that mobility is associated with a reduction in transmission. The

exception is for workplace mobility, which is positively associated with transmission. The

sign of the coefficients is the same for each lineage, although B.1.1.7 always has a larger

absolute central estimate.

It is important to note that mobility data was smoothed using loess with a parameter of

4%. As shown in Figure 6.5 with the blue lines, this closely resembles the trajectory

of the noisy untransformed data (black lines). I performed a sensitivity analysis on this
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assumption, by repeating the analysis with a smoothing parameter of 20%. This produces

highly contrasting results, shown in Appendix Figure A.20, where the sign of the coefficients

for almost all associations are reversed (with the exception of "Grocery and pharmacy"). It is

therefore difficult to draw strong conclusions on the association between mobility and viral

transmission.
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Figure 6.23 Distribution of beta coefficients when testing for univariate association between changes in mobility

estimated by Google and reproduction number estimated in mlesky. Boxes represent median and interquartile

range; whiskers denote 95% quantiles. Lineages B.1.1.7, B.1.177 and control are shown in green, orange and

purple boxes respectively.

Figure 6.24 shows associations between presence of the winter lockdowns and the second

order changes in effective population size. The coefficients are all negative for every as-

sociation, suggesting lockdown is associated with a reduction in growth rate every day.

The median coefficient value is lower for lockdown 3 than for lockdown 2 for B.1.177 and

control lineages, the same pattern observed when investigating all lineages (see Figure 6.20).

Further, for lockdown 3, the 95% CI do not overlap with zero for these two groups, forming

a significant association. For these groups therefore, lockdown 3 has a more significant

association with decreased transmission than lockdown 2. This pattern is not repeated for

B.1.1.7, where neither lockdown forms a significant association with changes in growth

rates. The median coefficient is more negative for lockdown 2, but B.1.1.7 was still at low

frequency during much of this period (see Figure 6.21), thus rendering growth rate estimates
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more uncertain. Unlike the two other groups, the B.1.1.7 95% CI overlaps with zero for

lockdown 3, suggesting that this lockdown was not as effective in slowing B.1.1.7 as the

others. Indeed it is probable that the effect of B.1.1.7 could have prevented a significant

association between lockdown 3 and the daily change of growth rates of "All" lineages in the

previous case study (Figure 6.20).
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Figure 6.24 Distribution of beta coefficients when testing for multivariate association between presence of

lockdowns 2 and 3 against second order changes in effective population size estimated in mlesky. Boxes

represent median and interquartile range; whiskers denote 95% quantiles. Lineages B.1.1.7, B.1.177 and control

are shown in green, orange and purple boxes respectively.

Figure 6.25 shows the associations of daily changes in OxCGRT indices against growth rate.

For B.1.177 and control linages, the association is negative and significant for both indices,
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with no overlap of the 95% CI and 0. For B.1.1.7, the associations are negative, but the effect

size is smaller and overlaps with 0.

Containment index Stringency index

−20

−10

0

be
ta

Lineage B.1.1.7 B.1.177 Control

Figure 6.25 Distribution of beta coefficients when testing for univariate association between daily changes in

OxCGRT indices and daily changes in effective population size (i.e. growth rate) estimated in mlesky. Boxes

represent median and interquartile range; whiskers denote 95% quantiles. Lineages B.1.1.7, B.1.177 and control

are shown in green, orange and purple boxes respectively.

Figure 6.26 shows the effect of introducing delays in the covariate time series for the OxCGRT

Containment and Health index. For B.1.1.7 the effect size of the coefficient has the largest

negative value with a time delay of 10-12 days; that is the association between the index at

time t and R at time t +10 or t +12. When the delay is the other way round (i.e. changes in

R precede those in NPI by 8 days), the association becomes non-significant. For the control

lineage, the greatest effect size is found with a delay between 8-22 days.
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Figure A.21 shows a sensitivity analysis using a loess parameter of 4% (as opposed to 20%

in the main analysis). This introduces a lot more noise in the coefficient estimates (due to

more temporal variance in the covariate), but the results are not qualitatively different: for

both B.1.1.7 and control, the greatest significant negative effect sizes are found at 14-16 days

delay.
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Figure 6.26 Distribution of beta coefficients when testing for univariate association between daily changes in

OxCGRT health containment index and daily changes in effective population size (i.e. growth rate) in England

estimated in mlesky. Boxes represent median and interquartile range; whiskers denote 95% quantiles. A positive

time delay of 10 days represents testing an association between the covariate at time t and R at time t +10 days.

Lineages B.1.1.7 and control are shown in green and purple boxes respectively.

Including covariates with the ’joint’ estimation method slightly changed the estimated

epidemic trajectory but made no qualitative difference.

6.5 Discussion

6.5.1 The reliability of phylodynamic modelling for SARS-CoV-2

6.5.1.1 Robustness and corroboration from testing

In this chapter, I aimed to evaluate the epidemic trajectories of SARS-CoV-2 in England at

different time periods and geographical levels, using non-parametric phylodynamic modelling.

Further, I aimed to explore associations between viral transmission and non-pharmaceutical

interventions, summarised as various covariates.
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I used two phylodynamic models to estimate trajectories: mlesky and skygrowth. Where both

models were used on the same phylogenies, the central estimates of Ne(t) and R(t) were

remarkably similar, although the extent of uncertainty differed according to the particular

analysis. This concordance added confidence in the reliability of the results and methods.

When fitting phylodynamic models purely to genomic data, epidemic peaks were always

clearly defined and observable. Indeed both models predicted epidemic peaks within days of

each other for every case study, sometimes estimating them to have occurred on the same

day. Further, these estimated peaks preceded the peak in confirmed cases as reported by

PHE by several days; this is consistent with delays in symptom onset and reporting. In

Leicester, epidemic peaks became less clearly observable with smaller fractions of sequences

included in the analysis; where there was less than 10% sampling the peak was unobservable.

Historical reconstruction of SARS-CoV-2 epidemic trajectories using these phylodynamic

models is therefore reliable on both a national and regional level, maintaining consistency

with surveillance case data, but only when sufficient numbers of sequences are included.

6.5.1.2 Added evidence from analyses by lineage

Fundamental to the theoretical framework of phylodynamics is the incorporation of genetic

information for the inference of epidemiological parameters. As such, phylodynamics is very

well placed to explore these parameters for distinct viral lineages. By fitting phylodynamic

models to phylogenies composed of different lineages, I could compare growth rates between

them and against independent epidemiological data.

I found that B.1.1.7 grew significantly faster than other lineages, with an increased fitness of

around 40%, during the period between 15th October 2021 and 1st February 2021. This was

corroborated by other phylodynamic and statistical analyses [101], conducted by colleagues

in parallel to my analysis. A renewal equation based approach estimated that B.1.1.7 had an

increased fitness of 89% (95% CrI 43–165), but it was time dependent, decreasing to 54%

(95% CrI 34–82) by mid January 2021. Fitting a semi-mechanistic model to TPP-adjusted

SGTF frequencies, they estimated an increased fitness of 79% (95% CI 22-149), declining to

around 50% by mid January 2021. My estimate for the added fitness of B.1.1.7 is consistent

with the estimates from these two other analyses in later periods (i.e. from mid January 2021

onwards). The unique value of phylodynamic modelling is here evident, having fitted models

solely to genomic data.
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Further evidence that B.1.1.7 had faster transmission was the observed dominance of the

lineage several months after the completion of this analysis in Europe, the US and elsewhere

[412].

Even more strikingly, my estimated effective population sizes were reliable to a high temporal

precision. Figure 6.22 is a plot of effective population size of B.1.1.7 against S-gene target

failure, an independent proxy for B.1.1.7 frequency. The very strong relationship between

the two measures is clear, and even as Ne begins to decline in week 56 so too does SGTF.

The equivalent plots for the B.1.177 and control lineages (Figures A.18 and A.19) show no

relationship at all. Phylodynamic modelling is therefore highly effective at estimating viral

frequencies by lineage through time, to a precision of at least a week, when benefiting from

high throughput and approximately random genomic sampling from the community.

6.5.1.3 Phylodynamic reconstruction is robust to using global ML tree

As described in Section 6.3.4, global maximum-likelihood trees were routinely produced

in the daily pipeline when each new set of new samples was added to the database. To

obtain trees for phylodynamic analysis, I used this global tree and simply kept the tips

of interest while dropping the rest. This maintained genetic distances between samples

while avoiding the computationally expensive task of re-estimating thousands of trees. To

check whether results are affected by this step, I performed a sensitivity analysis where I

re-computed the maximum-likelihood tree from scratch using IQTREE. Figure A.17 shows

that the epidemiology trajectories are nearly indistinguishable as a result, and therefore that

the economising of computational resources was justified. More importantly, it suggests that

if results from future phylodynamic modelling are urgent, for example regarding an emergent

variant of concern, the time-consuming step of ML tree reconstruction can be avoided if the

tips are already represented in a global tree.

6.5.2 Impact of NPIs

A secondary aim of this chapter was to evaluate the impact of lockdown and other NPIs on

SARS-CoV-2 transmission. Before exploring any causal effects, first correlations must be

established. As described in Section 6.3.5.2, I used two approaches to estimate the association

between NPI covariates and viral transmission.
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6.5.2.1 How do we best evaluate association between NPI and viral transmission?

The post hoc approach involved first estimating the viral epidemic trajectory fitting solely to

phylogenies. This trajectory was then assumed to be the ’true’ data against which covariates

were fitted in a linear model. The effect size and significance of the coefficient were estimated

to explore whether there was any association.

Broadly, the post hoc method generated very few clear associations. That is, the absolute

values of the coefficients (and r-squared values) were close to zero, and only one of any

covariate in any case study was found to be significant to 5%. Although this significance

threshold is arbitrary, the majority of p-values evaluated exceeded 30%, indicating that

associations can be rejected with reasonable confidence. Indeed, I present 24 individual

analyses using the post hoc method (3 case studies with 8 covariates); there is therefore an

expectation of one association emerging at random, assuming a 5% probability. The post hoc
method therefore did not succeed in discovering any consistent associations between NPI

and viral transmission.

However, in the analyses presented with the post hoc method, I had fitted a linear regression

against daily incremental changes in covariate and R(t). It is possible that such short time

increments created a lot of noise, and genetic data will not allow detection of short term

changes in growth rates. The signal may be easier to detect within the noise if the time

increments were increased, although the time increment should be chosen algorithmically.

This will feature as future work described in Chapter 7.

The joint estimation method, however, produced many significant associations. For the post
hoc method, the coefficient of linear regression describes the slope of fitted covariates against

median estimated R(t) across all trees. Phylogenetic uncertainty is therefore unaccounted

for when using only the median trajectory. The β in the joint method represents the fitted

estimate of beta which produces the most likely expectation in the Markov Chain when

smoothing the trajectory of effective population sizes. This fitting process also optimises

for different trajectories of Ne(t), and therefore R(t), although I found that these were

only slightly different from trajectories estimated without covariates. Crucially, this joint

optimisation step was carried out for each analysis (each tree) individually, such that the

distribution of β values captures phylogenetic uncertainty.

