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Abstract 

 

Emerging infectious diseases represent a continuing threat to global public health. Our 

ability to respond effectively requires accurate inference of where and when pathogens 

first emerged, and how they subsequently spread through populations. Despite recent 

progress, there remains substantial gaps in disease surveillance systems, resulting in 

incomplete or biased sampling and delayed situational awareness. The primary goal of 

this thesis is to better understand the implications of these limitations for both 

downstream inferences and outbreak response, and to develop more effective sampling 

design and surveillance strategies. 

In Chapter 2, I apply phylogeographic methods to the introduction and subsequent 

local spread of SARS-CoV-2 Omicron BA.1 in the UK, demonstrating how human 

mobility shaped its dissemination across multiple spatial scales. I also show that travel 

restrictions implemented at the time were largely ineffective, partly due to the delayed 

detection of local transmission in international travel hubs. This finding motivates 

Chapter 3, where I investigate how limited testing resources can be optimally allocated 

across a mobility network for more accurate inference of the underlying disease 

distribution during an epidemic. Chapter 4 examines how undersampling of local 

infections leads to underestimation of viral importation – a limitation in phylogeographic 

inference highlighted in Chapter 2 – by developing a theoretical framework that 

characterises the underlying sampling process. Building on this, Chapter 5 explores the 

broader impacts of heterogeneous sampling on phylogeographic inference and how 

different sampling strategies can mitigate them, using a simulation-based evaluation 

framework developed in this work. 

Together, these studies provide insights into how limitations in disease 

surveillance affect our ability to infer the spatiotemporal dynamics of pathogen spread, 

while offering practical approaches for mitigating these biases. I conclude by discussing 

how methodologies developed in this thesis can be generalised to other questions in 

epidemiology and public health, particularly considering recent advances in artificial 

intelligence. 
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1 
Introduction 

 

1.1     Global burden of emerging infectious diseases 

Throughout human history, few forces have shaped the course of civilisations as 

profoundly as the spread of infectious diseases. From the Athenian Plague in 430 BC to 

the recent COVID-19 pandemic, the emergence of novel pathogens capable of 

widespread human-to-human transmission has not only led to the loss of millions of lives, 

but also fundamental changes in population dynamics, socio-political structures, as well 

as governance and warfare (1-3). 

A prominent example of the impact of infectious diseases is the bubonic plague, 

often known as the Black Death, which arrived in Europe in the mid-14th century through 

trade routes connecting Europe, Asia, and the Middle East (4-6). The spread of the 

causative pathogen Yersinia pestis - a zoonotic bacteria found in small mammals such as 

rodents and their fleas - killed an estimated 25-50 million people, or 30-60% of the total 

population in Europe at the time (4, 7, 8). The impact of this unprecedented mortality 

went far beyond its immediate death toll: labour shortage as a result of the epidemic led 

surviving workers to demand higher wages and better living conditions, followed with 

attempts by the ruling class to preserve feudal norms which were met with social unrest 

and revolts; meanwhile, authority of medical experts and religious institutions were 

challenged as they failed to contain the disease spread (9, 10). Crucially, the lack of a 

fundamental understanding of the disease’s aetiology and transmission mechanism not 

only led to widespread fear and superstitious beliefs, but also control measures that were 
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largely ineffective and likely further prolonged the outbreak (11-13). Unfortunately, 

similar patterns of societal upheavals were observed in subsequent large-scale outbreaks 

of the bubonic plague as well as other pathogens, including the 1520-1521 smallpox 

epidemic in Mexico which led to at least 5 million deaths (14-16), the seven major cholera 

pandemics between 1817-1947 with more than 23 million deaths in India alone (17-19), 

and the 1918 influenza pandemic, or Spanish flu, claiming an estimated 50-100 million 

lives globally amid the aftermath of World War I (20). 

With the advent of modern medicine and germ theory in the 19th and 20th 

centuries however, the mortality resulting from these once-lethal illnesses has been 

greatly reduced or even eliminated in some parts of the world (e.g., smallpox, polio, 

measles) (21-23). A better understanding of their underlying transmission dynamics has 

also enabled the design of more effective public health and social measures (also often 

referred to as non-pharmaceutical interventions (NPIs)) - such as mask mandates, 

isolation and quarantine measures, and social-distancing policies - which have helped 

mitigate the scale and impact of many outbreaks. Nevertheless, the threat of emerging 

infectious diseases remains ever present, with vulnerable populations in low- and middle-

income countries (LMICs) being disproportionately affected - due to not only heightened 

susceptibility and risk of exposure (e.g., from inadequate sanitation and overcrowding), 

but also greater burden during outbreaks as a result of limited healthcare access and 

reduced capacity to respond effectively. For example, in the 2014-2016 West Africa 

Ebola epidemic which predominantly struck Guinea, Liberia, and Sierra Leone, fragile 

healthcare infrastructure and limited diagnostic capacity, together with unsafe burial 

practices and mistrust in government institutions, allowed the virus to spread widely 

before containment measures took effect (24, 25). Beyond the 11,325 deaths (26), the 

epidemic led to further weakening of the already strained healthcare system and disrupted 
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routine immunisation programmes for other preventable diseases, such as measles and 

polio (27, 28). 

At the same time, globalisation and the resulting increased connectivity between 

human populations mean that high-income countries are by no means insulated from the 

threat of emerging infectious diseases. Frequent air travel and porous national borders 

allow local outbreaks to rapidly escalate into global public health emergencies in a matter 

of weeks, as demonstrated by a number of recent outbreaks - including the 2003 SARS 

epidemic (29, 30), 2009 H1N1 influenza pandemic (31, 32), the Zika virus epidemic in 

2015-2016 (33, 34), and the COVID-19 pandemic (35, 36). In particular for COVID-19, 

the ability of a pathogen to spread rapidly through the air traffic network was showcased 

not only during the initial emergence of the SARS-CoV-2 virus, but also in subsequent 

waves driven by variants with increased transmissibility (e.g., Alpha, Delta, Mu) or 

immune escape mutations (e.g., Beta, Gamma, Omicron), each originated in different 

parts of the world and rapidly displaced previously dominant variants in most affected 

countries. This phenomenon, combined with the virus’s high reproduction number and 

long incubation period that enables undetected and sustained asymptomatic spread (37, 

38), contributed to the unprecedented scale and impact of the COVID-19 pandemic, 

despite its relatively moderate case fatality rate (39-41). As of March 2025, over 700 

million cases and 7 million confirmed deaths have been reported globally (42), with 

excess mortality estimates suggesting the true death toll may be between two to four times 

higher (43, 44). In addition to a reduction in global life expectancy (45, 46), ongoing 

research has also highlighted various indirect negative effects as a result of the pandemic, 

including an increase in the global prevalence of depression (47, 48), rising levels of 

public distrust of governments and public health authorities (49, 50), and higher rate of 

preventable illnesses especially in developing countries due to disrupted immunisation 
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schedules (51-53). Meanwhile, the economic impact is estimated to be in the trillions of 

dollars (54), with long-term consequences on global trade, labour markets, and social 

mobility that are likely to persist for years to come (55-57). 

As the world continues to grapple with the repercussions of the COVID-19 

pandemic, there is growing concern among public health communities about the risk of 

another pandemic (58). Climate change and land use changes are forcing animals to 

migrate, potentially creating new opportunities for zoonotic pathogens to spill over into 

humans (59); mass human migration due to regional conflicts and extreme weather 

conditions is reshaping the global distribution of endemic diseases, potentially 

introducing these pathogens into previously unaffected, immunologically naive 

populations (60, 61); antimicrobial resistance, driven by overuse and misuse of antibiotics 

in humans and animals, threatens to render many of our current treatments ineffective 

(62, 63); finally, the spread of misinformation and rising distrust in public health 

authorities continues to hamper our efforts to prevent and manage infectious disease 

outbreaks. At the time of writing, the ongoing m-pox outbreak remains a public health 

emergency of international concern (PHEIC), as declared by the World Health 

Organisation (WHO) in May 2022 (64), with increasing case numbers reported in Uganda 

and Zambia (65); meanwhile, the US is experiencing a resurgence of measles cases due 

to declining vaccination rates (66-68). Although it is impossible to predict if and when 

the next pandemic will occur, it is clear that the global burden of emerging infectious 

diseases remains an ever-present risk to human society, and that sustained investment in 

research and pandemic preparedness will continue to be a global priority for years to 

come. 
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1.2     Spatiotemporal dynamics of emerging infectious diseases 

Understanding the spatiotemporal dynamics of emerging infectious diseases is vital to 

our ability to anticipate, prepare for, and manage future outbreaks. For emerging 

infectious diseases in particular, this includes identifying where and when they first 

emerged, and understanding how they subsequently propagate through human 

populations. One of the earliest records of the spatiotemporal distribution of disease 

occurrence can be traced back to Hippocrates (460-370 BC), whose treatise “Airs, 

Waters, and Places” highlighted how environmental factors such as climate, geography, 

and seasonality shaped the prevalence of illnesses in different populations; centuries later, 

John Snow’s (1813-1858) spatial analysis of cholera cases during the 1854 London 

epidemic famously traced the source of outbreak to a contaminated water pump (69). 

These early observations led to a key insight central to modern epidemiology - that the 

distribution of disease occurrence is neither static nor random, but follows distinct spatial 

and temporal patterns that can be explained by the complex interactions between socio-

demographics, human behaviour, and environmental conditions. 

Among these different factors, one that received particular attention during the 

early development of modern epidemiology is the effect of population distribution and 

socio-economic disparities. Densely populated cities where millions live, travel, and work 

in close proximity create environments where frequent contacts facilitate sustained 

disease transmission between humans. In low-income countries especially, population 

density is often associated with lower socio-economic status, with poorer communities 

living in overcrowded housing that lacks adequate sanitation and has limited access to 

clean water (70-72). For instance, studies have shown that tuberculosis (TB) 

disproportionately affects impoverished communities in densely populated urban 

neighbourhoods, where cramped housing and poor ventilation allows effective and rapid 
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airborne transmission; meanwhile, malnutrition and hesitancy to seek medical care 

further heightens disease susceptibility and burden (73, 74). In addition to human-to-

human transmission, these living conditions also make ideal breeding grounds for various 

disease vectors including mosquitoes and rodents, enabling the emergence and spread of 

vector-borne and water-borne diseases. As a result, diseases such as cholera, typhoid 

fever, and Chagas disease often exhibit distinct spatial patterns that can be linked to the 

underlying socio-economic conditions of the affected populations, where higher rates of 

transmission and mortality are associated with lower income and limited access to 

healthcare facilities (75-77). 

While these socio-demographic factors represent important predictors of 

transmission intensity for many infectious diseases, this by no means implies that disease 

risk is confined to specific regions or communities - as some early investigations of these 

patterns suggested - often resulting in policies of social segregation and forced isolation 

(78, 79). This misconception was also partly the result of the relatively slow rate of spread 

observed for most historical outbreaks, following patterns of gradual spatial 

dissemination (also known as contagious diffusion) driven by local interactions and 

spatial proximity. Not unlike the diffusion of air particles in continuous space, a defining 

pattern of contagious diffusion is the concentric radial expansion of infected regions, 

typically centred around densely populated human settlements and along major trade 

routes (80-82). More importantly, the continuous nature of contagious diffusion means 

that disease spread is often disrupted by different types of barriers, which could be 

physical (e.g., mountains, rivers, and deserts), social (e.g., administrative boundaries 

between countries), and epidemiological (e.g., communities with higher levels of 

immunity due to vaccination and therefore lower risk of sustained transmission) (83). 

Indeed, previous studies have shown that the spread of many historical outbreaks, such 
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as the Black Death, exhibited wave-like spreading patterns that can be well explained by 

contagious diffusion (84-86). A more recent example of such dynamics can be found in 

the 2014-2016 Ebola outbreak in Western Africa, where the early spread showed patterns 

of radial expansion centred around epicentres in districts bordering Guinea and Liberia 

(87, 88). Geographic features and administrative borders between districts likely slowed 

its encroachment in certain directions, while heterogeneous distribution of population 

density and difference in local customs between districts further shaped the path of 

transmission (87, 89, 90). 

However, the spatiotemporal patterns of recent large-scale outbreaks have 

challenged this paradigm. Since the rise of globalisation, growing connectivity among 

human populations - driven by the expansion of global trade and air travel - has enabled 

infectious diseases to spread far more rapidly and across greater distances, often 

bypassing social and geographic barriers that once constrained their reach. Importantly, 

the hierarchical structure of human mobility networks means that an emerging pathogen 

can rapidly disseminate over large geographic scales through pathways mediated by 

densely connected travel hubs (e.g., major international airports), followed by 

transmission across short distances driven by local mobility patterns or spatial proximity 

(91, 92). This phenomenon, also known as hierarchical network diffusion, leads to disease 

spread with evolving spatial scales over the course of an outbreak, as evident in many 

recent large-scale outbreaks such as SARS, MERS, and COVID-19 (93-96). It should be 

also noted that this applies to not only the spread of a novel pathogen in an 

immunologically naive population, but also the dissemination of immune escape variants, 

as observed during the COVID-19 pandemic with the successive waves of antigenetically 

distinct variants, each replacing the previously dominant variant in most affected 

countries within weeks or months of its emergence (97-100). 
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Beyond human mobility, the dissemination of many infectious diseases is also 

influenced by environmental conditions, either through changes in pathogen survivability 

or host susceptibility. For example, for respiratory diseases such as SARS, MERS, and 

COVID-19, which spread predominantly by airborne transmission, lower humidity has 

been shown to increase the distance over which virus-containing droplets can travel 

through air, increasing the probability that they are inhaled by susceptible individuals 

(101, 102). Meanwhile, lower temperature during winters has been associated with higher 

transmission rates due to a combination of factors including enhanced virus survival, 

impaired immune response in humans, and increased indoor crowding (103-106). 

Whereas for vector-borne diseases, the spatial distribution, abundance, and activity of 

vectors are known to exhibit periodic fluctuations as a result of changes in temperature, 

precipitation, and vegetation cover, leading to seasonal variations in transmission 

intensity. This is particularly relevant for diseases such as malaria and dengue fever, 

where the distribution of relevant vectors, Anopheles mosquitoes and Aedes aegypti 

mosquitoes, respectively, are strongly influenced by environmental conditions (107-110). 

Over longer timescales, there is also growing evidence of gradual, large-scale shifts in 

these seasonal patterns driven by climate change. These shifts not only pose further 

challenges to tracking and predicting the spread of these climate-sensitive diseases, but 

also influence the frequency and spatial distribution of zoonotic spillover events, 

introducing additional variability to the spatiotemporal dynamics of emerging infectious 

diseases. 

 

1.3     Infectious disease surveillance and data collection 

It is clear from the discussion so far that the multifaceted nature of infectious disease 

spread cannot be fully understood without robust and high-quality data across multiple 
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domains, including demographic, epidemiological, genomic, and mobility data. More 

importantly, the constant evolution and inherent stochasticity of infectious disease spread 

means that continuous and systematic data collection is necessary to provide timely 

insights for understanding the underlying transmission mechanism and informing the 

design of effective public health interventions. 

Traditionally, epidemiologists and public health officials have primarily relied on 

data collected by two different types of disease surveillance systems: passive surveillance 

and active surveillance. In passive surveillance, the primary source of data consists of 

voluntary reporting from healthcare providers, laboratories, and institutions during 

routine operations. Examples of such data include patient records, death reports, and 

regular laboratory testing. By identifying cases with specific clinical symptoms (through 

a process more generally known as syndromic surveillance), it is possible to identify early 

warning signals for emerging outbreaks and changing disease trends. For example, during 

the 2009 H1N1 pandemic, data from a large general practitioner database in the UK 

provided detailed spatial mapping of local cases, enabling public health officials to 

implement pre-emptive measures such as distribution of antiviral prophylaxis and 

vaccination campaign targeting populations at risk (111-113). Another notable example 

can be found in late 2019, when routine hospital reports of pneumonia cases with 

unknown causes in Wuhan, China, were flagged by the national Pneumonia of Unknown 

Etiology (PUE) passive surveillance system (114). The resulting investigations led to the 

identification of SARS-CoV-2 as the causative agent (115, 116), providing critical early 

signals for local and global responses. 

More recently, and especially since the COVID-19 pandemic, many passive 

surveillance systems have expanded to incorporate novel data sources. Among them, 

genomic surveillance - the systematic collection and sequencing of pathogen genomes 
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from infected hosts - has become an essential tool for identifying emerging variants, 

tracking viral evolution, and informing the design of effective vaccines (115). For 

example, regular sequencing of positive SARS-CoV-2 samples enabled the early 

detection of the Beta (118) and Omicron (100) variant in South Africa, prompting rapid 

national and global outbreak responses; genomic markers such as S-gene target failure 

(SGTF) in SARS-CoV-2 sequences also allowed the monitoring of variant-specific 

incidence and prevalence trends in real-time (119, 120). Meanwhile, Next-Generation 

Sequencing (NGS) has enabled the direct sequencing of environmental or pooled 

biological samples, without needing to isolate a specific pathogen beforehand as required 

by traditional PCR (polymerase chain reaction)-based approaches (121-124). This 

technique underpins wastewater surveillance (though PCR is also used), which has 

emerged as a promising approach for unbiased, non-invasive monitoring of community-

level prevalence and viral diversity (125-127), with potential applications for tracking 

between-country transmission through sampling at airports or on individual aircrafts 

(128, 129). In parallel, digital surveillance has gained prominence by leveraging internet 

search histories, social media trends, and self-reported health data collected via mobile 

apps to monitor disease outbreaks in near real-time (130). In the UK, for example, the 

ZOE Health Study app allows users to report their COVID-19 symptoms, test results, and 

vaccination status - generating one of the largest citizen-participatory datasets to date 

(131). This dataset has since been used to detect COVID-19 hotspots in the UK (132), 

and to evaluate changes in symptom profiles (133) and vaccine effectiveness (134). In 

addition to providing population-wide insights at relatively low costs, these methods are 

generally less susceptible to the impact of variation in health-seeking behaviour and 

access to healthcare, which are known to introduce bias and latency to data collected 

through more traditional passive surveillance approaches. 
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Meanwhile, active surveillance remains the strategy of choice when complete and 

high-resolution data are needed. Unlike passive surveillance which relies on routinely 

collected data, active surveillance adopts a proactive case-finding approach using 

techniques including patient interviews, household surveys, and targeted testing. In some 

cases, it may also involve targeted sequencing of samples collected from incoming 

travellers at border crossings (135, 136), or individuals from infection clusters exhibiting 

unusual growth - potentially signalling the emergence of a novel variant (100). This 

approach is particularly useful in settings where underreporting is expected, such as in 

low-resource areas or during outbreaks of diseases with substantial asymptomatic 

transmission. More importantly, surveillance efforts such as contact-tracing and 

individual patient interviews can provide highly detailed metadata critical to 

understanding the transmission mechanisms of an emerging novel pathogen. For 

example, during the early phase of the 2014-2016 West Africa Ebola outbreak, contact-

tracing efforts identified a single funeral as the source of at least 28 secondary cases and 

9 deaths in Sierra Leone, lending further support to the hypothesis of unsafe burial being 

a key driver of Ebola spread (137). During the COVID-19 pandemic, border screening 

also became an important approach for detecting and containing imported infections. 

Travel histories of identified infectious travellers provided valuable insights into the 

dispersal patterns of SARS-CoV-2 variants and the impact of the global air traffic 

network, with implications for the design of NPIs intended to delay or prevent the 

dissemination of an emerging variant (138-142). 

 

1.4     Inferring the spatiotemporal dynamics of infectious disease spread 

There is little doubt that disease surveillance has played a critical role in providing data 

necessary to guide public health response and understand the spatiotemporal dynamics of 
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disease spread during both historical and modern epidemics. However, the unprecedented 

scale of the COVID-19 pandemic has highlighted a number of important limitations 

inherent in existing surveillance infrastructures. For instance, many passive surveillance 

systems, relying on routine clinical testing and self-reporting, quickly became 

overwhelmed due to limited testing capacity, resulting in substantial underreporting and 

bias towards detecting cases with severe symptoms or in high-resource populations (143-

145). Active surveillance efforts, such as household surveys and contact-tracing, similarly 

struggled under logistical constraints and resource limitation given the large volume of 

cases (146, 147). Meanwhile, delays in laboratory testing and uneven distribution of 

testing resources introduced further latency and biases in the mapping of virus diversity 

across geographic locations (148). As a result, epidemiologists and public health officials 

frequently faced challenges in deriving timely and unbiased insights from data containing 

substantial gaps and sampling biases across both space and time. 

While these challenges are not entirely new, the magnitude and urgency of 

COVID-19 spurred substantial progress in developing increasingly sophisticated and 

powerful mathematical methods capable of robust inference of disease dynamics despite 

limited data, building on approaches developed in response to previous outbreaks (149). 

At a basic level, these approaches can be divided into two main categories: 

statistical modelling and mechanistic modelling. Statistical modelling emphasises the 

fitting and prediction of patterns in observed data, without necessarily embedding explicit 

assumptions about the underlying biological process. Examples of its applications include 

time-series analysis to identify trends and seasonal patterns in observed case numbers 

over time (e.g., using AutoRegressive Integrated Moving Average (ARIMA) models 

(150)), and spatial analysis to understand the correlation between socio-demographic 

factors and the spatial clustering of observed cases, or to infer the underlying disease 
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distribution across space given the location of observed cases (e.g., using Spatial 

Autoregressive (SAR) (151) or Conditional Autoregressive (CAR) (152) model). Recent 

advances focus on applying Bayesian frameworks to simultaneously model spatial and 

temporal disease given historical case data, with the incorporation of additional data 

streams such as mobility and environmental data (153-156). Importantly, Bayesian 

approaches enable the quantification of uncertainty in model predictions as well as the 

incorporation of prior information - both key advantages compared to traditional 

frequentist approaches especially in the context of incomplete and biased data. For 

example, in a recent study published during the COVID-19 pandemic, data from a 

randomised surveillance study were used to mitigate the effect of ascertainment bias in 

data from targeted testing efforts in the UK, using a Bayesian framework known as causal 

debiasing (157); this technique has since been adopted to show how testing behaviours 

vary across different socio-demographic groups in the UK (158). 

Mechanistic modelling, on the other hand, simulates infectious disease spread 

based on theoretical biological principles or known transmission mechanisms. Examples 

of mechanistic models include compartmental models, such as the Susceptible-

Infectious-Recovered (SIR) model, which partitions the population into different 

compartments, with individuals moving between them at rates governed by a system of 

differential equations that describes the underlying transmission process (159). Most 

recent developments have focused on extending these models to include more 

compartments (e.g., to account for exposed individuals in an SEIR model) or 

geographically distinct patches to simulate the effects of human movement on disease 

spread (also known as a metapopulation model). For instance, during the 2016 Zika 

outbreak and the COVID-19 pandemic, large-scale metapopulation models such as 

GLEAM (160) which combines high-resolution demographic and hierarchical mobility 
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data, have been used to model the spatiotemporal dynamics of early dispersal, revealing 

the role of the global air traffics in the rapid dissemination of the virus (34, 161). While 

both statistical and mechanistic models can be used to estimate the value of key 

epidemiological parameters (e.g., basic reproduction number R0 and effective 

reproduction number R(t) or Rt) that are regularly used to describe and predict the 

temporal dynamics of a disease outbreak, mechanistic models also provide a natural 

framework for simulating different outbreak scenarios and exploring the potential impact 

of different NPIs on disease dynamics. More recently, agent-based models, which 

simulate the behaviour of individual agents and their interactions in an explicit spatial 

environment, have also gained popularity for their ability to capture the heterogeneity in 

human behaviour and complex social interactions. Although these models have been 

applied in real-world settings (162-164), their widespread use remains limited compared 

to more traditional models, due in part to their resource-intensive computation and the 

need for detailed data on individual-level interactions. 

Over the past decades, and especially during the COVID-19 pandemic, 

phylodynamics and phylogeography have also emerged as powerful inference approaches 

for investigating the spatiotemporal dynamics of disease spread. By combining 

information about the evolutionary relationships between sampled pathogens inferred 

from their genomes with relevant epidemiological data (e.g., sampling time), these 

methods enable the estimation of key epidemiological parameters (e.g., birth rate and 

sampling rate) as well as historical variation in the size of the underlying viral population 

even before the pathogen was first detected (165-168). With the incorporation of 

geographic information in phylogeography, it is also possible to reconstruct historical 

pathogen movement by modelling the spatial dispersal as an evolution process along an 

estimated phylogenetic tree. For example, by modelling pathogen movement in 
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continuous space (169, 170), Dellicour et al. measured the rate of spatial expansion of 

West Nile virus in North America and identified temperature as a key predictor of viral 

dispersal (171). Whereas for large-scale outbreaks involving transmission events across 

multiple countries or even continents, a discrete approach is typically employed to model 

pathogen movement as “jumps” between discrete geographic locations (172-175). This 

approach was used extensively during the COVID-19 pandemic to infer the source-sink 

dynamics of SARS-CoV-2 spread (35, 151, 176, 177) and to examine the impact of 

different environmental and epidemiological factors (e.g., population size, air traffic 

volume) on dispersal patterns (141, 176, 178, 179). Importantly, the decreasing cost of 

genomic sequencing and advances in high-performance computing have allowed the 

analyses of increasingly large viral genomic datasets, often revealing spatiotemporal 

patterns in disease spread that span multiple spatial scales. Although traditional 

surveillance efforts such as contact-tracing and border screening can also provide data 

necessary to measure or infer such dynamics, their resolution and coverage are generally 

limited by logistical and resource constraints, especially during large-scale and prolonged 

outbreaks. 

It is important to note that, despite substantial progress in developing and 

advancing these inference methods, there remain important limitations. For example, in 

metapopulation models, the inherent assumption of homogeneity within subpopulations 

has been shown to result in biased estimates of key epidemiological parameters, 

especially those associated with disease dynamics driven by complex social mixing 

between different demographics, for which data available for model calibration are scarce 

(180, 181). For phylogeographic analyses, it is well-known that heterogeneous sampling 

of pathogen genomes (i.e. when the distribution of the sampled genomes is not 

representative of the underlying viral spread) can lead to inaccurate spatial 
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reconstructions that are biased towards densely sampled locations (182-184); although 

some approaches (e.g., structured coalescent models (173, 174, 185)) have been shown 

to be less susceptible to such biases compared to others (e.g., continuous-time Markov 

chain models), their application to large-scale outbreaks has so far been limited to due 

computational inefficiency. Understanding how these biases arise across a diverse range 

of outbreak contexts and data sampling processes - and therefore how they can be 

mitigated - remains an active area of research critical for ensuring robust and unbiased 

inference of the spatiotemporal dynamics of infectious disease spread. 

 

1.5     Resource constraints and decision-making in disease surveillance 

The challenge to understand and respond effectively to the COVID-19 pandemic has 

mobilised substantial resources to improve our ability to perform large-scale disease 

surveillance and to derive timely and useful insights from the data collected. In parallel, 

there is also growing interest among the public health community in the optimisation of 

surveillance systems - ranging from earlier efforts focused on the design of optimal 

sentinel networks (183-185), to the development of data-driven adaptive strategies (187, 

189-191), including approaches that leverage recent advances in machine learning 

techniques such as active learning and reinforcement learning (192-194). At the core of 

this growing trend lies the inevitable challenge of allocating increasing, yet finite, 

resources among competing surveillance priorities. 

For example - at the outset of an outbreak involving a novel pathogen, the 

foremost priority is the rapid detection and isolation of cases to 1) prevent further 

transmission, and 2) gather critical data to identify the pathogen and its transmission 

mechanisms. This typically involves deploying surveillance teams to perform active case-

finding, contact-tracing, and collecting genomic samples from infected patients for 
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laboratory testing. However, as the outbreak progresses, surveillance priorities may shift 

to monitoring overall disease trends to facilitate near-term forecasts or identifying disease 

hotspots for targeted interventions. Meanwhile, and especially during later phases of the 

outbreak, epidemiologists might continue to perform retrospective analysis of early case 

data and environmental samples from where the disease first detected - with the 

overarching goal of identifying risk factors associated with the emergence of the pathogen 

and preventing similar outbreaks in the future. 

Making informed decisions about how to allocate resources across these evolving 

priorities and as new data becomes available is far from straightforward. Importantly, as 

each stage of an outbreak requires different types of information, policymakers face 

difficult trade-offs between accuracy, timeliness, and cost. For example, shifting 

resources from active case-finding to monitoring disease trends at a population level is 

likely to reduce the immediate capacity for case isolation and contact-tracing efforts, 

while providing essential data for reliable forecasting and long-term planning. Similarly, 

prioritising rapid diagnostic tests over PCR-based genomic sequencing provides timely 

data for rapid outbreak response, but reduces the availability of genomic data needed for 

retrospective phylogeographic reconstruction of disease spread. The increasing diversity 

and volume of available data also presents epidemiologists and public health officials 

with the additional challenge of balancing data completeness and inference robustness 

against the computational and time costs of resource-intensive analyses. Striking the 

optimal balance in these trade-offs requires an understanding of how each type of data is 

being collected and potential biases inherent in the collection process, how these biases 

impact the accuracy and robustness of relevant inferences, and the utility of collecting 

more data or incorporating additional data streams in addressing specific research 
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questions or informing specific policy decisions. These are the key questions that 

motivated the work presented in this thesis. 

 

1.6     Thesis overview 

This thesis presents a series of interconnected studies, each addressing a distinct aspect 

of the challenges outlined above. It begins with an empirical study of SARS-CoV-2 

spread in 2021-2022, revealing critical limitations in current disease surveillance systems 

and illustrating how these limitations can lead to biased inferences and suboptimal 

outbreak response. Subsequent studies examine these limitations further, with a focus on 

developing corresponding mitigation strategies using analytical and computational 

techniques drawn from genomic epidemiology, ecology, and machine learning. In 

addition to providing new theoretical insights, this thesis introduces novel methodologies 

and frameworks that contribute to ongoing research efforts to improve sampling design 

and surveillance strategies for inferring the spatiotemporal dynamics of emerging 

infectious diseases. The following provides a brief overview of each chapter. 

Chapter 2 resents a collaborative study I led as first and co-corresponding author, 

titled “Genomic assessment of invasion dynamics of SARS-CoV-2 Omicron BA.1” and 

published in Science (2023). Using >115,000 genomes, I reconstructed the invasion 

process of SARS-CoV-2 Omicron BA.1 into England through discrete phylogeography, 

showing that the intensity of viral importation increased exponentially despite travel 

restrictions targeted at southern African countries where the variant was first detected. I 

then demonstrated using a combination of air traffic data, reported case numbers, and 

individual travel histories, that this was due to a rapid increase in local prevalence at 

highly connected travel hubs such as Spain and the United States, which were not covered 

by the travel ban and therefore acted as major secondary exporters of the virus. Having 
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characterised the invasion process, I then considered the spatiotemporal dynamics of local 

spread in the UK through both continuous and discrete phylogeography. This revealed a 

distinct two-stage process driven initially by the hierarchical travel network within the 

country, followed by patterns of local diffusion centred around densely populated urban 

conurbations. In addition to furthering our understanding of the spatiotemporal dynamics 

of infectious disease spread, my work in this chapter identified a number of key 

limitations and challenges in existing surveillance systems and sampling design for 

phylogeographic inference, which motivated the subsequent work presented in this thesis. 

Chapter 3 presents a collaborative study I led as first and co-corresponding 

author, titled “Toward optimal disease surveillance with graph-based active learning” 

and published in PNAS (2024). The ability to track the spatial spread of an emerging 

pathogen is critical to the design of effective containment strategies, as highlighted in 

Chapter 2. In low-resource settings, where comprehensive testing is not feasible, 

accurately inferring the underlying spatial distribution of infections requires careful 

decisions about how limited testing resources should be allocated to maximise 

information gain, given prior test results and patterns of human mobility between 

geographic locations. In this study, I showed that this decision-making process can be 

modelled as an iterative node classification problem on an undirected and unweighted 

graph, in which nodes represent geographic locations and edges represent movement of 

infected individuals. This formulation enabled the application of selection strategies 

developed in the field of active learning - a subfield of machine learning concerned with 

the selection of data instances for labelling to optimise model training - which I evaluated 

across a range of simulated outbreak scenarios on both synthetic and empirical networks. 

I further proposed a novel sampling policy that outperformed existing ones in most 

outbreak scenarios, particularly in low-budget settings. This work represents an initial 
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step towards the design of more cost-effective and adaptive surveillance systems for 

providing data necessary to estimate the underlying distribution of disease prevalence 

from partial observations - an essential task for early risk assessment and outbreak 

preparedness. 

Chapter 4 presents a collaborative study I led as first and co-corresponding 

author, titled “Transmission lineage dynamics and the detection of viral importation in 

emerging epidemics” (currently under peer-review). The introduction of an emerging 

pathogen via the movement of infectious travellers plays a critical role in shaping the 

early dynamics of local transmission, as seen in Chapter 2. While phylogeography enables 

the detection and enumeration of such events through the reconstruction of transmission 

lineages, it is well recognised that the number of detected introductions often substantially 

underestimates the true number due to undersampling of infections. However, the 

mechanism underlying this underestimation remains poorly characterised. In this study, I 

addressed this gap by developing a theoretical framework to model the coupled dynamics 

of viral importation and local transmission, showing how these dynamics shape the size 

distribution of local transmission lineages over time. Using both deterministic and 

stochastic agent-based simulations, I further demonstrated that the probability of 

detecting individual importation events depends on their timing of occurrence, sampling 

proportion, underlying migration rate, and local transmission conditions. These findings 

have important implications for the interpretation of viral movement estimates from 

phylogeography, especially in evaluating the effectiveness of containment strategies 

aimed at limiting spatial spread, and in comparing the relative contribution of viral 

importation among multiple sources in an emerging epidemic. 

Chapter 5 introduces a new simulation-based evaluation framework called 

SOPHI (“Sandbox for Optimising genomic sampling for PHylogeographic Inference”), 
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which I applied to address two open questions regarding the impact of heterogeneous 

sampling on discrete phylogeographic inference. In the first application, I demonstrated 

that the detection of viral importation events depends on both the sampling proportion 

and the underlying migration rate, confirming that findings from Chapter 3 can be 

generalised to more realistic outbreak conditions. I also showed that the extent to which 

independent transmission lineages become aggregated - a known phenomenon that 

contributes to the underestimation of the number of viral importation events - depends 

primarily on the number of sampled infections at the source location per detectable 

lineage. In the second application, I used SOPHI to explore how different sampling 

schemes affect the source attribution of early viral importation events in a multi-deme 

mobility network, under two outbreak scenarios with varying degrees of sampling bias. 

In addition to providing insights into how heterogeneous sampling of pathogen genomes 

gives rise to biased estimates of viral movement, these applications demonstrate the utility 

of SOPHI as a practical framework for guiding the systematic exploration of the impact 

of sampling biases and the design of more robust mitigation strategies. The SOPHI 

framework is open-source and freely available as a web application at http://www.sophi-

oxf.io/. 
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2 
Genomic assessment of invasion 

dynamics of SARS-CoV-2 Omicron BA.1 
 

I began my DPhil in October 2021 with an initial focus on methodological development 

to incorporate spatial structures and mobility data in phylodynamic inference. However, 

just weeks into my first term, the emergence of SARS-CoV-2 B.1.1.529 - later designated 

a Variant of Concern (VOC) named Omicron - led to a shift in my research direction. 

Following my involvement in an international collaborative effort to characterise the 

variant’s emergence and early spread in southern Africa (leading to the first publication 

describing the variant, Viana et al., 2022), my work continued in this direction, focusing 

specifically on the introduction and subsequent local dissemination of Omicron BA.1 in 

the UK. Building on earlier efforts to reconstruct SARS-CoV-2 spread through the joint 

analysis of epidemiological, genomic, and human mobility data, the study presented in 

this chapter represents one of the largest of its kind utilising over 115,000 viral genomes, 

revealing how human geography and mobility shaped the variant’s spread across multiple 

spatial scales. Findings from this work also highlighted important limitations in existing 

disease surveillance systems and sampling design for phylogeographic inference, helping 

define the research questions pursued in subsequent chapters. 

A manuscript describing this work was first made available on MedRxiv as a 

preprint on 4th January 2023, and later published in Science on 20th July 2023, under the 

title “Genomic assessment of invasion dynamics of SARS-CoV-2 Omicron BA.1”. It is 

presented here in full, with minor modifications to ensure consistency of formatting and 

style within this thesis. 
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2.1     Abstract 

SARS-CoV-2 variants of concern (VOCs) now arise in the context of heterogeneous 

human connectivity and population immunity. Through a large-scale phylodynamic 

analysis of 115,622 Omicron BA.1 genomes, we identified >6,000 introductions of the 

antigenically-distinct VOC into England and analysed their local transmission and 

dispersal history. We find that six of the eight largest English Omicron lineages were 

already transmitting when Omicron was first reported in southern Africa (22 November 

2021). Multiple data sets show importation of Omicron continued despite subsequent 

restrictions on travel from southern Africa, due to export from well-connected secondary 

locations. Initiation and dispersal of Omicron transmission lineages in England was a 

two-stage process that can be explained by models of the country’s human geography and 

hierarchical travel network. Our results enable a comparison of the processes that drive 

the invasion of Omicron and other VOCs across multiple spatial scales. 

 

2.2     Introduction 

Since the emergence of SARS-CoV-2 in late 2019, multiple variants of concern (VOCs) 

have sequentially dominated the pandemic worldwide. The Omicron VOC (Pango lineage 

B.1.1.529, later divided into lineages including BA.1 and BA.2) was discovered in late 
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November 2021 through genomic surveillance in Botswana and South Africa and a 

traveller from South Africa in Hong Kong (1) and designated a VOC by the World Health 

Organisation on 26 November (2). An initial surge in Omicron cases in South Africa 

indicated a higher transmission rate than previous VOCs (3), which studies later attributed 

to a shorter serial interval, increased immune evasion, and greater intrinsic 

transmissibility (4-7). The mechanism for greater transmissibility is hypothesised to be 

altered tropism and higher replication in the upper respiratory tract (8, 9). Together with 

waning levels of population immunity from previous infections and vaccination (10), 

local transmission of Omicron BA.1 was reported soon thereafter in travel hubs 

worldwide, including New York City and London by early December 2021, despite travel 

restrictions on international flights from multiple southern African countries (11, 12). 

Following the first confirmed case of Omicron in England on 27 November 2021 

(13), Omicron prevalence increased rapidly across all regions of England, with Greater 

London prevalence peaking first in mid-December at ~6%, followed by the South East 

region (14). Other metropolitan areas in North West and North East England saw similar 

but delayed increases in prevalence with observed peaks between early- and mid-January 

2022. By January 2022, Omicron incidence had declined substantially in Greater London 

and other southern regions, resulting in decreasing prevalence from north to south 

England (15). Rapid growth in infections during the initial emergence of Omicron in 

England prompted the UK government to impose interventions including a move to “Plan 

B” non-pharmaceutical restrictions (mandatory COVID pass for entry into certain venues, 

face coverings, and work-from-home guidance) on 8 December 2021 (16) and an 

accelerated program of booster vaccination for all adults by mid-December 2021 (17). 

SARS-CoV-2 prevalence in England decreased later in January 2022, coincident with a 
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falling proportion of BA.1 infections as lineage BA.2 became the dominant lineage; BA.2 

was itself later replaced by lineages BA.4 and BA.5 (18-20). 

Understanding and quantifying the relative contributions of the factors that 

determined the arrival and spatial dissemination of Omicron BA.1 in England can help 

inform the design of spatially-targeted interventions against VOCs (21). Here, we analyse 

the Omicron BA.1 wave in England, using a dataset of 48,748 Omicron BA.1 genomes 

from England. This dataset represents ~1% of all confirmed Omicron BA.1 cases in 

England during the study period and is combined with aggregated and anonymized human 

mobility and epidemiological data from Lower Tier Local Authorities (LTLAs) in 

England. 

 

2.3     International importation and Omicron BA.1 lineage dynamics 

To investigate the timing of virus importations into England and the dynamics of the 

resulting local transmission lineages, we undertook a large-scale phylodynamic analysis 

of 115,622 SARS-CoV-2 Omicron genomes, sampled globally between 8 November 

2021 and 31 January 2022. About 42% (N=48,748) were sampled from England and 

sequenced by the COVID-19 Genomics UK (COG-UK) consortium (22). All available 

genomes (from COG-UK and GISAID (23) on 12 and 9 April 2022 respectively) sampled 

before 28 November 2021 were included; later genomes were subsampled randomly in 

proportion to weekly Omicron case incidence while maintaining a ~1:1 ratio between 

English and non-English samples. To reduce potential bias caused by heterogeneous 

sequencing coverage, we performed a weighted subsampling of the English genomes 

using a previously developed procedure that accounts for variation in the number of 

sequences sampled per reported case at the Upper Tier Local Authority (UTLA) level 

(24). 
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We identified at least 6,455 [95% HPD: 6,184 to 6,722] independent importation 

events. Most imports from outside of England (69.9% [95% HPD: 69.0 to 70.7]) led to 

singletons (i.e., a single genome sampled in England associated with an importation 

event, which did not lead to observable local transmission in our dataset). The earliest 

importation is estimated between 5 and 18 November (approximated as the midpoint 

between the inferred times of the most recent common ancestor (MRCA) of the 

transmission lineage and the parent of the MRCA (PMRCA)). Between the first 

introduction and mid-December 2021, we reconstruct an approximately exponential 

increase in the daily number of imports, before a plateau in early January 2022 (Fig. 

2.1C). Daily importation rate may have risen between 22 November (when Omicron was 

first reported) and 25 November (when travel restrictions started; Fig. 2.1C). Increased 

outflows of air passengers before (and possibly in anticipation of) the imposition of travel 

restrictions have been reported for SARS-CoV-2 elsewhere (25, 26). The importation rate 

appears to re-accelerate early in December, despite restrictions on incoming international 

travel from 11 southern African countries; imports then could have originated from BA.1 

outbreaks in other countries in late November and early December 2021. 
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Fig. 2.1. Dynamics of BA.1 transmission lineages in England. (A) Timeline of events 
during the BA.1 wave in England until February 2022. (B) Histogram of estimated daily 
number of BA.1 cases, coloured according to the proportion of cases attributable to 
transmission lineages imported at different times (shaded region shows period of travel 
restrictions). Curves show the estimated daily frequency of importation (7-day rolling 
average), coloured according to the size of resulting local transmission lineages; shading 
denotes the associated 95% HPD. For each of the eight largest detected transmission 
lineages (A to H), the estimated time of importation, TMRCA (inferred time of most 
recent common ancestor) and TPMRCA (inferred time of parent of MRCA) (bottom left 
of the panel). (C) Daily frequency of importation (7-day rolling average; black dots) 
estimated from phylodynamic analysis, without stratification by size of resulting local 
transmission lineage; error bars denote the associated 95% HPD. Solid blue line 
represents an exponential model fitted to the observed 7-day rolling average values. (D) 
Distribution of TPMRCAs and TMRCAs of all 6,455 detected introductions. Each 
horizontal line represents a single introduction event that led to a transmission lineage or 
singleton; the left limit indicates the TPMRCA and the right limit indicates the TMRCA 
(or genome sample date, for a singleton). 
 

To explore this hypothesis, we calculate the Estimated Importation Intensity (EII) of 

Omicron BA.1 from countries with the highest air traffic volumes to England, capturing 

80% of incoming passengers. For each source location, the EII combines the weekly 

average COVID-19 test positivity rate, weekly relative prevalence of Omicron BA.1 

genomes, and monthly number of observed air passengers travelling to England and thus 

represents a relative rate of importation (refer to Section 2.6.5 for more details; Figs. A.4-
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A.6 in Appendix A). While the earliest imports were inferred to have come mostly from 

South Africa, we observe a diversification in the inferred sources of BA.1 imports by late 

November/early December 2021 (Fig. 2.2A), during the period of travel restrictions 

(mandatory hotel quarantine (27)) on international travel from South Africa. We conclude 

that the exponential growth of BA.1 importations through mid-December is in part due 

to introductions from countries other than South Africa (Figs. 2.1B, 2.2), as a result of 

their growing Omicron epidemics and substantial air travel volumes to England (Fig. A.4 

in Appendix A). When travel restrictions on 11 southern African countries were first 

announced (Fig. 2.1A), BA.1 genome sequences from only four countries had been 

uploaded to GISAID (23). We note that our work is not designed to quantitatively assess 

the impact of travel restrictions on infection numbers in England. 
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Fig. 2.2. Dynamics of Omicron BA.1 importation into England. (A) Solid curve 
represents the aggregated EII for 27 countries with the highest air passenger volumes to 
England between November 2021 and January 2022 (collectively comprising ~80% of 
air passengers in this period). Coloured bars show the weekly number of inbound 
travellers who were tested positive for BA.1 following their arrivals in the UK, extracted 
from travel data compiled by the UKHSA; segments are coloured according to country 
of origin. Grey bars show the estimated daily number of importation events from 
phylodynamic analysis. Inset shows a magnified view of early trends. Shaded region 
indicates the period of travel restrictions on travel from southern African countries. (B) 
Estimated weekly number of Omicron BA.1 cases arriving in England from 27 countries 
with the highest air passenger volumes to England between November 2021 and January 
2022 (same as those in panel A). Thick solid lines represent weekly EII from eight 
countries that contribute substantially to overall EII at different times; thin grey lines 
represent other countries. Inset shows a magnified view of early trends. Shaded region 
indicates the period of travel restrictions. 
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To cross-validate the importation dynamics inferred from viral genomes and EIIs using 

independent data, we collated the travel history of inbound travellers who later tested 

positive for BA.1 following their arrivals (data generated by the UK Health Security 

Agency; more details in Section 2.6.3). The early temporal profile of importation from 

these data is consistent with that inferred from both the EIIs and the phylodynamic 

analysis (until mid-December; Fig. 2.2A), with the growth of the latter being slightly 

lagged (Fig. 2.2A). This observation is consistent with previous studies and is likely due 

to the time-lag between international importation and the first local transmission event 

observable from genomic data (28). The relative frequency of genomically-identified 

BA.1 imports among travellers from South Africa and Nigeria declined in mid-December 

as importation from other countries began to dominate, consistent with the EII results. 

Observed imports from the phylodynamic analysis also declined in January, likely due to 

right censoring (the last genome in our dataset was sampled on 31 January). 

As with the emergence of previous VOCs in England (28, 29), we find that 

transmission lineage sizes are overdispersed (Fig. A.2 in Appendix A), with most sampled 

genomes belonging to a few large transmission lineages. The eight largest lineages (>700 

genomes each) together comprise >60% of the English genomes in our dataset (Fig. 

2.1B). We infer that six of these eight were imported before restrictions on travel from 

southern African countries were introduced (26 November), and three could have been 

introduced before the first epidemiological signal of Omicron (a change in S-gene target 

failure, SGTF, samples identified by a private lab in South Africa on 15 November; Fig. 

