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Vector-borne diseases are widespread, diverse and disproportionately affect certain populations. 
It is well-known that the mobility of host populations is critical to vector-borne disease spread and 
persistence, and understanding spatiotemporal aspects of this mobility can help predict exposure 
risk at both fine and large scales. This thesis aims to examine variations in host mobility in the 
context of vector-borne diseases at opposing ends of the spatiotemporal scale in a ‘three-paper 
format’.  

The first paper examines the mobility of a small sample population of humans and livestock 
in a rural area of western Kenya at a very fine spatiotemporal resolution using surveys and GPS 
loggers. Several important demographic characteristics are linked to movement patterns, and 
some seasonal differences in time spent on different types of landcover are observed. Individual 
variations in movement patterns are likely to be causing differential exposure to some types of 
vector-borne disease.  

The second paper further explores the human factors linked to mobility, focusing on the 
activity-driven movements of the local population in relation to various types of resource access, 
as well as demographic differences in activity-driven mobility. Both gender and age are found to 
be linked to activity-driven movements in this small rural population, and women reported 
spending longer than men accessing health facilities, highlighting how some population subgroups 
may have differential access to treatments and preventions for vector-borne disease. 

The final paper is set at the other end of the spatiotemporal scale and quantifies the 
movement patterns of the population of Mozambique over several months, combining these with 
country-wide epidemiological data to examine how large-scale differences in mobility may affect 
exposure to malaria. Human-mediated parasite movements are shown to be highly 
heterogeneous across Mozambique, and individual movements between rural and urban areas 
are likely to be driving malaria transmission in some parts of the country.  

This thesis makes important contributions to our understanding of individual differences in 
mobility patterns and highlights how both small-scale and large-scale perspectives are valuable 
for understanding the factors that may increase individual risk of exposure to vector-borne 
diseases. The work concludes that while mobility underpins much of the dynamics of vector-borne 
diseases, it is also crucial for understanding differences in the mobility of host populations, as 
these play an important part in perpetuating transmission and therefore contribute to disease 
persistence.
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Chapter 1 Introduction 

1.1 Background 

Vector-borne infectious diseases are diverse and found globally, accounting for over 17% of all 

infectious diseases (World Health Organization, 2014). The majority are transmitted between 

hosts by blood-feeding arthropods, which act as vectors for parasitic, bacterial and viral 

pathogens and can infect both human and animal host species depending on the pathogen. 

Because competent vector populations (including but not limited to mosquitoes, ticks, sand flies 

and tsetse flies) are widespread in tropical and sub-tropical parts of the world, these diseases 

disproportionately affect the global poor.  

Early efforts to manage vector-borne diseases have been documented as far back as the Greek 

and Roman times, well before the first transmission route of a vector-borne disease (malaria) was 

discovered in 1897 (A. L. Wilson et al., 2020). Before the widespread use of residual insecticides, 

the control of vector-borne diseases relied mainly on vector population and environmental 

management strategies such as the drainage of aquatic habitats, vegetation clearance, housing 

improvements and in the case of zoonotic vector-borne diseases, game and habitat destruction 

(Ault, 1994; A. L. Wilson et al., 2020). Between 1940 and 1960, major discoveries of new 

insecticides such as DDT led to the introduction of indoor residual spraying (IRS) programmes to 

control vector populations on a massive scale. Hailed as a breakthrough technology, these were 

successful at controlling many of the most prevalent vector-borne diseases at the time but came 

at the cost of a reduction in global funding and resources for their control (WHO, 2017). In the 

1970s and 1980s, trials of insecticide-treated bed nets (ITNs) showed how their use resulted in 

huge reductions in vector-borne disease infection and mortality (World Health Organization, 

1989), and mass drug administration (MDA) campaigns also proved effective against mosquito-

borne diseases such as malaria and lymphatic filariasis, yet global funding for these diseases 

reached a low in the 1990s (WHO, 2017; A. L. Wilson et al., 2020). 

From the early 2000s, big increases in funding to combat vector-borne disease have seen 

significant advancements made towards the elimination of diseases like malaria, onchocerciasis 

and lymphatic filariasis in some areas, but several others have spread or re-emerged in new parts 

of the world and the WHO now estimates that 80% of the global population is at risk of at least 

one vector-borne disease, causing 700,000 deaths annually (World Health Organization, 2014). In 

2017 the WHO launched the Global Vector Control Response (GVCR), a strategy to tackle vector-

borne diseases calling for locally appropriate and integrated control methods as these are more 
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likely to be both effective and sustainable (WHO, 2017). As areas reach low levels of pathogen 

prevalence, the movement of vector-borne pathogens through human and animal mobility 

becomes more important to their persistence. The GVCR identifies population movement as one 

of seven major challenges to the strategy, threatening to impede progress in the fight against 

vector-borne diseases. 

In recent years, the field of population mobility in relation to infectious diseases has expanded 

significantly, with a number of important reviews focusing on this topic. Vector-borne pathogens 

rely on competent host and vector populations for their transmission, and the mobility of these 

two populations is critical to their proliferation. Population mobility causes the movement of 

pathogens from one area to another through individual host movements which can contribute to 

the persistence of pathogens in these areas and expose host and vector populations to novel 

pathogens that they may not have previously encountered. Since many vector populations are not 

thought to move long distances, much of the current research focuses on the movements of host 

populations, both human and animal alike, and their role in the spread and persistence of vector-

borne diseases. In a recent review of the literature on mobility and malaria, one of the most 

prevalent and thoroughly-studied vector-borne diseases, Smith and colleagues note that although 

population mobility is a much-discussed topic in relation to malaria, the factors affecting mobility 

patterns that change the risk of transmission is understudied (Smith & Whittaker, 2014). This 

holds true for many other vector-borne diseases, particularly those that fall into the category of 

neglected tropical diseases (NTDs), which mainly affect populations living in resource-poor areas 

where data on mobility patterns has historically been sparse. 

Host population mobility is itself a broad and complex topic, affected by both anthropological and 

environmental factors with significant implications for several different aspects of vector-borne 

disease transmission. Moreover, like all infectious diseases, the occurrence, persistence and 

spread of vector-borne diseases varies across spatiotemporal scales, from endemic diseases that 

are widespread, to epidemics that can cause devastation to local human and animal populations 

over relatively short periods of time. To help quantify mobility in different contexts for vector-

borne diseases, several unique methods of data collection have been developed over the years, 

and improving technology continues to bring new applications. Travel history surveys, GPS loggers 

and large digital datasets are just a few of the tools that have been employed to quantify host 

mobility in the context of vector-borne diseases. Understanding mobility can help researchers 

determine where and how people spend their time and therefore estimate both their risk of 

exposure to vector-borne diseases and their access to infrastructure and resources that enable 

prevention and treatment of disease. Moreover, since the majority of mathematical 

representations of vector-borne disease dynamics assume homogenous mobility and contact 
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rates within populations (if mobility is accounted for at all), understanding factors that affect 

heterogeneity in individual movement patterns within host populations is key to understanding 

their impact on vector-borne disease burden. 

1.2 Thesis objectives 

Vector-borne diseases threaten the livelihoods of people in many parts of the world and are 

encroaching on new areas as social, demographic and environmental factors continue to change. 

The mobility of human and animal populations perpetuates vector-borne disease transmission 

and shows great heterogeneity both spatially and temporally. As technology advances, so too do 

methods for capturing the mobility data needed to quantify movement patterns across scales, 

thus improving our knowledge of how vector-borne diseases spread, and which populations are 

most at risk.  

This thesis aims to provide evidence to account for individual differences in movement patterns 

that may disproportionately increase the burden of vector-borne diseases amongst some 

subgroups of populations, with the following objectives: 

1) To explore demographic and seasonal differences in the movement patterns of a small 

human and livestock population in rural Kenya at a fine scale; 

2) To quantify their activity-driven movement patterns and explore links between these and 

demographic characteristics; and, 

3) To quantify the movement patterns of the population of Mozambique and link these to 

malaria incidence across the country. 

This work follows a “three-paper PhD” format and is organized to address these objectives 

accordingly. Chapter 1 provides a broad overview of the study of mobility for vector-borne 

diseases and outlines the structure and objectives of this thesis. Chapter 2 contains a literature 

review that summarises existing research of vector-borne disease mobility studies, focusing on 

human and animal studies of mobility, the various methods used to capture mobility data and the 

factors driving movement patterns at different scales. Chapter 3 gives the study framework, 

introducing the contexts that the subsequent papers were conducted in and gives an overview of 

the primary and secondary datasets collected, justification of methods used and describes how 

this work contributes to the current literature. Chapter 4 is a modified version of the article 

“Exploring fine-scale human and livestock movement in western Kenya”, published in the journal 

One Health (Floyd et al., 2019). Chapter 5 presents the article “Activity-specific mobility of adults 

in a rural region of western Kenya”, as published in the journal PeerJ (Floyd et al., 2020). Chapter 

6 presents a large-scale approach in the final article “Estimating malaria parasite mobility in 
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Mozambique using mobile phone records”, submitted to the journal Nature Communications for 

publication. Chapter 7 summarises the main findings from the three articles while outlining their 

limitations and discusses their impact and further research that could provide more evidence to 

support the broad conclusions of this thesis. 
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Chapter 2 Literature Review 

To address the objectives outlined in the previous section, a detailed understanding of how host 

mobility contributes to the burden of vector borne disease is required. This chapter will provide a 

summary of the current literature on the spatiotemporal dynamics of host mobility in relation to 

vector-borne disease. First, I give a brief overview of vector-borne diseases and discuss some of 

the environmental and anthropological factors affecting their distribution and burden in different 

contexts around the world. I then explore the importance of host mobility in vector-borne disease 

research, focusing on understanding why mobility is important for vector-borne diseases of both 

humans and animals, how mobility data is collected and analysed, and how environmental and 

anthropological factors that affect mobility can alter exposure to vector-borne diseases. 

2.1 Vector-borne disease in humans and animals  

2.1.1 The burden of vector-borne disease in humans and animals 

Many common species of arthropods such as mosquitoes, ticks, flies and fleas are capable of 

carrying and transmitting pathogens that may be bacterial, viral or parasitic between mammalian 

hosts. These pathogens have the potential to cause disease in both humans and animals. The 

major vector-borne diseases of humans include malaria, dengue fever, yellow fever, Zika virus 

disease and Chagas disease, amongst others. Some of these diseases, like malaria, have been 

circulating in human and vector populations for centuries while others such as the Zika virus have 

newly emerged. All exert a burden on human populations, and the WHO estimates that vector-

borne diseases account for 17% of the global burden of infectious diseases, causing over 700,000 

deaths each year (WHO, 2017). 

Some vector-borne pathogens found in animals can also cause disease in humans; these are 

known as zoonotic vector-borne diseases and include Japanese encephalitis, trypanosomiasis and 

Rift Valley Fever (RVF).  As well as causing illness in humans, zoonotic vector-borne diseases exert 

a burden on animal hosts and can reduce livestock productivity, causing substantial economic 

losses. In rural areas where many of the world’s poorest communities reside, a significant 

proportion of people are dependent on livestock for their livelihoods and thus it is widely 

acknowledged that these diseases perpetuate poverty (WHO & DFID, 2006). RVF, for example, is a 

mosquito-borne viral disease responsible for sporadic outbreaks in sub-Saharan Africa that 

primarily cause abortion and death in livestock, resulting in severe economic losses, but RVF can 

also cause mild to severe disease in humans (Rich & Wanyoike, 2010). Previous outbreaks of RVF 

have caused the death of thousands of heads of livestock at a time, as well as hundreds of human 
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deaths (Dar et al., 2013; Nanyingi et al., 2015), and the 2006-2007 East African outbreak had an 

estimated economic cost of USD$541 million (Nanyingi et al., 2015).  

Other zoonotic vector-borne pathogens that cause more chronic disease can have a relatively low 

mortality rate but still exert a high burden on their hosts and cause large-scale reductions in 

productivity. African Trypanosomiasis is an example of one such disease. Affecting humans, 

livestock and wildlife, and caused by parasites of the genus Trypanosoma spread by infected 

tsetse flies, trypanosomiasis is endemic in 36 countries in Africa and causes both acute and 

chronic illness in hosts. In livestock, the disease can present with clinical symptoms ranging from 

mild disease to death depending on the pathogen species of infection (Morrison et al., 2016). It 

has been estimated that 50 million cattle live in tsetse-infested areas in Africa, and causes $4.75 

billion in economic losses every year (Van den Bossche et al., 2010). Thus, African 

Trypanosomiasis has been identified by the World Health Organisation (WHO) as “a major 

obstacle to the economic development of rural areas” (World Health Organization, 2013). 

Nevertheless, RVF, Trypanosomiasis and many other zoonotic vector-borne diseases fall into the 

category of ‘neglected tropical diseases’, due to the lack of global funding, research and resources 

directed towards their control (D. Molyneux et al., 2011) and as such, understanding factors that 

affect their spread could have important benefits for the populations that suffer most from them. 

2.1.2 Environmental and anthropological factors contributing to vector-borne disease  

Although these diseases are all vector-borne, they can have vastly different transmission cycles 

affected by both intrinsic factors such as differences in host and pathogen biology, and extrinsic 

factors such as environmental conditions and host behaviour. The control of vector-borne 

diseases relies on disrupting their transmission cycle, so understanding the environmental and 

anthropogenic factors that influence transmission is a crucial part of implementing effective 

strategies for their control.  

Because vector-borne diseases are reliant on a capable vector population for their spread, they 

are frequently sensitive to environmental and climatic factors such as rainfall, temperature, land 

cover and land use. Malaria is one example of such a disease: responsible for over 400,000 deaths 

and more than 220 million cases annually, malaria is arguably the highest-burden vector-borne 

disease (Roth et al., 2018; World Health Organization, 2018b). Dependant on transmission by the 

Anopheles genus of mosquitoes, it is highly sensitive to a range of environmental factors which 

means that its distribution across most of sub-Saharan Africa is far from homogenous. For 

example, rainfall patterns and altitude have been linked to peaks in the populations of different 

anopheline species in Kenya (Zhou et al., 2004) and studies have shown that particular types of 
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land cover can lend themselves to increased risk of malaria transmission, especially shallow, shady 

and stagnant water bodies, as these constitute potential anopheline larval breeding sites (Stefani 

et al., 2013). Other vector-borne diseases are similarly sensitive to environmental factors: for 

example, epidemics of yellow fever (a viral disease transmitted by mosquitoes) have been linked 

to changes in normal rainfall patterns (Hamrick et al., 2017; Ivers & Ryan, 2006; Vasconcelos et al., 

2001) and particular land types have been associated with increased risk of Crimean-Congo 

Haemorrhagic fever (Messina et al., 2015).  

Anthropogenic changes in the environment can also affect the spread and distribution patterns of 

vector-borne diseases. Deforestation (Barros & Honório, 2015), agricultural activities (Mutuku et 

al., 2009) and gold mining (Moreno et al., 2007) are some examples of changes in land use that 

have been associated with changes in density of malaria larval breeding sites, often due to 

inadvertent creation of anopheline breeding sites in suitable aquatic environments such as 

shallow puddles. Changing land use is an important factor in the spread of other vector-borne 

diseases too. Urbanization is widely acknowledged to be an important driver in outbreaks of 

dengue fever (Gubler, 2012), with one study in Taiwan finding a direct link between areas with 

higher degrees of urbanization and dengue incidence (P. C. Wu et al., 2009).  Land use changes 

can similarly affect zoonotic vector-borne disease prevalence; in the case of tsetse-transmitted 

livestock trypanosomiasis, the clearing of areas of vegetation and the introduction of 

domesticated livestock has resulted in drastic reductions in tsetse populations in some areas but 

increases and the resurgence of trypanosomiasis epidemics in others, due to tsetse populations 

being forced to switch from wildlife to livestock as their primary source of food (Van den Bossche 

et al., 2010). The effects of these wide-ranging natural and anthropogenic environmental factors 

on vector-borne disease distribution vary greatly with setting and are therefore an important 

topic in studies of vector-borne disease. 

Demographic and social factors can also affect the distribution of vector-borne disease. Many 

studies have shown that some vector-borne diseases are highly linked to high levels of household 

poverty. There are many reasons for this: relatively poorer households are less able to afford 

testing and treatment, are more likely to work laborious, time-intensive jobs and live in housing of 

poorer quality, which means a higher likelihood of vector exposure (Boelaert et al., 2009). Other 

socio-demographic factors can also affect the distribution of vector-borne diseases, partly due to 

differing human behaviours associated with these factors. For example, studies have linked higher 

educational level to earlier care-seeking behaviour and increased uptake of treatment for malaria 

(Kibusi et al., 2015). Context is extremely important, however. For example, in some settings 

women have been found to seek care before men (Kaur et al., 2013), while other studies have 

found that women seek care for infectious diseases later than men (Shayo et al., 2015; Voeten et 
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al., 2004), possibly due to specific barriers to healthcare for women in certain communities. Socio-

demographic factors such as these can affect vector-borne disease dynamics and vary widely 

across contexts, so it is important to have an understanding of the impact of these factors when 

designing efforts to control vector-borne diseases.  

The WHO has stated that anthropogenic and environmental factors such as these have an 

important impact on the transmission and distribution patterns of vector-borne diseases from 

local to regional, national and international scales, and calls for this complexity to be taken into 

account when designing vector control efforts. In their Global Vector Control Response strategy 

for 2017-2030, population mobility is also highlighted as a major threat to the success of these 

efforts (WHO, 2017). As vector-borne diseases emerge in new areas of the world while 

approaching elimination in others, understanding how host mobility and the environmental and 

anthropological factors driving it affects vector-borne disease distribution and transmission will 

prove crucial to designing effective control and elimination strategies in different contexts. 

2.2 Host mobility and vector-borne disease 

A key property that vector-borne and many other infectious pathogens have in common is that 

their spread is initiated or perpetuated by the movements of their hosts. Individual host mobility 

dictates where and when populations interact with each other, with vector populations, and with 

their environment, so understanding the spatiotemporal dynamics of host movement is critical to 

understanding how outbreaks occur, why pathogens persist in particular places and which 

populations are most at risk of exposure. In this section, I discuss the importance of host mobility 

in infectious disease research generally before focusing on aspects of human and animal mobility 

that are important to vector-borne disease research specifically. 

2.2.1 The growing importance of host mobility in infectious disease research 

Although there are many hundreds of infectious pathogens that cause disease in humans, a 

common feature of their transmission is that all rely on some form of direct or indirect contact 

between hosts in order to be transmitted. For humans, this contact is often driven by mobility on 

various scales, whether international, regional or local, and the forefront of human mobility 

research involves the study of the movements of individuals across these scales in space and time. 

As in animal populations, these movements vary widely on spatial and temporal scales and play 

an important role in disease transmission (Martens & Hall, 2000; R. Mansell Prothero, 1977).  
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Moreover, variation in movement within human populations is frequently much greater than in 

animal populations, and this presents some unique challenges for disease control. Compared to 

animal populations, humans tend to have larger, more widespread and more connected 

networks, meaning highly contagious diseases like influenza can rapidly spread globally (Riley, 

2007; Stoddard et al., 2009). Furthermore, the number of people moving has increased in recent 

years, and consequently so has connectivity between individuals and populations. Globally, it has 

been estimated that over 60 million people fly internationally each week (Dirk Brockmann & 

Theis, 2008), with hundreds of millions more travelling by car, train and bus. Recent studies of air 

traffic data suggest that this type of mobility is increasing (Gabrielli et al., 2019), leading inevitably 

to increasing connectivity. This can be positive and contribute to improvements in quality of life. 

The obvious benefits include improvement to resource access, transport services and improved 

social inclusion, to name a few, but new complexities also present new challenges on both local 

and national/international scales. For example, increasing mobility and connections puts pressure 

on local traffic networks in urban areas. Understanding this mobility and how it affects 

populations can help policymakers make decisions about where best to funnel resources to 

improve networks (Hickman et al., 2013).  

Increasing connectivity also has important consequences for infectious disease transmission and 

has been identified as a crucial factor in the spread of new pandemics such as SARS (Lam et al., 

2003; W. Li et al., 2005), H5N1 influenza (Y. Li et al., 2011; Van Borm et al., 2005) and the Ebola 

virus (Leroy et al., 2005, 2009). For example, in the SARS outbreak of 2002-2003 and the recent 

COVID-19 outbreak, human movement has been identified as a key factor in the rapid global 

spread of the virus, specifically through air travel routes (Lai et al., 2020; Poutanen et al., 2003; 

Wells et al., 2020) but also through movement by other modes of transport on regional and local 

scales (Kraemer et al., n.d.). Movement restrictions are an obvious strategy to tackle these 

outbreaks but compared to animal populations, they can be difficult to enforce in human societies 

to combat the spread of disease (Eric Fèvre et al., 2006; Longini et al., 2005). The restriction of 

cattle movements between farms in the Netherlands after the foot-and-mouth outbreak in 2001 

was shown to reduce the size of the epidemics (Velthuis & Mourits, 2007) and although effective, 

such restrictions can have severe economic and practical consequences amongst human 

populations, meaning their implementation is often slow and contentious (Budd et al., 2009). 

Nevertheless, in the wake of the current COVID-19 pandemic, many countries implemented 

nation-wide movement restrictions with varying efficacy, demonstrating the importance of host 

mobility in driving outbreaks of infectious diseases.  

For pathogens like influenza and COVID-19 that are primarily spread by direct host-to-host 

contact, host movements are directly related to risk of exposure to infected individuals and 
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therefore transmission and spread can often be predicted to some extent if host movements are 

well understood (Riley, 2007). For vector-borne pathogens however, transmission is most often 

indirect, occurring in a human-vector-human cycle instead of directly between humans. 

Therefore, understanding host mobility is compounded by the added complexity of exposure to 

vector populations; for a transmission event to occur, a host must come into contact with a 

competent and infectious vector population, which is often highly environmentally dependent 

(Rottier & Ince, 2005). Moreover, vector-borne disease transmission can involve different species 

of hosts: for zoonotic vector-borne pathogens there is the added dimension of animal movements 

as well as those of humans. In a disease like trypanosomiasis for example, understanding the 

movements of the animal host reservoir (frequently cattle but occasionally also small ruminants) 

can help us understand exposure risk of the human population, because both humans and 

livestock can move from endemic to pathogen-free areas and introduce trypanosomes to a 

previously unexposed vector population, thereby causing local outbreaks of human sleeping 

sickness and animal trypanosomiasis (Morris, 1962; Selby et al., 2013).  

Movement ecology has long been studied in the context of infectious disease transmission, and 

several studies demonstrate how for both human and animal populations, mobility can affect 

disease transmission in ways beyond exposure driven by host contact. In a seminal paper in 1988, 

Pulliam outlines how differential birth and death rates of populations can cause habitats to 

naturally acquire ‘source’ and ‘sink’ properties, whereby sources have a surplus of population and 

sinks a deficit. Competition for resources drives individual members of these populations to move 

to areas where resources are sufficient to sustain a species, and this mobility can increase the size 

of ecological niches in which populations and, by extension, their pathogens, exist (Pulliam, 1988). 

A study by Cross and colleagues builds on this concept, examining the effect of movements of 

individuals between subgroups of structured populations on the transmission of acute and 

chronic diseases and demonstrating that for populations with a grouped structure (as typically 

found in human and animal populations), movements between and within these groups change 

the transmission dynamics of diseases with pandemic potential (Cross et al., 2005). A recent 

review by Boulinier and colleagues, while detailing several different types of wildlife movement, 

goes further, highlighting that host movement does not necessarily equate to pathogen dispersal 

(Boulinier et al., 2016). For example, a study by  Mazé‐Guilmo and colleagues tested the 

hypothesis that parasite dispersal rates depend strongly on host movements and found that while 

this is broadly true, other environmental and ecological factors can change the spatial distribution 

of different genetic compositions found in parasites and therefore affect the coevolution of 

parasite-host populations, resulting in different spatial distributions (Mazé-Guilmo et al., 2016). 
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Therefore, mobility of different individuals in a population drives not only host exposure to 

pathogens, but can change the ecological niches of the pathogens themselves. 

To be able to quantify how mobility affects vector-borne pathogen transmission, it is important to 

understand the types of both human and animal movement patterns involved in vector-borne 

disease spread. Because of the inherent differences between the two, I will discuss human and 

animal movement patterns separately.  

2.2.2 Spatiotemporal human mobility patterns and vector-borne disease 

For vector-borne diseases, increased mobility not only leads to increased connectivity between 

host populations, but also between host and vector populations. This increased connectivity 

causes changes in exposure to vector-borne diseases, and can ultimately lead to changes in 

disease distribution and spread (Stoddard et al., 2009). Because of this added complexity of 

vector-borne disease, understanding patterns of human mobility is crucial to help us design more 

effective disease control strategies, yet has historically been understudied for vector-borne 

pathogens, partly due to the complexity of host-vector-pathogen dynamics but also due to 

difficulties in collecting detailed datasets on the movement patterns of individual hosts. 

A key topic in the field of human mobility for vector-borne disease research is to understand 

mobility across spatiotemporal scales, particularly how the interactions of populations with their 

environments can affect their disease risk. In 1977, Prothero identified human mobility as a 

neglected factor in epidemiology and highlighted both spatial and temporal variation in human 

movements as fundamental intricacies that affect the spread of infectious diseases (R. Mansell 

Prothero, 1977). Understanding human mobility across these scales is particularly important to 

improving our knowledge of where and how people are exposed to vector-borne diseases, 

because mobility is heterogeneous at both ends of the scale and this varying mobility affects 

exposure to vector-borne diseases differently. People can be exposed to vector-borne diseases 

daily through their short-distance movements to particular areas or places on a local scale, and 

similarly they can be exposed through medium and long-distance movements to wider areas 

where vector-borne diseases are present. However, questions remain about how fine-scale and 

large-scale movements may affect individual exposure and vulnerability to vector-borne disease. 

To help put these into context, Stoddard and colleagues built on work by Prothero and developed 

a seminal framework to visualise human movements in the context of vector-borne diseases, 

illustrating the scales at which human movements affect exposure, distribution and spread of 

vector-borne diseases (Figure 2-1). 
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Figure 2-1 A theoretical framework of spatial (x-axis) and temporal (y-axis) scales of human 

movements that affect vector-borne disease dynamics. As published by Stoddard et 

al., 2009. 

These spatial and temporal differences in human movement patterns affect exposure to vector-

borne diseases differently. At the local end of the spatial scale on which humans move, studies 

have shown that individual movements can determine exposure to vector-borne disease. For 

example, a related study in Iquitos, Peru looking at dengue fever, a mosquito-borne viral disease, 

found that movements between households determined an individual’s exposure to Dengue fever 

(Stoddard et al., 2013). Regional movements have also been implicated in the spread of vector-

borne disease. Studies in Swaziland and South Africa have identified human movement from 

Mozambique as risk factors for malaria transmission, and it is likely that these movements are 

driving malaria transmission in these countries (Raman et al., 2020; Tejedor‐Garavito et al., 2017). 

Finally, at the international and global end of the scale, human movements can lead to the spread 

of vector-borne diseases between countries in a matter of hours, thereby driving their spread and 

persistence in new areas (A. J. Tatem et al., 2012).  

Temporal variation in human movements is also important to vector-borne disease and can affect 

individual exposure differently. For example, regular movements such as daily visits to a local area 

may matter more than infrequent ones in areas where vector populations have an alternative 

blood meal, as frequency of movement to these areas would increase individual risk of exposure 
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and therefore contribute to transmission. At the other end of the scale, in regions where 

pathogen and vector populations are limited to specific areas, longer-term human movements 

may be a more important driver of transmission than shorter ones as these are likely to lead to 

the carriage of pathogens to new areas and potentially competent new vector populations (N. W. 

Ruktanonchai et al., 2016; Stoddard et al., 2009). 

2.2.3 Spatiotemporal animal mobility patterns and vector-borne disease 

Studies of animal mobility in relation to infectious diseases have long highlighted the importance 

of mobility in disease spread. A recent review of emerging diseases of wildlife presents a list of 34 

vertebrate wildlife pathogens thought to have emerged since 2000, and more than half (18) of 

these have some type of host movement explicitly stated as the cause of disease spread 

(Tompkins et al., 2015), with movement implicated as a contributor to spread in many of the 

others. The importance of animal movement has also been repeatedly stressed in studies of 

pathogens that do not fall under the ‘emerging’ label, such as the risks associated with the 

movements of dogs and wild animals in the importation of Echinococcus multilocularis (Hegglin & 

Deplazes, 2013) and the transmission cycle of rabies (J. Chen et al., 2015; Cliquet et al., 2014), or 

the risks associated with the trade and other movements of livestock in the transmission of 

bovine tuberculosis (Caron et al., 2016; Cowie et al., 2014), brucellosis (Caron et al., 2016; Cowie 

et al., 2014; Njeru et al., 2016) and cysticercosis (Lian F. Thomas et al., 2013).  