A further benefit of the joint method is that binary variables can be included as covariates, and

their associations with transmission can be therefore explored. The joint method is therefore,

on balance, better at discovering associations of covariates with epidemic trajectories, as well

as enabling the evaluation of phylogenetic uncertainty.
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6.5.2.2 Did stricter restrictions control the virus better?

As described in Section 6.2.4, the OxCGRT was the most prominent attempt to quantify

governmental response to COVID-19, and provided an excellent continuous covariate to

implement into phylodynamic analysis, including all kinds of non-pharmaceutical interven-

tions. My analyses found that, on a national scale, increased restriction stringency was

strongly associated with decreased viral transmission. For example, during the first wave,

both the ’Containment Health index’ and ’Stringency index’ [214] produced a distribution

of β coefficients of negative values, for which the 95% quantiles did not overlap with zero

(Figure 6.10).

The causal relationship is however very difficult to determine: although it is intuitive that

viral transmission decreased because of enforced reduction in contacts, it is also clear that UK

government stringency increased as a response to rising cases and hospitalisations. Causality

is therefore likely to be bi-directional (or mutually re-enforcing). Nevertheless, introducing

delays into the analyses can increase confidence in the claim that restrictions decreased

transmission. For the first wave in England, the association was strongest when I tested

changes in restrictions against reproduction number 8 days later (Figure 6.11). If several days

are required for government policy to be implemented and for the public to respond, then this

makes intuitive sense. Conversely, when I tested association between changes in restriction

and reproduction number 8 days before, the 95% quantiles of the β distribution overlapped

with zero. This result strongly adds weight to the argument that restrictions decrease viral

transmission after several days.

When analysing the winter period (lockdowns 2 and 3), a similar pattern emerges (Figure

6.25). There was a negative association between both OxCGRT indices and viral transmission.

The only lineage for which the β coefficient distribution overlapped with zero was for B.1.1.7.

It is possible that this effect is due to the higher transmissibility of this lineage [101]. However,

once again, the introduction of time delays produced a stronger negative association, even

for B.1.1.7 (Figure 6.26). The association is most negative when changes in restriction are

associated with growth rate 12 days later, and overlap with zero when association with growth

rate 12 days earlier. This result is highly encouraging, and adds to the intuitive conclusion

that interventions can reduce viral transmission.

The sensitivity analysis shown in Figure A.21 repeats the analysis investigating time delays

in health containment index and growth rates of B.1.1.7 and control, except with a smaller

smoothing parameter value (4% instead of 20%) for the covariate. The results are qualitatively

identical, adding robustness to the conclusions.
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For the local analysis in Leicester, however, no significant associations were found. It is

unclear whether the brief spike in Leicester was really due to increased transmission, or

rather due to imported cases from other regions. It is possible therefore that the local outbreak

could have run its course without the need of a local lockdown. Alternatively, the lack of

association could be due to the data I used. As discussed in Section 6.3.1, the OxCGRT data

was only available on a national level. Indeed it was the unique local lockdown in Leicester

that motivated my exploration of this region, and the local restrictions were not reflected in

the national OxCGRT covariate data. As such, no strong conclusions regarding the efficacy

of local lockdowns can be made in this case.

6.5.2.3 Did movement correlate with transmission?

During the first wave in England, mobility was generally negatively associated with transmis-

sion, with the exception of ’residential’ (Figure 6.9). However, the early months reflected

very sparse non-random sampling, mostly from hospital samples. As a result, phylodynamic

reconstruction of the epidemic beginning is perhaps less reliable than other time periods.

Nevertheless, residential movement may indeed have been associated with more transmission.

A prospective case ascertained study estimated a secondary attack rate of 37% (95% CI

31–43%) in UK households [452], which increased in smaller households; globally, a sys-

tematic review and meta analysis estimated secondary attack rates in households to be 16.6%

[453]. Prior to the widespread messaging of self-isolation and recognition of COVID-19

related symptoms, household transmission may have represented an important portion of

early transmission.

Regarding the other types of mobility, the negative associations of other mobility with trans-

mission may simply be a confounding of the positive association of residential mobility. For

example, increased park mobility may not be itself associated with reduced viral transmission,

but rather it is associated with reduced household mobility (itself associated with transmis-

sion), as people cannot be in two places at once. Indeed, Figure 6.1 clearly shows that as

other types of mobility decrease around the time of the first national lockdown, residential

movement follows the opposite pattern, as people spend more time near their homes.

During the winter period in England, most mobility types are negatively associated with

transmission. The exception here is workplace mobility which was positively associated.

This pattern was identical for all lineages explored (Figure 6.23), including for B.1.1.7 whose

trajectory was entirely different to B.1.177 and control (Figure 6.21). By this period of

the epidemic, after many months of messaging and lockdowns, movement had massively
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decreased overall [454]. Further, non-essential retail, pubs, restaurants were all closed during

these months thereby limiting opportunity for infection in those venues. It is plausible

therefore that most transmissions took place in workplaces. Again, the negative associations

with other forms of mobility may simply be confounded by less movement in the workplace.

On the other hand, secondary attack rate for B.1.1.7 is estimated to be higher in households

[418]. Therefore, a greater association between residential movement and viral transmission

was expected during the winter period, which was not borne out by my analysis.

On top of issues with confounding variables, another complication is that the degree of

smoothing applied to the highly noisy mobility data has a highly significant impact on

the results. Figure A.20 shows that by assuming a different smoothing parameter, central

tendency of the β coefficient switches sign for most forms of mobility, qualitatively changing

the interpretation. This sensitivity makes drawing strong conclusions on the association of

mobility and transmission highly problematic, and more in-depth tuning of the smoothing

would be required to produce results with more confidence. It is important to re-iterate that

as discussed in the previous subsection, varying smoothing of the OxCGRT data did not

qualitatively change the results.

For the local analysis in Leicester, no form of mobility was found to be associated with

viral transmission. Indeed, no associations of any kind were found between any covariate

and growth rate in Leicester. One reason could be that due to small data sets, mlesky
produced reasonably wide uncertainty intervals. Even at 70% sampling, there were only

1,058 sequences, whereas for the national analyses there were 5,000 and 3,000 for the spring

and winter waves respectively (see Table 6.1). Furthermore, despite smaller data sets, the

time period analysed was up to twice as long as other case studies, e.g. around 6 months in

Leicester vs. around 3 months for the first wave in England. This has the effect of "spreading

thin" the data and increasing uncertainty. Indeed to produce readable plots (e.g. Figure 6.12),

the effective population size is plotted on a log scale, which makes this uncertainty less

obvious. As a result of this longer time period, variance in mobility is smaller over time in

Leicester compared to other case studies, particularly after smoothing. This could also serve

to reduce any signal when testing for associations. Indeed the largest change in mobility

in Leicester occurred in late March and early April following the first national lockdown

(Figure 6.3), a period which coincides with sparse sampling and large uncertainty bounds in

the phylodynamic analysis (Figure 6.12). As a result, the signal which would most likely

lead to association with viral transmission is occluded by this uncertainty.

In summary, the associations between mobility and transmission are highly variable through-

out the year. The interpretation of these associations must be conducted with caution, due
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to the nature of confounding of other variables, sparse sampling causing large uncertainty,

and because the results are highly sensitive to the degree of smoothing of the noisy covariate

data.

6.5.2.4 Was lockdown 3 more effective than lockdown 2?

Finally I tested the association of lockdowns on transmission when coded as binary variables.

This analysis was conducted for lockdown 2 and 3 together as a multivariate analysis. When

analysing all lineages during the winter period, the 95% quantiles of the distribution of β
coefficients overlapped with zero for both lockdowns, although the central tendency was

positive for lockdown 2 and negative for lockdown 3. When exploring the differences by

lineage, there was no overlap with zero for lockdown 3, except for B.1.1.7.

As B.1.1.7 is very likely to be more transmissible [101], this result makes intuitive sense:

this lineage was less impacted by the strict third lockdown than others. However, the

interpretation of these results is not so simple. Because of the binary nature of covariate,

the association measured in this analysis is between the presence/absence of lockdown and

the second-order changes in effective population size, which is equivalent to the rate of

change of the growth rate (see Section 6.3.5). It is not trivial to interpret the meaning of

such an association, and the aforementioned analyses which test associations with the growth

rate itself are more illuminating. Despite this, the direction of the result is intuitive and

encouraging, as it corroborates the widespread understanding that lockdown 3 was more

stringent than lockdown 2 [455].

6.5.3 Limitations

Beyond the limitations particular to each individual analysis, some broader limitations

emerge. Generally, imperfect availability and sampling strategies of genomic sequences are

issues which incur the greatest limitations.

The COVID-19 epidemic in England, as elsewhere, is defined by high heterogeneity in the

number of weekly cases. On the December 29th 2020, at the height of the second wave, there

were around 72,500 cases reported in England; on 12th April 2021 after months of lockdown

and widespread vaccinations, the daily case count was below 1,000 [386]. Although COG-

UK’s mission is to maintain high sequencing throughput all year round, sampling intensity

through time may depend on viral population size: during periods of low burden there are few

cases from which to achieve the desired number of samples. As the precision of estimates
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of effective population size inference can depend strongly on sampling intensity [456], our

results could be impacted by this effect. Pillar 2 sampling has however been found to agree

strongly with independent, designed surveys of prevalence, i.e. from REACT-1, REACT-2

and the Office for National Statistics [457, 458]. This provides confidence that pillar 2

sampling is approximately random.

However, early on in the epidemic when widespread sequencing was not available, samples

tended to be sparse and derived from hospitals rather than from the community. These samples

are likely to be biased towards severe cases and older patients. As a result, phylodynamic

reconstruction of these periods can be less reliable, reflected in wider uncertainty intervals,

as was the case in Leicester in March. Further, testing associations of covariates with viral

transmission during periods of sparse sampling is likely to be difficult.

Related to this, the number of sequences over time may constitute another potential sampling

bias and therefore a limitation. It is very likely that sampling intensity varied through

time; in particular early in the epidemic sampling intensity was likely to be lower due to

a weaker sequencing infrastructure. This could have been accounted for by using novel

epoch sampling methods [456], or by including number of sequences per grid point as

a covariate in the analysis. The number of sequences broadly increased through time in

the early months of 2020 (case study A), in similar fashion to the intensity of NPIs as

summarised in the OxCGRT index (Figure 6.2). Implementing number of sequences per grid

point as a covariate is therefore likely to lead to similar associations as those observed when

implementing OxCRT indices as covariates.

Evolutionary rate may pose another limitation. If evolution occurs very quickly, then changes

in Ne may not be easily detectable and may be smoothed out.