2.1B). While aggregation of lineages due to unsampled genetic diversity outside England 

could have resulted in earlier importation estimates (30), this is unlikely given the 

enrichment of early genomes and consistency of the observed lineage size distribution 

with that from simulation (Figs. A.7, A.8 in Appendix A). We observe a strong 



 52 

association between the size and time of importation of local transmission lineages, with 

most large transmission lineages attributed to early introductions, before mid-November 

(Fig. 2.1B). This pattern is recapitulated by a simple mathematical model; if all lineages 

share the same transmission characteristics, then the date of importation is the main 

determinant of transmission lineage size when the epidemic in the recipient location is 

growing exponentially (see Section 2.6.11; Figs. A7, A.8 in Appendix A). 

We estimate that ~400 transmission lineages (including the eight largest) resulted 

from importation before the end of travel restrictions on 15 December (29 lineages were 

introduced before 26 November). Although these early imports account for only a small 

proportion (~6%) of the estimated number of introductions, they are responsible 

collectively for ~80% of estimated BA.1 infections in England by the end of January 

2022. 

 

2.4     Human mobility drives spatial expansion and heterogeneity in 

Omicron BA.1 growth 

The rapid increase in Omicron importation in late 2021 led to the establishment of local 

transmission chains, initially concentrated in Greater London and neighbouring LTLAs 

in South West and East England. This coincided with early increases in BA.1 prevalence 

in those regions, as observed from SGTF data and epidemiological prevalence surveys 

(15). To investigate further the spatiotemporal dynamics of BA.1 in England, we 

reconstructed the dispersal history of all identified transmission lineages (with >4 

genomes) using spatially-explicit phylogeographic techniques. Genomic sample sizes 

were highly representative of the estimated number of BA.1 cases at the UTLA level in 

England (Figs. A.9, A.10 in Appendix A).  
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We observe distinct stages to the spread of BA.1 across England, with the eight 

largest transmission lineages sharing broadly similar patterns of spatial dispersal. Unlike 

other VOCs, the first detected BA.1 transmission lineages are more evenly distributed 

among regions, with ~20% in Greater London, ~15% in the South East, and 13% in the 

North West (if only introductions before December 2021 are considered, the value for 

Greater London is 27%). However, most early cases outside Greater London resulted in 

limited local spatial diffusion (Fig. 2.3, and Figs. A.11, A.12 in Appendix A). 



 54 

 

Fig. 2.3. Spatiotemporal dynamics of BA.1 transmission lineages in England. (A and 
C) Continuous phylogeographic reconstruction of the dispersal history of Transmission 
Lineage-A, the largest detected BA.1 transmission lineage). Nodes are coloured 
according to inferred date of occurrence and edge curvature (anti-clockwise) represents 
the direction of viral lineage movement. Panel A shows the progress of dissemination at 
three specific times, while panel C shows the complete construction. (B) Geographical 
distribution of the inflow and outflow of viral lineages within Transmission Lineage-A, 
from the 1 December to 25 December 2021. Blue colours indicate areas with high 
intensity of viral lineage outflow; red colours indicate those with high intensity of inflow. 
Red circles indicate areas with high densities of local viral movements (distances <15 
km); circle radii are proportional to that density. (D) Continuous phylogeographic 
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reconstructions of Transmission Lineages-C, E, and G (as per panel C) with 
corresponding geographical distributions of viral lineage inflow and outflow (as per panel 
B). Fig. A.12 in Appendix A provides equivalent figures for Transmission Lineages-B, 
D, F and H. (E) Plots in each row show viral lineage movements across different spatial 
scales (top: <50 km, middle: 50 to 300 km, bottom: >300 km). (Left) Histograms show 
the daily frequency of viral lineage movements; colours indicate whether the origin and/or 
destination of inferred lineage movements occurred in Greater London. (Middle/Right) 
Solid black lines represent the daily frequency of among-region viral lineage movements. 
Vertical bars indicate the proportions of viral lineage movements (aggregated at 2-day 
intervals); colours indicate origin/destination locations. Shaded grey areas indicate 
periods when there were <9 inferred viral lineage movements per day. 
 

Initial long-distance viral lineage movements from Greater London repeatedly arrived in 

multiple urban (as classified in (30)) conurbations in early/mid-December 2021, but local 

transmission was not established immediately. The fraction of viral lineage movements 

that were local (within-city) remained between 25%-50% from December 2021 to 

January 2022 in all areas except Greater London (~90%) and Greater Manchester (~60%). 

This fraction grew when local mobility levels recovered after the holiday period (31-34), 

coinciding with the establishment of local transmission across most LTLAs in England 

(Fig. A.11 in Appendix A). Further, cities other than Greater London acted primarily as 

sinks throughout the BA.1 wave, with limited backflow of long-distance viral lineages 

from North West England to Greater London (e.g. Transmission Lineages-A and -B; 

similar dynamics are seen also for South West England; Fig. 2.3E). We define locations 

as sinks/sources according to whether there was a net flow of viral lineages into/out of 

the location over the study period. 

Even after the establishment of local transmission in most English LTLAs, 

Greater London continued to be a source of mid-to-long range viral lineage movements 

(Fig. 2.3E). This is expected given Greater London’s role as a major hub in England’s 

mobility network (similar trends were observed for the Alpha wave in 2020 (26)). The 

importance of Greater London as a source of short range (<50 km) lineage movements 
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declined through time (Fig. 2.3E, left-top) and we observe a secondary peak in the 

frequency of mid-to-long range movements (>50 km) driven predominantly by lineages 

emanating from the Midlands and southern England (Fig. 2.3E, middle and right). These 

observations are consistent with epidemiological data showing that most areas outside of 

southern England experienced a BA.1 incidence peak only in the last week of December 

2021 or the first week of January 2022 (Fig. A.13 in Appendix A). 

To assess the contribution of demographic, epidemiological, and mobility-related 

factors to the dissemination of BA.1 in England, we used a phylogeographic generalised 

linear model (GLM) to test the association of those factors with viral lineage movements 

among LTLAs, during two distinct periods (before 26 December 2021, and between 26 

December 2021 and 31 January 2022; see Section 2.6.13) (32, 33, 35). Using this time-

inhomogeneous model we find evidence for a dynamic spatial transmission process, with 

the estimated effect size and relative importance of most predictors varying over time 

(Fig. 2.4B; ranking of predictors based on their deviance measure are shown in boxes). 

During the earlier “expansion” period of lineage dissemination, we observe strong 

support for the gravity model predictors (a spatial interaction model in which travel 

intensity between pairs of locations increases with origin and destination population sizes 

but decreases with distance). Consistent with results from continuous phylogeography 

(Fig. 2.3), this early period is characterised by directional viral dissemination; lineage 

movements tend to originate from Greater London (Fig. 2.4B) and this is particularly 

pronounced for smaller transmission lineages (Fig. 2.3, Fig. A.12 in Appendix A). For 

LTLAs with earlier times of peak incidence, we also find greater outflow of virus lineages 

during the expansion period (in three of four analyses) and a lower inflow of viral lineages 

during the post-expansion period (in four of four analyses; Figs. 2.4, Fig. A.14 in 

Appendix A). These results reflect the network-driven nature of Omicron’s geographic 
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spread, with variation in the timing of peak incidence reflecting varying degrees of 

connection to locations where frequent importation seeded early transmission chains (36).  

 

Fig. 2.4. Predictors of BA.1 viral lineage movements in England. (A) Map at LTLA 
level of model predictors included in the phylogeographic GLM analysis for 
Transmission Lineage-A. (B) For each predictor, the box and whiskers show the posterior 
distribution of the product of the log predictor coefficient and the predictor inclusion 
probability; the left-hand and right-hand values show the estimates for before and after 
26 December, respectively. Top and bottom panels show estimates for Transmission 
Lineages-A and -B respectively. Posterior distributions are coloured according to 
predictor type: geographic distances (geo distance, dark blue), population sizes at origin 
and destination (pop size ori/dest, black), aggregated mobility matrix (mobility mat, 
purple), mobility-based community membership level 1 and level 2 (comm overlap l1 & 
l2, purple), Greater London origin and destination (gr LDN ori/dest, red), time of peak 
incidence at origin and destination (peak time ori/dest, orange), the residual of a 
regression of sample size against case count regression at origin or destination (sample 
res ori/dest, yellow). Boxes at the bottom of each panel are numbered and shaded to show 
the ranking of predictors based on their deviance measure (more details in Sectino 2.6.15), 
with 1 indicating the largest deviance (most important predictor) and 12 indicating the 
smallest (least important predictor). 
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The human mobility predictor is supported consistently only in the post-expansion phase 

(Fig. 2.4B), after local transmission had been established in most LTLAs. This reflects a 

transition from unidirectional long-distance movements to more homogeneous local 

dissemination. Conversely, support for the gravity model predictors decreased over time 

(Fig. 2.4B), consistent with the notion that the gravity model better predicts city-to-city 

movement and poorly describes diffusion-like mobility over short distances in urban 

areas (32). Importantly, the phylogeographic GLM results are consistent among the 

transmission lineages analysed (Fig. 2.4B), and when a simpler time-homogenous model 

is used (Fig. A.15 in Appendix A). These findings corroborate our continuous 

phylogeography analyses (Fig. 2.3) and epidemiological studies showing strong local 

spatial structure of the BA.1 wave (14, 15). We also explored whether booster vaccine 

uptake (per capita at the LTLA level) is supported as a predictor under a time-

inhomogeneous model, but found no significant support (see Section 2.6.14), possibly 

due to collinearity of this factor with other predictors or limited spatial heterogeneity in 

vaccine uptake. 

 

2.5     Discussion 

We find that most infections during the Omicron BA.1 wave in England can be traced 

back to a small number of introductions, which likely arrived before or during travel 

restrictions on incoming passengers from southern Africa. Although the rate of 

importation continued to increase after mid-December (Fig. 2.1C), the largest English 

transmission lineages tended to be those introduced earlier (Fig. 2.1D). These results 

augment previous investigations of VOCs in England and elsewhere (28, 37), 

highlighting that international travel restrictions can have limited impacts if applied after 

local exponential growth is established and in the absence of local control measures. Our 
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analyses indicate that epidemics of BA.1 in multiple locations outside the country where 

BA.1 was first detected contributed substantially to the growth of BA.1 importation into 

England in December 2021 (38). The impact of targeted travel restrictions may thus be 

constrained by the existence of multiple pathways between any two countries in the global 

aviation network, and such pathways often traverse highly-connected locations with large 

travel volumes that can act as secondary sources of early importation (36). UK travel 

restrictions were intended to delay the expansion of BA.1 locally while offering 

additional vaccination to at-risk individuals. However, Omicron had likely already spread 

internationally by the time it was detected in late November 2021, allowing the 

establishment of secondary locations of exportation (38, 39). Therefore, any proposed 

global systems that aim to rapidly detect and respond to new VOCs (and emerging 

infectious diseases in general) should be designed around the connection structure of 

human mobility networks. Despite this, there are likely to be scenarios under which travel 

restrictions can help control, contain, or delay the spread of emerging infections (40, 41); 

much further theoretical and empirical work is needed to improve and inform rapid 

decision-making regarding travel during public health emergencies. 

Our two phylogeographic analyses (Figs. 2.3, 2.4) jointly show how Omicron 

BA.1 disseminated rapidly across England, with Greater London central in its initial 

dissemination. Early viral movements outside of Greater London were dominated by 

medium-to-long-distance travel from there; local transmission in recipient locations was 

observed later, coinciding with an increase in human mobility after the winter holidays 

(Fig. A.18 in Appendix A). The epidemic is revealed to be a network-driven phenomenon 

with an initial expansion phase that is well described by a gravity model, followed by a 

period of sustained local transmission propagated by short-distance movement (36). 
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With this study, we can now compare the transmission histories of three VOC 

waves in England (Alpha (26), Delta (29), and Omicron) and contrast factors that 

influenced their dispersals. First, Omicron and Delta were introduced through 

international importation, whereas Alpha appeared to have originated in England (42). 

For both Omicron and Delta, early introductions from their presumed location of origin 

were followed by growth in importation intensity from secondary locations. While early 

Delta transmission clusters were observed mainly in North West England, early Omicron 

infections were found mostly in Greater London (15, 18). Second, different NPIs and 

restrictions on within-country travel were implemented during the VOC waves. Although 

Delta arrived when NPIs in England were being relaxed, its initial spread was delayed 

due to lower mobility levels following a national lockdown (29). In contrast, Omicron 

was introduced when mobility had largely recovered to pre-pandemic levels (Fig. A.18 

in Appendix A). Alpha was observed to rapidly expand from its proposed origin in 

southeast England, in part due to holiday travels (26) and was subsequently brought under 

control when local mobility reduced after the introduction of NPIs (26). Third, the 

dissemination of each VOC is likely to be differentially affected by spatial variation in 

population immunity. Such variation was likely limited during Delta’s emergence due to 

high population levels of vaccination and previous infection, and also during Omicron’s 

emergence due to the antigenic novelty of BA.1 (9, 43, 44). In contrast, initial growth 

rates of Alpha in England were found to be affected by local variation in previous attack 

rates (26). These findings highlight two key questions for future work: how do 

spatiotemporal interactions between importation and local transmission shape the spread 

of a VOC, and how can we efficiently evaluate the interplay of factors that drive the 

dissemination of new VOCs within a country. 
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We interpret our phylodynamic results in the context of several limitations. First, 

as discussed previously (28), the inferred number of importation events underestimates 

the true number of independent introductions due to incomplete sampling and uneven 

sequencing coverage worldwide (45). Nevertheless, we were able to cross-validate our 

phylodynamic results using independent epidemiological data (Figs. A7, A.8 in Appendix 

A). Second, to maintain computational tractability and remove potential sampling bias, 

we subsampled all available English Omicron genomes, accounting for geographical 

variations in sequencing coverage and prevalence. However, even after this subsampling, 

the spatial and temporal sampling was not perfectly representational (Fig. 2.4A, Fig. A.9 

in Appendix A). This could be due to spatial variation in case reporting rate or because 

the maximum sequencing capacity was exceeded in locations with high incidence. Third, 

our phylogeographic GLM analysis, which explores the association of factors with virus 

lineage movement, should be interpreted in light of potential biases in the mobility data. 

For example, mobility in sparsely populated locations may be poorly captured due to 

censoring to protect user anonymity, and the degree to which smartphone data is 

representative of the whole population is affected by variation in smartphone use among 

locations. Work is ongoing to assess how human mobility data can be best applied to the 

prediction and description of infectious disease invasion dynamics (46, 47). 

Omicron BA.1 was replaced by lineage BA.2 in February 2022 and later by 

lineage BA.5 in June 2022 (18, 19). Although the Public Health Emergency of 

International Concern has ended (48) and the public health burden of COVID-19 has 

lessened due to reduced average disease severity and increased population immunity, the 

continued antigenic evolution of SARS-CoV-2 means that future VOCs of unknown 

virulence remain possible. One priority in preparing for the next VOC, or novel pathogen 

emergence, is to develop and implement robust pipelines for large-scale genomic and 
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epidemiological analyses supported by unified data infrastructures (49, 50) a challenging 

task that will be realised only through the close coordination of public health efforts 

worldwide. 

 

2.6     Materials and methods 

2.6.1     Genomic data 

All SARS-CoV-2 sequences used in this study were downloaded on 12 April 2022. All 

available international (non-England, including Wales, Scotland and Northern Ireland 

independently) sequences were downloaded from GISAID (23) while English samples 

marked as community surveillance (pillar 2) were acquired from COG-UK. Historically, 

pillar 2 testing sites were instructed to select a number of 96 well plates for sequencing 

proportional to the fraction of total tests that week. Pillar 2 surveillance is intended to 

represent a random sample of community cases in the UK, with only 8% of being 

associated with testing for special reasons, i.e. 'attended-event', 'attended-outbreak-

venue', 'confirmatory-test-borders', 'contact-testing-study', 'test-for-contact-self-referral', 

'test-for-contact-tracing', 'test-for-contact-tracing-app', 'venue-outbreak’. However, given 

the changes in testing behaviour and regulations that occurred during the study period we 

cannot rule out the possibility that there are some biases in the data set. These were 

partially addressed in the subsampling mentioned below.  

Sequences were aligned and filtered as part of the COG-UK datapipe analysis 

hosted by CLIMB. This analysis removed duplicate and environmental sequences, and 

flagged samples with improbable collection dates (see https://github.com/COG-

UK/datapipe for details). All sequences with impossible or improbable collection dates 

were removed. To further minimise dating errors caused by retrospective sequencing, 
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only samples published to COG-UK or GISAID (23) within four weeks of sample 

collection were included. Sequences were aligned to the reference Wuhan-Hu-1 (genbank 

accession MN908947.3) with minimap2 and samples with less than 93% coverage were 

discarded. Sequence coverage weights were calculated for English sequences (24) to 

ensure they could be subsampled proportional to the number of reported cases in each 

Upper Tier Local Authority using a two-week sliding window. Scorpio was run as part 

of Pangolin and sequences identified as BA.1 or BA.2 were selected for further analysis.  

 

2.6.2     Estimated Omicron BA.1 case incidence (from COVID-19 case count and 

S-gene target failure data) 

Daily number of new COVID-19 cases by specimen date in each LTLA were downloaded 

from https://coronavirus.data.gov.uk/details/download (last accessed on 26 June 2022). 

S-gene target failure data were provided by UKHSA via a data sharing agreement. The 

presence of a genetic deletion on the spike protein of the Omicron BA.1 sub-variant 

produces SGTG in most PCR tests which can be used as a proxy for BA.1 infections. We 

used daily SGTF PCR-positive tests as a proxy (because these were time- and cost-

effective as a test compared to genetic sequencing to ascertain variants) for Omicron BA.1 

infection in conjunction with reported case data to estimate daily number of new BA.1 

cases. However, small sample sizes in the SGTF dataset could lead to extreme scaling, 

i.e. zero or 100% of cases could be attributed to BA.1 infections if for example none or 

all samples were SGTF positive. Hence, we calculated BA.1 cases in a Bayesian 

framework using uninformative Beta(1, 1) priors and the observed proportion of BA.1 

infections (from the SGTF dataset) to estimate the posterior proportion of BA.1 cases 

which was then scaled up by the number of reported cases from the coronavirus data 
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download. We can also use the estimated uncertainty from the posterior distribution to 

get lower and upper bounds in the scaled-up BA.1 case numbers. 

 

2.6.3     Travel history of genomically-identified Omicron BA.1 imports (from UK 

Health Security Agency) 

The travel history data compiled and provided by the UK Health Security Agency 

(UKHSA) contains the country of origin for all identified inbound travellers arriving in 

the UK (excluding traveller from GBR and those who travelled to multiple countries) and 

later tested positive for Omicron BA.1 (confirmed using whole genome sequencing and 

genotyping) during the weeks from 1 November 2021 to 31 January 2022. This data 

integrates three sources of travel information: 1) Passenger Locator Forms (PLF) 

completed at the port of entry by travellers entering the UK from any country, listing all 

countries visited within the previous 10 days, 2) contact tracing records listing all 

countries visited by the traveller in the 14 days prior to symptom onset (or a positive test 

result), and 3) travel information attached to the positive test record including whether 

the test originated from a managed quarantine facility, whether the diagnostic laboratory 

was a laboratory specifically testing international arrivals, and if the reason for testing 

was listed as “isolation-testing”. 

 

2.6.4     International passenger flight data arriving in England 

We evaluated travel data generated from the International Air Transport Association 

(IATA) to quantify passenger volumes originating from international airports and 

arriving in England. IATA data accounts for approximately 90% of passenger travel 
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itineraries on commercial flights, excluding transportation via unscheduled charter flights 

(the remainder is modelled using market intelligence). 

 

2.6.5     Estimated importation intensity of Omicron BA.1 from potential exporters 

We estimated and compared the weekly importation intensity of SARS-CoV-2 Omicron 

BA.1 from 27 countries (including Scotland and Northern Ireland independently) with 

the highest air passenger volumes arriving in England between 7 Nov 2021 and 26 March 

2022 (collectively accounting for ~80% of the total air passenger volume during this 

period). The weekly importation intensity is an estimate of the number of Omicron BA.1 

cases arriving in England during a given week from a specified source location, calculated 

by multiplying together the estimated weekly prevalence of Omicron BA.1 at the source 

location and the number of air passengers arriving in any England airport from the source 

location.  

We estimated the weekly number of air passengers arriving in England using 

monthly air traffic data, assuming a uniform daily distribution of passengers throughout 

the month and aggregating to a weekly level. The weekly prevalence of Omicron BA.1 

can be divided into two components, namely, 1) the average non-variant-specific 

COVID19 prevalence in the week, and 2) the proportion of infections that are Omicron 

BA.1. The latter was estimated from the proportion of sequenced SARS-CoV-2 genomes 

that were of Omicron BA.1 (as available from GISAID (23), https://gisaid.org/; last 

accessed on 2 May 2023). In order to reduce the effects of small numbers, the proportion 

of infections that are Omicron BA.1 for any given day was first calculated by considering 

all sequences sampled over the preceding two weeks. This was then further aggregated at 

the weekly level to calculate the weekly average Omicron BA.1 proportion. To estimate 

the non-variant-specific COVID19 prevalence and to account for potential biases that 
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might result from differences in the case reporting rate between countries, we used test 

positivity as a proxy for the underlying weekly prevalence at the source locations. Daily 

test positivity rates at the country level were downloaded from OWID 

(https://ourworldindata.org/; last accessed on 3 April 2023) and their weekly averages 

were computed. For Scotland and Northern Ireland, daily test positivity rates were 

calculated using data downloaded from GOV.UK COVID-19 Dashboard 

(https://coronavirus.data.gov.uk/; last accessed on 23 April 2023), assuming that all 

reported cases were identified from Pillar 1 and 2 testing. We note that no reliable testing 

data for Egypt could be found and therefore it was omitted in this EII analysis. Egypt was 

however included in a subsequent sensitivity analysis where case incidence per capita 

was used as a proxy for the underlying prevalence (see below), in which it was not 

observed to be a substantial contributor to BA.1 importation. 

In a sensitivity analysis, we further calculated EIIs for Spain and the United States 

at the autonomous community- and state-level, respectively, to account for any local 

(within-country) heterogeneities in Omicron BA.1 prevalence and air traffic volume. For 

Spain, both weekly case incidences and test positivity rates at the autonomous community 

level were downloaded from the European Centre for Disease Prevention and Control 

Data Dashboard (https://www.ecdc.europa.eu/en/publications-data/archive-historical-

data-testing-volume-covid-19; last accessed on 22 April 2023). For the US, weekly case 

incidences at the state-level were calculated using data from 

https://github.com/nytimes/covid-19-data (last accessed on 13 November 2022); weekly 

test positivity rates were calculated using data from https://github.com/govex/COVID-

19/blob/master/data_tables/testing_data/time_series_covid19_US.csv (last accessed on 4 

April 2023). We note that three different approaches were used to calculate test positivity 

for the US states depending on the availability of different test statistics, namely: (A) 
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positive specimens / total specimens, i.e. the number of positive PCR tests divided by the 

total number of PCR tests given, (B) positive people / total encounters, i.e. number of 

people who tested positive (PCR) divided by the total number of PCR tests given, and 

(C) positive people / total specimens, i.e. the number of people who tested positive (PCR) 

divided by the total number of PCR tests given. For states where multiple measures of 

the positivity rates are possible, the optimal approach was applied according to the order 

(A), (B) and (C), with approach (A) being the optimal approach. For Washington state 

(WA) in particular, no appropriate measure of the denominator in the calculation of 

positivity rate is available using any of the approaches, and as a result the national average 

positivity rates were used instead. 

We note that some autonomous communities in Spain (e.g. La Rioja, Valencian 

Community) and some states in the US (e.g. New Jersey) appeared to have anomalously 

high (relative to national average) test positivity rates for certain weeks during the study 

period, potentially due to targeted testing efforts or changes in testing policies. For Spain 

in particular, there were five autonomous communities (Aragon, Asturias, Melilla, 

Cantabria, and Region of Murcia) for which the number of sequences sampled per week 

was consistently below ten over the study period, and as a result, the relative prevalence 

of Omicron BA.1 could not be reliably estimated. The relative prevalence of BA.1 for 

these autonomous communities was therefore imputed using the national relative 

prevalence of BA.1. Despite these data limitations, we find that the total EIIs for Spain 

and the US (after aggregating over all autonomous communities and states, respectively) 

are consistent with those calculated using national average positivity rates (Figs. 2.2, Fig. 

A.5 in Appendix A). To further assess the potential bias that might have resulted from 

using test positivity rate as a proxy for the underlying prevalence at the source locations, 

we separately calculated EIIs using weekly COVID-19 case incidence per capita as the 
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proxy instead (Fig. A.5 in Appendix A). Daily reported case numbers at the country-level 

were downloaded from the same data sources as in the analysis using test positivity rates 

(https://ourworldindata.org/; last accessed on 3 April 2023) (with the inclusion of Egypt) 

and their weekly averages were computed. Similarly, EIIs for Spain and the US were 

further calculated at the autonomous community and state level using case incidence per 

capita as a proxy for prevalence. To highlight the potential bias that might have resulted 

from variations in case reporting between countries, the weekly number of tests taken per 

capita is calculated for each country, as shown in Fig. A.3 in Appendix A. 

We observe that the EII for South Africa did not drop to zero despite the travel 

restrictions. There are several reasons for this: i) restrictions were imposed between 26 

November and 15 December 2021 but our air traffic data is aggregated at a monthly level, 

and therefore we might not be able to capture any weekly variation in travel intensity 

(potentially higher right before/after the restrictions and lower during the restrictions); ii) 

restrictions at the time required travellers to isolate in a government-approved facility for 

10 days and take a test on day 2 and 8 during their stay (27). EII therefore does not 

constitute a measure of the potential for onward local transmission but rather a measure 

of the relative contribution of Omicron BA.1 infected travellers arriving in England from 

different countries. According to data from the National Audit Office, approximately 

6,000 people were quarantined in managed quarantine hotels between weeks starting on 

11 November 2021 and 11 December 2021 (52). 

 

2.6.6     UK population estimates 

Mid-year population estimates for England in 2020 at the LTLA level were downloaded 

from 

https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/popul
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ationestimates/datasets/populationestimatesforukenglandandwalesscotlandandnorthernir

eland. Population sizes were used as the denominator in calculating numbers of COVID-

19 cases per capita and normalised local mobility in each LTLA. 

 

2.6.7     Vaccination data with age breakdown  

Daily vaccination data with age breakdown at the Lower Tier Local Authority (LTLA) 

level were downloaded from 

https://coronavirus.data.gov.uk/metrics/doc/vaccinationsAgeDemographics. The dataset 

consists of daily cumulative number and percentages of people who have received either 

a 1st dose, 2nd dose, or booster dose (of any type) since the start of the pandemic in each 

LTLA, with age breakdown by roughly 5-year intervals (5-11, 12-15, 16-17, 18-24, 25-

29, 30-34, 35-39, 40-44, 45-49, 50-54, 55-59, 60-64, 65-69, 70-74, 75-79, 80-84, 85-89, 

90+). 

 

2.6.8     Aggregated and anonymised human mobility data 

We used the Google COVID-19 Aggregated Mobility Research Dataset described in 

detail in (53, 54), which contains anonymized relative mobility flows aggregated over 

users who have turned on the Location History setting, which is turned off by default. 

This is similar to the data used to show how busy certain types of places are in Google 

Maps – helping identify when a local business tends to be the most crowded. The mobility 

flux is aggregated per week, between pairs of approximately 5km2 cells worldwide, and 

for the purpose of this study further aggregated for LTLAs in the United Kingdom 

(https://geoportal.statistics.gov.uk/datasets/lower-tier-local-authority-to-upper-tier-
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local-authority-december-2016-lookup-in-england-and-wales/explore) for the time 

period of November 2019 to January 31st, 2022. 

To produce this dataset, machine learning is applied to log data to automatically 

segment it into semantic trips. To provide strong privacy guarantees (55), all trips were 

anonymized and aggregated using a differentially private mechanism to aggregate flows 

over time (see https://policies.google.com/technologies/anonymization). This research is 

done on the resulting heavily aggregated and differentially private data. No individual 

user data was ever manually inspected, only heavily aggregated flows of large 

populations were handled. All anonymized trips are processed in aggregate to extract their 

origin and destination location and time. For example, if n users travelled from location 

a to location b within time interval t, the corresponding cell (a, b, t) in the tensor would 

be n±err, where err is Laplacian noise. The automated Laplace mechanism adds random 

noise drawn from a zero mean Laplacian distribution and yields (𝜖, δ)-differential privacy 

guarantee of 𝜖 = 0.66 and δ = 2.1 × 10−29 per metric. Specifically, for each week W and 

each location pair (A, B), we compute the number of unique users who took a trip from 

location A to location B during week W. To each of these metrics, we add Laplace noise 

from a zero-mean distribution of scale 1/0.66. We then remove all metrics for which the 

noisy number of users is lower than 100, following the process described in (55), and 

publish the rest. This yields that each metric we publish satisfies (ε, δ)-differential privacy 

with values defined above. The parameter 𝜖 controls the noise intensity in terms of its 

variance, while δ represents the deviation from pure 𝜖-privacy. The closer they are to 

zero, the stronger the privacy guarantees.  

These results should be interpreted in light of several important limitations. First, 

the Google mobility data is limited to smartphone users who have opted in to Google’s 

Location History feature, which is off by default. These data may not be representative 
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of the population as whole, and furthermore their representativeness may vary by 

location. Importantly, these limited data are only viewed through the lens of differential 

privacy algorithms, specifically designed to protect user anonymity and obscure fine 

detail. Moreover, comparisons across rather than within locations are only descriptive 

since these regions can differ in substantial ways. 

 

2.6.9     Changes in case reporting rate in the United Kingdom 

To assess the degree of changes in case reporting rate in the United Kingdom, we 

compared the weekly national case incidence downloaded from the GOV.UK COVID-19 

Dashboard with that estimated by the UK Office of National Statistics (ONS). 

Specifically, since we were interested in the relative changes over time rather than the 

absolute values, a linear regression of the ONS case incidence estimates against case 

incidence from the GOV.UK COVID-19 Dashboard was performed and the residuals 

from the model were examined (Fig. A.10 in Appendix A). 

As described in further details below, Omicron sequences from England were 

subsampled with sample weights calculated from the ratio between the cumulative 

number of reported cases and the cumulative number of sequences collected in the 

preceding two weeks for any given date. Therefore, to assess the potential bias that might 

have resulted from changes in case reporting rate in the context of the subsampling of 

English genomes, a similar linear regression analysis as above was performed, with 

additional (two-preceding-weeks) smoothing applied to both the ONS and GOV.UK case 

incidences (Fig. A.10 in Appendix A). We note that is some evidence for an increase in 

case reporting rate in the first week (starting on 28 November 2021; like due to targeted 

COVID-19 testing and increases in contact tracing intensity at the beginning of the BA.1 

wave) and a decrease in the last week of the study period (likely as a result of a policy 
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change on 11 January 2022 (56), where people who received positive LFD test results for 

COVID-19 were no longer required to take a confirmatory PCR test). However, the 

overall magnitude of the changes in case reporting rate is small and therefore we do not 

expect any substantial bias in our inferences as a result. 

 

2.6.10     Phylogenetic and importation analysis 

We developed a large-scale phylogenetic analysis pipeline following a similar approach 

as in du Plessis et al. (2021) (28) with additional extensions and modifications to ensure 

the computational tractability of analyses of up to hundreds of thousands of SARS-CoV-

2 sequences (57) (Fig. A.1 in Appendix A). 

First, the study period was divided into two phases: i) from 21 November 2021 

(sample date of the earliest known genome of the Omicron variant in England, sequenced 

retrospectively) to 28 November 2021, and ii) from 29 November 2021 to 31 January 

2022. The time of division between the two phases was chosen on the basis of an expected 

change in importation intensity as a result of the implementation of travel restrictions 

targeted at multiple southern African countries starting on 28 November 2021. With the 

relatively few genomes available from the first phase and to account for an increased risk 

of importations prior to the travel restrictions, all 874 available sequences (from both 

England and non-England locations) were included. Owing to the large number of 

genome samples collected during the second phase, a downsampling strategy was applied 

to ensure that the analysis was computationally tractable. To generate a manageable 

dataset of global sequences, first we computed a crude estimate of the number of new 

Omicron cases in each country in each epi-week by multiplying the number of reported 

COVID-19 cases (downloaded from https://github.com/owid; last accessed on 4 May 

2022) by the proportion of sampled genomes that were of the Omicron variant PANGO 
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lineages BA.1 and BA.2, using metadata available from GISAID (23) (https://gisaid.org/; 

accessed on 12 April 2022). The number of global sequences to be sampled in each epi-

week was then allocated in proportion to the estimated total number of Omicron lineages 

BA.1 and BA.2 cases in the week whilst maintaining a dataset size of ~50,000. In a given 

epi-week, countries with an estimated number of Omicron cases that accounted for at 

least 0.5% of the estimated global total were considered as potential exporters. Genome 

samples were then allocated in proportion to the estimated number of cases among these 

potential exporters, with the remaining allocation randomly distributed among the non-

exporter countries. There was a slight enrichment for samples collected in the early phase 

of the Omicron wave (early December 2021), where we ensured that a minimum of 4,000 

genomes were sampled for each epi-week where available. A similar approach was used 

to curate a dataset of 21,039 Omicron genomes sampled from Wales, Scotland and 

Northern Ireland, again using relevant metadata from GISAID (23) and epidemiological 

data available on (https://api.coronavirus.data.gov.uk/v1/data; last accessed on last 

accessed on 4 May 2022). This downsampling procedure resulted in a dataset of 59,647 

global (non-English) sequences. To generate a dataset of English genomes of roughly the 

same size, 60,000 sequences were randomly sampled from the COG-UK master 

alignment whilst accounting for variations in sequencing coverage and prevalence 

amongst UTLAs over time, using the same method as in Volz et al. (58). This resulted in 

a combined dataset of 140,686 genomes of which 42.6% were sampled in England with 

the remaining from non-England locations. 

Despite substantial downsampling, estimating a phylogenetic tree for hundreds of 

thousands of SARS-CoV-2 sequences remains a challenge, with most standard programs 

only able to handle up to thousands of sequences. To tackle this, we first estimated a 

maximum likelihood (ML) tree for the 874 sequences collected during the first phase of 



 74 

the study period using IQTREE (59) with the GTR+G substitution model, rooted with 

reference genome Wuhan-Hu-1 (GenBank accession MN908947.3) as an outgroup. Five 

molecular clock outliers were identified and subsequently removed, after examining the 

root-to-tip regression plot from TreeTime (60). The resulting tree was then used as a 

starting tree from which a parsimony tree was estimated by inserting individual sequences 

sequentially and in chronological order according to sample dates, using the recently 

developed UShER placement tool (61). During each step in the iterative process, all 

sequences sampled on a given date were considered for placement whilst excluding 

sequences with 5 or more equally parsimonious placements. Sequences excluded in a 

previous step were appended to the next batch for reconsideration. The resulting tree was 

then optimised through 6 iterations of matOptimize (62) with SPR radius of 40 and 100 

for the first 5 and final iteration respectively. This iterative tree building process resulted 

in a phylogeny of 115,634 sequences (with 25,921 (18.3%) sequences excluded due to 

uncertainty in sample placement). Next we used Chronumental (63) (a recently developed 

time-tree estimation tool for handling large phylogenies) to estimate a randomly resolved 

time-calibrated tree, with inferred tip dates that maximise the evidence lower bound under 

a probabilistic model. By comparing the inferred tip dates with sample dates and 

examining a root-to-tip plot, 12 molecular clock outliers were further removed, resulting 

in a final phylogeny of 115,622 sequences. 

To further reduce the computational resources and time required, we divided the 

phylogeny estimated above into smaller tree partitions according to sub-lineage (of 

Omicron) assignment as defined by the Pango nomenclature (64). Using a custom Python 

script, subtrees with a high degree of clustering of sequences of the same descendant 

lineage of Omicron were identified, whilst accounting for some level of ambiguity in 

lineage assignment (e.g. a tree partition may contain up to 25% of sequences that are of 
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a minority sub-lineage before it is subdivided into multiple partitions), as would be 

expected given the high sampling density and variations in sequencing quality. Further 

merging of these identified subtrees resulted in five final tree partitions, labelled BA.1 

(n=38,522), BA.1.1 (n=37,028), BA.1.15 (n=12,229), BA.1.17 (n=21,549), and BA.2 

(6,294) according to the sub-lineage represented by the majority of sequences in each 

partition. Given that the primary focus of this study is the invasion dynamics of Omicron 

BA.1 in England, the BA.2 partition was omitted in all further downstream analyses. 

Having divided the phylogeny into smaller tree partitions of computationally 

manageable size, we then performed time-calibration of the subtrees using a recently 

implemented model in BEAST v1.10 (65) which replaces the traditional tree-likelihood 

with a more efficient likelihood based on a simple Poisson model, thus allowing Bayesian 

phylogenetic analyses of up to tens of thousands of sequences. In this approach, the tree 

operators are constrained such that only node heights and polytomy resolutions are 

sampled, whilst the tree topology is fixed to that of a data tree which we generated using 

Treetime (60) with a fixed clock rate of 7.5x10E-4 substitutions/site/yr. Using a Skygrid 

coalescent tree prior (66) with grid points at weekly intervals, we ran between 2 and 6 

MCMC chains of 3⨉108 to 2.4⨉109 iterations for each tree partition independently. The 

first 33% to 40% of each chain was discarded as burn-in and resampled every 1⨉106 to 

2.4⨉108 states before merging using LogCombiner, resulting in 1,200 posterior tree 

samples for each tree partition. Model convergence and mixing was assessed using Tracer 

(67). 

To reconstruct the importation dynamics of Omicron BA.1, we then used a two-

state asymmetric discrete trait analysis (DTA) model implemented in BEAST v1.10 (65), 

using the posterior tree samples estimated above as the empirical tree distributions. For 

each tree partition, we ran two MCMC chains of 5 million iterations each, resampled 
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every 9,000 states and with the first 10% discarded as burn-in. TreeAnnotator 1.10 (65) 

was used to generate a maximum clade credibility (MCC) tree for each subtree, in which 

each internal node is assigned a posterior probability of representing a transmission event 

in England. Nodes with a posterior probability of >0.5 were identified as introductions; a 

small number of nodes with ambiguous location assignment (posterior probability = 0.5) 

were ignored in downstream analyses. To identify the local transmission lineage resulting 

from each of the introductions, a depth-first search was performed following the same 

procedure as in du Plessis et al. (2021) (28), where a path starting from each internal node 

that corresponds to an introduction is traversed forwards in time until a non-England node 

is encountered or there are no more nodes to be explored. By convention, introductions 

that led to only a single sampled English sequence were labelled as singletons; only 

introductions that led to more than one observed local transmission event were labelled 

as transmission lineages. The time of importation of each transmission lineage was 

estimated by taking the mid-point between the internal node corresponding to the 

introduction and its parent. 

Our methodology estimating the time of importation of transmission lineages is 

likely to result in an apparent “expansion” of the temporal profile of inferred importation 

intensity (daily number of infected travellers arriving in England) relative to its true 

underlying distribution. This could be explained by an increase in importation-lag (time 

elapsed between when a lineage is inferred to have been imported and the first observed 

local transmission event) over time as shown previously by du Plessis et al. (28), due to 

transmission lineages from later importation having fewer genomes as they had less time 

to grow, and are therefore more likely to have estimated time of importation that is later 

than the true value as a result of mis-identification of the true root node. To verify this 

effect, we compared the inferred importation intensity from the above phylodynamic 
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analysis with travel history data (generated by UKHSA) of inbound travellers who were 

tested positive for BA.1 after their arrivals in the UK. We observed a broadly consistent 

temporal profile in the importation intensity inferred from the two datasets, with that from 

the phylodynamic analysis being slightly lagged in time as expected (Fig. 2.2). However, 

we note that the robustness of this comparison is potentially limited by variations in 

sampling intensity as a result of rapidly changing testing policies for arriving travellers 

in the United Kingdom during the later part of January 2022 (68). 

 

2.6.11     Exponential growth of daily frequency of importations 

In the absence of any travel restrictions and changes in human mobility as a result of the 

emergence of a new VOC, the importation intensity during the initial phase of the 

invasion would be expected to follow a pattern of exponential growth that mirrors the 

increase in number of infections in the exporting countries. To verify and examine any 

potential deviation from this pattern, we fitted a simple exponential model to the 7-day 

rolling average daily number of importations inferred from the phylodynamic analysis. 

Specifically, we fitted the model using least-squares regression to the inferred daily 

numbers of importations during the period between the beginning of November 2021 and 

a range of cut-off dates. The cut-off date that resulted in the highest adjusted R2 value can 

be interpreted as an estimate of the time when the growth of importation intensity began 

to deviate from an exponential trajectory. 

 

2.6.12     Continuous phylogeographic reconstruction of local spread 

To reconstruct the spatiotemporal patterns of the Omicron BA.1 wave in England, all 

local transmission lineages (as identified from the MCC trees generated from the 2-state 
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discrete trait analysis described above) with five or more sequences were extracted for 

continuous phylogeographic analyses. Each sequence was assigned a latitude and a 

longitude randomly from within the postal district (metadata provided by COG-UK) 

where the sample was collected. For each transmission lineage, we performed the 

continuous phylogeographic reconstruction on a fixed tree (pruned from the MCC tree) 

using a relaxed random walk model (69) implemented in BEAST 1.10.4 (65), with a 

Cauchy distribution to model the among-branch heterogeneity in dispersal velocity. 

Following a similar approach as in McCrone et al. (29), the eight largest transmission 

lineages (labelled A to H, from largest to smallest) containing >700 sequences were 

inferred independently, with the remaining smaller transmission lineages (n=524) 

inferred in a single joint analysis with a shared diffusion model (i.e. same parameter 

estimates for likelihood, precision matrix, correlation, etc, but independent estimates for 

diffusion rate and trait likelihood). Owing to variations in the extent of spatial dispersal 

among these smaller transmission lineages (with larger lineages being more spatially 

dispersed in general), 12 were subsequently omitted from downstream analyses and 18 

were further inferred independently. Model convergence and mixing was assessed using 

Tracer v1.7 (67). For the independent analyses of the eight largest transmission lineages, 

we ran between 2 and 5 MCMC chains of 200 to 300 million iterations, sampling every 

10,000 to 80,000 states and removing the first 10% to 33% of each chain as burn-in, 

resulting in 10,000 to 13,5000 trees sampled from the posterior distribution. For the 

independent analyses of the 18 smaller transmission lineages with fewer than 700 

sequences, we ran 2 MCMC chains each of 200 million iterations which we then merged 

after resampling every 30,000 states and removing the first 10% as burn-in, giving 12,000 

posterior trees per transmission lineage. Finally, in the joint analysis, 8 independent 

chains of 200 million were run with sampling every 120,000 states. They were combined 
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after removing the first 10% as burn-in, again resulting in 12,000 posterior tree samples 

for each transmission lineage. These posterior tree samples were then used to generate an 

annotated MCC tree for each transmission lineage using TreeAnnotator (65). 

To facilitate subsequent analyses of viral lineage movements at the LTLA level, 

we mapped the inferred location of each internal node in the transmission lineages to its 

corresponding LTLA by checking whether the inferred coordinates are contained within 

the associated polygon. In the case where an enclosing polygon could not be found (e.g. 

a small proportion of internal nodes were inferred to lie in the small spaces between 

neighbouring polygons), the polygon that is geographically closest to the inferred location 

was assigned. 

 

2.6.13     Discrete phylogeographic reconstruction of local spread with Generalised 

Linear Model (GLM) parameterisation 

We used the approach of discrete phylogeography with generalised linear model (GLM) 

to parameterise transition rates between locations and test the association of viral lineage 

dispersal with a number of geographical, demographic, epidemiological and human 

mobility-related factors (see Table A.3 in Appendix A for full list of predictors). 

Specifically, to test the gravity model as a predictor of viral lineage movements, we 

considered in the GLM analysis the population size at the origin and destination location 

of each movement and the geographical distance between them. To further capture any 

heterogeneities in aggregated human mobility at the city-level (which are unlikely to be 

adequately described by the gravity model), we also included the aggregated mobility 

matrix and community memberships as predictors. We allowed these mobility-related 

predictors to vary across different phases in the time-inhomogeneous model to test for 

temporal variations in aggregated human mobility patterns and also potentially time-
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varying effect of mobility on viral dispersal. We observed from both epidemiological data 

and continuous phylogeography that many LTLAs in Greater London experienced an 

earlier uptick in Omicron BA.1 cases compared to most LTLAs with other regions of 

England. To capture this asynchronicity in local epidemic dynamics and investigate its 

impact on viral dispersal, we considered in the GLM analysis whether each viral 

movement started or ended in the Greater London region and additionally the time of first 

peak in Omicron BA.1 case incidence at the origin and destination location. Furthermore, 

we also tested for the impact of sampling bias by including a predictor based on the 

residuals from a simple regression of sample size against Omicron BA.1 cases for both 

the origin and destination location. Due to the small number of sequences collected in 

some LTLAs especially during later phases of the epidemic, the regression residuals were 

computed using sample sizes and case counts aggregated over the whole study period in 

both the time-homogeneous and time-inhomogeneous models. 

Unlike continuous phylogeography where each sequence is assigned a unique set 

of coordinates in continuous space, discrete phylogeography requires that sequences are 

grouped into discrete geographical units. The level of granularity of these geographical 

units depends on a number of factors including i) the desired level of resolution at which 

the dispersal history is to be reconstructed, ii) the amount of heterogeneities present 

within each geographical unit, and iii) the maximum number of geographical units 

beyond which the analysis becomes computationally intractable. To capture 

heterogeneities in viral movements at the city-level and to allow comparisons with results 

from continuous phylogeography, we allocated sequences to their corresponding LTLAs 

using a lookup table which provides unique mapping between postal districts and LTLAs.  

The current computational architecture and implementation of the discrete 

phytogeographic GLM model limits the number of discrete units possible to 256, which 
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is smaller than the number of LTLAs across which sequences were sampled for some of 

the larger transmission lineages. To tackle this, we aggregated LTLAs where appropriate 

to reduce the number of geographic units. In order to minimise the resulting information 

loss, we first considered LTLAs with the fewest sequences and performed a merging 

operation if an adjacent LTLA with at least one sampled genome could be found. In the 

case where multiple adjacent LTLAs were available, the LTLA with the largest number 

of sampled genomes was chosen for the merger. After each merging operation, the list of 

LTLAs (or geographical units after merging) ranked by the number of sampled genomes 

was recalculated for the next iterative step (it is therefore possible for an LTLA to be 

involved with multiple merging operations). This process continued until there were only 

253 geographic units in each transmission lineage. For the geographical units consisting 

of multiple LTLAs, each statistic of interest was averaged over the relevant LTLAs, 

weighted by population size where appropriate. For transmission lineages with sequences 

sampled in fewer than 256 LTLAs, no merging was performed. 