For vector-borne diseases, animals can also act as reservoirs of the vector-borne pathogen, 

presenting an additional layer of complexity and playing an important part in disease distribution 

and spread. For example, the movement patterns of wild birds have long been implicated in the 

introduction of vector-borne pathogens to new areas. West Nile virus (WNV) outbreaks in the USA 

have been linked to the migration corridors of wild birds along the eastern seaboard, and these 

birds are suspected to be the main amplifying hosts of WNV in nature, acting as a reservoir and 

spreading the virus to previously unaffected vector populations that can then pass the virus on to 

humans and domestic livestock (Reed et al., 2003). Similarly, cattle movements are thought to be 

an important factor in the spread of vector-borne diseases like bluetongue virus and sleeping 

sickness, though few studies have been able to directly identify these movements as the primary 

cause of disease spread (E. M. Fèvre et al., 2005; T. Sumner et al., 2017). Quantifying the 

movements of cattle and other types of domestic livestock and specifically their contact with 

humans and exposure to different environments could help quantify the risk of vector-borne 

disease exposure in some populations. 
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However, these movement patterns can be difficult to quantify as they vary on spatial and 

temporal scales, each with different implications for disease transmission. Spatially, animal 

movements vary greatly across the different species of host: wild animals such as buffalo can 

regularly move long distances in a matter of hours (Funston et al., 1994), while the movements of 

their livestock cousins, domestic cattle, tend to be restricted to a smaller area controlled by the 

people that look after them. However, even for the same host species, spatial scales can differ 

greatly; the relatively restricted movements of cattle, for example, can vary from daily grazing and 

foraging (Bailey, 1995) to medium- and long-distance human-mediated movements between 

markets and nomadic movements covering large distances (Natale et al., 2009). These movement 

patterns on different spatial scales can affect vector-borne disease transmission across a range of 

contexts. For example, an outbreak of sleeping sickness in a previously unaffected area of south-

eastern Uganda was found to have its roots in a cattle market stocked with cattle originating from 

endemic sleeping sickness areas (EM Fèvre et al., 2001), illustrating the potential of market 

movements to introduce infection into new areas. The nomadic long-distance movements of 

cattle have also been linking to vector-borne disease transmission: a study in a rural area of 

eastern Kenya found that rates of RVF infection were higher in humans living near long-distance 

routes of nomadic cattle (Tigoi et al., 2020). 

Animal movement patterns also vary temporally, which can affect disease transmission in 

different ways depending on the context. Using ruminant livestock as an example, some 

movements follow daily patterns like going out to grazing sites, while others occur over a longer 

term, such as movements between farms or movements to markets. For example, sheep 

movement networks in Great Britain follow a highly seasonal pattern, with large numbers moving 

between farms in the summer months of August and September. Analysis of these sheep 

movement networks has shown that the increased movement during these months is linked to 

greatly increased risk of disease outbreaks occurring (Kiss et al., 2006). Conversely, studies have 

shown that other types of movement that follow seasonal patterns, such as the migratory 

movements of several species of wild animals, can actually help mitigate pathogen spread by 

reducing host exposure to infected habitats and hampering the migration of infected individuals, 

thereby reducing pathogen transmission within a population (Altizer et al., 2011). Although 

dependent on many factors such as the type of pathogen, host population densities and land use 

patterns, these examples illustrate how context is important even when movements have similar 

temporality, such as seasonal movements.  

Because understanding the spatial and temporal scales of animal movements is critical to disease 

transmission, several studies have made use of animal mobility data to study movements in the 

context of infectious diseases. In the past it has been difficult to obtain accurate records of host 
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movement, with many studies relying on survey or direct observation methods but in recent 

years, advances in technology have enabled more comprehensive measurements of these 

movements through a variety of different methods, including the use of remote sensing data, 

mobile phone call records, radio telemetry collars and tags for animals, and Global Positioning 

Systems (GPS) devices. Data from these methods have proven valuable for providing evidence to 

aid the control of several animal infectious diseases. For example, a study in Edinburgh collected 

the movements of dog foxes using radio-based trackers to prevent rabies outbreaks (Kolb, 1984), 

free-ranging pigs have been tracked to provide evidence for cysticercosis interventions in rural 

Kenya (L. Thomas et al., 2013), and a study that used GPS tracking devices to monitor fine-scale 

goat movements was able to identify ‘hotspots’ for Cryptosporidium disease transmission in a 

rural area of Tanzania (Parsons et al., 2014). These are examples of studies undertaken in the 

context of zoonoses, yet studies that have explored both human and animal movements together 

are lacking. This is likely because their neglected status means that the resources to control 

zoonoses are often limited, and collecting mobility data can be time-consuming and expensive. 

Nevertheless, a review by Fèvre and colleagues highlights how it is clear that the control of many 

zoonotic vector-borne diseases would benefit from these types of mobility data, particularly when 

host movement varies across seasons and landscapes (Eric Fèvre et al., 2006). 

2.3 How is host mobility measured? 

As a complex process resulting from the interplay of many individuals and factors within a system 

or network, mobility has been the subject of studies for decades (Weiner, 1992) with applications 

within and across scientific disciplines. From the long-distance migration movements of whole 

populations to the daily movements of city-dwelling individuals, the types of mobility studied has 

varied widely over spatial and temporal scales. Archaeologists study the migration patterns of 

early human populations (Watson & Stoll, 2013), epidemiologists use movement patterns of both 

humans and animals to predict the spread of disease (Travis et al., 2011), geographers have long 

studied movement patterns in disaster situations (Lu et al., 2012), anthropologists study mobility 

in a social context to assess inequalities in resource access (Bardosh et al., 2017), and urban 

planners use movement data to design transport networks efficiently (Weiner, 1992). All of these 

situations require detailed knowledge of movement patterns: knowing why, where, when and 

how people move are crucial to efforts to get resources where they are needed, and this wide 

range of uses for mobility data has led to the growth of methods for their collection and analysis. 

In the past, efforts have been made to estimate human mobility patterns on large scales using 

proxies such as the movement of banknotes (D. Brockmann et al., 2006), changes in night-time 

brightness (Bharti et al., 2011) and the movements of domestic livestock (Larson, 2012) to name a 
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few. Other, more direct studies of movement have relied on data collected on mass scales such as 

air travel (A. J. Tatem et al., 2012) and other transportation data (H. Liu et al., 2015) to estimate 

movement patterns at a population level. Data on the individual movements of hosts, however, 

has been more difficult to collect. There are several reasons for this: the sheer time and effort 

required for study frameworks involving large numbers of individuals recruited to movement 

studies, the ethical and privacy issues surrounding the tracking of individuals’ movement patterns, 

and the difficulties in compliance and recall bias for retrospective and prospective studies of 

movement patterns all make individual movement data more difficult to capture than population-

level movement data.  

The main methods of mobility data collection for humans and animals and the relative 

spatiotemporal scales that they cover are shown in Figure 2-2 and Figure 2-3. Individual 

movement data has traditionally been captured through surveys and censuses, both of which can 

provide high-quality data on movement patterns at an individual level and the same time allow 

linkage to important demographic factors. The ability to collect high-quality datasets linked to a 

range of social and demographic datapoints is important because there are many factors, both 

known and unknown, that affect individual movements and therefore the mobility of a population 

as a whole. However, survey methods can suffer from a lack of temporal resolution due to their 

cross-sectional nature. In recent years the use of GPS-based technology has increased, and so too 

has the ability to collect data from large numbers of individuals on massive scales, through 

improved technology and the rise of geo-referenced ‘big data’ and its offshoots. These 

advantages have not gone unnoticed in the mobility community, with movement patterns being 

analysed through geo-located tweets (Blanford et al., 2015; Hawelka et al., 2014), data collected 

from location-sharing services (Z. Chen & Schintler, 2015) and mobile phone records (Jones et al., 

2018). For vector-borne diseases, many of these methods have been used to elucidate mobility 

patterns in various settings. Human mobility, particularly in the context of malaria transmission, 

has been studied extensively through different methods of mobility data collection and on scales 

ranging from highly localised transmission between households in villages (Fornace et al., 2019) to 

transmission through national and cross-border movements (N. W. Ruktanonchai et al., 2016; 

Tejedor‐Garavito et al., 2017).  
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Figure 2-2 Methods of human mobility data capture, as published by Tatem, 2014. 

 

 

Figure 2-3 Methods of animal mobility data capture with the x-axis indicating approximate 

spatial scale and the y-axis indicating approximate temporal scale. 

 

Figure 2-2 and Figure 2-3 present a visual summary of some of the most widely used methods for 

human and animal mobility data capture and the relative spatiotemporal scales covered by these 

methods. Methods for the direct measurement of individual host movements can be broadly 

classed into three categories: survey methods, telemetry and GPS devices, and large digital 
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datasets (such as call detail records from mobile phones, remote sensing and social media 

datasets). In this section, I discuss the unique advantages and disadvantages of movement data 

arising from each of these. Because of their limited ability to track individual movements through 

time, I exclude discussion of movement data such as trade and transport statistics from this 

section.   

2.3.1 Movement data collected through surveys 

Traditionally, human movements have been measured using various survey methods, including 

travel history surveys and from data collected as part of larger surveys such as the Demographic 

and Health Surveys (DHS) and national censuses. Travel history surveys have been widely used in 

infectious disease studies to determine case history and identify sources of infection (Tejedor‐

Garavito et al., 2017; Tessema et al., 2019), and in other studies to understand how and where 

people travel in disaster and conflict situations (L. Wu & Walters, 2016). Data from the DHS 

program in particular has been used to identify long-term migration patterns of populations. For 

example, a study in Peru used longitudinal DHS data over six years to investigate the relationship 

between fertility and migration and were able to link demographic indicators to geographic 

mobility (White et al., 1995), illustrating an important advantage of surveys over anonymous 

types of data collection: the ability to also collect demographic information from participants. This 

key feature of surveys allows researchers to know whether the survey is likely to be 

representative of the underlying population (thereby reducing bias) and to link these important 

demographic factors to individual mobility patterns.  

Survey methods have some inherent disadvantages, however. When conducted on large scales it 

can be difficult to quantify highly spatially resolved movements using survey data, but this 

limitation can be acceptable if the study aims are suitable for the data collected. For example, 

studies of how migrational human mobility is linked to environmental factors commonly use 

survey methods to identify seasonal patterns (Gray & Mueller, 2012; Murali & Afifi, 2014), 

because very detailed knowledge of individual movements is not required to elucidate general 

seasonal movements. Moreover, although survey methods are often limited by their cross-

sectional nature, when conducted longitudinally they can be used to understand changes in 

movement patterns over time. For example, national surveys like the DHS and national censuses 

are conducted periodically at the household level and generally include questions on current and 

past places of residence. With several years of these censuses, flows of people can be calculated 

in a longitudinal fashion and aggregated to quantify population flows (Barbosa et al., 2018). 

However, censuses only measure change of residence over 1 or 5 year periods and are usually 

conducted only once a decade, giving them a very coarse temporal resolution compared to most 
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travel history surveys. This limits their use for modelling human mobility for vector-borne 

diseases, and thus they are only of value for these applications if they correlate with shorter 

temporal scale flows, as previous studies have been able to do in Haiti (Nick W. Ruktanonchai et 

al., 2016) and Kenya (A. Wesolowski et al., 2013).  

Generally, when only survey methods are used to collect movement data either temporal or 

spatial resolution is sacrificed, if not both. Nevertheless, this does not mean that these data are 

necessarily inadequate for mobility studies. A study comparing travel surveys with mobile phone 

call detail records data from Paris and Chicago found good concordance between the two for daily 

patterns of movement in these urban areas, although only two days per person were analysed in 

the study (Schneider et al., 2013). This illustrates how sufficiently detailed survey data can be as 

accurate as large-scale mobile phone data in some circumstances. A study in Kenya by 

Wesolowski and colleagues compared census-derived migration data to a corresponding fine-

scale movement dataset and showed that in certain contexts, census data can be used to 

approximate movement patterns on smaller temporal scales than previously thought (A. 

Wesolowski et al., 2013). Overall, survey methods can be valuable tools to quantify movement 

patterns, particularly when combined with demographic data and when used with appropriate 

study aims and design. 

2.3.2 Movement data collected by telemetry and GPS devices 

Improvements in movement tracking technology as a data collection method have also given rise 

to a number of mobility studies, particularly in animals but more recently in human populations 

too. In the past, many of these studies made use of radio telemetry: a technology that involves 

the remote capturing of data through a device whose function is to measure and record data at 

specified time intervals and transmit the data via radio waves to a receiver (Tomkiewicz et al., 

2010). More recently, this technology has expanded to include Global Positioning System (GPS) 

data (Perras & Nebel, 2012; Tomkiewicz et al., 2010). These data are most often GPS coordinates 

with a timestamp, but other metrics can also be included such as elevation, barometric pressure 

and other environmental measures. The devices can automatically send data back to the 

observer, thereby allowing real-time capture of movement patterns, or they can store data in 

onboard memory to be downloaded on retrieval of the device. The types of devices used to track 

human and animal movements are portable, and those that record GPS data are known as GPS 

loggers. Stoddard and colleagues compiled some of the most commonly used movement data 

collection methods in humans (including several different telemetry and GPS-based methods) and 

outlined their advantages and disadvantages (Stoddard et al., 2009), this is reproduced here in 

Figure 2-4 for reference. 
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Figure 2-4 Advantages and disadvantages of commonly used methods of mobility data capture, 

as published by Stoddard et al., 2009. 

Mobility studies that employ telemetry and GPS-based devices as the primary method of data 

capture usually require the active solicitation of participants, which can be resource-intensive and 

time consuming and therefore often result in small sample sizes. However, this also means that 

studies making use of this technology can be designed to take advantage of the strengths of the 

devices. Studies employing these methods often use devices that are highly specialised and 

adapted to their purpose. For example, studies of diving seabirds (Browning et al., 2018) have 

combined GPS loggers with time-depth recorders to gain movement information specific to the 

study aims, while a study of the long-distance movements of elephant herds combined GPS 

loggers with temperature sensors to analyse the impact of temperature on movement patterns 

(Thaker et al., 2019). These demonstrate the versatility of GPS loggers for capturing movement 

data in combination with other relevant data.  

In studies of humans, the requirement for active solicitation means that it is also possible to 

gather demographic data to link to movement patterns. A study of human movement in relation 

to malaria elimination in Zambia used GPS loggers to link movement patterns to activity spaces 

across malaria seasons, with additional collection of demographic data allowing the researchers 
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to ensure their sample was representative of the underlying population (Searle et al., 2017), and 

to identify differences in movement patterns by age and sex of the participants (Hast et al., 2019). 

A different study in neighbouring Tanzania successfully used similar devices to track the 

movements of different species of domesticated animals to assess overlap of landscape use and 

identify areas where zoonotic disease transmission may be occurring (Parsons et al., 2014). These 

studies demonstrate the utility of GPS tracking technology for identifying risks of exposure to 

vector-borne and other infectious diseases, as well as their suitability for use in rural settings 

where other methods of data collection like mobile phone records may be biased towards 

wealthier populations. However, a major disadvantage of these devices is that they are typically 

only used to track relatively small population numbers over short periods of time (see Figure 2-2 

and Figure 2-3) and so researchers have looked for ways to track much larger populations over 

longer timeframes, such as with mobile phone records. 

2.3.3 Methods for measuring human movement through mobile phone data 

Technological advancements and the rise of ‘big data’ have produced a number of novel datasets 

from which patterns of human mobility can be inferred. These data can be analysed 

independently or integrated with other data collection methods and come in many forms, 

including air traffic data, geo-located social media data, and call detail records from mobile 

phones. Several of these have been used for mobility studies: for example, big datasets have been 

used to predict risk of disease importation (Bajardi et al., 2011; Le Menach et al., 2011; A. J. Tatem 

et al., 2012), to explore seasonal patterns of movements across borders (Blanford et al., 2015; 

Gabrielli et al., 2019; Recchi et al., 2019), to dynamically map populations (Deville et al., 2014) and 

to explore urban mobility patterns (Yuan & Raubal, 2012).  

Recent increases in mobile phone penetration in particular have allowed the collection of large 

amounts of high-quality mobility data in near-real time, allowing the ability to respond quickly 

and appropriately to changes in mobility. Studies of mobility from mobile phones most often 

analyse call detail records (CDRs) to estimate individual mobility. A CDR consists of an ‘event’ (call 

or text), the date and time of the event, and the GPS coordinates of the cell tower where the 

event was recorded. The approximate geolocation of individual subscribers to a mobile phone 

network can be inferred from these records. CDRs are routinely collected for billing purposes by 

network operators in real-time and can be used to provide evidence for decision-making. CDR 

datasets can help countries mitigate the effects of emergencies by enabling policy makers to get 

resources to populations more efficiently. For example, scientists were able to use a 

computational model to provide estimates of population displacements just nine days after the 

2015 Nepal earthquake using the anonymised CDRs of 12 million people (R. Wilson et al., 2016), 
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which helped policymakers plan effective resource allocation to cope with the impacts of the 

earthquake. Another study was able to use CDRs to retrospectively measure the impact of travel 

restrictions in Sierra Leone on human mobility during an Ebola outbreak in 2015 (Peak et al., 

2018). Methods employing synthetic datasets also hold promise for future studies: one study was 

able to model population movements in the New York and Los Angeles metropolitan areas using 

synthetic CDRs, a method that was shown to have high fidelity with real CDRs (Isaacman et al., 

2012) but is currently only useful for areas with high population densities. 

CDR datasets can be extensive, often covering whole portions of a population and thus are very 

valuable for describing complex population movement processes. However, to protect the privacy 

of individuals, they are commonly anonymised or pseudonymised, and therefore missing 

demographic data due to ethical and privacy issues. This is an important disadvantage that can 

contribute to a ‘data gap’, which occurs when datasets are biased toward certain subgroups that 

are more represented in the dataset than others, and leads to the misrepresentation of 

populations (Aultman-Hall & Ullman, 2019). Some studies have sought to overcome this obstacle 

by linking two or more datasets from the same population. For example, one study using mobile 

phone data from Kenya measured the impact of potential biases (cell phone ownership is known 

to be biased towards wealthy urban males) and found that they can be identified and corrected 

for (Amy Wesolowski et al., 2013). Another way to reduce bias is to collect the demographic 

information at the same time as linking to a mobile phone dataset: a pilot study in the UK 

conducted a survey to collect demographic information alongside prospective collection of users 

Google Location History (GLH) data from their mobile phones in conjunction with GPS loggers and 

found that the GLH data matched well with data from their personally-assigned GPS logger, 

showing how valuable these data could be on larger scales (N.W. Ruktanonchai et al., 2018).  

Several studies have used mobile phone data to gain insight into human movements because 

these datasets can often be analysed shortly after collection, making them particularly suited to 

cases where real-time analysis is required. Furthermore, because these data are also frequently 

large and span several weeks or months, they can be used to gain an understanding of the 

dynamic nature of mobility in a population. A study using mobile phone data collected over nine 

days from subscribers to a mobile phone network in a Chinese city used a Dynamic Time Warping 

algorithm to classify urban areas by the similarity of the mobility patterns that occurred within 

them, which enabled the identification of ‘outlier’ urban areas that had unusual mobility patterns 

and gave insight into how mobility in the city changed from day to day (Yuan & Raubal, 2012). In 

less populated areas, other studies have used similar methods to produce temporally explicit 

estimates of population densities at different scales (Deville et al., 2014). 
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These kinds of analyses can give insight into the dynamic nature of mobility in both densely and 

sparsely populated areas, by providing near real-time information on the processes driving 

mobility. For infectious disease research, data from these analyses can be used to inform 

mathematical and computational models which can predict the effects of mobility on disease 

spread in near real-time. In the absence of highly-resolved datasets, modellers routinely make the 

assumption that the mobility of the populations in question is homogenous, partly due to a lack of 

evidence to account for differences in mobility patterns (Smith & Whittaker, 2014). In the next 

section I discuss some of the factors that affect mobility patterns, particularly as they relate to 

vector-borne disease exposure. 

2.4 Factors driving human mobility patterns and their relevance to 

vector-borne diseases 

Understanding mobility and the movement patterns of a population is valuable in vector-borne 

disease research because knowing where and when human and animal hosts travel can help 

identify risks of exposure to disease, and these movement patterns vary both spatially and 

temporally as previously discussed. There are many different factors driving these variations and 

it is important to understand these to get an accurate picture of population movements as a 

whole, yet many studies of human mobility in relation to infectious disease assume that most 

people in a population travel in the same way (Bansal et al., 2007; Riley, 2007). This assumption is 

not due to a lack of evidence to suggest otherwise, rather, the studies acknowledge that human 

mobility is highly complex and is affected by various factors which may be demographic, 

socioeconomic or environmental in nature.  

When such assumptions are made, our understanding of the mobility of a population (and 

therefore its connectivity, accessibility and use of transport networks) is distorted. This can 

disproportionately affect the most vulnerable people in society: by ignoring or overlooking their 

movements and the factors that drive them, our understanding of mobility is biased towards the 

data we have from particular subgroups and a ‘data gap’ is created (Aultman-Hall & Ullman, 

2019). This is often unavoidable and even the biggest datasets like transport data, mobile phone 

records and geo-located social media data are frequently biased towards the subgroups of people 

who have access to these services. Studies have repeatedly shown that women (Hanson & 

Hanson, 1980; McGuckin & Murakami, 1999; Sarmiento, 2000), older people (Collia et al., 2003; 

Figueroa et al., 2014) and poorer people (Gray & Mueller, 2012) have different movement 

patterns, use transport differently, and have different drivers of movement compared to others. 

As a consequence, these and other subgroups of people are likely to access resources, migrate 
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and travel differently. Efforts to disaggregate movements by factors such as gender, race and 

household wealth can improve our understanding of human mobility in contexts such as disaster 

management, urban planning and disease control (Smith & Whittaker, 2014).  

The factors that underpin these differences in mobility are important for vector-borne disease 

research because they affect subgroups differently and contribute to the unequal burden of 

vector-borne disease amongst populations in different settings. In this section, I discuss some of 

the key factors driving these differential mobility patterns in the context of vector-borne disease, 

including demographic factors, access to resources, and seasonal drivers. Because these factors 

largely affect human rather than animal mobility in the context of vector-borne diseases and the 

focus of this thesis excludes animal vector-borne diseases that are not zoonotic, I primarily discuss 

how these factors relate to human mobility. 

2.4.1 Demographic factors affecting human mobility  

For vector-borne diseases, the importance of understanding demographic differences in 

movement patterns between individuals is becoming increasingly clear. Mathematical models of 

mobility have enormous value in predicting disease spread and identifying areas of transmission 

risk, but are often limited by a lack of high-quality mobility data in relevant contexts and therefore 

make the assumption that populations or individuals in a model move in the same way (Riley, 

2007). Identifying factors underpinning individual differences in movement patterns could help 

improve these models for vector-borne disease because some of these patterns are linked to 

demographic characteristics. For example, a study of the role of commuting movements of people 

in a city in Taiwan found that elderly adults and housewives, who tended not to commute, were 

more likely to cause localised outbreaks of dengue fever than people who were regular 

commuters, whose movement patterns were linked to dengue epidemics over larger geographic 

areas (Wen et al., 2012). Although much of the evidence for variations in movement patterns by 

demographic characteristics comes from people living in urban areas of more economically 

developed countries, there is clear evidence that travel patterns vary by demographic group in 

less economically developed countries too (Salon & Aligula, 2012; Salon & Gulyani, 2010). Studies 

of human movement patterns and malaria infection risk in East Africa have found that movement 

patterns vary by age group, gender and urban/rural setting, and that these differences in 

movement patterns are linked to differential rates of malaria parasite prevalence (Pindolia et al., 

2013). These examples suggest that disaggregating the mobility of a population by at least some 

demographic characteristics could help to improve our understanding of population mobility as a 

whole and also improve the underlying mechanics of vector-borne disease models that 

incorporate mobility.  
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2.4.2 Urban-rural differences in human mobility 

The difference between rural and urban mobility is one of the many factors that can affect 

mobility patterns of populations, and there is a considerable body of evidence for differences in 

movement patterns between these areas. In 1983, Chapman and Prothero highlighted differences 

between urban and rural human mobility in sub-Saharan Africa, including the different activities 

people carry out in these contexts and how they might link to differing risks of infectious disease 

exposure (Chapman & Prothero, 1983). Since then, many studies have looked at differences in 

urban and rural mobility, and the definitions of these areas have expanded to include a range of 

different areas in between, such as suburban and peri-urban depending on the context.  

Unsurprisingly, differences between urban and rural mobility are not always clear-cut. A study 

comparing urban and rural movements in the USA saw that while mobility was overall higher in 

rural areas due to a lower density of places of interest, both age and household wealth were also 

important drivers of mobility inequality (Pucher & Renne, 2005). A study of migrant workers in 

East Africa found that while urban migrant residents in Kenya and Tanzania had higher 

connectivity compared to their rural counterparts, urban migrant residents in Uganda had lower 

connectivity. Moreover, these urban-rural differences, combined with different demographic 

factors, affected their malaria risk. This study highlighted the importance of stratifying human 

movements by demographic subgroups and urban-rural context to determine malaria risk 

(Pindolia et al., 2013).  

Although much of the data on the daily patterns of movement in an urban environment comes 

from developed countries, there is plenty of evidence to indicate that different mobility patterns 

are observed in similar contexts. Studies in Iquitos, Peru, a resource-poor urban environment with 

a high population density, found that while people moved mostly near their households, far fewer 

of these movements were the result of predictable routines compared to those found in urban 

areas in other studies (Perkins et al., 2014; Vazquez-Prokopec et al., 2013). There are very few 

studies with this resolution of mobility in other urban areas of developing countries, and these 

examples illustrate the importance of the context in which movements are made, as well as the 

danger of making assumptions about mobility in different areas globally.  

For vector-borne diseases it is important to understand how mobility varies between urban and 

rural areas because host and vector population distributions vary greatly between these areas. 

For example, across much of sub-Saharan Africa, malaria transmission has decreased in urban 

areas (Robert et al., 2003), while dengue fever is on the rise (Stanaway et al., 2016). Moreover, 

changing connectivity patterns may have different effects on the risk of introduction of vector-

borne diseases depending on the context. Understanding how mobility varies in these different 
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contexts in conjunction with demographic factors affecting mobility could aid disease control 

efforts by providing evidence on how movement patterns might be leading to a greater risk of 

vector-borne disease exposure for different demographic groups. 

2.4.3 Activity-driven mobility and resource access 

Studies in the literature have highlighted the importance of the ‘activity space’, or movements 

driven by the motivation to carry out different activities as another driver of mobility (Perkins et 

al., 2014; Stoddard et al., 2009). Activity spaces have been studied for decades in geographic 

contexts (see Figure 2-5, reproduced from Chapman & Prothero, 1983) and are particularly 

relevant to issues of resource access. In the context of vector-borne diseases, access to health 

facilities is of obvious interest, and the link between mobility and health facility access is well 

researched. For example, studies have used mobility data to explore the methods of transport 

people use to access health facilities (Tanser et al., 2006) and the demographic differences in 

healthcare-related mobility (Mumtaz & Salway, 2005). However, other types of resource-driven 

mobility such as access to treatment, household resources and education are also important for 

the control of many diseases. Few studies have linked mobility to other types of resource access 

in the context of vector-borne diseases, but nevertheless the importance of resource access for 

the control of many vector-borne diseases is clear, such as access to clean water and praziquantel 

treatment in areas with endemic schistosomiasis cases (Campbell et al., 2014) and access to 

treatment and education for malaria (Johnson et al., 2012; Mubyazi et al., 2010).  
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Figure 2-5 Schematic of an activity space (‘reciprocal flow’), published by Chapman & Prothero, 

1983. 

People often travel for specific resource needs or activities such as gathering food and water, 

livelihood and occupational activities, or accessing healthcare. In low-income settings, travel to 

these resources can be very time-consuming or expensive meaning that people may forego 

healthcare, employment, or other resources. As a result, the geographic inaccessibility of 

vulnerable populations can lead to worse health outcomes, a poorer economic outlook, and can 

widen spatial inequalities (Alegana et al., 2018; Macintyre et al., 2019; Pearce et al., 2008). In less 

economically developed areas, resource access is particularly important for poverty reduction in 

rural populations, as people often have to travel further for resource-related activities than their 

urban counterparts. It is widely accepted that people in rural areas spend more time accessing 

resources than people in urban areas, and that this likely contributes to poverty in these areas. 

For example, market access is important for several household activities such as gathering food, 

selling crop surpluses and buying medicine, and studies have shown that poor market access 

contributes to poverty in rural areas (Chamberlin & Jayne, 2013). Similarly, poor water source 

access means reduced time for making money elsewhere and therefore contributes to household 

poverty, as well as being linked to poor health (Cook et al., 2016; Whittington et al., 1990). 