The associations between NPIs and viral transmission depend not only on genomic sequence

availability, but also the quality of the NPI data. Although Google provided high resolution

information on movements of different types by region, associations of these with viral

transmission were highly sensitive to the degree of smoothing applied to the data. Very careful

sensitivity analyses must be explored before affirming strongly any kinds of association. On

the other hand, applying data which are too sparse, such as a binary variable describing

the presence or absence of lockdowns, brings about other problems in the interpretation of

results. A data set which balances these two concerns provides the best covariate with which

to test associations.
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6.5.4 Conclusions

This chapter has shown phylodynamic modelling to be an extremely powerful method for

producing epidemiological information from viral genomic data. The analyses described

in this chapter confirm that the high throughput sequencing of SARS-CoV-2 in England

throughout the epidemic has permitted high resolution and reliable phylodynamic analysis.

When comparing estimated trajectories against independent data, such as confirmed cases

or S-gene target failure, each analysis produces good insight into historical epidemiological

processes, including those of the recent past. Further, provided that appropriate care is applied

in interpretation, associations between governmental interventions and viral transmission can

be explored.

Phylodynamic modelling can produce estimates of growth rates with a quick turnaround,

particularly if the phylogenetic trees are already constructed. For real time COVID-19 re-

sponse, however, the limiting factor tends to be the availability of recent samples; by the time

that samples have been taken, sequenced and processed, the added value of phylodynamic

modelling for urgent response may have already expired. Efforts to reduce delays in the

production of available sequence data are highly encouraged to best exploit these methods.



Chapter 7

Discussion

7.1 Overview

In this thesis, I aimed to explore the impact of interventions on viral epidemics using

epidemiological and evolutionary models. To do this, I applied various modelling frameworks

to investigate the viral epidemics of HIV and SARS-CoV-2 in different contexts. Each

framework enables a different method for estimating the impact of pharmaceutical and

non-pharmaceutical interventions.

In the first section of this chapter, I summarise the contents of the previous chapters. I present

the main conclusions regarding the impact of interventions in each context, to demonstrate

how I met my research aims. I also mention significant publications and presentations of my

work.

Next, I explore the implications of my research in the context of the wider literature concern-

ing HIV and COVID-19 control respectively. In this section I also consider potential future

work.

In the following section, I extract and discuss key themes that run throughout all chapters,

allowing me to consider the strengths and limitations of each analysis, and their applicability

in each context.

Finally, I submit my final conclusions of this thesis.
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7.2 Summary of this work

Chapter 1 introduced background material for understanding the current state of research

prior to undertaking each analysis. I presented the global epidemiology and natural history

of the two viruses studied in this thesis (HIV and SARS-CoV-2), as well as interventions that

are commonly used to advance their control and minimise burden. Finally, I discussed the

various methods previously employed to assess the impact of these interventions.

Chapter 2 built the foundation for the transmission model analysis of HIV in Cotonou, Benin.

After providing the background of the local HIV epidemic, I summarised the available data

used to parameterise and fit the transmission model, whose development I described in the

following section. The fitted model provided the framework for the analyses in Chapter 3

and Chapter 4.

This chapter provided the first comprehensive summary of available demographic, epidemio-

logical, sexual behaviour and intervention data between 1993-2017 in Cotonou.

Significant elements of this chapter were featured in the supplementary materials in an article
with the following citation:

Geidelberg, L., Mitchell, K. M., Alary, M., Mboup, A., Béhanzin, L., Guédou, F., ... & Boily,
M. C. (2021). Mathematical Model Impact Analysis of a Real-Life Pre-exposure Prophylaxis
and Treatment-As-Prevention Study Among Female Sex Workers in Cotonou, Benin. Journal
of Acquired Immune Deficiency Syndromes, 86(2), e28.

Chapter 3 used the fitted model described in Chapter 2 to estimate the epidemic trajectory of

HIV in Cotonou, projected between 1986-2035. This trajectory suggested that the pharma-

ceutical and non-pharmaceutical interventions present before 2015 (e.g. ART and condoms,

respectively) were instrumental in controlling the HIV epidemic and diminishing incidence.

I also estimated the impact of the recent two-year PrEP/TasP demonstration study among

FSW, as well as long-term PrEP and TasP scale-up scenarios with varying adherence and

coverage. I concluded that while PrEP had greater impact among the FSW in the study, TasP

had a greater impact overall, mostly due to better observed uptake, adherence and retention.

I presented elements of this model analysis at CROI 2019, Seattle, Washington, United States.

A webcast of this talk can be found here:
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Wednesday, 11:45am 6th March 2019, Talk 99 (Theme: TESTING, VIRAL SUPPRESSION,

AND IMPACT) http://www.croiwebcasts.org/console/player/41202?mediaType=audio&

The full model analysis was published in the main text of the research article already

mentioned for Chapter 2 (Geidelberg, L. et al. 2021).

Chapter 4 explored the impact of COVID-19 on the HIV epidemic in Cotonou. I first de-

scribed the COVID-19 epidemic in Benin. Next, I detailed scenarios of potential disruptions

to already-present HIV interventions. Two of these scenarios were based on the available

data, and the others were exploratory. Using the fitted model from Chapter 2, I estimated

the impact of these scenarios on HIV transmission and deaths. I concluded that the most

likely real-life scenarios had modest impacts on HIV outcomes, but that key populations

were disproportionately affected. The exploratory scenarios highlighted the effectiveness of

condoms which, if interrupted, could cause significant increases in HIV incidence.

This model analysis formed half of a research article comparing the potential impact of

COVID-19 on HIV epidemiology in Yaoundé and Cotonou. The published article has the

following citation:

Silhol, R., Geidelberg, L., Mitchell, K. M., Mishra, S., Dimitrov, D., Bowring, A., ... & Boily,
M. C. (2021). Assessing the potential impact of disruptions due to COVID-19 on HIV among
key and lower-risk populations in the largest cities of Cameroon and Benin. Journal of
Acquired Immune Deficiency Syndromes, 87(3), 899.

Chapter 5 evaluated the impact of non-pharmaceutical interventions (NPIs) in response to

COVID-19 in Weifang, China. I estimated the epidemic trajectory using the model-based

phylodynamic method PhyDyn, which indicated that disease control (represented by R(t)
falling below 1) was achieved a few days after the imposition of strict NPIs. I also found

evidence from phylogenetic analysis that travel restrictions and contact tracing were effective

at limiting the number of importations of COVID-19 into Weifang.

This phylodynamic analysis was published with the following citation:

Geidelberg, L.., Boyd, O., Jorgensen, D., Siveroni, I., Nascimento, F. F., Johnson, R., ... &
Nie, Q. (2021). Genomic epidemiology of a densely sampled COVID-19 outbreak in China.
Virus evolution, 7(1), veaa102.
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Chapter 6 evaluated the impact of NPIs in response to COVID-19 in England. This chapter

was divided into four case studies focused on different time periods (spring 2020, summer

2020, winter 2021), regions (whole of England, Leicester), and genetic variants (B.1.1.7,

B.1.177 and control). I applied two non-parametric phylodynamic models (skygrowth and

mlesky) to estimate the epidemic trajectory of COVID-19 in each case study. I used three

proxies for summarising NPIs in England: lockdown as a binary variable, mobility as a

measure of travel restrictions (Google), and indices of stringency and containment (OxCGRT).

I used mlesky to explore the associations of these covariates with viral growth rates, and

concluded that in most cases, NPIs were associated with epidemic control. I found that the

variant of concern B.1.1.7 had 40% higher transmission than previously circulating lineages,

and was less impacted by NPIs.

Significant elements of this chapter are published or are in press; the specific details are as

follows.

Case study A investigated the epidemic trajectory and impact of NPIs during the first COVID-

19 wave in England in spring 2020. This analysis formed a significant real-world example

of application for the new mlesky method in a research article, currently under review. The

pre-print is available at the following link:

Xavier Didelot, Lily Geidelberg, The COVID-19 Genomics UK (COG-UK) consortium, and
Erik M Volz. “Model design for non-parametric phylodynamic inference and applications to
pathogen surveillance”. Pre-print available at:
https://www.biorxiv.org/content/10.1101/2021.01.18.427056v2

Case study D investigated the epidemic trajectory and impact of NPIs for COVID-19 in

England during the winter 2020-2021, and explored how this is affected by genetic lineage

(B.1.1.7, B.1.177 and control). Significant elements of this analysis were presented in an

article exploring the increased fitness of the B.1.1.7 lineage (e.g. Fig. 1b and 1c, Extended

Data Fig. 3).

Volz, E., Mishra, S., Chand, M., Barrett, J. C., Johnson, R., Geidelberg, L., ... & Ferguson, N.
M. (2021). Assessing transmissibility of SARS-CoV-2 lineage B. 1.1. 7 in England. Nature,
593(7858), 266-269.
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7.3 Implications for controlling HIV epidemics

Chapters 2, 3 and 4 of this thesis concern the HIV epidemic of Cotonou, Benin. In this

section I discuss the implications of these results in light of the wider literature on HIV

epidemic control.

7.3.1 Pharmaceutical interventions among FSW

The United Nations, together with UNAIDS and other partners, aimed to end AIDS as a

public health threat, as part of the Sustainable Development Goals [459]. They defined this

as a reduction of 90% in both new HIV infections and HIV-related deaths by 2030 compared

to 2010 [287]. It is widely understood that controlling the HIV epidemic will require a

combination of prevention tools, including voluntary male circumcision, changes to sexual

behaviour, needle exchange, condom use, PrEP and antiretroviral treatment as prevention,

among others [460]. Indeed, the pharmaceutical interventions considered in Chapter 3, PrEP

and TasP, are two potential options which can be introduced within a broader context of HIV

prevention tools [156].

I estimated that during the 2-year period of the PrEP/TasP study, PrEP prevented more

infections among professional FSW than TasP. However, when measured over 20 years, the

impact of TasP was higher among FSW than PrEP. Further, when considering impact in the

whole population of Cotonou, TasP was more impactful than PrEP both over 2 years and 20

years. The main reasons for this include better uptake, adherence and retention, as observed

in the study. Moreover, given that professional FSW have the highest HIV prevalence among

all groups in Cotonou, reducing their viral load with treatment confers significant protection

to their male partners which, over long time periods, will in turn protect other FSW and

low-risk women. Further to the study, in long term projections I estimated that 20-year

TasP interventions are also more impactful than PrEP ones. This model analysis in Cotonou

therefore suggests that TasP is preferable to PrEP for maximising impact among all groups.