The discrete phylogeographic GLM model parameterizes the log of between-

location transition rates as a log linear function of the predictors. Continuous predictors 

(geographical distances, population sizes, aggregated mobility matrices, peak timing in 

case incidence, sampling residuals) were therefore log-transformed and standardised after 

adding a pseudo-count to each entry where appropriate. Binary variables (community 

memberships, Greater London/non-Greater London) were encoded as 0 and 1. In the 

mobility-related predictors, there was missing data for one or two geographical units in 

some transmission lineages (due to mobility data being unavailable for South Tyneside 

and City of London), which we labelled as NA and later integrated out in our Bayesian 

inference. For the aggregated mobility matrix predictor with continuous values in the 

large-scale transmission analyses, we confronted this using a new Hamiltonian Monte 
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Carlo (HMC) kernel to jointly sample all missing covariates from their posterior 

distributions building on similar efforts in the BEAST framework (70, 71). The HMC 

kernel produces distant proposals with relatively high acceptance rate for the Metropolis 

algorithm by exploiting numerical solutions to the Hamiltonian dynamics. We performed 

the analyses using the code available in the hmc-clock branch of the BEAST codebase 

(available at https://github.com/beast-dev/beast-mcmc/tree/hmc-clock) in conjunction 

with the BEAGLE code available in the hmc-clock branch of the codebase (available at 

https://github.com/beagle-dev/beagle-lib/tree/hmc-clock). We ran the analyses on a set of 

100 empirical trees for each transmission lineage extracted from the BEAST importation 

analysis and ran sufficiently long chains sampling every 500 generations, or combined 

multiple chains (excluding adequate burn-ins), to ensure effective sample sizes (ESSs) > 

100 for the continuous parameters as diagnosed using Tracer (67). A custom R script was 

used to summarise and visualise the posterior coefficient estimates and inclusion 

probabilities of each predictor. 

 

2.6.14     Discrete phylogeography with GLM: effect of booster uptake 

The rollout of booster vaccination in the United Kingdom began in September 2021 (72) 

and was initially prioritised for those aged 50 and above as they are at a higher risk of 

severe symptoms and hospitalisation from infection. Eligibility for boosters was extended 

to those aged 40 and above on 22 November 2021, and subsequently to all adults on 30 

November 2021 (73). This resulted in spatial variations in booster uptake that are strongly 

correlated with the underlying age structure of the population (Fig. A.16, A and C, in 

Appendix A), which is in turn correlated with Omicron BA.1 prevalences due age-

dependent transmission patterns as shown by Elliott et al. (2022) (15) (Fig. A.16, B and 

D, in Appendix A). 
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To adjust for age structure as a confounder, we here devise an effective measure 

of the booster uptake that is independent of the underlying age structure of the population. 

Using vaccination data (downloaded from the GOV.UK COVID-19 Dashboard) 

consisting of the percentage of people in different age groups who have received a booster 

dose, we calculate the overall booster uptake in each Lower Tier Local Authority (LTLA) 

assuming an age distribution that is the same as the national population-weighted average 

age distribution (computed from mid-2020 population estimates published by the UK 

Office of National Statistics). This is equivalent to the overall proportion of the population 

who would have received a booster dose in an LTLA given its observed age-specific 

booster uptake (with roughly 5-year grouping), assuming that it has the same age structure 

as the national average. Similar to other covariates included in the GLM analysis, for the 

geographical units consisting of multiple LTLAs, the effective booster uptake is averaged 

over the relevant LTLAs weighted by population size. 

 

2.6.15     Discrete phylogeography with GLM: likelihood-deviance measure 

To evaluate the relative importance of the different predictors in the time-inhomogeneous 

GLM analysis, we have developed and implemented a new phylogeographic model-fit 

measure which builds upon standard, permutation-based machine learning approaches to 

assessing variable importance (75). 

Starting from the posterior 𝑝(𝛩|𝑌, 𝑥!!, . . . , 𝑥"# 	, . . . , 𝑥$%) with phylogeographic 

likelihood 𝑝(𝑌|𝛩, 𝑥!!, . . . , 𝑥"# 	, . . . , 𝑥$%) where 𝛩 represents all model parameters and 𝑥"# 

represents the vector of covariate values for covariate 𝑘 ∈ {1, . . . , 𝐾}	(𝐾 being the total 

number of predictors in the model) in epoch 𝑒 ∈ {1,2}, we define the deviance for this 

covariate as 𝑑"# = log 𝑝(𝑌|𝛩, 𝑥!!& , . . . , 𝑥"#& , . . . , 𝑥$%& ) − log 𝑝(𝑌|𝛩, 𝑥!!, . . . , 𝑥"# , . . . , 𝑥$%)	 

where 𝑥"#&  is a random permutation of the observed covariate vector 𝑥"#. To estimate the 
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posterior distribution of 𝑑"#, we computed values of 𝑑"# for each MCMC sample, 𝑠, with 

realised model parameters 𝛩(() by setting 𝛩 = 𝛩((), and randomly permuting 𝑥"# with 

equal probability for all possible permutations. For each covariate and in each epoch, we 

estimated the posterior distribution of the likelihood-deviance resulting from a random 

permutation of the covariate values. We then compared the resulting posterior 

distributions and ranked the importance of each covariate in predicting the geographic 

locations 𝑌. The covariate marginal posterior modal (most probable) ranking was then 

reported, as shown in Fig. 2.4 and Fig. A.14 in Appendix A (with 1 being most important). 

While this approach averages over all possible marginal permutations and therefore has 

improved performance over earlier permutation-based measures in machine learning 

(76), it may nevertheless return limited discrimination among highly correlated 

covariates. Permute-and-relearn importance methods (77) are able to overcome this 

limitation but remain computationally impractical given the numbers of tips and the size 

of the state-spaces considered in this study. 

Using the above approach, we find that the predictor rankings do not always 

reflect differences in absolute effect size and that they help to identify similarities and 

differences between transmission lineages, as well as between epochs for a given 

transmission lineage. In the two largest transmission lineages, the gravity model 

covariates are consistently the most important covariates, in both the early- and late-

epoch. For Transmission Lineage-A, the Greater London origin predictor is the next 

important predictor throughout the study period. The Greater London origin predictor is 

also more important in Transmission Lineage-A than in Transmission Lineage-B, for 

which a change in importance of this predictor between the early- and late-epoch is 

observed. In Transmission Lineage-B, the origin peak time predictor is the next important 

predictor after the gravity model predictors. For both transmission lineages, we observe 
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a large and consistent increase in the importance of the mobility matrix predictor between 

the early- and late-epoch. 

We also note that the magnitude of the likelihood-deviance estimates scales with 

the size of the dataset (and therefore the number of tips in the transmission lineages). As 

such, the deviance estimates do not provide a relative measure of fit across transmission 

lineages. 

 

2.6.16     Branching process model and comparison of transmission lineage size 

distributions 

To verify that the time of importation is the key determinant of transmission lineage size, 

we compared the size distribution of empirically observed transmission lineages with that 

from a model that simulates the branching process of transmission lineages following 

importation. Simulated importation dates are set to the dates estimated from the 

phylodynamic analysis and simulated transmissions occur at the spatially homogeneous 

growth rates estimated from the daily number of reported COVID-19 cases (from the 

GOV.UK COVID-19 Dashboard) and SGTF data in England. Due to the low number of 

Omicron BA.1 cases at the beginning of the epidemic, which can lead to unreliable 

estimates of the initial growth rate, we performed a series of simulations with a range of 

different starting growth rates (taken from estimates during early parts of the invasion). 

We computed the Kullback-Leibler (KL) distance between the size distribution of 

simulated lineages and that of lineages inferred from phylodynamic analysis (Table A.1 

in Appendix A). The growth rate that minimised the KL distance was then used to impute 

the initial growth rate in the best-fit model. We note that, given the simple nature of the 

model, we did not take into account any uncertainties associated with the case growth 

rates but relied only on the central estimates. As a sensitivity analysis for the potential 
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bias that might have resulted from this and also any changes in case reporting rate during 

the study period, we repeated the simulations using case incidence estimates from the UK 

Office of National Statistics (ONS) (see Fig. A.10 in Appendix A for comparisons 

between case incidence data from UK.GOV COVID-19 Dashboard and ONS estimates). 

We observed consistent results as those obtained using the case incidence data from the 

GOV.UK COVID19 Dashboard (Figs. A.7, A.8 in Appendix A). 
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Appendix A: 
Supplementary materials for Chapter 2 
 

 

 

Fig. A.1: Outline of phylodynamic analysis pipeline. A high-level overview of the 
various processes and phylodynamic analyses performed, as well as any relevant 
programs and packages for each step. Note that each subtree (except for the subtree 
containing only Omicron BA.2 sequences which we have omitted from further 
downstream analysis) from the tree-partitioning procedure is passed onto further 
downstream analyses independently. 
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Fig. A.2. Distribution of local transmission lineage sizes from phylodynamic 
analysis. Grey bars show the number of transmission lineages of different sizes; red error 
bars denote the 95% HPDs across the posterior tree distribution. Blue solid line represents 
the cumulative proportion of English Omicron BA.1 genomes in our dataset accounted 
for by transmission lineages up to a certain size; shading denotes the 95% HPD across 
the posterior tree distribution. 
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Fig. A.3: Variations in case reporting rates between countries. (A) Weekly number 
of tests performed per capita (log-transformed) and (B) weekly number of reported cases 
per capita for 27 countries (including Scotland and Northern Ireland) with the highest air 
passenger volumes arriving in England between November 2021 and January 2022 
(collectively accounting for ~80% of total air passenger volume in this period). Thick 
solid lines represent a subset of eight selected countries with notable contribution to the 
overall intensity of Omicron BA.1 importation into England at different points during the 
study period; thin grey lines represent all other countries. 
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Fig. A.4: Components of BA.1 Estimated Importation Intensity (EII). (A) Monthly 
number of air passengers arriving in England from all countries (N=217) between 
November 2021 and January 2022. Area of each coloured block indicates the number of 
air passengers arriving from a given country (out of the 27 countries for which EIIs are 
calculated) during a given month; grey blocks at the bottom represent air traffic volume 
from all other countries (N=190). (B) Estimated weekly relative prevalence of Omicron 
BA.1 in the 27 selected countries during the study period; shaded region represents the 
95% CI. (C) Weekly average test positivity rate in the 27 selected countries during the 
study period. Thick solid lines represent a subset of eight selected countries with notable 
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contribution to the overall intensity of Omicron BA.1 importation into England at 
different points during the study period; thin grey lines represent all other countries. 
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Fig. A.5: Estimated Importation Intensity (EII) of BA.1 from selected potential 
exporters, using case incidence per capita as proxy for underlying prevalence. 
Estimated weekly number of Omicron BA.1 cases arriving in England from 27 countries 
(including Scotland and Northern Ireland) with the highest air passenger volumes arriving 
in England between November 2021 and January 2022 (collectively accounting for ~80% 
of total air passenger volume in this period), using weekly number of reported cases as a 
proxy for trends in the underlying prevalence. Thick solid lines represent EIIs from eight 
selected countries with notable contribution to the overall intensity of Omicron BA.1 
importation into England at different points during the study period; thin grey lines 
represent all other countries. Inset shows a magnified view of early trends. Grey shaded 
region represents the period (26 November to 15 December 2021) when travel restrictions 
on international arrivals from multiple southern African countries were implemented. 
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Fig. A.6: Estimated Importation Intensity (EII) of BA.1 from selected potential 
exporters, with within-country disaggregation for Spain and the United States. 
Estimated weekly number of Omicron BA.1 cases arriving in England from 27 countries 
(including Scotland and Northern Ireland) with the highest air passenger volumes arriving 
in England between November 2021 and January 2022 (collectively accounting for ~80% 
of total air passenger volume in this period), using (A) weekly number of reported cases 
and (B) weekly average test positivity rate as a proxy for trends in the underlying 
prevalence. EII for Spain and the United States were aggregated from multiple EIIs 
calculated at the autonomous community- and state-level, respectively. Thick solid lines 
represent EIIs from eight selected countries with notable contribution to the overall 
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intensity of Omicron BA.1 importation into England at different points during the study 
period; thin grey lines represent all other countries. Insets show a magnified view of early 
trends. Grey shaded region represents the period (26 November to 15 December 2021) 
when travel restrictions on international arrivals from multiple southern African countries 
were implemented. 
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Fig. A.7. Comparison of transmission lineage size distribution from phylodynamic 
analysis versus simulated results from a branching process model. (A) Black and red 
solid lines represent the estimated daily and 7-day rolling average daily number of 
Omicron BA.1 cases in England. Grey shaded region represents the 95% CI associated 
with the estimated daily number of Omicron BA.1 cases. Blue solid line represents the 
estimated daily growth rate, with the initial values imputed using an estimate of the 
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growth rate on 13 December 2021. (B and C) Weekly proportion of local Omicron BA.1 
infections resulting from importations at different times throughout the epidemic, with 
comparison between empirical observations from the phylodynamic analysis (C, top) and 
predictions from the branching process model (C, bottom). 
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Fig. A.8. Comparison of transmission lineage size distribution from phylodynamic 
analysis versus simulated results from a branching process model (sensitivity 
analysis using ONS case incidence estimates). (A) Black and red solid lines represent 
the estimated daily and 7-day rolling average daily number of Omicron BA.1 cases in 
England, from the UK Office of National Statistics (ONS). Blue solid line represents the 
estimated daily growth rate, with the initial values imputed using an estimate of the 
growth rate on 13 December 2021. (B and C) Weekly proportion of local Omicron BA.1 
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infections resulting from importations at different times throughout the epidemic, with 
comparison between empirical observations from the phylodynamic analysis (C, top) and 
predictions from the branching process model (C, bottom).  
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Fig. A.9. Correlation between estimated number of BA.1 cases and number of 
Omicron BA.1 genomes sampled across UTLAs in England. Circles are coloured by 
week commencing date. Solid black line represents the line of best-fit; shaded region 
represents the 95% CI. We note the clustering of circles corresponding to the same week 
along the line of best-fit, indicating small changes in sequencing coverage across time but 
not across UTLAs. Only data between week starting on 28 November 2021 and week 
starting on 23 January 2022 are presented (English genomes were subsampled in 
proportion to weekly reported case incidence during this period). 
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Fig. A.10: Comparison of case incidence from the GOV.UK COVID19 Dashboard 
against estimates from the UK Office of National Statistics. (A) Weekly number of 
positive COVID-19 cases in England as reported by the GOV.UK COVID19 Dashboard 
(https://coronavirus.data.gov.uk/) (solid black line); weekly number of COVID-19 cases 
in England as estimated from positivity rates by the UK Office of National Statistics 
(ONS) (solid blue line; shading denotes the associated 95% CI). Vertical red dashed lines 
indicate the start date and end date of the period during which English genomes were 
sampled in proportional to the weekly number of reported. (B) Weekly number of 
COVID-19 cases per 1000 people as estimated by ONS versus that from the GOV.UK 
COVID19 Dashboard, with (right) and without (left) smoothing over the preceding two 
weeks for each given date. Blue lines show the least-squares fit and the shading denotes 
the associated 95% CI. Black dots represent weekly case incidences between 28 
November 2021 and 29 January 2022; black crosses represent all other weekly case 
incidences during the study period. (C, D) Residuals from a linear regression between the 
weekly number of COVID-19 cases per capita as estimated by ONS versus that from the 
GOV.UK COVID19 Dashboard (between week starting on 31 October 2021 and week 
starting on 23 January 2022), with (D) and without (C) smoothing over the preceding two 
weeks for each given date. Boxes are coloured red (negative) or blue (positive) according 
to the sign of the relative bias. 
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Fig. A.11. Within-location versus all viral lineage movements for major cities in 
England. Each solid line represents the ratio between the frequency of within-location 
and all viral lineage movements per week, as inferred from continuous phylogeography 
for 6 major cities in England. For Greater Manchester and Greater London, viral lineages 
associated with multiple Lower Tier Local Authorities were aggregated in the calculation 
of these ratios. The timing of each viral lineage movement was assumed to be half-way 
between the inferred time of the nodes corresponding to the origin and destination. 
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Fig. A.12. Spatiotemporal dynamics of BA.1 transmission lineages in England 
(Transmission Lineage-B, D, F and H). Maps showing viral lineage movements 
inferred from continuous phylogeography for (A) Transmission Lineage-B, (B) 
Transmission Lineage-D, (C) Transmission Lineage-F, and (D) Transmission Lineage-
H. Nodes are coloured according to inferred date of occurrence and the direction of viral 
lineage movement is indicated by edge curvature (anti-clockwise). 
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Fig. A.13. Spatial variations in timing of first peak of BA.1 case incidence across 
England. Estimated daily number of Omicron BA.1 cases per 1000 people at the Lower 
Tier Local Authority (LTLA) level (7-day rolling average), coloured according to the 
timing of their first peak relative to Christmas 2021 (specifically, whether the interval 
during which the daily number of Omicron BA.1 cases exceed 85% of the peak incidence 
lies entirely before (red), after(dark grey), or encloses (yellow) 25 December 2021 
(Christmas). (B) Map showing the spatial distribution of the timing of the first peak in 
Omicron BA.1 case incidence at the LTLA level, following the same colour scheme as in 
(A). 
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Fig. A.14. Predictors of BA.1 viral lineage movements in England in the time-
inhomogeneous discrete-phylogeography with GLM model. For each predictor, the 
box and whiskers show the posterior distribution of the product of the log predictor 
coefficient and the predictor inclusion probability; the left-hand and right-hand values 
show the estimates for before and after 26 December, respectively. Top panel (A) shows 
estimates for Transmission Lineage-C and bottom panel (B) shows those for 
Transmission Lineages D, E, F, G, and H analysed in a joint model. Posterior distributions 
are coloured according to predictor type: geographic distances (geo distance, dark blue), 
population sizes at origin and destination (pop size ori & pop size dest, black), aggregated 
mobility (mobility mat, purple), mobility-based community membership level 1 and level 
2 (comm overlap l1 & l2, purple), Greater London origin and destination (gr LDN ori & 
gr LDN dest, red), time of peak incidence at the origin and destination (peak time ori & 
peak time dest, orange) and the residual of a regression of sample size against case count 
regression at either the origin and destination (sample res ori & sample res dest, yellow). 
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Boxes at the bottom of each panel are numbered and shaded to show the ranking of 
predictors based on their deviance measure (more details in Section 2.6.15), with 1 
indicating the largest deviance (most important predictor) and 12 indicating the smallest 
(least important predictor). 
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Fig. A.15. Predictors of BA.1 viral lineage movements in England in the time-
homogeneous discrete-phylogeography with GLM model. Each panel corresponds to 
an independent analysis for Transmission Lineage-A (A), Transmission Lineage-B (B), 
Transmission Lineage-C (C), and Transmission Lineages D, E, F, G and H together in a 
joint model (D). For each predictor within a panel, the box and whiskers show the 
posterior distributions of the product of the log predictor coefficient and the predictor 
inclusion probability. Posterior distributions are coloured according to predictor type: 
geographic distances (geo distance, dark blue), population sizes at origin and destination 
(pop size ori & pop size dest, black), aggregated mobility (mobility mat, purple), 
mobility-based community membership level 1 and level 2 (comm overlap l1 & l2, 
purple), Greater London origin and destination (gr LDN ori & gr LDN dest, red), time of 
peak incidence at origin and destination (peak time ori & peak time dest, orange) and the 
residual of a regression of sample size against case count regression at either the origin 
and destination (sample res ori & sample res dest, yellow). 
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Fig. A.16: Dependency of booster uptakes and cumulative Omicron BA.1 case 
counts on population age structure. (A, C) Distribution of the proportion of age-
specific population in each Lower Tier Local Authority (LTLA) who have received a 
booster dose by 25 December 2021 and 31 January 2022, respectively. Each box extends 
from the 25th to 75th percentile of the distribution for the corresponding age group; the 
midline within each box represents the median; the vertical lines represent the lower and 
upper limits and the dots denote the outliers. (B, D) Cumulative number of Omicron BA.1 
cases per capita (log10-transformed) versus proportion of the population aged above 65 
(log10-transformed). Each dot represents an LTLA. Blue lines show the least-squares fit 
and the shading denotes the associated 95% CI. 



 116 

 

Fig. A.17: Booster uptake as a predictor of BA.1 viral lineage movements in 
England. (A) Map of age-corrected effective booster uptake at the Lower Tier Local 
Authority (LTLA) level, averaged over the early-phase (12 November 2021 to 25 
December 2021) (left) and the late-phase of the epidemic (26 December 2021 to 31 
January 2022) (right). The effective booster uptake is defined as the proportion of the 
population who would have received a booster dose having accounted for age-specific 
booster uptakes, assuming the national average population age structure. (B) For each 
predictor, the box and whiskers show the posterior distribution of the product of the log 
predictor coefficient and the predictor inclusion probability; the left-hand and right-hand 
values show the estimates for before and after 26 December, respectively. Posterior 
distributions are coloured according to predictor type: geographic distances (geo distance, 
dark blue), population sizes at origin and destination (pop size ori & pop size dest, black), 
aggregated mobility (mobility mat, purple), mobility-based community membership level 
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1 and level 2 (comm overlap l1 & l2, purple), Greater London origin and destination (gr 
LDN ori & gr LDN dest, red), time of peak incidence at origin and destination (peak time 
ori & peak time dest, orange), the residual of a regression of sample size against case 
count regression at either origin and destination (sample res ori & sample res dest, 
yellow), and effective booster uptake at origin and destination (booster uptake ori & 
booster uptake dest, brown). 
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Fig. A.18. Trends in human mobility across England. (A) Weekly human mobility 
flows relative to pre-pandemic levels (averaged over period from 3 November 2019 to 28 
December 2019) across different spatial scales (red: <30 km, yellow: 30-60 km, blue: 60-
100 km, dark grey: >100 km). (B) Weekly changes in within-LTLA mobility relative to 
pre-Omicron levels (averaged over period from 12 September 2021 to 6 November 2021 
for each LTLA individually). Thick black line represents the weekly mobility changes 
averaged over all LTLAs; each thin grey line represents the weekly mobility changes for 
a single LTLA. Vertical line shows 24th of December 2021. 
 
 
 



 119 

Table A.1. Imputation of initial growth rate in branching process model. Kullback-
Leibler (KL) divergences (KL1 = 𝐷$*(Data	||	Model) and KL2 = 𝐷$*(Model	||	Data)) 
and the Wasserstein distance between the weekly proportions of local Omicron BA.1 
infections attributed to importations that occurred at different times, as (i) inferred from 
phylodynamic analysis and (ii) predicted by branching process models with different 
initial growth rates. The initial growth rate in each model was imputed using estimates 
taken from the early growth phase of the epidemic (2021-12-04 to 2021-12-15). The 
smallest value for each distance measure is shown in bold. 

Initial growth rate taken from KL1 KL2 Wasserstein 

2021-12-04 2.79 2.88 5.48 

2021-12-05 2.05 2.02 4.57 

2021-12-06 1.38 1.28 3.49 

2021-12-07 1.47 1.37 3.66 

2021-12-08 2.87 3.03 5.58 

2021-12-09 9.10 15.98 9.26 

2021-12-10 9.37 16.90 9.35 

2021-12-11 6.90 9.71 8.38 

2021-12-12 2.11 1.94 4.56 

2021-12-13 0.90 0.73 2.01 

2021-12-14 2.89 2.63 6.14 

2021-12-15 5.26 5.07 8.93 
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Table A.2. Imputation of initial growth rate in branching process model (sensitivity 
analysis using incidence estimates from the UK Office of National Statistics). 
Kullback-Leibler (KL) divergences (KL1 = 𝐷$*(Data	||	Model) and KL2 =
𝐷$*(Model	||	Data)) and the Wasserstein distance between the weekly proportions of 
local Omicron BA.1 infections attributed to importations that occurred at different times, 
as (i) inferred from phylodynamic analysis and (ii) predicted by branching process models 
with different initial growth rates. The initial growth rate in each model was imputed 
using estimates taken from the early growth phase of the epidemic (2021-11-20 to 2021-
12-20). The smallest value for each distance measure is shown in bold. Note that the UK 
Office of National Statistics (ONS) case incidence (central) estimates are used here for 
the estimation of daily case growth rates, instead of case incidence data from the 
GOV.UK COVID-19 Dashboard. 

Initial growth rate taken from KL1 KL2 Wasserstein 

2021-11-20 5.20 4.85 5.17 

2021-11-21 5.35 4.97 5.24 

2021-11-22 5.49 5.09 5.29 

2021-11-23 4.82 4.58 5.04 

2021-11-24 5.08 4.76 5.13 

2021-11-25 5.36 4.97 5.24 

2021-11-26 3.66 3.88 4.68 

2021-11-27 3.67 3.89 4.68 

2021-11-28 2.78 3.59 4.66 

2021-11-29 2.66 3.99 5.10 

2021-11-30 3.03 4.77 5.68 

2021-12-01 5.07 8.19 7.46 

2021-12-02 11.08 23.92 9.89 

2021-12-03 12.13 28.45 10.19 

2021-12-04 11.67 26.32 10.06 

2021-12-05 10.05 19.76 9.58 

2021-12-06 8.87 15.78 9.18 

2021-12-07 7.59 12.20 8.70 

2021-12-08 9.51 18.03 9.40 

2021-12-09 9.32 17.35 9.34 

2021-12-10 9.24 17.08 9.31 

2021-12-11 7.15 10.78 8.51 

2021-12-12 4.99 6.21 7.36 
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2021-12-13 2.74 2.80 5.43 

2021-12-14 1.58 1.43 3.83 

2021-12-15 0.79 0.62 1.60 

2021-12-16 1.31 1.12 3.03 

2021-12-17 2.72 2.45 5.75 

2021-12-18 4.31 4.04 7.90 

2021-12-19 6.02 5.89 9.72 

2021-12-20 7.21 7.28 10.81 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 122 

Table A.3. Predictors of viral lineage movements in England. Summary table and 
descriptions of predictors considered in the discrete phylogeographic GLM analysis. For 
location-specific predictors (as indicated by an asterisk), we included both an origin and 
a destination covariate in the GLM model. 

Predictor Domain Time-varying Description 

Geographical 
distance between 
origin and 
destination 

Geography No Geographical distance between the 
origin and destination calculated using 
the Haversine formula in km 

Population size* Demography No Population size at the 
origin/destination, from population 
estimates obtained by the Office of 
National Statistics in mid-year 2020 

Aggregated 
mobility matrix 

Human 
mobility 

Yes Average weekly number of trips taken 
between origin and destination 
estimated from Google COVID-19 
Aggregated Mobility Research 
Dataset; given that the mobility flux 
between two locations does not in 
general differ from symmetry in a 
statistically significant manner (i.e. the 
magnitude of mobility flux in either 
direction is generally very similar for 
a given connection), we considered a 
mobility matrix that was symmetrised 

Community 
memberships from 
mobility network 
(level-1/2)* 

Human 
mobility 

Yes A binary variable [0,1] indicating 
whether the origin and destination 
belong to the same community at 
level-1/2; community structures were 
identified from the human mobility 
network as described by the 
aggregated mobility matrix, using the 
community detection algorithm 
Infomap (1, 2), with level-1/2 
corresponding to the tree-depth at 
which the communities were 
extracted; level-1 has a higher level of 
aggregation (fewer communities) 
compared to level-2 (more 
communities) 

Greater London / 
non-Greater 
London indicator* 

Geography/ 
Epidemiology 

No A binary variable [0,1] indicating 
whether the origin/destination is in the 
Greater London region 

Timing of peak in 
Omicron BA.1 case 
incidence* 

Epidemiology No Timing of first peak in Omicron BA.1 
case incidence at the 
origin/destination, measured as the 
number of days from 1 December 
2021 
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Sampling residuals* Sampling No Residuals from a regression of sample 
size against Omicron BA.1 case count 
at origin/destination; time-invariant 
residuals were used due to the small 
number of samples in some locations 
during the post-expansion phase 
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Table A.4. Definitions of Lower Tier Local Authorities (LTLAs). Table of LTLAs 
that have been deprecated and aggregated into newly defined LTLAs, according to recent 
definitions used in the report of population estimates for the UK in mid-2020, compiled 
by the Office of National Statistics, UK. 

Most recent LTLA definition Deprecated LTLA definition(s) 

E06000058 
(Bournemouth, Christchurch and Poole) E06000028, E06000029, E07000048 

E06000060 
(Buckinghamshire) 

E07000004, E07000005, E07000006, 
E07000007 

E06000059 
(Dorset) 

E07000049, E07000050, E07000051, 
E07000052, E07000053 

E07000244 
(East Suffolk) E07000205, E07000206 

E07000244 
(West Suffolk) E07000201, E07000204 

E07000246 
(Somerset West and Taunton) E07000190, E07000191 
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3 
Toward optimal disease surveillance with 

graph-based active learning  
 

Following my work on Omicron BA.1, my research focus shifted to address a broader 

challenge of improving our approach to disease surveillance. This shift was motivated by 

a key finding from Chapter 2 suggesting that the targeted travel restrictions implemented 

during the Omicron outbreak were largely ineffective. This ineffectiveness stemmed in 

part from policy decisions based on incomplete risk assessments - specifically, the failure 

to account for viral importation from major international travel hubs not covered by the 

travel bans. This highlighted an urgent need for surveillance systems capable of providing 

more accurate and timely risk assessments to inform containment efforts. The work 

presented in this chapter represents an initial step towards addressing this need, through 

the development of an adaptive test deployment framework that enables more accurate 

inference of the underlying disease distribution across a mobility network under resource 

constraints. 

A manuscript describing this work was first made available on MedRxiv as a 

preprint on 21st June 2024, and later published in PNAS on 19th December 2024, under 

the title “Toward optimal disease surveillance with graph-based active learning”. It is 

presented here in full, with minor modifications to ensure consistency of formatting and 

style within this thesis. 

Tsui, J.L.-H.*, Zhang, M.*, Sambaturu, P., Busch-Moreno, S., Suchard, M.A., Pybus, 
O.G., Flaxman, S., Semenova, E. and Kraemer, M.U.G. (2024) ‘Toward optimal disease 
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surveillance with graph-based active learning’, Proceedings of the National Academy of 
Sciences of the United States of America, 121(52), p. e2412424121. 

(* indicates joint-first authorship) 

 

3.1     Abstract 

Tracking the spread of emerging pathogens is critical to the design of timely and effective 

public health responses. Policymakers face the challenge of allocating finite resources for 

testing and surveillance across locations, with the goal of maximizing the information 

obtained about the underlying trends in prevalence and incidence. We model this 

decision-making process as an iterative node classification problem on an undirected and 

unweighted graph, in which nodes represent locations and edges represent movement of 

infectious agents among them. To begin, a single node is randomly selected for testing 

and determined to be either infected or uninfected. Test feedback is then used to update 

estimates of the probability of unobserved nodes being infected and to inform the 

selection of nodes for testing at the next iterations, until certain test budget is exhausted. 

Using this framework, we evaluate and compare the performance of previously developed 

active learning policies for node selection, including Node Entropy and Bayesian Active 

Learning by Disagreement. We explore the performance of these policies under different 

outbreak scenarios using simulated outbreaks on both synthetic and empirical networks. 

Further, we propose a policy that considers the distance-weighted average entropy of 

infection predictions among neighbours of each candidate node. Our proposed policy 

outperforms existing ones in most outbreak scenarios given small test budgets, 

highlighting the need to consider an exploration–exploitation trade-off in policy design. 

Our findings could inform the design of cost-effective surveillance strategies for 
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emerging and endemic pathogens and reduce uncertainties associated with early risk 

assessments in resource-constrained situations. 

 

3.2     Introduction 

Infectious disease surveillance is necessary for managing infectious disease outbreaks, 

enabling public health authorities to monitor and respond to ongoing disease spread. 

Notable examples in the past decade include the 2014–2016 West African and 2018–2020 

Kivu Ebola virus epidemics, and the COVID-19 pandemic, for which the early detection 

and continued tracking of the virus’ spread helped to inform the design of interventions 

including targeted vaccination (1-5), case isolation (6-10), and social distancing (11-14). 

Without timely and accurate surveillance data, the effectiveness of these interventions 

would likely have been compromised. For example, travel restrictions targeted at 

countries where new variants of SARS-CoV-2 were first observed were rendered largely 

ineffective by delays in case detection and insufficient pathogen sequencing (15, 16). 

Similarly, the lack of baseline testing prior to the 2015–2016 Zika virus epidemic in the 

Americas likely contributed to the delay in the identification of the scale of disease 

spread, thereby allowing the virus to disseminate to new locations before a coordinated 

response was initiated (17, 18). 

Well-documented examples of effective disease surveillance have been limited 

largely to within-country initiatives [e.g., the Real-time Assessment of Community 

Transmission (REACT) in the United Kingdom (19) and the National Notifiable Diseases 

Surveillance System (NNDSS) in the United States (20)], while globally coordinated 

programs remain rare (21). This can lead to disproportionate or inequitable distributions 

of testing resources within and between regions or countries, with some locations able to 

conduct large-scale mass testing for sustained periods of time, while others manage only 
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sparse or sporadic testing (22, 23). One study showed that the intensity of viral genomic 

sequencing during the COVID-19 pandemic was positively associated with Research & 

Development expenditures at a country level (24). This likely allowed the virus to 

continue proliferating undetected in locations with insufficient testing, potentially 

prolonging local outbreaks. 

Previous research on infectious disease surveillance has focused primarily on 

developing models to identify sentinel sites or subpopulations, with the objective of 

classifying nodes in networks that could serve as observational units for monitoring 

disease spread (25-27). Since the COVID-19 pandemic, there has been growing interest 

in the design of optimal control measures to contain transmission (28), with some studies 

examining the cost-effectiveness of different strategies for testing and isolation (29-32); 

one recent study also explored the impact of different air travel regulations on the 

likelihood of a local epidemic escalating into a global pandemic (33). However, the 

effectiveness of these interventions depends ultimately on the capacity of local authorities 

to conduct surveillance and to collectively provide i) timely data of where the disease has 

been detected (34-36), and ii) an accurate assessment of overall disease distribution (both 

presence and absence of infections) at any stage of an outbreak – a challenge which, to 

the best of our knowledge, has received little attention to date. 

This study attempts to address this problem; specifically, we consider how testing 

should be performed across a mobility network, with the objective of providing accurate 

estimates of where a disease is present, given a fixed budget of testing resources. We 

hypothesize that the design of an appropriate policy for this task can be formulated as a 

node classification problem with active learning (AL), where the objective is to select 

nodes in a partially observed graph for labelling in a manner that maximizes the 

performance of a model predicting the label of unobserved nodes, while minimizing the 
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amount of labelled data required (37). Importantly, we note that this differs from a related 

problem that arises frequently in the context of early case detection and contact-tracing – 

also referred to as active search in Garnett et al. (38) – where the objective is to find as 

many infected individuals as possible given a fixed test budget. This motivates the 

development of an adaptive test deployment framework, which we use to evaluate and 

compare the performance of previously developed AL policies for infectious disease 

surveillance. We further propose a policy that takes into consideration graph-based 

uncertainties, named Selection by Local Entropy (LE), which we show outperforms 

similar existing policies in most outbreak scenarios and on networks with a diverse range 

of structural properties, including those commonly found in empirical human mobility 

networks, especially when test budgets are small. 

 

3.3     Materials and methods 

3.3.1     Disease surveillance as a node classification task 

We consider the deployment of a disease surveillance program on a mobility network as 

a node classification task, in which the mobility network is represented as an undirected 

and unweighted graph 𝐺 = (𝑉, 𝐸), with nodes 𝑣+ ∈ 𝑉 representing locations, and edges 

J𝑣+ , 𝑣,K ∈ 𝐸 representing the existence of movement of infectious agents between 

nodes 𝑣+ and 𝑣,. Assuming that there is an underlying distribution of infections resulting 

from an infectious disease outbreak, the goal of a policymaker (or agent) in this 

classification task is to predict the presence or absence of the disease (or whether disease 

prevalence is above or below a certain threshold) at any unobserved node, given the 

knowledge of the infection status of a subset of nodes in the network. 
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To generate an underlying disease distribution across the mobility network, we 

simulate an infectious disease outbreak by modelling its spread as a stochastic 

Susceptible-Infected (SI) process on graphs, such that transmission can occur only 

between an infected node and an uninfected node if there is an edge between them. We 

assume that the outbreak originates from a single, randomly selected node and terminates 

when a certain proportion (10%, 30%, or 50%) of nodes become infected (Fig. 3.1A, red 

compartment; see also column 3 in Table 3.2 and Section B.1 in Appendix B for further 

details). Importantly, we assume that the timescale over which transmission occurs is 

sufficiently longer than the timescale over which testing resources are deployed, such that 

the resulting disease distribution at the end of the simulated outbreak can be considered 

as static over the course of the surveillance program (Fig. 3.1A, blue compartment). To 

indicate the underlying disease distribution, we assign each node 𝑣+ in the mobility 

network a binary label 𝑦+ ∈ {0,1} to represent its infection status, where 𝑦+ = 1 if the 

node is infected (disease presence) and 𝑦+ = 0 if uninfected (disease absence). 
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Fig. 3.1. Disease surveillance on a static graph as a node classification task with 
active learning. (A) A schematic illustration of the simulation of infectious disease 
spread on an undirected and unweighted graph (Left-hand side, red compartment), 
followed by the implementation of a disease surveillance program under an adaptive 
test deployment framework assuming a static disease distribution (Right-hand side, 
blue compartment). The flow of information/data from one component of the 
framework to another is represented as arrows. The eye symbol indicates when the 
underlying disease distribution is queried, thereby revealing the true infection status 
of a selected node. (B) Key concepts behind our proposed policy named Selection by 
Local Entropy. i) An example showcasing the decreasing influence of an observed 
node on the estimated infection probability of remaining unobserved nodes in a graph 
with a chain-like structure. The violin plot shows the posterior distribution of the 
infection probabilities for the remaining unobserved nodes at different 𝑑-hop 
distances from the observed node on the far-left (node 0); the posterior mean of the 
probability of each node being infected is indicated by a white horizontal line. The 
black dashed line indicates an infection probability of 0.5 (i.e., most uncertain). ii) An 
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where H(vk|Dr ) is the entropy of the label prediction for node vk , conditional on the 
currently observed data  Dr = {

(
v1, y1

)
,
(
v2, y2

)
, ⋯ ,

(
vn, yn

)
} (SI Appendix, 

S.4 for the formula to calculate the entropy of label prediction in the case of binary 
classification).

Key insights that motivate the definition of Local Entropy can be summarized 
as follows:

1. The information that can be gained from the observation of a node is likely 
to be greater if it is in close proximity to other unlabeled nodes with highly 
uncertain label predictions [see panel (i) in Fig. 1B].

2. The influence that a new observation has on the label predictions for sur-
rounding nodes decays with increasing hopping distance d . This, together 
with insight (1), motivates the definition of Ωsurr

k,r  for a given candidate node vk , 

A

B

Fig. 1.   Disease surveillance on a static graph as a node classification task with active learning. (A) A schematic illustration of the simulation of infectious disease 
spread on an undirected and unweighted graph (Left- hand side, red compartment), followed by the implementation of a disease surveillance program under an 
adaptive test deployment framework assuming a static disease distribution (Right- hand side, blue compartment). The flow of information/data from one component 
of the framework to another is represented as arrows. The eye symbol indicates when the underlying disease distribution is queried, thereby revealing the true 
infection status of a selected node. (B) Key concepts behind our proposed policy named Selection by Local Entropy. i) An example showcasing the decreasing 
influence of an observed node on the estimated infection probability of remaining unobserved nodes in a graph with a chain- like structure. The violin plot shows 
the posterior distribution of the infection probabilities for the remaining unobserved nodes at different d- hop distances from the observed node on the far- left 
(node 0); the posterior mean of the probability of each node being infected is indicated by a white horizontal line. The black dashed line indicates an infection 
probability of 0.5 (i.e., most uncertain). ii) An illustration of the concept of local d- hop neighborhoods, represented by black dashed concentric circles, centered 
around a candidate node (green triangle). The green shading indicates the distance weight which decreases with increasing d- hop distance from the candidate 
node following an inverse relationship. iii) An example showcasing the trade- off between exploration and exploitation, with Selection by Local Entropy preferring 
the selection of the candidate node in the unexplored region (orange triangle) over candidate nodes lying along decision boundaries (green triangles). iv) An 
example illustrating the effect of normalization by the sum of distance weights over all d- hop neighborhoods (see definition of Local Entropy), resulting in an 
equal preference for candidate nodes that lie in the peripheral (green triangle) and central (orange triangle) region of a graph.
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illustration of the concept of local 𝑑-hop neighbourhoods, represented by black 
dashed concentric circles, centred around a candidate node (green triangle). The green 
shading indicates the distance weight which decreases with increasing 𝑑-hop distance 
from the candidate node following an inverse relationship. iii) An example 
showcasing the trade-off between exploration and exploitation, with Selection by 
Local Entropy preferring the selection of the candidate node in the unexplored region 
(orange triangle) over candidate nodes lying along decision boundaries (green 
triangles). iv) An example illustrating the effect of normalisation by the sum of 
distance weights over all 𝑑-hop neighbourhoods (see definition of Local Entropy), 
resulting in an equal preference for candidate nodes that lie in the peripheral (green 
triangle) and central (orange triangle) region of a graph.  
 

Provided that the infection status of a subset of nodes is observed, the infection status of 

remaining unobserved nodes can then be inferred probabilistically by considering their 

connections to the observed nodes; we refer to the model that performs this inference as 

a surrogate model (orange box in Fig. 3.1A). Here, we adopt an approach known as 

Conditional Autoregressive (CAR) model (39), which estimates the probability that each 

node is infected (or its posterior distribution under a Bayesian framework) conditional on 

the infection status of the observed nodes alone (i.e., there are no external data informing 

the probability estimates except for the observed infection status; see Section B.2 in 

Appendix B for a detailed description of the model). To assess the degree to which the 

surrogate model is able to correctly predict the infection status of remaining unobserved 

nodes given the observed data, we evaluate the Area Under the Receiver Operating 

Characteristics Curve (AUC) by comparing the infection probability estimates (posterior 

mean from the CAR model) with the true underlying infection status, where a higher 

AUC indicates a better predictive performance. 
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3.3.2     Test allocation as an active learning task 

Given a fixed test budget (i.e., a fixed number of tests to be allocated), the predictive 

performance of the surrogate model will vary depending on which nodes are selected for 

testing [a task known as AL (37)] and therefore the observed data that are available for 

model training. To maximize this performance, we consider a number of existing AL 

policies with a particular focus on those that are adaptive, i.e., policies that select nodes 

for testing in an iterative fashion until the test budget is exhausted (37). At each iteration, 

observed data from previous tests are used as input to retrain the surrogate model and to 

generate infection probability estimates for remaining unobserved nodes; these estimates 

are then used to guide the selection process at the next iteration, with selection criterion 

depending on the policy of choice (Fig. 3.1A, blue compartment). 

We consider two adaptive AL policies in this study, namely, Node Entropy (NE) 

(40) and Bayesian Active Learning by Disagreement (BALD) (41). Both of these policies 

are uncertainty-based, as they select nodes for testing according to where the surrogate 

model’s predictions are considered to be most uncertain (refer to Table 1 for detailed 

descriptions of both policies, and Section B.3 in Appendix B for BALD specifically). For 

comparison, we also consider two nonadaptive, graph-based AL policies, i.e., unobserved 

nodes are selected for testing by considering only their positions in the network, without 

using information from previous test iterations (Table 1 for more detailed descriptions). 
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Table 3.1. Summary of policies considered in this study. Abbreviation for each policy 
is shown in brackets following the policy name. For all policies, random tie-breaking is 
performed if and when there are multiple candidate nodes given equal preference 
according to a selection criterion. 

Allocation policy Policy type Brief description 

Node Entropy (NE) (40)  Select the unlabelled node with the 
highest entropy in its label prediction 
according to the surrogate model. 

Bayesian Active Learning 
by Disagreement (BALD) 
(41) 

Select the unlabelled node with the 
highest mutual information between 
label prediction and posterior from the 
surrogate model. 

Local Entropy (LE) (our 
proposed policy) 

Select the unlabelled node with the 
highest Local Entropy, as defined by 
Eqs. 1–3, with 𝜆 = 0 (maximal 
exploration). 

Degree Centrality (DC) - Graph-based 
- Non-adaptive  

Select the unlabelled node with the 
highest degree centrality (most 
connections). 

PageRank Centrality (PC) Select the unlabelled node with the 
highest PageRank centrality (42). 

Reactive-Infected (RI) - Benchmark 
- Adaptive  

Select at random an unlabelled node 
among immediate neighbours of nodes 
that are known to be infected from 
previous observations, if available; 
otherwise, sample randomly from 
remaining unlabelled nodes. 

Random (RAND) - Benchmark 
- Non-adaptive 

Select an unlabelled node at random. 

 

Table 3.2. Summary of all experiments conducted in this study. 

Experiment Graph(s) Outbreak scenario(s) 

Preliminary (only 
uncertainty-based 
policies are 
considered) 

Aperiodic lattice graph (with 
square tiling) 

50 random outbreak realizations, 
with each outbreak terminating 
when at least 30% of the nodes 
become infected (𝐼/𝑁 = 0.3). 
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Synthetic graphs Periodic lattice graph (with 
square tiling) (graph-based 
policies are not considered) 

50 random outbreak realizations for 
each termination condition (𝐼/𝑁 =
0.1, 0.3, 0.5); this amounts to a 
total of 150 random outbreak 
realization for each graph. 

A random graph generated by 
the Barabási–Albert model (46), 
with each node having a 
minimum of two connections 
(𝑚 = 2) 
A random graph generated by 
the stochastic block model (47), 
with low-modularity settings 
(Section B.4 in Appendix B) 
A random graph generated by 
the stochastic block model (47), 
with high-modularity settings 
(Section B.4 in Appendix B) 

Empirical human 
mobility networks 

Graphs derived from aggregated 
mobility data collected from 
mobile phone users in Italy at 
the provincial level during 
March to May, 2020 (48), with 
thinning thresholds 𝑇!"#$$#$% =
10%, 15%, 20% (Section B.5 in 
Appendix B) 
Graphs derived from global air 
traffic data collected at the 
country level during January to 
March, 2020 (49), with thinning 
thresholds 𝑇!"#$$#$% = 2.5%, 
5%, 7.5% (Section B.6 in 
Appendix B) 

 

 

 

3.3.3     Our proposed policy: Selection by Local Entropy (LE) 

One potential drawback of using selection criteria based on uncertainty-based metrics 

alone (as seen in NE and BALD) is that they can lead to a bias toward selecting nodes 

from regions with highly heterogeneous node labels. In the context of infectious disease 

surveillance, this can be interpreted as a preference for “exploitation” in an exploration–
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exploitation trade-off, where exploitation means the selection of nodes that lie along the 

boundaries between infected and uninfected regions (i.e., decision boundaries) and 

therefore have highly uncertain infection status predictions despite the availability of 

data, and “exploration” means the selection of nodes from less observed regions of the 

graph and therefore with uncertain infection status predictions that are informed by little 

data [panel (iii) in Fig. 3.1B]. Previous attempts to account for this trade-off have been 

made, particularly in the context of AL with Graph Neural Network (GNN) models (43), 

whereby the exploration of less observed regions is encouraged by increasing the 

probability that a node is selected according to the number of unlabelled neighbours it 

has (44), or the degree to which the candidate node is representative of its unlabelled 

neighbours in feature space according to their node attributes (45). 

