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Abstract

Background: Schistosomiasis is a waterborne parasitic disease that affects 250 million people globally,
more than 90% of whom live in sub-Saharan Africa. Human behaviour is a key influencing factor of local
transmission dynamics yet remains poorly understood, with existing research being reliant on aggregate
mobility data and self-reported water contact without validated measurement tools to study exposure
behaviour. This thesis uses detailed individual-level survey, GPS logger, and direct observation data to
characterise the influence of current human water contact behaviour, mobility, and access to safe water
supplies on the epidemiology of Schistosoma mansoni with a focus on rural Uganda. Here, current water
contact is defined as engaging in any water contact within the past year or more frequently.

Methods: Chapter 2 presents a systematic review and meta-analysis of 101 studies covering 192,691
participants, which examines the relationship between current water contact and schistosome infection
likelihood. Chapter 3 presents an analysis of water contact patterns in the SchistoTrack cohort (n = 2867)
in Uganda, employing Bayesian variable selection and multivariable logistic regression. Chapter 4
utilises GPS loggers from 452 SchistoTrack participants to build spatial decay models for predicting
water site usage patterns, with a focus on the influence of human mobility and safe water supplies.

Results: Chapter 2 found that individuals with current water contact had 3.14 times higher odds of
schistosome infection compared to those without contact, and that associations varied based on climate.
Chapter 3 identified older age, fishing occupations, proximity to multiple water sites, and village-
level infection prevalence as key determinants of water contact. There was a strong age and gender
dependence in water contact with minimal correlation between current water contact and infection.
Chapter 4 developed spatial decay models that predict water site and tap usage with high accuracy and
suggested that the presence of safe water infrastructure (taps/boreholes) could reduce water site usage by
up to 10% and the duration of open water contact by up to 31%.

Significance: This thesis offers insights into the role of human behaviour for schistosomiasis; it challenges
the assumption that current water contact is necessarily a strong proxy indicator for infection status. It
highlights the strong spatial concentration of water contact among individuals living near water bodies
and exponential distance decays in water contact. Generalisable models are provided that predict water
site usage to aid future intervention targeting and evaluation for the provision of safe water supplies.
These findings are anticipated to inform the improved integration of behavioural factors into transmission
models and guide future exposure measurement in control programmes.
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Chapter 1

Introduction

1.1 Context and Global Burden of Schistosomiasis

Human schistosomiasis is a neglected tropical disease that is endemic to 78 countries across

Asia, the Middle East, North Africa, and South America [1]. According to the 2021 Global

Burden of Disease Study, 1,746,000 disability-adjusted life-years (DALYs) and 13,000 annual

deaths are attributed to schistosomiasis [2, 3]. Estimates of the number of people infected vary

between 150–250 million people [1, 3, 4]. Almost 90% of all cases, morbidity, and mortality are

estimated to occur in sub-Saharan Africa [2, 3] where 288 million people were estimated to be

at risk of schistosomiasis in 2019 and where 128–163 million people were infected, according to

recent modelling studies [3, 5]. Schistosomiasis is a disease of poverty, with rural populations

commonly experiencing the highest levels of exposure due to subsistence fishing or agriculture

and the lack of access to safe water, sanitation, and hygiene (WASH) infrastructure [6].

For children, untreated childhood infections have been associated with malnutrition, stunt-

ing, and delayed cognitive development [7–9]. For adults, chronic inflammation due to sustained

infection has been shown to cause liver, spleen, and bladder damage and to increase the risk

of cancers or organ failure (depending on the Schistosoma species) [10]. For communities, the

absence of treatment has been linked to reduced fishing and agricultural productivity [11, 12].

Schistosomiasis can contribute to poverty traps by reinforcing cycles of disease and economic

hardship [13]. For example, children in poor households may be more likely to be malnourished

and chronically infected and thus at increased risk of developing anaemia, stunting, and delayed

cognitive development, which can hinder their ability to attend and perform well in school [14].

Reduced educational attainment limits future employment opportunities and earning potential,
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increasing the likelihood of persistent intergenerational poverty traps.