This result is well replicated in previous studies. The impact of TasP, or of increased ART

eligibility for the purposes of prevention, has been estimated to have large impact on HIV

infections averted throughout Sub-Saharan Africa, including in South Africa [461, 462],

Nigeria [18], Kenya [463] and Zambia [464]. Presently, in many countries, all HIV-infected

individuals are eligible for ART [465], including in Benin [169]. TasP is therefore already a

current policy de facto. The impact results for TasP in my analyses support this decision, and

are consistent with the wider literature.
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Whether to include daily oral PrEP as part of the HIV prevention package in Cotonou,

however, remains a difficult question. As of 2021, PrEP is not widely available in any form

in Benin (expert opinion: Michel Alary, MD). Nevertheless, in 2015 the WHO recommended

the provision of PrEP to all at-risk groups [466], a policy which has been adopted into

national guidelines of most countries (including Benin [467]). Since then, the number of

users of daily oral PrEP has increased every year in all global regions, with the greatest

recent expansions in Africa [468]. With the advent of newer forms of PrEP, including the

long-acting injectable cabotegravir (CAB LA) and dapivirine vaginal ring (DPV-VR) [469],

the adoption of PrEP in some form is likely to continue and be considered in Sub-Saharan

African countries like Benin, with priority for key populations.

The impact analysis for PrEP among FSW in Cotonou therefore has important implications.

One of the key reasons for its modest estimated impact was that the observed adherence and

retention to daily oral PrEP of FSW in the study were poor [169]. These data were more

realistic than those observed for women in the clinical trials [284, 470, 161, 471]. Firstly,

the PrEP/TasP study was in a real-life setting for FSW, who were recruited by community

workers familiar with the population. FSW are at high risk of HIV acquisition, an example

of a key population who should be prioritised for PrEP according to WHO recommendations,

as compared to the relatively low-risk women recruited to the clinical trials. Secondly, the

measure of adherence was biological, using blood plasma concentrations of the active drug

tenofovir. Pill counts and self-reporting are more subject to biases and underreporting of

non-adherence, which was indeed an observation among the FSW in Cotonou [169, 275]. It

is reasonable to consider the observed data in Cotonou as close to a realistic possibility when

expanding PrEP to key populations in the community.

An important explanation for poor adherence and retention was the mobility of the women

in the study [169]. It has been long documented that the FSW of Cotonou have a diverse

background, with the majority being migrants from neighbouring countries in West Africa

[254]. They come to Cotonou where there is more custom and less severe sanctions on

sex work. However, they periodically return to their home nations either temporarily or

permanently. Moreover, many retire from sex work after only a few years. It is therefore

very difficult to maintain good adherence and retention to a daily oral PrEP programme for

such a mobile population. Unless indicators of long-term retention can be ascertained prior

to enrolment, the per capita impact is unlikely to be large.

One potential solution is the introduction of CAB LA, once it receives regulatory approval. It

has been demonstrated in a clinical trial (HPTN-084) in seven Sub-Saharan African countries

to be 89% (95% CI 68-96%) more effective at preventing HIV infection than daily oral PrEP
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among HIV-uninfected women [172], a difference attributed to the difficulty of adhering

to a daily oral regimen [472]. Indeed, as I discussed in Chapter 3, the ‘perfect adherence’

scenarios that I estimated can be interpreted as the impact of CAB LA. The impact of these

are around double those estimated for daily oral PrEP among FSW and overall, underscoring

a very important difference. If CAB LA is a solution to poor PrEP adherence among women,

then my analysis suggests that it would be a better option for FSW in Cotonou and in similar

settings.

There are however some important issues to consider. Although acceptability for long-acting

injectable PrEP seems high (>75%) in low-risk women from Zimbabwe and South Africa

(HPTN-076) [473], it is not certain that similar results would occur for high-risk women

such as FSW in Benin. Further, mobility may still pose problems. The half-life of CAB

LA is between 21-50 days [474], meaning repeat doses are required every 8-12 weeks. If

FSW in Cotonou are sporadically leaving the city, then returning to re-engage in sex work,

continued retention to the PrEP programme at the clinic may still be problematic. Even

with sure protection in the short to medium term, long term protection is still uncertain. It

would require data from real-world implementation studies to obtain a better picture of the

likely adherence and retention, and therefore of the likely impact of long-acting PrEP in this

context.

7.3.2 Continued focus on key populations

As discussed in Chapter 1, key populations are considered a good choice for HIV prevention

interventions, as they generally suffer a disproportionate burden of HIV [355]. Further,

resulting from patterns in sexual contact networks, HIV prevention among key populations

can prevent secondary transmission events, leading to more impactful interventions [475].

The results from the model analysis in Chapter 3 corroborated this effect. It is important

to remember that PrEP and TasP were only provided to FSW; in terms of HIV acquisition,

PrEP directly protects the individual users, while TasP only directly protects their partners.

As discussed earlier, when considering the long-term picture, TasP prevents more infections

than PrEP not only among clients and overall, but also among FSW themselves. This is a

striking result, which underscores the importance of secondary transmissions and the wider

sexual network.

There is further evidence from my analysis of the impact of COVID-19 on HIV epidemiology,

in Chapter 4. I estimated that the likely COVID-19 related disruption and impact was modest,

given the available data. However, this impact was not distributed evenly, and key populations
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such as FSW and clients were disproportionately affected by disruptions, particularly those to

condom use. These results suggest that priority should be made to maintain good condom use

and ART coverage among these key populations, to avoid the worst negative consequences

of current and future waves of COVID-19 in Benin. The decision to continue to focus on key

populations by UNAIDS and WHO is therefore strongly supported by this thesis.

7.3.3 Pharmaceutical vs. non-pharmaceutical interventions

Pharmaceutical interventions are an undoubtedly essential part of the HIV prevention toolkit.

It is nevertheless vital to remember that non-pharmaceutical interventions are also indis-

pensable; in some cases they are even more impactful. Following the international AIDS

conference in 2002, the recent advent of antiretroviral therapy was celebrated, and scientists

encouraged that it be expanded to the millions of HIV-infected individuals worldwide [476].

Despite this clamour, an editorial was published in Sexually Transmitted Infections in 2003,

warning about the diverted attention from primary prevention, and specifically about the

effectiveness of condoms [477]. They argued that although treatment is essential and should

be expanded, the international community must also focus on improved promotion of condom

use, and respond to obstacles to condom use, such as poor access, negative attitudes and

limited supply.

In the past 20 years, improvements in both condom use and ART coverage have been

observed. In Cotonou, condom use by FSW with their clients rose from around 65% of sex

acts in 1998, to 98% in 2015 [255, 259]. Condom use in low-risk populations increased from

around 4% of sex acts in 1998 to around 21% in 2011 [280, 478]. More recent estimates are

unavailable, although a descriptive cross-sectional analytical study in 2017 in Natitingou,

Benin, estimated condom use of high school students was around 40% [479], suggesting that

with the inflow of younger generations into sexually mixing populations, condom use is still

on the rise. Since its introduction in 2000, ART coverage has risen to a median estimate of

83% and 79% among FSW and overall respectively in 2017 [259, 342].

The epidemic trajectory presented in Chapter 3 suggests that, if the PrEP/TasP study had not

happened, HIV prevalence would continue to decline with the interventions already present,

decreasing by 82% from 2010 to 2030, approaching the UNAIDS goals for 2030. Although

the effects of ART are undeniable, so too is the impact of condom use; indeed a previous

study estimated that condom use prevented an estimated 62% (52–71%) and 33% (20–46%)

of HIV infections in Cotonou among FSWs and overall respectively, between 1993 and 2008

[50]. Moreover, my analysis in Chapter 4 demonstrated that any disruptions to condom use,
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particularly for commercial sex, would lead to greater increases in HIV infections compared

to any other disruption, including to viral suppression. There are large proportions of sex acts

still unprotected among many populations in Cotonou, and closing this gap would be a very

safe and inexpensive means to further control HIV. All of this evidence points towards the

fact that even twenty years later, the message published in Sexually Transmitted Infections

remains true: condom use must continue to be promoted, and access widened, even during

the excitement surrounding novel pharmaceutical interventions such as long acting PrEP or a

potential HIV vaccine.

Finally, in the last few years, there has been some discussion in the literature surrounding

structural interventions. A well-studied example was the Avahan initiative in India, which

focused on community and social mobilisation as a form of HIV prevention [480]. This in-

cluded activities such as crisis response, legal advice and representation, and the development

of groups for marginalised populations such as sex workers. Data from the initiative showed

that sexual violence and certain engagements with the police incurred risk of HIV infection

among FSW in India [481]. There are similar findings in Sub-Saharan Africa: a modelling

study of structural determinants for HIV risk estimated that eliminating police violence could

prevent 17% of infections in Kenya in the overall population [482]. The authors further

estimated that decriminalisation of sex work could prevent 33-46% of infections worldwide

over 10 years, by reducing incentive for police aggression towards illegal activities. The

COVID-19 pandemic period has seen exacerbation for the problems of violence [483] and

homelessness [484] in vulnerable communities. Although structural interventions are difficult

to measure, they should also be considered along with other non-pharmaceutical interventions

in the suite of HIV prevention tools.

7.3.4 Future work

There are several avenues of future research which could extend the implications of this

thesis.

Health policy decisions are not only concerned with impact, but also with the economic

implications of new interventions, particularly in resource-limited settings such as Sub-

Saharan Africa. A cost-effectiveness analysis is one way to evaluate interventions against

health opportunity costs. The dynamic transmission model is very well suited to be extended

to a cost-effectiveness analysis, as impact can be calculated in terms of infections averted or

DALYs averted, which are common outcomes in cost-effectiveness calculations.
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Although I found that broadly TasP had a higher impact than PrEP in the study, as well as in

long-term scenarios, this did not assess whether TasP represents the most cost-effective use

of available resources. Participation in the PrEP and TasP arms of the study incurs costs both

to the providers from diagnostics, drugs and healthcare worker salaries, and to the patients

for travel and the hours away from work. In collaboration with a colleague who estimated

these costs, including initiation and ongoing annual costs, the cost-effectiveness of the study

is currently being analysed. The results from this analysis could contribute further to any

policy implications, particularly if cost-effectiveness for long-acting PrEP and other more

recent interventions are estimated.

There is also an ongoing implementation study for PrEP among men who have sex with

men (MSM) in Cotonou [485], who were recruited in the second half of 2020. My model

described only the heterosexual population, but it could be extended to include MSM to

estimate the impact of this study or the scale-up of PrEP among this group of high-risk males.

Previous clinical trials have found much higher efficacy for oral PrEP among MSM compared

to women [486, 487], due to better adherence, and higher concentration of active tenofovir in

rectal tissues compared to vaginal tissues [488]. The results of the implementation study in

Benin, when available, could parameterise the model for likely PrEP coverage and adherence

for MSM, with which I could estimate its impact.

Finally, the same model-based phylodynamic analysis described in Chapter 5 could be

applied to the HIV epidemic of Cotonou. Before enrolling onto the TasP arm of the study in

Cotonou, the HIV-infected FSW were sequenced to check for any antiretroviral resistance

[169]. This yielded around 80 sequences among this key population. There are further

sequences publicly available from Cotonou on the Los Alamos National Laboratory HIV

sequence database from the mid-1990s until 2020 [489]. An analysis of the HIV epidemic in

Cotonou could be performed, providing an alternative estimate of the epidemic trajectory.