With insights from these previous efforts, we propose here a policy which we refer 

to as Selection by Local Entropy (LE). This policy evaluates the informativeness of an 

unlabelled node by taking into account not only the uncertainty in the predicted label of 

the candidate node itself but also that of surrounding nodes. At a given iteration 𝑟, we 

define the Local Entropy of an unlabelled node 𝑣" as a linear combination of the entropy 

of the label prediction for node 𝑣" itself, denoted by Ω",.
(#/0, and the distance-weighted 

average entropy of the label predictions for surrounding nodes, denoted by Ω",.(1.., as 

follows, 

Ω",. = 𝜆Ω",.
(#/0 + (1 − 𝜆)Ω",.(1.. (1) 

with 𝜆 ∈ [0,1], and 

Ω",.
(#/0 = H(𝑣"|𝑫𝒓) (2) 

Ω",.(1.. =
∑ ∑ H(𝑣+|𝑫𝒓)/𝑑3!∈5(6,3")
6#$%
67!

∑ ∑ 1/𝑑3!∈5(6,3")
6#$%
67!

(3) 
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where H(𝑣"|𝑫𝒓) is the entropy of the label prediction for node 𝑣", conditional on the 

currently observed data 𝑫𝒓 = {(𝑣!, 𝑦!), (𝑣%, 𝑦%), … , (𝑣8, 𝑦8)}. 

Key insights that motivate the definition of Local Entropy can be summarized as follows: 

1. The information that can be gained from the observation of a node is likely to be 

greater if it is in close proximity to other unlabelled nodes with highly uncertain label 

predictions [see panel (i) in Fig. 3.1B]. 

2. The influence that a new observation has on the label predictions for surrounding 

nodes decays with increasing hopping distance 𝑑. This, together with insight (1), 

motivates the definition of Ω",.(1.. for a given candidate node 𝑣", as the sum of the 

entropies of the label predictions for all surrounding nodes, with the contribution from 

nodes in each 𝑑-hop neighbourhood [denoted by 𝑉(𝑑, 𝑣")] weighted by the inverse 

of their hopping distance, 1/𝑑 (Eq. 3). This summation extends up to a maximum 𝑑-

hop distance 𝑑9:;, beyond which the influence of a new observation on the label 

predictions for unobserved nodes is assumed to be negligible. Altogether, Ω",.(1.. 

serves as a proxy measure of the total impact that an observation of a candidate node 

𝑣" is likely to have on the label predictions for surrounding nodes [see panel (ii) 

in Fig. 3.1B]. 

3. This sum, as described in (2), is normalised by the sum of the distance weights (1/𝑑) 

across all 𝑑-hop neighbourhood (up to a hopping distance of 𝑑9:;); this prevents a 

bias where centrally located nodes would have larger values of Ω",.(1.., simply due to 

having more connections. As a result of this normalisation, there is an equal 

preference for nodes in both the peripheral regions (with low centrality) and central 

regions (with high centrality) of a network, assuming that both regions are equally 

unexplored [panel (iv) in Fig. 3.1B]. 
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4. Although Ω",.
(#/0 and Ω",.(1.. are generally correlated for a given candidate node 𝑘, the 

strength and direction of the correlation is not always the same. For example, an 

unobserved node in a relatively unexplored region of the network is likely to have 

both high Ω",.
(#/0 and Ω",.(1.., whereas an unobserved node lying along a decision 

boundary would have low Ω",.(1.. (due to surrounding nodes being observed) but high 

Ω",.
(#/0 (due to conflicting information from nearby observed nodes with opposite 

infection status). The design choice of our proposed selection criterion as a linear 

combination of Ω",.
(#/0 and Ω",.(1.. therefore provides a practical heuristic to balance the 

trade-off between exploration and exploitation through different values of the 

weighting parameter 𝜆. In the case where 𝜆 = 1, we recover the uncertainty-based 

policy NE which performs node selection based on node entropy Ω",.
(#/0alone; see Fig. 

B.2 in Appendix B for a sensitivity analysis exploring the effect of different values of  

𝜆. 

Note that we set 𝑑9:; to the graph diameter 𝑑<  (i.e., the largest geodesic distance 

between any pair of nodes) and 𝜆 = 0 (i.e., maximal exploration) in all subsequent 

considerations of our proposed policy LE. See Figs. B.1 and B.2 in Appendix B for 

sensitivity analyses exploring the impact of different values of 𝑑9:; and 𝜆, considering 

outbreak scenarios on an aperiodic lattice graph (with 𝐼/𝑁 = 0.5); future work should 

investigate how these results generalise to more diverse outbreak settings and network 

structures. 
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3.3.4     Policy evaluation under different network structures and outbreak 

scenarios 

We conduct three sets of experiments as summarized in Table 2, with each experiment 

considering a different graph and outbreak scenario. Specifically, we consider synthetic 

graphs generated by different generative models (column 2 in Table 2) and therefore with 

different degree distributions and varying levels of community structure and structural 

disorder. We also consider two empirical human mobility datasets (row 3 in Table 2), 

from which we derive two unweighted and undirected graphs following a procedure 

known as graph thinning, where only mobility flows above a certain thinning threshold 

are preserved (see Sections B.5, B.6 in Appendix B for details). 

To explore the impact of different stages of outbreak progression on policy 

performance, we simulate outbreaks with different termination conditions, as measured 

by the proportion of nodes that are infected (column 3 in Table 2). For each random 

outbreak realization on a given network, 25 different nodes are randomly selected as the 

initial labelled node, with nodes of either infection status being equally likely to be 

selected; at the beginning of each experiment, the infection status of the same initial 

labelled node is made available to all agents (with each agent being assigned one of the 

policies being considered). This is done to account for any variability in policy 

performance resulting from different initial observations, as well as stochasticity from the 

Markov chain Monte Carlo (MCMC) inference process and from random tie-breaking 

whenever two or more candidate nodes are given equal preference by a policy according 

to its selection criterion. 
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3.3.5     Measuring policy performance and test budget specifications 

Following the selection of an initial labelled node for a simulated outbreak, as described 

above, we assess the performance of a given agent (policymaker) at each test iteration by 

evaluating the AUC, based on a comparison between the current label predictions from 

the surrogate model (given the available data) and the true infection status of remaining 

unobserved nodes. The performance of an agent at a given test iteration 𝑟 can therefore 

be interpreted as the performance of its designated policy for a given test budget 𝑟, 

assuming no further test deployments. 

In each experiment, which considers simulated outbreaks at a specific stage of 

progression on a given graph, we compare the performance of different policies over a 

range of test budgets. The maximum test budget is determined by the median number of 

test iterations required by the Reactive-Infected (RI) policy to identify all infected nodes 

across all relevant outbreak realizations. Since RI mimics a “contact tracing” approach 

(Table 1 for a more detailed description of RI), this maximum represents the average 

minimum number of tests required to identify all infected nodes in a given outbreak 

scenario. It is therefore only when considering test budgets below this maximum that the 

objective of accurately predicting the presence or absence of a disease of interest across 

a mobility network—without complete identification of all infected nodes—may be 

considered relevant to public health decisions. In all following experiments, we compare 

the performance of the different policies only at test iterations up to this maximum; full 

results are presented in Figs. B.3, B.4 in Appendix B. 
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3.4     Main results 

3.4.1     Disease surveillance on an aperiodic regular lattice graph 

As a preliminary experiment to illustrate the differences between the uncertainty-based 

policies considered, we evaluate and compare their performance on an aperiodic regular 

lattice graph with square tiling. We observe that our proposed policy LE on average 

performs better than both NE and BALD at small numbers of test iterations (𝑟 < 30; Fig. 

3.2B). LE and NE show similar performance between 𝑟 = 30 and 𝑟 = 50; at 𝑟 > 50, 

however, NE overtakes LE as the best performing policy with an AUC that rapidly 

approaches 1, while both LE and BALD struggle to attain a perfect AUC. The difference 

in performance between LE and NE can be understood in the context of the exploration–

exploitation trade-off as described above: at small 𝑟, LE encourages an even allocation 

of tests across the graph (exploration), while NE favours regions with highly 

heterogeneous disease distributions (exploitation) (see columns 2 and 3 in Fig. 3.2A)—

this results in a more rapid increase in model performance for LE as 𝑟 increases. At large 

𝑟, however, the greater preference for exploitation by NE means that almost all nodes 

along the decision boundary are sampled; this results in an AUC that rapidly approaches 

1. Although LE also shows a preferential selection of nodes close to the decision 

boundary at large 𝑟, it does so at a much slower rate than does NE. 
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Fig. 3.2. Comparison of Selection by Local Entropy (LE) with existing 
uncertainty-based policies in the context of simulated outbreaks on an aperiodic 
lattice graph. (A) Test allocation by three selected agents, with each agent assigned 
a different policy (LE, NE, or BALD). Each square panel shows the distribution of 
observed (squares) and unobserved (circles) nodes up to a given test iteration (𝑟 = 10, 
40, 100; as indicated by labels on the Left) for a given agent (as indicated by labels 
at the Top). Each node is coloured according to its true infection status (red if infected 
and blue if uninfected, with circles that represent unobserved nodes having a lower 
opacity). (B) The top plot shows the performance of the three selected agents for a 
single outbreak realization, as measured by the AUC; higher AUC values indicate 
better performance. The Bottom plot shows the performance of LE and the two 
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human mobility datasets (row 3 in Table 2), from which we derive two unweighted 
and undirected graphs following a procedure known as graph thinning, where 
only mobility flows above a certain thinning threshold are preserved (SI Appendix, 
S.6 and S.7 for details).

To explore the impact of different stages of outbreak progression on policy per-
formance, we simulate outbreaks with different termination conditions, as measured 
by the proportion of nodes that are infected (column 3 in Table 2). For each random 
outbreak realization on a given network, 25 different nodes are randomly selected 
as the initial labeled node, with nodes of either infection status being equally likely 
to be selected; at the beginning of each experiment, the infection status of the 
same initial labeled node is made available to all agents (with each agent being 
assigned one of the policies being considered). This is done to account for any 
variability in policy performance resulting from different initial observations, as well 
as stochasticity from the Markov chain Monte Carlo (MCMC) inference process and 
from random tie- breaking whenever two or more candidate nodes are given equal 
preference by a policy according to its selection criterion.

Measuring Policy Performance and Test Budget Specifications. Following 
the selection of an initial labeled node for a simulated outbreak, as described 
above, we assess the performance of a given agent (policymaker) at each test 
iteration by evaluating the AUC, based on a comparison between the current 
label predictions from the surrogate model (given the available data) and the true 
infection status of remaining unobserved nodes. The performance of an agent at 
a given test iteration r  can therefore be interpreted as the performance of its des-
ignated policy for a given test budget r  , assuming no further test deployments.

In each experiment, which considers simulated outbreaks at a specific stage of 
progression on a given graph, we compare the performance of different policies 
over a range of test budgets. The maximum test budget is determined by the 
median number of test iterations required by the Reactive- Infected (RI) policy 
to identify all infected nodes across all relevant outbreak realizations. Since RI 
mimics a “contact tracing” approach (Table 1 for a more detailed description of 
RI), this maximum represents the average minimum number of tests required to 
identify all infected nodes in a given outbreak scenario. It is therefore only when 
considering test budgets below this maximum that the objective of accurately 
predicting the presence or absence of a disease of interest across a mobility net-
work—without complete identification of all infected nodes—may be considered 
relevant to public health decisions. In all following experiments, we compare the 
performance of the different policies only at test iterations up to this maximum; 
full results are presented in SI Appendix, Figs. S1 and S2.

Main Results

Disease Surveillance on an Aperiodic Regular Lattice Graph. As 
a preliminary experiment to illustrate the di!erences between the 
uncertainty- based policies considered, we evaluate and compare 
their performance on an aperiodic regular lattice graph with 
square tiling. We observe that our proposed policy LE on average 
performs better than both NE and BALD at small numbers of test 
iterations ( r < 30 ; Fig. 2B). LE and NE show similar performance 
between r = 30 and r = 50 ; at r > 50 , however, NE overtakes LE 
as the best performing policy with an AUC that rapidly approaches 
1, while both LE and BALD struggle to attain a perfect AUC. 
#e di!erence in performance between LE and NE can be 
understood in the context of the exploration–exploitation trade- 
o! as described above: at small r , LE encourages an even allocation 
of tests across the graph (exploration), while NE favors regions 
with highly heterogeneous disease distributions (exploitation) (see 
columns 2 and 3 in Fig. 2A)—this results in a more rapid increase 
in model performance for LE as r increases. At large r , however, 
the greater preference for exploitation by NE means that almost 
all nodes along the decision boundary are sampled; this results 
in an AUC that rapidly approaches 1. Although LE also shows a 
preferential selection of nodes close to the decision boundary at 
large r , it does so at a much slower rate than does NE.

 BALD on average performs worse than NE and LE across all 
test budgets. #is is due to its apparent preferential selection of 

low-degree nodes (either in the corners or along the edges); only 
at  r > 40    (at which point no low-degree nodes remain) does BALD 
exhibit a pattern of test allocation that resembles that of NE. #e 
observed underperformance of BALD is consistent with results 
from a previous evaluation of existing AL policies for node 
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Fig. 2.   Comparison of Selection by Local Entropy (LE) with existing uncertainty- 
based policies in the context of simulated outbreaks on an aperiodic lattice 
graph. (A) Test allocation by three selected agents, with each agent assigned a 
different policy (LE, NE, or BALD). Each square panel shows the distribution of 
observed (squares) and unobserved (circles) nodes up to a given test iteration 
( r = 10, 40, 100 ; as indicated by labels on the Left) for a given agent (as indicated 
by labels at the Top). Each node is colored according to its true infection status 
(red if infected and blue if uninfected, with circles that represent unobserved 
nodes having a lower opacity). (B) The top plot shows the performance of the 
three selected agents for a single outbreak realization, as measured by the 
AUC; higher AUC values indicate better performance. The Bottom plot shows 
the performance of LE and the two existing uncertainty- based policies (NE 
and BALD), each summarized across 1,250 agents (50 outbreak realizations, 
each with 25 unique initial labeled nodes); the shaded region represents the 
interquartile range and the solid line represents the median. The Inset in each 
plot shows the same data in the interval 10 ≤ r ≤ 115 on an enlarged scale.
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existing uncertainty-based policies (NE and BALD), each summarized across 1,250 
agents (50 outbreak realizations, each with 25 unique initial labelled nodes); the 
shaded region represents the interquartile range and the solid line represents the 
median. The Inset in each plot shows the same data in the interval 10 ≤ 𝑟 ≤ 115 on 
an enlarged scale. 
 

BALD on average performs worse than NE and LE across all test budgets. This is due to 

its apparent preferential selection of low-degree nodes (either in the corners or along the 

edges); only at 𝑟 > 40 (at which point no low-degree nodes remain) does BALD exhibit 

a pattern of test allocation that resembles that of NE. The observed underperformance of 

BALD is consistent with results from a previous evaluation of existing AL policies for 

node classification (50), likely explained by the fact that BALD does not consider the 

graph structure in its formulation (41). 

 

3.4.2     Disease surveillance on synthetic graphs 

There are three key observations from our results presented in Fig. 3.3. First, all policies 

except for BALD and RI outperform random allocation (RAND) across all outbreak 

scenarios, especially at large 𝑟 when the performance of random allocation appears to 

only increase slowly with increasing 𝑟. Given the preferential selection of low-degree 

nodes by BALD, as mentioned, it is not surprising that BALD only shows comparable 

performance in the periodic lattice graph which has no degree variation. Second, 

uncertainty-based policies (NE, BALD, and LE) underperform substantially compared to 

graph-based heuristics (DC and PC) on the synthetic graph generated by the Barabási–

Albert model (hereafter referred to as the BA graph), especially when considering 

outbreaks at early (𝐼/𝑁 = 0.1) or intermediate (𝐼/𝑁 = 0.3) stages, with DC and PC 

together being ranked top greater than 50% of the time, on average, across all test budgets 

(Fig. B.7 and Table B.4 in Appendix B). This observation can be explained by considering 
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the infection-assortativity, 𝑟=>?@AB=C>, which in the context of disease distribution, is a 

measure of the tendency for two connected nodes to share the same infection status [as 

has been repeatedly shown in empirical studies that mobility synchronizes epidemics 

across locations (51); see Section B.7 in Appendix B for definition of infection-

assortativity]. Evaluating the average 𝑟=>?@AB=C> value across all outbreak realizations on 

each graph shows that outbreaks on the BA graph have on average the lowest 𝑟=>?@AB=C> at 

0.20 [compared to 0.64 for the periodic lattice graph, 0.48 and 0.63 for the graphs 

generated by the stochastic block model (SB graph) with low and high modularity (52), 

respectively]. A low (but positive) 𝑟=>?@AB=C> value indicates a weak tendency for two 

connected locations to share the same infection status, and therefore a low degree of 

homophily in the underlying disease distribution. This results in an overall poor predictive 

performance from the surrogate model, which in turn limits the effectiveness of 

uncertainty-based policies. In such cases, it may then be advantageous to consider node 

centrality alone during node selection, especially at small 𝑟 when there are little data to 

inform model predictions. Note also that PC tends to perform better than DC—this is not 

unexpected given that nodes with the most connections are not necessarily the most 

central in a network. 
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Fig. 3.3. Policy evaluation with simulated outbreaks on synthetic graphs. Each 
panel (A, B, C, and D) corresponds to results from experiments with simulated 
outbreaks on a different synthetic graph (panel A: a periodic regular lattice graph with 
square tiling; panel B: a random graph generated by the Barabási–Albert model, with 
each node having a minimum of two connections (𝑚 = 2) ); (C): a random graph 
generated by the stochastic block model at low-modularity settings; (D) a random 
graph generated by the stochastic block model at high-modularity settings). Summary 
statistics relevant to the structure of each graph [number of nodes (𝑁), number of 
edges (𝐸), average node degree (𝑑DEF), clustering coefficient (𝐶), and degree 
assortivity (𝑟G@FH@@)] are shown in the Top-Left part of each panel. In the Bottom-
Left part of each panel are visualizations of three selected disease distributions (with 
their corresponding seeds shown), each at a different stage of outbreak progression as 
measured by the proportion of nodes infected (𝐼/𝑁 = 0.1, 0.3, 0.5); nodes are coloured 
according to their true infection status (red if infected and blue if uninfected). In 
the Right part of each panel, each column shows results from experiments considering 
disease distributions at a different stage of outbreak progression. The Top plot in each 
column shows the performance of policies considered in the corresponding experiment, 
as measured by the AUC, with a higher AUC indicating a better performance; the shaded 
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classi!cation ( 49 ), likely explained by the fact that BALD does 
not consider the graph structure in its formulation ( 40 ).  

 Disease Surveillance on Synthetic Graphs.     "ere are three key obser-
vations from our results presented in  Fig. 3 . First, all policies except 
for BALD and RI outperform random allocation (RAND) across all 
outbreak scenarios, especially at large  r    when the performance of ran-
dom allocation appears to only increase slowly with increasing  r    . 

Given the preferential selection of low-degree nodes by BALD, as 
mentioned, it is not surprising that BALD only shows comparable 
performance in the periodic lattice graph which has no degree varia-
tion. Second, uncertainty-based policies (NE, BALD, and LE) under-
perform substantially compared to graph-based heuristics (DC and 
PC) on the synthetic graph generated by the Barabási–Albert model 
(hereafter referred to as the BA graph), especially when considering 
outbreaks at early (  I∕N = 0.1    ) or intermediate (  I∕N = 0.3    ) stages, 
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Fig. 3.   Policy evaluation with simulated outbreaks on synthetic graphs. Each panel (A, B, C, and D) corresponds to results from experiments with simulated 
outbreaks on a different synthetic graph (panel A: a periodic regular lattice graph with square tiling; panel B: a random graph generated by the Barabási–Albert 
model, with each node having a minimum of two connections ( m = 2 ); (C): a random graph generated by the stochastic block model at low- modularity settings; 
(D) a random graph generated by the stochastic block model at high- modularity settings). Summary statistics relevant to the structure of each graph [number 
of nodes ( N ), number of edges ( E  ), average node degree ( d

avg
 ), clustering coefficient ( C  ), and degree assortativity ( r

degree
 )] are shown in the Top- Left part of each 

panel. In the Bottom- Left part of each panel are visualizations of three selected disease distributions (with their corresponding seeds shown), each at a different 
stage of outbreak progression as measured by the proportion of nodes infected ( I∕N = 0.1, 0.3, 0.5 ); nodes are colored according to their true infection status (red 
if infected and blue if uninfected). In the Right part of each panel, each column shows results from experiments considering disease distributions at a different 
stage of outbreak progression. The Top plot in each column shows the performance of policies considered in the corresponding experiment, as measured by 
the AUC, with a higher AUC indicating a better performance; the shaded region represents the interquartile range and the solid line represents the median. 
The Bottom plot in each column shows the frequency with which each policy is ranked top according to its AUC at each iteration (or every 2nd or 3rd iteration, 
where indicated), normalized by the difference between the highest and lowest frequencies across different test budgets in the corresponding experiment 
(refer to SI Appendix, Fig. S5 and Tables S1–S4 for the absolute frequencies); a larger circle with a greater opacity indicates a higher frequency of the policy being 
ranked top at a given test iteration. The performance of each policy is only shown up to the median number of test iterations required for all infected nodes to 
be observed among agents assigned to Reactive- Infected (RI) (SI Appendix, Fig. S1 for full results).D
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region represents the interquartile range and the solid line represents the median. 
The Bottom plot in each column shows the frequency with which each policy is ranked 
top according to its AUC at each iteration (or every 2nd or 3rd iteration, where indicated), 
normalised by the difference between the highest and lowest frequencies across different 
test budgets in the corresponding experiment (refer to Fig. B.7 and Tables B.1-B.4 in 
Appendix B for the absolute frequencies); a larger circle with a greater opacity indicates 
a higher frequency of the policy being ranked top at a given test iteration. The 
performance of each policy is only shown up to the median number of test iterations 
required for all infected nodes to be observed among agents assigned to Reactive-Infected 
(RI) (see Fig. B.3 in Appendix B for full results).  
 

Finally, we observe generally favourable performance for LE across most of the outbreak 

scenarios on graphs with a high degree of structural order (unlike the BA graph, as 

described), especially at small 𝑟. At larger 𝑟, however, we again observe superior 

performance for NE, with AUCs that rapidly approach 1. This can again be explained by 

the preference for exploitation over exploration by NE, which leads to the complete 

observation of the decision boundary between infected and uninfected regions given a 

sufficient number of tests. This is also reflected in the observation that NE is substantially 

more likely to be ranked top at large 𝑟 (right-panel in Fig. B.7 and Tables B.1-B.3 in 

Appendix B), compared to LE at small 𝑟 (partly because of the limited information 

available when the number of observed nodes is small and therefore smaller distinction 

in policy performance). 

 

3.4.3     Disease surveillance on empirical human mobility networks 

From Fig. 3.4, it is evident that the two graphs derived from empirical human mobility 

data have markedly different structural properties. Graph A, generated from aggregated 

mobility data derived from mobile phone trajectories in Italy at the provincial level (48), 

shows distinct community structures that closely resemble the SB graphs described in the 

previous section. In contrast, Graph B, generated from the global air traffic data collected 
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at the country level (49), displays structural properties similar to those of the BA graph. 

This is consistent with previous studies showing that the global air traffic network has 

scale-free properties (53, 54) [e.g., both have a negative degree assortativity (Fig. 3.4B), 

indicating a hub-and-spoke rather than hub-and-hub structure (55)]. 

 

Fig. 3.4. Policy evaluation with simulated outbreaks on graphs derived from 
empirical human mobility data. Each panel (A and B) corresponds to results from 
experiments with simulated outbreaks on a graph derived from a different empirical 
human mobility dataset (panel A: within-country movements from smartphone data 
collected in Italy at the provincial level between March and May 2020 (48), with 
thinning threshold 𝑇BI=>>=>F = 15%; panel B: between-country human movement 
from air traffic data collected between January and March 2020 (49), with thinning 
threshold 𝑇BI=>>=>F = 5%). Summary statistics relevant to the structure of each graph 
[number of nodes (𝑁), number of edges (𝐸), average node degree (𝑑DEF), clustering 
coefficient (𝐶), and degree assortivity (𝑟G@FH@@)] are shown at the top of each panel, 
followed by (left) a visualization of the graph overlaid on a corresponding map (with 
the size of each node indicating node degree) and (right) a visualization of the same 

8 of 10   https://doi.org/10.1073/pnas.2412424121 pnas.org

during early stages of an outbreak when the etiology is unknown. 
Conversely, uncertainty-based policies are typically more e!ective 
in highly ordered networks with well-de"ned community structures. 
In particular, with our proposed policy (Selection by Local Entropy) 
which considers graph-based uncertainties in its selection criterion, 
we were able to show that more frequent exploration results in better 
performance given a small test budget, while targeting regions in the 
network with observed heterogeneous disease distribution (exploita-
tion) is more favorable given a large test budget. Finally, we "nd that 

following an approach akin to contact tracing (selecting immediate 
neighbors of infected nodes) generally leads to inferior performance 
compared to other policies in terms of characterizing the overall 
disease distribution. A comprehensive assessment of the overall dis-
tribution could potentially allow for a more detailed study of the 
underlying transmission process (e.g., identifying drivers of spread 
by iteratively re"tting prediction models of disease progression on 
a network), and provide an opportunity to improve the joint mod-
eling of infectious diseases and sampling more generally.
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Fig. 4.   Policy evaluation with simulated outbreaks on graphs derived from empirical human mobility data. Each panel (A and B) corresponds to results from 
experiments with simulated outbreaks on a graph derived from a different empirical human mobility dataset (panel A: within- country movements from smartphone 
data collected in Italy at the provincial level between March and May 2020 (39), with thinning threshold T

thinning
= 15% ; panel B: between- country human movement 

from air traffic data collected between January and March 2020 (40), with thinning threshold T
thinning

= 5% ). Summary statistics relevant to the structure of each 
graph [number of nodes ( N ), number of edges ( E  ), average node degree ( d

avg
 ), clustering coefficient ( C  ), and degree assortativity ( r

degree
 )] are shown at the top 

of each panel, followed by (left) a visualization of the graph overlaid on a corresponding map (with the size of each node indicating node degree) and (right) 
a visualization of the same graph in a force- directed layout. The 2nd to 4th rows of each panel correspond to the different stages of outbreak progression at 
which the performance of the different policies is evaluated, as measured by the proportion of nodes infected ( I∕N = 0.1, 0.3, 0.5 ). In the left part of each row 
is the visualization of a selected disease distribution (from one of 50) on the corresponding map; tiles are colored according to their true infection status (red 
if infected and blue if uninfected). In the right part of each panel, each column shows results from experiments considering disease distributions at a different 
stage of outbreak progression. The Top plot in each column shows the performance of policies considered in the corresponding experiment, as measured by 
the AUC, with a higher AUC indicating a better performance; the shaded region represents the interquartile range and the solid line represents the median. 
The Bottom plot in each column shows the frequency with which each policy is ranked top according to its AUC at each iteration (or every nth iteration, where 
indicated), normalized by the difference between the highest and lowest frequencies across different test budgets in the corresponding experiment (refer to 
SI Appendix, Fig. S6 and Tables S5 and S6 for the absolute frequencies); a larger circle with a greater opacity indicates a higher frequency of the policy being 
ranked top at a given test iteration. The performance of each policy is only shown up to the median number of test iterations required for all infected nodes to 
be observed among agents assigned to Reactive- Infected (RI) (SI Appendix, Fig. S2 for full results).
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graph in a force-directed layout. The 2nd to 4th rows of each panel correspond to the 
different stages of outbreak progression at which the performance of the different 
policies is evaluated, as measured by the proportion of nodes infected (𝐼/𝑁 = 0.1, 0.3, 
0.5). In the left part of each row is the visualization of a selected disease distribution 
(from one of 50) on the corresponding map; tiles are coloured according to their true 
infection status (red if infected and blue if uninfected). In the right part of each panel, 
each column shows results from experiments considering disease distributions at a 
different stage of outbreak progression. The Top plot in each column shows the 
performance of policies considered in the corresponding experiment, as measured by the 
AUC, with a higher AUC indicating a better performance; the shaded region represents 
the interquartile range and the solid line represents the median. The Bottom plot in each 
column shows the frequency with which each policy is ranked top according to its AUC 
at each iteration (or every nth iteration, where indicated), normalised by the difference 
between the highest and lowest frequencies across different test budgets in the 
corresponding experiment (refer to Fig. B.8, and Tables B.5, B.6 in Appendix B for the 
absolute frequencies); a larger circle with a greater opacity indicates a higher frequency 
of the policy being ranked top at a given test iteration. The performance of each policy is 
only shown up to the median number of test iterations required for all infected nodes to 
be observed among agents assigned to Reactive-Infected (RI) (see Fig. B.4 in Appendix 
B for full results). 
 

We observe that policy performances on Graphs A and B are similar to those from 

experiments on the SB graphs and BA graph, respectively. Most notably for Graph A, LE 

again shows rapid increases in model performance given small numbers of test iterations, 

only to be surpassed by NE at large 𝑟, as expected; this observation is consistent across 

different stages of outbreak progression (Fig. B.8 in Appendix B). For Graph B, graph-

based policies (DC, PC) outperform uncertainty-based policies especially at small 𝑟, 

again consistent with results from experiments on the BA graph. However, the superior 

performance of these graph-based policies extends only to larger values of 𝑟 if the 

outbreak under surveillance is in its early stages (i.e., 𝐼/𝑁 = 0.1); at later stages of 

outbreak progression, the performance of these policies decreases with further increases 

in 𝑟. 

This counterintuitive observation can be explained by considering the changes in 

the distribution of the decision boundary between the infected and uninfected regions in 
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the graph during a transmission process. At the beginning of an outbreak, nodes that are 

centrally located are more likely to be infected early on due to their high degree of 

connectivity. This implies that most of the decision boundary between infected and 

uninfected regions can be found close to the central nodes, thus explaining the superior 

performance of graph-based policies which preferentially select nodes with high degree 

of centrality. As the outbreak progresses, the decision boundary shifts toward the 

periphery of the graph with the already infected central nodes acting as secondary hubs 

of the emerging pathogen. This results in a decrease in the performance of graph-based 

policies, as the central nodes continue to be targeted while the peripheral regions of the 

graph (where most heterogeneities in the disease distribution lie) remain largely 

unexplored. Note that a similar drop in the performance of PC (columns 2 and 3 in Fig. 

3.3B) at large 𝑟 during later stages of outbreak progression (𝐼/𝑁 = 0.3 and 𝐼/𝑁 = 0.5) 

can also be observed. 

The same reasoning can also potentially explain the unexpected superior 

performance of BALD at large 𝑟 during later stages of an outbreak on the BA graph 

(𝐼/𝑁 = 0.5) in Fig. 3.3B; see also middle- and right-panels in Fig. B.7 and Table B.4 in 

Appendix B), with most heterogeneities in disease distribution lying in the peripheral 

regions that are preferentially sampled by BALD. Whereas during the early stages of an 

outbreak, most heterogeneities in disease distribution are likely to be found in the central 

regions of a network, therefore resulting in the superior performance of graph-based 

policies (DC, PC) which target highly connected nodes and RI at small 𝑟 (𝐼/𝑁 = 0.1 

in Fig. 3.3C and D; see also left-panel in Fig. B.7, and Tables B.2, B.3 in Appendix B), 

albeit with only modest top-ranking frequencies given the small number of observed 

nodes. More generally, provided that the number of infected nodes is sufficiently small 

and that they are confined to a small, local region of the graph, any policy for which there 
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is a high probability of selecting an infected node is likely to perform well compared to 

other policies, especially when given a small test budget. 

 

3.5     Discussion 

In this work, we investigated how a finite amount of testing resources should be allocated 

across a network of locations connected by mobility, in order to maximise the information 

gained about the underlying distribution of an infectious disease. We formulate this task 

as a node classification problem with active learning, with the objective of providing 

accurate assessment of where the disease is likely to be present or absent given a fixed 

test budget. We proposed a policy that selects nodes for testing according to a measure of 

the distance-weighted average entropy of the label predictions in the local neighbourhood 

of a given candidate node. We then evaluated and compared the performance of different 

policies, including our proposed policy, under a range of different outbreak scenarios and 

graph structures. 

Our results show that in general there is not a single policy that performs optimally 

across all outbreak scenarios. Instead, the performance of a given policy depends on both 

the test budget available (relative to the size of the network) and the geometry of the 

underlying disease distribution, which is in turn determined by network structure and 

extent of the outbreak. For example, graph-based policies that target central nodes 

perform better than uncertainty-based policies when the underlying disease spread cannot 

be modelled with a high degree of accuracy and certainty, as is often the case during early 

stages of an outbreak when the aetiology is unknown. Conversely, uncertainty-based 

policies are typically more effective in highly ordered networks with well-defined 

community structures. In particular, with our proposed policy (Selection by Local 

Entropy) which considers graph-based uncertainties in its selection criterion, we were 
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able to show that more frequent exploration results in better performance given a small 

test budget, while targeting regions in the network with observed heterogeneous disease 

distribution (exploitation) is more favourable given a large test budget. Finally, we find 

that following an approach akin to contact tracing (selecting immediate neighbours of 

infected nodes) generally leads to inferior performance compared to other policies in 

terms of characterizing the overall disease distribution. A comprehensive assessment of 

the overall distribution could potentially allow for a more detailed study of the underlying 

transmission process (e.g., identifying drivers of spread by iteratively refitting prediction 

models of disease progression on a network), and provide an opportunity to improve the 

joint modelling of infectious diseases and sampling more generally. 

It should be noted that, while we are able to obtain insights into how different 

policies are likely to behave under different scenarios, a quantitative assessment of their 

overall performance—and the extent to which one policy should be recommended over 

another given any outbreak—requires a more detailed and systematic examination across 

the various parameter spaces considered, which is beyond the scope of this work. Such 

assessments are particularly important in comparing the costs and benefits of different 

policies, especially when little is known about the transmission dynamics of the disease 

or when the underlying mobility network is unknown (56, 57); future studies should focus 

on developing appropriate evaluation metrics with consideration of relevant public health 

contexts and under more realistic model assumptions (see below). 

Although we observe consistent results across experiments on both synthetic 

graphs and empirically derived networks, it is important to interpret these findings in the 

context of the assumptions made, particularly regarding their generalizability to real-

world scenarios. A key limitation of our approach is the assumption that the underlying 

mobility network can be represented as an undirected and unweighted graph. In reality, 
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mobility networks are highly heterogeneous with mobility fluxes that vary across both 

regions (e.g., air traffic among European countries versus African countries) and 

directions (e.g., net inflow of air passengers arriving at tourist destinations during holiday 

seasons). This limitation is also relevant to infectious diseases with alternative modes of 

transmission (e.g., sexually transmitted diseases, vector-borne diseases), for which the 

network capturing the spatial correlation in disease distribution may involve factors other 

than human movement and cannot be adequately described by an undirected and 

unweighted graph. For example, in the case of a vector-borne disease, edges in the 

corresponding network might represent the absence of geographic barriers that prevent 

vector movement, with edge weights indicating the environmental suitability for vector 

survival both at the origin/destination location and during transit, which could be time-

varying especially for climate-sensitive infectious diseases such as dengue (58–61) and 

malaria (62–64). Future extensions should consider alternative surrogate models that are 

able to incorporate these effects when generating label predictions, e.g., GNNs, Gaussian 

Processes on graphs (65, 66), and spatial mechanistic models that explicitly model the 

movement of infectious individuals. 

Another limitation of this study is the assumption of static disease distributions. 

This implies that the timescale over which transmission events between locations occur 

is sufficiently longer than the timescale of test deployment, such that the underlying 

disease distribution can be treated as static. While this is unlikely to be a realistic 

assumption for most disease outbreaks—except for some endemic diseases that are more 

slowly changing in their prevalence, such as HIV/AIDS (67) and Tuberculosis (TB) (68) 

– it nevertheless allowed us to gain theoretical insights into the various factors one must 

consider when designing disease surveillance strategies given different network 

structures and outbreak scenarios. To address this limitation, future work should consider 
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the correlation in infection status not only between nodes but also across time, given 

either prior assumptions of the underlying transmission dynamics or information from 

historical transmission events that are inferred to have occurred given the data. In this 

dynamic setting, it might also be advisable to consider testing multiple locations at once 

[similar to batch AL (69)], as opposed to only a single location per iteration as presented 

in our work. Further, future work should also consider the incorporation of external time-

series data (e.g., frequency of patients with specific symptoms, rate of hospitalization) 

and other data types (e.g., pathogen genomic data, wastewater data) that are independent 

of surveillance efforts and explore how such data can be used to inform test allocation. 

Finally, we assume here an idealized implementation of disease surveillance, with i) no 

observational noise (i.e., the true infection status of a selected node is always revealed 

upon testing); ii) equal access to testing resources at all nodes (i.e., there are no 

restrictions on which nodes can be selected for testing); and iii) equal cost per test across 

all nodes and times. However, in practice, i) the infection status of a location could be 

misclassified due to measurement error or low prevalence, leading to differences in test 

informativeness; ii) test deployment at certain locations may be hindered by logistical 

challenges and limitations in local infrastructures (24); and iii) testing cost may vary 

across both space and time due to factors such as local disease prevalence, geographical 

accessibility, staffing and operational expenses (e.g., higher personnel costs in remote or 

hazardous locations). Future studies should consider more realistic assumptions of how 

testing resources are deployed and how varying costs impact the design of allocation 

strategies (e.g., greater resources might be necessary in areas with low disease prevalence, 

larger populations, or regions with higher logistical and operational costs). 

Our findings are relevant to infectious disease surveillance in resource-

constrained settings and in situations where practical challenges render the complete 
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detection of all infected populations unfeasible or cost-inefficient. We propose a flexible 

and principled approach to evaluating the design and execution of adaptive surveillance 

strategies with the overall aim of maximizing the information gained from each round of 

testing. More generally, our adaptive test deployment framework can be extended to 

consider transmission processes with greater complexities (e.g., SEIR models, spatially 

explicit semi-mechanistic models, alternative transmission pathways) and more realistic 

mobility networks (e.g., as directed and weighted graphs, with time-varying edge weights 

and node attributes) that are derived from empirical data, and with additional constraints 

to account for imperfect testing (e.g., observational noise and delay in test feedback, 

presence of nodes that are inaccessible to surveillance efforts). Applications of our model 

in real-world contexts could provide the opportunity for more cost-effective and rapid 

identification and monitoring of pathogens while reducing the uncertainties associated 

with early risk assessments of infectious diseases. 
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Appendix B: 
Supplementary materials for Chapter 3 
 

 

B.1     Stochastic susceptible-infected process on graphs 

Each node is initially in the susceptible (S) state. At 𝑡 = 0, a single node is randomly 

selected and set to the infected (I) state. At each following time step where 𝑡 > 0, we 

assume that there is a fixed probability 𝑝 = 0.1 for any infected node to infect their 

susceptible neighbors, i.e. any nodes that are in the susceptible state and are connected to 

the infected node by an edge. In this simple SI process, it is assumed that infected nodes 

do not recover or become immune - once infected, they remain infected indefinitely with 

the same constant probability of onward transmission, 𝑝, throughout the rest of the 

simulation. This process continues until a certain proportion of nodes are infected, as 

specified by a target 𝐼/𝑁 value, where 𝐼 is the number infected nodes and 𝑁 is the total 

number of nodes in the graph. Different values of 𝐼/𝑁 indicate different stages of 

outbreak progression at the time of disease surveillance. 

An important implication resulting from the assumptions made in the SI process 

as described, is that a node can only be infected if at least one of its immediate neighbours 

is also infected (with the exception of the initially infected node), i.e. all infected nodes 

must be connected in the graph. This implies that there can only be a single infected 

region, however with potentially multiple uninfected regions and therefore multiple 

decision-boundaries (lines or surfaces separating infected and uninfected regions). The 

distribution of these decision-boundaries in a network varies between outbreaks 

depending on both the network structure and the stage of outbreak progression 

(proportion of nodes that are infected). 
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B.2     Conditional Autoregressive Model (CAR) as a surrogate model 

The Conditional Autoregressive (CAR) model (1) is widely used in the small area 

estimation domain, where data typically consist of observations 𝒚 = [𝑦!, 𝑦%, … , 𝑦8] over 

a set of 𝑛 spatial units, which in the context of our study represent the observed infection 

status of a subset of locations in a mobility network. The CAR model assumes that the 

value of a variable at one location (e.g., infection status) depends on the values at 

neighbouring locations, with weights specified by a spatial adjacency matrix 𝑨. For 

unweighted models, such as the one we work with in this paper, the adjacency matrix 𝑨 

is binary, capturing the presence or absence of edges between corresponding nodes. The 

spatial random effect 𝒇 = [𝑓!, 𝑓%, … , 𝑓8] follows a multivariate normal prior with 

precision matrix 𝑸: 

𝑓 ∼ 𝒩(0,𝑸J!) (1) 

𝑸 = 𝜏(𝑫 − 𝛼𝑨) (2) 

where 𝑫 is a diagonal matrix with diagonal elements corresponding to the number of 

neighbours each location has, and 𝜏 is the scale parameter with prior 𝜏 ∼

logNormal(0, 0.1). The parameter 𝛼 captures the amount of spatial correlation between 

connected locations and can take any value between -1 (perfect heterophily, i.e. 

neighbouring nodes have opposite labels) and 1 (perfect homophily, i.e. neighbouring 

nodes have the same labels). In all experiments, we set 𝛼 = 0.95 to reflect our prior 

assumption of a strong spatial correlation in disease distribution (across a mobility 

network), consistent with assumptions frequently made in real-world outbreak 

investigations and observations from numerous empirical studies, notably those 

examining the spread of respiratory diseases, such as H1N1 and SARS-CoV-2 across the 

global air traffic network (2–4). We also set 𝛼 < 1 to retain a proper CAR prior (𝛼 = 1 

yields an intrinsic CAR prior with a singular matrix) to prevent over-smoothing of sharp 
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decision-boundaries, as well as to avoid numerical instability and poor MCMC 

convergence associated with near-singular precision matrices 𝑄 as 𝛼 → 1. Given the 

primary aim of this study is to compare the relative performance of different allocation 

policies under a fixed surrogate model, the exploration of how different assumptions of 

spatial dependence (e.g., smaller 𝛼 values or 𝛼 as a learned parameter) would impact 

policy performance is left as an important direction for future work. 

Much like Gaussian Processes (GPs) (5, 6) are a standard model of choice for 

continuous space modelling, the CAR model is a default choice for spatial statistics over 

a discrete areas. Future work should explore a wider range of surrogates, such as label 

propagation (7), Graph Neural Networks (GNNs) (8), and GPs on graphs when no 

knowledge about the spread of the disease is available, or spatially explicit mechanistic 

models like SIR and SEIR when the underlying transmission mechanics are known. 

 

B.3     Bayesian Active Learning by Disagreement (BALD) 

Bayesian Active Learning by Disagreement (BALD) (9) is one of the state-of-the-art 

acquisition policies in active learning. It selects the data instances that maximise the 

decrease in expected posterior entropy, 

𝑣.K! = argmax
3∈5

𝐼(𝜃; 𝑦|𝑣, 𝑫𝒓) (3) 

where 𝜃 is the latent parameters and 𝑫𝒓 is the set of data instances labelled up to iteration 

𝑟, and the mutual information, 𝐼, is defined as follows: 
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𝐼(𝜃; 𝑦|𝑣, 𝑫𝒓	) = H(𝜃|𝑫𝒓) − 𝔼L∼NO𝑦P𝑣,𝑫𝒓Q
H(𝜃|𝑦, 𝑣, 𝑫𝒓)	

= H(𝑦|𝑣, 𝑫𝒓) − 𝔼R∼NO𝜃P𝑫𝒓Q
H(𝑦|𝜃, 𝑣, 𝑫𝒓)	

= H[∫ 𝑝(𝑦|𝑣, 𝜃)𝑝(𝜃|𝑫𝒓)𝑑𝜃] − ∫ H[𝑝(𝑦|𝑣, 𝜃)]𝑝(𝜃|𝑫𝒓)𝑑𝜃	

≈ H |
1
𝑛}𝑝(𝑦|𝑣, 𝜃+)

8

+7!

~ −
1
𝑛}H[𝑝(𝑦|𝑣, 𝜃+)]

8

+7!

(4) 

where 𝜃+ ∼ 𝑝(𝜃|𝑫𝒓). 

For Gaussian Process classification tasks, Houlsby et al. (2011) (9) provided 

approximations of BALD. This formulation highlights that the mutual information can be 

approximated using posteriors obtained numerically. Hence, one can use surrogates of 

any complexity as long as their parameters can be estimated in a Bayesian manner. 

 

B.4     Generating random graphs with community structure using the 

stochastic block model 

We used the stochastic block (SB) model (10) to generate random graphs with different 

levels of community structure. We began by first specifying the number of communities, 

𝑘, and the size of each community. In this study, we set 𝑘 to 5 with the size of each 

community selected at random while keeping the total number of nodes in the graph at 

160. To control the level of community structure, we varied the value of parameters 𝑝+8S.: 

and 𝑝+8S#., i.e. the probability of connection within a community and between 

communities, respectively. For example, a high 𝑝+8S.: with a low 𝑝+8S#. indicates a strong 

community structure, with nodes within communities being tightly connected and only 

sparse connections between communities. To generate a random graph with a high level 

of community structure, we set the parameters to (𝑝+8S.: , 𝑝+8S#.) = (0.14, 0.001); and to 

generate a random graph with a lower level of community structure, we set 

(𝑝+8S.: , 𝑝+8S#.) = (0.08, 0.005). 
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One common way to quantify the level of community structure present in a graph 

is to compute its modularity (11). The modularity of a graph is a measure of the degree 

to which it can be partitioned into distinct modules or communities; it is defined as the 

fraction of the edges that fall within communities minus the expected fraction of edges 

that would fall within communities if edges were distributed randomly. Give a graph with 

adjacency matrix 𝑨, its modularity is given by 

𝑄 =
1
2𝑚}�𝐴+, −

𝑘+𝑘,
2𝑚 � 𝛿J𝑐+ , 𝑐,K

+,

(10) 

where 𝑚 is the total number of edges in the graph, 𝑘+ and 𝑘, are the degrees of node 𝑖 and 

𝑗, and 𝛿(𝑐+ , 𝑐,) is 1 if node 𝑖 and 𝑗 are in the same community, and 0 otherwise. 

Applying the above formula shows that the random graph generated using the SB 

model with a high level of community structure has a modularity of 0.72, whereas the 

random graph with a lower level of community structure has a modularity of 0.62. 

 

B.5     Pre-processing of within-country human mobility data collected at 

provincial level in Italy 

A dataset containing daily aggregated mobility data collected from mobile phone users in 

Italy at provincial level, covering the period between 18 January and 26 June 2020 (12), 

was downloaded from https://covid19mm.github.io/data.html on 26 February 2024. The 

data consists of the daily number of smartphone users moving both within and between 

107 provinces, normalized by the number of active users each week, which has been 

shown to be roughly constant throughout the collection period. Here we focus our analysis 

on the period between March and May (inclusive), during which a national lockdown 

(from 9 March to 18 May, 2020) was imposed by the Italian government in response to 

the emerging COVID-19 outbreak. 
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To construct a static graph from the mobility data, we first summed the mobility 

flows over both directions for each pair of provinces to obtain a symmetric matrix for 

each day, which was then averaged across the 3-month period. The resulting matrix was 

then converted into an unweighted graph using a procedure known as graph-thinning. In 

this process, edges representing pairs of provinces were ranked according to their total 

mobility flow as calculated earlier; edges were then removed one at a time starting from 

those ranked the lowest while ensuring that the graph remained connected. This iterative 

process continued until a certain target proportion of the original edges remained; this 

target proportion is known as the thinning-threshold. Finally, all edge weights are 

removed. 