1.2 Schistosome Biology

The causative agents of schistosomiasis are parasitic flatworms (trematodes) of the genus

Schistosoma. In sub-Saharan Africa, the geographic focus of this thesis, the two main species

are S. haematobium and S. mansoni [15, 16]. S. haematobium causes the urogenital form

of schistosomiasis, while S. mansoni causes the intestinal form. These species exhibit slightly

different life cycles with different competent snail hosts required, different organs targeted (liver,

spleen, and gut for intestinal species whereas predominantly the bladder for the urogenital forms),

and different egg excretion routes [1].

When an infected individual contaminates the environment via open urination (S. haema-

tobium) or open defecation (S. mansoni), the parasite eggs are released into the environment.

Upon contact with freshwater, the eggs hatch miracidia, the first larval stage of the parasite. The

miracidia penetrate freshwater snails, where they undergo asexual reproduction. After 30 days

of development within the intermediate hosts [17], the snails shed cercariae, the second larval

stage, in response to sunlight exposure. The cercariae, which are free-swimming, locate human

hosts via thermosensation and penetrate the skin. During this process, the cercariae lose their

tails and transform into schistosomulae.

Once inside the host, the schistosomulae enter the venous blood system and migrate to the

hepatic portal system. Inside the mesenteric veins of the liver, the schistosomulae mature into

sex-differentiated adult flukes. Male-female fluke pairs are required for reproduction. Once

paired, the flukes migrate; for the species S. mansoni to the mesenteric veins of the bowel,

where they attach to the intestinal wall. S. haematobium flukes attach to the venous plexus of

the bladder and urogenital tract. Four to six weeks post-infection, the eggs laid by the female

penetrate through the intestinal wall (S. mansoni) or bladder wall (S. haematobium) and are

excreted via the faeces or urine, respectively, completing the lifecycle [1, 18].
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1.2.1 Immunology

Infection prevalence with schistosomiasis typically peaks in children aged 10–15 years and

declines thereafter in endemic areas. Most individuals become infected early in life, as demon-

strated by a study in Kenya where seroprevalence based on antibody responses to S. mansoni

soluble egg antigen reached 38% by age two and 63% by age five [19].

This natural decline in infection levels with age has been attributed to the gradual de-

velopment of acquired immunity [20]. Repeated exposure to infection and treatment with

praziquantel (which kills adult worms and releases their antigens) both contribute to protective

immune responses [21]. These protective responses are characterised by elevated production

of parasite-specific antibodies, including a strong IgE response [22].

Importantly, immunity is Schistosoma species-specific, meaning that protection against one

species does not necessarily confer protection against others. Different schistosome species can

trigger distinct patterns of immune responses in their hosts [23, 24].

Immune responses play a key role not only in protection against infection, but also in

disease development. The formation of granulomas around deposited eggs represents a critical

immune-driven response that aims to contain the eggs and limit tissue damage. However,

while granulomas help isolate the eggs and their secreted products, excessive or prolonged

granulomatous inflammation can lead to fibrosis, organ dysfunction, and other Schistosoma-

related morbidities [1].

1.3 Behavioural Aspects of Transmission

While the complete schistosome life cycle for S. japonicum has been described as early as

1913 [26], schistosome biology alone remains insufficient to characterise local pathogen trans-

mission dynamics. A study in Senegal, for instance, mapped snail dynamics using remote

sensing and malacology in unprecedented detail and included ten granular snail-related vari-

ables in statistical models. Nonetheless, the ability of these models in predicting S. haematobium

reinfection of individuals was limited as the marginal 𝑅2 was 0.36 [27]. Behavioural factors

which vary between villages, households, genders and based on age, could potentially play a
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key role in explaining differences in prevalence across geographies and the existence of preva-

lence hotspot villages [28, 29]. Within the natural schistosome life cycle, behavioural factors

intervene at two stages: during human water contact and during contamination (Fig. 1.1).

1.3.1 Human Water Contact Behaviour

In this thesis, schistosome exposure is defined as having water contact at sites infested with

cercariae. The type of water contact behaviours that people in endemic areas engage in,

such as swimming, fishing, bathing, washing, or laundry, play a critical role in determining

infection likelihood as different activities typically have different frequencies and durations

and different degrees of immersion [30–33]. Activities may also be done at different times of

the day and such variation also implies differences in infection likelihood as there are diurnal

patterns in cercarial shedding [34]. It is well-known that contact behaviours are highly variable

across small spatial scales, with differences observed in water contact duration, frequency, and