Comparing this with the results from Chapter 3 would be excellent independent corroboration

of the HIV epidemiology in Cotonou, and could be used to compare the applicability of

phylodynamics and dynamic transmission modelling in the same context.
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7.4 Implications for controlling COVID-19 epidemics

7.4.1 Impact of non-pharmaceutical interventions

Chapter 5 and Chapter 6 estimated the impact of non-pharmaceutical interventions (NPIs)

in Weifang and England respectively. Both analyses broadly suggested that the restrictions

imposed in each setting reduced viral transmission.

In Weifang, the majority of the confirmed COVID-19 cases identified (and the sequences)

were sampled after the imposition of a raft of restrictions, which included public health

messaging, establishing phone hotlines, encouraging home isolation for recent visitors from

Wuhan, optimising triage of suspected cases in hospitals, travel restrictions, extending school

closures, and establishing fever clinics for consultation and diagnosis [365]. All of these

restrictions came into effect between 23-27th January 2020; the last genomic sample was

taken on 10th February 2020.

Although a range of estimates of R0 for SARS-CoV-2 have been made from Chinese data

alone, with some estimating it to be below 2 [490] and some above 6 [491], one meta-analysis

pooled estimate was 3.32 (95% CI: 2.81-3.82) [379]. It is important to note that although I

set a prior R0 of around 4, sampling with a constant likelihood ended up with an unrealistic

posterior upper bound (over 10) for R0. When fitting to genomic data, my phylodynamic

analysis estimated that R0 was 3.4 (95% HPD: 2.1-5.2). This estimate therefore agrees well

with others in the literature for the Chinese epidemic.

I estimated that R(t) fell below one on 4th February 2020 in Weifang, soon after the re-

strictions came into force. By mid-February, no more confirmed cases appeared in Weifang

according to the local CDC. I further estimate that the true number of cases is only around 10

times more than what was confirmed by the health authorities, meaning there was no signifi-

cant unseen burden. Given that R0 was significantly above 1, and that there was no evidence

of depletion of susceptible people, it is reasonable to therefore conclude that COVID-19 was

fully controlled by these NPIs. The simultaneous applications of different restrictions mean

that their individual impacts are impossible to disentangle. It is therefore unclear from this

analysis which intervention, if any, could be removed while still maintaining control.

In England, there was already significant spread of SARS-CoV-2 in the community prior

to the imposition of severe restrictions: by the time lockdown began on 23rd March 2020,

5,585 cases and 331 deaths had been recorded in England [386], and they continued to rise

for several weeks. As of August 2021, there has never been a day of zero COVID-19 cases in

England since the beginning of the epidemic; it is therefore impossible to conclude that the
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NPIs eliminated viral transmission to the same extent as in Weifang. However, the results

from the four case studies of Chapter 6 do have implications for COVID-19 control.

Case studies A and C investigated spring 2020 and winter 2020-2021 in England respec-

tively. In both cases, there was a negative association between the stringency of restrictions

(OxCGRT) and viral growth rates, i.e. viral transmission was slower when stronger NPIs

were in place. As discussed in Chapter 6, as well as later in this chapter (section ‘Broader

themes’), an association does not demonstrate any patterns of causality. However, when

introducing delays in the OxCGRT index time series, the strongest associations appear when

viral transmission is compared to NPIs several days earlier. There is therefore more evidence

that increasing stringency in NPI will lead to slower viral transmission, and less evidence

for the opposite causal link. This has considerable implications for COVID-19 policy, given

that severe restrictions can be justified only if there is evidence that they successfully reduce

transmission.

One previous study estimated the impact of the tier system in England on transmission

between the first and second lockdowns [433]. They estimated R(t) at each Lower Tier Local

Authority (LTLA) level, before and after the implementation of the restrictions, by fitting a

semi-mechanistic Bayesian model to observed cases, deaths and serology data [492]. They

observed a decline in R(t) from mean 1.3 to 1.1, but did not attribute all reduction to the

tier system. Using a hierarchical Bayesian model, they found that areas with more stringent

restrictions saw a greater reduction in viral transmission. The findings from my analysis,

when testing associations with the OxCGRT indices, are therefore consistent with this study.

Several other studies concluded that reproduction number could not be brought below 1 in

England by any restriction other than full lockdown [70, 68, 69, 232, 38]. It is difficult to

compare those results with those from my analysis. Firstly, my analysis cannot distinguish

the effects of individual interventions when investigating the OxCGRT index, as the fitting

process evaluates the association between changing stringency and growth rates across

all timepoints, and summarises the association as a scalar. In case study C, I did explore

lockdowns 2 and 3 as covariates, but as explained in Chapter 6 Section 2.3.5, given constraints

in the data, I was forced to compare association between the 0th order (undifferentiated)

covariate with second order changes in Ne (i.e. rate of change of growth rate). This is

an association which is very difficult to interpret, although the analysis did conclude that

lockdown 3 was more effective than lockdown 2, which is consistent with the common

understanding that it was more stringent [455].

Finally, the results in my thesis regarding mobility were generally inconclusive. Although

there were instances where a significant result appeared, the Google mobility data set had
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problems in interpretation. There were issues with auto-correlation between variables: more

movement in one area entails less movement in another. As a result, if movement of a

certain type was found to be negatively associated with growth rates, it is possible that this

only reflects a hidden positive association with movement of another type. For example,

increased park mobility may not be itself associated with reduced viral transmission, but

instead associated with reduced household mobility (itself associated with transmission),

as people cannot be in two places at once. Teasing apart these effects is very problematic.

Another issue is that the degree of smoothing I applied to the noisy mobility data had a

drastic effect on the results, sometimes changing the direction of the associations. For these

reasons, the implications of the mobility analyses are modest. It is important to re-iterate that

the same sensitivity analyses were applied to the OxCGRT indices, but made no qualitative

difference to the results, adding reliability to the association between stringency and reduced

viral transmission.

7.4.2 Real-time surveillance and variants of concern

In the UK, the COG-UK consortium enabled high-throughput sequencing of SARS-CoV-2

sequences. By the winter period of 2020, approximately random community sampling

was in place, minimising risk of sampling biases. Further, the time it took to sample

patients, transport to sequencing hubs, sequence, clean and align the data had declined to 12

days. On the modelling side, improvements to the programming, as well as high-powered

computing, enabled very quick time-scaling of trees and fitting the mlesky model. As a result,

the difference in fitness of lineages could be estimated in a few days, using thousands of

sequences.

This rapid turnaround of data and analyses enabled phylodynamic analysis to contribute to

real-time surveillance. Indeed, the analysis of growth rates by variant (case study D) was

an example of this. When the first version of this analysis was performed in December

2020, published as an Imperial College report [493], lineage B.1.1.7 had emerged from Kent,

was quickly expanding in South East and East of England, and was appearing in samples

throughout the country. I estimated Ne of B.1.1.7 through time for Kent, Essex, Norfolk and

Greater London, all of which were consistent with rapid exponential growth. This analysis,

along with several others featured in the Imperial College report and PHE reports [410],

contributed to the decision by the UK government to increase restrictions in South East

England on 20th December, and later to impose a third lockdown on 5th January 2021 [418].
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A few weeks later, after receiving matched samples of other lineages by location and week, I

performed a comparative analysis which estimated a substantial fitness increase for B.1.1.7

compared to previously circulating variants, strongly suggesting its rapid dominance was

selective. Other modelling and statistical analyses corroborated this conclusion [101], which

superseded the null hypothesis that this lineage was more commonly associated with groups

that had more social interactions but was not itself fitter (e.g. the founder effect). After

estimating this increased fitness, it became the dominant lineage throughout Europe in March

2021 and the United States in April 2021 [412].

At the same time, I compared median estimated Ne of B.1.1.7 against the frequency of S-gene

target failure (SGTF) at each epidemiological week. I found the association to be striking;

the peak in estimated Ne and peak in SGTF occurred in the same week. SGTF had been used

globally as a proxy for frequency of B.1.1.7, and this analysis provides strong support for

such practise during the final months of 2020 and first months of 2021. It also represents

an excellent demonstration of the utility and reliability of phylodynamic modelling, with

estimates accurate to a precision of at least a week, corroborated by independent surveillance

data.

In conclusion, efficient analytical pipelines, combined with timely and randomly sampled

data, made phylodynamic analysis a good choice for fast-paced epidemic surveillance,

although it should be considered as one tool among other epidemiological methods. Fur-

ther reductions in genomic data turnaround could provide phylodynamics with even more

improved timeliness.

7.4.2.1 Recommendations for sequencing efforts

The analyses in this thesis, as well as several others [101, 107, 494, 495], have shown

the power and importance of leveraging genomic data for monitoring infectious disease

epidemics such as SARS-CoV-2. As a result, several recommendations have been announced

to support the collection of further sequence data [496], in lower and middle income countries

and in high income countries. In April 2021, the US government announced 1.7 billion

dollars to fight COVID-19 variants [497]. The Gates Foundation called for increased funding

for Global South countries to aid their sequencing efforts [498]. The European Commission

is aiming for 5-10% sequencing coverage of positive tests [499].

The extensive analyses possible on SARS-CoV-2 sequence data, including those in this

thesis, demonstrate the power of this data set. As such, the random samples from the

community, with coverage proportionate to disease burden, as discussed in Section 6.2.2, are
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recommended protocols for any increased SARS-CoV-2 sequence monitoring going forward

for nations of any income level. For real-time monitoring of growth rates and variants of

concern, extra care must be exercised to minimise the delay between sample collection and

sharing with collaborators. The analysis performed in Leicester in this thesis demonstrates

that moderate to high coverage of cases in local outbreaks is more likely to yield detectable

peaks in COVID-19 case counts.

7.4.3 Future work

The model-based phylodynamic analysis (PhyDyn) applied to Weifang could be extended.

The same modelling framework can be used in many locations, as there are whole genome

sequences of SARS-CoV-2 available from across the world [179]. Further, application of

this model to a location which also has seroprevalence data could strengthen the analysis.

Estimated COVID-19 trajectories when fitted solely to genomic data could be compared

to seroprevalence through time, indicating the reliability of using solely the genomic data.

Next, combining the likelihood from the structured coalescent with the likelihood from

seroprevalence would enable using both data sets, refining the estimates of reproduction

number and epidemic trajectory.

There may be complexities in any future analysis incorporating seroprevalence data in the

likelihood, if examining a period with a known variant of concern (VOC) replacing a co-

circulating one due to a significantly higher transmission rate. Such a situation may require

splitting the analysis by lineage, such as in my analysis in case study D in Chapter 6 (lineages

B.1.1.7, B.1.177). This would however require that seroprevalence data are differentiated by

lineage, which would be a very rare data set. Therefore, incorporating seroprevalence data

into the PhyDyn framework would likely work best for the first few months of the COVID-19

epidemic, where little evidence of a VOC with a significantly faster transmission rate was

identified.