Geographic inaccessibility of healthcare is also a known driver of poor health outcomes, 

particularly in rural settings (A. M. Noor et al., 2003; C. W. Ruktanonchai et al., 2016). The 

accessibility of health facilities can be affected by several factors such as poor road quality and 
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lack of public transport options, which can severely impact mobility and therefore healthcare 

access in rural areas where the most vulnerable populations live (Airey, 1992; Tanser et al., 2006).  

Because geographic accessibility is vitally important for ensuring vulnerable populations can 

utilise healthcare, a significant body of recent research focuses on modelling accessibility across 

national scales. These models use accessibility surfaces or straight-line distances to predict clinics 

used and associated travel times, and therefore often assume that people visit their nearest clinic 

(Alegana et al., 2012). In reality, geographic accessibility is often highly heterogeneous and 

straight-line distance is not the only factor that impacts whether people can access healthcare in a 

reasonable time without undue expense. In a 1994 paper, Thaddeus and Maine proposed a 

framework to describe the factors affecting healthcare accessibility that contribute to maternal 

mortality in low and middle-income countries. They outlined a three-delay model (Figure 2-6), 

describing three stages at which barriers and delays to seeking and obtaining healthcare may be 

faced, and illustrating how several factors can contribute to delays in these contexts (Thaddeus & 

Maine, 1994). In Kenya, these factors are important to how people access healthcare: studies 

here have found that people often visit clinics other than their nearest one, for reasons such as 

the availability of medicines or the perceived effectiveness of the facility (G. M. Mwabu, 1986). 

One study found that only 54–63% of people surveyed visited their nearest facility, with the rest 

visiting clinics further away (G. Mwabu et al., 1995). Efforts to improve healthcare accessibility in 

certain areas could benefit from taking these factors into account but require robust evidence to 

understand these factors in context.  
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Figure 2-6 The three-delay model, as published by Thaddeus & Maine, 1994. 

Moreover, resource-related movement is quantitatively different from other types of mobility, so 

accessibility models that predict general mobility patterns may not accurately reflect resource 

seeking behaviour. For example, a recent study in Iquitos, Peru found that residents moved 

significantly further for commercial and familial reasons than for healthcare (Perkins et al., 2014). 

Sociodemographic factors could also influence mobility and resource-specific movement: 

household income, rural/urban context (C. S. Molyneux et al., 1999) and gender are all important 

determinants of mobility, but spatial models of access often lack this demographic information, 

instead assuming that all adults access resources such as markets and health facilities identically, 

regardless of socioeconomic context. More detailed movement datasets could help improve these 

models by providing evidence to support or reject these key assumptions and better understand 

how movements driven by different activities vary.  
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2.4.4 Seasonal factors affecting mobility 

Seasonal patterns of movement occur in human and animal populations worldwide due to 

combinations of economic, social and climatic factors. People make seasonal movements 

dependent on environmental factors that change with the time of year (for example, to access 

resources like water, food, livestock markets or grazing land) (Majekodunmi et al., 2013), they 

may move for work that varies with economic activity (for example, for jobs in industries like 

agriculture that are more active at certain times of year) (Hampshire, 2015), and social factors 

such as local holidays can also cause seasonal movements. Similarly, livestock and wildlife 

movements can vary seasonally, and movement patterns of some species are particularly 

sensitive to seasonal changes in landscapes. The distribution of vector-borne diseases carried by 

these hosts, such as malaria and trypanosomiasis, also tend to follow seasonal patterns because 

of their inherent sensitivity to environmental factors (Craig et al., 1999; Nnko et al., 2017). Thus, it 

is widely acknowledged that the seasonal movement patterns of hosts can have implications for 

disease control efforts (Amy Wesolowski, Metcalf, et al., 2015). For instance, disease control 

programmes can take advantage of seasonal patterns by implementing strategies like mass drug 

administration when transmission intensity is highest (Gao et al., 2014). Another factor affecting 

movement patterns with strong environmental links is the local landscape. This can be particularly 

important in rural areas, which generally have a larger diversity of land types. Indeed, several 

studies have found that movement patterns can vary between different ecological areas, and that 

time spent by hosts on particular types of land can affect their risk of vector-borne disease 

exposure (Chevalier et al., 2004; Fornace et al., 2019).  

Seasonal variations in movement patterns can be seen at both ends of the spatiotemporal scale 

and as previously discussed, both fine-scale movements within a local area and larger-scale, long 

distance movements can result in differential exposure to vector-borne diseases. The interaction 

of these variations in movement with seasonal factors can also be important for vector-borne 

disease dynamics. At the fine spatial scale, short-distance movements of people within their local 

areas may expose them daily to vector-borne diseases that have a higher transmission intensity in 

certain seasons. Studies in Borneo have illustrated this, observing that malaria vector densities 

can vary spatially and seasonally in different ecological areas and that individual human risk of 

exposure to zoonotic Plasmodium knowlesi malaria is highest when human movements span 

these areas (Fornace et al., 2019; Wong et al., 2015). Although these particular studies found no 

significant seasonal differences in human movement patterns when only anopheline biting times 

were considered, they found marked differences in movement patterns between seasons across 

all hours measured, meaning that seasonal variations in movement could still play a part in 

differential exposure to other infectious diseases. Researchers have long been aware of the 
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potential for seasonal movements between different ecological areas to result in increased 

exposure to vector-borne diseases such as trypanosomiasis (Mansell Prothero, 1963; R. Mansell 

Prothero, 1977) and malaria (Imai et al., 2014; N. W. Ruktanonchai et al., 2016), but studies to 

quantify these movements are lacking due to difficulties in collecting appropriate data.   

At the opposing end of the spatial scale, movements over large distances can also vary seasonally 

and have implications for infectious disease dynamics. For example, a study in several countries 

using CDRs to quantify national human movement patterns and model the spread of a novel 

pathogen found that when seasonal movement patterns in each country were taken into account, 

the month of pathogen introduction into a country had a significant effect on the speed of its 

spread (Amy Wesolowski et al., 2017). For malaria, several studies have identified the relatively 

long-term and long-distance movements of seasonal migrant workers as contributing to malaria 

transmission in areas where it otherwise might not be sustained (R. M. Prothero, 2001; Schicker 

et al., 2015). Furthermore, because seasonal movements cause population densities to fluctuate 

on both small and large scales, measuring these movements can improve our knowledge of 

population denominators. Spatiotemporal changes in population densities have been shown to 

explain seasonality in incidence estimates of diseases like measles (Bharti et al., 2011) and malaria 

(Zu Erbach-Schoenberg et al., 2016). Overall, it is clear that individual movement patterns can 

affect vector-borne disease dynamics across the spatiotemporal scale, and data to quantify these 

seasonal patterns could provide valuable insight into the factors driving vector-borne disease 

transmission. 
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Chapter 3 Study design 

In this Chapter, I present the theoretical framework, aims and research questions for each of the 

three papers in Chapters 4, 5 and 6; followed by an overview of the study areas chosen for the 

data collection and the methods used for data analysis. I conclude with a summary of knowledge 

gaps in the literature and the scientific and intellectual contributions of the thesis. 

3.1 Theoretical framework 

In Chapter 2, I discussed how the mobility of human and animal populations affects the 

transmission and distribution patterns of vector-borne diseases, and how these movement 

patterns can vary across different contexts. Because multiple host types can carry and transmit 

pathogens of vector-borne diseases, understanding the dynamics of zoonotic vector-borne 

pathogen transmission requires a research framework that studies both human and animal 

movements and their interactions with their local environments. As discussed in Chapter 2, these 

movements vary on spatial and temporal scales and also differ by urban or rural context. For 

many people living in rural areas affected by some of the highest-burden vector-borne diseases, 

domestic livestock are a critical resource and both humans and their livestock make regular fine-

scale movements and are affected by zoonotic vector-borne diseases such as trypanosomiasis. 

We know that fine-scale movements differ to large-scale movements, and can affect vector-borne 

disease exposure differently, yet no studies have measured human and livestock movement 

simultaneously in the context of zoonoses or vector-borne diseases, so both the feasibility and 

value of quantifying human and livestock movements together is currently unknown. 

In rural areas of sub-Saharan Africa, poor access to local resources such as water, markets and 

health facilities are linked to a greater burden of infectious diseases. Mobility studies in these 

areas typically focus on single types of resource access without comparing against travel to other 

types of resources (Kanuganti et al., 2015; Schröder et al., 2018). As discussed in Chapter 2, data 

on activity-dependent mobility in rural contexts could provide a richer picture of how people 

spend their time in these settings and therefore help us understand how movement patterns 

could exaggerate or mitigate geographic inaccessibility to resources that are critical to vector-

borne disease prevention and control. Given the growing populations in rural areas of lower-

income countries, detailed knowledge of activity spaces on a fine scale in a rural population could 

have benefits for better understanding specific types of resource access in similar populations. 

This is a fundamental issue in infectious disease research, because mobility is intrinsic to 
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interactions with local infrastructure and therefore how people access healthcare and other 

resources can affect their vulnerability to vector-borne and other diseases (Bardosh et al., 2017). 

On a larger scale such as at a country level, understanding the movement patterns of individuals 

in a large population can be of huge value for the control of widespread vector-borne diseases like 

malaria. The conditions required for malaria transmission vary spatially and temporally across 

landscapes and the populations that reside in them (Carter et al., 2000), and factors that 

determine the capacity of an area to sustain transmission include mosquito dispersal, insecticide 

resistance and other ecological factors (Ferguson et al., 2010; Killeen et al., 2003), local 

environment factors such as temperature fluctuations (Paaijmans et al., 2012) and housing quality 

(J. X. Liu et al., 2014), and human behavioural factors such as care-seeking (Källander et al., 2008) 

and population mobility (Pindolia et al., 2013). These factors cause local heterogeneity such that 

across Africa, malaria exists in areas with self-sustaining endemicity characterised by local disease 

transmission as well as transmission in areas that would be otherwise unable to sustain it (N. W. 

Ruktanonchai et al., 2016).  

Since mosquitoes are unlikely to travel far, the malaria parasite is mainly transported between 

areas of high and low transmission by human hosts, allowing the parasite to be transmitted in 

areas where it may not be present otherwise. Malaria can be controlled and subsequently 

eliminated through combinations of reliable interventions, including insecticide-treated nets 

(ITNs) (Pryce et al., 2018), indoor residual spraying (IRS) (Kouznetsov, 1977) and mass drug 

administration (MDA) (Sarr et al., 2011), but knowledge of where and when to implement such 

interventions is reliant on our understanding of where transmission is occurring. Therefore, while 

identifying local hotspots of malaria can provide targets for intervention strategies, the 

movements of humans must also be accounted for in order to efficiently target efforts to control 

malaria. However, as discussed in Chapter 2, collecting high-quality data to provide evidence 

about where and when people and vector-borne parasites move on country-wide scales is 

challenging, and relatively few studies have been able to quantify population movements across a 

whole country and in the context of a vector-borne disease. 

To address these gaps, I conduct three studies to provide insight into the movement patterns, 

activity spaces and risk of vector-borne disease exposure for humans and their livestock in two 

settings at opposing ends of the spatiotemporal scale using three different methods of mobility 

data collection. First, I use GPS loggers in an exploratory study to examine the fine-scale 

movements of a rural population and their livestock. I explore how mobility varies between 

people with different demographic characteristics and the potential exposure of both humans and 

their livestock to zoonotic vector-borne disease through time spent on different types of land 
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cover. In the second study, I use primarily household and individual-level surveys to see how 

people in the same rural population make activity-driven movements and compare these mobility 

data to the previously mentioned GPS data in order to identify potential barriers to resource 

access in this area, which may be increasing individual risk to vector-borne diseases. In the third 

study I conduct a country-scale analysis of population movements in Mozambique. I use malaria 

incidence data to map risk of exposure and a CDR dataset to explore how individual movement 

patterns that affect exposure to malaria translate up to population-level malaria hotspots. 

3.2 Study aims and research questions 

3.2.1 Chapter 4 

The first study in this thesis, entitled Exploring fine-scale human and livestock movement in 

western Kenya, is an exploratory study that aims to quantify the fine-scale movement patterns of 

a small population of humans and their livestock living in Busia county in western Kenya and 

explore links in these movement patterns on the local scale to environmental and demographic 

characteristics.  

To do this, I collect GPS data and conduct surveys to understand where people and their livestock 

move to, how much time they spend in different parts of their landscape, whether these varied by 

season and whether certain household or environmental characteristics correlate with particular 

movement patterns. This study has been published in the journal One Health (Floyd et al., 2019). 

The research questions for this study were: 

• How often, for how long and where do humans and livestock move?  

• Do human and livestock movements differ significantly between seasons? 

• What demographic characteristics, if any, are linked to these movement patterns? 

3.2.2 Chapter 5 

The second study in this thesis, entitled “Activity-specific mobility of adults in a rural area of 

western Kenya”, aims to explore the activity spaces of the same sample population living in Busia 

county, western Kenya, identify demographic differences in access to local resources and assess 

the validity of GPS and survey-reported data on resource access at a local scale. 

To do this, I use individual and household-level surveys to gather data on the activity spaces of 

people living in a rural area of western Kenya and compare these movement data to the GPS data 

gathered in the previous study. The results of this study help account for demographic differences 
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in access to resources that may be linked to vulnerability to vector-borne diseases and, by 

comparing the movement patterns reported in the survey to those observed in the GPS data, 

provide further evidence for the utility of GPS loggers to quantify fine-scale movement patterns. 

This study has been published in the journal PeerJ (Floyd et al., 2020). 

To address these aims I will answer the following research questions: 

• How often do people visit different types of places in their local area, and how long do 

they spend there? 

• Are demographic characteristics correlated with time spent at particular types of places? 

• How well does the time spent at different places calculated from the GPS data reflect the 

time spent reported in the survey data? 

3.2.3 Chapter 6 

The aim of the third and final study of this thesis, entitled “Estimating malaria parasite mobility to 

inform elimination strategies in southern Mozambique using mobile phone records”, is to quantify 

the national-scale mobility of the population of Mozambique and estimate malaria parasite 

movements across the country. 

To achieve this, I use a large retrospectively collected dataset of CDRs to quantify human 

movements in Mozambique and combine these with high-resolution maps of malaria incidence to 

identify areas of high parasite importation and exportation within Mozambique to answer the 

following research questions: 

• Where are human-mediated malaria parasite movements occurring in Mozambique? 

Specifically: 

o Which districts are the highest net importers and exporters of malaria parasites? 

o Are there differences in human-mediated malaria parasite movements between 

rural and urban areas? 

• How connected are districts in Mozambique through human-mediated malaria parasite 

mobility? 

• How much of the malaria incidence in districts in southern Mozambique is due to 

importation from other districts? 
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3.3 Study areas 

3.3.1 Kenya 

Vector-borne diseases have the greatest burden in tropical and subtropical parts of the world and 

are particularly prevalent across much of sub-Saharan Africa. In Kenya, a country lying on the 

equator in East Africa, there is endemic transmission of malaria, at least four mosquito-borne 

viruses and numerous other vector-borne pathogens (Eric M. Fèvre et al., 2017; Karungu et al., 

2019). Figure 3-1 and Figure 3-2 show the distributions of several pathogens and their vectors 

across Kenya.  

 

Figure 3-1 Abundance and distribution of selected mosquito-borne pathogens in Kenya.  

 Top: Abundance of 9 endemic mosquito viruses in Kenya. Dengue, Chikungunya, 

Ndumu and Sindbis viruses are present in Busia county (circled). As published by 

Karungu et al., 2009.  

 Bottom: Predicted Plasmodium falciparum prevalence in 2018. As published by the 

World Health Organisation, 2018a. 
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Figure 3-2 Distribution of selected zoonotic pathogens in Kenya 

Left: Distribution of Tsetse fly habitats in Kenya. Busia county lies in Zone 6. As 

published by Grady et al., 2011.   

Right: Relative seroprevalences of four zoonotic pathogens in the provinces of Kenya 

including the zoonotic vector-borne pathogen SFGR (spotted fever group 

rickettsioses). As published by Omballa et al., 2016.  

These and other pathogens cause health-related issues that have been identified as important 

factors perpetuating poverty in Kenya. Distances to health facilities and other resources have also 

been identified as spatial determinants of poverty in Kenya, with higher poverty levels found in 

locations that are further away from good roads, small towns and district hospitals (Okwi, 

Ndeng’e, et al., 2007). Moreover, 84% of those living in extreme poverty are found in rural areas 

like Busia county (Kenya National Bureau of Statistics, 2018). These examples illustrate how in 

Kenya, factors that dictate local-scale movement patterns such as distance from health facilities 

have been shown to affect health outcomes, although large-scale patterns are also important to 

vector-borne disease exposure such as the strongly heterogeneous distribution of arboviruses 

across counties. 

Busia county in western Kenya covers an area of 1,697km2 (circled in top panel of Figure 3-1), 

which were administratively divided into 10 divisions, 60 locations and 181 sublocations until the 

administrative system was updated in 2010. The area has bi-annual rainfall, with the long rains 

occurring between March and May, the short rains between July and October, and a dry season 

between November and February (Thuranira-McKeever et al., 2010). Busia County has an 

estimated population of 894,000 people, a population density of 527 people per km2 (Kenya 
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National Bureau of Statistics, 2019) and high densities of domestic livestock. Most of the human 

population in this area of Kenya relies on mixed crop-livestock farming for both food production 

and income (Kristjanson et al., 2004). Since up to 69.3% of people live below the overall poverty 

line of 3,252 KSh/$30 USD per month in rural areas or 5,995 KSh/$56 USD per month in urban 

areas, livestock play an important part in sustaining livelihoods. Busia county has the highest 

reliance on food of own production of any county in Kenya, with 38.8% of all food being of own 

production, and over half the population were living below the food poverty line (less than 1,954 

KSh/$18 USD per month in rural areas and 2,552 KSh/$24 USD per month in urban areas) in 2015 

(Kenya National Bureau of Statistics, 2018).  

Data from the 2014 Demographic and Health (DHS) survey in Kenya suggest that 83% of rural 

households in Busia County own livestock. Of these households, 92% own chickens, 60% own 

cattle and 29% own goats and/or sheep (small ruminants) (Kenya National Bureau of Statistics et 

al., 2015). Figure 3-3 and Figure 3-4 show how people and cattle populations are distributed 

across Kenya, with particularly high densities in western Kenya. Because of the high reliance on 

livestock production systems, zoonotic diseases that reduce production and affect human and 

animal health exert a particularly high burden in this region. 

 

Figure 3-3 Relative human population density in Kenya, 2018. As published by WorldPop, 2018. 
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Figure 3-4 Cattle production systems and densities of dairy and beef cattle in Kenya.  

Top: Dairy production systems and densities of dairy cattle in Kenya (top left), with a 

focus on western Kenya (right). Approximate location of Busia county marked with 

number 40. 

Bottom: Beef production systems and densities of beef cattle in Kenya (top left), with 

a focus on western Kenya (right). Approximate location of Busia county marked with 

number 40. 

Adapted from Food and Agriculture Organisation of the United Nations, 2018. 
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Data collection for Chapters 4 and 5 were conducted in Busia County, western Kenya (Figure 4-1), 

in collaboration with the Zoonoses in Livestock in Kenya (ZooLink) project run by the zoonotic and 

emerging disease research group from the University of Liverpool and the International Livestock 

Research Institute (ILRI). 

3.3.2 Mozambique 

Mozambique in Southern Africa has an estimated population of 28.9 million people, all of whom 

live in areas of ‘high malaria transmission’ as defined by the WHO (World Health Organization, 

2018a). Mozambique is administratively divided into 11 provinces including the capital of Maputo 

city. The provinces of Nampula and Zambezia in the north of the country are the most populous 

with 6.1 and 5.1 million people respectively, followed by Tete in the north-west (2.8 million) and 

Maputo in the south with 2.5 million (National Institute of Statistics (INE) (Mozambique), 2017). 

Malaria remains one of the biggest causes of death in Mozambique despite recent large 

reductions in burden. It is estimated that malaria was responsible for 10 million cases (5% of all 

cases worldwide) and 15,000 deaths in 2017, most of them due to Plasmodium falciparum (the 

major Plasmodium species in Mozambique, Figure 3-5). More broadly, high prevalence in 

Mozambique poses a challenge to the relatively low transmission countries nearby. For example, 

in 2017 the incidence of malaria in Mozambique was estimated to be 219 per 1000 people, while 

incidence in the bordering countries of Eswatini and South Africa was 2.34 and 2.64 per 1000 

people respectively (Moonasar et al., 2016). Malaria prevalence also varies widely within 

Mozambique, ranging from 1% in the southernmost provinces of Maputo city and Maputo 

province, to 57% in the most northerly province of Cabo Delgado (Saúde/INS et al., 2019). 

The heterogeneity in malaria prevalence in Mozambique has important implications for people 

living there. While climatic factors such as temperature and precipitation have been shown to 

affect spatial patterns of transmission (Abellana et al., 2008; Giardina et al., 2015), studies have 

shown that population mobility is also an important driver of malaria transmission. Across sub-

Saharan Africa, malaria exists in heterogeneous areas, including ‘hotspots’ (areas that have a 

higher burden than surrounding areas) that are thought to seed transmission in other areas 

through human or mosquito mobility (N. W. Ruktanonchai et al., 2016; Stresman et al., 2019). In 

Mozambique, efforts are to control malaria have historically been concentrated in the more 

populous north of the country, while elimination is targeted for the south (Aide et al., 2019; 

Moonasar et al., 2016). The impact of population movements between and within these areas on 

the sustainability of these efforts is unknown. 
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A meta-analysis of studies from urban areas of sub-Saharan Africa estimated a mean annual 

entomological inoculation rate (EIR) of 7.1 in city centres, compared to 167.7 in rural areas 

(Robert et al., 2003) and it is widely accepted that the process of urbanization reduces 

transmission of malaria. With only 36% of the population of Mozambique living in urban areas 

(World Bank, 2018), population mobility between rural and urban areas in Mozambique may be 

an important driver of malaria transmission in urban areas. Identifying hotspots through 

population mobility and understanding how this mobility varies between rural and urban areas 

could help researchers and policy-makers identify routes of transmission and quantify the relative 

importance of rural and urban mobility in Mozambique.  

 

Figure 3-5 Plasmodium falciparum prevalence in Mozambique in 2017 

As published by the World Health Organisation, 2018b. 

3.4 Study methods 

The studies presented in Chapters 4 to 6 employed a variety of methods to collect and analyse 

primary and secondary data. This section outlines the principal methods and datasets used for 

data collection and analysis in these chapters, including their advantages and limitations.  

3.4.1 Household sampling and cross-sectional survey 

Over the course of two periods of fieldwork, I aimed to visit approximately 55 households in Busia 

County. I conducted a survey at all households, and GPS tracking at a subset of these. Because 

there is little data on the movements of different human populations in this area, I chose the 

locations of these households using a simple random sampling strategy to select 11 of the 181 
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sublocations (the smallest administrative unit in Kenya) across Busia County in order to sample 

from a variety of different populations and landscapes. A previous study that used GPS tracking to 

explore pig movements in this region used a similar strategy to select one pig per sublocation (L. 

Thomas et al., 2013); based on this and given the larger individual variation in human movements, 

I estimated that five households per sublocation could provide useful information about human 

and livestock movements for the exploratory studies detailed in Chapters 4 and 5. Thus, in each of 

the 11 sublocations, five households were randomly selected for participation in the study, using 

random generation of coordinates within each sublocation (selected using the random sampling 

tool in QGIS), followed by identification of the household closest to the coordinates within 200 

metres. Of the 11 sublocations, 6 were chosen at random to conduct the GPS tracking part of the 

fieldwork (described in 3.4.2). In one sublocation, only two households were sampled due to field 

team illness. Table 3-1 gives an overview of the survey and GPS data collected in each sublocation. 

At each sublocation, a village elder accompanied the field team to the households. They had no 

role or influence on household selection but facilitated the introduction and interview process. 

Table 3-1 Overview of data collected in each sublocation 

Sublocation 

ID 

Sublocation 

name 

Households 

visited 

People 

surveyed 

People 

tracked 

Livestock 

tracked 

1 Nangoma 5 8 5 5 

2 Mundika 5 8 5 1 

3 Nakhakina 5 8 0 0 

4 Nambale 5 7 0 0 

5 Sisenye 5 9 5 4 

6 Angorai 2 3 2 2 

7 Alupe 5 6 5 3 

8 Kakapel 5 5 5 5 

9 Kingandole 5 8 0 0 

10 Aludeka 5 7 0 0 

11 Nanderema 5 6 0 0 

Total  52 75 27 20 



Chapter 3 

44 

This method of clustered random sampling has several limitations. First, this strategy is likely to 

bias the sample towards rural households, since the population is not equally distributed across 

the study area. The small sample size means that statistical power will be limited in data analysis. 

The presence of village elders may cause participants in the survey to modify or censor their 

answers to the questionnaires. Given the exploratory nature of the studies, the small sample size 

and lack of data in the literature on the movements of people from rural households in resource-

poor settings, I concluded that these were acceptable limitations. 

At each household, all eligible (adults aged 18 or over) and consenting participants were enrolled 

for the questionnaires. The questionnaires were written in English using OpenDataKit software 

(Brunette et al., 2013) and translated into local languages before administration. A household 

questionnaire was administered to the head of the household (identified by oral communication) 

and individual questionnaires were administered to the rest of the participants. Answers were 

recorded on a tablet, which also recorded the GPS location of the household. The questionnaire 

was designed based on previous studies in this area (Eric M. Fèvre et al., 2017; Lian F. Thomas et 

al., 2013) and included questions to determine demographic characteristics, household 

characteristics, frequent and infrequent movements, and livestock-related activities. The 

household and individual questionnaires are given in Appendix A.2. 

3.4.2 GPS tracking 

To collect high-resolution data on the day-to-day movements of people and their livestock, I used 

GPS loggers (iGot-U GT600, (Mobile Action Technology Inc., Taipei, Taiwan, 2018) mounted on a 

lanyard (for the human participants) or a collar (for the livestock), set to record the location of the 

device as coordinates every 60 seconds. This time interval was chosen to provide a high degree of 

temporal resolution while maintaining the battery life of the device. The GPS tracking was carried 

out in two periods spanning July-August and November-December of 2016 in order to compare 

data across two seasons. The protocol surrounding the use of the GPS devices were guided by 

previous studies. For example, Parsons and colleagues used a similar device to track the 

movements of dogs, sheep and goats for 8 days in a village setting in Tanzania across two seasons  

(Parsons et al., 2014). In the study presented here, participants and their livestock wore the 

devices for one week and efforts were made to capture data from the same participants in both 

seasons. The deployment, maintenance and collection of GPS devices was highly labour-intensive, 

so participants were given the devices to wear for 7 days in order to maximise the number of 

study participants while prioritising the limited resources of the field team. Previous studies 

tracking human and animals movements using similar GPS loggers at a fine scale tracked the 

participants for time spans ranging from 2 days to one month (Parsons et al., 2014; Paz-Soldan et 
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al., 2014; Pray et al., 2016; Lian F. Thomas et al., 2013; Vazquez-Prokopec et al., 2013). Although 7 

days was at the short end of this range, I decided that this was acceptable and necessary to 

maximise the sample size. The relatively short tracking window was limited by the battery life of 

the device and is likely to make the results susceptible to chance events, particularly in the human 

populations as more variation in their movements is expected. 

3.4.3 Mixed effects modelling 

Chapters 4 and 5 used mixed effects models to determine the relationships between demographic 

characteristics and movement metrics derived from the GPS and survey data. Because of the 

hierarchical nature of the data collected (individuals nested in clusters, with repeat 

measurements per individual), I used linear mixed models (LMMs) and generalized LMMs 

(GLMMs) for the multivariable analyses. These types of models are powerful tools for analysing 

normal (in a LMM) and non-normal data (in a GLMM) with both fixed and random effects (Bolker 

et al., 2009). Previous studies using similar GPS datasets have used GLMMs to account for fixed 

and random effects typically found in study designs using hierarchical sampling (Quaglietta et al., 

2012; Schwemmer & Garthe, 2011). 

For the mixed models, response variables were movement metrics derived from the GPS and 

survey data. These included the time spent at different places and on different types of land, 

frequency of visits to places, distances travelled on trips and home ranges. Explanatory variables 

were selected based on significance in univariable linear regression against each of the measured 

movement metrics and a priori plausibility. These included age, gender, occupation, season, 

household wealth, ruminant ownership and number of ruminants owned. All mixed models had 

the individual household nested within the sublocation as a random effect, to account for 

variation between individuals from different households and within different sublocations. For 

response variables that were proportions of time spent in different places, I used a beta 

regression family in a GLMM to obtain odds ratios for the different effects. 