Figure 1.1. The Schistosoma sp. lifecycle and control strategies. Control strategy (A) rep-
resents mass drug administration (MDA) using praziquantel. (B–F) are environmental control
strategies to reduce snail presence: (B) chemical molluscicides, (C) natural predators, (D) habi-
tat modification, (E) creative technologies such as gene drive, (F) traps or repellents and other
“out of the box” strategies. (G–H) are water, sanitation, and hygiene (WASH) interventions:
(G) provision of safe sanitation infrastructure, (H) provision of safe water supplies. (I) repre-
sents health education/behaviour change. This figure was adapted from [25] and reproduced
with publisher permission.
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activities across households, villages, age groups, genders, and occupational groups [30, 35–40].

Mathematical models have demonstrated that communities with more heterogeneous levels of

water contact exhibit higher transmission levels compared to communities with homogeneous

water contact patterns, all else being equal [41]. Knowledge of water contact behaviour is

crucial for understanding community transmission and individual-level infection risks.

1.3.2 Human Behaviour and Water Site Contamination

Environmental contamination by humans via open defecation, urination, or the lack of safe

wastewater disposal enables schistosome eggs to enter the environment and infect competent

freshwater snails. In rural communities lacking access to safe WASH, defecation or urination

may occur directly at water sites, including sites designated as “public toilets”, or in areas

where excreta may be washed into waterbodies [42, 43]. Contamination is a key driver of

both local and long-range transmission. For instance, the establishment of a new transmission

locus of S. haematobium at the Cavu River in Corsica, France, in 2015 was likely due to

open urination by infected individuals from Senegal [44]. The primary strategy to reduce

contamination of freshwater with human excreta is building safe sanitation infrastructure. As

noted by Grimes et al. [45], despite the importance of building safe sanitation infrastructure,

preventing contamination may be a less effective control strategy than reducing human water

contact. In a study in Ethiopia across 1645 schools, water contact was significantly associated

with S. mansoni infection while sanitation was not [46]. A key difficulty for sanitation is

that near-universal coverage may be required due to the non-linear asexual reproduction of

cercariae; one S. mansoni egg can produce 340 cercariae and an average infected snail sheds

16,000 cercariae [47]. Thus, local transmission will continue even if sanitation reduces the

number of schistosome eggs released into the environment [45].

1.3.3 Human Mobility

Human mobility may influence both local and long-range transmission [48, 49]. Mobile individ-

uals may have increased water contact and visit multiple water sites, increasing their infection

risk [50, 51]. However, the opposite has also been reported especially as temporary migration
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to urban areas may reduce water contact [49, 52]. Heavily infected, mobile individuals, such as

migrant fishing populations, could play a significant role in long-range transmission, potentially

introducing the parasite to new geographic areas [53, 54]. These populations may also (re-

)introduce Schistosoma parasites into their home villages if infections are acquired elsewhere

and local water sites are subsequently contaminated.

1.4 Relevance of Human Behavioural Factors for Schistosomiasis Control

Interventions and Policy

With no vaccine currently available [55], mass drug administration (MDA) using praziquantel

has been adopted as the primary control strategy by the World Health Organization (WHO) [56].

However, praziquantel does not prevent reinfection, and past MDA campaigns have encountered

challenges, including low treatment coverage and marginalised households being missed [57].

Concerns have also been raised regarding the potential development of drug resistance with

repeated MDA [57, 58]. To achieve the 2030 WHO roadmap targets for neglected tropical

diseases [59], MDA must be complemented by additional control interventions, such as WASH

provision, environmental control or modification, or behaviour change [60–63].

The efficacy of non-pharmaceutical components within multifaceted control programmes

depends on their ability to modify environmental risk or human behaviour (Fig. 1.1). Changes

in human behaviour may be achieved through health education, modifications to the social

or physical environment, or the implementation of incentives [63]. However, what the most

effective approaches to behaviour change are remains open to debate. Among behaviour

change interventions in a recent systematic review by Torres-Vitolas et al., 71% relied on self-

reported measures to capture changes in water contact behaviour, and only 48% of studies

randomly assigned participants to interventions [63]. The most rigorous evaluation of the

impacts of behaviour change on schistosome infection was a randomised controlled trial (RCT)

conducted in Zanzibar, a near-elimination setting [61]. Compared to the MDA-only arm, five-

year S. haematobium infection prevalence was not significantly lower in the multifaceted control

intervention arms (odds ratio (OR) behaviour change and MDA = 1.31; 95% confidence interval

(CI): 0.6–2.9. OR snail control and MDA = 1.21; 95% CI: 0.6–2.7). Knopp et al. chose to focus
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their behaviour change intervention on school-aged children since they believed that children

swimming, playing, washing laundry, or urinating in local waterbodies were major sources of

local transmission [64]. This focus on behaviour change among children is emblematic of the

broader literature.