The choice of this threshold takes into consideration the balance between 1) the 

need to remove edges with very low mobility flows and are therefore less relevant to the 

overall structure of the graph, versus 2) the need to retain enough edges in order to 

preserve important structural properties (e.g., presence of travel hubs and community 

structure) of the graph. With these in mind, the thinning-thresholds of 10%, 15% and 20% 

were specified. To ensure robustness, the same experiments were repeated on each of the 

resulting graphs (see Fig. B.5); however, only results from experiments performed on the 

graph with a thinning-threshold of 15% are presented in Fig. 3.4. 

 

B.6     Pre-processing of between-country air traffic data collected at country 

level 

A dataset containing monthly air traffic data collected at country level, covering the 

period between January and March 2020 (13), was downloaded from 

https://zenodo.org/records/7472836 on 1 March 2024. The data consists of the monthly 

number of air passengers travelling both within and between countries. To construct an 
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undirected and unweighted graph from the data, the same procedure as described in 

Section B.5 was performed. Due to the much greater number of edges (as a result of a 

greater number of nodes and the presence of long-range movements in the air traffic 

network), a lower thinning-threshold was used to ensure the surrogate model can be fitted 

within a reasonable timeframe at each iteration given the available computational 

resources. With the considerations as described in Section B.5, the thinning-thresholds of 

2.5%, 5% and 7.5% were specified. Again, the same experiments were repeated on each 

of the resulting graphs to ensure robustness of our results (see Fig. B.6); however, only 

results from experiments performed on the graph with a thinning-threshold of 5% are 

presented in Fig. 3.4. 

 

B.7     Degree-assortativity and infection-assortativity 

Degree-assortativity of a network, commonly denoted as 𝑟degree, is a measure of the 

tendency for nodes to connect with other nodes with similar degrees. It can take any value 

between -1 and 1, with a positive value indicating that high-degree nodes are more likely 

to connect with other high-degree nodes, and similarly for low-degree nodes (assortative 

mixing by degree). Conversely, a negative value indicates a tendency for high-degree 

nodes to connect with low-degree nodes, and vice versa (disassortative mixing by degree). 

The same idea of assortativity can be extended to other node attributes, including 

infection status as considered in this study. A positive assortativity by infection status 

(referred to as infection-assortativity hereafter) indicates a tendency for infected nodes to 

connect with other infected nodes, and similarly for uninfected nodes (assortative mixing 

by infection status). We denote the infection-assortativity of a graph with a given 

underlying disease distribution as 𝑟infection. 
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For a graph with an underlying disease distribution generated by a stochastic SI 

process (see Section B.1), we generally expect to observe a positive 𝑟infection, since a node 

can only be infected if at least one of its immediate neighbours is also infected. The exact 

value of 𝑟infection however depends on both the graph structure and the stage of outbreak 

progression (proportion of nodes infected) (see Figs. 3.3 and 3.4). 

 

 

 

 

 

 

 



 170 

 
Fig. B.1. Impact of varying 𝒅𝒎𝒂𝒙 in Selection by Local-Entropy. (A) Test allocation 
by five selected agents, each assigned a different policy (LE with 𝑑9:; = 1, 7, 13, 19, 24, 
all with 𝜆 = 0). Each square panel shows the distribution of observed (squares) and 
unobserved (circles) nodes up to test iterations 𝑟 = 10, 40, 100. Each node is coloured 
according to its true infection status (red if infected and blue if uninfected, with circles 
that represent unobserved nodes having a lower opacity). (B) The Top plot shows the 
performance of the five selected agents for a single outbreak realization, as measured by 
the AUC. The Bottom plot shows the average performance of the five LE policies with 
different 𝑑9:; values, each summarised across 1,250 agents (50 outbreak realizations, 
each with 25 unique initial labelled nodes); the shaded region represents the interquartile 
range and the solid line represents the median. 
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Notably, the choice of 𝑑9:; has relatively effect on the performance of LE except 
for 𝑑9:; = 1 (green line), where we observe a slightly higher average AUC at 
intermediate test iterations (30 ≤ 𝑟 ≤ 50). This can be explained by the smaller 𝑑9:;-
hop neighbourhood of each candidate node (within which the node entropies of 
surrounding nodes are considered in the LE selection criterion; see Eq. 1 in Chapter 3), 
which allows the decision-boundaries to be sampled more closely. However, this only 
persists until there are no remaining candidate nodes along the decision-boundary with 
unobserved neighbours (therefore with both high Ω"

(#/0 and Ω"(1..), after which the policy 
resumes sampling from relatively unexplored regions, leading to similar performance as 
other LE policies with 𝑑9:; > 1 at larger test iterations. Larger 𝑑9:; values lead to 
greater sparsity in test allocation, with patterns that resemble parallel diagonal lines that 
are evenly spaced. These patterns can be explained by the geometry of the 𝑑9:;-hop 
neighbourhood of each candidate node, which has the shape of a diamond as a result of 
the geodesic distance between nodes being determined by the Manhattan distance in a 
lattice graph; however, this effect diminishes as 𝑑9:; increases and approaches the graph 
diameter 𝑑< = 24. 
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Fig. B.2. Impact of varying 𝝀 in Selection by Local-Entropy. (A) Test allocation by 
three selected agents, each assigned a different policy (LE with 𝜆 = 0, 0.5, 1, all with 
𝑑9:; = 𝑑< = 24). Each square panel shows the distribution of observed (squares) and 
unobserved (circles) nodes up to test iterations 𝑟 = 10, 40, 100. Each node is coloured 
according to its true infection status (red if infected and blue if uninfected, with circles 
that represent unobserved nodes having a lower opacity). (B) The Top plot shows the 
performance of the three selected agents for a single outbreak realization, as measured by 
the AUC. The Bottom plot shows the average performance of the three LE policies with 
different 𝜆 values, each summarised across 1,250 agents (50 outbreak realizations, each 
with 25 unique initial labelled nodes); the shaded region represents the interquartile range 
and the solid line represents the median. 
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As expected, a smaller 𝜆 leads to a stronger preference for exploration and a more 
rapid initial increase in AUC at small test iterations; whereas a larger 𝜆 leads to the 
preferential sampling of nodes close to the decision-boundary and therefore a faster 
convergence of AUC to 1 at large test iterations, at the cost of slower initial increase in 
AUC. Interestingly, an increase in 𝜆 from 0 to 0.5 results in substantially better 
performance at large test iteration (faster convergence to a perfect AUC) with comparable 
initial performance (green line), suggesting that an intermediate 𝜆 value could be a 
suitable default choice in scenarios where the test budget is unknown a priori. 
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Fig. B.3. Full results from experiments with simulated outbreaks on synthetic 
graphs. Each row presents results from experiments with simulated outbreaks on a 
different synthetic graph (as indicated by labels on the right); each column corresponds 
to simulated outbreaks at a different stage of outbreak progression, as measured by the 
proportion of nodes infected (𝐼/𝑁 = 0.1, 0.3, 0.5; as indicated by labels at the top). Each 
plot shows the performance of policies considered in the corresponding experiment, as 
measured by the AUC; the shaded region represents the interquartile range and the solid 
line represents the median. The performance of each policy is shown up to the median 
number of test iterations required for all infected nodes to be observed among agents 
assigned to that policy, with the AUC at this cut-off indicated by a colored dot (unlike 
Fig. 3.3, where the performance of each policy is only shown up to the median number 
of test iterations required for all infected nodes to be observed among agents assigned to 
Reactive-Infected (RI)). 
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Fig. B.4. Full results from experiments with simulated outbreaks on graphs derived 
from empirical human mobility data. Each row presents results from experiments with 
simulated outbreaks on a graph derived from a different empirical human mobility dataset 
(as indicated by labels on the right); each column corresponds to simulated outbreaks at 
a different stage of outbreak progression, as measured by the proportion of nodes infected 
(𝐼/𝑁 = 0.1, 0.3, 0.5; as indicated by labels at the top). Each plot shows the performance 
of policies considered in the corresponding experiment, as measured by the AUC; the 
shaded region represents the interquartile range and the solid line represents the median. 
The performance of each policy is shown up to the median number of test iterations 
required for all infected nodes to be observed among agents assigned to that policy, with 
the AUC at this cut-off indicated by a colored dot (unlike Fig. 3.3, where the performance 
of each policy is only shown up to the median number of test iterations required for all 
infected nodes to be observed among agents assigned to Reactive-Infected (RI)). 
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Fig. B.5. Results from sensitivity analyses with simulated outbreaks on graphs 
derived from aggregated mobility data collected at provincial level in Italy. Each row 
corresponds to a different thinning-threshold (𝑇thinning = 10%, 15%, 20%; as indicated 
by labels on the right, with the number of nodes (𝑁) and edges (𝐸) remaining after graph-
thinning also shown); each column corresponds to simulated outbreaks at a different stage 
of outbreak progression (𝐼/𝑁 = 0.1, 0.3, 0.5; as indicated by labels at the top). Each plot 
shows the performance of policies considered in the corresponding experiment, as 
measured by the AUC; shaded regions represent the interquartile range and the solid lines 
represent the median. Performance of each policy is only shown up to the median number 
of test iterations required for all infected nodes to be observed under the policy Reactive-
Infected (RI). 
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Fig. B.6. Results from sensitivity analyses with simulated outbreaks on graphs 
derived from air traffic data collected at country level. Each row corresponds to a 
different thinning-threshold (𝑇thinning = 2.5%, 5%, 7.5%; as indicated by labels on the 
right, with the number of nodes (𝑁) and edges (𝐸) remaining after graph-thinning also 
shown); each column corresponds to simulated outbreaks at a different stage of outbreak 
progression (𝐼/𝑁 = 0.1, 0.3, 0.5; as indicated by labels at the top). Each plot shows the 
performance of policies considered in the corresponding experiment, as measured by the 
AUC; shaded regions represent the interquartile range and the solid lines represent the 
median. Performance of each policy is only shown up to the median number of test 
iterations required for all infected nodes to be observed under the policy Reactive-
Infected (RI). 
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Fig. B.7. Summary of top-ranking policies from experiments with simulated 
outbreaks on synthetic graphs. Each heat map presents results from experiments 
considering a different range of test budgets: low (up to one-third of the maximum test 
budget), medium (between one-third and two-thirds of the maximum), and high (above 
two-third of the maximum), with the maximum test budget determined by the median 
number of test iterations required by Reactive-Infected (RI) to identify all infected nodes 
(see Materials and Methods for more details). Each cell in a heat map corresponds to a 
specific synthetic graph (as indicated by labels on the left) and stage of outbreak 
progression (as indicated by labels at the bottom). The colour of each cell indicates the 
policy that is most frequently ranked top across the test budget range, with the 
corresponding average top-ranking frequency represented by the size of the enclosed 
circle; the numerical value (to 2 decimal places) is shown in the top-left corner of each 
cell. 
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Fig. B.8. Summary of top-ranking policies from experiments with simulated 
outbreaks on graphs derived from empirical human mobility data. Each heat map 
presents results from experiments considering a different range of test budgets: low (up 
to one-third of the maximum test budget), medium (between one-third and two-thirds of 
the maximum), and high (above two-third of the maximum), with the maximum test 
budget determined by the median number of test iterations required by Reactive-Infected 
(RI) to identify all infected nodes (see Materials and Methods for more details). Each cell 
in a heat map corresponds to a specific synthetic graph (as indicated by labels on the left) 
and stage of outbreak progression (as indicated by labels at the bottom). The colour of 
each cell indicates the policy that is most frequently ranked top across the test budget 
range, with the corresponding average top-ranking frequency represented by the size of 
the enclosed circle; the numerical value (to 2 decimal places) is shown in the top-left 
corner of each cell. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Stage of Outbreak Progression

0.32

Sy
nt

he
tic

 G
ra

ph

Lower

Higher

Top-ranking Frequency

Random (RAND) Reactive-Infected (RI) Bayesian Active Learning by Disagreement (BALD)

Degree-Centrality (DC) PageRank-Centrality (PC) Node-Entropy (NE) Local-Entropy (LE)

Test Budget: Low Test Budget: Medium Test Budget: High
0.25 0.34 0.38

0.23 0.29 0.33

0.23 0.24 0.25

0.30 0.32 0.20

0.34 0.54 0.77

0.27 0.35 0.45

0.26 0.25 0.31

0.40 0.38 0.36

0.37 0.77 0.86

0.36 0.41 0.52

0.26 0.40 0.45

0.42 0.44 0.37

G
ra

ph
 D

er
iv

ed
 fr

om
 

Em
pi

ric
al

 H
um

an
 M

ob
ili

ty

Lower

Higher

Top-ranking Frequency

Random (RAND) Reactive-Infected (RI) Bayesian Active Learning by Disagreement (BALD)

Degree-Centrality (DC) PageRank-Centrality (PC) Node-Entropy (NE) Local-Entropy (LE)

Test Budget: Low Test Budget: Medium Test Budget: High
0.22 0.22 0.26

0.32 0.35

0.23 0.31 0.34

0.48 0.29 0.43

0.32 0.39 0.35

0.53 0.28 0.49

Stage of Outbreak Progression



 180 

Table B.1. Top-ranking frequencies of policies in experiments with simulated outbreaks 
on a periodic lattice graph (with square-tiling) at different test budget levels. 

* highest frequency: BOLD 
** second highest frequency: 
underlined 

Test Budget Level 

Stage of Outbreak 
Progression 

Policy Low (up to 1/3 
of max.) 

Medium (1/3 to 
2/3 of max.) 

High (above 2/3 
of max.) 

𝐼/𝑁 = 0.1 LE 0.219169 0.2132 0.199100 

NE 0.203815 0.2445 0.369300 

BALD 0.164185 0.1051 0.072167 

RI 0.246215 0.3431 0.302267 

RAND 0.166615 0.0941 0.057167 

𝐼/𝑁 = 0.3 LE 0.338489 0.273230 0.063056 

NE 0.248163 0.538637 0.771723 

BALD 0.169348 0.085289 0.022918 

RI 0.093067 0.051911 0.134338 

RAND 0.150933 0.050933 0.007964 

𝐼/𝑁 = 0.5 LE 0.380410 0.15483 0.061580 

NE 0.283737 0.77407 0.858502 

BALD 0.163385 0.04440 0.017790 

RI 0.027424 0.00158 0.059115 

RAND 0.145044 0.02512 0.003013 
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Table B.2. Top-ranking frequencies of policies in experiments with simulated outbreaks 
on a graph generated by the stochastic block model with high-modularity settings at 
different test budget levels. 

* highest frequency: BOLD 
** second highest frequency: 
underlined 

Test Budget Level 

Stage of Outbreak 
Progression 

Policy Low (up to 1/3 
of max.) 

Medium (1/3 to 
2/3 of max.) 

High (above 2/3 
of max.) 

𝐼/𝑁 = 0.1 LE 0.203914 0.272657 0.363303 

NE 0.123886 0.172429 0.297600 

BALD 0.040057 0.007029 0.020267 

PC 0.229943 0.151914 0.087590 

DC 0.106943 0.061343 0.034769 

RI 0.174371 0.237314 0.118328 

RAND 0.120886 0.097314 0.078144 

𝐼/𝑁 = 0.3 LE 0.292496 0.318646 0.242381 

NE 0.188752 0.346246 0.414847 

BALD 0.023328 0.002985 0.002750 

PC 0.183072 0.093969 0.055608 

DC 0.072512 0.035831 0.033936 

RI 0.103104 0.119338 0.216172 

RAND 0.136736 0.082985 0.034306 

𝐼/𝑁 = 0.5 LE 0.330959 0.288663 0.264239 

NE 0.226094 0.445387 0.518526 

BALD 0.030486 0.032541 0.044090 

PC 0.103805 0.037050 0.006027 

DC 0.105103 0.042423 0.015525 

RI 0.037773 0.079088 0.128737 

RAND 0.165780 0.074847 0.022856 
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Table B.3. Top-ranking frequencies of policies in experiments with simulated outbreaks 
on a graph generated by the stochastic block model with low-modularity settings at 
different test budget levels. 

* highest frequency: BOLD 
** second highest frequency: 
underlined 

Test Budget Level 

Stage of Outbreak 
Progression 

Policy Low (up to 1/3 
of max.) 

Medium (1/3 to 
2/3 of max.) 

High (above 2/3 
of max.) 

𝐼/𝑁 = 0.1 LE 0.169067 0.192613 0.209457 

NE 0.100693 0.075760 0.087429 

BALD 0.040053 0.007093 0.008400 

PC 0.228880 0.217120 0.202543 

DC 0.193867 0.200907 0.195543 

RI 0.169707 0.256640 0.257857 

RAND 0.097733 0.049867 0.038771 

𝐼/𝑁 = 0.3 LE 0.241110 0.252038 0.162840 

NE 0.107935 0.150200 0.225680 

BALD 0.022271 0.009125 0.032627 

PC 0.208942 0.186113 0.073040 

DC 0.205652 0.144838 0.072720 

RI 0.125871 0.210713 0.402493 

RAND 0.088219 0.046975 0.030600 

𝐼/𝑁 = 0.5 LE 0.251814 0.171265 0.112317 

NE 0.154642 0.310391 0.447413 

BALD 0.039507 0.123619 0.137083 

PC 0.161470 0.111767 0.034381 

DC 0.180130 0.104000 0.021162 

RI 0.085674 0.114735 0.222571 

RAND 0.126763 0.064223 0.025073 
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Table B.4. Top-ranking frequencies of policies in experiments with simulated outbreaks 
on a graph generated by the Barabási-Albert model at different test budget levels. 

* highest frequency: BOLD 
** second highest frequency: 
underlined 

Test Budget Level 

Stage of Outbreak 
Progression 

Policy Low (up to 1/3 
of max.) 

Medium (1/3 to 
2/3 of max.) 

High (above 2/3 
of max.) 

𝐼/𝑁 = 0.1 LE 0.119113 0.063418 0.041085 

NE 0.050487 0.007673 0.001855 

BALD 0.063043 0.016218 0.007291 

PC 0.299600 0.386018 0.354448 

DC 0.296748 0.398673 0.419885 

RI 0.106557 0.108782 0.165873 

RAND 0.064452 0.019218 0.009564 

𝐼/𝑁 = 0.3 LE 0.114038 0.075800 0.066634 

NE 0.049943 0.010457 0.012517 

BALD 0.045381 0.040610 0.151161 

PC 0.315238 0.304905 0.063405 

DC 0.319629 0.382114 0.226098 

RI 0.098819 0.159800 0.435746 

RAND 0.056952 0.026314 0.044439 

𝐼/𝑁 = 0.5 LE 0.150328 0.073935 0.055966 

NE 0.103792 0.105976 0.177720 

BALD 0.141528 0.357869 0.366313 

PC 0.197864 0.106792 0.031547 

DC 0.190824 0.148465 0.067289 

RI 0.116312 0.152751 0.265550 

RAND 0.099352 0.054212 0.035614 
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Table B.5. Top-ranking frequencies of policies in experiments with simulated outbreaks 
on a graph derived from within-country human mobility data (𝑇BI=>>=>F = 15%) at 
different test budget levels. 

* highest frequency: BOLD 
** second highest frequency: 
underlined 

Test Budget Level 

Stage of Outbreak 
Progression 

Policy Low (up to 1/3 
of max.) 

Medium (1/3 to 
2/3 of max.) 

High (above 2/3 
of max.) 

𝐼/𝑁 = 0.1 LE 0.219754 0.206427 0.242877 

NE 0.148102 0.219508 0.318305 

BALD 0.074824 0.022554 0.033323 

PC 0.158524 0.225227 0.166825 

DC 0.104304 0.034351 0.017657 

RI 0.188401 0.229539 0.164540 

RAND 0.106090 0.062394 0.056473 

𝐼/𝑁 = 0.3 LE 0.219780 0.239300 0.173316 

NE 0.159239 0.311060 0.394824 

BALD 0.048376 0.012331 0.045581 

PC 0.162251 0.060553 0.031986 

DC 0.154329 0.108904 0.045688 

RI 0.155200 0.203460 0.270589 

RAND 0.100824 0.064392 0.038016 

𝐼/𝑁 = 0.5 LE 0.261104 0.217568 0.170383 

NE 0.196256 0.337395 0.348633 

BALD 0.090016 0.118931 0.138441 

PC 0.132480 0.032816 0.011147 

DC 0.115040 0.069312 0.041220 

RI 0.066896 0.112088 0.228010 

RAND 0.138208 0.111891 0.062167 
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Table B.6. Top-ranking frequencies of policies in experiments with simulated outbreaks 
on a graph derived from between-country air traffic data (𝑇BI=>>=>F = 5%) at different test 
budget levels. 

* highest frequency: BOLD 
** second highest frequency: 
underlined 

Test Budget Level 

Stage of Outbreak 
Progression 

Policy Low (up to 1/3 
of max.) 

Medium (1/3 to 
2/3 of max.) 

High (above 2/3 
of max.) 

𝐼/𝑁 = 0.1 LE 0.131639 0.081161 0.048880 

NE 0.092790 0.026459 0.029920 

BALD 0.116537 0.012156 0.003260 

PC 0.320390 0.478224 0.362887 

DC 0.220946 0.375717 0.526677 

RI 0.061844 0.012937 0.023157 

RAND 0.055854 0.013346 0.005220 

𝐼/𝑁 = 0.3 LE 0.117387 0.229433 0.245539 

NE 0.033120 0.126787 0.281207 

BALD 0.033460 0.000773 0.003817 

PC 0.330200 0.194087 0.015254 

DC 0.352613 0.294760 0.193668 

RI 0.101347 0.132787 0.249539 

RAND 0.031873 0.021373 0.010976 

𝐼/𝑁 = 0.5 LE 0.104297 0.138991 0.072240 

NE 0.066545 0.318454 0.242665 

BALD 0.027958 0.026412 0.133206 

PC 0.135867 0.012967 0.000474 

DC 0.321073 0.009600 0.013846 

RI 0.288491 0.431887 0.487163 

RAND 0.055770 0.061690 0.050406 

 

 



 186 

References 

1. Besag, J., York, J. and Mollié, A. (1991) ‘Bayesian image restoration, with two 
applications in spatial statistics’, Annals of the Institute of Statistical Mathematics, 
43(1), pp. 1–20. 

2. Bajardi, P., Poletto, C., Ramasco, J.J., Tizzoni, M., Colizza, V. and Vespignani, A. 
(2011) ‘Human Mobility Networks, Travel Restrictions, and the Global Spread of 
2009 H1N1 Pandemic’, PLOS ONE, 6(1), p. e16591. 

3. Tegally, H., Wilkinson, E., Tsui, J.L., Moir, M., Martin, D., Brito, A.F., Giovanetti, 
M., Khan, K., Huber, C., Bogoch, I.I., San, J.E., Poongavanan, J., Xavier, J.S., 
Candido, D.D.S., Romero, F., Baxter, C., Pybus, O.G., Lessells, R.J., Faria, N.R., 
Kraemer, M.U.G. and de Oliveira, T. (2023) ‘Dispersal patterns and influence of air 
travel during the global expansion of SARS-CoV-2 variants of concern’, Cell, 
186(15), pp. 3277-3290.e16 

4. Brockmann, D. and Helbing, D. (2013) ‘The Hidden Geometry of Complex, 
Network-Driven Contagion Phenomena’, Science, 342(6164), pp. 1337-1342. 

5. Zhi, Y.-C., Ng, Y.C. and Dong, X. (2020) ‘Gaussian Processes on Graphs via Spectral 
Kernel Learning’, arXiv. Available at https://doi.org/10.48550/arXiv.2006.07361 
(Accessed: 13 October 2024). 

6. Borovitskiy, V., Azangulov, I., Terenin, A., Mostowsky, P., Deisenroth, M.P. and 
Durrande, N. (2021) ‘Matern gaussian processes on graphs’, Proceedings of the 24th 
International Conference on Artificial Intelligence and Statistics (AISTATS) (PMLR, 
2020), vol. 130, pp. 2593–2601. 

7. Zhu, X. and Ghahramani, Z. (2002) ‘Learning from labeled and unlabeled data with 
label propagation’, Technical Report CMU-CALD-02-107, Carnegie Mellon 
University. 

8. Kipf, T.N. and Welling, M. (2017) ‘Semi-supervised classification with graph 
convolutional networks’, arXiv. Available at: 
https://doi.org/10.48550/arXiv.1609.02907 (Accessed: 24 May 2024). 

9. Houlsby, N., Huszár, F., Ghahramani, Z. and Lengyel, M. (2011) ‘Bayesian Active 
Learning for Classification and Preference Learning’, arXiv. Available at: 
https://arxiv.org/pdf/1112.5745.pdf (Accessed: 24 May 2024). 

10. Holland, P.W., Laskey, K.B. and Leinhardt, S. (1983) ‘Stochastic blockmodels: First 
steps’, Social Networks, 5(2), pp. 109–137. 

11. Newman, M.E.J. (2006) ‘Modularity and community structure in networks’, 
Proceedings of the National Academy of Sciences, 103(23), pp. 8577–8582. 

12. Pepe, E., Bajardi, P., Gauvin, L., Privitera, F., Lake, B., Cattuto, C. and Tizzoni, M. 
(2020) ‘COVID-19 outbreak response, a dataset to assess mobility changes in Italy 
following national lockdown’, Scientific Data, 7, p. 230. 

13. Rudolf, S. (2022) Source for “How to avoid a local epidemic becoming a global 
pandemic?”, Zenodo. Available at https://doi.org/10.5281/zenodo.7472836 
(Accessed 3 March 2024). 

 
 
 
 
 
 
 
 



 187 

4 
Transmission lineage dynamics and the 

detection of viral importation in emerging 
epidemics 

 

As my research on improving disease surveillance progressed, my continued 

contributions to empirical studies of SARS-CoV-2 spread using phylogeography led me 

to recognise a critical gap in genomic surveillance. Despite our growing capacity for 

large-scale genomic surveillance, the coordination of sampling efforts remains largely ad 

hoc and is frequently dictated by logistical and infrastructural considerations. Tackling 

this challenge, however, requires an understanding of how the collected pathogen 

genomes contribute to downstream analyses, and therefore how different sampling 

strategies affect the accuracy and robustness of relevant estimates. 

In the context of phylogeography specifically, a primary quantity of interest is the 

frequency of viral importation, which is critical for informing outbreak response and 

evaluating the effectiveness of containment strategies, as highlighted in Chapter 2. 

However, it is well recognised that these estimates often substantially underestimate the 

true number of importation events, given that only a small fraction of infections are 

typically sampled. Despite such estimates being widely reported in numerous SARS-

CoV-2 studies, the extent and underlying mechanisms of their underestimation have 

remained poorly understood. The work presented in this chapter aims to address this gap. 

A manuscript describing this work has been submitted for peer-review and is 

available as a preprint on medRxiv, under the title “Transmission lineage dynamics and 
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the detection of viral importation in emerging epidemics”. It is presented here in full, with 

minor modifications to ensure consistency of formatting and style within this thesis. 

Tsui, J.L.-H., Sambaturu, P., Pena, R.E., Too, L., Gutierrez, B., Inward, R., Kraemer, 
M.U.G., du Plessis, L. and Pybus, O.G. (2025) ‘Transmission lineage dynamics and the 
detection of viral importation in emerging epidemics’, medRxiv. Available at: 
https://doi.org/10.1101/2025.03.05.25323408. 

 

4.1     Abstract 

The accurate inference of pathogen movements between locations during an epidemic is 

crucial for measuring infectious disease spread and for informing effective control 

strategies. Phylogeographic methods can reconstruct historical patterns of disease 

dissemination by combining the evolutionary history of sampled pathogen genomes with 

geographic information. Despite a substantial expansion of pathogen genomics during 

and since the COVID-19 pandemic, only a small fraction of infections are typically 

sampled and sequenced, leading to an underestimation of the true intensity of viral 

importation. Here, we seek to understand the sampling processes underlying this 

underestimation. We show that the coupling of viral importation and local transmission 

dynamics can result in local transmission lineages with different size distributions, 

influencing the probability that individual viral importation events will be detected. Using 

analytical and simulation approaches, we demonstrate that both the proportion of 

importation events detected and the temporal patterns of inferred importation are highly 

sensitive to importation dynamics and local transmission parameters. Our findings 

highlight the importance of interpreting phylogeographic estimates in the context of 

outbreak conditions, particularly when comparing viral movements across time and 

among different epidemic settings. These insights are critical for improving the reliability 

of genomic epidemiology approaches in the design of public health responses. 
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4.2     Introduction 

Reconstruction of the spatiotemporal spread of an emerging pathogen is needed to inform 

the design of public health policies that aim to contain and delay further disease spread. 

Typically, transmission is either measured directly, for example through contact-tracing 

(1-5) and traveller screening (6-11), or inferred indirectly from epidemiological (e.g., case 

incidence, hospitalisation rates) and mobility (e.g., mobile devices, flight records) data 

using spatial transmission models (12-14). For instance, during the 2009 H1N1 influenza 

pandemic, simulation models that combined intra-country commuting flows, inter-

country air traffic, and high-resolution demographic data were used to characterise the 

dynamics and drivers of global virus spread (15, 16). More recently, an analysis of 

contact-tracing records for >600,000 COVID-19 cases in New York City during 2020-21 

revealed substantial spatial heterogeneities and strong community structures, with 

frequent non-local transmission events across administrative regions (17). Insights from 

such studies can identify locations and spatial scales at which targeted interventions will 

be most effective and assess the potential impacts of interventions that restrict human 

movement. 

However, epidemiological data are often constrained by reporting delays, 

underreporting, and logistical challenges in data collection and sharing, particularly 

during large outbreaks. The limited availability of real-time data on human mobility and 

contact patterns also hinders the accurate inference of pathogen movements, especially at 

small spatial scales where fine-scale heterogeneity is difficult to capture using standard 

mobility models (18-20). To address these limitations, pathogen genomic data are 

increasingly being used to investigate pathogen dissemination, with the potential to 

uncover cryptic transmission pathways that are not readily observed using traditional 

epidemiological data alone. Recent advances in high-performance computing, together 
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with the growing availability of genomic data from public repositories such as GISAID, 

GenBank and Pathoplexus, have enabled the analysis of large-scale genomic and 

epidemiological datasets (21). These analyses often reveal complex transmission 

dynamics across multiple spatial scales, from transmission events among individual 

households to between-country movements via the global air traffic network. For 

example, an analysis of 482 SARS-CoV-2 sequences from students and staff at a 

university in the United Kingdom found limited viral introductions from the wider 

community, with onward transmission within the university driven primarily by shared 

student accommodation and in-person course-related interactions (22). At the 

international-level, a recent study of ~6,000 influenza genomes showed that travel and 

movement restrictions during the COVID-19 pandemic led to notable shifts in the global 

dispersal patterns of seasonal influenza lineages, with persistent transmission in South 

Asia during the pandemic (23). 

Viral genomic epidemiology studies often rely on phylogeographic methods, 

which integrate information about the evolutionary relationships among pathogen 

genomes and the locations of sampled infections. Historical patterns of pathogen 

migration are inferred by extrapolating the locations of sampled sequences backward in 

time, guided by the ancestral relationships among them. Depending on the spatial 

resolution of the data and model assumptions, locations can be treated as either 

continuous (24) or discrete (25). Discrete locations are often used to model pathogens 

spreading among human populations due to heterogeneities in movement resulting from 

administrative boundaries and long-range transportation systems that span multiple 

spatial scales (leading to non-linearity between travel time and displacement) (26-28). In 

discrete phylogeography models, the location of internal nodes in a phylogenetic tree 

(representing the ancestors of sampled viruses) are commonly inferred by modelling 
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pathogen movement among locations as a continuous-time Markov process along an 

estimated phylogeny (25). Once the internal nodes are assigned their inferred locations, 

local transmission clusters/lineages can be identified, with each representing a series of 

local transmission events that occurred in a recipient location following a single pathogen 

importation event. The detection and enumeration of these local transmission lineages 

(and their associated importation events) provides an opportunity to assess the frequency 

and dynamics of pathogen movement among locations. 

Although analyses of local transmission lineages have been present in the 

literature for some time (e.g., (29), (30)), their popularity and scale expanded during the 

COVID-19 pandemic, particularly in settings where traditional travel or contact tracing 

data were scarce or incomplete. These studies examined how viral importation from 

different countries contributed to the establishment of new variants and assessed the 

effectiveness of non-pharmaceutical interventions designed to prevent or delay further 

dissemination, such as travel restrictions and airport screening (31-34). Estimates of the 

intensity of viral importation through time at a given location also revealed how local 

transmission dynamics were influenced by the introduction of new transmission lineages, 

with implications for the design of local control strategies. However, despite widespread 

adoption of these approaches, the underlying sampling processes that underpin their 

inferences remain poorly characterised. For instance, du Plessis et al. (35) investigated 

the early establishment of SARS-CoV-2 in the UK and found that local transmission 

lineages varied widely in size and were distributed heterogeneously across space and time 

– yet, the conditions necessary for the identification and enumeration of these lineages 

under such heterogeneities have not been explored. Specifically, given that only a small 

fraction of local infections are typically sampled and sequenced during an outbreak, to 

what extent is the number of viral importation events underestimated for a genomic 
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sample of a given size, and how does this discrepancy vary over time and across different 

outbreak conditions? 

In this study, we address this question by considering the mechanisms that 

underlie the detection of local transmission lineages and their associated viral importation 

events through discrete phylogeographic reconstruction. We show analytically how 

variation in viral importation intensity through time can lead to transmission lineages with 

different size distributions, despite the same local transmission conditions. Using a simple 

deterministic model, we then verify these analytical results and further show how 

different lineage size distributions can result in different lineage detection probabilities. 

Additionally, using simulated data from a stochastic agent-based model, we demonstrate 

the impact of temporal variation in local transmission intensity on lineage detection, and 

the resulting bias in the inferred importation intensity over time. We conclude that 

estimates of viral movements from phylogeographic analyses in the regime of low-

intensity sampling (≲ 5%) should be interpreted cautiously, and that further work is 

needed to mitigate such biases with consideration of both the underlying importation 

dynamics and local transmission conditions. 

 

4.3     Phylogeographic reconstruction and local transmission lineages 

Discrete trait analysis (DTA) (25) has emerged as a popular approach for phylogeography 

due to its computational efficiency, allowing the analysis of thousands of pathogen 

sequences. In a typical DTA, a time-calibrated phylogeny is first estimated from a set of 

aligned sequences, each labelled with its location and time of sampling. The most likely 

location of each internal node in the estimated phylogeny is then inferred using a 

continuous-time Markov chain (CTMC) model. By tracing a path from the root node of 

the tree to each leaf node (sampled sequence), a migration or importation event is inferred 
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to have occurred whenever we observe a change in the label going from one node to 

another. The inferred age of the ancestral node in a local transmission lineage (often 

referred to as the Time of Most Recent Common Ancestor, or TMRCA) also provides an 

estimate of the time of earliest detectable transmission event within that local lineage 

given the sampled sequences, and therefore an upper bound (most recent estimate) for the 

timing of viral importation (Fig. 4.1B) (35). 

 

Fig. 4.1. Phylogeographic reconstruction of viral importation and distribution of 
sampling proportions in COVID-19 studies. (A) Each viral importation event, i.e. the 
movement of an infectious traveller (represented as a curved arrow) from the source (red 
polygon) to the recipient (grey polygon) location, can be uniquely mapped to a local 
transmission lineage. The transmission tree associated with each local cluster is shown, 
with arrows representing transmission events; orange and blue circles represent arriving 
infectious travellers and local infections, respectively. (B) Time-scaled phylogeographic 
reconstruction of the local transmission lineages shown in panel (A). Internal and leaf 
nodes are represented as squares and circles, respectively, and coloured according to their 
state (red: infected and detected at source location, orange: imported and detected locally, 
blue: locally infected and detected). Despite complete sampling of viral genomes at the 
source location (red circles), only importation events (a), (c), and (d) are detected, as no 
members of transmission lineage (b) are sampled. The difference between the true time 
of importation and the TMRCA of a local transmission lineage is known as the 
importation lag, denoted by Timport; the difference between the true time of importation 
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and the time when a local transmission lineage is first detected is known as the detection 
lag, denoted by Tdetection. (C) Sampling proportions in previous COVID-19 studies that 
estimated the number of viral introductions and intensity of viral importation using 
phylogeographic reconstruction. Countries are coloured according to the average 
proportion of COVID-19 cases that were sequenced between 2020 and 2022 (darker 
colours indicate higher sequencing proportions). Countries from which SARS-CoV-2 
genomes were collected and analysed are indicated by circles; circle radii are proportional 
to the number of studies for each country and coloured by continent. (D) Plot of the 
proportion of confirmed COVID-19 cases that were sequenced versus the total number 
of confirmed COVID-19 cases for each relevant study. The radius of each circle indicates 
the number of SARS-CoV-2 genomes included in the phylogeographic analysis of the 
relevant study, with colouring indicating the continent of the country in question. The 
black dashed line represents the least squares regression fit (Pearson’s r = -0.63) between 
the log10-transformed number of confirmed cases and the log10-transformed sampling 
proportion. Note that a study considering four island countries across three continents 
was omitted from the figure; see Table C.1 in Appendix C for more details. 
 

Given a phylogenetic tree with internal nodes that are annotated with their most likely 

location, we can then partition the phylogeny into distinct, non-overlapping local 

transmission lineages. The use of local transmission lineages to represent a chain of 

transmission within a given location following a single importation event is well 

established in the literature on phylogenetic epidemiology (29, 30, 36) and was recently 

popularised by du Plessis et al. (35) and other studies (37-39) which leveraged the 

increased availability of viral genomic data during the COVID-19 pandemic. This 

formulation enables a one-to-one mapping between local transmission lineages and viral 

importation events (Fig. 4.1A, B), provided that (i) virus genetic diversity accumulates at 

a sufficiently rapid rate, and (ii) viral genomes at the source location (from which the 

pathogens are imported) are sufficiently densely sampled, such that onward local 

transmission lineages from distinct imported pathogen carriers can be uniquely resolved 

phylogenetically. In this study, we assume that both conditions are satisfied and focus our 

attention instead on the potential biases introduced by the undersampling of local 

infections. 
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Here we define a local transmission lineage as a group of individuals who were 

infected in a given location as a result of onward transmission from a single arriving 

infectious traveller, with the inclusion of the traveller itself. Additionally, we assume that 

(i) the infectious traveller remains at the recipient location indefinitely following arrival, 

and (ii) individuals infected locally do not travel to a new location. These assumptions 

together imply that: 

1. Each local transmission lineage can be uniquely mapped to a single arriving infectious 

traveller, and therefore a single importation event. 

2. Each local transmission lineage has size 𝑙 = 𝑛 + 1, where 𝑛 is the total number of 

secondary infections that occurred locally as a result of onward transmission from the 

arriving infectious traveller. 

3. Each local transmission lineage has a minimum size of 1, i.e. when the arriving 

infectious traveller fails to establish local onward transmission (i.e. 𝑛 = 0). 

Finally, we ignore any uncertainties and biases associated with phylogenetic tree 

estimation and ancestral state reconstruction (see Discussion). Consequently, we can 

further assume that (i) there is a non-zero probability that each lineage (and its associated 

viral importation event) is detected by random sampling of local infections, and (ii) the 

sampling of at least one member of a given local transmission lineage is a sufficient and 

necessary condition for the detection of the lineage in a phylogeographic reconstruction. 

 

4.4     Detection of local transmission lineages in the regime of low-intensity 

local sampling 

Despite increases in genomic sequencing worldwide since the beginning of the COVID-

19 pandemic, the number of sequenced SARS-CoV-2 genomes remains low compared to 
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the number of reported cases in most countries. Brito et al. (40) showed that, among 189 

countries with active genomic surveillance between 2020 and 2022, the average number 

of genomic sequences available per confirmed case is just 0.016, with only 13 countries 

having a sequencing coverage > 5% and 89 countries having sequencing coverage <

0.5%. We reviewed 48 phylogeographic studies that estimated the number of viral 

introductions at a given location (see Section C.1 and Table C.1 in Appendix C for review 

details) and found that in only 9 studies did pathogen genome sequence coverage exceed 

10% of the confirmed cases during the corresponding study period; in 24 studies, included 

sequences represented < 1% of the confirmed cases (Fig. 4.1B, right). We also observe 

a negative association between genomic sampling proportion and the number of 

confirmed cases, likely due to limited sequencing capacity during periods of high case 

incidence (Fig. 4.1C, D). Importantly, the true proportion of infections that were 

sequenced is likely lower than these estimates due to the presence of asymptomatic (41-

43) and limited testing capacities, as demonstrated by the ratio of seroprevalence to 

cumulative incidence in many low- and middle-income countries (LMICs) (44, 45). 

Given that genome sequencing occurs at such low intensities, the number of 

transmission lineages detected from a sample of local infections is likely to substantially 

underestimate the true number of extant transmission lineages in the population. More 

formally, given 𝑆 genomic samples collected at random from a local population of 

infections of size 𝑁W, the probability of detecting a lineage of size 𝑙 within the sample is 

given by 

Pr(𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛) = PrJ𝑛(:9N/# ≥ 1�𝑙, 𝑆, 𝑁WK = 1 − �
𝑁W − 𝑙
𝑆 � / �

𝑁W
𝑆 �

(1) 

where 𝑛(:9N/# is the number of lineage members that are sampled. In the regime of low-

intensity sampling such that 𝑆 ≪ 𝑁W, we obtain the approximation 
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Pr(𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛|𝑙, 𝑆, 𝑁W) ≈ 1 − (1 − 𝑙/𝑁/)X (2) 

Using this approximation, the proportion of lineages in an infected population that we 

can expect to find in a sample of size 𝑆 (referred to as lineage detection probability 𝑟6 

hereafter) is therefore given by 

𝑟6 ≈}[1 − (1 − 𝑙/𝑁W)X]𝑛(𝑙)/𝑁/+8#:Y#(

Z&

/7!

(3) 

where 𝑛(𝑙), hereafter referred to as lineage density at 𝑙, is the number of lineages of size 

𝑙 in the local infected population, such that ∑ 𝑛(𝑙) = 𝑁/+8#:Y#(
Z&
/7! , the total number of 

lineages in the local infected population. Note that the summation has an upper bound 𝑁/, 

corresponding to the maximum size of a lineage in the scenario where there is only a 

single transmission lineage. 

From the above result, we can see that the lineage detection probability depends 

on not only the sample size 𝑆 (relative to the size of the infected population 𝑁W) (Fig. 

4.2B), but also the lineage size distribution, as specified by 𝑛(𝑙). We can draw useful 

insights by considering a hypothetical scenario in which each lineage is of size 𝑙 = 1 (i.e. 

when none of the arriving infectious travellers are able to establish local onward 

transmission), for which we obtain 𝑟6 ≈ 𝑆/𝑁W from Eq. 3, i.e. the expected number of 

detected lineages is directly proportional to the sampling proportion, 𝑠 = 𝑆/𝑁W. 

Conversely, in the hypothetical scenario where the entire infected population consists of 

a single transmission lineage of size 𝑁W, Eq. 3 reduces to 𝑟6 = 1 for all 𝑆 > 0 and 𝑙 ≥ 1, 

i.e. only a single sampled infection is needed to detect all importation events (with 

𝑁/+8#:Y#( = 1), as expected. In reality, the underlying lineage size distribution, and 

therefore the expected behaviour of lineage detection, will lie somewhere between these 

two extremes, as we show below. 
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Several studies have attempted to measure the size distribution of transmission 

lineages in an infected population, with most of which reporting observed distributions 

that were right-skewed (heavy-tailed) (34, 35, 46), i.e. many small lineages and only a 

few large ones. In practice, however, the true underlying size distribution of local 

transmission lineages in an infected population cannot be measured directly, especially 

in the regime of low-intensity sampling, because the observed size of a detected lineage 

depends on both the sampling proportion and the true lineage size, with the latter being 

an unknown quantity (see Fig. C.1 in Appendix C). This challenge closely resembles the 

ecological problem of estimating the number of unseen species, where the observed 

relative species abundance distribution is skewed by incomplete sampling with rare 

species being underrepresented (47-51). We leave this non-trivial inference problem for 

future work. Instead, we use a simple analytical model to investigate how different 

lineage size distributions may arise as a result of the coupling between viral importation 

and local transmission. 

 

4.5     Time evolution of transmission lineage size distribution 

We consider a hypothetical scenario in which the number of infectious travellers arriving 

at a location of interest from an arbitrary source location is given by 𝑀(𝑡) for 𝑡 > 0. In 

particular, we focus our attention on the early phase of an epidemic or the emergence of 

a new immune escape variant of a known pathogen, when it can be reasonably assumed 

that (i) the population at the location of interest (referred to as the local population 

hereafter) is completely susceptible, (ii) the rate of local transmission is sufficiently high 

such that the recovery of infectious individuals has a negligible impact on the overall 

dynamics of the local outbreak, and (iii) there is no substantial depletion of susceptibles. 

We will later relax assumptions (ii) and (iii) in a simulation analysis. 
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Given these assumptions, and following from the abovementioned definition of a 

local transmission lineage, we propose that the growth of a transmission lineage following 

the arrival of an infectious traveller can be modelled as the movement of a particle in a 

one-dimensional continuous lineage size-space (given a sufficiently large infected 

population) (Fig. 4.2A). The time evolution of the density of these particles (each 

representing a single local transmission lineage) in this size-space can therefore be 

considered as solutions to the continuity equation 

𝜕𝑛
𝜕𝑡 +

𝜕
𝜕𝑙 �𝑛

𝑑𝑙
𝑑𝑡� = 𝐺(𝑙, 𝑡) (4) 

with the boundary condition 𝑛(𝑙, 0) = 0 for all 𝑙 ≥ 1, where 𝑛 = 𝑛(𝑙) is the particle 

density at 𝑙 in size-space, i.e. the number of lineages of size between 𝑙 and 𝑙 + Δ𝑙, and is 

analogous to the variable with the same notation in Eq. 3, in the limit of large 𝑙. 𝑑𝑙/𝑑𝑡 

represents the instantaneous lineage growth rate, which we assume to be homogeneous 

across lineages of the same size at a given time. In the fluid dynamics literature (52, 53), 

the term 𝐺(𝑙, 𝑡) is commonly referred to as a source term, which here describes the rate 

at which new transmission lineages are being introduced to the location of interest 

through importation. Assuming further that there is no outward movement of infected 

individuals, and since each transmission lineage must have a minimum size of 𝑙 = 1 (as 

described previously), we set 

𝐺(𝑙, 𝑡) = 𝑀(𝑡)𝛿(𝑙 − 1) (5) 

where 𝛿(𝑙 − 1) is the Dirac delta function centred at 𝑙 = 1. 