3.4.4 CDR analyses 

The analyses comprising Chapter 6 utilise a large CDR dataset to quantify the national-scale 

movements of individuals across Mozambique. These movements are mapped in an origin-

destination matrix, and a high-resolution (5km) gridded malaria incidence dataset is used to 

estimate human-mediated parasite movements (the estimated movements of the population, 

weighted by malaria incidence at the origin) across Mozambique. Previous studies have used 

similar methods to quantify human-mediated malaria parasite movement in other countries in 
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sub-Saharan Africa (Le Menach et al., 2011; N. W. Ruktanonchai et al., 2016; Amy Wesolowski et 

al., 2012). It is widely acknowledged in the literature that estimating movements from CDRs likely 

suffer from biases due to heterogeneities on mobile phone ownership and usage, and therefore 

may overestimate mobility in some areas. However, a notable study by Wesolowski et al., 2013 

was able to link a CDR dataset from almost 15 million people in Kenya to a data source on their 

socioeconomic status and found that although mobile phone ownership was heterogeneous 

across the country and biased towards wealthier households, the CDRs were able to sufficiently 

represent distributions of human mobility, including sections of the population without mobile 

phones. The specific protocol used to estimate human and parasite movements including the 

advantages and limitations of this particular CDR dataset is described in more detail in Chapter 6 

of this thesis.  

I also implemented a community structure algorithm to determine inherent community networks 

through human-mediated parasite movements across Mozambique. The cluster_walktrap 

algorithm in the R package igraph (Csardi G, 2006) identifies densely connected communities 

through a series of random walks (Pons & Lapaty, 2006), such that the number of movements 

tends to be higher within communities than between them. This approach has an advantage over 

other algorithms in its speed of computation while accurately describing communities that are 

highly connected in a weighted network. The use of community structures for identifying 

communities connected through human-mediated malaria parasite movements has been 

previously implemented (Strano et al., 2018; Andrew J Tatem et al., 2014) and found to be a 

useful technique for defining coherent areas of coordination and for targeting surveillance efforts 

and resources for malaria interventions. In Chapter 6 I present the first use of this approach for a 

CDR dataset from Mozambique. 

Lastly, I estimated the scale of human and human-mediated parasite movements between rural, 

peri-urban and urban areas using data from the Global Human Settlement Model (GHS-SMOD, 

(Pesaresi et al., 2019). This dataset is high-resolution (1km gridded), using rigorous methods to 

classify cells based on settlement type, thereby providing a measure of the degree of urbanization 

of an area. I quantified movements between areas falling into three different categories of 

urbanization for human movements alone (the estimated movements of the whole population) 

and for human-mediated parasite movements in order to compare differences between the two. 

Chapter 6 details the first use of this approach to quantify human movements between areas of 

differing urbanicity in Mozambique. 
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3.5 Scientific contribution 

3.5.1 Knowledge gaps 

A prominent paper by Woolhouse and colleagues in 1997 described how individual variations in 

contact patterns can have a profound effect on vector-borne disease transmission. Using a series 

of mathematical models for different vector-borne diseases, they showed that individual 

heterogeneities in contact can cause substantial increases in transmission, highlighting the 

existence of the “80/20 rule”, which purports that 80% of the transmission potential is made by 

20% of the population (Woolhouse et al., 1997). In 2009, Stoddard et al built on this work, 

establishing a conceptual framework to investigate how individual movements affect transmission 

of the mosquito-borne dengue virus and finding that variations in movement patterns can change 

the relationship between vector abundance and the basic reproduction number (R0), confirming 

that variations in movement patterns influence vector-borne disease dynamics. They noted that 

although human movements are key to vector-borne disease exposure, they remain poorly 

understood in this context (Stoddard et al., 2009). These studies underline the importance of 

collecting evidence to account for individual variations in movement patterns, as many disease 

models still rely on the assumption of spatially homogenous transmission, yet the factors that 

drive movement pattern variations are still understudied. This calls for a deeper understanding of 

the factors that drive individual heterogeneities in movement in order to develop targeted 

interventions.  

Lambrechts and colleagues have called for studies to utilise spatially-explicit techniques such as 

GPS technology to understand how individual variations in movement patterns at a fine scale may 

affect the transmission of vector-borne diseases (Lambrechts et al., 2009). Stoddard and 

colleagues noted that although GPS technology has been available for several decades with the 

capacity to measure movements, technical limitations have constrained their use.  However, 

recent improvements in portability and battery life have made their use more feasible and cost-

effective for capturing fine-scale movements over longer periods of time and so several recent 

studies have used wearable GPS loggers to measure the movements of people in the context of 

infectious diseases across different settings (Searle et al., 2017; Vazquez-Prokopec et al., 2013). 

Separately, similar study designs and wearable GPS technology methods have been used to study 

the movements of livestock in the context of infectious diseases (Barasona et al., 2014; Parsons et 

al., 2014; Lian F. Thomas et al., 2013) but none have quantified the movements of humans and 

their livestock together. Studying movement patterns of humans and livestock simultaneously in 

this way would help to identify important factors that may be driving movement patterns that 
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increase exposure to vector-borne diseases, such as movements to areas of high vector 

abundance. 

Stoddard and colleagues also note the importance of studying individual activity spaces, as both 

the time spent at and the movements between locations of interest can affect personal exposure 

to vector-borne diseases (Stoddard et al., 2009). At the same time, studies have highlighted that 

poor access to resources such as markets and health facilities can perpetuate poverty and affect 

individual and household vulnerability to infectious diseases, particularly in low-resource regions 

(Bardosh et al., 2017). Few studies have attempted to quantify this relationship, partially due to 

difficulties pinpointing what activity might be occurring at a given location, therefore Stoddard et 

al recommend the use of methods that combine GPS technology with recall techniques to address 

this issue. However, before the relationship between resource access and individual vulnerability 

to vector-borne disease can be quantified, high-quality datasets on the activity spaces of 

individuals within populations are required in order to build a picture of activity spaces and 

understand potential barriers to resource access. 

Finally, Stoddard et al also note that mobile phone data may be useful for measuring movements, 

but are better for more economically developed countries where coverage is high. In recent years, 

mobile phone penetration rates in sub-Saharan Africa have increased substantially, making 

studies that utilise mobile phone data more viable (Global System for Mobile Communications 

(GSMA), 2019). These datasets offer unique insight into individual movement patterns at a large 

spatial scale, and therefore when combined with similarly high-resolution data on malaria cases 

they are particularly suited to determining ‘hotspots’ or areas at increased risk of malaria 

transmission. Bousema and colleagues argue that targeting malaria hotspots is an efficient way to 

prioritize resources and is the next logical step for areas where transmission continues despite 

good coverage of interventions (Bousema et al., 2012). However, in a detailed review Stresman 

and colleagues consider the impact of hotspots on the epidemiology of malaria and conclude that 

while they are an intrinsic part of transmission, evidence to support hotspot-targeted 

interventions is limited and this is likely due to confounding factors like population movements 

obscuring our ability to develop suitably targeted interventions. They identify population 

movements as a key question to understanding the dynamics of malaria hotspots (Stresman et al., 

2019). Previous studies have gone some way to answering this question (N. W. Ruktanonchai et 

al., 2016; Amy Wesolowski et al., 2012), but to date none have specifically explored how 

population movements affect malaria transmission in Mozambique. 

In conclusion, although many authors call for multidisciplinary and cross-scale research (Pindolia 

et al., 2012; Vazquez-Prokopec et al., 2013) into host movements and how they relate to different 
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vector-borne diseases in different contexts, there is a gap in the scientific literature in terms of 

studying mobility at local, regional and national scales. Although this thesis does not examine 

both in the same country, it does answer similar research questions at the local and national 

scales and therefore contributes to furthering our understanding of host mobility and vector-

borne disease risk and exposure across these scales. 

3.5.2 Contributions to the literature 

This thesis aims to address these knowledge gaps in the scientific literature at the interface 

between human mobility and vector-borne diseases, particularly concerning movements across 

spatial scales that may be linked to increased exposure or vulnerability to vector-borne disease.  

The exploratory study in Chapter 4 demonstrates the feasibility of using GPS loggers in 

conjunction with survey methods to track the movements of people and their livestock 

simultaneously in a resource-poor area. It also goes some way towards improving our 

understanding of the variations in movement patterns of individuals, how these may affect 

exposure to vector-borne disease and how they link to various demographic characteristics in a 

resource-poor rural area of Kenya, although further evidence is needed to verify the findings due 

to the limited representativeness of the sample population.  

The analyses presented in Chapter 5 build on this contribution by linking GPS and survey data to 

demonstrate how individual activity spaces vary with several demographic characteristics. 

Building on methods outlined by (Perkins et al., 2014; Stoddard et al., 2009) for the quantification 

of activity spaces in relation to vector-borne diseases, these results constitute the first empirical 

analysis of the activity spaces of a rural population using both GPS loggers and survey methods 

and therefore demonstrate the feasibility of these methods for answering specific questions 

about activity-driven movements at a fine scale, while also highlighting the importance of 

disaggregating movement patterns by demographic characteristics in order to understand how 

they affect people’s vulnerability to vector-borne diseases differently.  

The analyses comprising the final study in Chapter 6 aim to address the question of how 

population-level movements sustain hotspots of malaria transmission and provide evidence to 

help account for movements when designing spatially targeted interventions against malaria in 

Mozambique, particularly in light of ongoing elimination efforts in southern Mozambique. These 

analyses also contribute further evidence to the literature about the value of large-scale CDR 

datasets and could potentially encourage future collaborations with telecommunications 

providers for addressing challenges posed by other infectious diseases such as dengue fever. 
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This work takes significant steps towards understanding host mobility in the context of vector-

borne diseases across scales. For example, in Chapter 4 I find that rural livestock-keeping 

populations living in Busia county Kenya may be especially vulnerable to vector-borne diseases, 

and similarly in Chapter 6 I describe how rural populations are likely at higher risk of malaria 

exposure through their movements than urban populations, demonstrated by the higher numbers 

of malaria cases moving between rural areas and in the direction of increasing urbanicity. In 

Chapter 5 I outline the time spent at different places on the local scale that could contribute to 

differing vulnerability to vector-borne diseases, while in Chapter 6 I observe similar patterns at 

the national scale, with time spent in different districts linked to differences in malaria 

importation patterns. Ultimately, I expect that the analyses comprising this thesis will provide 

much-needed information on the movement patterns of populations in resource-poor areas, 

highlighting the importance of understanding movement patterns in the context of vector-borne 

diseases across spatial scales. Additionally, this thesis contributes methodological evidence to 

confirm the feasibility of using GPS technology to quantify mobility and the value of large-scale 

CDR datasets for near real-time analysis of movement patterns. 

3.5.3 Intellectual contributions 

JRF conceptualized the study framework and methods used throughout this thesis, and 

performed all fieldwork, analysis, and writing of the final thesis and associated manuscripts. JRF 

also generated all study visualizations and graphs throughout this work. NWR and AJT supervised 

JRF throughout study conceptualization and application, while other researchers and 

postgraduate students in the ZooLinK and WorldPop research groups provided feedback on 

methodological applications and procedures. Other co-authors and collaborators involved in 

publication of manuscripts comprising this work, along with their specific contributions, are listed 

individually within the ‘Intellectual contributions’ sections for each corresponding chapter. 
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Chapter 4 Exploring fine-scale human and livestock 

movement in western Kenya 

4.1 Abstract 

Human and livestock mobility are key factors in the transmission of several high-burden vector-

borne zoonoses such as rift valley fever and trypanosomiasis, yet our knowledge of this mobility is 

relatively poor due to difficulty in quantifying population-level movement patterns. Significant 

variation in the movement patterns of individual hosts means it is necessary to capture their fine-

scale mobility in order to gain useful knowledge that can be extrapolated to a population level. 

Here I explore how the movements of people and their ruminants, and their exposure to various 

types of land cover, correlate with ruminant ownership and other demographic factors which 

could affect individual exposure to zoonoses. The study was conducted in Busia County, western 

Kenya, where the population are mostly subsistence farmers operating a mixed crop/livestock 

farming system. I used GPS loggers to collect movement data from 27 people and their ruminants 

for one week per individual in July/August 2016, and the study was repeated at the end of the 

same year to compare movement patterns between the short rainy and dry seasons respectively. 

I found that during the dry season, people and their ruminants travelled further on trips outside 

of the household, and that people spent less time on swampland compared to the short rainy 

season. These findings also showed that ruminant owners spent longer and travelled further on 

trips outside the household than non-ruminant owners, and that people and ruminants from 

poorer households travelled further than people from relatively wealthier households. These 

results indicate that some individual-level mobility may be predicted by season and by household 

characteristics such as ruminant ownership and household wealth, which could have practical 

uses for assessing individual risk of exposure to some vector-borne zoonoses and for future 

modelling studies of zoonosis transmission in similar rural areas.  
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4.2 Introduction 

Zoonoses cause substantial morbidity and mortality in human and animal populations across the 

world, threatening less economically developed countries due to the lack of resources needed to 

efficiently detect and respond to disease events. Because a significant proportion of people are 

dependent on livestock for their livelihoods in the rural areas where many of the world’s poorest 

communities reside, these diseases are a major factor in perpetuating poverty (Maudlin et al., 

2009; D. H. Molyneux, 2014; WHO & DFID, 2006). Zoonotic transmission is ultimately dependent 

on contact between hosts, whether direct human-to-animal contact or indirect contact through, 

for example, environmental contamination or vector-borne transmission (Arthur et al., 2017; L. 

Thomas et al., 2013). Zoonoses that are spread directly from host to host include zoonotic 

influenza and rabies, others like taeniasis/cysticercosis and brucellosis are primarily spread 

through contact with infected animal products; and vector-borne zoonoses such as 

trypanosomiasis and Rift Valley Fever (RVF) can be spread though the bite of infected insects. All 

these types of contact are driven by the movements of human and animal hosts, since contact 

(and therefore, pathogen movement) is intrinsically dependent on host movement (Collinge & 

Ray, 2006). 

We know that environmental factors are important in the emergence and maintenance of many 

zoonotic diseases, some of which are vector-borne (Arthur et al., 2017; Peter et al., 2005; Taylor 

et al., 2016). However, suitable environmental conditions are important but not sufficient for 

zoonotic disease spread, as dynamic host populations must also interact through movement and 

behaviour to facilitate transmission. Host movements across landscapes can lead to the 

emergence of pathogens in new hosts and environments and contribute to maintenance of 

endemicity in old ones (Chevalier et al., 2004; Eric Fèvre et al., 2006). Thus, many studies have 

examined host movement between environments in relation to zoonotic disease spread. For 

example, vector-borne disease transmission is highly heterogeneous amongst both individual 

hosts and the landscapes that they move in (Chevalier et al., 2004; de La Rocque & Formenty, 

2014; Messina et al., 2015) and outbreaks of vector-borne diseases such as RVF are known to be 

sensitive to both host movement and landscape characteristics, with factors such as host densities 

and movement patterns contributing to disease maintenance (Chevalier et al., 2004; Martini et 

al., 2008).  

Understanding the movements of people and their livestock, how they interact with their 

environments and how these correlate with population characteristics could provide crucial 

information to aid the control of zoonoses, yet few studies have measured these movements 

simultaneously. Human mobility is important to zoonotic disease risk because it informs where 



Chapter 4 

54 

people may spend time with livestock or wild animal populations, and animal mobility is 

important because it informs where animals may be a risk of exposure from other animals or the 

environment, but transmission ultimately occurs when hosts meet, whether directly or indirectly. 

By measuring mobility simultaneously, it is possible to map when, where, and during what kinds 

of mobility animal-human interactions occur for both populations. For example, knowledge of 

how people and their livestock move together could help quantify the amount of contact 

between them, which is a risk factor for transmission of zoonoses such as Cryptosporidium spp. 

(Stantic-Pavlinic et al., 2003) and zoonotic Escherichia coli (Locking et al., 2001). Moreover, the 

land utilisation of hosts is also related to exposure to some vector-borne zoonoses: for example, 

the time spent on different types of land has been shown to affect individual risk of infection of 

Crimean-Congo haemorrhagic fever (CCHF) (Messina et al., 2015). Knowledge of host movement 

patterns therefore could aid the design of more targeted interventions and behavioural 

modifications that take into account high risk activities for zoonosis transmission. 

Here I present an exploratory study with the aim of measuring the movement patterns of humans 

and ruminants in a region of western Kenya where several important zoonoses including 

trypanosomiasis, cysticercosis and Q fever have been previously shown to be endemic (Lian 

Francesca Thomas et al., 2016; von Wissmann et al., 2011; Wardrop et al., 2016). I collected GPS 

data (satellite-informed locations taken at regular intervals) from humans and their ruminants. 

From these, I calculated measures including the home ranges of individuals, the time they spent 

on different types of land, and the time spent, distance travelled and frequency of trips outside of 

the household. By exploring how mobility varies between populations with different demographic 

characteristics, the study shows how GPS data can provide useful information on their movement 

patterns. Further studies using similar methods could verify the results shown here and thus help 

inform how future vector-borne zoonotic disease interventions are targeted. 

4.3 Methods 

4.3.1 Study area and sampling procedure 

The study was conducted in Busia County (Figure 4-1) in the Lake Victoria basin region of western 

Kenya (Eric M. Fèvre et al., 2017). The human population is just over 894,000 people (Kenya 

National Bureau of Statistics, 2017) mainly composed of subsistence farmers operating mixed 

crop-livestock farming systems. According to the latest DHS survey, 89% of people in Busia live in 

a rural area (as defined by the national census) and 83% of rural households own livestock (Kenya 

National Bureau of Statistics et al., 2015). Of these, 60% own cattle (Kenya National Bureau of 
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Statistics et al., 2015) usually kept on a mixture of tethered and free grazing systems on common 

grazing lands (Bronsvoort et al., 2013). 

 

Figure 4-1 Map of the study area in Kenya.  

Left: Outline of Kenya with Busia county highlighted. Right: Busia county with the 11 

study sublocations highlighted in yellow. 

I used clustered random sampling to select 55 households within Busia County. Of the 181 

smallest administrative units within the county (known as sublocations), 11 were selected at 

random to obtain data from a broad geographical range. Within these I visited five households for 

participation in the study to optimise the use of the limited number of GPS loggers. In the absence 

of adequate household density data, I used random generation of geographical coordinates 

within each sublocation followed by identification of the household closest to the coordinates 

within 200 metres to choose the households, using protocol established by other studies in this 

area (Eric M. Fèvre et al., 2017). This method will necessarily result in bias toward selection of 

rural households, which I deemed acceptable given the high proportion of rural households in 

Busia County. I conducted the survey at all study households and the GPS tracking at 27 randomly 

chosen of the 55 originally selected households (all of whom agreed to participate), in 6 of the 11 

sublocations. The adult who spent the most time tending to the ruminants was asked to wear the 

logger, or, if there were no ruminants, the household head. 

4.3.2 Data collection 

The survey (see Appendix A.2) was administered to the consenting adults in each household 

individually. The questions addressed the following: (a) basic demographic and household 
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information, (b) an individual’s movements and (c) their activities involving livestock. The survey 

allowed estimation of the relative wealth of households by scoring the answers to 10 

standardized questions using the 2011 Poverty Probability Index for Kenya (Kenya | PPI, 2011). 

For the GPS data collection, participants were given a GPS logger (i-gotU GT-600, accuracy of 25m 

(Mobile Action Technology Inc., Taipei, Taiwan, 2018)) fitted to a lanyard for one week, and asked 

to wear it during the daytime. Simultaneously, if the household kept ruminants then one of these 

(preferably a cow or bull) was chosen through random number generation to wear an identical 

waterproofed GPS logger on an adjustable collar. If the household kept no ruminants, only the 

participant was given a logger to allow for comparison of movement patterns between people 

with and without ruminants. At the end of the week, the researchers returned to the household 

to collect the loggers and download the data. 

The household survey and GPS tracking were conducted in short rainy season (July/August 2016) 

and the GPS tracking was repeated during the dry season (November/December 2016) with the 

same participants where possible, to capture potential differences in movement patterns during 

different seasons. These seasons are named in accordance with climate classifications for this 

region of Kenya (Thuranira-McKeever et al., 2010). 

4.3.3 Data analysis 

Data were mapped in QGIS (v2.18 (QGIS Development Team, 2019)) for inspection, then cleaned 

and analysed in R software (v3.4.2 (R Core Team, 2017)) using the trip (M. D. Sumner, 2016), lme4 

(Douglas Bates, Martin Maechler, Ben Bolker, 2015) and glmmTMB (Brooks et al., 2017) packages. 

A linear interpolation algorithm was used to clean the data and calculate one point per minute 

over the collection period. From these data, I calculated five movement measurements for each 

subject: the time spent, maximum distance travelled and frequency of trips outside of the 

household, the home range of the subject and the time spent on different types of landcover. A 

trip was defined as the time when the location of a subject was recorded 100 metres or farther 

from their household for more than 15 minutes. Home ranges were calculated using the minimum 

convex polygon method. Land cover data for the region were obtained from Wardrop et al. 

(Wardrop, 2014) and used to calculate the time spent by people and ruminants on each of 5 types 

of land cover in the classification: artificial/bare land (defined in the classification as non-

vegetated land), crops/grassland, woodland/shrubs, rice paddies and swampland. 

I first conducted univariable analyses using linear regression for the four movement measures 

(time spent, maximum distance travelled and frequency of trips outside of the household), and 

beta regression for the proportion of time spent in different types of land cover. The covariates 
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used, given in Table 4-1, were selected from covariates used in a previous study of a zoonosis in 

this region (Wardrop et al., 2016) and had a priori plausibility. I log transformed the data for time 

spent on trips, maximum distance travelled and home range to ensure an approximately normal 

distribution and used linear models to examine their relationships with the covariates. I then 

combined the statistically significant factors (p < 0.05) from the univariable analyses into a 

multivariable model to quantify their impact in context of each other. I also tested for interactions 

between season and statistically significant covariates. Because of the hierarchical nature of the 

data (individuals nested in clusters, with repeat measurements per individual), I used linear mixed 

models (LMMs) and generalized LMMs (GLMMs) for the multivariable analyses. All mixed models 

had the individual household nested within the sublocation as a random effect, to account for 

variation between individuals from different households and within different sublocations. When 

analysing time spent on different types of land as the measured outcome, I calculated the number 

of minutes spent on and off each of the land types, and then used a beta family in a GLMM to 

obtain odds ratios for the different effects. 

4.3.4 Ethics statement 

This study was approved by the Institutional Research Ethics Committee and the Institutional 

Animal Care and Use Committee of the International Livestock Research Institute (IDs: ILRI-

IREC2016–11; IACUC-RC2016–14; committees approved by the Kenya National Commission for 

Science, Technology and Innovation (NACOSTI)) and the Ethics and Research Governance board at 

the University of Southampton (ID:18984). All participants provided signed, informed consent for 

their participation in the study and the data were stored securely in accordance with the 

University of Southampton data storage policy. 

4.4 Results 

GPS data were successfully collected from 26 humans and 20 ruminants from 26 households in 

the first season, and from 25 humans and 15 ruminants in the second season (87% of the original 

tracked individuals), for a total of 86 unique GPS readings. Three of the ruminant GPS units were 

damaged on retrieval and the data could not be extracted, two suffered battery issues and one 

was irretrievable. Table 4-1 provides some characteristics of participating households. 
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Table 4-1 Individual and household characteristics used in analyses.  

Demographic covariates Number of participants: 

Survey & GPS 

Number of participants: 

GPS only 

Gender 

Male 

Female 

 

33 (43.4%) 

43 (56.6%) 

  

18 (69.2%) 

8 (30.8%) 

Age 

18-29 

30-49 

50-69 

70+ 

 

22 

26 

23 

5 

  

7 

8 

7 

4 

Main occupation 

Farming/agriculture 

Hunting 

Trading 

Other 

Unemployed 

 

45 

2 

3 

18 

8 

  

18 

2 

1 

4 

1 

Relative wealth score (PPI Kenya*) of 

participant’s household 

Less than 30 

30 to 50 

51 or more 

 

 

16 

24 

12 

  

 

9 

9 

8 

Ruminant ownership of participant’s 

household 

No ruminants 

Ruminants 

  

12 

40 

  

6 

20 

*PPI Kenya = Poverty Probability Index for Kenya 2011, see supplementary information for details. 

4.4.1 Movements beyond the household 

Humans spent a mean of 2.4 hours per trip outside of the household while their ruminants spent 

4.7 hours. Humans travelled significantly further than their ruminants on these trips, with a mean 

maximum distance of 1060m travelled compared to 362m for ruminants. They also had larger 
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home ranges, with a mean area of 7.5km2 compared to 0.1km2
 for ruminants. Finally, humans 

took more frequent trips away from the household, with a mean of 18 trips per week compared 

to 9 for ruminants (Figure 4-2).  

 

 

Figure 4-2 Summary of the human (A,C,E,G) and ruminant (B,D,F,H) GPS data.  

A,B Lengths of trips outside the household (n=934, n=306). C,D Maximum distance 

travelled on trips outside the household (n=934, n=306). E,F Home ranges (n=51, 

n=36). G,H Frequency of trips outside the household (n=51, n=29). 

Exploratory analyses using univariable linear regression with random effects showed that some 

demographic covariates had statistically significant (p < 0.05) effects on the movement response 

variables (Table 4-2). Ruminant owners spent longer and travelled further on trips outside of the 

household than non-owners. I also observed a link between household wealth and distance 

travelled on trips, with people travelling 0.9 times farther per 10-point increase in their household 
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wealth. For ruminants, a similar pattern was found: the wealth of the household was associated 

with both the time spent and frequency of trips taken by ruminants on trips outside of the 

household, with animals from poorer households spending more time outside of the household 

and taking more frequent trips. Differences in trip frequency were not associated with any of the 

covariates tested for humans. 

Table 4-2 Univariable linear regression for movement response variables.  

The time spent, maximum distance and home ranges were log transformed before 

modelling, thus these estimates are factor increases and decreases, while estimates 

for trip frequency are absolute. For ruminants, only the relevant covariates were 

tested. Figures in square brackets are 95% confidence intervals. *** p < 0.001, ** p < 

0.01, * p < 0.05. 

Response variable Explanatory variable Estimate p-value 

Time spent on trips outside 

of the household (humans) 

Ruminant ownership: yes [Ref = no] 1.47 [1.24, 1.76] < 0.001 *** 

Number of ruminants 1.12 [1.04, 1.20] 0.002 ** 

Gender: male [Ref = female] 1.07 [0.91, 1.26] 0.396 

Occupation: non-farmer [Ref = 

farmer] 

1.02 [0.86, 1.20] 0.836 

Season: dry [Ref = short rainy] 1.21 [1.05, 1.39] 0.008 ** 

Household wealth 1.00 [1.00, 1.00] 0.768 

Age (years) 1.01 [1.00, 1.01] < 0.001 ***  

Time spent on trips outside 

of the household (ruminants) 

Number of ruminants 1.32 [1.04, 1.67] 0.023 * 

Season: dry [Ref = short rainy] 0.95 [0.72, 1.27] 0.735 

Household wealth 0.99 [0.98, 1.00] 0.008 ** 

Maximum distance travelled 

outside of the household 

(humans) 

Ruminant ownership: yes [Ref = no] 1.50 [1.25, 1.80] < 0.001 *** 

Number of ruminants 1.10 [1.02, 1.18] 0.015 * 

Gender: male [Ref = female] 1.15 [0.97, 1.37] 0.107 

Occupation: non-farmer [Ref = 

farmer] 

1.21 [1.02, 1.44] 0.034 * 

Season: dry [Ref = short rainy] 1.32 [1.16, 1.51] < 0.001 *** 

Household wealth 0.99 [0.99, 1.00] < 0.001 *** 

Age (years) 1.00 [1.00, 1.01] 0.158 
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Response variable Explanatory variable Estimate p-value 

Maximum distance travelled 

outside of the household 

(ruminants) 

Number of ruminants 1.09 [0.94, 1.26] 0.246 

Season: dry [Ref = short rainy] 0.99 [0.85, 1.15] 0.848 

Household wealth 0.99 [0.99, 1.00] 0.040 * 

Home range (humans) Ruminant ownership: yes [Ref = no] 3.31 [0.81, 14.43] 0.111 

Number of ruminants 1.20 [0.64, 2.24] 0.572 

Gender: male [Ref = female] 1.60 [0.41, 6.28] 0.501 

Occupation: non-farmer [Ref = 

farmer] 

1.33 [0.36, 5.54] 0.677 

Season: dry [Ref = short rainy] 3.28 [1.58, 7.04] 0.004 ** 

Household wealth 0.99 [0.95, 1.02] 0.428 

Age (years) 1.03 [1.00, 1.07] 0.049 * 

Home range (ruminants) Number of ruminants 2.09 [1.06, 4.12] 0.049 * 

Season: dry [Ref = short rainy] 0.77 [0.43, 1.35] 0.368 

Household wealth 1.01 [0.98, 1.04] 0.623 

Trip frequency (total number 

of trips taken, humans) 

Ruminant ownership: yes [Ref = no] 1.87 [-5.11, 8.71] 0.594 

Number of ruminants 1.05 [-1.96, 3.94] 0.486 

Gender: male [Ref = female] 4.90 [-2.73, 10.96] 0.126 

Occupation: non-farmer [Ref = 

farmer] 

-2.10 [-8.33, 4.14] 0.517 

Season: dry [Ref = short rainy] -1.11 [-4.79, 2.67] 0.557 

Household wealth 0.00 [-0.16, 0.16] 0.990 

Age (years) -0.05 [-0.22, 0.11] 0.513 

Trip frequency (total number 

of trips taken, ruminants) 

Number of ruminants 1.82 [-1.19, 5.88] 0.285 

Season: dry [Ref = short rainy] 1.82 [-2.22, 5.60] 0.360 

Household wealth 0.14 [0.00, 0.26] 0.038 * 

I found significant differences between the two seasons in the distances participants travelled on 

trips and their overall home ranges (Figure 4-3). Humans spent 1.21 times longer on trips outside 

of the household (p = 0.008), travelled 1.32 times further (p < 0.001) and had home ranges that 

were 3.28 times larger (p = 0.004) in the dry season compared to the short rainy season. No link 
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was found between season and trip frequency. The movement measures did not vary significantly 

by sublocation in either season, and ruminant movement measures showed no significant 

differences between the seasons. 