Alternatively, the mlesky analysis performed on SARS-CoV-2 in England could be generalised

to any emerging variants of concern. Since discovering the increased fitness of B.1.1.7

compared to previously circulating variants, it became the dominant lineage in England,

throughout Europe and elsewhere [412]. As with any virus, however, its evolution continued.

Another variant of concern emerged from India, named the “Delta variant” or B.617.2, which

has an estimated increased transmissibility of around 50% compared to B.1.1.7 [500–502].

By July 2021, this variant became dominant in India, the United Kingdom, and various

countries around the world [412]. It is clear that novel variants will continue to emerge, and
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that global genomic surveillance may identify them as they do. The mlesky analysis could

be used on any emerging lineage under investigation, to explore transmissibility relative to

the dominant lineages in the area. If this process is automated, it could provide useful early

warning signs of higher-than-expected burden, and policy could be adjusted if necessary.

The impact of pharmaceutical interventions could also be explored within the same phylo-

dynamic framework. The analyses described in Chapter 6 described periods where vaccine

coverage was extremely low or non-existent. Since then, vaccine uptake in the United King-

dom has been very successful; as of 4th August 2021, over 46 million people had received

one dose of a COVID-19 vaccine, and over 38 million had received two [431]. By age, this

translates to a coverage (of at least one dose) above 60% for adults 18-24 years old, and

around 95% of adults above 70 years. Between 1st February 2021 and 1st June 2021, a

typical day saw 400,000-500,000 doses administered. This rise in vaccine coverage could

be modelled as a covariate and implemented in mlesky, either in a univariate analysis or

in combination with an OxCGRT index as multivariate. Such an analysis could estimate

any association between vaccine coverage and viral growth rates. The alignment could be

restricted to B.1.1.7 to mitigate complications in transmission rates with the emergence

B.1.617.2. A reduction in transmission associated with vaccine uptake would support the

effectiveness of the strategy of mass vaccination in the United Kingdom.

Finally, other modelling techniques could be employed to further investigate the SARS-CoV-2

epidemic. One is example is the family of agent-based models which, as discussed in Chapter

1, can easily introduce stochasticity into the system. This may be of great importance when

modelling emergent variants of concern: even a variant with a large transmission advantage

may go extinct due to random stochastic factors. Agent-based models can also contain

contact networks, where rules-based individuals (’agents’) can interact between each other

to simulate events such as viral transmission [503, 504]. An important difference between

such models and compartmental ones, is that individuals of the same class can randomly

draw traits and behavioural parameters from distributions, and can therefore all behave

slightly differently. The transmission of SARS-CoV-2 can be simulated between individuals,

parameterised with various sources such as the OxCGRT and Google mobility data sets

[214, 427], or even more detailed data on individual behaviour in real-life settings such

as contact patterns [505], face mask usage [506], and hand washing [507]. By leveraging

behavioural, epidemiological and viral evolution data in one system, agent-based models

could maximise the abundance of data available in certain localities, and make further

important inferences on viral epidemiology, and thereby implications for viral control.
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7.5 Broader themes

In this section I bring together all analyses in the thesis to consider broader themes. I discuss

the strengths and limitations of each modelling framework, and their applicability to certain

epidemiological contexts. Finally, I explore the implications of this work for approaching

modelling questions.

7.5.1 Taking advantage of the available data

As with every modelling analysis, the quality of the output is limited by the quality of the

data used for parameterisation and fitting. The analyses carried out in this thesis exploit very

different data sets, varying in type (e.g., sexual behaviour questionnaire vs. whole genomes),

abundance (around 25 sexual behavioural surveys vs 600,000 sequences), sampling strategy

(contact tracing vs. random), demographic (FSW vs. low-risk groups), country (England

vs. Benin), setting (hospital vs. community), stratification (individual vs. aggregated), and

study design (cross-sectional vs. longitudinal). The availability of data in the context of the

research question must inform the choice of model.

Indeed, the models I employed to answer the specific research questions in each chapter

were well chosen to maximise the utility of the data. For instance, after summarising the

available demographic, sexual behaviour, epidemiological and intervention data in Cotonou

(Chapter 2), it was clear that a dynamic transmission model was one technique that could

combine all of them. As an example, from integrated bio-behavioural surveys (IBBS), I

extracted estimates of annual partnerships and condom use. Combining these with biological

parameters taken from the literature, I calculated per-capita force of infection at each time

step. Simultaneously, the model incorporated migration, natural history and engagement with

HIV care which were parameterised from other sources. Finally, the model was calibrated by

comparing epidemic trajectories with demographic information (from censuses and other

studies), HIV prevalence estimates (also extracted from the IBBS) and ART coverage from

government databases. The effect is a synergistic combination of numerous data sources,

providing a thoroughly reliable representation of the HIV epidemic in Cotonou. Moreover,

these data sources are independent and are therefore unlikely to be subject to the same biases

in sampling.

For the non-parametric phylodynamic analyses, despite wholly different contexts and data

sources, the principle remains the same. The non-parametric phylodynamic analysis of

the SARS-CoV-2 epidemic in England, presented in Chapter 6, used thousands of whole
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genome sequences to generate phylogenetic trees for model fitting [404]. The epidemic

trajectories were cross validated against confirmed cases retrieved from widespread testing

[386], allowing for these two diverse data sets to work together. Further, the effective

population size of lineage B.1.1.7 was compared to S-gene target failure counts (Chapter 6

case study D) [101], a wholly different proxy for lineage frequency. There is great reliability

in results from a model fitted to genomic data being corroborated by independent surveillance

of PCR test failures. Lineage frequency through time was estimated with excellent precision

(at least a week), demonstrating the power of phylodynamic inference when exploiting

a high-quality genomic data set, and should be recommended when such data becomes

available.

On the other hand, the analysis in Weifang (Chapter 5) did not benefit from a large data set.

Although the model was parameterised using natural history data (e.g. generation time), it

was fitted to only a handful of whole genome sequences. Official case counts were compared

to model estimates, but because high-throughput COVID-19 testing was unavailable, and

case ascertainment was poor so early in the pandemic, confirmed case counts were not a

reliable measure of true burden. In fact, one of the motivations of the phylodynamic analysis

was to evaluate the degree of underestimation in these case counts. As such, this analysis did

not exploit varied data for fitting and cross validation.

In principle however, given that I used an explicit parametric mechanistic model, other

data sources could be used for fitting. Indeed, an extension to PhyDyn has been developed

(unpublished) which incorporates other information into the likelihood function, such as

seroprevalence data at multiple timepoints. At the time of analysis however, such options

were unavailable, and no useful independent data sources exist for Weifang. Nonetheless, the

phylodynamic model analysis was ideal for capitalising on the only reliable data source at

the time, and sampling from the prior indicated that the 20 sequences were very informative.

It is worth noting that the modelling frameworks chosen for each specific context in this

thesis were not the only ones possible. Indeed, phylodynamic analysis has been applied to

HIV epidemics [508–510], and compartmental models have been applied to outbreaks of

SARS-CoV-2 [68]. However, the analyses in this thesis were justified for capitalising on the

highest quality data sets available in each context, from the long-term cross-sectional HIV

survey data in Cotonou, to the vast quantities of community sampled SARS-CoV-2 whole

genome sequences in England.

A related implication of this work is the influence modelling can have for effective data

collection. In Chapter 4, I estimated that disruptions to commercial condom use had the

biggest impact in terms of increased HIV infections in Cotonou, Benin. I concluded that it
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is therefore important to concentrate efforts to ensure that such disruptions to condom use

do not happen. A broader implication can also be drawn: my model analysis elucidated

important areas for urgent data collection. It is recommended that condom use, particularly

among pFSW with their clients, is monitored during the COVID-19 period and during other

periods of crisis. If reductions in condom use are observed, whether due to lack of supply

or economic hardship, then the appropriate response to aid the issue can be identified, and

an unwanted increased in HIV infections can be prevented. More generally, modelling can

be helpful for identifying important parameters for viral epidemics, and can therefore be

leveraged to focus efforts on effective data collection.

7.5.2 Overfitting and bias

A trade-off can however emerge in attempting to capitalise on large amounts of varied

data. As mentioned, the dynamic transmission model in Cotonou was able to incorporate

demographic, natural history, sexual behaviour and intervention data from numerous sources.

Several risk groups were therefore modelled, each representing multiple stages of infection

and states of care, amounting to a total of 207 individual compartments. The number of

parameters, consequently, climbed into another order of magnitude. Although many were

fixed or correlated to each other, just under 100 parameters were estimated, while fitting to far

fewer (31) independent observations. The estimated epidemic trajectory is likely to be highly

affected by each observation used in fitting. There could therefore be greatly different impacts

estimated if new observations are added, or if the ones already used are erroneous. This

risk of overfitting was lessened by cross validation and sensitivity analyses, but regardless

remains a limitation of such a large model. In summary, there is a trade-off between the

inclusion of as many data types as possible, and expanding the model’s dimensionality and

thereby the risk of overfitting.

A similar limitation exists for the Weifang analysis, which relied on fitting to only 20 whole

genome samples . Although many parameters were fixed and the number of compartments

was limited, the small data set makes the analysis prone to overfitting. This would mean

that estimated trajectories may be significantly different if a different group of 20 patients

were sampled in Weifang. Fortunately, the results were robust to sensitivity analysis, and

uncertainty was significantly reduced than when sampling from the prior distributions. The

predictive power of the model, however, would have been much improved if more genomic

samples were available.
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The non-parametric analyses in England did not suffer from a similar problem. Firstly, by

definition, being non-parametric meant that the model function was not defined a priori, and

so the number of parameters cannot be compared to the number of observations. Secondly,

tens of thousands of sequences were available for most of the case studies. As such, it became

less a question of finding enough data to fit the model, but rather one of choosing the right

data via proper sub-sampling. Indeed, as discussed in Chapter 6, the estimated trajectories

early in the epidemic (e.g. January/February 2020 in England) relied on ‘pillar 1’ samples

which were not randomly sampled from the community, but taken from cases in hospital.

Such trajectories are likely therefore to be biased, forming a limitation of the data and of the

model. Community-based random sampling, as performed later in the epidemic, is likely to

provide less biased and more reliable epidemic trajectories from phylodynamic analysis.

7.5.3 Discerning complex trajectories

In this thesis, I have mostly compared two classes of analysis: transmission modelling vs.

phylodynamic modelling. It can however be useful to consider an alternative classification:

parametric vs. non-parametric modelling.

Parametric modelling, by definition, requires the a priori definition of the model function.