Depending on the assumed functional form of the lineage growth rate and 

importation rate, the above partial differential equation (Eq. 4) can be solved either 

analytically or numerically (e.g., using finite difference methods). Here we consider a 

hypothetical scenario in which the local infected population is experiencing exponential 



 200 

growth such that 𝑑𝑙/𝑑𝑡 = 𝑟𝑙, where 𝑟 is a positive constant, as is commonly assumed 

during the early stages of an outbreak. It can be shown that Eq. 4 can be solved 

analytically to give the solution (see Section C.2 in Appendix C) 

𝑛(𝑙, 𝑡) =
𝑀(𝑡 − ln 𝑙 /𝑟)

𝑙
[H(𝑙 − 1) − H(𝑙 − 𝑒.S)] (6) 

where H(𝑥) is the Heaviside step function. The term H(𝑙 − 1) − H(𝑙 − 𝑒.S) is commonly 

known as a boxcar function, and is zero everywhere except for the interval 𝑙 ∈ [1, 𝑒.S] in 

which it takes a value of 1. The right-limit of this interval, 𝑒.S, corresponds to the 

maximum size attainable for a lineage seeded at 𝑡 = 0 under the assumption of local 

exponential growth and therefore the maximum possible lineage size at a given time 𝑡 

since the first importation event; similarly, the left-limit of this interval represents the 

minimum size of a lineage (i.e. 𝑙 = 1). 

Importantly, we have not made any assumptions in our derivation regarding the 

functional form of the underlying importation rate, 𝑀(𝑡). It is therefore instructive to 

consider the behaviour of 𝑛(𝑙, 𝑡) under different assumptions of 𝑀(𝑡), specifically (i) a 

constant rate, (ii) an exponentially decreasing rate, and (iii) an exponentially increasing 

rate: 

1. Assuming a constant rate of viral importation (𝑀(𝑡) = 𝑀[), the first term in Eq. 6 

reduces to 𝑀[/𝑙, i.e. the lineage density is inversely proportional to lineage size 𝑙. 

This result is not surprising, as larger lineages grow more rapidly compared to smaller 

lineages under the assumption of exponential growth. In our model of lineage growth, 

this implies that particles corresponding to larger lineages move at a higher velocity 

towards the right, resulting in a lower lineage density at large 𝑙 (Fig. 4.2A). 

2. Conversely, the lower velocity of particles corresponding to smaller lineages results 

in their accumulation at small 𝑙; the higher the rate at which new particles (arriving 



 201 

infectious travellers) are introduced relative to their velocity in size-space 

(instantaneous lineage growth rate), the more rapidly these particles accumulate. 

Indeed, if we assume an exponentially decreasing importation rate (𝑀(𝑡) = 𝑀[𝑒9S, 

with 𝑚 < 0), the first term in Eq. 6 reduces to 𝑀[𝑒9S𝑙J(!K9/.). This represents a 

power-law distribution, which increases in density with 𝑙 only if 𝑚 > 𝑟, i.e. only 

when the rate at which new lineages are introduced is decreasing sufficiently rapidly 

compared to the local growth rate that we obtain lineage density that increases with 

lineage size. 

3. During the early dissemination of an emerging pathogen, however, the rate of viral 

importation is likely to be increasing over time as prevalence at the origin location 

increases, in which case we retrieve a lineage size distribution that decreases in 

density with increasing lineage size 𝑙 following a power-law, i.e. 𝑛(𝑙, 𝑡) =

𝑀[𝑒9S𝑙J(!K9/.) with 𝑚 > 0. 

The derivation of an equivalent expression for 𝑛(𝑙, 𝑡) under the assumption of local 

logistic growth (e.g., as a result of the depletion of susceptibles as the outbreak 

progresses) can be found in Section C.3 in Appendix C. 
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Fig. 4.2. Time evolution of local transmission lineage size distribution and simulated 
lineage detection under a simple deterministic model with local exponential growth. 
(A) An illustration of the time evolution of the transmission lineage size distribution in 
an outbreak modelled as the movement of particles in a 1D lineage size-space. Each 
particle represents a single local transmission lineage, with instantaneous velocity in size-
space given by its growth rate 𝑑𝑙/𝑑𝑡, which we assume to be homogeneous across 
lineages of the same size at a given time. Variation in local growth rate as a function of 
lineage size leads to different size distributions, e.g., slower growth rate of smaller 
lineages tends to result in a lineage size distribution that decays with increasing lineage 
size. (B) Probability of detecting a local transmission lineage from a random sample of 
local infections (total number of infections 𝑁W = 10]), as a function of lineage size 𝑙 (y-
axis) and sampling proportion 𝑠 (x-axis). (C) Results from simulated lineage detection 
under a simple deterministic model assuming no recovery process and no depletion of 
susceptibles, with local exponential growth at rate 𝑟 = 0.25. Each row presents results 
from simulations under a different scenario of importation dynamics. The three scenarios 
(see labelled boxes on the far-right of each row) are: a constant importation rate (top row), 
an exponentially increasing importation rate (middle row) and an exponentially 



 203 

decreasing importation rate (bottom row). See figure and text for parameter details. The 
left hand column compares the cumulative frequency distributions of lineage sizes from 
simulations (coloured circles) with those obtained from analytical solutions (dashed black 
lines). Results are shown for two different observation times (blue: T=20; orange: T=40). 
The middle column shows the median proportion of lineages detected (or lineage 
detection probability rG) at different sampling proportions. Results are shown for two 
different observation times (blue: T=20; orange: T=40). The right hand column compares 
the true importation rate (solid grey line) with the inferred importation rate (dotted lines) 
at different sampling proportions. Results are again shown for two different observation 
times; vertical lines indicate the times when lineage detection is simulated (blue: T=20; 
orange: T=40). The inset on row 2 enlarges the same data in the interval 0 ≤ 𝑡 ≤ 25. 
 

4.6     Lineage detection under local exponential growth 

Having derived an expression (Eq. 6) that describes the time evolution of the underlying 

lineage size distribution in an infected population experiencing local exponential growth 

(with no recovery process and no depletion of susceptibles), next we consider the 

implications of such an evolution on lineage detection. Specifically, we consider the 

impact of changes in the lineage size distribution on (i) the proportion of lineages and 

therefore viral importation events that are likely to be detected during a period of 

observation, and (ii) trends in the inferred importation rate over time. To do so, we 

construct a simple deterministic model in which new lineages of size 𝑙 = 1 are introduced 

at rate 𝑀(𝑡). Each new lineage is assumed to undergo deterministic exponential growth 

with no recovery of infected individuals. We run each simulation up to a predefined time 

T, at which point we perform random sampling of all infected individuals and identify 

their corresponding local transmission lineages to simulate the inference process of a 

phylogeographic reconstruction (see Section C.4 in Appendix C for details). 

Using this simple model, we first verify the analytical results derived above by 

examining the lineage size distributions that result from different importation dynamic 

scenarios. Given the discrete nature of lineage size, it is preferable to compare the 
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(inverse) cumulative lineage size distribution (denoted by 𝐶(𝑙, 𝑡), i.e. the number of 

lineages of size ≥ 𝑙 at a given time 𝑡) (35), instead of the actual lineage size distribution 

𝑛(𝑙, 𝑡). The corresponding analytical expression for 𝐶(𝑙, 𝑡) under the assumption of a 

constant importation rate can be found by integrating Eq. 6 from 𝑙 up to 𝑙9:;(𝑇) = 𝑒.^ 

(the maximum lineage size attainable at time of observation T), giving 

𝐶(𝑙, 𝑇) = 𝑀[ ln[𝑙9:;(𝑇)/𝑙] (7) 

under the assumption of a constant rate of importation, and  

𝐶(𝑙, 𝑇) = 𝑀[𝑒9^�𝑙9:;(𝑇)J9/.	 − 𝑙J9/.	�(𝑟/𝑚) (8) 

under the assumption of an exponentially increasing (𝑚 > 0) or decreasing (𝑚 < 0) rate 

of importation. 

From Fig. 4.2C (left column), we see that the simulated lineage size distributions 

are in good agreement with the analytical predictions, with some deviations at small 

lineage sizes, likely due to the continuous approximation of discrete lineage size used in 

our analytical derivation (see Section C.2 in Appendix C). Interestingly, in the case of an 

exponentially decreasing importation rate, we observe that 𝐶(𝑙, 𝑇) approaches the same 

value in the limit 𝑙 → 1 at both times of observation (Fig. 4.2C). This can be explained 

by noting that 𝐶(𝑙 = 1, 𝑇) = 𝑁/+8#:Y#((𝑇), i.e. the total number of extant lineages in the 

local infected population at time T. As a result of the rapidly decreasing rate of 

importation, the total number of lineages remains fixed between 𝑡 = 20 and 𝑡 = 40 while 

the lineages that have already been seeded continue to grow to larger sizes (as indicated 

by the apparent rightward shift of the observed cumulative frequency distribution, 

𝐶(𝑙, 𝑇), between T=20 and T=40). These observations together indicate a lineage size 

distribution that increases in density with lineage size, as expected given |𝑚| > 𝑟 (𝑚 =

−0.3, 𝑟 = 0.25). 
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Given the different lineage size distributions that result from different (true) 

importation rates, it is unsurprising that we would observe different lineage detection 

probabilities 𝑟6 and, more specifically, different behaviours in 𝑟6 as a function of 

sampling proportion 𝑠 (Fig. 4.2C, middle column). We find that when importation rate is 

exponentially decreasing, 𝑟6 rapidly approaches 1 at small 𝑠 (≲ 0.01); whereas when 

importation is exponentially increasing, 𝑟6 only exceeds 50% at 𝑠 ≈ 0.2. This observed 

difference can be explained by considering the lineage size distribution: the distribution 

resulting from an exponentially decreasing importation rate has a greater proportion of 

larger lineages, whereas a right-skewed distribution with a long tail is predicted for a 

constant or exponentially increasing importation rate. This difference is accentuated at 

large T, as lineages that have already been seeded continue to grow, while the total 

number of extant lineages approaches a finite value if importation rate is exponentially 

decreasing, but increases over time for a constant or exponentially increasing importation 

(Fig. 4.2C, left column). 

Lineages seeded earlier are more likely to be detected at a given time of 

observation T given our assumption of local exponential growth, as they have more time 

to grow to larger sizes than recently seeded lineages. We observe this effect in Fig. 4.2C 

(right column), where the proportion of detected importation events decreases through 

time. Consequently the trends in inferred importation are consistently downwardly biased 

compared to the true importation rate, with greater discrepancy close to the time of 

observation. This also leads to different inferred importation trends depending on the time 

of observation; for example, in the case of exponentially increasing importation (Fig. 

4.2C, right column, middle row), an early analysis at T=20 at low sampling proportions 

(e.g. 𝑠 ≲ 0.1) would conclude erroneously that the intensity of viral importation has 

started to slow or even decrease, while a later observation and analysis at T=40 would 
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indicate a continually increasing importation rate at T=20. Note that the extent of this 

discrepancy also depends on the rate of local lineage growth, with slower growth giving 

rise to less variation in lineage size and therefore a less pronounced reduction in inferred 

importation rate close to the time of observation. 

 

4.7     Lineage detection under constant and time-varying local contact rates 

with recovery 

We have assumed so far that the depletion of susceptibles is negligible, which is only 

likely to be valid during the early stages of an outbreak when the number of infected 

individuals is small. Further, we have assumed that (i) there is no recovery process, and 

(ii) each local transmission lineage grows deterministically following its introduction. 

Together, these two assumptions imply that lineages that are introduced earlier will 

always grow to larger sizes than those introduced later, regardless of local transmission 

dynamics. In practice, this is unlikely to be true, especially during periods of low 

transmission intensity (e.g., due to depletion of susceptibles or epidemic control 

interventions), when lineages might be subject to stochastic extinction and stop growing 

soon after introduction (54). 

To explore the impact of these assumptions, we construct an agent-based model 

with a stochastic transmission process in which, at each time step, susceptible individuals 

become infected with a certain probability upon contact with an infectious individual. 

Individuals are assumed to mix randomly regardless of their infection status. We also 

assume a stochastic recovery process, by which infectious individuals recover and 

become immune to further infection probabilistically at a constant rate. Following the 

same procedure as in the previous section, we simulate the detection of viral importation 

events by randomly sampling infected individuals at a given time of observation (T) and 
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identifying their corresponding local transmission lineages. Here we keep the rate of viral 

importation constant (100 infectious travellers arriving per day) and instead vary the local 

transmission dynamics. Specifically, we explore the detection of transmission lineages 

under two scenarios: (i) fixed local transmission conditions and (ii) time-varying local 

transmission conditions, in which the contact rate changes through time following a 

sigmoidal trajectory (see Table C.2 in Appendix C for details). 

Results of the first scenario are shown in Fig. 4.3. As in the deterministic model 

(Fig. 4.2C), the lineage detection probability 𝑟6 varies with sampling proportion 𝑠 (Figs. 

4.3A-C). Notably, we find a slower increase of 𝑟6 with 𝑠 when individuals can recover 

from infection, as compared to without recovery, at both T=10 (Fig. 4.3A) and T=30 (Fig. 

4.3B). This is unsurprising, as the recovery of infectious individuals leads to slower 

lineage growth and therefore smaller lineages at the time of observation. However, this 

pattern is reversed at T=50 (Fig. 4.3C); this can be explained by the depletion of 

susceptibles after T=50 under the assumption of no recovery (Fig. 4.3D, blue line), 

resulting in later-introduced lineages being smaller at observation and therefore less likely 

to be detected. In some cases these later-introduced lineages immediately become extinct 

(see Fig. C.2 in Appendix C). In contrast, the rate of depletion of the susceptible 

population is slower when individuals can recover from infection (Fig. 4.3H, blue line), 

resulting in larger lineages at later time points. 

This effect is also apparent in the inferred importation rates, especially at T=50 

under the assumption of no recovery (Fig. 4.3G), for which we observe a sharp drop in 

the inferred rate at 𝑡 ≈ 25 as a result of rapid depletion of susceptibles, resulting in later-

introduced lineages being smaller and thus less likely to be detected. Conversely, in the 

case of a constant recovery rate, we observe a more gradual decline in the inferred 

importation rate (Fig. 4.3K). 
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Fig. 4.3. Simulated lineage detection in a stochastic agent-based model assuming a 
constant local contact rate. (D, H) Simulated epidemic dynamics, showing the number 
of infected (I; red solid line), susceptible (S; blue solid line) and recovered (R; black solid 
line) individuals through time, averaged across 200 simulation replicates. Simulation 
parameters: importation rate 𝑀(𝑡) = 𝑀[ = 100 per day; transmission probability 𝛽 =
0.025 per contact; contact rate 𝜅 = 10 per day. The left column (A-C) shows the 
proportion of lineages detected for different sampling proportions (across simulation 
replicates). Solid lines and shaded regions represent the median and the central 95% 
interval, respectively, of the proportion of detected lineages (with blue and orange 
indicating results from simulations assuming no recovery process and a constant recovery 
rate, respectively). The middle (E-G) and right (I-K) columns show the inferred 
importation rate through time (across simulation replicates), assuming no recovery 
process (blue) and a constant recovery rate (orange), respectively. Results are shown for 
different sampling proportions, 𝑠 (shading transparency varies with 𝑠). Solid lines and 
shaded regions show the median and central 95% interval, respectively, of the inferred 
importation rate. Solid black lines represent the true importation rate (100 per day). Each 
row shows results for a different observation time, as indicated by labels on the far-right 
(T=10, 30, 50). 
 

Fig. 4.4 shows results for the second simulated scenario, in which the contact rate 𝜅 varies 

over time. We observe substantial differences in the lineage detection probability 𝑟6 

between simulations in which 𝜅 increases versus those in which 𝜅 decreases. In the case 
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of increasing 𝜅, there is an almost linear relationship between 𝑟6 and 𝑠 at T=10 (Fig. 4.4A, 

blue line), i.e. when 𝜅 is changing most rapidly (Fig. 4.4D, purple dashed line). This can 

be explained by a substantially lower contact rate before T=10 which gives rise to slower 

lineage growth and therefore more frequent lineage extinction and smaller lineages at 

T=10; consequently the lineage detection probability 𝑟6 scales almost linearly with 

sampling proportion 𝑠, as described in Eq. 2. This effect is also reflected in the 

observation that the inferred importation rate barely changes through time when 𝜅 is 

increasing (Fig. 4.4E), whereas the inferred rate abruptly declines into the recent past 

when 𝜅 is decreasing (Fig. 4.4I). Again, this is because the higher contact rate before 𝑡 =

10 results in earlier-introduced lineages being larger and therefore more likely to be 

detected compared to later-introduced lineages. 

 

Fig. 4.4. Simulated lineage detection in a stochastic agent-based model assuming 
time-varying contact rates. (D, H) Simulated epidemic dynamics, showing the number 
of infected (I; red solid line), susceptible (S; blue solid line) and recovered (R; black solid 
line) individuals through time, averaged across 200 simulation replicates. Simulation 
parameters: importation rate 𝑀(𝑡) = 𝑀[ = 100 per day; transmission probability 𝛽 =
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0.025 per contact; recovery rate 𝛾 = 0.1 per day. The left column (A-C) shows the 
proportion of lineages detected for different sampling proportions (across simulation 
replicates). Solid lines and shaded regions represent the median and the central 95% 
interval, respectively, of the proportion of detected lineages (with blue and orange 
indicating results from simulations assuming no recovery process and a constant recovery 
rate, respectively). The middle (E-G) and right (I-K) columns show the inferred 
importation rate through time (across simulation replicates), assuming an increasing 
(blue) and decreasing (orange) local contact rate, respectively. Results are shown for 
different sampling proportions, 𝑠 (shading transparency varies with 𝑠). Solid lines and 
shaded regions show the median and central 95% interval, respectively, of the inferred 
importation rate. Solid black lines represent the true importation rate (100 per day). Each 
row shows results for a different observation time, as indicated by labels on the far-right 
(T=10, 30, 50). 
 

At T=30 and T=50, these observed patterns are reversed, as expected given the abrupt 

changes in 𝜅 at T=10. Notably, we see that the lineage detection probability 𝑟6 increases 

more slowly with 𝑠 in the case of decreasing 𝜅 (Fig. 4.4B, C), as a result of new lineages 

either growing very slowly or becoming extinct soon after introduction. Interestingly, in 

the case of increasing 𝜅, the higher contact rate following T=10 leads to an apparent 

increase in the inferred importation rate initially (Fig. 4.4F, G), as later-introduced 

lineages are more likely to survive past T=10 beyond which they can continue to grow at 

higher 𝜅. This is then followed by a rapid decline towards the time of observation, again 

due to variation in lineage size resulting from different importation times; whereas in the 

case of decreasing 𝜅, we observe a slower decline (Fig. 4.4J, K) due to smaller size 

variation among lineages introduced at small 𝜅 after T=10. Importantly, these abrupt 

changes in the inferred rate lead to mischaracterisation of the underlying trend of viral 

importation - despite the true importation rate being constant through time, the degree to 

which it is underestimated varies substantially over time as a function of both the time-

varying local transmission dynamics (the contact rate in the simulations) and sampling 

proportion 𝑠. 
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4.8 Discussion 

Phylogeographic analyses have enabled the detection and enumeration of viral 

importation events, necessary for understanding the dispersal patterns of an emerging 

pathogen and evaluating the impact of public health interventions, especially those 

designed to limit further spatial dissemination. Standard phylogeographic approaches, 

such as discrete trait analysis, rely on the identification of local transmission lineages 

consisting of local secondary infections that result from arriving infectious travellers. 

Given that only a small fraction of local infections are typically sequenced in an outbreak, 

it is unsurprising that the number of viral importation events inferred from a given 

genomic dataset underestimates the true number. However, the underlying mechanism 

that leads to this underestimation and the degree to which this occurs under different 

outbreak conditions has not been well characterised. 

Here, we showed that the proportion of viral importation events detected from a 

sample of local infections depends on the underlying lineage size distribution, which in 

turn is determined by the coupled dynamics of viral importation and local transmission. 

By modelling lineage growth as particle movements in a continuous size-space, we found 

that the lineage size distribution of an infected population undergoing local exponential 

growth can be described by a power-law (consistent with empirical observations of 

SARS-CoV-2 spread made by du Plessis et al. (35) and other similar studies (33, 34, 46)), 

with the exponent depending on both local lineage growth rate and viral importation 

intensity over time. More generally, when local lineage growth is slower than the rate at 

which new lineages are being introduced, there is an accumulation of smaller lineages 

and, as a result, the proportion of lineages that we expect to detect increases only slowly 

with sample size. In contrast, when local transmission is intense, lineages grow rapidly 
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compared to the importation rate, resulting in larger lineages that are more likely to be 

detected, even at low sampling proportions. 

Using an agent-based stochastic model, we found that the inferred importation 

rate can be substantially downwardly biased, especially at low sampling intensities. This 

is due to variation in the lineage size distribution at the time of observation, which itself 

is determined by (i) differences in the time elapsed since introduction, with recently-

introduced lineages being smaller and therefore harder to detect, and (ii) stochastic 

extinction of local lineages during periods of low transmission, potentially resulting in 

smaller lineages at the time of observation despite early importation. 

Our findings have implications for the interpretation of viral movement estimates 

from phylogeographic analyses. First, while it is known that these estimates represent 

only approximate lower bounds of the true number of viral importation events, our results 

indicate that the degree of underestimation can vary substantially between outbreak 

contexts, especially when the fraction of infections that are genomically sequenced is 

small. This is important in the context of studies that investigate the source-sink dynamics 

of virus spread, in which the relative intensities of viral movement between locations are 

of primary interest. Our findings suggest that such estimates could be substantially biased 

and their interpretation requires careful consideration of the differences in local 

transmission dynamics between locations, especially when sampling fractions are low (≲

5%). Second, our observation that inferred viral importation dynamics can depend on 

local transmission intensity has implications for the interpretation of such estimates in the 

context of policy evaluation. For instance, a phylogeographic analysis of virus genomes 

from a country that experienced a recent increase in transmission intensity might conclude 

erroneously that the resurgence in case numbers was driven by increased viral importation 

- in reality, the true importation intensity might have remained constant, with the apparent 
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increase being an artefact resulting from later-introduced lineages being larger and 

therefore more likely to be detected (see Fig. 4.4F, G). Conversely, an increase in viral 

importation intensity shortly before the time of genome sampling is unlikely to be 

detected, due to the lower detection probability of recently-introduced (and therefore 

smaller) lineages. Studies that evaluate the efficacy of public health policies, especially 

those intended to prevent or reduce viral importation, should therefore be cautious in 

interpreting the temporal dynamics of viral movement estimates from phylogeographic 

analyses when sampling intensities are low. 

There are several limitations to our approach. Throughout the study we assumed 

sufficient sampling of virus genetic diversity at the source location, such that each 

independent local lineage can be uniquely resolved phylogenetically. This assumption 

rarely holds in practice due to both limited sequencing capacity and under-reporting, 

which will apply equally to both the source and recipient location. Violation of this 

assumption leads to an aggregation of independent local lineages and therefore an 

underestimation of the true number of viral importation events, even in the limit of 

complete sampling of infected individuals at the recipient location. Future studies should 

explore the extent to which the aggregation of lineages occurs given different sampling 

proportions at the source location and the effect of variation in relevant epidemiological 

and evolutionary parameters, as well as potential mitigation strategies when presented 

with such sampling bias (55). Secondly, we also assumed that each infected individual at 

the recipient location is equally likely to be sampled. This may not hold in practice due 

to targeted or biased sampling across space (e.g., unequal access to testing or healthcare 

services, airport screening, intense sampling following contact-tracing) or time (e.g., 

changes in public awareness, testing fatigue, sequencing capacity being overwhelmed 

during intense transmission). This will likely lead to further biases in the inferred viral 
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movements, especially if the sampling probability is correlated with viral importation rate 

or local transmission intensity; future studies involving empirical data should consider 

the potential impact of these sampling heterogeneities. Thirdly, by randomly sampling 

infected individuals only at the end of an outbreak, we have implicitly assumed that local 

transmission dynamics are unaffected by the sampling process. While this is a reasonable 

assumption for low-intensity sampling (the focus of this study), future work could 

consider different types of sampling or sequencing efforts (for example, when infected 

individuals are required to self-isolate following a positive test result) and their impact 

on transmission dynamics at high sampling intensities. Finally, we assumed that statistical 

uncertainties associated with phylogenetic and phylogeographic inference are negligible 

and can be ignored. In reality, the choice of molecular clock models (56), tree priors (57), 

and phylogeographic methods (e.g., structured coalescent (58–60), continuous random 

walk (24)) can all impact estimates of viral lineage movement. Further, we assumed that 

the timing of importation associated with each local transmission lineage is known - in 

practice, the exact time when an infectious traveller arrives can be obscured by both 

importation-lag (i.e. time difference between importation and first inferred local 

transmission event) and detection-lag (i.e. time difference between importation and first 

detected local infection; see Fig. 4.1B). These lags remain poorly understood and have 

received little attention in the literature. A more comprehensive evaluation of our findings 

in the context of these uncertainties should be explored. 

As large-scale pathogen genomic sequencing becomes more common in global 

public health, phylogeographic analysis is likely to play an increasingly important role in 

reconstructing and monitoring the spread of emerging pathogens. While this study 

primarily focuses on characterising the sampling process underlying the detection of viral 

importation events, our findings lay the groundwork for developing more robust inference 
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methods to address these biases. Such methods are needed to derive more accurate 

insights from viral genomic data and to inform the design of effective, timely 

interventions in response to future epidemics. 
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Appendix C: 
Supplementary materials for Chapter 4 
 

 

C.1     Selection criteria for relevant studies published during the COVID-19 

pandemic 

As described in Section 3 in the main text, we identified and selected peer-reviewed 

studies estimating the number of SARS-CoV-2 introductions and the intensity of viral 

importation at specific locations using phylogenetic and/or phylogeographic approaches. 

Relevant studies satisfying at least one of the following criteria were included: 

1. The study provided estimates of the sampling proportion (number of viral genomes 

included per confirmed case) during the relevant study period. 

2. The study provided the number of viral genomes that were included in the analysis 

and estimates of the total number of confirmed cases during the relevant study period, 

thereby allowing the sampling proportion to be estimated. 

3. The study provided the number of viral genomes that were included in the analysis, 

and the total number of confirmed cases during the relevant study period could be 

estimated either from data provided by the authors or from external public 

repositories, thereby allowing the sampling proportion to be estimated. 

For studies investigating the importation of specific SARS-CoV-2 variants, we used 

relative lineage frequencies (either provided by the study or downloaded from public 

repositories) to estimate variant-specific reported/confirmed case numbers. For studies 

considering viral movements among multiple locations, the average sampling proportion 

weighted by the number of cases from each location is calculated. It is important to note 

that these sampling proportions are intended as only rough estimates of the proportion of 
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infections that were sampled, given the substantial variability in reporting practices, as 

well as changes in case definitions and the proportion of asymptomatic infections over 

the course of the pandemic.  

 

C.2     Derivation of an analytical expression describing the time evolution of 

lineage size distribution assuming local exponential growth 

As described in Section 4 in the main text, we model the growth of local transmission 

lineages as particle movement in a one-dimensional continuous lineage size-space. With 

the definition of a transmission lineage as outlined in Section 4.2 in the Chapter 4, the 

time evolution of the density of these particles in size-space can be considered as solutions 

to the continuity equation 

𝜕𝑛
𝜕𝑡 +

𝜕
𝜕𝑙 �𝑛

𝑑𝑙
𝑑𝑡� = 𝑀(𝑡)𝛿(𝑙 − 1) (1) 

with the boundary condition 𝑛(𝑙, 0) = 0 for all 𝑙 ≥ 1, where 𝑛 = 𝑛(𝑙) is the particle 

density at 𝑙, 𝑀(𝑡) is the true importation rate at time 𝑡, and 𝑑𝑙/𝑑𝑡 is the instantaneous 

lineage growth rate which is a function of both time and lineage size. 

Assuming that the local infected population is undergoing exponential growth 

(e.g., during the early stages of an outbreak), such that 𝑑𝑙/𝑑𝑡 = 𝑟𝑙 where 𝑟 is a positive 

constant, Eq. 1 then becomes 

𝜕𝑛
𝜕𝑡
+
𝜕𝑛
𝜕𝑙
𝑟𝑙 + 𝑛𝑟 = 𝑀(𝑡)𝛿(𝑙 − 1) (2) 

which is a first-order PDE with a source term (right hand side). 

Applying change of variables with 𝜖 = 𝑡 and 𝜈 = ln 𝑙 − 𝑟𝑡, we obtain 
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𝜕𝑛
𝜕𝜖

+ 𝑛𝑟 = 𝑀(𝜖)𝛿(𝜈 + 𝑟𝜖) (3) 

where we have also used the transformation 𝛿(𝑔(𝑥)) = 𝛿(𝑥 − 𝑥[)/|𝑔′(𝑥[)|, if 𝑔(𝑥) has 

a real root at 𝑥 = 𝑥[.  

Eq. 3 can then be solved using an integrating factor to give the general solution 

𝑛(𝜖, 𝜈) = 𝑒J.` 𝑀(𝜖a)𝛿(𝜈 + 𝑟𝜖a)𝑒.`'𝑑𝜖a +Φ(𝜈) (4) 

with Φ(𝜈) being an arbitrary function of 𝜈. 

Applying the boundary condition that 𝑛(𝑙, 𝑡 = 0) = 0 for all 𝑙 ≥ 1, and since 

𝜈(𝑙, 𝑡 = 0) = ln 𝑙, from Eq. 4 we obtain 

Φ(ln 𝑙) = −𝑀(− ln 𝑙 /𝑟)H(ln 𝑙 /𝑟)/𝑙 (5) 

where H(𝑥) is the Heaviside function. If we further let 𝑢 =ln 𝑙, and given that H(𝑢/𝑟) =

H(𝑢), we get 

Φ(𝑢) = −𝑀(−𝑢/𝑟)H(𝑢)𝑒J1 (6) 

Substituting this back into the general solution (Eq. 4) and expanding the right hand side 

gives 

𝑛(𝜖, 𝜈) = 𝑒J(.`Kb)𝑀(−𝑣/𝑟)[H(𝑟𝜖 + 𝜈) − H(𝜈)] (7) 

Finally, performing change of variables again from 𝜖 and 𝜈 back to 𝑡 and 𝑙 gives the 

solution 

𝑛(𝑙, 𝑡) =
𝑀(𝑡 − ln 𝑙 /𝑟)

𝑙
[H(𝑙 − 1) − H(𝑙 − 𝑒.S)] (8) 
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The second term in final solution is commonly known as a boxcar function with the 

general form H(𝑥 − 𝑎) − H(𝑥 − 𝑏), where 𝑎 and 𝑏 are constants representing the limits 

of the interval over which the function gives a value of 1, and 0 otherwise. The 

corresponding interval of the boxcar function in Eq. 8 is [1, 𝑒.S], with 1 being the 

minimum size that a lineage can have by definition, and 𝑒.S being the maximum lineage 

size attainable up to time 𝑡 assuming exponential growth at rate 𝑟. 

 

C.3     Derivation of an analytical expression describing the time evolution of 

lineage size distribution assuming local logistic growth 

Following from Section C.2, if we now assume that the local infected population is 

undergoing logistic growth instead such that 𝑑𝑙/𝑑𝑡 = 𝑟𝑙(1 − 𝑙/𝐾), where 𝑟 is again a 

positive constant and represents the initial growth rate when 𝑙 is small, and 𝐾 is the 

maximum lineage size attainable (also known as the carrying capacity), Eq. 1 then 

becomes 

𝜕𝑛
𝜕𝑡 +

𝜕𝑛
𝜕𝑙 𝑟𝑙 �1 −

𝑙
𝐾� + 𝑛𝑟 �1 −

2𝑙
𝐾� = 𝑀(𝑡)𝛿(𝑙 − 1) (9) 

Applying change of variables with 𝜖 = 𝑡 and 𝜈 = ln[𝑙/(𝐾 − 𝑙)], we obtain 

𝜕𝑛
𝜕𝜖

+
𝜕𝑛
𝜕𝜈
𝑟 − 𝑛𝑟 tanh ¦

𝑣
2§

= 𝑀(𝜖) �
𝐾

𝐾 − 1
� 𝛿[𝜈 + ln(𝐾 − 1)] (10) 

where we have again used the transformation 𝛿(𝑔(𝑥)) = 𝛿(𝑥 − 𝑥[)/|𝑔′(𝑥[)|, giving the 

factor 𝐾/(𝐾 − 1) in the right hand side of the equation. 

It can be shown that any first-order PDE of the form 

𝜕𝑤
𝜕𝑥

+
𝜕𝑤
𝜕𝑦

𝑎 = 𝑓(𝑥, 𝑦)𝑤 + 𝑔(𝑥, 𝑦) (11) 
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has the general solution 

𝑤(𝑥, 𝑦) = 𝐹(𝑥, 𝑢) ªΦ(𝑢) +  
𝑔(𝑥, 𝑢 + 𝑎𝑥)
𝐹(𝑥, 𝑢)𝑑𝑥 « (12) 

with  

𝐹(𝑥, 𝑢) =exp � 𝑓(𝑥, 𝑢 + 𝑎𝑥)𝑑𝑥� (13) 

where 𝑢 = 𝑦 − 𝑎𝑥 and Φ(𝑢) is an arbitrary function of the parameter 𝑢. 

If we compare Eq. 10 with Eq. 11, it is straightforward to see that the above known 

result implies the following general solution to our first-order PDE, 

𝑛(𝜖, 𝑢) = 𝐹(𝜖, 𝑢) ªΦ(𝑢) +  𝑀(𝜖′)[𝐾/(𝐾 − 1)]
𝛿[𝑢 + 𝑟𝜖a + ln(𝐾 − 1)]

𝐹(𝜖a, 𝑢)𝑑𝜖a « (14) 

where  

𝐹(𝜖, 𝑢) = exp � 𝑟 tanh[(𝑢 + 𝑟𝜖a)/2] 𝑑𝜖a� = 𝐴 cosh%[(𝑢 + 𝑟𝜖)/2] (15) 

with 𝐴 being a constant of integration. 

Applying the boundary condition that 𝑛(𝑙, 𝑡 = 0) = 0 for all 𝑙 ≥ 1, and since 

𝑢(𝜈, 𝜖 = 0) = 𝜈 = ln[𝑙/(𝐾 − 𝑙)], from Eq. 14 we obtain 

Φ(𝑞) = −
𝑀�−(1/𝑟)[𝑞 + ln(𝐾 − 1)]�H[𝑞 + ln(𝐾 − 1)]

𝐴𝐾/4
(16) 

where we have let 𝑞 = ln[𝑙/(𝐾 − 𝑙)]. 

Substituting this back into the general solution (Eq. 12) and expanding the right 

hand side gives 
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𝑛(𝜖, 𝑢) =
cosh% °𝑢 + 𝑟𝜖2 ± �H[𝑢 + 𝑟𝜖 + ln(𝐾 − 1)] − H(𝑢 + ln(𝐾 − 1)]�

𝐾
4

∙ 𝑀 ª−
[𝑢 + ln(𝐾 − 1)]

𝑟
« (17)

 

Finally, performing change of variables again from 𝜖 and 𝜈 back to 𝑡 and 𝑙 gives the 

solution 

𝑛(𝑙, 𝑡) =
𝐾

𝑙(𝐾 − 𝑙)𝑀 ³𝑡 −
𝑙𝑛 �𝑙(𝐾 − 1)𝐾 − 𝑙 �

𝑟 ´ |H(𝑙 − 1) − H ª𝑙 −
𝐾𝑒.S

[(𝐾 − 1) + 𝑒.S]«~
(18) 

Note that we again have a boxcar function as the second term in our final solution, with 

the corresponding interval (over which the boxcar function takes a value of 1) being 

[1, 𝐾𝑒.S/[(𝐾 − 1) + 𝑒.S]. By solving 𝑑𝑙/𝑑𝑡 = 𝑟𝑙(1 − 𝑙/𝐾) with the boundary condition 

𝑙(𝑡 = 0) = 1, it is easy to show that the maximum lineage size attainable at time 𝑡 is 

given by 𝐾𝑒.S/[(𝐾 − 1) + 𝑒.S], i.e. the right-limit of the boxcar function, as expected. 

 

C.4     A simple deterministic model of viral importation and local lineage 

growth 

In this simple model, we assume that the population at the recipient location is completely 

susceptible initially at 𝑡 = 0. At each subsequent time step 𝑡, 𝑀(𝑡) infectious travellers 

arrive per day from the source location, with each traveller introducing a local 

transmission lineage of size 1 upon arrival. Once introduced, each lineage grows 

deterministically assuming exponential growth at rate 𝑟. We also assume that there is no 

recovery of infected individuals, such that the size of a local lineage at any given time 𝑡 

is given by 𝑙(𝑡) = 𝑒.(SJS(), where 𝑡[ is the time when the lineage was introduced. 
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Once a predefined amount of time T (referred to as the time of observation) has 

elapsed since the first viral importation event at 𝑡 = 0, we simulate a sampling process 

by randomly selecting a proportion 𝑠 of infectious individuals at the time of observation 

(with equal probability regardless of their infection time). Assuming that any 

uncertainties and biases associated with the phylogenetic tree estimation and 

phylogeographic reconstruction are negligible, a local transmission lineage is considered 

detected if at least one of its associated members is sampled. The inferred time of 

importation of each detected lineage corresponds to the time at which the associated 

infectious traveller entered the local population. To account for the stochasticity in the 

sampling process, we repeat the random selection of infected individuals 50 times for 

each sampling proportion 𝑠 and time of observation T. 

 

C.5     A stochastic agent-based model of viral importation and local lineage 

growth 

Here we construct a stochastic agent-based model with the following key assumptions: 

1. The local population consists of N individuals initially. 

2. At any given time 𝑡, each individual can be in one of three possible states: susceptible 

(S), infectious (I), or recovered (R). 

3. The population is well-mixed, i.e. each individual has an equal probability of coming 

into contact with any other individual, regardless of their infection status. 

At the start (at 𝑡 = 0), we assume that the local population is initially in a fully susceptible 

state with no infected individuals. At each subsequent time step 𝑡, we simulate the 

following processes: 
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1. Viral importation: 𝑀(𝑡) infectious travellers are introduced into the local 

population. 

2. Contact: Each infected individual (including infectious travellers) comes into contact 

with 𝜅 individuals randomly selected from the local population, with equal selection 

probability regardless of their infection status. 

3. Transmission: Each susceptible individual who comes into contact with an infected 

individual becomes infected with probability 𝛽. 

4. Recovery: Each infected individual recovers with probability 𝛾. 

Importantly, we keep track of who-infected-whom in each transmission event at each 

time step; this allows us to attribute each local infection to a specific local transmission 

lineage resulting from a single arriving infectious traveller. 

Once a predefined amount of time T (referred to as the time of observation) has 

elapsed since the first viral importation event at 𝑡 = 0, we again simulate a sampling 

process by randomly selecting a proportion 𝑠 of individuals who are either still infectious 

(I) or have recovered (R) at the time of observation (with equal probability regardless of 

their infection time). Assuming that any uncertainties and biases associated with the 

phylogenetic tree estimation and phylogeographic reconstruction are negligible, a local 

transmission lineage is considered detected if at least one of its members is sampled. The 

inferred time of importation of each detected lineage corresponds to the time at which the 

associated infectious traveller entered the local population. To account for the 

stochasticity in the sampling process, we repeat the random selection of infected 

individuals 50 times for each sampling proportion 𝑠 and time of observation T. 

The values for parameters 𝛽 (transmission probability given contact), 𝛾 (recovery 

probability per unit time), and 𝜅 (number of contacts per individual per unit time) are 

specified based on estimates consistent with or similar to those observed during the 
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COVID-19 pandemic. Details of these parameter values can be found in Table C.2, along 

with references to studies from which these estimates were extracted. 
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Fig. C.1. Observed lineage size distribution at different sampling proportions on a 
log-log scale. Each panel shows results from experiments considering a different true 
lineage size distribution (A: a uniform distribution; B: a linear increase in density with 
lineage size; C: a linear decrease in density with lineage size; D: a power-law distribution 
with a negative exponent); the corresponding density function is shown at the top of each 
panel. All distributions are truncated at maximum lineage size 𝑙 = 500. Solid lines 
represent the observed lineage size distribution at varying sampling proportions (𝑠 =
0.01, 0.05, 0.1, 0.5, 0.9), as indicated by their opacity (lower opacity corresponds to a 
lower sampling proportion). 
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Fig. C.2. Impact of local transmission dynamics on lineage growth and stochastic 
extinction of lineages. Each panel shows results from a single stochastic agent-based 
simulation up to time T=50 assuming a constant importation rate (𝑀(𝑡) = 𝑀[ = 100 per 
day) and a constant transmission probability (𝛽 = 0.25 per contact), but either with 
recovery (B, C, and D; at rate 𝛾 = 1) or without recovery (A) of infectious individuals, 
and either a constant contact rate (A and B; at rate 𝜅 = 10) or a time-varying contact rate 
(A: an increasing contact rate, from 𝜅 = 1 to 𝜅 = 10; B: a decreasing contact rate, from 
𝜅 = 10 to 𝜅 = 1). The plot at the top of each panel shows the simulated epidemic 
dynamics, i.e. the number of infected (I; red solid line), susceptible (S; blue solid line) 
and recovered (R; black solid line) individuals over time. The plot at the bottom shows 
the time of importation and time of extinction (time of last infection) of each local 
transmission lineage, as represented by the start- and end-position of a horizontal blue 
line. Transmission lineages (horizontal blue lines) are positioned along the y-axis 
according to their order of importation. Extinction events are marked by orange circles 
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positioned along the x-axis according to the time of last infection, with radius indicating 
the size of the lineage at extinction (i.e. total number of infected individuals since 
introduction). Viral introductions resulting in immediate extinction and therefore local 
transmission lineages of size 𝑙 = 1 are marked by black circles, with radius indicating the 
number of such events at a given time 𝑡. 
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Table C.1. Key statistics from previous studies estimating number of viral 
introductions and importation intensity using phylogeography during COVID-19 
pandemic. For studies in which phylogeographic analysis was performed for multiple 
locations, the average sampling proportion (weighted by the estimated number for 
reported/confirmed cases during study period) is estimated and reported; sampling 
proportions estimated using numbers of reported/confirmed cases taken from external 
data from public repositories (as opposed to from the relevant studies themselves) are 
indicated by an asterisk. 

ID Title (DOI) No. of 
genomes 
included 

Estimated 
sampling 
proportion 

Relevant details and/or 
external data used 

1 A small number of early 
introductions seeded 
widespread transmission 
of SARS-CoV-2 in 
Québec, Canada 
(https://doi.org/10.1186/s
13073-021-00986-9) (1) 

2,921 0.057 N/A 

2 Phylogenetic analysis of 
SARS-CoV-2 in Boston 
highlights the impact of 
superspreading events 
(https://doi.org/10.1126/s
cience.abe3261) (2) 

772 0.012 * Case data downloaded from 
https://github.com/nytimes/covid
-19-data (accessed on 23 
December 2024) was used to 
calculate cumulative number of 
confirmed cases in 
Massachusetts state between 1 
March and 1 May 2020 

3 Genomic epidemiology 
reveals multiple 
introductions of SARS-
CoV-2 from mainland 
Europe into Scotland 
(https://doi.org/10.1038/s
41564-020-00838-z) (3) 

1,314 0.49 N/A 

4 Establishment and 
lineage dynamics of the 
SARS-CoV-2 epidemic 
in the UK 
(https://doi.org/10.1126/s
cience.abf2946) (4) 

26,181 0.093 N/A 

5 Spatiotemporal invasion 
dynamics of SARS-CoV-
2 lineage B.1.1.7 
emergence 
(https://doi.org/10.1126/s
cience.abj0113) (5) 

17,716 0.038 N/A 
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6 Context-specific 
emergence and growth of 
the SARS-CoV-2 Delta 
variant 
(https://doi.org/10.1038/s
41586-022-05200-3) (6) 

52,992 0.50 * Total number of Delta cases in 
England between 12 March and 
15 June 2021 was estimated 
using confirmed case data 
downloaded from OWID 
(https://ourworldindata.org/grap
her/uk-daily-new-covid-
cases?time=earliest..latest&coun
try=~England; accessed on 12 
October 2024) and lineage 
frequency data downloaded from 
https://covid19.sanger.ac.uk/line
ages/raw (accessed on 13 
October 2024). 

7 Genomic epidemiology 
of the first two waves of 
SARS-CoV-2 in Canada 
(https://doi.org/10.7554/e
Life.73896) (7) 

27,552 0.045 N/A 

8 Genomic epidemiology 
of SARS-CoV-2 under an 
elimination strategy in 
Hong Kong 
(https://doi.org/10.1038/s
41467-022-28420-7) (8) 

1,899 0.19 Total number of confirmed cases 
in Hong Kong during the study 
period was taken from 
Supplementary Information 
provided by the authors. 

9 Genomic epidemiology 
of the SARS-CoV-2 
epidemic in Brazil 
(https://doi.org/10.1038/s
41564-022-01191-z) (9) 

17,135 0.00091 * Total number of confirmed cases 
in Brazil and Paraguay up to 30 
June 2021 was calculated using 
data downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 6 October 
2024). 

10 Phylogenetic estimates of 
SARS-CoV-2 
introductions into 
Washington State 
(https://doi.org/10.1016/j.
lana.2021.100018) (10) 

4,918 0.060 N/A 

11 The first wave of the 
COVID-19 epidemic in 
Spain was associated 
with early introductions 
and fast spread of a 
dominating genetic 
variant 
(https://doi.org/10.1038/s
41588-021-00936-6) (11) 

2,170 0.0085 * Total number of confirmed cases 
in Spain between 25 Feb and 22 
June 2020 was calculated using 
data downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 23 October 
2024). 

12 Genomic epidemiology 649 0.56 N/A 
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reveals transmission 
patterns and dynamics of 
SARS-CoV-2 in 
Aotearoa New Zealand 
(https://doi.org/10.1038/s
41467-020-20235-8) (2) 

13 Genomic surveillance of 
SARS-CoV-2 in Puerto 
Rico enabled early 
detection and tracking of 
variants 
(https://doi.org/10.1038/s
43856-022-00168-7) (13) 

753 0.0040 * Total number of confirmed cases 
in Puerto Rico between 23 
March 2020 and 30 September 
2021 was calculated using data 
downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 3 
December 2024). 

14 SARS-CoV-2 
introductions and early 
dynamics of the epidemic 
in Portugal 
(https://doi.org/10.1038/s
43856-022-00072-0) (14) 

1,275 0.16 N/A 

15 Genomic epidemiology 
of SARS-CoV-2 variants 
during the first two years 
of the pandemic in 
Colombia 
(https://doi.org/10.1038/s
43856-023-00328-3) (15) 

1,670 0.00028 * Total number of confirmed cases 
in Colombia up to February 
2022 was calculated using data 
downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed 5 December 
2024). 

16 Genomic epidemiology 
of SARS-CoV-2 
transmission lineages in 
Ecuador 
(https://doi.org/10.1093/v
e/veab051) (16) 

160 0.0008 Total number of confirmed cases 
in Ecuador during the study 
period was taken from 
Supplementary Information 
provided by the authors. 