Using only the significant covariates from the univariable analyses, I then carried out a 

multivariable linear regression (see Appendix A.1.1). In these analyses, only season remained a 

significant covariate, confirming the finding that in the dry season people took longer trips, 

travelled further on them and had larger home ranges compared to the short rainy season. 

I tested for interactions between season and the significant covariates from the univariable 

analyses, and found that the season variable interacted significantly with both ruminant 

ownership and number of ruminants owned for the time spent and distance travelled outside of 

the household. The most relevant finding was that in the short rainy season, ruminant owners 

spent almost twice as long and travelled 1.67 times further on trips outside of the household (p = 

0.002 and 0.049, respectively) compared to non-owners. See Appendix A.1.2 for full results. 
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Figure 4-3 Comparison of movement measures between seasons for humans (A,C,E,G) and ruminants 

(B,D,F,H).  

Points are blue where the dry season value is larger than in the short rainy season, 

and red otherwise. A,B Lengths of trips outside of the household. C,D Maximum 

distance travelled on trips outside of the household. E,F Home ranges. G,H Frequency 

of trips outside of the household. 

4.4.2 Movements and landcover 

In univariable beta regression analyses I found that some of the demographic covariates were 

associated with time spent on different types of land, including ruminant ownership: ruminant 

owners spent more time on wood/shrubland compared to non-ruminant owners (OR 2.79). 

Moreover, the odds of a participant spending time on wood/shrubland were 1.38 times higher for 

each extra ruminant owned. The full univariable results are presented in Appendix A.1.3. The time 
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spent by humans and their ruminants on two types of land cover varied significantly with season. 

During the dry season, people spent less time on swampland compared to the short rainy season, 

and their ruminants spent more time on artificial/bare land. The time spent on other types of 

landcover did not vary significantly by season (Table 4-3). I tested for the interaction of season 

with ruminant ownership for time spent on different types of land but found few interactions that 

were significant and relevant to the focus of this paper. 

Table 4-3 Comparison of time spent by humans and ruminants on different land types between 

wet and dry seasons.  

Univariable beta regression models with sublocation as a random effect. Figures in 

square brackets are 95% confidence intervals. *** p < 0.001, ** p < 0.01, * p < 0.05. 

Land type Host Odds ratio (dry season compared to 

short rainy season) 

p-value 

Artificial/bare Human 

Ruminant 

1.12 [0.92, 1.36]  

1.27 [1.03, 1.58]  

0.267 

0.028 * 

Crops/grassland Human 

Ruminant 

1.01 [0.87, 1.17] 

1.16 [0.90, 1.51]   

0.929 

0.256 

Rice paddies Human 

Ruminant 

1.10 [0.95, 1.26] 

1.00 [0.91, 1.09]   

0.204 

0.981 

Swamp Human 

Ruminant 

0.83 [0.69, 0.99] 

1.25 [0.96, 1.63]   

0.034 * 

0.093 

Woodland/shrubs Human 

Ruminant 

0.96 [0.81, 1.14] 

1.31 [0.88, 1.95]   

0.642 

0.188 

 

4.5 Discussion 

Host movements are critical to the propagation of some of the highest burden vector-borne 

zoonoses. The movement patterns that contribute to zoonosis risk are relatively unknown, and 

there is little understanding of how movements vary between different seasons and population 

groups for both humans and livestock in the context of vector-borne zoonotic disease. Although 
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this was an exploratory study limited by a small sample size and biased towards rural households, 

the seasonal and demographic differences in the movement patterns of people and their 

ruminants observed indicate that these patterns are worthy of further study. 

In the dry season, I found that people took longer trips, travelled further on them and had larger 

home ranges compared to the short rainy season, yet these measures for their ruminants 

remained similar across the two seasons. This suggests the extra distance travelled by people 

during the dry season was not done with their ruminants, which could be because people had to 

travel further in the dry season to access resources needed for the household, such as water or 

forage for their livestock. I also found that ruminant owners in both seasons travelled further and 

for longer than non-owners, supporting this conclusion. This key difference in movement between 

seasons has been identified in previous studies: a study done in Zambia using similar methods also 

found that people living in rural areas travelled further during the dry season (Searle et al., 2017). 

However, few disease transmission models incorporate this information, likely due to a lack of 

understanding of how best to account for these differences in movement. 

The link between movement and household wealth indicates that people and ruminants from 

relatively poorer households travelled further than those from wealthier households in Busia 

County. This could support the relevance of resource access - if people from wealthier households 

have the option of accessing resources nearer to their household, they may not make as many 

long-distance trips as people from poorer households. We know that people from poorer 

households often travel further to access health facilities (Wagstaff, 2002); these findings suggest 

that this may extend to other types of resources, such as water and forage, although further work 

is needed to verify the findings. A previous study in Busia County has shown that household 

wealth is linked to ease of resource access and risk of infection, with poorer households having 

more difficulty accessing resources and being at higher risk of certain zoonoses (Fèvre, E; 

unpublished results). Since individual movements are a key factor in zoonotic transmission, it 

could be that the wider-ranging movement patterns of people and ruminants from poorer 

households are putting them at additional risk of infection. Further research to identify the types 

of places people and their herds travel to could pinpoint ‘hotspots’ of disease transmission.      

I show that humans spent more time in swampy areas during the short rainy season than the dry. 

People may be spending more time on swampland in the short rainy season to take advantage of 

water sources or grazing areas for their ruminants, or potentially as a water source for the 

household. Swampland is prone to flooding, and studies of mosquito habitats have shown that it 

tends to have a higher abundance of larval breeding habitats for zoonotic vectors such as Aedes 

aegypti and Aedes albopictus as well as malaria vectors (Anopheles spp.) than other types of land 
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(Omukunda et al., 2012; Sarfraz et al., 2012). Therefore, spending more time in swampland in the 

short rainy season may be exposing both humans and their ruminants to mosquito-borne 

diseases, though further analysis with a larger sample size is clearly needed to verify this 

conclusion across these populations. 

The use of GPS devices to track people and animals in urban and rural settings has been 

previously documented (Parsons et al., 2014; Paz-Soldan et al., 2014) and shown to be a reliable 

tool for tracking movements, with good portability, weight and battery life. This exploratory study 

confirms the feasibility of simultaneously tracking human and livestock movements, as this had 

not previously been tested. Although the sample size was small, the data collected from 

participants yielded some interesting results over the two seasons studied. In future work, a 

larger sample size in this area could provide more detailed conclusions and reveal patterns that 

are generalizable to similar rural populations, particularly those with livestock. To overcome the 

bias in household selection, high-resolution population density data like those produced by 

WorldPop (Linard et al., 2012) could be used to weight the selection of various points on the map. 

Nevertheless, the data obtained by tracking individuals across the two seasons were especially 

valuable, and thus a longitudinal cohort design where individuals are tracked continuously over 

the year could be an ideal method to gain data on long-term and long-distance movements, thus 

facilitating estimation of vector-borne and zoonotic disease risk on wider spatial and temporal 

scales. 
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Chapter 5 Activity-specific mobility of adults in a rural 

region of western Kenya 

5.1 Abstract 

Improving rural household access to resources such as markets, schools and healthcare can help 

alleviate poverty in low-income settings. Current models of geographic accessibility to various 

resources rarely take individual variation into account due to a lack of appropriate data yet 

understanding mobility at an individual level is key to knowing how people access their local 

resources. This study used both an activity-specific survey and GPS loggers to evaluate how adults 

in a rural area of western Kenya accessed resources in their local area. I calculated the travel time 

and time spent at six different types of resource and compared the GPS and survey data to see 

how well they matched. I found links between several demographic characteristics and the time 

spent at different resources, and that the GPS data reflected the survey data well for time spent 

at some types of resource, but poorly for others. I conclude that demography and activity are 

important drivers of mobility, and a better understanding of individual variation in mobility could 

be obtained through the use of GPS loggers on a wider scale.  

5.2 Introduction 

Population mobility is a complex process with great importance in many fields across the social 

and health sciences (Bajardi et al., 2011; R. Mansell Prothero, 1977; Amy Wesolowski et al., 2012). 

Often, people travel because of specific resource needs or activities such as gathering food and 

water, livelihood and occupational activities, or accessing healthcare. In low-income settings, 

travel to these resources can be very time-consuming or expensive meaning that people may 

forego healthcare, employment, or other resources. As a result, the geographic inaccessibility of 

vulnerable populations can lead to worse health outcomes, a poorer economic outlook, and can 

widen spatial inequalities (Alegana et al., 2018; Macintyre et al., 2019; Pearce et al., 2008). In 

Kenya, resource access is particularly important for poverty reduction in rural populations, as 

people often have to travel further for resource-related activities than their urban counterparts. It 

is widely accepted that people in rural areas spend more time accessing resources than people in 

urban areas, and that this likely contributes to poverty in these areas. For example, market access 

is important for several household activities such as gathering food, selling crop surpluses and 

buying medicine, and studies have shown that poor market access contributes to poverty in rural 

areas (Chamberlin & Jayne, 2013). Similarly, poor water source access means reduced time for 
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making money elsewhere and therefore contributes to household poverty, as well as being linked 

to poor health (Cook et al., 2016; Whittington et al., 1990). 

Geographic inaccessibility of healthcare is also a known driver of poor health outcomes, 

particularly in rural settings (A. M. Noor et al., 2003; C. W. Ruktanonchai et al., 2016). 

Government policies in Kenya have responded accordingly, through measures designed to ensure 

that everyone lives within 5km of basic healthcare services. In 2003 it was estimated that 82% of 

the population live within 5km of a primary healthcare and referral service (A.M Noor et al., 

2004). Because geographic accessibility is vitally important for ensuring vulnerable populations 

can utilise healthcare, a significant body of recent research focuses on modelling accessibility 

across national scales. Often, these accessibility models assume that people visit their nearest 

clinic (Alegana et al., 2012), using accessibility surfaces or straight-line distances to predict clinics 

used and associated travel times. In reality, geographic accessibility remains highly heterogeneous 

across the country despite new clinics in resource-poor areas (Kenya Ministry of Medical Services 

and Ministry of Public Health & Sanitation, 2013), and straight-line distance is not the only factor 

that impacts whether people can access healthcare in a reasonable time without undue expense. 

Other factors such as poor road quality and lack of public transport options can severely impact 

mobility and therefore healthcare access in rural areas where the most vulnerable populations 

live (Airey, 1992; Tanser et al., 2006). In Kenya, recent studies have found that people often visit 

clinics other than their nearest one, for reasons such as the availability of medicines or the 

perceived effectiveness of the facility (G. M. Mwabu, 1986).  One study found that only 54-63% of 

people surveyed visited their nearest facility, with the rest visiting other clinics (G. Mwabu et al., 

1995).  

Moreover, resource-related movement is quantitatively different from other types of mobility, so 

accessibility models that predict general mobility patterns may not accurately reflect resource 

seeking behaviour. For example, a recent study in Iquitos, Peru found that residents moved 

significantly further for commercial and familial reasons than for healthcare (Perkins et al., 2014). 

Sociodemographic factors could also influence mobility and resource-specific movement: 

household income, rural/urban context (C. S. Molyneux et al., 1999) and gender are all important 

determinants of mobility, but spatial models of access often lack this demographic information, 

assuming that all adults access resources such as markets and health facilities identically, 

regardless of socioeconomic context. More detailed movement datasets could help improve these 

models by providing evidence to support or reject these key assumptions and better understand 

how movements driven by different activities vary.  
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Additionally, mobility studies typically focus on single types of resource access without comparing 

against travel of other types (Kanuganti et al., 2015; Schröder et al., 2018), particularly in a rural 

context where activity-dependent mobility models could provide a richer picture of how people 

spend their time, and how resource-specific movement could exaggerate or mitigate geographic 

inaccessibility. Traditionally, studies of individual mobility have relied on survey methods, which 

may be affected by recall bias (Amy Wesolowski, Stresman, et al., 2015). In recent years, 

specialised tools such as personal Global Positioning System (GPS) tracking devices employed at a 

household level have facilitated the collection of detailed movement information (Parsons et al., 

2014; Searle et al., 2017; Vazquez-Prokopec et al., 2013). Personal GPS loggers have been used in 

urban and rural settings to document the movements of both humans and animals in a variety of 

contexts, from investigating the diving behaviour of certain species of birds (Browning et al., 2018; 

Ryan et al., 2004) to the social structures of cattle in pastoral communities (Moritz et al., 2012) to 

detailed human movements in urban settings (Vazquez-Prokopec et al., 2013). With good 

portability, weight and battery life, this type of logger has also been used in research into 

healthcare access (Siedner et al., 2013) and vector-borne disease (Searle et al., 2017; Vazquez-

Prokopec et al., 2013). Given the growing populations in rural areas of lower-income countries, 

detailed knowledge of activity spaces and health facility access in a rural context could have 

benefits for better understanding specific types of resource access. 

Here, I use surveys of people in a rural area of western Kenya to capture movements to and time 

spent on different types of activity, and examine links between these and demographic 

characteristics. I use GPS loggers to explore where the same people spent their time outside of 

their households. I then compare these two sources of data to see how well they capture 

proportions of time spent on different types of activity. The results from this study shed light on 

the activity spaces of people in relation to resource access in a resource-poor setting and provide 

evidence for how well GPS loggers are able to capture daily activities compared to survey 

methods. They also help quantify the importance of including sociodemographic and activity-

specific movement into geographic accessibility models, particularly for healthcare infrastructure. 
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5.3 Methods 

5.3.1 Study area and population 

This study was conducted in the densely populated county of Busia in the Lake Victoria basin 

region of western Kenya (Figure 4-1). Busia county has a population of just under 900,000 people 

(Kenya National Bureau of Statistics, 2017), of whom approximately 80% live in rural areas (as 

defined by the latest DHS survey) and practice smallholder subsistence farming, mainly operating 

mixed crop-livestock systems with 60% of households in rural areas owning cattle (Kenya National 

Bureau of Statistics et al., 2015).   

I used a clustered random sampling strategy to select 55 households to visit and survey in Busia 

county. Of the 181 sublocations in the county, 11 were selected at random and within these I 

selected five households for participation in the study, by randomly generating coordinates within 

each sublocation, and choosing the household closest to each of the coordinates, up to 200 

metres. A surplus of coordinates (up to ten) were generated in each sublocation, so that if a 

household could not be identified within 200 metres, the next set of coordinates were used. I 

used QGIS software tools (QGIS Development Team, 2019) for the random selection of 

sublocations and coordinates. Due to the lack of appropriate data to base a sample size 

calculation on, I chose to sample 55 households from a broad geographical range based on the 

manpower and time available for fieldwork while optimising the use of the limited number of GPS 

loggers. I selected 30 of the 55 households for GPS tracking because this was the maximum 

number of people that could be tracked for a full week with the resources available. 

Households were selected if they were the main residence of at least one consenting adult 

present at the time of the visit. Inclusion criteria for participation were consenting adults aged 18 

years or over who were present at the time of the visit. Some demographic characteristics of the 

study population are given in Table 4-1. If the household declined to participate in the study, the 

next household closest to the coordinates was visited. All adults within a household were selected 

for participation in the survey, but only the adult who spent most time looking after livestock 

(determined from survey responses and verbal discussion) was selected for participation in the 

GPS tracking. If the household had no livestock, the head of the household (determined by verbal 

communication) was selected instead. These choices enabled analysis of the activities of 

populations that spent time with livestock and therefore may be at higher risk of some zoonotic 

diseases. This limits the representativeness of the sample population, but I felt this was 

acceptable given the small sample size. 
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5.3.2 Data collection (survey) 

A structured survey with closed and open questions was administered to all consenting members 

aged 18 years or over present in the household at the time of visiting (see supplementary 

information). The survey included questions on demographic characteristics, regular movements 

outside of the household and activities involving livestock. For movements to places outside the 

household, I asked about the type of place visited (e.g. school, water source, place of worship, 

market etc.), how often the respondents visited, the mode of transport used and time spent 

travelling, and how long they usually spend there. The types of places were pre-defined based on 

information from previous studies in this area (Eric M. Fèvre et al., 2017; Floyd et al., 2019), and 

the survey included open-ended questions to identify any other significant types of place. A 

village elder was present to facilitate introduction to the household and explanation of the study. 

The survey was written in English and administered through an interpreter. The survey included 

10 closed-ended questions from the Poverty Probability Index for Kenya (Kenya | PPI, 2011). The 

answers to these questions were scored to obtain a basic index of household wealth which was 

used to compare relative wealth between households. The answers to the survey, including 

collection of GPS coordinates to determine household location, were collected on a tablet using a 

custom-designed survey built with OpenDataKit (ODK) (Brunette et al., 2013) software and 

uploaded to a secure server once an internet connection could be established. 

5.3.3 Data collection (GPS) 

During the same visit, the consenting participant was given a GPS logger (i-gotU GT-600 by Mobile 

Action (Mobile Action Technology Inc., Taipei, Taiwan, 2018)) to wear for one week, fitted to a 

lanyard, which could be worn around the neck or carried in a pocket. I chose this length of time 

based on previous studies (Bohte & Maat, 2009; Stopher et al., 2018) and to maximise the use of 

the limited number of GPS loggers. The time interval used on the loggers was one minute and the 

devices were programmed to power off if stationary for two minutes, then turn on again when 

movement was detected. At the end of the week, I returned to the household to collect the 

loggers and download the data.  

The data collection was conducted in two phases: household survey and GPS tracking in 

July/August 2016, followed by GPS tracking only in November/December 2016. In phase two, the 

same households were visited as in phase one and the GPS tracking was repeated with the same 

participants where possible, in order to capture potential differences in movement patterns 

during different seasons, henceforth called the short rainy season (July/August 2016) and the dry 

season (November/December 2016) in accordance with climate classifications for this region of 
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Kenya (Thuranira-McKeever et al., 2010). Of the 26 loggers given out in each season, one device 

was unrecoverable and two suffered battery issues during the week (these weeks were therefore 

repeated). 

5.3.4 Data analysis 

The survey and GPS data were downloaded in .csv format, then cleaned and analysed using R 

version 3.1.1 software (R Core Team, 2017). Erroneous points in the GPS data were identified by 

their unlikely speeds and deleted using functions from the trip (M. D. Sumner, 2016) package. A 

linear interpolation algorithm was then applied to obtain locations at regular intervals. Erroneous 

points can occur due to changing atmospheric conditions and building obstructions and 

accounted for less than 1% of the dataset. I used survey response, GPS points collected in the field 

and publicly available datasets of health facilities (Abdisalan M Noor et al., 2009) to group the 

places where people spent time into six categories: household or residential places, shops and 

markets, places of worship, health facilities, places where livestock activities occurred, and places 

where activities related to water (but not livestock) occurred. A central GPS point was identified 

for each of the places, and a 25-metre radius around that point was used to determine when that 

place was visited by a person, defined as 5 minutes or more spent within that radius. Due to their 

larger size, a radius of 50 metres was used for market centres.  

I conducted univariable analyses using linear mixed models for the three movement measures 

calculated from survey responses (frequency of visits, time spent travelling and time spent at 

places). I log transformed these data to ensure an approximately normal distribution and used 

linear models to examine their relationships with the covariates. Because of the hierarchical 

nature of the data (individuals nested in clusters, with repeat measurements per individual), I 

used linear mixed models (LMMs) which had the individual household nested within the 

sublocation as a random effect, to account for variation between individuals from different 

households and within different sublocations. Variables were chosen for analysis in line with 

those found to be important to movement metrics in previous studies in the area (Eric M. Fèvre et 

al., 2017; Floyd et al., 2019; Wardrop et al., 2016). 

5.3.5 Ethics statement 

This study was approved by the Institutional Research Ethics Committee and the Institutional 

Animal Care and Use Committee of the International Livestock Research Institute (IDs: ILRI-

IREC2016–11; IACUC-RC2016–14; committees approved by the Kenya National Commission for 

Science, Technology and Innovation (NACOSTI)) and the Ethics and Research Governance board at 
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the University of Southampton (ID:18984). All participants provided signed, informed consent for 

their participation in the study and the data were stored securely in accordance with the 

University of Southampton data storage policy. 

5.4 Results 

5.4.1 Frequency of trips outside the household 

I used the survey data to explore where people spent most of their time, how long they took to 

get there and how long they stayed when visiting places outside of the household. When 

examining the places people travelled to regularly, I found substantial variation in the frequency 

of visits to different types of places compared to healthcare visits (Figure 5-1). As expected, 

participants visited health facilities less often than other types of locations, the mode being three 

to six visits a year with very few visiting more often than monthly. Visits to areas where livestock 

activities occurred (such as grazing pastures) and to water sources were the most polarised out of 

all types of travel, with most visits occurring daily or not at all. 

 

Figure 5-1 Frequencies of visits to different types of places. 
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5.4.2 Travel times on trips outside the household 

I asked participants about how long they spent travelling to different places and found that mean 

one-way travel times to health facilities ranged from 4 minutes to 2 hours. Participants reported 

spending the shortest time travelling when tending to livestock (median 9 minutes one way), and 

the longest times when visiting a market (median 34 minutes one way). I found the greatest range 

of travel times for visits to health facilities, markets and places of worship, while visits to livestock 

areas, water sources and other households tended to have shorter travelling times (Figure 5-2). 

 

Figure 5-2 Time spent travelling one-way to different types of places. 

5.4.3 Time spent at places outside the household 

I also asked about the amount of time people spent at different places. Participants reported 

spending the longest times at health facilities and places of worship (median 3 hours for both), 

and the shortest times at other households (median 45 minutes) and water sources (median 9 

minutes). Figure 5-3 shows how the time spent by participants varied by type of place.  
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Figure 5-3 Time spent by participants at different types of places. 

5.4.4 Demographic links to movement measures 

I used the three movement measures (frequency of visits, time spent travelling and time spent at 

places) and the demographic characteristics collected in the survey to conduct a univariable 

analysis to explore correlations (Table 5-1). I found that men reported spending more time at and 

making more frequent visits to places where livestock activities occurred compared to women (p 

= 0.017 and p = 0.007, respectively), while women reported spending more time at and making 

more frequent visits to health facilities than men did (p = 0.019 and p < 0.001, respectively). 

Women also made more frequent visits to water sources than men but did not spend significantly 

more time there (p = 0.075). Older people tended to visit health facilities and water sources less 

often (p = 0.041 and p < 0.001, respectively) and spend less time at places of worship (p = 0.003) 

than younger people. No significant relationships were observed between time spent travelling to 

places and any of the demographic characteristics tested; these results are reported in Appendix 

B.1.1. 

Table 5-1 Relationships between movement metrics and demographic characteristics of the 

surveyed population for different types of activity.  

Univariable analysis of movement metrics using a linear mixed model. Estimates are 

given with 95% confidence intervals in square brackets.  

*** p < 0.001, ** p < 0.01, * p < 0.05. 
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Activity type Explanatory variable Estimate p-value 

Livestock 

activity 

Visits per 

week 

Gender: male [Ref = female] 15.78 [2.10, 109.68] 0.007 **  

Occupation: non-farmer [Ref = 

farmer] 

0.08 [0.01, 0.65] 0.022 * 

Household wealth 0.17 [0.01, 3.69] 0.263  

Age 1.04 [0.97, 1.11] 0.245  

Time spent Gender: male [Ref = female] 5.33 [1.41, 20.22] 0.017 * 

Occupation: non-farmer [Ref = 

farmer] 

0.68 [0.17, 2.79] 0.591  

Household wealth 5.46 [0.95, 31.05] 0.063  

Age 1.03 [0.99, 1.07] 0.206  

Health facility Visits per 

week 

Gender: male [Ref = female] 0.12 [0.04, 0.36]  < 0.001 

*** 

Occupation: non-farmer [Ref = 

farmer] 

2.96 [0.93, 9.44] 0.069  

Household wealth 0.25 [0.06, 1.10] 0.071  

Age 0.97 [0.93, 1.00] 0.041 *  

Time spent Gender: male [Ref = female] 0.65 [0.46, 0.92] 0.019 * 

Occupation: non-farmer [Ref = 

farmer] 

0.88 [0.60, 1.28] 0.504  

Household wealth 0.70 [0.42, 1.18] 0.193  

Age 0.99 [0.98, 1.01] 0.338  

Place of 

worship 

Visits per 

week 

Gender: male [Ref = female] 0.50 [0.24, 1.00] 0.054  

Occupation: non-farmer [Ref = 

farmer] 

1.01 [0.48, 2.14] 0.984  

Household wealth 0.65 [0.23, 1.84] 0.425  

Age 1.01 [0.98, 1.03] 0.617  

Time spent Gender: male [Ref = female] 0.81 [0.65, 1.00] 0.051  

Occupation: non-farmer [Ref = 

farmer] 

1.03 [0.82, 1.28] 0.812  

Household wealth 0.72 [0.54, 0.96] 0.032 * 

Age 0.99 [0.98, 1.00] 0.003 ** 

Market Gender: male [Ref = female] 1.09 [0.37, 3.09] 0.875  
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Activity type Explanatory variable Estimate p-value 

Visits per 

week 

Occupation: non-farmer [Ref = 

farmer] 

0.43 [0.14, 1.36] 0.135  

Household wealth 1.29 [0.27, 6.13] 0.753  

Age 0.97 [0.95, 1.00] 0.121  

Time spent Gender: male [Ref = female] 1.24 [0.54, 2.87] 0.611  

Occupation: non-farmer [Ref = 

farmer] 

0.64 [0.28, 1.47] 0.299  

Household wealth 0.98 [0.34, 2.84] 0.970  

Age 0.99 [0.96, 1.01] 0.316  

Household 

visits 

Visits per 

week 

Gender: male [Ref = female] 1.39 [0.38, 4.85] 0.612  

Occupation: non-farmer [Ref = 

farmer] 

0.92 [0.24, 3.55] 0.909  

Household wealth 1.12 [0.16, 7.49] 0.908  

Age 0.97 [0.93, 1.01] 0.122  

Time spent Gender: male [Ref = female] 1.22 [0.78, 1.93] 0.387  

Occupation: non-farmer [Ref = 

farmer] 

0.83 [0.51, 1.33] 0.438  

Household wealth 0.87 [0.46, 1.62] 0.655  

Age 1.00 [0.98, 1.01] 0.663  

Water 

activity 

Visits per 

week 

Gender: male [Ref = female] 0.02 [0.00, 0.12] < 0.001 *** 

Occupation: non-farmer [Ref = 

farmer] 

4.80 [0.47, 49.31] 0.191  

Household wealth 0.10 [0.00, 2.66] 0.176  

Age 0.87 [0.81, 0.92] < 0.001 *** 

Time spent Gender: male [Ref = female] 2.52 [0.92, 6.65] 0.075  

Occupation: non-farmer [Ref = 

farmer] 

0.86 [0.34, 2.13] 0.755  

Household wealth 0.69 [0.22, 2.17] 0.535  

Age 1.00 [0.97, 1.03] 0.976  
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5.4.5 GPS validation 

Lastly, I used the GPS data to explore the time participants spent outside of their households, and 

measure how variable overall movements were in the study population. I found that people spent 

between 5% and 52% of their time outside of their households over the week that they were 

tracked. For each GPS dataset, I was able to identify the type of place visited for between 2% and 

97% of the time recorded outside of the household; some movements could not be characterised 

because not all locations in the local area were identifiable through the survey or mapping 

techniques. I selected GPS datasets where the season tracked was the same as when the survey 

was conducted and where over a third of minutes were identified, resulting in 27 GPS datasets 

with matching survey data. I compared these to explore how well the GPS data were able to 

mirror how people spent their time at different places. For this comparison, I only selected types 

of places that at least 50% of people with GPS data visited at least once a week, apart from the 

health facility locations, which I included for their public health importance. Unsurprisingly since 

not all GPS points could be identified, participants reported spending more time at all place types 

than captured by the GPS (hours reported in survey minus hours recorded by GPS was positive). In 

most cases, this difference was less than 1 hour of difference per day for each type of place.  