Among the 26 studies in Torres-Vitolas et al. that aimed to modify exposure behaviours,

over half (54%) focused on children. It has been argued that laundry, bathing, and recreational

swimming are among the activities with the highest exposure, while other activities, such as

collecting drinking water, have been deemed unimportant [45]. Yet, systematic evidence on

which activities are associated with the highest infection risk and which demographic groups

have the highest exposure levels is currently missing.

The ability of WASH interventions to reduce schistosome transmission depends on their

ability to modify human behaviour. WASH accessibility cannot necessarily be equated with

WASH use but usage is often not adequately measured in studies with infection as the primary

outcome. For instance, a meta-analysis by Grimes et al. found that access to safe water

supplies and safe sanitation was associated with significantly lower odds of infection (OR safe

water supplies = 0.53; 95% (CI): 0.47–0.61. OR safe sanitation (S. mansoni) = 0.59, 95%

CI: 0.47–0.73). OR safe sanitation S. haematobium = 0.69, 95% CI: 0.57–0.84). The authors

were unable to distinguish between access and use of safe WASH as such data was not reported

in the included studies [45]. In Knopp et al., the RCT arm with behaviour change and MDA

also included the construction of washing basins and latrines to reduce water contact and

contamination. The authors note that while washing basins were widely used, latrines were

not [61], suggesting that WASH may not have averted all risky behaviours, which could be an

explanation for why the intervention arm did not outperform the MDA-only arm.

1.5 Relevance of Behavioural Factors for Mathematical Transmission

Models

Mathematical transmission models are important tools to guide schistosomiasis control efforts,

including those by the WHO [56]. Such models require information on human behaviour as

inputs for parameterisation. In terms of water contact, this is typically incorporated as an age-
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stratified parameter. For instance, a stochastic individual-based transmission model SCHISTOX

uses an age-adjusted water contact frequency and a cercariae uptake rate to model exposure [65].

These models operate under the assumption that age-specific infection levels are a non-linear

function of cumulative water contact up to that age and the survival of adult schistosomes within

the host [65, 66].

Human mobility is typically not incorporated into transmission models. In SCHISTOX,

all individuals are part of the same population with a single shared environmental reservoir of

infection. There is a need for more realistic models that account for heterogeneous human-

environmental interactions [67]. This could be achieved, for instance, by building metapopula-

tion models where people and snails interact in discrete compartments. This would allow for

different rates of water contact across compartments and, potentially, incorporating mobility

or connectivity between compartments [68]. While the relevance of mobility for transmission

is acknowledged, few examples of mathematical models explicitly incorporating measures of

mobility exist [49, 69]. Thus far, modelling has been limited by empirical data on mobility and

has relied on proxy measures, such as mobility from call detail records, which are coarse in rural

areas [48, 49]. Some work on mobility is done entirely without the use of mobility measures.

For instance, Hardwick et al. relied on human settlement data to model hypothetical movement

between settlements and a focal transmission point [69]. Therefore, granular empirical data on

human water contact and mobility could provide insights into how such behaviours could be

best integrated into future transmission models.

1.6 Research Questions

This thesis asked the following overarching research question: What are the roles of human

water contact, mobility, and safe water supplies in the epidemiology of S. mansoni in rural

Uganda?

The following questions were answered in each chapter:

• Chapter 2: What is the average effect of water contact frequency, duration, and activity

type on the likelihood of schistosome infection?
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• Chapter 3: What are the major human-environmental determinants of water contact, and

at which level (individual, household, or village) is the influence of those determinants?

What are (if any) the shared dimensions of water contact determinants with infection

determinants?

• Chapter 4: Are spatial decay models able to predict fine-scale water site usage and

crowding out via tap/borehole usage? What is the role of human mobility in water site

usage behaviour?