17 Genomic epidemiology 
reveals the reduction of 
the introduction and 
spread of SARS-CoV-2 
after implementing 
control strategies in 
Republic of Korea, 2020 
(https://doi.org/10.1093/v
e/veab077) (17) 

2,065 0.034 N/A 

18 Epidemiological 
dynamics of SARS-CoV-
2 VOC Gamma in Rio de 
Janeiro, Brazil 
(https://doi.org/10.1093/v

113 0.00043 N/A 
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e/veab087) (18) 

19 Sixteen novel lineages of 
SARS-CoV-2 in South 
Africa 
(https://doi.org/10.1038/s
41591-021-01255-3) (19) 

1,365 0.0022 * Total number of confirmed cases 
in South Africa between 6 
March and 26 August 2022 was 
calculated using data 
downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 11 
November 2024). Note also that 
the final number of South 
African sequences after quality 
control was used in calculating 
the sampling proportion. 

20 A year of genomic 
surveillance reveals how 
the SARS-CoV-2 
pandemic unfolded in 
Africa 
(https://doi.org/10.1126/s
cience.abj4336) (20) 

8,746 0.002 * Total number of confirmed cases 
in Africa up to 31 March 2021 
was calculated using data 
downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 15 
November 2024). 

21 Evolution and epidemic 
spread of SARS-CoV-2 
in Brazil 
(https://doi.org/10.1126/s
cience.abd2161) (21) 

490 0.005 N/A 

22 Genomic epidemiology 
of SARS-CoV-2 in 
Guangdong Province, 
China 
(https://doi.org/10.1016/j.
cell.2020.04.023) (22) 

70 0.05 Total number of confirmed cases 
in Guangdong up to 19 March 
2020 (n=1,388; including 
imported cases), as reported by 
the authors in the study, was 
used in calculating the sampling 
proportion. 

23 Tracking the COVID-19 
pandemic in Australia 
using genomics 
(https://doi.org/10.1038/s
41467-020-18314-x) (23) 

903 0.68 The number of confirmed cases 
in Australia between 6 January 
and 14 April 2020 (n=1,333), as 
reported by the authors in the 
study, was used in calculating 
the sampling proportion. 

24 Genomic epidemiology 
of the early stages of the 
SARS-CoV-2 outbreak in 
Russia 
(https://doi.org/10.1038/s
41467-020-20880-z) (24) 

211 0.0034 The number of confirmed cases 
in Russia between 11 March and 
23 April 2020 (n=62,745), as 
reported by the authors in the 
study, was used in calculating 
the sampling proportion. 

25 Genomic epidemiology 
of SARS-CoV-2 during 

1,142 0.0051 Total number of confirmed cases 
in Mozambique up to 22 April 
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the first four waves in 
Mozambique 
(https://doi.org/10.1371/j
ournal.pgph.0001593) 
(25) 

2022 was calculated using data 
downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 20 
December 2024). 

26 Tracking SARS-CoV-2 
introductions in 
Mozambique using 
pandemic-scale 
phylogenies: a 
retrospective 
observational study 
(https://doi.org/10.1016/S
2214-109X(23)00169-9) 
(26) 

932 0.0067 * Although Mozambican 
sequences were extracted from 
the GISAID database up to 11 
January 2022, the study 
considered only the Beta and 
Delta variants which were the 
dominant lineages up to end of 
November 2021 (before they 
were overtaken by the Omicron 
variant) (Ismael et al., 2023). To 
calculate the sampling 
proportion, we have therefore 
used the total number of 
confirmed cases in Mozambique 
between 1 November 2020 and 
30 November 2021 downloaded 
from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 5 January 
2025), with the assumption that 
the proportion of confirmed 
cases that can be attributed to 
variants other than the Beta and 
Delta variant is negligible. 

27 Tracing the international 
arrivals of SARS-CoV-2 
Omicron variants after 
Aotearoa New Zealand 
reopened its border 
(https://doi.org/10.1038/s
41467-022-34186-9) (27) 

2,000 0.0016 * SARS-CoV-2 transmission 
during the study period was 
dominated by the Omicron and 
Delta variants. To estimate the 
number of confirmed cases that 
can be attributed to Omicron, we 
used the total number of 
confirmed cases in New Zealand 
between 8 November 2021 and 
15 June 2022 downloaded from 
OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 15 January 
2025). The number of cases 
attributable to the Delta variant 
was estimated using lineage 
frequency data downloaded from 
https://github.com/ESR-NZ/nz-
sars-cov2-
variants/tree/main/data (accessed 
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on 15 January 2025); this value 
was then subtracted from the 
total number of confirmed cases 
during the study period to obtain 
the number of relevant Omicron 
cases. 

28 Evolutionary and 
spatiotemporal analyses 
reveal multiple 
introductions and cryptic 
transmission of SARS-
CoV-2 VOC/VOI in 
Malta 
(https://doi.org/10.1128/s
pectrum.01539-23) (28) 

666 0.010 * Total number of confirmed cases 
in Malta up to 25 January 2022 
was calculated using data 
downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 12 January 
2025). 

29 Genomic epidemiology 
of early SARS-CoV-2 
transmission dynamics, 
Gujarat, India 
(https://doi.org/10.3201/e
id2804.212053) (29) 

434 0.0071 * Total number of confirmed cases 
in Gujarat, India between 1 
April and 31 July 2020 was 
calculated using data 
downloaded from 
https://github.com/covid19india/
api (accessed on 16 January 
2025).. 

30 Tracking the introduction 
and spread of SARS-
CoV-2 in coastal Kenya 
(https://doi.org/10.1038/s
41467-021-25137-x) (30) 

311 0.16 The number of confirmed cases 
across the coastal counties by 31 
July 2020 (n=1,997), as reported 
by the authors in the study, was 
used in calculating the sampling 
proportion. 

31 A single early 
introduction governed 
viral diversity in the 
second wave of SARS-
CoV-2 epidemic in 
Hungary 
(https://doi.org/10.1093/v
e/veac069) (31) 

352 0.00087 Total number of confirmed cases 
in Hungary between 29 April 
2020 and 23 February 2021 was 
calculated using data 
downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 20 
December 2024). 

32 Importation of Alpha and 
Delta variants during the 
SARS-CoV-2 epidemic 
in Switzerland: 
phylogenetic analysis and 
intervention scenarios 
(https://doi.org/10.1371/j
ournal.ppat.1011553) 
(32) 

13,198 0.15 * Total number of confirmed cases 
that can be attributed to the 
Alpha and Delta variants in 
Switzerland prior to 31 March 
2021 and 31 July 2021, 
respectively, were estimated 
using surveillance data from 
Federal Office of Public Health 
(using an R script provided by 
the authors in the Supplementary 
Materials, 
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https://github.com/ISPMBern/vo
c_imports_ch/blob/main/R/impo
rts_100_swissepidemic.R). 

33 Introduction and 
transmission of SARS-
CoV-2 lineage B.1.1.7, 
Alpha variant, in 
Denmark 
(https://doi.org/10.1186/s
13073-022-01045-7) (33) 

60,178 0.34 N/A 

34 Genomic epidemiology 
of the first epidemic 
wave of severe acute 
respiratory syndrome 
coronavirus 2 (SARS-
CoV-2) in Palestine 
(https://doi.org/10.1099/
mgen.0.000584) (34) 

69 0.0030 * Total number of confirmed cases 
in Palestine between 4 March 
and19 August 2020 was 
calculated using data 
downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 10 October 
2024). 

35 Genomic reconstruction 
of the SARS-CoV-2 
epidemic in England 
(https://doi.org/10.1038/s
41586-021-04069-y) (35) 

281,178 0.072 N/A 

36 Genomic epidemiology 
of the first wave of 
SARS-CoV-2 in Italy 
(https://doi.org/10.3390/v
12121438) (36) 

651 0.0027 * Total number of confirmed cases 
in Italy between 29 January and 
20 July 2020 was calculated 
using data downloaded from 
OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 2 August 
2024). 

37 Multiple introductions 
followed by ongoing 
community spread of 
SARS-CoV-2 at one of 
the largest metropolitan 
areas of Northeast Brazil 
(https://doi.org/10.3390/v
12121414) (37) 

101 0.0065 * Total number of confirmed cases 
in Pernambuco, Brazil between 
12 March and 14 May 2020 
(date of latest genome sample) 
was calculated using data 
downloaded from 
https://github.com/henriquemor/
covid19-Brazil-
timeseries/blob/master/transp-
confirmed-new.csv (accessed on 
25 October 2024). 

38 Phylodynamics reveals 
the role of human travel 
and contact tracing in 
controlling the first wave 
of COVID-19 in four 

793 0.079 Sampling proportion is averaged 
across the four countries 
considered in the study, 
weighted by the number of 
confirmed cases per location. 
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island nations 
(https://doi.org/10.1093/v
e/veab052) (38) 

39 Genomic assessment of 
invasion dynamics of 
SARS-CoV-2 Omicron 
BA.1 
(https://doi.org/10.1126/s
cience.adg6605) (39) 

48,748 0.011 * Total number of Omicron BA.1 
cases in England up to 31 
January 2021 was estimated 
using data on the number of 
confirmed cases with SGTF, as 
provided by the authors in the 
Supplementary Materials 
(https://github.com/joetsui1994/
Omicron-BA.1-invasion-
dynamics/blob/main/analyses/ep
idemiological/GOV.UK_SGTF_
BA.1_daily_LTLA_20210901-
20220301.csv; accessed on 29 
August 2024). 

40 Dispersal dynamics of 
SARS-CoV-2 lineages 
during the first epidemic 
wave in New York City 
(https://doi.org/10.1371/j
ournal.ppat.1009571) 
(40) 

828 0.0045 * Total number of confirmed cases 
in New York City (Bronx, 
Brooklyn, Manhattan, Queens, 
and Staten Island) up to 10 May 
2020 was calculated using data 
downloaded from 
https://github.com/sdellicour/sar
s-cov-
2_new_york/blob/master/Scripts
_%26_data/NY_epidemiological
_data/NY_boroughs_COVID.cs
v (accessed on 19 December 
2024), as provided by the 
authors in the Supplementary 
Materials. 

41 A phylodynamic 
workflow to rapidly gain 
insights into the dispersal 
history and dynamics of 
SARS-CoV-2 lineages 
(https://doi.org/10.1093/
molbev/msaa284) (41) 

740 0.012 * Total number of confirmed cases 
in Belgium up to 10 June 2020 
was calculated using data 
downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 9 
December 2024). 

42 Regional connectivity 
drove bidirectional 
transmission of SARS-
CoV-2 in the Middle East 
during travel restrictions 
(https://doi.org/10.1038/s
41467-022-32536-1) (42) 

579 0.0011 N/A 

43 Genomic sequencing of 
SARS-CoV-2 in Rwanda 

203 0.012 N/A 
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reveals the importance of 
incoming travelers on 
lineage diversity 
(https://doi.org/10.1038/s
41467-021-25985-7) (43) 

44 SARS-CoV-2 genomic 
characterization and 
clinical manifestation of 
the COVID-19 outbreak 
in Uruguay 
(https://doi.org/10.1080/2
2221751.2020.1863747) 
(44) 

73 0.093 N/A 

45 Comparing the 
evolutionary dynamics of 
predominant SARS-CoV-
2 virus lineages co-
circulating in Mexico 
(https://doi.org/10.7554/e
Life.82069) (45) 

10,618 0.0042 * Total number of confirmed cases 
that can be attributed to 
B.1.1.222, B.1.1.519, B.1.1.7, 
P.1, and B.1.617.2 in Mexico 
from January 2020 up to 30 
November 2021 was estimated 
using confirmed case data 
downloaded from 
https://datos.covid-
19.conacyt.mx/ (accessed on 5 
January 2025) and lineage 
frequency data downloaded from 
https://cov-
spectrum.org/explore/Mexico/Al
lSamples/ (accessed on 5 
January 2025). 

46 Variant-specific 
introduction and dispersal 
dynamics of SARS-CoV-
2 in New York City - 
from Alpha to Omicron 
(https://doi.org/10.1371/j
ournal.ppat.1011348) 
(46) 

12,093 0.0092 * Total number of Alpha, Iota, 
Delta, and Omicron (BA.1) 
cases in New York City between 
2020 and 2022 was estimated 
using daily confirmed case 
number and lineage frequency 
data downloaded from 
https://github.com/nychealth/cor
onavirus-data (accessed on 20 
January 2024). The final 
sampling proportion is averaged 
across the four variants 
considered in the study, 
weighted by the number of 
confirmed cases per variant. 

47 Regional importation and 
asymmetric within-
country spread of SARS-
CoV-2 variants of 
concern in the 
Netherlands 

3,596 0.0038 Total number of Alpha, Beta, 
Gamma, and Delta cases in the 
Netherlands during the study 
period was estimated by 
calculating the total number of 
non-variant-specific cases 
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(https://doi.org/10.7554/e
Life.78770) (47) 
 
 

between December 2020 and 
August 2021, and subtracting the 
number of cases that were not 
attributable to the Alpha variant 
between December 2020 and 
April 2021, using data 
downloaded from 
https://github.com/AMC-
LAEB/nl_sars-cov-
2_genomic_epi_2022/tree/main 
(accessed on 20 January 2025) 
as provided by the authors in the 
Supplementary Materials. In the 
calculation, we have assumed 
that SARS-CoV-2 transmission 
during the study period was 
dominated by the Alpha, Beta, 
Gamma, and Delta variants, with 
the proportion of other lineages 
being negligible. 

48 Genomic evolution and 
early introductions of the 
SARS-CoV-2 Omicron 
variant in Mexico 
(https://doi.org/10.1093/v
e/veac109) (48) 

641 0.00034 * Total number of Omicron cases 
in Mexico between 1 November 
2021 and 31 March 2022 was 
estimated using data 
downloaded from OWID 
(https://ourworldindata.org/coro
navirus#coronavirus-country-
profiles; accessed on 12 January 
2025), with the assumption that 
the number of cases attributable 
to other lineages was negligible 
during the study period. 
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Table C.2. Key parameters used in the stochastic agent-based model. Brief 
descriptions and references to studies from which values are taken are included where 
applicable. 

Parameter Description Value(s) 

Population size, 
𝑁 

Size of local population (excluding 
arriving infectious travellers) 

100,000 

Transmission 
probability, 𝛽 

Probability that a susceptible 
individual becomes infected upon 
contact with an infected individual 

0.025 per contact (fixed) (49, 50) 

Recovery 
probability, 𝛾 

Probability that an infected 
individual recovers and becomes 
immune (i.e., I → R) per time step 

0.1 per day (fixed; equivalent to an 
average infectious duration of 10 
days) (51, 52) 

Contact rate, 𝜅 Average of contacts per individual 
per time step (regardless of 
infection status) 

Contant 𝜅: 10 per individual per 
day (53) 

Time-varying 𝜅: increases from 1 to 
10 per individual per day, following 
a sigmoidal trajectory (53, 54) 

Time-varying 𝜅: decreases from 10 
to 1 per individual per day, 
following a sigmoidal trajectory 
(53, 54) 
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5 
Optimising genomic sampling for 

phylogeographic inference: a simulation-
based evaluation framework 

 

Building on the work presented in Chapter 4, where I examined the effect of 

undersampling of local infections on the detection of viral importation, this chapter 

explores the broader impact of heterogeneous sampling on discrete phylogeographic 

inference by first introducing a new simulation-based evaluation called SOPHI 

(“Sandbox for Optimising genomic sampling for PHylogeographic Inference”). Using 

this framework, I then investigate: 1) the impact of undersampling at both the source and 

recipient locations on the detection of viral importation events under realistic outbreak 

conditions, and 2) the impact of sampling biases on identifying the sources of early viral 

importation under three commonly used sampling schemes. 

The work presented in this chapter is based on a manuscript currently in 

preparation, under the title “SOPHI: Sandbox for Optimising genomic sampling for 

PHylogeographic Inference”. 

Tsui, J.L.-H., Inward, R., Kraemer, M.U.G. and Pybus, O.G. (in preparation) ‘SOPHI: 
Sandbox for Optimising genomic sampling for PHylogeographic Inference’. 

 

5.1     Introduction 

Phylogeographic methods have become an essential tool for reconstructing the 

spatiotemporal dynamics of pathogen spread, especially during large-scale outbreaks 
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where traditional epidemiological data are scarce or incomplete. By integrating genomic 

and geographic data, these approaches enable the inference of viral importation events 

and patterns of pathogen dissemination across multiple spatial scales. This has been 

showcased in numerous studies examining the local and global transmission dynamics of 

viruses such as Ebola (1, 2), seasonal influenza (3-6), Zika (7, 8), and most recently, 

SARS-CoV-2 (9-14), with the work presented in Chapter 2 providing one example (15). 

In particular, in Chapter 2, I applied a combination of continuous (16) and discrete (17) 

phylogeographic approaches to characterise both the initial introduction and subsequent 

local dissemination of SARS-CoV-2 Omicron BA.1 in the UK. While continuous spatial 

approaches effectively capture patterns of fine-scale diffusive spread within local regions 

or cities (18, 19), transmission among human populations over larger spatial scales is 

often better represented as discrete “jumps” between geographically distant locations, 

reflecting modern human mobility dominated by structured transportation networks such 

as highways, railways, and international flight routes (3, 20). As a result, discrete 

phylogeography has generally been the preferred approach for studying outbreaks among 

populations at larger geographic scales. 

Encouraged by the increasing adoption of discrete phylogeography, theoretical 

advances have led to the development of several distinct approaches. Early 

phylogeographic studies relied primarily on heuristic methods such as parsimony, which 

assign geographic states to ancestral nodes by minimising the number of state changes 

along a fixed phylogeny (21-24). While simple and computationally efficient, these 

methods do not account for branching times, uncertainty in evolutionary histories, and 

heterogeneous patterns of pathogen movement (25-28). These limitations led to the 

development of probabilistic approaches, notably discrete trait analysis (DTA) - which 

models pathogen movement along phylogeny branches as a continuous-time Markov 



 256 

process (17) - and structured coalescent (SC) approaches, which explicitly infer how 

lineages migrate between and coalesce within defined subpopulations (29-31). Both DTA 

and SC have been implemented in popular phylodynamic software tools (e.g., BEAST1 

(32) and BEAST2 (33)); however, DTA is employed more frequently due to its 

computational efficiency and capacity to handle large datasets, as demonstrated in 

Chapter 2. Although more efficient approaches that rely on SC approximations such as 

BASTA (29) and MASCOT (34) have been developed, their applications to real-world 

outbreak analyses have so far been limited due to the computational demands of analysing 

increasingly large genomic datasets, especially since the COVID-19 pandemic. 

Despite its growing popularity, the use of phylogeography in outbreak response 

is not without challenges. In particular, it is well recognised that discrete phylogeographic 

methods, especially DTA, are susceptible to biases introduced by uneven sampling of 

pathogen genomes across both space and time. For example, analyses of simulated 

outbreaks have shown that DTA systematically underestimates viral migration from 

under-sampled locations while overestimating the relative importance of densely-

sampled locations (29, 35-37). During the COVID-19 pandemic, intensive genomic 

surveillance efforts in some European and North American countries led to substantial 

sampling biases, under-representing viral lineages originating from regions where 

sequencing was infrequent or absent, and resulting in incomplete or inaccurate 

reconstruction of global viral dissemination pathways (9, 38-40). These observations 

motivated the development of a number of mitigation strategies, with some relying on the 

incorporation of additional data streams, such as reported case incidence and individual 

travel histories (38, 41). The increased availability of pathogen genomes, driven by the 

lowering cost of genomic sequencing, has also enabled the use of downsampling 

approaches to mitigate such biases. For instance, in the continuous phylogeographic 
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analysis presented in Chapter 2, local BA.1 sequences were randomly subsampled in 

proportion to weekly case counts at the district level to ensure that the distribution of 

genome samples reflected the local disease prevalence while maintaining a manageable 

dataset size; whereas in the importation analysis using discrete phylogeography, an equal 

number of samples were selected from UK and non-UK countries to balance the need to 

1) sample from as many independent local transmission lineages as possible, and 2) 

ensure that viral genetic diversity in locations that were likely sources of BA.1 

importation was sufficiently sampled to prevent the aggregation of independent 

transmission lineages. Similarly, in a study investigating the transmission dynamics of 

SARS-CoV-2 lineages in Mexico (42), Castelán-Sánchez et al. employed a mobility-

informed strategy where sequences from countries with the highest incoming human 

mobility flux are prioritised. 

Although variations of these sampling (or downsampling) strategies have been 

applied in numerous SARS-CoV-2 studies, the extent to which they are able to mitigate 

different sampling biases remains poorly understood and has received limited systematic 

evaluation. More importantly, the process of deciding which strategy to employ, and how 

to calibrate relevant parameters for specific outbreak scenarios, has been largely ad hoc, 

with little consensus on best practices. Several factors contribute to this lack of progress. 

First, the optimal sampling design depends on the specific research question or objective, 

which may include: a) estimating the true number of migration or importation events; b) 

inferring temporal trends in migration or importation intensity; c) identifying key 

migratory pathways or sources of key importation events; or d) characterising source-sink 

dynamics (i.e. the direction and relative intensity of pathogen movement between 

locations). The nature and degree of bias introduced by heterogeneous sampling often 

differ across these objectives, with each requiring a tailored sampling strategy. Second, 
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even when a research objective is clearly defined, the performance of a given sampling 

strategy is strongly influenced by context-specific factors - such as underlying migration 

patterns and local transmission intensities (as demonstrated in Chapter 4), or whether 

travellers are preferentially sampled and sequenced, as examined by Liu et al. (36). Third, 

many sampling strategies require the specification of a large number of design parameters 

(e.g., number of sequences to include, distribution of sampling quotas across space and 

time), especially when additional data streams such as case incidence data and human 

mobility patterns are incorporated. Together, these challenges introduce substantial 

hurdles to efforts to systematically evaluate and optimise the design of sampling strategies 

at scale. As a result, most simulation-based studies to date have explored only a narrow 

range of outbreak conditions and design parameters, limiting our ability to draw 

generalisable insights and robust sampling principles. 

To address these challenges, here I develop a new computational framework that 

simulates each step of a phylogeographic analysis in a virtual environment - from 

understanding the outbreak context and designing an appropriate sampling strategy, to 

executing a discrete phylogeographic inference and evaluating its accuracy against a 

simulated “ground truth”. Through an interactive graphical interface with real-time 

feedback and visualisations of key summary statistics, researchers can rapidly iterate on 

different sampling strategies and assess their performance with respect to specific 

research objectives across a wide range of outbreak scenarios. The framework is 

implemented as an open-source web platform called SOPHI (“Sandbox for Optimising 

genomic sampling for PHylogeographic Inference”), which is freely available at 

www.sophi-oxf.io. I then apply this framework to address two open questions in spatial 

genomic epidemiology that arose from the work presented in earlier chapters. 

Specifically, I investigate 1) how undersampling affects the detection of viral importation 
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events, building on results from Chapter 4, and 2) how different sampling schemes 

influence source attribution for early importation events, under varying degrees of 

sampling bias. In addition to providing insights into how sampling heterogeneities lead 

to biased phylogeographic inference and how effectively existing mitigation strategies 

are able to correct for such biases, these applications also demonstrate SOPHI’s broader 

utility as a practical framework for supporting a more systematic and scalable approach 

to future research inquiries on phylogeographic inference. 

 

5.2     Design of a simulation-based evaluation framework (SOPHI) 

In this section, I outline the core methodological components of the SOPHI framework, 

including outbreak simulation, the design of sampling schemes, discrete phylogeographic 

reconstruction, and the evaluation of inference accuracy using simulated data. Details 

related to software implementation are provided in the Appendix D (Section D.1 and Fig. 

D.1). 

 

5.2.1     Stochastic outbreak and tree simulation using ReMASTER 

A core component of SOPHI is the generation of realistic outbreak scenarios, which 

provide the basis for downstream inferences and evaluation of their outputs. Here I use 

ReMASTER (43), a software tool implemented within the BEAST2 framework (33) that 

simulates outbreak dynamics and corresponding phylogenies. Although ReMASTER 

supports a wide range of compartmental models, I focus here on a relatively simple 

metapopulation SIR (Susceptible-Infected-Removed) model, in which individuals are 

distributed among distinct demes (i.e. subpopulation corresponding to geographic 

locations or other structured groups) and can migrate between them at predefined rates 
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𝑀+, for each pair of connected demes 𝑖 and 𝑗 (Fig. 5.1). Each deme 𝑖 is associated with a 

transmission coefficient 𝛽+ and recovery rate 𝛾+, which I assume to be constant for 

simplicity. Each simulated outbreak produces a set of observables, i.e. data that would 

typically be available to researchers during an outbreak investigation, such as reported 

case incidence and sampled pathogen genomes. Depending on predefined assumptions, 

infectious individuals in each deme 𝑖 are either: 1) reported at a constant rate 𝜈+ followed 

by immediate recovery, or 2) reported immediately upon infection (i.e. 𝜈+ → ∞) without 

recovery (as shown in Fig. 1). The latter is adopted for the two applications presented 

later in this chapter, representing an idealised scenario in which true case incidence is 

known. Similarly, infectious individuals in each deme 𝑖 are sampled and sequenced at a 

constant rate 𝛿+, after which they are immediately removed from the infectious 

compartment. 

 

Fig. 5.1. Outbreak simulation using ReMASTER. (Left) Schematic of an outbreak 
simulation across a mobility network with 5 demes. Local epidemic in each deme 𝑖 is 
governed by a standard Susceptible-Infectious-Recovered (SIR) model with deme-
specific transmission coefficient 𝛽+ and recovery rate 𝛾+. Infectious individuals in each 
deme 𝑖 are reported at a constant rate 𝜈+ and sampled/sequenced at a constant rate 𝛿+, 
followed by immediate recovery. In this specific example, it is assumed that infectious 
individuals are reported immediately upon infection (i.e. 𝜈+ → ∞) and without recovery, 
representing an idealised scenario where true case incidence is known. Individuals can 
migrate freely, regardless of their infection status, between any connected demes 𝑖 and 𝑗 
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at a predefined constant rate 𝑀+,. (Right) In addition to outbreak trajectories, ReMASTER 
also produces a time-calibrated phylogeny representing the ancestral relationships 
between sampled infections, with internal nodes annotated by their true corresponding 
deme (indicated by node colours in this visualisation, generated by SOPHI). 
 

Given these model specifications, ReMASTER produces two primary outputs: 1) 

population trajectories, recording the size of each SIR compartment after every event (i.e., 

transmission, recovery, migration, or sampling), and 2) an annotated, time-calibrated 

phylogeny representing the ancestral relationships between sampled infections, simulated 

under a birth-death-sampling model (44). These outputs serve both as synthetic 

observables as described above, and as “ground truth” datasets against which inference 

accuracy can be evaluated. Importantly, the simulated phylogeny generated by 

ReMASTER allows the tree estimation process to be emulated by pruning tips 

corresponding to unsampled infections according to a given sampling strategy. This 

approach offers substantial gains in computational efficiency by avoiding the need to re-

estimate a phylogeny from sequence alignments for each inference - a process that would 

otherwise take hours or even days for large datasets (>10,000 sequences) using standard 

software tools. However, this comes at a cost of not accounting for uncertainty in the 

inferred tree topology and branch lengths. I return to this trade-off between computational 

tractability and simulation realism in the Discussion. 

 

5.2.2     Design of sampling schemes 

Given a simulated outbreak and relevant observables, the next step in a typical 

phylogeographic analysis is to design a sampling or downsampling strategy to determine 

which of the available genomes should be included in the inference. To facilitate this 

process, SOPHI implements a number of sampling schemes commonly employed in 
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published studies. These sampling schemes are categorised into two domains: spatial and 

temporal; by combining predefined schemes from each domain, it is possible to construct 

a wide range of different sampling strategies tailored to specific research questions. For 

instance, a study investigating how early viral importation contributes to the 

establishment of local transmission might downsample sequences in proportion to 

reported case numbers across demes, while prioritising the earliest available samples 

within each deme (15, 45, 46). In contrast, a study estimating the relative number of 

importation events from different sources might allocate samples based on importation 

risk, estimated from reported case numbers and mobility data (42). Table 1 provides an 

overview of sampling schemes currently implemented in SOPHI and selected studies in 

which each has been applied. 

 Once a sampling strategy has been specified for each domain, they can be applied 

either sequentially or jointly. In a sequential design, sampling is performed in each in a 

stepwise manner – for instance, a common approach involves allocating sampling quotas 

evenly across demes to ensure broad geographic coverage, with samples then drawn 

within each deme in proportion to number of reported cases per day or week (with the 

importation analysis presented Chapter 2 being one example). Whereas in a joint design, 

a predefined number or proportion of samples are drawn at random, where each sample 

is assigned a selection probability determined by some function of its spatial and temporal 

attributes. Under joint-even-sampling, for example, a sample collected on day 𝑡 from 

deme 𝑖 would be assigned a selection probability inversely proportional to the number of 

samples available on that day and in that deme - ensuring an even coverage of samples 

across both space and time. 
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Table 5.1. Overview of commonly used spatial and temporal sampling schemes that are 
currently implemented in SOPHI. The shorthand notations (e.g., US, UC, EV) are shown 
next to the full name of each scheme. The last column shows selected SARS-CoV-2 
studies that have applied the corresponding sampling scheme(s). 

Domain Strategy Brief description Selected 
relevant 
studies 

Spatial Uniform-sample (US) - Downsample uniformly across all 
available samples in each deme 𝑖 

- Equivalent to assigning each 
available sample an equal weight 
𝑤# = 1 for all deme 𝑖 

(13, 45, 47-50) 

Uniform-case (UC) - Downsample in proportion to the 
number of reported cases in each 
deme 𝑖 

- Equivalent to assigning each 
available sample in deme 𝑖 a 
weight 𝑤# = 𝑐#/𝑠#, where 𝑐# is the 
total number of reported cases and 
𝑠# is the total number of available 
samples in deme 𝑖 

(15, 41, 45, 46) 

Even (EV) - Downsample in inverse proportion 
to number of available samples in 
each deme 𝑖 

- Equivalent to assigning each 
sample in deme 𝑖 a weight 𝑤# =
1/𝑠#, where 𝑠# is the total number 
of available samples in deme 𝑖 

(10, 15, 42, 49) 

Temporal Uniform-sample (US) - Downsample uniformly across all 
available samples in each time-
window [𝑡, 𝑡 + Δ𝑡] (where Δ𝑡 
could be in units of days or weeks) 

- Equivalent to assigning each 
available sample an equal weight 
𝑤! = 1 for all sampling time 𝑡 

(13, 45, 47–50) 

Uniform-case (UC) - Downsample in proportion to the 
number of reported cases in each 
time-window [𝑡, 𝑡 + Δ𝑡] 

- Equivalent to assigning each 
available sample in time-window 
[𝑡, 𝑡 + Δ𝑡] a weight 𝑤! = 𝑐!/𝑠!, 
where 𝑐! is the total number of 
reported cases and 𝑠! is the total 
number of available samples in 
time-window [𝑡, 𝑡 + Δ𝑡] 

(15, 41, 42, 46) 
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Earliest-N (EN) - Select the earliest N (or a fixed 
proportion) of available samples 
by collection date 

(15, 45, 46) 

Even (EV) - Downsample in inverse proportion 
to number of available samples in 
each time-window [𝑡, 𝑡 + Δ𝑡] 

- Equivalent to assigning each 
available sample in time-window 
[𝑡, 𝑡 + Δ𝑡] a weight 𝑤! = 1/𝑠!, 
where 𝑠! is the total number of 
available samples in time-window 
[𝑡, 𝑡 + Δ𝑡] 

(10, 41, 46, 48, 
49) 

 

5.2.3     Discrete phylogeographic inference and evaluation metrics 

Having defined a sampling strategy, the next step is to perform a discrete phylogeographic 

inference using the selected samples. In the SOPHI framework, this begins with first 

pruning tips corresponding to excluded samples from the full simulated tree, emulating 

the process of tree estimation given a subsampled dataset. The resulting pruned tree, along 

with relevant metadata for the retained samples (i.e. sampling time and location), is then 

used as input for discrete trait analysis (DTA). 

SOPHI currently supports two widely used DTA methods: 1) parsimony-based 

inference, implemented via the phangorn package in R (51), and 2) maximum-likelihood 

inference, implemented via TreeTime in Python (52). Both methods produce an annotated 

pruned tree with internal nodes labelled by their most probably ancestral locations, from 

which migratory events can be identified (by tracing a path from the root node of the 

pruned tree to each tip and observing any changes in the inferred or observed state; same 

procedure as that applied in the importation analysis in Chapter 2). Additionally, SOPHI 

computes for each inferred migratory event: 1) the inferred origin and destination deme, 

2) the size of its associated transmission lineage, defined as the number of sampled 

infections, 3) Time to the Most Recent Common Ancestor (TMRCA) and Time to the 
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Parent of the MRCA (TPMRCA) of its associated lineage, and 4) the interval between its 

estimated time of occurrence (using TPMRCA, TMRCA, or their mid-point as proxy) 

and the time of its most recent sampled descendant (also commonly known as lineage 

persistence (11)). 

 Depending on the research question, the accuracy of an inference can be evaluated 

either through direct comparison between the inferred value of one of the above estimates 

and its corresponding true value from the simulated data, or using more tailored metrics. 

For example, when assessing the degree to which temporal variations in migration rate 

can be accurately recovered, similarity between the inferred and true importation rates at 

a given location can be assessed using Pearson correlation or cross-correlation analysis 

(both automatically computed in SOPHI); whereas distance metrics such as Jaccard 

similarity or cosine-distance can be used to evaluate whether the relative intensity of viral 

importation from different source locations can be reliably inferred under varying degrees 

of sampling bias (as demonstrated in application 2 later in this chapter). 

 

5.3     Applications 

In this section, I apply the SOPHI framework described and implemented above to 

investigate two open questions related to the impact of heterogeneous sampling on 

discrete phylogeographic inference. 

 

5.3.1     Application 1: impact of undersampling on the detection of viral 

importation 

In Chapter 4, I examined how the coupling between viral importation and local 

transmission dynamics shapes the size distribution of local transmission lineages, which 
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in turn influences the number of importation events inferred or detected in a discrete 

phylogeographic reconstruction. Specifically, assuming complete sampling of all 

infections at the source location in a 2-deme mobility network, I showed that the lineage 

detection probability - defined as the proportion of true importation events identified - 

increases with local sampling proportion at different rates depending on the underlying 

lineage size distribution at the recipient location. When the importation rate is decreasing 

over time, the local epidemic at the recipient location is dominated by earlier-introduced 

lineages which are larger and therefore easier to detect even at low sampling proportions. 

Conversely, when the importation rate is increasing over time, more recent and thus 

smaller lineages tend to dominate - resulting in lineage detection probabilities that 

increase almost linearly with sampling proportion. 

However, the analytical and simulation models developed in Chapter 4 made two 

key assumptions: 

1. Equal sampling probability for any previously infected individuals, including 

individuals who are no longer infectious at the time of observation. In reality, 

however, sampling occurs continuously through time, with only infectious individuals 

being eligible for sequencing. This has two important implications: a) infections that 

occur earlier in the outbreak are more likely to be sampled, simply because they are 

eligible for sampling for longer, and b) only a subset of infections are typically 

sampled and sequenced, as infectious individuals who recovered are not eligible. 

Specifically, given a constant sampling rate 𝛿 and recovery rate 𝛾, the expected 

overall sampling proportion is given by 𝑝(:9N/# = 𝛿/(𝛿 + 𝛾), assuming a closed 

population with no migration. 

2. Complete sampling of infections in the source population. This is rarely feasible in 

practice, due to both competition between sampling and recovery (as discussed in (1)) 
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and logistical constraints. It is generally known that undersampling of genetic 

diversity in the source population leads to aggregation of independent transmission 

lineages detectable from the local genome samples, and therefore further 

underestimation of the number of importation events - even when sampling 

proportion at the recipient location is high. However, this effect has not been 

rigorously examined and quantified in existing literature. 

In this application, I relax the above assumptions and use SOPHI to explore how sampling 

proportion at both the source and recipient locations affects the detection of viral 

importation. 

 

5.3.1.1     Outbreak scenario 

Following a setup similar to that in Chapter 4, here I consider two contrasting outbreak 

scenarios in a 2-deme mobility network. In scenario 1, individuals (regardless of their 

infection status) are free to travel between the two demes from the beginning of the 

outbreak (up to day 30, before the local prevalence at the source location reaches a peak), 

leading to an increasing importation rate; in scenario 2, movement between the two demes 

is restricted until day 35 (after the peak in local prevalence at the source location), 

resulting in a decreasing importation rate (with the simulation ending on day 65). In both 

scenarios, the two demes (each with an initial population size of 100,000) are connected 

by human movement (500 individuals per day in both directions), with a transmission 

coefficient 𝛽 = 0.5 and recovery rate 𝛾 = 0.12 per day. Sampling of infectious 

individuals occur at a constant rate 𝛿 = 0.03 per day in both demes. 
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5.3.1.2     Models specifications and experimental setup 

Using SOPHI, I perform two sets of experiments under each outbreak scenario. In the 

first set, I vary the sampling proportion at the recipient location (deme 1) (specifically, 

𝑠! = 0.01, 0.02, 0.04, 0.08, 0.16, 0.32, 0.64, and 1, while including all available samples 

from the source location (deme 0), i.e. 𝑠[ = 1. In the second set, I vary the sampling 

proportion at the source location (deme 0) (specifically, 𝑠[ = 0.01, 0.02, 0.04, 0.08, 0.16, 

0.32, 0.64, and 1), while including all available samples from the recipient location (deme 

1), i.e. 𝑠! = 1. In each experiment, samples are selected uniformly at random (equivalent 

to the uniform-sample (US) sampling scheme described in Table 1), and 20 replicate 

inferences are performed using parsimony-based DTA (via the phangorn R package, 

accessed through the SOPHI interface). Inferred importation events with ambiguous 

origin or destination states are excluded from downstream analysis. 
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Fig. 5.2. Impact of undersampling on the detection of viral importation (application 
1). (A) Daily case incidence in deme 0 (red solid line) and deme 1 (green solid line) under 
two outbreak scenarios. In scenario 1 (top panel), movement between demes occurs 
throughout the outbreak; in scenario 2 (bottom panel), movement is restricted until day 
35, as indicated by the vertical dashed line. (B) Timeline of migratory events inferred 
from a phylogeographic inference with (𝑠[, 𝑠!) = (1, 1), i.e. all available samples at both 
deme 0 and deme 1 are included. Top and bottom panels correspond to outbreak scenarios 
1 and 2, respectively. Each horizontal line represents a single inferred migratory event, 
with the thinner segment spanning from the Time of the Parent of the Most Recent 
Common Ancestor (TPMRCA) to the Time of the Most Recent Common Ancestor 
(TMRCA), and the thicker segment representing the period of sustained local 
transmission at the destination, from the TMRCA to the time of last sampling. For each 
event, the cross indicates the mid-point between the TPMRCA and TMRCA, coloured by 
the inferred origin location; the circle marks the time of last sampling, with radius scaled 
by lineage size and coloured by the destination location (inferred or observed). (C) (Top) 
Proportion of true importation events (from deme 0 to deme 1) detected versus proportion 
of infections sampled at the recipient location (deme 1), with all available samples at the 
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source location (deme 0) included (i.e. 𝑠[ = 1). (Bottom) Proportion of true importation 
events detected versus proportion of infections sampled at the source location (deme 0), 
with all available samples at the recipient location (deme 1) included (i.e. 𝑠! = 1). Solid 
lines indicate the median across 20 replicates for each sampling proportion; individual 
replicates are plotted as dots. (D) Proportion of detectable importation events (from deme 
0 to deme 1) inferred versus the number of infections sampled at the source location 
(deme 0), normalised by the number of detectable importation events (from deme 0 to 
deme 1). Solid lines indicate the median across 20 replicates for each sampling 
proportion; individual replicates are plotted as dots. 
 

5.3.1.3     Results 

The top panel in Fig. 5.2C shows that the proportion of true importation events (from 

deme 0 to deme 1) detected increases with sampling proportion at the recipient location 

in both outbreak scenarios, although at different rates. Consistent with theoretical 

predictions from Chapter 4, scenario 2 (where the underlying importation rate is 

decreasing over time) exhibits a steeper increase in detection probability compared to 

scenario 1 (where the importation rate is increasing over time). For instance, sampling 

just 2% of local infections at deme 1 yields a detection probability in scenario 2 that is 

more than double that in scenario 1. These patterns can be explained by differences in the 

size distribution of detectable transmission lineages, i.e. lineages inferred when all 

available samples at both deme 0 and deme 1 are included, or (𝑠[, 𝑠!) = (1, 1, ), as shown 

in Fig. 5.2B. In scenario 2 (Fig. 5.2B, bottom panel), most transmission lineages 

introduced into deme 1 (represented by horizontal black lines with green circles at the 

end) at different times throughout the epidemic persisted and grew to relatively large sizes 

(as indicated by their longer thick segments and larger green circles). In contrast, in 

scenario 1 (Fig. 5.2B, top panel), only lineages introduced early on (corresponding to 

migratory events that occurred before day 25, with indices below 150) during the outbreak 

persisted. Meanwhile, later-introduced lineages showed relatively little growth or even 

became extinct (as indicated by the shorter thick segments) soon following their 
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introduction due to the depletion of susceptibles (Fig. 5.2A, bottom panel). These 

differences mean that the local epidemic at deme 1 was dominated by mostly small 

lineages in scenario 1, whereas in scenario 2 larger and more persistent lineages 

dominated. As a result, a greater proportion of lineages and therefore importation events 

are detected in scenario 2, even at low sampling proportions. 

The bottom panel in Fig. 5.2C shows results from the second set of experiments, 

where the sampling proportion at the source location (deme 0) is varied. In both outbreak 

scenarios, increasing the sampling proportion leads to a rapid increase in the proportion 

of importation events detected, before reaching a plateau where further increases yield 

diminishing returns. Interestingly, an initial sigmoidal growth (rather than linear growth) 

is observed under both scenarios, during which doubling the sampling proportion (from 

𝑠[ = 0.01 to 0.02) results in only marginal increases in the number of importation events 

detected. This effect arises from the initial substantial overrepresentation of samples from 

the recipient location (𝑠[ = 0.01 compared to 𝑠! = 1), which causes many importation 

events to be incorrectly attributed as originating from deme 1 rather than deme 0. Only 

once the sampling proportion at deme 0 reaches approximately 4% is the correct 

directionality of viral movement consistently recovered (see Figs. D.2A, D.2B in 

Appendix D) 

Although both outbreak scenarios show a broadly similar pattern in the bottom 

panel of Fig. 5.2C, the asymptotic values they approach differ substantially. This 

difference reflects two key factors. First, in scenario 2, the greater proportion of larger 

and more persistent lineages at the recipient location leads to a higher overall detection 

probability (53.0% in scenario 2 versus 22.9% in scenario 1 at (𝑠[, 𝑠!) = (1, 1)), as 

previously discussed. Second, a larger proportion of infections at the source location 

(deme 0) are sampled in scenario 2 (19.5%) compared to scenario 1 (9.2%), likely 
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reducing the extent to which independent transmission lineages are aggregated due to 

undersampling of genetic diversity at the source. 

To better illustrate the second factor, Fig. 5.2D presents the same data as in the 

bottom panel of Fig. 5.2C, but with the x-axis rescaled to show the number of samples 

included from the source location (deme 0), normalised by the number of importation 

events detectable from all available samples at the recipient location (deme 1, with 𝑠! =

1). Similarly, the y-axis is rescaled to represent the proportion of these detectable 

importation events that are successfully recovered in a given inference. Notably, this 

normalisation causes the two curves to collapse onto a nearly identical trajectory, despite 

substantial differences in outbreak trajectories and lineage compositions between the two 

scenarios. This observation suggests that, for a given set of sampled infections at the 

recipient location - and thus a fixed set of detectable importation events - the proportion 

of events that can be recovered depends primarily on the number of samples available at 

the source location per event. For example, it can be inferred from Fig. 5.2D that, if 

pathogen genomes were sampled from local infections distributed across 100 independent 

transmission lineages at the recipient location, approximately 1,500 samples from the 

source location would be needed to recover 90 of the 100 lineages – regardless of their 

size distribution. However, further investigation is needed to assess whether this 

relationship generalises across outbreak contexts, including those characterised by 

different sampling rates and transmission intensities (see Discussion).  

 

5.3.2     Application 2: impact of heterogeneous sampling on source attribution for 

early viral importation under different sampling schemes 

Another common use case of phylogeographic inference is to determine the relative 

contribution of viral importation from different source locations, particularly during the 
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early spread of an emerging pathogen or immune-escape variant, as seen in Chapter 2. 

Such estimates provide critical information for evaluating the effectiveness of control 

measures aimed at preventing or delaying spatial spread and local establishment. In this 

application, I assess how different sampling schemes influence the ability to recover the 

relative proportions of viral importation from multiple sources, under varying degrees of 

sampling bias. 

 

5.3.2.1     Outbreak scenarios 

To explore this, here I consider a network of five demes connected by symmetric human 

mobility (see Fig. 5.3B). The network structure is designed to resemble a typical real-

world transportation system, with a single densely populated location (deme 2, with an 

initial population of 300,000 individuals) which acts as a travel hub connected to smaller, 

less populated locations that are only sparsely connected to each other. All demes are 

initially fully susceptible, except for a single infectious individual in deme 0 (the outbreak 

origin). I assume the same constant transmission coefficient 𝛽 = 0.25 and recovery rate 

𝛾 = 0.12 per day in all demes. 

As with the first application, I again compare two contrasting outbreak scenarios. 

In scenario 1, sampling occurs uniformly across space at a constant rate of 0.02 per day 

in each deme. In scenario 2, sampling is spatially heterogeneous, with deme 1 (outbreak 

origin) having a higher sampling rate of 0.05 per day (e.g., as a result of heightened 

genomic surveillance following the detection of a novel pathogen in a neighbouring 

region (deme 0, the outbreak origin)), while deme 2 (the central travel hub) has a much 

lower sampling rate of 0.002 per day (e.g., as a result of the local sequencing 

infrastructure being overwhelmed by high case volumes). 
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5.3.2.2     Models specifications and experimental setup 

For each outbreak scenario, I evaluate the performance of three commonly used sampling 

schemes: uniform-sample (US), uniform-case (UC), and even (EV) (see Table 1 for more 

details), across a range of sampling proportions (𝑠 = 0.01, 0.02, 0.04, 0.08, 0.16, 0.32, 

0.64, and 1) which apply equally to each deme; 40 inference replicates are performed 

under each scheme per sampling proportion to account for sampling stochasticity. For 

each inference, the distribution of inferred importation events by source location is 

compared against the corresponding true distribution for each deme, using cosine-

distance as a measure of divergence (with lower values indicating more accurate 

reconstruction). To focus on the early invasion, only importation events inferred to have 

occurred before the day corresponding to the 10th percentile of true importation times are 

included in the evaluation. Inferred events with ambiguous origin or destination states are 

again excluded, as in the first application. 
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Fig. 5.3. Impact of heterogeneous sampling on source attribution for early viral 
importation under different sampling schemes (application 2). (A) (Left) Daily case 
incidence per deme (deme 0: red; deme 1: green; deme 2: orange; deme 3: blue; deme 4: 
yellow). (Middle and Right) Daily number of samples collected in demes 1 and 2, 
respectively. Top row corresponds to outbreak scenario 1 which assumes homogeneous 
sampling at 0.02 per day in each deme; bottom row corresponds to outbreak scenario 2 
which assumes heterogeneous sampling, at 0.05 per day for deme 1, 0.002 per day for 
deme 2, and 0.02 per day in all other demes. All plots are generated by SOPHI, with 
minor stylistic adjustments for clarity. (B) Mobility network used in Application 2. Node 
sizes reflect population sizes; edge widths represent the volume of daily movement 
between connected demes. (C) Data visualisations and summary statistics generated by 
SOPHI. Solid yellow line shows the 7-day rolling average of true daily number of viral 
importation events at deme 3. Histogram shows the number of inferred importation events 
per day, coloured by their inferred source location. Summary statistics are computed 
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considering only events occurring before day 125 (corresponding to the 10th percentile of 
true importation times). (D) Cosine-distance between the true and inferred source 
distributions of viral importation at different sampling proportions (of available samples), 
under three different sampling schemes (uniform-sample, US; uniform-case, UC; and 
even, EV) and two outbreak scenarios (scenario 1: top; scenario 2: bottom). Solid lines 
represent the median across 40 replicates for each sampling proportion, with individual 
replicates shown as dots (with horizontal jitter added for visual clarity). Insets show the 
proportion of replicates correctly identifying the primary source of early importation for 
sampling proportions up to 𝑠 = 0.32. Numerical values for the median cosine-distances 
are provided in Tables D1-D8 in Appendix D. 
 