Because the GPS data consistently underreported the absolute amount of time spent at different 

places compared to the survey data, I also compared how well the survey and GPS data were able 

to capture the proportions of time spent at the different place types. Figure 5-4 shows how 

analysis of the GPS data found very similar proportions of time spent compared to those reported 

in the survey for some types of places, such as shops and places where livestock-related activities 

occurred. Other types of places had large differences in proportion of times spent between the 

two datasets – specifically, time spent at places of worship and visits to other households and 

health facilities. Using a paired t-test I found significant differences in the mean proportions of 

time spent at other households and places of worship (p = 0.002 and p = 0.041, respectively) 

between the survey and GPS datasets. The GPS datasets recorded more trips to other households 

than recounted in the survey, while the survey had more trips to places of worship than recorded 

in the GPS, potentially due to a recall bias effect: people may be more likely to recall movements 

that they place higher intrinsic value on. There is also the possibility of a ‘social desirability’ bias: 

participants may be tempted to overstate the amount of time spent at more desirable locations 

such as places of worship, particularly as the survey was conducted in the presence of village 

elders. 
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Figure 5-4 Network representation of mean proportions of time spent in different types of 

places.  

Mean proportions of time spent from GPS (orange) and survey (blue) data. HH = 

Household. 

 

5.5 Discussion 

Geographic inaccessibility is a primary factor for many poor communities that are unable to easily 

use important infrastructure and natural resources, particularly in rural areas (Chamberlin & 

Jayne, 2013; Clark et al., 2003; Pearce et al., 2008). Even within these communities, accessibility 

can vary between individuals and can manifest differently when people are traveling for various 

types of resources (Perkins et al., 2014; Schröder et al., 2018). Studies have highlighted how the 

day-to-day activities of individuals can change their exposure to vector-borne diseases (Stoddard 

et al., 2009). Better understanding of how accessibility varies with type of activity and with an 

individual’s socioeconomic context could help inform future analyses on geographic accessibility. 

This socioeconomic and activity-based understanding of mobility can also help with identifying 

populations in communities at especially high risk of being unable to access healthcare and other 
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services, which could help identify subgroups of populations most vulnerable to vector-borne 

diseases (Bardosh et al., 2017).  

When comparing accessibility to a variety of resources I found that time people spent accessing 

different resources was not homogenous and had some links to demographic characteristics. 

Specifically, I observed that mobility related to livestock-related activities and health facilities 

were correlated with factors such as occupation, age and gender, while other types of activities 

like household visits and market visits were not. The small sample size and bias towards rural 

households mean that the representativeness of these results is limited, but nevertheless, 

combined with evidence of social differences in resource access from previous studies in this area 

(Okwi, Ndeng’e C, et al., 2007), they suggest further research into inequalities in resource access 

could be beneficial for improving individual and thus population welfare.  

Broadly, I also found that people access different resources with variable frequencies and spent 

varying amounts of time there. For example, people visited places where livestock-related 

activities occurred and water sources either frequently or not at all, while other types of places 

like health facilities and places of worship were visited by most participants on a regular basis. The 

time spent at each type of place also showed large variation, with people spending the longest 

times at health facilities and places of worship, and the shortest times at other households and 

water sources. These findings, while unsurprising, demonstrate a heterogeneity in resource 

access between individuals. Travel times to health facilities in this study were longer than to other 

types of places – a finding which differs from results in Iquitos, Peru, where people travelled less 

far for health reasons than for commercial and household reasons (Perkins et al., 2014). This 

highlights how health facilities in rural communities such as the study area are likely more 

inaccessible than other resources when compared to access in an urban area such as Iquitos.  

Notably, when comparing health facility visits and water source visits (two resources widely 

regarded as fundamental human rights), I observed that people spent longer both travelling to 

and at health facilities compared to water sources. However, travelling times to health facilities 

suggest that most people live within the government target of 5km from a health facility, and 

previous evidence from rural Kenya found that travel time to health facilities did not affect child 

mortality in areas with many facilities (Moïsi et al., 2010), leading to calls for more focus on social 

determinants and quality of care and other factors that influence healthcare access and use. My 

findings underscore this, as people reported having to spend a mean of 3 hours waiting at health 

facilities, compared to under 10 minutes to access water. Moreover, such long waiting times at 

health facilities is likely to be exacerbating vector-borne diseases in the area, as delays such as 
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these are barriers to both seeking and obtaining the healthcare needed for disease prevention 

and control. 

I also found some significant gender disparities in the amount of time people spent at different 

places, which could influence healthcare utilisation patterns. Men reported spending longer than 

women on livestock-related activities, while women spent longer than men at health facilities and 

water sources. Women reported visiting health facilities more frequently than men, possibly 

because they are usually responsible for their children’s healthcare as well as their own (M et al., 

1989). The differences in time spent by gender suggests that women are having to wait longer to 

access healthcare than their male counterparts. Previous studies in rural communities in Kenya 

and neighbouring Tanzania have found that waiting times, like time spent travelling to the facility, 

are a major barrier to accessing care and can result in delayed care-seeking behaviour, particularly 

for women due to the opportunity cost of accessing care over their domestic responsibilities 

(Mason et al., 2015; Mubyazi et al., 2010; Thaddeus & Maine, 1994). Since women both visit more 

often on behalf of their families and spend more time at health facilities, measures to reduce 

waiting times could have a direct benefit to both their and their families’ health.  

Finally, I compared the travel times and frequencies reported in GPS and survey data, to quantify 

potential biases in each and address the potential value of both datasets. The survey results are 

likely affected by recall bias and a social desirability bias. Notably, the GPS data were limited by 

the short data collection period and the small sample size, failing to capture visits to health 

facilities in the time available. Nevertheless, for places frequently visited during the data 

collection period, they more objectively reflected proportions of time spent compared to the 

survey data. Compared to surveys, GPS tracking technology could give a more complete picture of 

activity spaces in rural contexts but require long data collection periods and a thorough 

knowledge of the local area. This knowledge could be obtained through a variety of methods, 

such as a participatory mapping approach, and could help to reduce recall bias effects. Future 

studies may be able to overcome the time and cost issues of increasing the data collection period 

by utilising smartphone technology, which already capture GPS locations of individuals under 

certain conditions. The collection of smartphone data in combination with GPS loggers has 

recently been piloted in an urban area of the UK and showed that location histories from 

smartphones can be valid datasets for exploring individual movements (N.W. Ruktanonchai et al., 

2018). In low-income areas of sub-Saharan Africa, this method would have a substantial bias 

towards wealthy people and is dependent on reliable cell phone network coverage, but 

smartphone ownership and demand for data plans have both been increasing in recent years 

(World Bank, 2012), making this a viable option for similar studies in the future. 
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These results suggest that demography and activity are important drivers of mobility, influencing 

how scientists should quantify geographic accessibility to resources such as health facilities. 

Exploring activity spaces of vulnerable populations in this way is the first step to understanding 

how activity-driven mobility may affect vector-borne disease vulnerability. Because different 

types of mobility manifest in different ways and occur with various frequencies, data such as GPS 

and survey data could be used to quantify mobility for specific types of activities, taking into 

account the advantages of each. Since healthcare-related mobility was particularly time-

consuming and appears to be linked to several demographic characteristics in this small study, 

further research in this area could shed light on how people from different demographic and 

socioeconomic contexts access healthcare and therefore help to improve access in low-income 

settings and ultimately aid the control of vector-borne diseases. 
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Chapter 6 Estimating malaria parasite mobility in 

Mozambique using mobile phone records 

6.1 Abstract 

Despite large reductions in burden, malaria remains one of the primary causes of death in 

Mozambique. Prevalence of the major malaria parasite P. falciparum varies widely, from 1% in the 

most southerly provinces to 57% in the most northerly. As Mozambique is a source of malaria 

cases in Southern Africa, there are elimination efforts in the south of the country aiming to reduce 

both local burden and importations to relatively low-transmission countries nearby. However, 

human-mediated parasite movement combined with spatial and seasonal changes in transmission 

threaten the success of interventions by reintroducing parasites to areas targeted for elimination. 

Call detail records (CDRs) can provide unique insights into human movements in near real-time 

and have previously been used to quantify connectivity and identify sinks and sources of malaria 

in other countries.  

In this study I use pseudonymized and aggregated CDRs from a sample of over 5.5 million 

subscribers of Vodacom Mozambique to quantify human movements over four months (February 

to May) of 2018. By combining these data with high-resolution malaria incidence maps, I estimate 

parasite importation and exportation rates and identify potential net sinks and sources of malaria 

across districts. I use a community structure algorithm to explore the connectedness of districts in 

Mozambique through human mobility and calculate parasite mobility between urban and rural 

areas at a high spatial resolution. I find that 61% of human-mediated parasite movements were 

between rural areas, compared to 36% of all movements. I observe strong community structures 

and a natural divide between five communities in the north and five in the south. Lastly, I 

estimate that 92% of cases in Maputo city districts and Maputo province districts are imported 

from nearby districts. These important findings suggest that parasite importations from the north 

are unlikely to threaten interventions to eliminate malaria from the south of Mozambique. 

6.2 Introduction 

Increased human mobility in recent years has led to higher connectivity and therefore higher 

pathogen transmission between populations, meaning that infectious diseases can spread further 

and faster than ever before, causing significant threats to population health on global, regional 

and local scales. For malaria, the conditions required for transmission vary spatially and 

temporally across landscapes and the populations that reside in them (Carter et al., 2000). This 



Chapter 6 

 84 

heterogeneity means that malaria exists in areas with self-sustaining endemicity characterised by 

local disease transmission but also enables transmission elsewhere through host mobility (N. W. 

Ruktanonchai et al., 2016). Since mosquitoes typically don’t travel far (Charlwood et al., 1998; 

Touré et al., 1998), the malaria parasite is mainly transported from areas of high transmission by 

human hosts, allowing parasites to move to areas where they may not otherwise be present or 

abundant. Thus, understanding connectivity between hosts at local, regional and national levels is 

a key aspect of reducing malaria transmission.  

In Mozambique, malaria remains one of the biggest causes of death despite recent large 

reductions in burden. There were approximately 10 million cases (5% of all cases worldwide) and 

15,000 deaths in 2017 (World Health Organization, 2018a) most of them due to Plasmodium 

falciparum (the major Plasmodium species in Mozambique). Relatively high malaria transmission 

in Mozambique also poses a challenge for the lower-transmission countries nearby through 

population mobility. A recent study in a low prevalence area of South Africa found that the 

majority of positive malaria cases had travelled from Mozambique (Raman et al., 2020), while 

another study of the travel patterns of malaria cases in Swaziland found that travel to 

Mozambique was associated with an increased risk of infection (Tejedor‐Garavito et al., 2017). 

Furthermore, malaria transmission within Mozambique varies widely, with relatively low 

prevalence in the south and higher prevalence in the north (Bhatt et al., 2015). In southern 

Mozambique, Maputo province is approaching elimination while Gaza and Inhambane provinces 

aim to achieve pre-elimination status by 2025. It is generally suspected that transmission in some 

areas in the south is sustained by host mobility (Moonasar et al., 2016), but evidence to confirm 

this hypothesis has been lacking. In Magude district in Maputo province a project to demonstrate 

the feasibility of elimination in southern Mozambique concluded with significant reductions of 

malaria incidence and prevalence through targeted vector control and mass drug administration 

(MDA) campaigns, but was unable to interrupt transmission (Aide et al., 2019). Studies have 

shown that in low transmission settings approaching elimination where most of the pathogens 

are carried by a relatively small percentage of the population (Bousema et al., 2012), identifying 

areas where mobility may be causing local transmission can provide valuable targets for 

intervention strategies (N. W. Ruktanonchai et al., 2016). In southern Mozambique, identifying 

these areas would help to prioritise limited resources and efficiently target efforts to achieve 

elimination. 

High-resolution maps of malaria incidence can help identify areas where the highest transmission 

likely occurs, but understanding the factors driving this transmission in high-burden areas requires 

knowledge of parasite movements. Recent studies have measured parasite mobility directly using 

genetic data with promising results (Chang et al., 2019; Tessema et al., 2019), but methods are 
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still being developed and gathering sufficient high-quality genetic data remains challenging, so 

proxies based on human movements have been more widely used (Buckee et al., 2013; Pindolia et 

al., 2012; Amy Wesolowski et al., 2012). Community structure algorithms can be applied to 

human mobility flows and malaria incidence data to infer natural communities linked by high 

numbers of human-mediated malaria parasite movements. This can help identify areas where 

inherent networks are linked to transmission occurring through host mobility (Nick W. 

Ruktanonchai et al., 2016; Andrew J Tatem & Smith, 2010) and can also help to minimise 

importation risk by detecting subcommunities where infected travellers are likely to pass through. 

However, few studies have been able to examine community structures through human-mediated 

parasite mobility in low-resource areas, mainly due to a lack of high-quality movement data. 

Population mobility has traditionally been estimated using travel history surveys at national and 

sub-national levels, but these data are often limited by their small sample size and are typically 

cross-sectional in nature. The recent rise of mobile phone use in sub-Saharan Africa, estimated to 

have reached 456 million unique users representing 44% of the total population in 2018 (Global 

System for Mobile Communications (GSMA), 2019), has led to the use of call detail records (CDRs) 

to estimate mobility on large scales. CDRs are collected by mobile phone operators for billing 

purposes. They comprise a record of individual events (calls or texts) associated with a timestamp, 

a pseudonymized user ID (to preserve privacy) and the ID of the cell tower that the event was 

routed through. The cell towers are geolocated and therefore the approximate locations of 

individual users at a given time can be deduced through the calls and texts they make. Thus, while 

imperfect and biased, CDRs provide a unique insight into human movements with high spatial and 

temporal granularities. They have previously been used to identify sinks and sources of malaria in 

other countries, ultimately providing evidence to help national control programs more efficiently 

target efforts to control malaria. Previous studies have used CDRs to measure human movements 

and identify hotspots of malaria transmission in Namibia (N. W. Ruktanonchai et al., 2016)2, Kenya 

(Amy Wesolowski et al., 2012) and Zanzibar (Le Menach et al., 2011). 

Here, I use pseudonymized CDRs from over 5.5 million subscribers of a mobile operator in 

Mozambique from February to May of 2018 to quantify human movements and combine these 

with high-resolution malaria incidence maps to estimate parasite mobility at a district level. I use 

a high-resolution map of rural, peri-urban and urban areas in Mozambique to calculate human 

and parasite mobility between rural and urban areas, and a community structure algorithm to 

explore connectivity between districts. Lastly, I estimate the percentage of malaria cases that are 

imported into each district. 
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6.3 Methods 

6.3.1 Population characteristics and mobile phone records in Mozambique 

Mozambique is administratively divided into 11 provinces including Maputo city, and 161 districts 

including city districts, with a total population of 28.9 million in 2017 (National Institute of 

Statistics (INE) (Mozambique), 2017). Districts in Mozambique have populations ranging from 

13,025 to 1,616,267, although most have populations in the range from 50,000 to 150,000. The 

size of the districts range from 7km2 to 18,336km2, with a mean area of 5,302km2 and a mean 

distance between districts of 517km (determined through nearest neighbour analysis on district 

centroids in QGIS version 3.16.3 (QGIS Development Team, 2019)). The provinces of Nampula and 

Zambezia in the north of the country are the most populous with 6.1 and 5.1 million people 

respectively, followed by Tete in the north-west (2.8 million) and Maputo in the south (2.5 

million) (National Institute of Statistics (INE) (Mozambique), 2017). The majority (63%) of the 

population reside in rural areas (World Bank, 2019).  

6.3.2 Data sources 

6.3.2.1 Call detail records 

I estimated human mobility in Mozambique using pseudonymized CDRs from mobile phones, 

provided by Vodacom Mozambique and Vodafone Group. Vodacom has a 44% market share in 

Mozambique, making it one of the largest telecommunications providers in the country (Shi, 

2019). The dataset covered the period between 1st February 2018 and 23rd May 2018 with a total 

of 10 billion events, which consisted of outgoing and incoming calls or short message services 

(SMS). I filtered these events to exclude improbable users which gave a total of over 5.5 million 

unique users. I defined an improbable user as one that had a mean of more than 150 outgoing 

events per day over the four months of data, as these events were likely to be telesales attempts 

made by bots. To protect the privacy of users, several safeguards were used: the data were 

pseudonymized by a third party of data engineers at Vodafone Group, I carried out all data 

analysis on Vodafone servers, and I excluded data from cell tower pairs where fewer than one 

person on average travelled daily between them to prevent potential reidentification of users. I 

carried out the extraction, processing and initial aggregation of the raw CDRs using Python over 

Apache Spark (Apache Software Foundation, 2018) in a high-performance computing cluster and 

then carried out further analysis of the aggregated dataset in R version 3.5.1 (R Core Team, 2019). 
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6.3.2.2 Population data 

To scale up the population represented in the CDR dataset to actual population numbers in 

Mozambique, I used high-resolution human population predictions for 2018 from the WorldPop 

project. These data are gridded predictions of population at approximately 100m spatial 

resolution generated using a Random Forest modelling approach to produce estimates based on a 

combination of census data and a wide range of remotely-sensed and geospatial datasets such as 

landcover, settlements, satellite nightlights, topography and other sources (WorldPop et al, 2018). 

I also compared the number of unique users per district in the CDR dataset with estimated district 

populations calculated from the WorldPop data to see how well the number of users in the CDR 

data matched estimated populations in districts and found a positive correlation with an R2 value 

of 0.713 (see Appendix C.1.1). 

6.3.2.3 Malaria incidence data 

 To estimate the prevalence of malaria in districts and therefore the human-mediated malaria 

parasite movement between districts, I used maps of estimated monthly gridded malaria 

incidence for Mozambique modelled at 5km resolution for the months of February to May 2018 

inclusive, provided by the Malaria Atlas Project (Colborn & Malaria Atlas Project, 2020). These 

data are modelled estimates of malaria incidence based on data reported at the health facility 

level and are subject to limitations. Importantly, the input data used to make these maps comes 

from a variety of sources and their inherent biases may be carried through to the final output. For 

example, malaria cases reported at the health facility level may be geographically distant from 

where cases are acquired, although efforts are made to account for this in the modelling 

approaches used (Weiss et al., 2019). Figure 6-1 shows the gridded mean malaria incidence 

estimates between February and May 2018 and the WorldPop gridded population estimates in 

2018. 

 



Chapter 6 

 88 

 

Figure 6-1 Malaria incidence and Population in Mozambique 

Left: Estimated mean malaria incidence per 1,000 people per year from February to 

May 2018 at 5km resolution. Right: WorldPop gridded population in 2018 at 100m 

resolution. Province borders shown in black. White areas indicate a lack of data. 

 

6.3.3 Estimating human and malaria parasite mobility 

Each event in the CDR dataset had an ID number that enabled identification of the cell tower that 

the event was routed through, so I was able to infer individual user movements through these 

geolocated events (Figure 6-2, Box 1). The exact locations of users were unknown, as antennas 

have specific beam shapes that define their coverage. For simplicity, I used the locations of the 

cell towers (Figure 6-2, Box 3) as the locations of users. The coverage of antennas differs with the 

technology used (2G, 3G, 4G) and the density of antennas varies across the country, with rural 

areas having lower density of cell towers (and thus more uncertainty as to the exact location of 

the customer). I used the location of the last event (call or text) each day to estimate where a 

subscriber spent the night, because the most important vectors of malarial parasites in 

Mozambique (An. Gambiae, funestus and arabiensis (World Health Organization, 2018a)) 

primarily bite at night. If there was no CDR for that day, I assumed the location was the same as 
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the most recently located day. I processed the CDRs and used the last event of each day to 

calculate the numbers of users moving between cell towers per day (Figure 6-2, Box 2). 

To produce mobility matrices, I aggregated the CDR-inferred locations to the district level and 

calculated the number of people moving between each origin-destination district pair using the 

dplyr package in R (Wickham et al., 2018) (Figure 6-2, Box 4). To account for variation in Vodacom 

market share in different areas of Mozambique, I scaled up the mobility matrices to WorldPop 

population estimates by dividing the WorldPop estimate of population in each district by the 

number of geolocated subscribers in each district to obtain scaling factors. I then multiplied the 

mobility matrices by these scaling factors in order to estimate actual population movements. 

To estimate malaria parasite movements, I overlaid the WorldPop population estimates (Figure 

6-2, Box 5) with the malaria incidence maps (Figure 6-2, Box 6) using the raster and sf packages in 

R (Hijmans et al., 2014; Pebesma, 2018). I used these overlays to estimate the prevalence of 

malaria in the population for each district and each month. This was calculated by multiplying the 

malaria incidence per person by the population estimate in each grid square, then summing these 

estimates in each district and dividing them by the total population estimate in each district 

(Figure 6-2, Box 7). I then used these estimates of malaria prevalence to weight the mobility 

matrices by the amount of malaria in each district and therefore obtain estimates of the numbers 

of people leaving each district with malaria (Figure 6-2, Box 8).  
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Figure 6-2 Schematic showing the process of making malaria parasite mobility matrices. 

Green boxes indicate raw data from data sources. Blue boxes indicate interim 

processed data. Yellow box indicates final processed data. Numbering is used  

to refer to the figure from the text. All data in this figure have been randomly 

generated and are given for example purposes only. 
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6.3.4 Urban and rural mobility 

Spatial data from the GHS Settlement Model Grid (GHS-SMOD) (Pesaresi et al., 2019) were used 

to classify Voronoi areas around cell towers as predominantly urban, peri-urban or rural. This was 

done by overlaying the GHS-SMOD surface (1km resolution) with the WorldPop gridded 

population surface (100m resolution) and counting the number of people living in the eight 

different categories per area. I combined some categories to broadly classify areas as urban, peri-

urban or rural (see Appendix C.1.5 for details). I then overlaid this map with a Voronoi tessellation 

of cell towers in Mozambique and used it to calculate the proportion of people in each Voronoi 

polygon that resided in each area. Voronoi polygons are polygons drawn around cell tower 

locations such that each polygon contains all possible points on a map closer to that cell tower 

than any other cell tower. This technique allowed the calculation of movements between rural 

and urban areas at the finest spatial scale possible (that of the cell towers). The polygons were 

classified as urban, peri-urban or rural depending on which category had the largest population 

living in it. I used the origin-destination matrices calculated at a Voronoi spatial resolution to 

quantify the flows of human and human-mediated parasite movements between the Voronoi 

polygons. In my analyses, 56% of Voronoi polygons were classed as rural, 42% as urban and 2% as 

peri-urban. 

 

6.3.5 Community structure algorithm 

I used the cluster walktrap (Pons & Lapaty, 2006) algorithm from the R package igraph (Csardi G, 

2006) to determine the community structures in Mozambique through human-mediated parasite 

mobility. This algorithm identifies densely connected communities through a series of random 

walks in a network composed of vertices (in this case, the origins and destinations in the mobility 

matrix) linked by weighted edges (the number of movements between origins and destinations). 

A walker in the network takes a series of iterative random walks where the probability of moving 

from vertex A to vertex B is determined by the weight of the edge connecting A and B. The 

algorithm detects ‘communities’ of vertices linked by their connectivity: the more connected a 

community is, the more likely it is that the random walk stays in the same community. On 

specifying the desired number of communities, the algorithm returns the optimal structure for 

that number of communities and a modularity score, which is a measure of the strength of the 

division in the network, such that more isolation of communities receives a higher modularity 

score. I used the origin-destination matrices for human-mediated parasite movements between 

districts in Mozambique and applied the algorithm to detect the optimum number and structure 
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of communities, determined by the maximum modularity score. Community detection algorithms 

have been used previously with CDR data to identify communities connected through human-

mediated parasite movements as well as potential areas to target resources (Andrew J Tatem et 

al., 2014). 

6.3.6 Local vs. imported cases of malaria 

I used the CDR dataset to estimate the amount of time spent by people in each district in every 

other district, and to infer from this the proportion of malaria cases that are acquired locally. This 

analysis assumed that people get infected during travel with a probability proportional to the time 

spent at each location and are reported as cases at health facilities near their homes. Given this 

assumption, the rate of new cases that manifests near home 𝐼ℎ can be represented as  

𝐼𝑎𝑇 = 𝐼ℎ  (1) 

where 𝐼𝑎 is the incidence of cases in the places where the transmission occurs, and 𝑇 is how much 

time residents of various patches spend in each other patch. Therefore, the observed incidence 𝐼ℎ 

is the actual incidence 𝐼𝑟 after adjusting for time that each community spends in each location 

with malaria risk. 

I used this equation to calculate the actual incidence in each location using estimates of observed 

incidence 𝐼ℎ and time spent 𝑇. Further, by comparing the observed incidence in each location 

with the amount of actual incidence that manifested within the location’s resident population 

( 𝐼𝑎(𝑖) ∗ 𝑇(𝑖,𝑖) ÷ 𝐼ℎ(𝑖)), I calculated the proportion of cases in each location that was acquired 

locally. 

To do this, I first used the CDR dataset to estimate the amount of time spent 𝑇 by people in each 

district, where element 𝑇𝑖,𝑗 is the proportion of time that residents of district 𝑖 spent in district 𝑗. I 

calculated this matrix by first assigning each person a ‘home’ cell tower, defined as the cell tower 

through which the highest proportion of last events of each day occurred. Then I calculated the 

proportion of last events that occurred at every other cell tower and calculated the mean total 

amount of time spent at other cell towers 𝑗 by people from each home cell tower 𝑖 to give an 

origin-destination matrix 𝑇𝑖,𝑗 of time spent at each cell tower. Finally, I aggregated this matrix up 

to the district level to produce estimates of time spent per district by people in each home 

district. 

With the values of 𝑇 and 𝐼ℎ, I then calculated the rescaled actual incidence values 𝐼𝑎 for each 

community by solving equation (1) for 𝐼𝑎: 
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𝐼𝑎 = 𝐼ℎ𝑇−1  (2) 

I then calculated the number of local cases that manifested in each patch as the actual incidence 

in each patch that remained in that patch, or 𝐼𝑎,𝑖 ∗ 𝑇𝑖,𝑖. 

 

6.3.7 Ethics statement 

Ethical approval for this study was submitted and approved through the University of 

Southampton Ethics and Research Governance Council (submission ID 48113). 

6.4 Results 

6.4.1 Identifying sinks and sources of malaria by district 

I estimated net daily malaria case movements into and out of each district using the human-

mediated parasite mobility matrices scaled up to estimated population counts in each district. 

Because I observed little monthly variation in the net human-mediated parasite movements 

between districts (Appendix C.1.2) I used mean daily values over the four months in the dataset 

and subtracted imported cases from exported cases to make maps of net overall movements from 

each district (Figure 6-3, panels A and B). I also filtered these data to exclude movements that 

were less than 25km in distance, on the basis that these short-distance movements are likely to 

contribute less to sustaining transmission in areas approaching malaria elimination (Figure 6-3, 

panels C and D). I calculated that 43% of human-mediated parasite movements were over 25km 

in distance and a study of fine-scale individual movements in neighbouring Zambia defined long-

disease movements as movement over 20km from an individual’s home (Searle et al., 2017). 

Given this and the coarser spatial granularity of the cell towers compared to GPS data, I estimated 

that 25km was a reasonable distance for this study. 

I categorised the districts in Mozambique by whether the district had more human-mediated 

parasite movement out of it than into it (sources) or vice versa (sinks). While the biggest sources 

of malaria through human movements are concentrated in the northern provinces, I found that 

some districts in the south of the country were locally important sources of malaria through 

human movements, exporting several hundred cases of malaria daily and likely contributing to 

sustained transmission in the southern provinces. I observed directional movements from source 

districts into sink districts, which were often smaller districts corresponding to cities. Districts 
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corresponding to the cities of Xai-Xai and Inhambane were the largest net sinks in the southern 

provinces, with many more cases moving into these areas than out of them.  

The relative importance of districts as sources of malaria cases becomes apparent on examining 

their sink/source status under all movements and movements over 25km. For example, the 

district of Inharrime in Inhambane province (Figure 6-3, labelled in red) is a net sink when all 

movements are considered, importing 103 cases net daily, but switches to a net source when only 

movements over 25km are included, exporting 704 net cases each day and highlighting the 

importance of such districts in the movements of malaria cases over relatively long distances. For 

Maputo province (including Maputo city), I found that only 2% of all parasite movements 

originated from districts outside the province (primarily from Gaza and Inhambane provinces), 

rising to 29% for movements that were at least 25km in distance. 
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Figure 6-3 Net mean daily movements for human-mediated malaria parasite flows by district for 

February to May 2018.  