For example, the Weifang analysis assumed a mechanistic model comprising S, E, I, J,

R compartments, and the parameters describing rates of movement between them were

already pre-specified. This results in constraints in the shape of epidemic trajectory. Once an

epidemic has been seeded, there will be a rise and subsequent fall in cases from the depletion

of susceptibles, assuming R0 is above one. Further increases in cases are impossible with

this structure, regardless of parameter values. Such a model analysis is therefore only

useful or applicable to a single wave of COVID-19; a second wave can only be captured

by changing the model, for instance including further compartments, assuming waning

immunity (transition from R to S compartment) or a time-varying transmission rate. It is

important to consider the mechanistic constraints of this simple compartmental model when

faced with a research question. For the purposes of Chapter 5, where I focused only on the

initial spread in Weifang, the model was appropriate.

The dynamic transmission model in Cotonou does not face the same limitations, because it is

vastly more complex. A second wave of HIV could be captured by the model in many ways.

Indeed, the analysis exploring the impact of COVID on HIV epidemiology provides one such

example (Chapter 4). It is possible to model a scenario whereby disruptions were so severe

that condom use and viral suppression drop to the point where R0 increases above one, and
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the historical downward trend in HIV prevalence reverses. Having such a complex structure,

in order to achieve complex trajectories, was instrumental for the answering the aims of

Chapter 4. However, as discussed in the previous section, increased model dimensionality

is not without costs. For mechanistic models, the ability to discern complex trajectories is

therefore in a trade-off with the degree of overfitting.

The situation for non-parametric phylodynamic models is very different. As mentioned

earlier, the model function is not defined a priori, and so the epidemic trajectory is not

limited by these mechanistic constraints. Indeed, the shape of the effective population size

(Ne) trajectory can be extremely noisy, as observed for the first estimates using skyline [91].

Because this is also seen as evidence of overfitting, reflecting noise instead of signal, various

methods have been since developed to smooth these trajectories (see Chapter 1 for more

details). These include mlesky and skygrowth, the two non-parametric methods used in this

thesis. Even after smoothing, complex epidemic trajectories can still be discerned.

For example, in Leicester (Chapter 6 case study B), there were peaks in confirmed COVID-19

cases in mid-May and mid-June. The mlesky model, after fitting to sequence alignments

from Leicester, estimated a peak in Ne 1-2 weeks before each peak in confirmed cases. This

is consistent with delays in incubation and diagnostic testing. Similarly, in England in winter

2020-2021 (case study C), there were peaks in confirmed cases in early November 2020 and

early January 2021. Once again, the mlesky model estimated peaks in Ne in late October and

late December 2020, a short while before the peak in cases. The COVID-19 epidemic is

fast moving and complex, very sensitive to sharp changes in public behaviours, producing a

complex epidemic trajectory. The non-parametric design is therefore flexible to take many

functional forms, capturing the true peaks and troughs in incidence, without incurring the

same costs in overfitting.

7.5.4 Considering natural history

7.5.4.1 Speed of outbreak

The speed of an epidemic is very important when considering how to model it. SARS-CoV-2

is a rapidly spreading virus: early estimates of generation time had a mean of 3.5 days

assuming only positive serial intervals, and 2.57 days when including negative ones [186].

As a result, the speed of everything else is accordingly fast, from emerging data on confirmed

cases [386, 175], sequences [404, 179], hospitalisations and deaths [196], to the urgent

implementation of strict policy decisions [214].
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Therefore, model analyses for the purposes of surveillance and informing policy must

likewise be fast yet accurate, two important factors which are themselves in trade-off;

waiting for more reliable data may improve accuracy, but may render the results no longer

useful in a rapidly changing epidemic. As discussed in a previous section, the collection

of approximately random community samples by COG-UK provided an excellent data set

to perform fast phylodynamic analysis, which proved useful in contributing to real-time

epidemic surveillance and urgent policy decisions.

On the other hand, HIV moves at a much slower pace. The high-quality data used to parame-

terise and fit the dynamic transmission model, from HIV prevalence to sexual behaviour and

interventions, spanned several decades. Indeed, even a single estimate of HIV prevalence,

calculated from integrated bio-behavioural surveys, may take months or years to finalise.

The research questions relevant to policy are accordingly less urgent; consistent condom use

can take years for widespread adoption, and the scale-up of pharmaceutical HIV prevention

interventions may take years to implement. In such a context, accuracy takes preference over

speed; the slower pace enables fitting a complex dynamic transmission model to high quality

data through time, which can estimate intervention impact in useful and countable outcomes

for policy, such as infections averted and life-years gained.

7.5.4.2 Virus evolution

Related to the speed of outbreak is the rate of molecular evolution. SARS-CoV-2 is not known

for a fast mutation rate [407], but its short generation time and widespread transmission leads

to the rapid appearance of polymorphisms and lineages. This genetic variation is ultimately

what phylodynamic models are fitted to, and is therefore necessary to estimate epidemic

trajectories. If polymorphisms did not appear on the epidemiological timescale, i.e. if the

majority of samples were genetically identical, then phylodynamic modelling would be a

poor candidate for analysis. As it was, genetic variation was plentiful, and so phylodynamics

became powerful.

The appearance of novel variants further supports the contribution of phylodynamic modelling

of SARS-CoV-2. Variants are themselves determined through phylogenetic analysis; given

that the tree is a requirement for phylodynamic analysis, it becomes a good candidate for

exploring transmission separately by lineage. Indeed, Chapter 6 provides an excellent

demonstration of the added fitness of the B.1.1.7 lineage compared to previously circulating

ones. Although it is possible, in principle, to fit mechanistic models to case and death data
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labelled by variant, it requires the linking of data sets which incurs further risks to timeliness

and bias.

7.5.5 Estimating the impact of interventions depends on context

7.5.5.1 When the intervention is easy to describe

The overall aim of the thesis was to explore the impact of interventions. However, the

interventions used to control viral epidemics are highly diverse not only in kind (antiretroviral

drugs vs. lockdown), but also in the available data describing them. The PrEP/TasP study

offered pharmaceutical items to real individuals, whose participation in the study was

monitored over the two years; the actual numbers of initiations and dropouts were therefore

available through time [169]. Further, the study benefitted from unique biological PrEP

adherence data. Given that PrEP effectiveness is mixed among heterosexual women [284, 470,

161, 471], partially due to poor adherence and retention, it was vital that the model analysis

captured this information to properly understand the impact of PrEP. Only certain analyses,

such as the dynamic transmission model employed, could exploit such high resolution of

detail from this data set.

By design, I had included various compartments to capture numbers of individuals on PrEP

and ART. There were four PrEP compartments: high, intermediate and low adherence, and

PrEP dropout. This model structure therefore could use the available high-resolution data

describing the intervention itself.

The dynamic transmission model framework offers further benefits. Once the model was

closely fitted to the PrEP/TasP study data, it represented the real-life scenario in Cotonou. To

estimate impact, I compared outcomes from this scenario to another one, a counterfactual

scenario, in which the PrEP/TasP study had never happened. The difference in outcomes

between these two scenarios constituted the impact of the study, much like comparing the

treatment and control arms in a clinical trial. Further, the model design was flexible, such

that different scenarios could be simulated by changing few parameters, while holding others

constant. The ability to compare scenarios for estimating impact is among the key strengths

of this model framework.

It should be noted, however, that this is not without limitations. Notably, it relies on simulating

a scenario which never happened, and thus could not be fitted to any data. This naturally

adds some uncertainty: what would have happened if the PrEP/TasP study had not run? For

example, after the study ended in 2017, ART eligibility was expanded to all HIV-infected
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individuals [169], rather than only those with CD4 T-cell counts below 500 cells/mm3. It is

possible that a similar policy change would have occurred anyway, due to the popularity of

test-and-treat [511]. It is however also possible that the good uptake, adherence and retention

of women on TasP observed in the study provided the impetus for policymakers to expand

eligibility in Benin.

Indeed, because of this uncertainty, I carried out a sensitivity analysis. On top of the

main counterfactual scenario, where eligibility remained at <500 cells/mm3, I simulated an

alternative counterfactual, where it expanded to all HIV-infected individuals. There was

a 30% decrease in the impact of TasP, which reflects the impact of the ART eligibility

component (leading to more initiations); around 70% was therefore attributable to increased

testing and general increased ART offering. There is therefore some uncertainty in the

counterfactual scenarios and in the results, but sensitivity analyses can be performed to

account for it.

Furthermore, as compartments represented groups of actual individuals, fitted to demographic

data and HIV prevalence, the impact of interventions was measured in this analysis with

easily interpretable outcomes, such as infections averted or life-years gained. Such outcomes

facilitate comparisons of PrEP and TasP against other interventions, as well as providing

the foundation for a cost-effectiveness analysis. These factors are useful for policymakers

to decide upon the best interventions with limited resources. The dynamic transmission

model, in capturing the well-described high resolution data of the PrEP/TasP study, and able

to calculate outcomes useful for policy, was therefore well suited to estimate the impact of

this particular intervention, and to contribute to the aims of this thesis.

7.5.5.2 When the intervention is hard to describe

In contrast, other interventions I aimed to analyse were more abstruse. For instance, most

interventions for COVID-19 have been, to date, attempts to limit social contacts, using

quarantines, travel restrictions, border closures, lockdowns, among many others. Data

that describe these interventions are usually much harder to interpret than the PrEP/TasP

study. The Oxford COVID-19 Government Response Tracker (OxCGRT) was one attempt

to quantify the stringency of government policy through time [214]. However, such indices

do not measure what actual people do, and an intuitive public response does not necessarily

follow a policy decision, and if it does, it may arrive with a delay. Other proxies of behaviour

are available, such as Google mobility data [435], but assuming that mobile phone data

will perfectly reflect social contact networks has its limitations [512, 513], so implementing
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this data in a force of infection function for an SEIR-like transmission model is arguably

unreliable. Moreover, changing mobility is not itself an intervention, but rather a potential

consequence of one.

NPIs are therefore much harder to explicitly model compared to the PrEP/TasP study. In

such cases, one must perform analyses which assess statistical associations of NPIs with

transmission, such as those performed in Chapter 6 of this thesis.

In previous studies of phylodynamic analysis, Ne has been shown to correlate poorly to the

number of infected patients with a simple linear function [104]. Clearly defined outcomes for

measuring intervention impact, such as infections averted or life-years gained, are therefore

very difficult to measure. However, the rate of change of Ne through time (first order

differential), i.e. its growth rate, can be easily calculated, and tested for association with

NPIs. Although the direction of causality cannot be easily determined, as discussed in the

relevant chapter, I found the strongest associations when comparing growth rates several days

after policy changes, but not vice versa. This adds weight to the argument that restrictions

reduced viral transmission.

It is important to note that this model framework is unlike the dynamic transmission model,

where the PrEP/TasP study scenario could be explicitly modelled, and compared to a coun-

terfactual scenario. Instead, the non-parametric phylodynamic model framework could only

test statistical associations between growth rates and NPIs for one scenario: the one that

really happened. This is indeed less evidentially powerful than an analysis comparing two

scenarios. However, given the imprecise measures available for NPIs, they could not be

explicitly represented in terms of compartments. Further, given the issues in testing and

case ascertainment, epidemic trajectory is arguably better estimated using the abundance of

high-quality genomic data instead of cases or deaths.