5.3.2.3     Results 

From Fig. 5.3D, it is observed that cosine-distances generally decrease with increasing 

sampling proportion, indicating more accurate source attribution as more samples are 

included regardless of the sampling scheme. There is, however, substantial variability 

across replicates at low sampling proportion (𝑠 < 0.04), reflecting the smaller number of 

importation events that are consistently inferred under sparse sampling. 

In outbreak scenario 1 (Fig. 5.3D, top row), uniform-sample (US) and uniform-

case (UC) produce nearly identical cosine-distances, as expected given the similar 

distribution of available samples and reported case incidence under homogeneous 

sampling (see Fig. 5.3A). Interestingly, the largest cosine-distances under US and UC are 

observed for demes 1 and 2, especially at low sampling proportions where almost none 

of the inference replicate correctly identify the primary source of viral importation at 𝑠 =

0.01 and 𝑠 = 0.02. This pattern can be explained by the much higher case numbers and 

thus larger number of available samples from deme 2, which results in proportionally 

fewer samples being drawn from smaller demes such as deme 0 (the outbreak origin). 

With deme 0 being the primary source of viral importation for both demes 1 and 2 (Fig. 

D.3 in Appendix D), substantial undersampling leads to aggregation of independent 

transmission lineages introduced from deme 0, causing its contribution to be 
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underestimated (Figs. D.4, D.6 in Appendix D). This bias diminishes, however, as the 

overall sampling proportion increases and more samples from deme 0 are included (as 

previously shown in application 1; also see Figs. D.5, D.7 in Appendix D). While the 

number of detectable importation events at demes 1 and 2 is expected to also increase 

with sampling proportion, this likely occurs at a slower rate compared to the rate at which 

additional samples are included from deme 0, resulting in an overall decrease in the 

degree of underestimation (equivalent to moving in the positive direction along the x-axis 

in Fig. 5.2D; see Discussion for further elaboration). 

In outbreak scenario 2 (Fig. 5.3D, bottom panel), US now performs notably worse 

than UC and EV, with consistently larger cosine-distances across all demes except deme 

1. This is expected, as the lower sampling rate at deme 2 (𝛿 = 0.002 per day, compared 

to 𝛿 = 0.02 at all other demes and 𝛿 = 0.05 at deme 1) leads to underestimation of its 

contribution, particularly affecting demes 3 and 4, for which deme 2 is the primary source 

of viral importation (Figs. D.4, D.5 in Appendix D). Interestingly, deme 1 now shows 

improved performance under scenario 2, as the undersampling at deme 2 results in a more 

balanced representation of its two primary sources (demes 0 and 2), partially offsetting 

the underestimation of contribution from deme 0, as observed in scenario 1. These effects 

are largely mitigated under UC, which adjusts for heterogeneous sampling by 

downsampling in proportion to reported case numbers. Meanwhile, performance under 

EV appears mostly unaffected by the sampling bias, with most demes showing cosine-

distances that are comparable to those under UC. 

 

5.4     Discussion 

It is well known that heterogeneous sampling of pathogen genomes can lead to biased 

phylogeographic estimates, yet efforts to characterise these effects systematically and to 
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develop corresponding mitigation strategies have been limited. This is due in part to the 

challenge of jointly modelling the underlying transmission dynamics, migration patterns, 

and the sampling process - as well as the complexity of sampling design, which often 

requires a case-by-case approach with consideration of both the specific outbreak context 

and research objectives. In this chapter, I explored the impact of heterogeneous sampling 

on phylogeographic inference by developing a new simulation-based evaluation 

framework and applying it to two research questions inspired from early work presented 

in this thesis. 

In the first application, I investigated how the undersampling of infections in a 2-

deme mobility network leads to different degrees of underestimation of the number of 

viral importation events. By considering two contrasting outbreak scenarios, I showed 

that the detection probability increases with sampling proportion at the recipient location 

(for a given sampling proportion at the outbreak origin), and that the rate of increase 

depends on whether the underlying migration rate is increasing or decreasing. This 

finding is consistent with the theoretical predictions derived in Chapter 4, despite two 

different key assumptions: 1) sampling-through-time, as opposed to the sampling of all 

infected individuals at the time of inference, and 2) incomplete sampling of infections at 

the source location. In a second experiment, I also demonstrated that undersampling at 

the source location results in the aggregation of independent transmission lineages, 

leading to further underestimation of the number of importation events. This effect 

diminishes rapidly with increasing sampling proportion, however, with the rate of decay 

determined primarily by the number of samples available at the source location per 

detectable importation event, given the sampled infections at the recipient location. This 

observation reveals an important broader insight into how heterogeneous sampling gives 

rise to biased estimates of migration rates: for a given outbreak scenario, the number of 
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migratory events detected between two locations depends on the combined effect of two 

factors: 1) the number of events that are detectable given the sampled infections at the 

recipient location, and 2) the number of sampled infections at the source location per 

detectable event. While increasing the overall sampling proportions generally leads to an 

increase in the number of migratory events detected, the extent of this increase is not 

uniform across all deme pairs. Rather, it depends on the relative rates of change of these 

two factors - i.e. the number of new migratory events that become detectable with 

additional sampling at the recipient location, and the number of additional samples drawn 

from the source location. 

In the second application, I investigated how different sampling schemes 

influence the ability to correctly identify the source of early importation events. 

Specifically, I compared three commonly used sampling strategies (uniform-sample, US; 

uniform-case, UC; and even, EV) under two outbreak scenarios: one with homogeneous 

sampling across demes and one with substantial spatial sampling heterogeneities. Under 

homogeneous sampling, all three schemes performed similarly, with differences largely 

driven by the number of samples included from key sources of viral importation at low 

sampling proportions. These differences reflect the degree to which independent 

transmission lineages at the recipient locations are aggregated, which is in turn 

determined by the number of sampled infections included at the source location per 

detectable migratory event (as discussed above). This effect diminishes rapidly, however, 

resulting in overall more accurate source attribution as sampling proportion increases. 

Under heterogeneous sampling, US consistently underperformed, particularly for 

demes whose primary source of viral importation was undersampled. This bias was 

largely mitigated under UC, where unequal sampling rates were adjusted for by 

downsampling in proportion to reported case numbers. Meanwhile, EV showed 
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comparable performance despite not explicitly adjusting for uneven sampling - providing 

a practical alternative to UC, especially in outbreak scenarios where reliable case data are 

unavailable. Beyond sampling design for phylogeographic inference, these results also 

have broader implications for the coordination of sequencing efforts in genomic 

surveillance. During the COVID-19 pandemic, for example, only a fraction of samples 

collected from infected individuals are typically sequenced due to both resource and 

logistical constraints. Depending on the epidemiological context, these samples were 

either selected uniformly at random (e.g., a fixed proportion of sample per location and 

per week for general situational awareness), or dynamically in response to changes in 

case incidence (e.g., prioritising locations exhibiting rapid local growth to accelerate 

variant detection) (53-55). Importantly, these practical choices determined the set of 

genome samples available for downstream analyses, which in turn influenced how 

samples should be further selected to maximise the accuracy of phylogeographic 

inference, as explored in this chapter. As such, the design of future genomic surveillance 

strategies must carefully balance the needs of short-term outbreak analytics and longer-

term or retrospective investigations using approaches such as phylogeography, while 

remaining responsive to shifting priorities over the course of an epidemic. 

Several limitations of the above findings should be noted. First, further work is 

needed to assess the extent to which these results generalise to a broader range of 

epidemiological contexts and outbreak conditions. For example, although the first 

application produced results that are consistent with theoretical predictions from Chapter 

4, the impact of different volumes of daily movement (beyond just temporal trends, as 

considered here and in Chapter 4) remains unexplored. Similarly, the finding that the 

aggregation of independent transmission lineages depends primarily on the number of 

available samples at the source location per detectable event warrants further 
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investigation, particularly under outbreak scenarios with different sampling rates or local 

transmission intensities. Second, both investigations presented in this chapter relied on 

parsimony-based discrete trait analysis, which was selected for its computational 

efficiency given the need to perform multiple replicate inferences to account for sampling 

stochasticity. While this enabled extensive comparative evaluations, the robustness of key 

findings under alternative inference approaches, such as maximum-likelihood or 

Bayesian approaches, should be evaluated. Third, in the second application, the timing of 

inferred importations event was approximated using the mid-point between its 

corresponding TMRCA and TPMRCA. As a result, whether a given event was classified 

as “early” (i.e. occurring before the 10th percentile of true importation events) could vary 

depending on the proxy used (e.g., using TMRCA or TPMRCA directly instead of the 

mid-point). This potential bias is particularly relevant at low sampling proportions, where 

the difference between TMRCA and TPMRCA can be large; future work should explore 

more principled approaches for estimating the timing of importation given a detected 

transmission lineage. 

Beyond these caveats, there are several broader limitations in the current design 

and implementation of the SOPHI framework. First, SOPHI emulates the process of tree 

estimation by pruning the full simulated tree generated by ReMASTER (43). While this 

approach offers greater computational efficiency, it does not account for uncertainties or 

biases associated with phylogenetic tree inference - such as those resulting from uneven 

sequencing coverage, limited genetic diversity, or recombination. These factors have 

been shown to introduce bias in tree topology and evolutionary rates estimates, which are 

critical for accurate and robust phylogeographic inference. Although Bayesian methods 

(e.g., BEAST (32, 33)) explicitly incorporate such uncertainties, they are computationally 

intensive and time-consuming. In light of this trade-off, SOPHI is best viewed as a tool 
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for rapid prototyping and hypothesis generation, before downstream validation using 

more rigorous, state-of-the-art inference approaches. Second, SOPHI currently operates 

on partially observed trees derived only from sampled infections. While ReMASTER can, 

in principle, simulate fully sampled trees (e.g., by forcing every infection to be sampled 

and sequenced upon recovery), this quickly becomes computationally intractable for 

large-scale outbreaks (≳ 100,000 infections) with multiple demes. As a result, it is not 

currently possible to evaluate certain key metrics - such as the true size of a detected 

transmission lineage - which is relevant for understanding the epidemiological impact of 

viral importation. Future extensions could address this by generating outbreak scenarios 

using agent-based models or hybrid frameworks such as GLEAM (56). Finally, although 

SOPHI allows the design of a wide range of sampling strategies, it does not yet support 

the integration of mobility data and phylogeographic estimates from previous inferences. 

Future versions will introduce features allowing researchers to design their own sampling 

schemes programmatically, with full access to underlying datasets including reported 

case numbers, mobility matrices, and annotated trees (e.g., as Newick strings) from 

preliminary inferences. 

While this chapter has introduced SOPHI primarily as a practical framework for 

systematically evaluating different sampling strategies under different sampling biases, 

its potential applications extend beyond manual experimentation. In particular, SOPHI’s 

ability to provide real-time feedback on inference performance in a controlled, virtual 

environment makes it a natural testbed for machine learning approaches. Optimisation 

methods such as Bayesian optimisation, active learning, or reinforcement learning could 

be employed to guide the exploration of different sampling strategies and design choices. 

By simulating a wide range of outbreaks with diverse transmission conditions, sampling 

heterogeneities, and mobility network structures, SOPHI can serve as a training 
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environment to support the development of context-aware, generalised approaches to 

genomic sampling - ultimately enabling more accurate and robust phylogeographic 

reconstructions of real-world infectious disease outbreaks. 
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Appendix D: 
Supplementary materials for Chapter 5 
 

 

D.1     Design and implementation of SOPHI 

The SOPHI (“Sandbox for Optimising genomic sampling for PHylogeographic 

Inference”) framework consists of two primary components: a backend server 

implemented in Django as a REST API (with source code available at 

https://github.com/joetsui1994/sophi-backend), and a frontend web interface built in 

React (with source code available at https://github.com/joetsui1994/sophi-frontend). At a 

high level, the backend serves as the core infrastructure responsible for managing data 

generated by outbreak simulations, performing phylogeographic inferences based on 

user-defined sampling strategies, and storing data extracted from inference outputs. 

Meanwhile, the frontend provides an interactive graphic interface organised into four 

main panels: 

1. Simulation repository: Displays a list of simulated outbreaks, along with key 

summary statistics (e.g., number of geographic locations or demes, total population 

size, and outbreak duration); researchers are prompted to select one of these outbreak 

scenarios, data from which would then become available for visualisation and further 

analysis in subsequent panels. 

2. Data panel: Provides visualisations and summary statistics of various data streams 

from the selected outbreak scenario - such as daily case incidence, human mobility 

patterns, and other contextual information (e.g., transmission coefficients, recovery 

rate, sampling rates). 
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3. Inference panel: Includes a configurable input form where researchers can design 

their own sampling strategies from existing presets (see later section) and specify key 

parameters (e.g., number of sequences to include, target demes, minimum number of 

sequences to sample per deme/day); once finalised, the form is submitted to the 

backend which executes the requested phylogeographic inference. 

4. Evaluation panel: Displays the outputs of completed phylogeographic inferences 

(e.g., transmission lineages that have been identified and their associated importation 

events, temporal trends in importation intensity at each deme, the annotated 

phylogeny); researchers can compare these results against the simulated “ground 

truth” data using a number of evaluation metrics which SOPHI automatically 

computes and visualises in the graphical interface. 

An overview of these different components and how they are integrated within SOPHI is 

provided in Fig. D.1 in this Appendix. 
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Fig. D.1. Overview of the SOPHI framework. (A) Schematic of an outbreak simulation 
across a mobility network with 5 demes using ReMASTER. Local epidemic in each deme 
is governed by the standard Susceptible-Infectious-Recovered (SIR) model with deme-
specific transmission coefficient 𝛽+ and recovery rate 𝛾+. Infectious individuals in each 
deme 𝑖 are reported at a constant rate 𝜈+ and sampled/sequenced at a constant rate 𝛿+, 
followed by immediate recovery. Individuals can migrate freely, regardless of their 
infection status, between any connected demes 𝑖 and 𝑗 at a predefined constant rate 𝑀+,. 
In addition to outbreak trajectories, ReMASTER also produces a time-calibrated 
phylogeny representing the ancestral relationships between sampled infections, with 
internal nodes annotated by their true corresponding deme (indicated by node colours in 
this visualisation, generated by SOPHI). (B) Data panel in the SOPHI frontend interface, 
showing daily reported case numbers per deme (top), daily available genome samples 
(middle), and daily movement between demes (bottom; displayed as a heatmap). (C) 
Inference panel in the SOPHI frontend interface, where users can select from pre-defined 
spatial and temporal sampling strategies, set relevant design parameters (e.g., sampling 
proportion, sampling period, target demes), and specify a discrete trait analysis (DTA) 
method for phylogeographic inference. (D.1) Once a sampling strategy has been 
specified, tips corresponding to unsampled infections are pruned from the simulated 
phylogeny to emulate the phylogenetic tree estimation process. The resulting pruned tree 
is then used as input for DTA, producing a time-calibrated tree with internal nodes 
labelled by their inferred deme. (D.2) Visualisation of DTA outputs: (top) inferred 
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migratory events through time; (middle) histogram representing the daily number of 
inferred migratory events, with solid yellow line representing the 7-day rolling average 
of the true daily counts; (bottom) earliest inferred importation event for each deme, where 
crosses with yellow borders indicate the true importation times. 
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Fig. D.1. Impact of varying sampling proportions at deme 1 on phylogeographic 
inference under two outbreak scenarios (application 1). (A) Each panel shows the 
annotated tree from one of 40 inference replicates performed under outbreak scenario 1, 
with a specific sampling proportion at deme 1 (𝑠! = 0.0, 0.01, 0.02, 0.04, 0.08, 0.16, 0.32, 
or 0.64), while including all available samples at deme 0 (the outbreak origin), i.e. 𝑠[ =
1. Squares represent internal nodes; circles represent external nodes. Node colour 
indicates the inferred or observed location (deme 0: red; deme 1: green). (B) Same as 
panel (A), but under outbreak scenario 2. 
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Fig. D.2. Impact of varying sampling proportions at deme 0 on phylogeographic 
inference under two outbreak scenarios (application 1). (A) Each panel shows the 
annotated tree from one of 40 inference replicates performed under outbreak scenario 1, 
with a specific sampling proportion at deme 0 (the outbreak origin; 𝑠[ = 0.0, 0.01, 0.02, 
0.04, 0.08, 0.16, 0.32, or 0.64), while including all available samples at deme 1, i.e. 𝑠! =
1. Squares represent internal nodes; circles represent external nodes. Node colour 
indicates the inferred or observed location (deme 0: red; deme 1: green). (B) Same as 
panel (A), but under outbreak scenario 2. 
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Fig. D.3. Source distribution of true viral importation events (application 2). Each 
row corresponds to one of four demes (deme 1, 2, 3, and 4, with deme 0 (the outbreak 
origin) excluded) in the mobility network considered in Section 5.3.2 of Chapter 5, with 
left and right panels showing results for outbreak scenarios 1 and 2, respectively. Within 
each panel, stacked bars represent the daily proportion of true viral importation events 
from each source location (deme 0: red; deme 1: green; deme 2: orange; deme 3: blue; 
deme 4: yellow), corresponding to the left y-axis. The solid black line shows the total 
number of daily importation events aggregated over all source locations, corresponding 
to the right y-axis. The dotted vertical line in each panel marks the time at which the 10th 
percentile of cumulative importation events occurs in the corresponding deme.  
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Fig. D.4. Source distribution of inferred importation events under the uniform-
sample (US) sampling scheme at selected sampling proportions (application 2). 
Panels A and B show results from inferences applying the uniform-sample (US) sampling 
scheme at sampling proportions of 0.01 and 0.04, respectively. (A) Each row corresponds 
to one of four demes (deme 1, 2, 3, and 4, with deme 0 (the outbreak origin) excluded) in 
the mobility network considered in Section 5.3.2 of Chapter 5, with left and right panels 
showing results for outbreak scenarios 1 and 2, respectively. Stacked bars in each panel 
represent the daily proportion of inferred viral importation events from each source 
location (deme 0: red; deme 1: green; deme 2: orange; deme 3: blue; deme 4: yellow), 
averaged across 40 inference replicates (left y-axis). The solid black line shows the 
average total number of daily inferred importation events aggregated over all source 
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locations (right y-axis). The dotted vertical line in each panel marks the time at which the 
10th percentile of cumulative (true) importation events occurs in the corresponding deme. 
(B) Same as panel (A), but at a sampling proportion of 0.04. 
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Fig. D.5. Source distribution of inferred importation events under the uniform-
sample (US) sampling scheme at selected sampling proportions (application 2). 
Panels A and B show results from inferences applying the uniform-sample (US) sampling 
scheme at sampling proportions of 0.16 and 0.64, respectively. (A) Each row corresponds 
to one of four demes (deme 1, 2, 3, and 4, with deme 0 (the outbreak origin) excluded) in 
the mobility network considered in Section 5.3.2 of Chapter 5, with left and right panels 
showing results for outbreak scenarios 1 and 2, respectively. Stacked bars in each panel 
represent the daily proportion of inferred viral importation events from each source 
location (deme 0: red; deme 1: green; deme 2: orange; deme 3: blue; deme 4: yellow), 
averaged across 40 inference replicates (left y-axis). The solid black line shows the 
average total number of daily inferred importation events aggregated over all source 
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locations (right y-axis). The dotted vertical line in each panel marks the time at which the 
10th percentile of cumulative (true) importation events occurs in the corresponding deme. 
(B) Same as panel (A), but at a sampling proportion of 0.64. 
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Fig. D.6. Source distribution of inferred importation events under the uniform-case 
(UC) sampling scheme at selected sampling proportions (application 2). Panels A and 
B show results from inferences applying the uniform-sample (US) sampling scheme at 
sampling proportions of 0.01 and 0.04, respectively. (A) Each row corresponds to one of 
four demes (deme 1, 2, 3, and 4, with deme 0 (the outbreak origin) excluded) in the 
mobility network considered in Section 5.3.2 of Chapter 5, with left and right panels 
showing results for outbreak scenarios 1 and 2, respectively. Stacked bars in each panel 
represent the daily proportion of inferred viral importation events from each source 
location (deme 0: red; deme 1: green; deme 2: orange; deme 3: blue; deme 4: yellow), 
averaged across 40 inference replicates (left y-axis). The solid black line shows the 
average total number of daily inferred importation events aggregated over all source 
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locations (right y-axis). The dotted vertical line in each panel marks the time at which the 
10th percentile of cumulative (true) importation events occurs in the corresponding deme. 
(B) Same as panel (A), but at a sampling proportion of 0.04. 
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Fig. D.7. Source distribution of inferred importation events under the uniform-case 
(UC) sampling scheme at selected sampling proportions (application 2). Panels A and 
B show results from inferences applying the uniform-sample (US) sampling scheme at 
sampling proportions of 0.16 and 0.64, respectively. (A) Each row corresponds to one of 
four demes (deme 1, 2, 3, and 4, with deme 0 (the outbreak origin) excluded) in the 
mobility network considered in Section 5.3.2 of Chapter 5, with left and right panels 
showing results for outbreak scenarios 1 and 2, respectively. Stacked bars in each panel 
represent the daily proportion of inferred viral importation events from each source 
location (deme 0: red; deme 1: green; deme 2: orange; deme 3: blue; deme 4: yellow), 
averaged across 40 inference replicates (left y-axis). The solid black line shows the 
average total number of daily inferred importation events aggregated over all source 
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locations (right y-axis). The dotted vertical line in each panel marks the time at which the 
10th percentile of cumulative (true) importation events occurs in the corresponding deme. 
(B) Same as panel (A), but at a sampling proportion of 0.64. 
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Fig. D.8. Source distribution of inferred importation events under the even (EV) 
sampling scheme at selected sampling proportions (application 2). Panels A and B 
show results from inferences applying the uniform-sample (US) sampling scheme at 
sampling proportions of 0.01 and 0.04, respectively. (A) Each row corresponds to one of 
four demes (deme 1, 2, 3, and 4, with deme 0 (the outbreak origin) excluded) in the 
mobility network considered in Section 5.3.2 of Chapter 5, with left and right panels 
showing results for outbreak scenarios 1 and 2, respectively. Stacked bars in each panel 
represent the daily proportion of inferred viral importation events from each source 
location (deme 0: red; deme 1: green; deme 2: orange; deme 3: blue; deme 4: yellow), 
averaged across 40 inference replicates (left y-axis). The solid black line shows the 
average total number of daily inferred importation events aggregated over all source 
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locations (right y-axis). The dotted vertical line in each panel marks the time at which the 
10th percentile of cumulative (true) importation events occurs in the corresponding deme. 
(B) Same as panel (A), but at a sampling proportion of 0.04. 
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Fig. D.9. Source distribution of inferred importation events under the even (EV) 
sampling scheme at selected sampling proportions (application 2). Panels A and B 
show results from inferences applying the uniform-sample (US) sampling scheme at 
sampling proportions of 0.16 and 0.64, respectively. (A) Each row corresponds to one of 
four demes (deme 1, 2, 3, and 4, with deme 0 (the outbreak origin) excluded) in the 
mobility network considered in Section 5.3.2 of Chapter 5, with left and right panels 
showing results for outbreak scenarios 1 and 2, respectively. Stacked bars in each panel 
represent the daily proportion of inferred viral importation events from each source 
location (deme 0: red; deme 1: green; deme 2: orange; deme 3: blue; deme 4: yellow), 
averaged across 40 inference replicates (left y-axis). The solid black line shows the 
average total number of daily inferred importation events aggregated over all source 
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locations (right y-axis). The dotted vertical line in each panel marks the time at which the 
10th percentile of cumulative (true) importation events occurs in the corresponding deme. 
(B) Same as panel (A), but at a sampling proportion of 0.64. 
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Table D.1. Median cosine-distance between the true and inferred source 
distributions of early viral importation events at deme 1 under outbreak scenario 1, 
across different sampling proportions and three different sampling schemes: 
uniform-sample (US), uniform-case (UC), and even (EV). For each sampling 
proportion, the smallest median distance is shown in bold, and the second-smallest value 
is underlined. 

Sampling proportion Uniform-sample (US) Uniform-case (UC) Even (EV) 

0.01 0.456797 0.455736 0.148178 

0.02 0.486932 0.439974 0.098278 

0.04 0.343347 0.274012 0.097701 

0.08 0.105408 0.066276 0.105203 

0.16 0.051308 0.047599 0.075932 

0.32 0.066818 0.063432 0.070232 

0.64 0.053687 0.041130 0.040315 
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Table D.2. Median cosine-distance between the true and inferred source 
distributions of early viral importation events at deme 2 under outbreak scenario 1, 
across different sampling proportions and three different sampling schemes: 
uniform-sample (US), uniform-case (UC), and even (EV). For each sampling 
proportion, the smallest median distance is shown in bold, and the second-smallest value 
is underlined. 

Sampling proportion Uniform-sample (US) Uniform-case (UC) Even (EV) 

0.01 0.362738 0.362738 0.289791 

0.02 0.296476 0.287622 0.183575 

0.04 0.143187 0.122364 0.177172 

0.08 0.086993 0.081724 0.129993 

0.16 0.079367 0.079135 0.096108 

0.32 0.079113 0.079130 0.080166 

0.64 0.079075 0.079067 0.058982 
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Table D.3. Median cosine-distance between the true and inferred source 
distributions of early viral importation events at deme 3 under outbreak scenario 1, 
across different sampling proportions and three different sampling schemes: 
uniform-sample (US), uniform-case (UC), and even (EV). For each sampling 
proportion, the smallest median distance is shown in bold, and the second-smallest value 
is underlined. 

Sampling proportion Uniform-sample (US) Uniform-case (UC) Even (EV) 

0.01 0.285735 0.285735 0.442444 

0.02 0.182041 0.210498 0.429908 

0.04 0.198142 0.163337 0.423003 

0.08 0.217181 0.217897 0.371328 

0.16 0.190081 0.172597 0.282115 

0.32 0.176799 0.165958 0.190469 

0.64 0.161854 0.156315 0.158327 
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Table D.4. Median cosine-distance between the true and inferred source 
distributions of early viral importation events at deme 4 under outbreak scenario 1, 
across different sampling proportions and three different sampling schemes: 
uniform-sample (US), uniform-case (UC), and even (EV). For each sampling 
proportion, the smallest median distance is shown in bold, and the second-smallest value 
is underlined. 

Sampling proportion Uniform-sample (US) Uniform-case (UC) Even (EV) 

0.01 0.368288 0.368288 0.370421 

0.02 0.254595 0.228404 0.291353 

0.04 0.230048 0.221780 0.252752 

0.08 0.230732 0.181864 0.169329 

0.16 0.166667 0.138885 0.167746 

0.32 0.184998 0.165030 0.162539 

0.64 0.171805 0.166237 0.160379 
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Table D.5. Median cosine-distance between the true and inferred source 
distributions of early viral importation events at deme 1 under outbreak scenario 2, 
across different sampling proportions and three different sampling schemes: 
uniform-sample (US), uniform-case (UC), and even (EV). For each sampling 
proportion, the smallest median distance is shown in bold, and the second-smallest value 
is underlined. 

Sampling proportion Uniform-sample (US) Uniform-case (UC) Even (EV) 

0.01 0.397721 0.362738 0.272365 

0.02 0.372048 0.363799 0.203715 

0.04 0.318495 0.263060 0.182754 

0.08 0.235550 0.114811 0.150199 

0.16 0.146771 0.055821 0.132892 

0.32 0.082557 0.084047 0.119922 

0.64 0.045600 0.056125 0.061157 
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Table D.6. Median cosine-distance between the true and inferred source 
distributions of early viral importation events at deme 2 under outbreak scenario 2, 
across different sampling proportions and three different sampling schemes: 
uniform-sample (US), uniform-case (UC), and even (EV). For each sampling 
proportion, the smallest median distance is shown in bold, and the second-smallest value 
is underlined. 

Sampling proportion Uniform-sample (US) Uniform-case (UC) Even (EV) 

0.01 0.417021 0.357894 0.283443 

0.02 0.410439 0.319846 0.196148 

0.04 0.474342 0.139563 0.189232 

0.08 0.419118 0.156086 0.159320 

0.16 0.354825 0.166048 0.141788 

0.32 0.139492 0.169484 0.134453 

0.64 0.094540 0.153080 0.140768 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 317 

Table D.7. Median cosine-distance between the true and inferred source 
distributions of early viral importation events at deme 3 under outbreak scenario 2, 
across different sampling proportions and three different sampling schemes: 
uniform-sample (US), uniform-case (UC), and even (EV). For each sampling 
proportion, the smallest median distance is shown in bold, and the second-smallest value 
is underlined. 

Sampling proportion Uniform-sample (US) Uniform-case (UC) Even (EV) 

0.01 0.487440 0.209936 0.450504 

0.02 0.463771 0.209936 0.433071 

0.04 0.458832 0.152414 0.377291 

0.08 0.453511 0.158575 0.282724 

0.16 0.452123 0.145898 0.288982 

0.32 0.398494 0.136006 0.224980 

0.64 0.260218 0.150890 0.188718 
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Table D.8. Median cosine-distance between the true and inferred source 
distributions of early viral importation events at deme 4 under outbreak scenario 2, 
across different sampling proportions and three different sampling schemes: 
uniform-sample (US), uniform-case (UC), and even (EV). For each sampling 
proportion, the smallest median distance is shown in bold, and the second-smallest value 
is underlined. 

Sampling proportion Uniform-sample (US) Uniform-case (UC) Even (EV) 

0.01 0.456199 0.163283 0.389872 

0.02 0.488375 0.229762 0.394936 

0.04 0.500000 0.246330 0.350340 

0.08 0.491505 0.221468 0.329914 

0.16 0.472981 0.166667 0.291855 

0.32 0.372692 0.176697 0.236695 

0.64 0.285501 0.185776 0.215427 
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6 
Discussion 

 

 

This thesis addresses a central question in infectious disease epidemiology and public 

health: how can sampling design and surveillance strategies be improved to enable more 

accurate and robust inference of the spatiotemporal dynamics of emerging infectious 

diseases? The ability to infer where and when a pathogen first emerged, and how it 

spreads through animal and human populations, is critical to our efforts to anticipate, 

prepare for, and manage future outbreaks. In recent years, there has been a step-change 

in our capacity to conduct large-scale disease surveillance, driven by the global response 

to the COVID-19 pandemic (1-4) and growing concerns over the emergence of other 

novel pathogens through zoonotic spillover (5-7) linked to climate change, environmental 

degradation, and rapid urbanisation. As the global community seeks to invest in the 

development of more robust and adaptive disease surveillance infrastructures (8-10), 

understanding the limitations and inherent biases in existing data collection protocols and 

their implications for both scientific research and outbreak response, is vital for ensuring 

that resources are directed to where they will make the most impact. 

 

Value of data in responding to emerging infectious disease outbreaks 

The utility of large-scale, interdisciplinary data collection during an infectious disease 

outbreak is exemplified in Chapter 2, where I investigated the invasion dynamics of 

SARS-CoV-2 Omicron BA.1 into the UK. Using pathogen genomic data collected 

through the national COVID-19 Genomics UK (COG-UK) consortium (1) - one of the 
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world’s most extensive genomic surveillance programmes - together with high-resolution 

human mobility data from mobile devices, I showed through phylogeography that the 

invasion process and the subsequent local dissemination can be characterised by distinct 

stages as a result of both human geography and hierarchical mobility networks. 

Importantly, I found that a large proportion of local infections can be traced back to early 

viral introductions, which occurred with increasing frequency despite travel restrictions 

targeting southern African countries where the variant was first reported. Further analyses 

integrating air traffic data, individual travel histories, and reported case incidence 

revealed that these introductions were largely driven by major global transit hubs that 

were not covered by the travel ban due to undetected local transmission. 

These findings contribute to several areas of active research that have received 

substantial attention since the COVID-19 pandemic, such as the role of human mobility 

in shaping disease spread at both local (11-13) and global (14-16) scales, the impact of 

viral importation on local transmission dynamics (17, 18), and the effectiveness of border 

control as an approach to preventing or delaying the invasion of an emerging pathogen 

(19-24). In the context of disease surveillance in particular, results from Chapter 2 also 

raised the question of whether existing systems are designed and deployed in a way that 

can support effective and timely responses to emerging public health threats. For 

example, given the disproportionate impact of early viral importation on the subsequent 

local epidemic, and the substantial contribution from countries prior to their local 

detection, could our existing surveillance system have provided sufficiently early 

assessments of importation risks to inform the design of more effective travel restrictions? 
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Improving surveillance strategies to inform outbreak response 

Answering this question is, however, far from straightforward, with key challenges 

falling into two broad categories. First, there is the need to understand how viral 

importation influences local transmission dynamics, and the extent to which interventions 

such as travel restrictions can meaningfully alter the trajectory of an outbreak. This 

challenge has garnered substantial research attention since the COVID-19 pandemic, with 

numerous studies assessing the impact of travel restrictions on SARS-CoV-2 spread 

through either retrospective (19, 20, 22, 23) or simulation (21, 24) analyses. Second, and 

equally important but less explored, is the challenge of collecting timely and informative 

data to support the decision-making behind such interventions. Although considerable 

literature on disease surveillance exists, recent progress has primarily focused on the 

targeted detection of infected populations (25-27), with little emphasis on accurately 

inferring the overall spatial distribution of infections - a task that is critical for early risk 

assessments and outbreak preparedness, particularly in resource-constrained settings. 

This research gap motivated the work presented in Chapter 3, where I reframed the 

problem of allocating limited testing resources across a mobility network to maximise the 

information gained about the underlying disease distribution as an iterative node-

classification problem. Importantly, this formulation enables the application of active 

learning - a subfield of machine learning concerned with the selection of data instances 

for model training (28). By evaluating the performance of existing active learning 

algorithms as well as a novel policy developed in this work, I derived a number of key 

principles that could help guide the design of more cost-effective surveillance policies. 

These include insights regarding the impact of mobility network structure and outbreak 

progression on test effectiveness, and the need to consider a trade-off between exploration 

(testing broadly to identify unobserved infection clusters) and exploitation (targeted 
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testing to identify the boundaries of known infection clusters) in policy design, especially 

in low-resource settings where complete detection of all infected populations is 

impractical. 

While the results in Chapter 3 offer promising directions for the development of 

more effective disease surveillance, they rely on a number of simplifying assumptions. 

For example, the mobility network was modelled as an undirected and unweighted graph, 

with each connected location having binary infection status, and the distribution of 

infections across the network was assumed to be static, rather than changing over time. 

Further research is therefore needed to assess the robustness of the derived principles 

under more realistic outbreak scenarios - such as those with evolving disease prevalence, 

time-varying mobility patterns, and noisy or delayed test feedback. For instance, ongoing 

work now focuses on developing surrogate models that are better able to account for these 

dynamics and their complex interactions, while offering greater scalability to larger 

networks by leveraging recent advances in Graph Neural Networks (GNNs) (29-31) and 

Transformer-based Neural Processes (TNPs) (32). Building on these extensions, the same 

adaptive sampling approach could then be applied to a broader range of epidemiological 

contexts, such as informing the design of sampling strategies for large-scale 

seroprevalence studies (33, 34), or the implementation of aircraft wastewater surveillance 

systems for early detection of emerging pathogens (35, 36) – both are areas being actively 

explored in ongoing work. 

 

Utility of pathogen genomic data under heterogeneous sampling 

In parallel to the challenge of collecting timely and informative data for outbreak 

response, another question that emerged from the work in Chapter 2 concerns the utility 

of the collected data, specifically pathogen genomes, for informing key estimates in 
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downstream phylogeographic inference. Indeed, a key result from the analysis of the 

invasion of SARS-CoV-2 Omicron BA.1 was that a small proportion of early 

introductions were responsible for the majority of local infections - with the caveat that 

the number of introductions detected likely represents only a small fraction of the true 

number due to undersampling of local infections. While this underestimation was a 

recognised issue reported in numerous studies (17, 37-39), the underlying sampling 

process that gives rise to this bias remained poorly understood. More broadly, this raises 

a practical question regarding the utility of genomic samples, and the extent to which 

increased sampling intensity would lead to improved detection of viral importation 

through phylogeography. This question motivated the work presented in Chapter 4, where 

I used a combination of analytical and simulation approaches to develop a mechanistic 

understanding of how the undersampling of local infections leads to the underestimation 

of the number of viral importation events. Importantly, I showed that the probability of 

detecting a viral importation event depends on not only the sampling proportion at the 

recipient location, but also the underlying migration rate and local transmission 

conditions. These findings have critical implications for the use of phylogeographic 

estimates in public health decision-making - particularly when evaluating containment 

strategies aimed at limiting importation or quantifying the relative contribution of viral 

importation from different source regions to inform more effective targeted border 

control. 

However, this analysis addresses only one aspect of the problem. A key limitation 

of Chapter 4 lies in its assumption of complete sampling at the source of viral importation 

- a simplification that rarely holds in reality. In practice, both the source and recipient 

locations of viral importation are likely to be subject to varying degrees of undersampling 

due to asymptomatic infections (40-42), underreporting of cases (43, 44), and limited 
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sequencing capacity (45, 46). More importantly, this highlights a broader and more 

complex challenge: how to accurately measure the spatial movement of an emerging 

pathogen using phylogeography given substantially heterogeneous sampling. 

 

Improving sampling design to inform phylogeographic inference 

The impact of heterogeneous genomic sampling is a well-known problem in 

phylogeography, with implications for the study of many pathogens beyond SARS-CoV-

2. Research efforts to address this problem have largely followed three directions: 1) the 

development of models and inference frameworks that are less sensitive to sampling 

biases, such as those based on structured coalescent (47-49), 2) the incorporation of 

external data streams, including reported case counts, mobility data, and travel histories, 

to inform or augment phylogeographic reconstructions (50-52), and 3) the use of 

sampling or downsampling strategies to correct for under- or over-representation of 

infections in available genomic data (53-55). Among these, the third approach has grown 

in popularity in particular, owing to its practical simplicity and the growing availability 

of pathogen genomes since the COVID-19 pandemic, as well as recent advances in high-

performance computing that allow the analysis of increasingly large datasets. Although a 

number of sampling strategies have been proposed and applied to empirical studies, 

systematic evaluations of their effectiveness remain limited, and the development of a 

generalised, context-aware sampling strategy has so far proved elusive. This is due in part 

to the complexity of sampling design which often involves many parameters, and the need 

to tailor each approach to specific outbreak contexts and research objectives. 

To advance research in this direction, in Chapter 5 I introduced SOPHI (“Sandbox 

for Optimising genomic sampling for PHylogeographic Inference”) - a simulation-based 

evaluation framework designed to facilitate systematic exploration of different sampling 
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strategies and their impact on the accuracy of phylogeographic inference. Using SOPHI, 

I investigated how undersampling of infections at both the source and recipient locations 

affects the detection of viral importation events, addressing a key limitation of the work 

in Chapter 4. Additionally, I evaluated and compared the performance of three commonly 

used sampling schemes in the context of identifying the source of early importation 

events, under two contrasting outbreak scenarios with different sampling biases. Notably, 

results from these two case studies provided important insights into the mechanisms by 

which heterogeneous sampling gives rise to biased phylogeographic estimates of 

pathogen movement, laying the groundwork for developing more robust and effective 

mitigation strategies. 

 

SOPHI as an optimisation framework 

Beyond its utility as a practical framework for evaluating different sampling designs (as 

demonstrated in the two case studies presented in Chapter 5), the development of SOPHI 

was also motivated by its potential as a training environment for data-driven optimisation 

methods. The large combinatorial space of possible sampling designs and outbreak 

parameters, coupled with SOPHI’s ability to provide real-time feedback on inference 

performance through a range of evaluation metrics, makes this a natural setting for the 

application of machine learning approaches. Optimisation methods such as active 

learning (28), Bayesian optimisation (56), and reinforcement learning (57) can be used to 

guide the search for sampling strategies that maximise inference accuracy under specific 

outbreak conditions and research objectives. This approach extends naturally to the work 

in Chapter 3 as well, where the goal was to optimise the allocation of testing resources to 

support early risk assessment during an outbreak. As ongoing work introduces greater 

model complexities and more realistic dynamics and logistic constraints, exhaustive 
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search for the optimal policies becomes increasingly impractical, while simple heuristics 

often fail to capture the nuances of key dynamics. In such contexts, optimisation 

techniques based on simulated data offer a promising and scalable alternative for the 

systematic exploration of the solution space (58, 59). 

At a broader level, this approach of reframing experimental design in 

epidemiology and decision-making in public health as an optimisation problem points 

towards a more general framework for directing future research efforts in a way that 

maximises potential impact. This perspective is exemplified in the problem of optimising 

test allocation as considered in Chapter 3, where the effectiveness of any given allocation 

policy depends on a number of interacting processes including the underlying 

transmission dynamics, human mobility, and logistical constraints such as testing 

capacity and uptake. A simulation-based optimisation approach requires integrating these 

processes within a unified environment, leveraging existing domain-specific models that 

reflect our current best understanding. Within such an environment, it is then possible to 

not only identify optimal strategies given specific objectives and model assumptions, but 

also to map how the landscape of optimal solutions changes with different 

parameterisations of the underlying models. In the context of test allocation, this could 

reveal insights such as: How does the optimal policy change as a function of transmission 

characteristics of the pathogen? How sensitive is policy design to seasonal variations in 

human mobility patterns? Are there regions in transmission parameter space, and 

therefore for certain pathogens, where even the best-performing policy is unlikely to be 

effective? Answers to these questions could offer a principled way to prioritise future 

empirical investigations, by identifying parameters and processes with the most influence 

on the optimal solutions and therefore warrant more precise measurements and modelling 

(60, 61). 



 327 

However, it is important to also acknowledge the risks of applying such an 

approach to epidemiology and specifically public health, due to its potential to introduce 

and amplify societal biases. Historically, disease data and empirical studies of past 

outbreaks systematically underrepresent certain socio-demographic groups (e.g., rural 

communities, ethnic minorities) as a result of unequal access to healthcare, limited 

resources for outbreak investigation in remote areas, as well as institutional and systemic 

prejudice (62-65). Policy models trained on simulations generated by models built from 

such data and the insights derived from them therefore risk entrenching or even 

exacerbating pre-existing biases (e.g., neglecting more nuanced heterogeneities 

associated with marginalised group (66, 67)), leading to policy recommendations that are 

likely to result in inequitable or even adverse public health outcomes. Such biases can 

also arise in the absence of biased data, through mis-specified or overly simplistic 

objective functions. For example, if the overall objective of a vaccination campaign is to 

maximise the number of individuals vaccinated, the optimal policy might prioritise 

affluent, well-served populations with high uptake-rate, while neglecting rural 

communities with lower uptake but potentially greater vulnerability due to limited access 

to healthcare (68, 69). To mitigate these risks, a number of safeguards are possible: 1) 

incorporate fairness-aware performance metrics (e.g., worst-group error or demographic-

parity gap) (70-72) as explicit constraints or secondary objectives in a multi-objective 

optimisation framework; 2) co-develop reward functions and operational constraints with 

public health practitioners and representatives from affected communities; and 3) 

routinely review and audit simulation models and learned policies for disparate impact 

during internal validation and post-deployment evaluation. These guardrails can help 

ensure that the benefits of such optimisation approaches can be leveraged to their full 
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potential while minimising the risk of reinforcing existing inequities and social 

disparities. 

 

Advances in AI and implications for public health  

Recent advances in artificial intelligence have made the development of such simulation-

based optimisation frameworks increasingly feasible (73). Data-driven modelling 

approaches, such as GNNs (29-31) and time-series foundation models (74, 75), offer the 

capacity to learn complex, non-linear relationships from large empirical or simulated 

datasets, while delivering substantially greater computational efficiency and scalability 

than traditional modelling approaches; equally important, recent advancements in 

optimisation techniques (28, 56, 57) provide systematic frameworks for effectively 

navigating high-dimensional decision spaces, guided by reward functions tailored to 

predefined research or public health objectives (76-78). Meanwhile, the emergence of 

large language models (79, 80) and multi-modal AI agents (81-83) capable of task 

planning, tool use, and autonomous execution introduces the possibility of further 

automating the process of hypothesis generation and validation within such frameworks. 

These advances also signal a broader, more fundamental transformation in public 

health, where policymakers increasingly rely on insights and recommendations from AI-

driven systems to navigate difficult policy decisions involving competing priorities and 

complex trade-offs. During the COVID-19 pandemic, public health decision-making was 

likened to the infamous trolley problem (84, 85), where the moral dilemma of pulling a 

lever to divert a runaway trolley mirrors that of choosing one intervention over the other, 

each with varying effects on different parts of society. Yet this analogy arguably 

oversimplifies the reality of public health decision-making, where outcomes are often 

uncertain, non-binary, and lack clear causal pathways. This could change, however, as 
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advances in AI continue to equip us with increasingly powerful tools capable of 

modelling, predicting, and designing interventions that can shape outbreak trajectories 

with greater precision and certainty. 

As our technical capabilities expand, it is also vital that we do not overlook the 

fundamentally human nature of public health decision-making. In attempts to reframe 

policy design as tractable optimisation problems, there is a risk of technocratic overreach 

- where nuanced considerations that are inherently political, social, and ethical are 

oversimplified or ignored entirely in the name of progress. Despite the many advances 

that AI promises, we must recognise their limitations and contend with the possibility that 

not all aspects of public health can, or perhaps should, be reduced to quantifiable metrics 

and optimised. Additionally, as AI assumes an increasingly central role in public health, 

it is crucial that access to these technologies is democratised, so that their benefits are not 

limited to only those with the resources to build them - who invariably are least exposed 

to the threats of emerging infectious diseases. With great power comes greater 

responsibility – the challenge ahead therefore lies not only in building decision-support 

systems that leverage these technological advances, but also in establishing effective 

governance to ensure that these systems are used responsibly, transparently, and in service 

of equitable public health outcomes. 
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