A Flows for all districts in Mozambique. B Net daily movements for districts in the 

southern four provinces. C Net daily movements that were > 25km in distances for all 

districts in Mozambique. D Net daily movements that were > 25km in distance for 

districts in the southern four provinces in Mozambique. Grey areas indicate regions 

where the amount of data available did not meet privacy thresholds as detailed in 

the methods. Provinces are labelled in bold, major cities in the southern provinces 

are labelled in italics and the district of Inharrime is labelled in red. 
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Table 6-1 shows the top ten net sink and net source districts with mean net daily movements over 

25km, illustrating how five out of the top ten net sources were in the province of Nampula, which 

has both a high population and high malaria incidence. Nine out of the top ten net sink districts 

were cities with relatively high numbers of inbound cases per day. For movements over 25km, the 

median distances travelled out of the top ten source districts were generally smaller than those 

into the top ten sink districts, ranging from 30km to 67km out of sources and 34km to 116km into 

sinks (Table 6-1).  

Table 6-1 Top ten net source and net sink districts for daily net mean human-mediated parasite 

movements. 

Top net source districts Top net sink districts  

Province District Estimated 
mean net 
outbound 
cases per 
day 

Median 
distance 
(km) 

Province District Estimated 
mean net 
inbound 
cases per 
day 

Median 
distance 
(km) 

Nampula Memba 3,930 32 Nampula Cidade De 
Nampula 

9,893 79 

Zambezia Mulevala 2,790 36 Nampula Nacala-
Porto 

3,940 52 

Tete Tsangano 2,722 39 Manica Cidade De 
Chimoio 

3,805 45 

Nampula Monapo 2,433 44 Zambezia Cidade De 
Quelimane 

3,791 44 

Nampula Rapale 2,284 30 Zambezia Mocuba 3,175 116 

Cabo 
Delgado 

Mecufi 1,864 37 Tete Cidade De 
Tete 

3,160 94 

Nampula Mogovolas 1,836 61 Niassa Cidade De 
Lichinga 

3,120 100 

Zambezia Derre 1,800 42 Cabo 
Delgado 

Cidade De 
Pemba 

2,710 92 

Nampula Angoche 1,584 67 Sofala Cidade Da 
Beira 

2,249 42 

Zambezia Maganja 
Da Costa 

1,554 35 Nampula Larde 1,967 34 

6.4.2 Urban and rural host and parasite mobility 

To explore the directional mobility further, I calculated the proportions of both human and 

human-mediated parasite movements that occurred between urban, peri-urban and rural areas. 

Table 6-2 shows how although the majority (53%) of all movements were between urban areas, 
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the majority of human-mediated parasite movements were instead between rural areas (61%). 

Moreover, compared to human movements, parasite movements occurred more often in the 

direction of increasing urbanicity than vice versa, demonstrating that the sources of malaria 

tended to be in rural areas. 

Table 6-2 Relative human and human-mediated parasite movements between urban, rural and 

peri-urban areas in Mozambique.  

Movements in the direction of increasing urbanicity are highlighted in red. 

Type of movement Human mobility (% of all 

movements) 

Parasite mobility (% of all parasite 

movements) 

Rural to Rural 36.20 60.72 

Urban to Urban 52.99 28.83 

Peri-urban to Peri-urban 1.54 0.87 

Rural to Urban 3.81 4.77 

Urban to Rural 3.84 3.96 

Peri-urban to Urban 0.55 0.30 

Urban to Peri-urban 0.55 0.24 

Rural to Peri-urban 0.26 0.18 

Peri-urban to Rural 0.26 0.14 

 

6.4.3 Community structures at district level 

To explore connectivity through human-mediated parasite movement in Mozambique and 

address the question of how separate the northern districts are from the southern districts, I 

modelled human-mediated malaria parasite connectivity between the 161 districts in 

Mozambique across the four-month period of study. Using a community structure algorithm to 

measure connectivity, I found that a 10-community structure best approximated the inherent 

communities for human-mediated parasite movements between districts in Mozambique, with a 

modularity score of 0.792 indicating a high degree of isolation. On examining movements 

between these communities, I observed a natural divide between the most northerly 5 

communities, roughly corresponding to the most populous provinces of Nampula, Zambezia, Cabo 
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Delgado and Niassa, and the five communities south of these (Figure 6-4), with relatively little 

movement of malaria cases between these two sets of five communities. The most southerly 

community encompassing Maputo city, Maputo province and Gaza province saw much more 

movement of malaria cases into the community than out of it, with 87% of human-mediated 

parasite movements inbound compared to outbound. Of the inbound movements, 47% were 

from Inhambane province and 41% from Sofala province, suggesting that interventions to reduce 

transmission in these neighbouring provinces would both reduce local burden and aid elimination 

efforts in Maputo and Gaza provinces.  

 

Figure 6-4 Community structure and connectivity though malaria parasite movements in 

Mozambique.  

Left: Map of province borders and community membership through human-

mediated parasite movements between districts; modularity score = 0.792.  

Right: Directional network of relative flows between communities through human-

mediated parasite movements. Colours denote districts belonging to the same 

subcommunity, grey areas indicate regions where the amount of data available did 

not meet privacy thresholds as detailed in the methods. 
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6.4.4 Disaggregating local from imported transmission 

An important distinction when considering the impact of mobility on malaria incidence is whether 

an area has a high number of cases because they are acquired locally or are imported from 

elsewhere. I aggregated the high-resolution malaria incidence maps from the Malaria Atlas 

Project to the district level (Figure 6-5, panel A) and used the time spent matrix from the CDRs to 

produce a map of ‘disaggregated’ malaria incidence, or incidence weighted by the time spent by 

people in each district (Figure 6-5, panel B). I used these to estimate the proportion of cases that 

were imported as opposed to occurring locally (Figure 6-6) and found high proportions of 

imported cases in the districts in and surrounding the capital city of Maputo.  I estimate that all 

cases in the five Distritos Urbanos in Maputo city are imported from other districts, compared to 

only 33% and 3% of cases in the remaining two districts of KaTembe and KaNyaka, respectively. 

On average, I found that 92% of cases in Maputo province (including Maputo city) districts are 

imported from outside the district, almost entirely from districts in the southern provinces, while 

mean importation proportions for districts in other provinces ranged from 8% to 27%. 

 

Figure 6-5 Mean estimated malaria incidence by district in Mozambique in 2018 

A Estimated mean malaria incidence per person per year, averaged over the months 

February to May 2018. From (Colborn & Malaria Atlas Project, 2020). B 

Disaggregated incidence from CDRs. Grey areas indicate regions where the amount 

of data available did not meet privacy thresholds as detailed in the methods. 
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Figure 6-6 Estimated percentage of imported malaria cases for districts in Mozambique.  

Grey areas indicate regions where the amount of data available did not meet privacy 

thresholds as detailed in the methods. 

6.5 Discussion 

In this study, I quantified the connectivity of mobility networks in Mozambique through P. 

falciparum malaria parasite movements, the proportion of human and parasite movements that 

were between urban and rural areas and the rates of parasite importation into districts. To the 

best of my knowledge, this is the first study to analyse pseudonymized and aggregated CDRs from 

Mozambique to address these issues and helps improve understanding of how mobility 

contributes to the spread and persistence of malaria across the country. 

This analysis of the mean daily numbers of malaria cases moving into and out of districts showed 

high heterogeneity between districts, with some exporting many more cases than they were 

importing and vice versa. I also observed directionality between source and sink districts, with 

eight out of the top ten sink districts corresponding to cities. When focusing on movements of 

malaria parasites over relatively long distances, I saw that three districts in Inhambane province 

had up to 1,000 potential malaria cases moving over 25km daily out of the districts. Current 

elimination efforts in the south of Mozambique focus on Maputo province, but as this area 

approaches malaria elimination, targeting interventions to nearby districts such as these that 
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export the highest numbers of malaria cases in the south could help to efficiently reduce malaria 

transmission here. 

I quantified the movement of malaria cases between urban and rural areas and found that while 

the majority of human movements were between urban areas, most human-mediated parasite 

movements were between rural areas. I also observed a pattern in movements along the rural to 

peri-urban to urban spectrum, with human-mediated parasite movements higher in the direction 

of increasing urbanicity than vice versa. The difference in malaria transmission between rural and 

urban areas in sub-Saharan Africa has been previously documented, with rural areas tending to 

sustain much higher entomological inoculation rates (EIR) compared to urban areas. As such, 

much of the burden of malaria falls on rural populations (Hay et al., 2000; Robert et al., 2003). The 

findings suggest that while the bulk of malaria movements are between rural areas where most 

people live, human mobility from rural to urban areas is likely an important driver of malaria 

transmission in urban areas in Mozambique. 

I observed strong community structures through human-mediated parasite movements between 

districts, suggesting that these movements occur mainly in distinct communities that could serve 

as targets for control. The ten-community structure had a remarkably high modularity (0.792) 

over the four months examined in this study indicating a high level of isolation and suggesting 

that malaria may be more easily controlled if interventions target these areas as foci rather than 

targeting individual districts, due to both the connectivity within communities and to the 

relatively low risk of importation from other communities. On examining parasite movements 

between communities, I found an inherent north-south divide occurring between the five 

communities in the north-east of the country and the five communities to the south of these, with 

relatively few malaria movements between the two. Furthermore, the ten communities identified 

did not always correspond to province borders, suggesting that province-based efforts to control 

malaria may be undermined by movement across province borders. This is the first study in the 

literature to quantify community structures through malaria parasite mobility in Mozambique, so 

combining these data with parasite genetics or other epidemiological data would help to validate 

the communities identified here. A previous study in southern Africa using similar community 

analysis found good concordance between community structures from CDRs with parasite genetic 

data and demonstrated that identification of these communities can provide valuable targets for 

resources to control and eliminate malaria (Tessema et al., 2019).  

Finally, I disaggregated imported cases from locally acquired ones and found high proportions of 

imported cases in cities, particularly in the south. I estimate that 92% of the malaria incidence in 

districts within Maputo province (including Maputo city) is due to importation from other 
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districts. At the same time, my estimates of parasite mobility suggested that 98% of all parasite 

movements into districts in Maputo province originated from districts within the province. 

Therefore, the majority of case importations into districts in Maputo province are likely to be 

from districts within the province. The high level of isolation through parasite movements of the 

community of Maputo and Gaza provinces supports this hypothesis, and suggests that elimination 

here would not be impeded by importation of cases from other provinces. Current efforts to 

eliminate malaria from the south of Mozambique rely on the assumption that the importation 

rate of malaria from the north of the country through human movements is low enough to 

achieve sustained elimination, with a particular focus on the provinces of Maputo, Gaza and 

Inhambane (Moonasar et al., 2016). My findings support this hypothesis, although sources of 

malaria in Inhambane province may undermine efforts to achieve pre-elimination status in this 

community. Targeting resources towards districts in Inhambane province could reduce 

transmission both locally and in nearby districts.  

CDRs are a valuable source of mobility data due to their large size, wide coverage area and fairly 

high penetration rate in Mozambique. However, I acknowledge that there are limitations to their 

use. The CDR dataset only spanned 16 weeks, limiting my ability to observe potential effects of 

seasonality of malaria transmission on the net movements of malaria cases. Specifically, these 

weeks represent the high transmission season, and may not be representative of movements in 

the low transmission or other seasons. Although high, the spatial resolution of the data is limited 

to the density and coverage of the cell towers of the mobile operator. The temporal resolution is 

dependent on how often events (call or text) occur for each user. I found that the density of cell 

towers is higher in urban areas, with 42% of all Voronoi polygons being classed as urban, which 

introduces bias towards people living in urban areas and may overestimate the importance of 

movements into and out of these areas compared with rural areas. Moreover, the high-resolution 

population and malaria incidence datasets are estimates which are subject to biases inherent to 

the input data used to produce the estimates. For example, malaria cases may be reported to 

health facilities far from where the infection was actually acquired. Finally, the lack of 

demographic data from the subscriber population makes it impossible to know how 

representative the sample population is of the whole population of Mozambique – it is highly 

likely, for example that the movements of children are underrepresented in the dataset, which is 

detrimental to the results because children are at higher risk of severe malaria than the general 

population due to their lack of immunity. Moreover, it is likely that women are underrepresented 

in the sample population, given recent statistics on mobile phone ownership by gender (60% of 

men and 45% of women own a mobile phone in Mozambique, a gender gap of 24% (GSMA, 
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2019)). Nevertheless, the large sample size (over 5.5 million subscribers from the total population 

of 28.9 million people) helps to mitigate these issues.  

These results are particularly important in the broader context of malaria elimination in Southern 

Africa. Since much of the malaria in Eswatini and South Africa is likely transported across the 

border from Mozambique, work like this that can provide evidence to help the National Malaria 

Control Programme better allocate resources to reduce malaria transmission are valuable not 

only to Mozambique, but to the wider region of Southern Africa. Globally, this study 

demonstrates the value of CDR datasets such as these and provides a strong case for their more 

general use for various applications in public health and beyond. 

6.6 Intellectual contributions 

The author list for this work to be submitted for publication is as follows: Jessica R Floyd, Nick W 
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Chapter 7 Conclusion 

The analysis of individual-level mobility data has proven a valuable tool for assessing vulnerability 

and exposure to vector-borne disease across spatiotemporal scales, but few studies have been 

able to incorporate this knowledge, particularly in low-resource settings. In this thesis, I aimed to 

address this knowledge gap by exploring how individual-level mobility patterns vary at different 

ends of the spatiotemporal scale, and how these patterns are often linked to demographic and 

landscape characteristics with important implications for resource access and exposure to vector-

borne diseases. Specifically, I aimed to 1) explore demographic and seasonal differences in the 

movement patterns of a human and livestock population in rural Kenya at a fine scale; 2) quantify 

the activity-driven movement patterns of a population in rural Kenya and explore links between 

these and demographic characteristics; and 3) quantify the movement patterns of a large 

population in Mozambique and link these to incidence of malaria. In this section, I summarise the 

key findings of the thesis, discuss the contributions made to the literature and outline the 

limitations of the work. I then discuss further research that could build on the work presented 

here and the potential impact of the findings before reviewing the final conclusions.  

7.1 Key findings 

Table 7-1 presents the key findings of this thesis, broken down by study objective for the three 

papers presented in Chapters 4,5 and 6, and includes a brief description of the research 

questions, gaps in the literature addressed by the study and the main datasets and methods used. 

In Chapter 4, I used survey methods and GPS loggers to collect primary data on the movements of 

people and their ruminants and found significant differences in movement patterns of humans 

between seasons, with humans spending more time in swampland during the short rainy season 

compared to the dry season. Moreover, I saw that humans took longer trips, travelled further and 

had larger home ranges in the dry season compared to the rainy season, a pattern that was not 

observed in their ruminants and could have important implications for seasonal transmission of 

vector-borne diseases. Finally, I found the people and ruminants from relatively poorer 

households travelled further that wealthier households in the study area. 

To address the second objective of the thesis, in Chapter 5 I analysed the survey and GPS data 

collected from a sample of the human population in Busia county and found that the travel times 

and time spent on trips outside of the household varied depending on the category of place that 

they were visiting, and that people spent longest at health facilities.  These travel times and time 

spent were correlated with some demographic characteristics, and women in particular spent 
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longer than men at health facilities and at water sources, which are likely to reflect their different 

exposure and vulnerability to vector-borne diseases. On comparing the survey and GPS data 

collected from the sample population, I found significantly different reported times spent for 

particular categories of places, reflecting how the GPS loggers were likely able to more objectively 

capture the activity spaces of people than the self-reported survey data. 

In the third and final paper in Chapter 6,  I analysed a CDR dataset from over 5.5 million people in 

Mozambique to quantify movement patterns in the context of malaria incidence across the 

country, and found directional flow of malaria parasites through human-mediated malaria 

parasite movements in a urban to rural direction. I estimated that 92% of malaria cases in districts 

of Maputo province and Maputo city are imported from other districts. Finally, I discovered a 

natural north-south divide between communities linked by human-mediated parasite 

movements, suggesting that malaria may be eliminated from the southern five communities 

identified with only limited surveillance required to prevent resurgence. 
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Table 7-1 Key research findings broken down by study objective 

Study objective Research questions Gaps in knowledge Data and methods Key findings 

Chapter 4 

To explore 
demographic 
and seasonal 
differences in 
the movement 
patterns of a 
human and 
livestock 
population in 
rural Kenya at a 
fine scale 

• How often, for how long and 
where do humans and 
livestock move?  

• Do human and livestock 
movements differ significantly 
between seasons? 

• What demographic 
characteristics, if any, are 
linked to these movement 
patterns? 

• Vector-borne disease 
transmission depends on 
host movement, but host 
mobility in this context is 
poorly understood 

• No previous studies have 
measured human and 
livestock movement 
simultaneously 

• Generalized linear mixed model 
(GLMM) with fixed and random 
effects to measure relationship 
between movement metrics (Time 
spent on trips, maximum distance 
travelled, home range and trip 
frequency) and covariates 

• Univariable beta regression to 
estimate odds of spending time on 
different types of land cover 

• Survey data at individual and 
household levels from 75 
participants 

• GPS dataset collected from 26 
humans and 20 ruminants in the 
short rainy season, and 25 humans 
and 15 ruminants in the dry season 

• In the dry season, people took 
longer trips, travelled further on 
them and had larger home ranges 
compared to the short rainy 
season 

• People and ruminants from 
relatively poorer households 
travelled further than those from 
wealthier households 

• Humans spent more time in 
swampy areas during the short 
rainy season than the dry season 

• No specific seasonal differences in 
movement patterns for the 
ruminant population studied 
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Study objective Research questions Gaps in knowledge Data and methods Key findings 

Chapter 5  

To quantify the 
activity-driven 
movement 
patterns of a 
population in 
rural Kenya and 
explore links 
between these 
and 
demographic 
characteristics 

• How often do people visit 
different categories of places 
in their local area, and how 
long do they spend there? 

• Are demographic 
characteristics correlated with 
time spent at particular 
categories of places? 

• How well does the time spent 
at different places calculated 
from the GPS data reflect the 
time spent reported in the 
survey data? 

• Access to resources is 
linked to population 
vulnerability to vector-
borne disease (Bardosh et 
al., 2017) 

• Studies of mobility and 
resource access tend to 
focus on one type of 
resource 

• The activity spaces of 
rural populations in 
resource-poor settings is 
particularly understudied 

• Linear mixed models (LMMs) with 
fixed and random effects were 
used to measure relationship 
between the movement metrics 
and categories of place visited 

• Paired t-test to test for significant 
differences between survey-
reported and GPS-captured data 

• Survey data at individual and 
household levels from 75 
participants 

• GPS dataset collected from 26 
participants 

• People spent longest at health 
facilities, market and places of 
worship compared to other types 
of places 

• Mobility related to livestock 
activities, health facilities, water 
sources and places of worship 
were correlated with demographic 
factors while mobility to other 
types of place were not 

• Women spent significantly longer 
than men at health facilities 

• The GPS data more objectively 
reflected proportions of time 
spent at different categories of 
places compared to the survey 
data 
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Study objective Research questions Gaps in knowledge Data and methods Key findings 

Chapter 6 

To quantify the 
movement 
patterns of a 
large population 
in Mozambique 
and link these to 
incidence of 
malaria. 

• Where are human-mediated 
malaria parasite movements 
occurring in Mozambique? 
Specifically: 

• Which districts are the 
highest net importers and 
exporters of malaria 
parasites? 

• Are there differences in 
human-mediated malaria 
parasite movements between 
rural and urban areas? 

• How connected are districts in 
Mozambique through human-
mediated malaria parasite 
mobility? 

• How much of the malaria 
incidence in districts in 
southern Mozambique is due 
to importation from other 
districts? 

• P. falciparum prevalence 
in Mozambique varies 
widely across the 
country, from 57% in the 
north to under 1% in the 
south 

• CDR datasets have been 
previously used to 
quantify population 
movements in the 
context of malaria 

• No studies have 
explored how population 
mobility is linked to 
malaria incidence in 
Mozambique  

• Call detail record (CDR) dataset 
with over 10 billion records from 
over 5.5 million unique users 

• 5km malaria incidence maps from 
MAP (Colborn & Malaria Atlas 
Project, 2020) 

• High-resolution gridded population 
maps from the WorldPop project 
(WorldPop, 2018) 

• Spatial data on urban, peri-urban 
and rural areas from GHS 
Settlement Model Grid (GHS-
SMOD) (Pesaresi et al., 2019) 

• Cluster walktrap algorithm from 
the R package igraph (Csardi G, 
2006) 

 

• Identified net sources and 
sinks of malaria parasites in 
Mozambique, with top net 
sink districts corresponding to 
cities 

• 92% of malaria cases in 
Maputo province districts and 
Maputo city districts are 
imported from other 
(primarily local) districts 

• Most human movements are 
between urban areas, but 
most human-mediated 
malaria parasite movements 
are between rural areas 

• Observed a natural north-
south divide amongst district 
communities in Mozambique 
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7.2 Thesis contributions 

This thesis explored the fine-scale movement patterns of a small rural population, including their 

activity spaces and demographic characteristics, and quantified the large-scale movement 

patterns of the population of Mozambique in the context of malaria transmission. Consequently, 

this thesis makes some important contributions to the current scientific literature. 

In Chapter 4, I used GPS loggers and surveys to track the movements of humans and their 

livestock in two separate seasons. While previous studies have used GPS loggers to quantify the 

movements of humans and animals separately in the context of infectious diseases (Parsons et al., 

2014; Searle et al., 2017), this study was novel in its use of GPS loggers to track both 

simultaneously.  Moreover, the study contributes valuable data by tracking the same individuals 

across two seasons, allowing for the comparison of fine-scale movement patterns across seasons. 

Host movements (both human and animal) are key to vector-borne disease transmission yet are 

poorly understood, particularly in resource-poor areas where the burden of disease is highest. 

This study sheds light on the movement patterns of a small rural population in western Kenya, 

where the burden of zoonotic and vector-borne diseases is high and provides evidence to support 

further investigation into the link between movement patterns and vector-borne diseases on a 

fine scale. 

Chapter 5 presents a study of the activity spaces of the same rural population described in 

Chapter 4 and is the first study to quantify the time spent at different types of place using GPS 

loggers in a rural population. Bardosh et al., 2017 described how the accessibility of various 

resources is linked to household vulnerability to vector-borne diseases, and previous studies have 

explored the links between health facility access and various vector-borne diseases, particularly 

malaria (Alegana et al., 2012). However, the accessibility of local infrastructure for people in rural 

communities in relation to vector-borne disease is particularly understudied, and as such these 

analyses present novel findings and underscore the importance of understanding how movement 

patterns are linked to demographic characteristics and affect not only health facility access, but 

also access to several different types of resource and therefore are likely to be linked to 

vulnerability to vector-borne disease. This highlights the importance of disaggregating movement 

patterns by demographic characteristics in order to understand how they affect people’s 

vulnerability to vector-borne diseases differently. 

The analyses comprising the final study presented in Chapter 6 are the first to quantify population 

movement in the context of malaria transmission in Mozambique. Previous studies have used 

similar datasets and methods to analyse population movements and relate them to malaria 
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transmission in other countries in sub-Saharan Africa, but this study was the first to do so for 

Mozambique, a country where all 28.9 million residents are at high risk of malaria and 15,000 die 

of it each year. In addition, the analysis of this large-scale CDR dataset contributes further 

evidence to the literature about the value of such datasets and could potentially encourage future 

collaborations with telecommunications providers for addressing challenges posed by other 

infectious diseases such as dengue fever. Finally, the use of community structure algorithm in this 

study identified distinct communities in terms of malaria parasite movements, which provides 

vital information to decision-makers because the relative isolation of districts in the south means 

that elimination efforts here are unlikely to be undermined by movements from the north, and 

suggests that only limited surveillance is necessary to sustain elimination.  

7.3 Limitations 

The analyses in the preceding chapters were subject to several limitations, as outlined in the 

discussion sections of each chapter. Broadly, all three studies likely suffered from spatial bias 

inherent in the sampling methods. The studies in Chapters 4 and 5 that employed a simple 

random sampling strategy for household selection were biased towards people living in rural 

areas, because the selection of households was not weighted by population density. To overcome 

the bias in household selection in future studies, high-resolution population density data like 

those produced by the WorldPop project (WorldPop (www.worldpop.org - School of Geography 

and Environmental Science, University of Southampton; Department of Geography and 

Geosciences, University of Louisville; Departement de Geographie, Université de Namur) and 

Center for International Earth Sc, 2018) could be used to weight the selection of various points on 

the map. The study in Chapter 6 likely suffered from the opposite bias, in that people living in 

urban areas in Mozambique are more likely to own mobile phones than people living in rural 

areas (Saúde/INS et al., 2019), and therefore are likely to be overrepresented in the CDR dataset 

although I took steps to account for this limitation by multiplying the observed population in each 

district by a scaling factor weighted by the number of people residing in the district. 

Chapters 4 and 5 relied on the use of GPS loggers to track the fine-scale movements of people and 

their animals. The use of GPS devices to track people and animals in urban and rural settings has 

been previously documented (Parsons et al., 2014; Searle et al., 2017) and shown to be a reliable 

tool for tracking movements, with good portability, weight and battery life. However, the use of 

these devices for humans is subject to several limitations, one of which is the users’ agreement to 

wearing the device. For humans, full informed consent was obtained before issuing the GPS 

logger and participants were politely requested to wear the device as much as possible, but it was 

ultimately down to the participant’s choice where and when to wear the device, and therefore 



Chapter 7 

 112 

there were likely periods during the day where the device was not worn. The motion-detection 

function of the GPS device helped to account for this limitation, by allowing the identification of 

periods during daytime hours when the device was likely not being worn.   

Survey methods such as the ones used in Chapters 4 and 5 that rely on the ability of participants 

to recall places they have visited are inherently limited by recall bias: participants are more likely 

to remember places that hold higher importance to them, and less likely to recall places that they 

perceive to be less important. I attempted to minimise this limitation by using structured surveys 

with few open-ended questions and by using memory recall aids such as providing categories of 

places participants may have visited using publicly available data on local infrastructure and 

results of previous surveys in the area. I also compared the results of the survey that relied on 

participants recollection of places to the GPS results to see how well they matched and found 

similar patterns of visitation for some categories of place, as detailed in Chapter 5. 

The studies in Chapters 4 and 5 had small sample sizes due to resource constraints, which limited 

the ability to draw generalisable conclusions from the results. Furthermore, since people and their 

animals were only tracked for one week at a time, it is inadvisable to extrapolate these results 

temporally. Nevertheless, the tracking of the same individuals in different seasons and 

comparison to answers given in the travel history section of the individual surveys helped to 

mitigate these limitations, by extending the utility of the data available. 

The analyses in Chapter 6 relied on a CDR dataset to quantify people’s movements. CDRs are 

inherently limited in terms of spatial resolution by the density and coverage of the cell towers of 

the mobile operator. Secondly, CDR datasets can lack temporal resolution when long periods of 

time pass between call and text events. Therefore, in contrast to the GPS methods used in studies 

in Chapters 4 and 5 the CDR datasets only allowed for the detection of movements between the 

general regions surrounding cell towers, and only recorded a location when a call or text was 

made. Finally, the lack of demographic data from the subscriber population makes it impossible to 

know how representative the sample population is of the whole population of Mozambique – it is 

highly likely, for example, that the movements of children are underrepresented in the dataset, 

which is detrimental to the results because children are at higher risk of severe malaria than the 

general population due to their lack of immunity. Moreover, it is likely that women are 

underrepresented in the sample population, given recent statistics on mobile phone ownership by 

gender (60% of men, 45% of women own a mobile phone in Mozambique, a gender gap of 24% 

(GSMA, 2019)). Nevertheless, the large sample size (over 5.5 million subscribers out of the total 

population of 28.9 million people), penetration rate and area covered by the dataset allowed for a 

unique insight into the large-scale movements of people over a relatively long time period 
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compared to the studies in the preceding chapters and provided a level of detail sufficient to 

answer the research questions. 

7.4 Future research 

Future research in this area should aim to build on the findings discussed above, particularly with 

regard to expanding and strengthening the datasets collected in resource-poor settings. There are 

few studies of human movement patterns in these areas, particularly rural areas where many 

people are at highest risk of some vector-borne diseases. 

The exploratory nature of the study in Chapter 4 confirms the feasibility of simultaneously 

tracking human and livestock movements, as this had not previously been tested. Although the 

sample size was small, the data collected from participants yielded some interesting results over 

the two seasons studied. To address this limitation in future work, a larger sample size in this area 

could provide more detailed conclusions and reveal patterns that are generalizable to similar rural 

populations, particularly those with livestock. Nevertheless, the data obtained by tracking 

individuals across the two seasons were especially valuable, and thus a longitudinal cohort design 

where individuals are tracked continuously over the year could be an ideal method to gain data 

on long-term and long-distance movements, thus facilitating estimation of zoonotic and vector-

borne disease risk on wider spatial and temporal scales. 