Moreover, the key research aim was to understand the impact of interventions on viral

transmission. Although this analysis cannot provide impact in terms of total numbers of

infections, it can provide evidence as to whether NPIs affect transmission, and if so, in which

direction. Within the context of a chaotic epidemiological and political situation, where

decisions must be made quickly, such evidence is of vital importance, and non-parametric

phylodynamic modelling proved to be an excellent and appropriate tool for answering such a

difficult research question.

Finally, phylodynamic modelling can give unique insights for answering the question in

different ways. The Weifang analysis, for example, involved co-estimation of epidemiological

parameters and the phylogenetic tree. While the trajectory of reproduction number through

time shed light on NPIs implemented in the city, the phylogeny suggested that most of
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the transmission was internal, rather than imported. Travel restrictions and isolation of

individuals from Wuhan was therefore likely to be quite effective at limiting the number of

importations to Weifang.

7.6 Final conclusions

The principal objective of this thesis was to estimate the impact of interventions on viral

epidemics using epidemiological and evolutionary models. The various chapters have

answered this in different locations, for different diseases and with different models. Each

analysis contributed to the academic literature and had important implications for local and

international health policy.

Transmission modelling of HIV in Cotonou, Benin, suggested that implementing TasP among

female sex workers was more impactful than daily oral PrEP, due to observed adherence and

retention among these women. The impact of PrEP may be improved if adherence could

be improved, or if long-acting PrEP was available. However, the mobility of FSW in this

context may cause issues with long-term retention to any PrEP programmes.

When exploring COVID-19 related disruptions to already-present HIV interventions, main-

taining condom use in commercial sex was found to be the most important for preventing

increases in HIV infections, with impact disproportionately affecting key populations. This

analysis supports the widespread policy of focusing HIV interventions on key populations,

but also underscores the importance of continued maintenance and promotion of condom

use.

Various phylodynamic modelling analyses in this thesis suggest that non-pharmaceutical

interventions have contributed to control of the SARS-CoV-2 epidemic. I concluded that

in Weifang, China, the restrictions were successful in limiting viral transmission and intro-

ductions into the city. In England, I found that the increased stringency of interventions

was most associated with reduced transmission several days after they are implemented. I

also estimated an increased fitness of the then-emerging B.1.1.7 lineage, which later became

dominant in the UK and other countries. The analyses in this thesis demonstrate the utility of

phylodynamic modelling for real-time surveillance where the appropriate data is available.

Common themes emerge through the thesis. Each analysis was tailored to the context: it

consisted in fitting models to the best available data, leading to a careful representation of

the underlying viral epidemic, and the estimation of key epidemiological parameters. Each
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analysis had to balance several trade-offs, notably between the benefits of complexity and

the costs of overfitting and speed.

The work in this thesis shows that the nature of the intervention under investigation is an

important consideration. Where an intervention is well described with high-resolution data,

it can be explicitly modelled, and its epidemiological impact can be evaluated by comparing

scenarios. However, interventions may be pronounced yet very poorly described, or the

real-life consequences are impossible to measure. In such cases, proxies for the intervention

must be used, and their associations with epidemiological parameters can only be estimated

statistically. The nature of the intervention in question therefore determines the most suitable

method for evaluating its impact.

In conclusion, on top of the important policy implications of each individual analysis, this

thesis explores more general principles regarding the strengths of different models, the quality

of data used, and the interpretation of impact. It is paramount that any results are understood

in the context of these factors, particularly with the increasing prominence of mathematical

models for informing viral epidemic control interventions.
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Chapter 3

Figure A.1 Posterior model predictions for total population size of Grand Cotonou from the 111 posterior

parameter sets, showing median (solid line) and 95%UI across all fits (shaded regions) of counterfactual (no

PrEP or TasP) scenario, compared to available fitting historical demographic data shown in thick bars (black)

and estimated future predictions assuming constant population growth rate (red).
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Figure A.2 Posterior model predictions for the percent of each group in their respective gender (e.g. the percent

of women who are professional FSW), from the 111 posterior parameter sets, showing median (solid line) and

95%UI across all fits (shaded regions) of counterfactual (no PrEP or TasP) scenario, compared to available

fitting historical demographic data shown in red lines.

Figure A.3 Posterior model predictions of number of professional FSW from the 111 posterior parameter sets,

showing median (solid line) and 95% UI across all fits (shaded regions) of counterfactual (no PrEP or TasP)

scenario, compared to available fitting historical demographic data shown with a red bar.
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Figure A.4 Posterior model predictions of the ratio of women to men on ART from the 111 posterior parameter

sets, showing median (solid line) and 95% UI across all fits (shaded regions) of counterfactual (no PrEP or

TasP) scenario, compared to available fitting intervention data shown with a red bar.

Figure A.5 Posterior model predictions from the 111 posterior parameter sets, showing median (solid line) and

95% UI across all fits (shaded regions) of counterfactual (no PrEP or TasP) scenario, of annual deaths due to

HIV infection compared to available cross-validation UNAIDS Reference Group Spectrum model estimates

(orange bars) in Cotonou.
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Figure A.6 Posterior model predictions from the 111 posterior parameter sets, showing median (solid line)

and 95% UI across all fits (shaded regions) of counterfactual (no PrEP or TasP) scenario, of proportion of

HIV-positive people on ART and virally suppressed, compared to available cross-validation UNAIDS Reference

Group Spectrum model estimates (orange bars) in Cotonou.

Figure A.7 Posterior percent of commercial and non-commercial partnerships (shown in green and orange

respectively) between professional FSW and clients protected by condoms from the 111 posterior parameter

sets, showing median (solid line) and 95% UI across all fits (shaded regions) of counterfactual (no PrEP or

TasP) scenario, compared to available historical behavioural data in bars.
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Figure A.8 Posterior percent of commercial and non-commercial partnerships (shown in green and orange

respectively) protected by condoms between part-time FSW and clients from the 111 posterior parameter sets,

showing median (solid line) and 95% UI across all fits (shaded regions) of counterfactual (no PrEP or TasP)

scenario, compared to available historical behavioural data in bars.

Figure A.9 Posterior percent of non-commercial partnerships between low-risk women and their partners

(clients and low-risk men) protected by condoms from the 111 posterior parameter sets, showing median (solid

line) and 95% UI across all fits (shaded region) of counterfactual (no PrEP or TasP) scenario, compared to

available historical behavioural data in orange bars.
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Figure A.10 Model predictions from the 111 posterior parameter sets, in solid lines (median) and shaded

regions (95%UI across all fits). Error bars represent cross-sectional HIV prevalence data up to 2017 by risk

group. Projections are shown until 2035 in the absence of the PrEP/TasP intervention (counterfactual scenario).

The “women” and “men” panels include all women and men in Cotonou, including key populations.
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Chapter 6

Case study A
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Figure A.11 Daily incremental changes in the transformed time series data from Google mobility (blue lines)

and OxCGRT indices (red lines). The re-scaled daily incremental changes in median R(t) estimated with mlesky
is superimposed on each panel (grey lines).
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Figure A.12 Scatterplot of the daily incremental changes in transformed covariates against incremental changes

in median R(t) shifted 10 days earlier estimated by mlesky. Panels A-F display Google mobility data; panels

G&H display OxCGRT index data. Grey line shows least squares linear regression; coefficients are displayed

top left of each panel. No correlation was found to be significant to 5% significance.
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Figure A.13 Scatterplot of the daily incremental changes in transformed covariates against incremental changes

in median R(t) shifted 10 days later estimated by mlesky. Panels A-F display Google mobility data; panels

G&H display OxCGRT index data. Grey line shows least squares linear regression; coefficients are displayed

top left of each panel. No correlation was found to be significant to 5% significance.
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Figure A.14 The epidemiological trajectory of SARS-CoV-2 in England during spring 2020. Thick solid lines

and shaded areas represent median and 95% quantiles respectively, estimated by mlesky with (purple) and

without (green) covariates. Red shaded area represents period of first national lockdown in England. Black

dotted line represents daily confirmed cases (smoothed and rescaled). Panel A: effective population size (Ne(t))
through time. Panel B: reproduction number (R(t)) through time. Panel C: frequencies of tips in each sample

week in the phylogenies used.
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Figure A.15 The epidemiological trajectory of SARS-CoV-2 in Leicester during the spring and summer months

of 2020. Thick solid lines and thin dashed lines represent median and 95% quantiles respectively, estimated by

mlesky. Colour represents the fraction of samples analysed, ranging from 5% at the lowest (purple) to 70% at

the highest (green). Legend displays sampling fraction and number of tips per alignment and tree. Red shaded

areas represent the first national lockdown in England and local lockdown in Leicester. Panel A: effective

population size (Ne(t)) through time. Panel B: reproduction number (R(t)) through time. Panel C: frequencies

of tips in each sample week in the phylogenies used.
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Figure A.16 The epidemiological trajectory of SARS-CoV-2 in Leicester during until July 2020. Thick solid

lines and thin dashed lines represent median and 95% quantiles respectively, estimated by mlesky. Colour

represents the fraction of samples analysed, ranging from 5% at the lowest (purple) to 70% at the highest

(green). Legend displays sampling fraction and number of tips per alignment and tree. Red shaded areas

represent the first national lockdown in England and local lockdown in Leicester. Panel A: effective population

size (Ne(t)) through time. Panel B: reproduction number (R(t)) through time. Panel C: frequencies of tips in

each sample week in the phylogenies used.
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Figure A.17 The epidemiological trajectory of B.1.1.7 (red) and control (blue) lineages in England during the

2020-2021 winter period. Thick solid lines and shaded areas represent median and 95% quantiles respectively,

estimated by mlesky. Effective population size, reproduction number and the ratio of reproduction numbers

(B.1.1.7/control) are shown through time. Panel A: using the global ML tree Panel B: reconstructing an ML

tree from the sequences
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Figure A.18 Comparison of effective population size of B.1.177 lineage against TPP-corrected SGTF case

numbers by epiweek.
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Figure A.19 Comparison of effective population size of control lineages against TPP-corrected SGTF case

numbers by epiweek.
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Figure A.20 Distribution of beta coefficients when testing for univariate association between changes in

mobility estimated by Google (smoothed with loess parameter 20%) and reproduction number estimated in

mlesky. Boxes represent median and interquartile range; whiskers denote 95% quartiles. Lineages B.1.1.7,

B.1.177 and control are shown in orange, white and grey boxes respectively.
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Figure A.21 Distribution of beta coefficients when testing for univariate association between daily changes

in OxCGRT (smoothed with loess parameter 4%) health containment index and daily changes in effective

population size (i.e. growth rate) in England estimated in mlesky. Boxes represent median and interquartile

range; whiskers denote 95% quartiles. A positive time delay of 10 days represents testing an association

between the covariate at time t and R at time t +10 days. Lineages B.1.1.7 and control are shown in green and

purple boxes respectively.