Future studies may be able to overcome the time and cost issues of increasing the data collection 

period by utilising smartphone technology, which already captures the GPS locations of 

individuals under certain conditions. The collection of smartphone data in combination with GPS 

loggers has recently been piloted in an urban area of the UK and demonstrated that location 

histories from smartphones can be valid datasets for exploring individual movements 

(Ruktanonchai et al., 2018). In low-income areas of sub-Saharan Africa, this method would have a 

substantial bias towards wealthy people and is dependent on reliable cell phone network 

coverage, but smartphone ownership and demand for data plans have both been increasing in 

recent years (World Bank, 2012), making this a viable option for similar studies in the future. 

Finally, it would be beneficial to combine methods used in these studies, for example by exploring 

the impact of fine-scale human movements on malaria incidence within a much smaller area, 

which would require equally fine-scale malaria incidence data but may yield insight into the 

impact of local movements and particularly which demographic characteristics are linked to these 

movements. When analysed in conjunction with the results of large-scale studies such as those 

that use CDRs to examine mobility patterns, findings from complementary smaller-scale studies 
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could help researchers to fill in the gaps and identify the mobility patterns that are most 

important to the spread and persistence of vector-borne diseases at different scales. 

7.5 Potential impact and policy implications 

The findings presented in Chapters 4 to 6 have some potential implications for policymakers, 

particularly those working to control vector-borne diseases on fine scales, and separately for 

those working to control malaria in Mozambique such as the National Malaria Control Program. 

As previously mentioned, the analyses in Chapters 4 and 5 describing the movements of a small 

population in rural Kenya demonstrate the feasibility and value of using GPS loggers to monitor 

movements relatively soon after the movements occur. Datasets such as the ones I collected in 

rural Kenya could be used to ground-truth and design further studies of fine-scale movements and 

would be particularly valuable in conjunction with epidemiological data. Doing so could allow 

disease control programs to know how local human and domestic livestock populations of 

interest move and utilise their local infrastructure, which could in turn be used to design targeted 

interventions aimed at the subgroups most vulnerable to vector-borne diseases. This could have 

particularly high impact if used for vector-borne diseases that are highly localised, as fine-scale 

movements are most relevant where disease transmission occurs in small areas. 

The analyses in Chapter 6, at the opposing end of the spatiotemporal scale covering a much larger 

area and population could inherently have a larger impact as they provide empirical evidence of 

malaria parasite movements in Mozambique. The identification of districts in Mozambique that 

are big net sources of malaria parasites should be communicated to researchers and policy-

makers to ensure that interventions to control and reduce the burden of malaria here target areas 

that likely export the highest number of parasites, which may not be those with the highest 

burden. In light of the ongoing elimination efforts in the south of Mozambique, the analyses 

describing the likely malaria movements into southern provinces in Mozambique are particularly 

relevant. The high proportion of imported cases compared to locally acquired cases in the 

southern districts in Maputo province suggest that elimination is feasible here, if importations 

from nearby districts can be effectively reduced. As elimination is already targeted for Maputo 

province this year, and pre-elimination status for Gaza and Inhambane provinces by 2025, the 

next step for elimination programs will be to target these interventions to the communities that 

are most connected to the southern provinces through human-mediated parasite mobility. 

In terms of broader eradication goals for vector-borne diseases, high-quality data on the mobility 

of both human and animal populations will prove key to preventing and controlling outbreaks of 

disease worldwide. As the world becomes more connected and populations more mobile, vector-
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borne disease control programs will look to mobility studies that can describe individual 

movements on finer and finer scales. Mobile phone technologies that allow the geolocation of 

large numbers of subscribers will become increasingly valuable as penetration rates in some of 

the most disadvantaged and isolated areas of the world continue to grow. The results presented 

in this thesis provide empirical evidence of using mobility patterns to aid control of vector-borne 

diseases and should encourage future collaborations with telecommunications providers to 

address global challenges posed by other infectious diseases such as dengue fever. 

7.6 Final remarks 

The work presented in this thesis broadly addressed the question of how individual-level 

movements can affect exposure and vulnerability to vector-borne diseases on fine and large 

scales. Starting with the fine-scale movements of a rural population, I explored how individual 

movement patterns oat the fine-scale were linked to some demographic characteristics and saw 

how land use correlated with these movement patterns, which may be affecting exposure to 

vector-borne disease. Secondly, an examination of the activity spaces of the same rural 

population identified differences in resource access between individuals, which may be affecting 

vulnerability to vector-borne disease. Finally, an analysis of the large-scale movements of 

individuals in a population saw how malaria parasites are moved around the country, with 

increased movements of parasites from rural to urban areas and the identification of 

communities of human-mediated parasite movements that are likely to be good targets for 

elimination measures.  

The analyses in Chapters 4 and 5 have been published in peer-reviewed journals and the analysis 

in Chapter 6 will be submitted for publication this year, demonstrating their contributions to the 

scientific literature. The findings of these studies highlight the value of understanding human 

movements at opposite ends of the spatiotemporal scale in the context of vector-borne disease, 

particularly in low-resource settings. They also emphasize the utility of the methods employed, 

particularly those involving the use of new technology for tracking individual movements, paving 

the way for future studies to utilise high-resolution individual movement datasets to tackle the 

challenges posed by vector-borne diseases in low-resource settings. 
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Appendix A Chapter 4 Supplementary Information 

A.1 Chapter 4 supplementary tables 

A.1.1  Multivariable linear regression for movement response variables.  

The time spent, maximum distance and home ranges were log transformed before 

modelling, thus these estimates are factor increases and decreases. Figures in square 

brackets are 95% confidence intervals.  *** p < 0.001, ** p < 0.01, * p < 0.05. 

Response variable Explanatory variable Estimate p-value 

Time spent on trips 

outside of the 

household (humans) 

Ruminant ownership: yes [Ref = no] 0.92 [0.52, 1.87] 0.788 

Number of ruminants 1.17 [0.91, 1.46] 0.198 

Season: dry [Ref = short rainy] 1.23 [1.07, 1.41] 0.003 ** 

Age 1.01 [1.00, 1.01] 0.171 

Time spent on trips 

outside of the 

household 

(ruminants) 

Number of ruminants 

Household wealth 

0.95 [0.62, 1.46] 

1.00 [0.98, 1.01] 

0.804 

0.648 

Maximum distance 

travelled outside of 

the household 

(humans) 

Ruminant ownership: yes [Ref = no] 1.35 [0.56, 2.98] 0.494 

Number of ruminants 1.09 [0.78, 1.53] 0.644 

Occupation: non-farmer [Ref = farmer] 1.37 [0.88, 2.19] 0.201 

Season: dry [Ref = short rainy] 1.38 [1.21, 1.57] < 0.001 *** 

Household wealth 1.00 [0.99, 1.01] 0.628 

Home range 

(humans) 

Season: dry [Ref = short rainy] 3.20 [1.55, 6.83] 0.004 ** 

Age 1.03 [1.00, 1.07] 0.056 

 

A.1.2 Univariable linear regression for movement response variables including 

interaction terms for significant covariates.  

The time spent, maximum distance and home ranges were log transformed before 

modelling, thus these estimates are factor increases and decreases. Figures in square 

brackets are 95% confidence intervals.  *** p < 0.001, ** p < 0.01, * p < 0.05. 
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Response variable Interactions tested Estimate p-value 

Time spent on trips 

outside of the 

household 

(humans) 

Ruminant ownership: yes [Ref = no] 

Season: dry [Ref = short rainy] 

Ruminant ownership: yes *Season: dry  

1.88 [1.32, 2.69] 

2.12 [1.53, 2.94] 

0.52 [0.36, 0.74] 

0.002 ** 

< 0.001 *** 

< 0.001 *** 

Number of ruminants 

Season: dry [Ref = short rainy] 

Number of ruminants*Season: dry 

1.29 [1.12, 1.51] 

1.77 [1.37, 2.29] 

0.79 [0.69, 0.91] 

0.002 ** 

< 0.001 *** 

0.001 ** 

Age 

Season: dry [Ref = short rainy] 

Age*Season: dry [Ref = short rainy] 

1.01 [1.00, 1.01] 

0.96 [0.63, 1.44] 

1.01 [1.00, 1.01] 

0.235 

0.836 

0.197 

Time spent on trips 

outside of the 

household 

(ruminants) 

Number of ruminants 

Season: dry [Ref = short rainy] 

Number of ruminants*Season: dry 

0.95 [0.66, 1.38] 

0.78 [0.49, 1.24] 

1.09 [0.72, 1.65] 

0.789 

0.292 

0.689 

Household wealth 

Season: dry [Ref = short rainy] 

Household wealth*Season: dry 

1.00 [0.98, 1.01] 

0.82 [0.41, 1.67] 

1.00 [0.98, 1.02] 

0.756 

0.578 

0.940 

Maximum distance 

travelled outside of 

the household 

(humans) 

Ruminant ownership: yes [Ref = no] 

Season: dry [Ref = short rainy] 

Ruminant ownership: yes *Season: dry 

1.67 [1.02, 2.73] 

1.95 [1.42, 2.66] 

0.66 [0.47, 0.93] 

0.049 * 

< 0.001 *** 

0.018 * 

Number of ruminants 

Season: dry [Ref = short rainy] 

Number of ruminants*Season: dry 

1.22 [0.99, 1.50] 

1.70 [1.33, 2.17] 

0.88 [0.77, 1.00] 

0.078 

< 0.001 *** 

0.054 

Occupation: non-farmer [Ref = farmer] 

Season: dry [Ref = short rainy] 

Occupation: non-farmer *Season: dry 

1.31 [0.82, 2.13] 

1.45 [1.25, 1.69] 

0.83 [0.62, 1.13] 

0.271 

< 0.001 *** 

0.243 

Household wealth 

Season: dry [Ref = short rainy] 

Household wealth*Season: dry 

0.99 [0.98, 1.01] 

1.22 [0.87, 1.72] 

1.00 [1.00, 1.01] 

0.366 

0.251 

0.430 

Maximum distance 

travelled outside of 

Household wealth 

Season: dry [Ref = short rainy] 

Household wealth*Season: dry 

1.01 [1.00, 1.01] 

1.30 [0.86, 1.99] 

0.99 [0.98, 1.00] 

0.183 

0.216 

0.098 
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Response variable Interactions tested Estimate p-value 

the household 

(ruminants) 

Home range 

(humans) 

Age 

Season: dry [Ref = short rainy] 

Age*Season: dry 

1.03 [0.99, 1.07] 

2.46 [0.32, 20.63] 

1.01 [0.96, 1.05] 

0.133 

0.406 

0.794 

Home range 

(ruminants) 

Number of ruminants 

Season: dry [Ref = short rainy] 

Number of ruminants*Season: dry 

2.29 [1.10, 4.75] 

1.47 [0.22, 9.50] 

0.72 [0.28, 1.84] 

0.040 

0.697 

0.504 

 

A.1.3 Univariable beta regression for time spent by humans and ruminants on 

different types of land. 

Figures in square brackets are 95% confidence intervals. *** p < 0.001, ** p < 0.01, 

*p < 0.05. 

Land type Explanatory variable Odds ratio p-value 

Artificial or bare land 

(humans) 

Ruminant ownership: yes [Ref = no] 1.63 [0.36, 7.37] 0.527 

Number of ruminants 0.93 [0.63, 1.38] 0.727 

Gender: male [Ref = female] 1.08 [0.32, 3.68] 0.900 

Occupation: non-farmer [Ref = farmer] 1.21 [0.36, 4.05] 0.758 

Season: dry [Ref = short rainy] 1.12 [0.92, 1.36] 0.267 

Household wealth 0.97 [0.95, 1.00] 0.093 

Age 1.02 [0.99, 1.05] 0.193 

Artificial or bare land 

(ruminants) 

Number of ruminants Invalid model NA 

Season: dry [Ref = short rainy] 1.27 [1.03, 1.58] 0.028 * 

Household wealth 0.96 [0.92, 1.00] 0.041 * 

Crops or grassland 

(humans) 

Ruminant ownership: yes [Ref = no] 0.74 [0.46, 1.17] 0.196 

Number of ruminants 0.98 [0.85, 1.13] 0.773 

Gender: male [Ref = female] 0.87 [0.57, 1.35] 0.545 

Occupation: non-farmer [Ref = farmer] 1.45 [0.94, 2.22] 0.091 
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Land type Explanatory variable Odds ratio p-value 

Season: dry [Ref = short rainy] 1.01 [0.87, 1.17] 0.929 

Household wealth 1.01 [1.00, 1.02] 0.152 

Age 1.00 [0.98, 1.01] 0.459 

Crops or grassland 

(ruminants) 

Number of ruminants 1.00 [0.75, 1.34] 0.991 

Season: dry [Ref = short rainy] 1.16 [0.90, 1.51] 0.256 

Household wealth 1.01 [0.99, 1.02] 0.215 

Rice paddies (humans) Ruminant ownership: yes [Ref = no] 1.07 [0.87, 1.32] 0.493 

Number of ruminants 1.05 [1.00, 1.11] 0.073 

Gender: male [Ref = female] 0.96 [0.81, 1.13] 0.633 

Occupation: non-farmer [Ref = farmer] 0.94 [0.80, 1.12] 0.492 

Season: dry [Ref = short rainy] 1.10 [0.95, 1.26] 0.204 

Household wealth Invalid model NA 

Age 1.00 [0.99, 1.00] 0.541 

Rice paddies (ruminants) Number of ruminants 1.08 [1.03, 1.13] 0.001 ** 

Season: dry [Ref = short rainy] 1.00 [0.91, 1.09] 0.981 

Household wealth 1.00 [1.00, 1.00] 0.518 

Swampland (humans) Ruminant ownership: yes [Ref = no] 1.19 [0.62, 2.27] 0.609 

Number of ruminants 1.19 [0.89, 1.57] 0.240 

Gender: male [Ref = female] 1.57 [0.86, 2.85] 0.141 

Occupation: non-farmer [Ref = farmer] 0.45 [0.18, 1.10] 0.079 

Season: dry [Ref = short rainy] 0.83 [0.69, 0.99] 0.034 * 

Household wealth 1.01 [0.99, 1.04] 0.385 

Age 0.99 [0.96, 1.01] 0.273 

Swampland (ruminants) Number of ruminants 1.68 [0.83, 3.42] 0.149 

Season: dry [Ref = short rainy] 1.25 [0.96, 1.63] 0.093 

Household wealth 1.01 [0.98, 1.04] 0.688 

Ruminant ownership: yes [Ref = no] 2.79 [1.11, 6.98] 0.029 * 
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Land type Explanatory variable Odds ratio p-value 

Woodland or shrubs 

(humans) 

Number of ruminants 1.38 [1.06, 1.80] 0.017 * 

Gender: male [Ref = female] 1.17 [0.49, 2.82] 0.718 

Occupation: non-farmer [Ref = farmer] 0.94 [0.38, 2.34] 0.901 

Season: dry [Ref = short rainy] 0.96 [0.81, 1.14] 0.642 

Household wealth 1.01 [0.99, 1.04] 0.315 

Age 1.00 [0.98, 1.03] 0.746 

Woodland or shrubs 

(ruminants) 

Number of ruminants 1.32 [0.89, 1.98] 0.173 

Season: dry [Ref = short rainy] 1.31 [0.88, 1.95] 0.188 

Household wealth 1.02 [1.00, 1.04] 0.067 

 

 

A.1.4 Univariable beta regression for time spent by humans on different types of 

land including interaction between ruminant ownership and season.  

Figures in square brackets are 95% confidence intervals. ***p < 0.001, **p < 0.01, *p 

< 0.05. 

Land type Explanatory variable Odds ratio p-value 

Artificial or bare land  Ruminant ownership: yes [Ref = no] 

Season: dry [Ref = short rainy] 

Ruminant ownership: yes *Season: dry 

2.89 [0.63, 13.33] 

3.97 [1.50, 10.53] 

0.30 [0.11, 0.84] 

0.173 

0.006 ** 

0.023 * 

Crops or grassland  Ruminant ownership: yes [Ref = no] 

Season: dry [Ref = short rainy] 

Ruminant ownership: yes *Season: dry 

0.88 [0.60, 1.30] 

1.08 [0.78, 1.50] 

0.88 [0.61, 1.27] 

0.529 

0.630 

0.501 

Rice paddies Ruminant ownership: yes [Ref = no] 

Season: dry [Ref = short rainy] 

Ruminant ownership: yes *Season: dry 

1.29 [0.47, 3.55] 

1.72 [0.51, 5.81] 

0.76 [0.19, 2.94] 

0.619 

0.381 

0.686 

Swampland  Ruminant ownership: yes [Ref = no] 

Season: dry [Ref = short rainy] 

Ruminant ownership: yes *Season: dry 

2.94 [0.77, 11.30] 

2.19 [0.98, 4.87] 

0.36 [0.15, 0.84] 

0.116 

0.056  

0.018 * 
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Land type Explanatory variable Odds ratio p-value 

Woodland or shrubs Ruminant ownership: yes [Ref = no] 

Season: dry [Ref = short rainy] 

Ruminant ownership: yes *Season: dry 

 

Invalid model 

 

NA 

 

 

A.2 Household and individual survey 

Individual questions 

• Sublocation 

• Household ID 

• Collect the GPS coordinates of this household. 

• Language of administration 

• Name of respondent 

• Age of respondent 

• Gender of respondent 

• Tribal origin 

• Principal religion 

• Marital status 

• Level of education reached 

• Years lived in current village 

• Major occupation 

 

Individual movement questions 

Do you regularly visit any of these places? 

• School 

• Place of work (livestock-related) 

• Place of work (other) 

• Health facility 

• Place of worship 

• Market - animal 

• Market - other 

• Shop 

• Another household 

• Less regular, e.g. annual visits 

For each place:  

• Does the place have a name? 

• How often do you typically go there? 

• How do you usually travel there? 

• How much does it cost? 

• How long does it take you to get there (minutes)? 

• How long do you typically spend there (hours)? 

• Do any children go with you? 

• How many? 
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Household questions 

• How many members does this household have? 

• Gender of household member 

• Age of household member 

• What is the highest school grade that the female head/spouse has completed? 

• What is the main occupation of the male head/spouse? 

• How many habitable rooms does this household occupy in its main dwelling?  

• What is the floor of the main dwelling predominantly made of? 

• What is your source of water for cooking? 

• What is your source of water for drinking? 

• What is the main source of lighting fuel for the household? 

• Is there a latrine in the household? 

• What type(s)? 

• Is there evidence of scrounging by animals around the latrine? 

• Transport: does your household own any of the following? 

• Does your household own any irons (charcoal or electric?) 

• How many mosquito nets does your household own? 

• How many towels does your household own? 

• How many frying pans does your household own? 

• Do you grow crops? 

• Why do you grow crops? 

• How do you get to your crops? 

• How much does it cost? 

• Approximately how long does it take you to get to your crops in minutes?  

• Where does the majority of your household access medical facilities? 

• How do you normally travel to the medical facility? 

• How long does it normally take to get there (minutes)? 

 

 

Household livestock questions 

• Does this homestead keep any animals? 

• Where do you access veterinary services? 

• Have you used the veterinary services in the last 12 months? 

• Does this homestead keep cattle? 

• Cattle questions 

• How many males? 

• How many females? 

• Why do you keep cattle? 

• Do you ever buy cattle or have you received cattle as a gift from outside the household? 

• How long ago did you last buy/receive new cattle? 

• Where do you usually buy/receive new cattle from? 

• Do your cows/bulls engage in communal breeding? 

• Are cattle herded with goats or sheep? 

• How do you graze/feed your cattle? 

• What is the water source for your cattle? 

• Do you use medicine to prevent or treat disease in your cattle? 

• Where do you get medicine for your cattle from? 

• Have any cattle in the home been given any vaccinations? 
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• Do you know which vaccines have been given? 

• Do you always pasteurize your milk before consumption? 

 

Cattle questions 

• Are you involved in feeding the cattle? 

• Are you involved in milking the cattle? 

• Are you involved in taking cattle to water? 

• Are you involved in birthing the cattle? 

• Have you ever experienced abortion in your herd? 

• When was the last abortion? 

• Do you ever handle cattle abortion material? 

• What do you do with the aborted material? 

• Are you involved in handling cattle manure? 

• Do you ever buy cattle from a market? 

• Do you ever take the cattle to a market? 

• Are you involved in cattle skinning? 

• Are you involved in cattle burial? 
o For each of the above: 
o How often do you do this activity? 
o Do you have to travel outside the household to do this activity? 
o What type of place do you go to for this activity? 
o If yes, how do you travel there? 
o How much does it cost? 
o How long does it take you to travel there (minutes)? 
o How long do you spend there (hours)? 
o How many children go with you? 
o What is the name of the place? 

 

Pig questions 

• Does this homestead keep pigs? 

• How many piglets? 

• How many adult males? 

• How many adult females? 

• Why do you keep pigs? 

• Do you buy pigs from a market? 

• What is the name of the market? 

• How do you normally travel to the market? 

• How much does it cost? 

• How long does it normally take to get there (minutes)? 

• How do you house the pigs? 

• How do you feed the pigs? 

• Are pigs fed waste? 

• If pigs are fed waste, is it cooked prior to feeding it to the pig? 

• Are pigs housed during any season? 

• What is the flooring in the pig housing? 

• Do you use medicine to prevent or treat disease in your pigs? 

• Where do you purchase medicine for your pigs? 

• Have the pigs on the homestead been vaccinated against anything? 

• Does the participant know which vaccine was given to the pigs? 
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• Name/purpose of vaccine 

• Are there any significant problems with your pigs? 

• Are you involved in feeding the pigs? 

• Are you involved in taking pigs to water? 

• Are you involved in birthing the pigs? 

• Are you involved in handling pig manure? 

• Are you involved in taking pigs to market? 

• Are you involved in pig slaughter? 

• Are your pigs inspected at slaughter? 

• Who inspects the meat for cysts? 

• If cysts are found, what do you do with the meat? 

• Are you involved in pig burial? 

• For each of the activities above: 
o How often do you do this activity? 
o Do you have to travel outside the household to do this activity? 
o What type of place do you go to for this activity? 
o If yes, how do you travel there? 
o How much does it cost? 
o How long does it take you to travel there (minutes)? 
o How long do you spend there (hours)? 
o How many children go with you? 
o What is the name of the place? 

 

 

Sheep/goat questions 

• Does this homestead keep sheep/goats? 

• How many sheep/goats? 

• Do you buy sheep/goats from a market? 

• What is the name of the market? 

• How do you normally travel to the market? 

• How much does it cost? 

• How long does it normally take to get there (minutes)? 

• How do you house the sheep/goats? 

• How do you graze/feed your sheep/goats? 

• Are you involved in feeding the sheep/goats? 

• Are you involved in milking the sheep/goats? 

• Are you involved in taking sheep/goats to water? 

• Are you involved in birthing the sheep/goats? 

• Are you involved in handling sheep/goat abortion material? 

• Are you involved in handling sheep/goats manure? 

• Are you involved in taking sheep/goats to market? 

• Are you involved in sheep/goat slaughter? 

• Are you involved in sheep/goat skinning? 

• Are you involved in sheep/goat burial? 

• For each of the activities above: 
o How often do you do this activity? 
o Do you have to travel outside the household to do this activity? 
o What type of place do you go to for this activity? 
o If yes, how do you travel there? 
o How much does it cost? 
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o How long does it take you to travel there (minutes)? 
o How long do you spend there (hours)? 
o How many children go with you? 
o What is the name of the place? 

 

Final questions 

• Does this homestead keep chickens? 

• Do you feed your chickens? 

• Do livestock have access to the buildings you sleep in? 

• Which livestock have access to the buildings you sleep in? 

• In the last 12 months, have you seen wildlife around the home? 

• What wildlife have you seen? 

• Tracker given? 

• Tracker ID 
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Appendix B Chapter 5 Supplementary Information 

B.1 Chapter 5 supplementary table 

B.1.1 Relationships between travelling time and demographic characteristics of 

the surveyed population for different types of activity.  

Figures in square brackets are 95% confidence intervals.  *** p < 0.001, ** p < 0.01, * 

p < 0.05. 

Activity type Explanatory variable Estimate p-value 

Livestock 

activity 

Travelling time Gender: male [Ref = female] 1.43 [0.75, 2.86] 0.287  

Occupation: non-farmer [Ref = 

farmer] 

1.50 [0.79, 2.81] 0.215  

Household wealth 2.25 [0.74, 6.84] 0.162  

Age 1.01 [0.99, 1.03] 0.555  

Health facility Travelling 

time 

Gender: male [Ref = female] 0.80 [0.60, 1.09] 0.153  

Occupation: non-farmer [Ref = 

farmer] 

0.90 [0.64, 1.29] 0.559  

Household wealth 0.94 [0.55, 1.60] 0.824  

Age 1.00 [0.99, 1.01] 0.655  

Place of 

worship 

Travelling 

time 

Gender: male [Ref = female] 0.74 [0.51, 1.10] 0.130  

Occupation: non-farmer [Ref = 

farmer] 

0.80 [0.52, 1.20] 0.276  

Household wealth 0.83 [0.47, 1.48] 0.538  

Age 1.00 [0.99, 1.01] 0.940  

Market Travelling 

time 

Gender: male [Ref = female] 0.94 [0.45, 1.96] 0.877  

Occupation: non-farmer [Ref = 

farmer] 

0.58 [0.28, 1.20] 0.148  

Household wealth 1.01 [0.40, 2.55] 0.989  

Age 0.99 [0.97, 1.02] 0.574  
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Activity type Explanatory variable Estimate p-value 

Household 

visits 

Travelling 

time 

Gender: male [Ref = female] 1.14 [0.83, 1.58] 0.423  

Occupation: non-farmer [Ref = 

farmer] 

0.81 [0.59, 1.11] 0.198  

Household wealth 0.96 [0.64, 1.43] 0.826  

Age 1.01 [1.00, 1.02] 0.074  

Water activity Travelling 

time 

Gender: male [Ref = female] 2.52 [0.92, 6.65] 0.075  

Occupation: non-farmer [Ref = 

farmer] 

0.86 [0.34, 2.13] 0.755  

Household wealth 0.69 [0.22, 2.17] 0.535  

Age 1.00 [0.97, 1.03] 0.976  
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Appendix C  Chapter 6 Supplementary Information 

C.1 Estimating subscriber bias 

I used gridded human population data at 100m resolution from the WorldPop project (WorldPop 

(www.worldpop.org - School of Geography and Environmental Science, University of 

Southampton; Department of Geography and Geosciences, University of Louisville; Departement 

de Geographie, Universite de Namur) and Center for International Earth Sc, 2018) to obtain 

estimates of the number of people residing in each district of Mozambique. I compared these to 

the number of geolocated subscribers in each district, which were extracted from the mobility 

matrices by calculating the mean number of people in each that spent the night in each district 

over the time span of the dataset (Appendix C.1.1). I divided the WorldPop estimate of population 

in each district by the number of subscribers in each district to obtain scaling factors, and later 

used these to scale estimates of people moving out of the districts to estimate actual population 

movements.  

 

C.1.1 Populations estimated by the WorldPop project vs. populations estimated 

from the CDR dataset for each district. 
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C.1.2 Net mean daily movements for human-mediated malaria parasite flows by 

district for February to May 2018.  

Grey areas indicate regions where the amount of data available did not meet privacy 

thresholds as detailed in the methods. 

 

Figure C.1.3 compares the distances travelled into and out of districts and shows how generally 

the median distance travelled into and out of each district were similar, although these were 

influenced by both tower distribution and the size and shape of districts. Districts with the 

shortest median distances were net sinks while districts with the largest distances were net 

sources. I identified seven districts that could be important sources of malaria, which were net 

sources with people travelling median distances of more than 130 km out of the district (double 

the median distance travelled out of all districts). Four of these seven districts lie on the borders 

with Zimbabwe and South Africa and are likely exporting malaria cases into these countries, 

although I was unable to measure cross-border movement. 
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C.1.3 Districts of Mozambique by distance travelled into and out of the district, 

size of net daily movements and type (net sink vs. net source).  

Labelled: 7 districts that were net sources exporting cases over relatively high 

distances (>130km, the median distance travelled by people leaving all districts).  
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C.1.4 Net mean daily movements in the direction of increasing urbanicity (rural to 

peri-urban to urban) for human-mediated malaria parasite flows by district 

for February to May 2018.  

A Net daily movements for all districts in Mozambique. B Net daily movements for 

districts in southern four provinces. C Net daily movements that were > 25km in 

distances for all districts in Mozambique. D Net daily movements that were > 25km in 

distance for districts in the southern four provinces in Mozambique. Grey areas 
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indicate regions where the amount of data available did not meet privacy thresholds 

as detailed in the methods. 

 

C.1.5 Classification of grid cells used by GHS-SMOD  

Grid cells used for the urban-rural analysis in Chapter 6 were obtained from GHS-SMOD (Pesaresi 

et al., 2019). Cells with the codes 30, 23 and 22 were used to classify an area as urban. Cells with 

the code 21 were used to classify an area as peri-urban. Cells with the codes 13,12 and 11 were 

used to classify an area as rural. Cells with the code 10 were excluded. 
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