1.7 Thesis Aims and Content

The aim of this thesis is to advance our understanding of the epidemiology of S. mansoni

in rural communities across all individuals aged five years and older (not only school-aged

children). The three results chapters presented here employ data-driven methods to analyse

the influence of current water contact, safe water supplies, and human mobility in a large-scale

study (SchistoTrack) in three distinct rural districts in Uganda [70]. The contributions of the

main results chapters are as follows:

• Chapter 2 provides a global overview of the literature on water contact and schistosome

infection in endemic settings and presents results from a systematic review and meta-

analysis of 101 studies on the associations between having any water contact, water

contact duration, and frequency with schistosome infection.

• Chapter 3 draws upon baseline data on 2867 individuals from SchistoTrack. This analysis

investigates age-dependent trends in water contact and infection, water contact-infection

associations, and uses Bayesian variable selection to separately identify the key human-

environmental drivers of water contact and infection status.

• Chapter 4 uses wearable GPS logger data on 452 individuals (as a subset of the Schis-

toTrack participants) to predict individual-level water site and tap/borehole usage with

spatial decay models. This chapter further investigates the existence of crowding-out of

water contact by tap/borehole infrastructure and provides population-wide predictions of

water site usage patterns.
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1.8 Publications Arising from this Thesis

This thesis has resulted in two publications. Chapter 2 has been published as:

1. Reitzug F, Ledien J, and Chami GF. Associations of water contact frequency, dura-
tion, and activities with schistosome infection risk: A systematic review and meta-
analysis. PLOS Neglected Tropical Diseases 2023 Jun; 17:e0011377. doi: 10.1371/jour-
nal.pntd.0011377.

Chapter 3 has been published as:

1. Reitzug F, Kabatereine NB, Byaruhanga AM, Besigye F, Nabatte B, and Chami GF.
Current water contact and Schistosoma mansoni infection have distinct determinants: A
data-driven population-based study in rural Uganda. Nature Communications 2024 Nov;
15. doi: 10.1038/s41467-024-53519-4.

1.9 Contributions and Funding

All statistical analyses, original drafts, as well as publications arising from this thesis are

my own work. I want to explicitly acknowledge the important contributions that others have

made. Goylette F. Chami (GFC) supervised all chapters. Renaud Lambiotte (RL) supervised

primarily Chapter 4. Funding for fieldwork has been provided by GFC as well as by the Nuffield

Department of Population Health (NDPH). Julia Ledien (JL) double-screened 10% of studies

for my systematic review in Chapter 2 and provided comments on an early draft version. For

Chapter 3, I received feedback from Narcis B. Kabatereine, (NBK), Anatol M. Byaruhanga

(AMB), Fred Besigye (FB), and Betty Nabatte (BN). Prathyush Sambaturu (PS) gave helpful

suggestions during the initial stages of Chapter 4. Many individuals supported the fieldwork

that enabled the data analyses presented in Chapters 3–4. The Ugandan field team collected the

household and clinical data with supervision from GFC, NKB, BN, and Benjamin Tintika (BT).

Data management and field coordination support was provided by GFC and Max Eyre (ME).

GFC, Olimpia Lamberti (OL), ME, and GFC programmed, tested and revised the baseline

questionnaires. ME and Farina Shabaan (FS) helped to set up the GPS loggers and with testing

in Oxford. GFC and ME supported collecting the village infrastructure data. Post-fieldwork,

Adam Fowler (AF) helped with initial attempts to retrieve data from damaged GPS loggers.

Keiran Foster (KF) and Joseph Brown (JB) from the University of Oxford Materials Science
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Department managed to pull GPS logger data from damaged devices by re-soldering chips to

a working logger. All analyses for Chapters 3–4 were conducted on the Biomedical Research

Computing (BMRC) facility cloud where Geoffrey Ferrari (GF) provided instrumental help with

running computing jobs and installing software.

On a stylistic note; given the very substantial teamwork involved in collecting the Schisto-

Track study data used in Chapters 3–4, I will use “we” in those chapters to adequately reflect

that this work would not have been possible without the involvement of those acknowledged

here.

1.10 Ethics Approval

SchistoTrack data collection and use were reviewed and approved by Oxford Tropical Research

Ethics Committee (OxTREC 509-21), Vector Control Division Research Ethics Committee of

the Uganda Ministry of Health (VCDREC146), and the Uganda National Council of Science

and Technology (UNCST HS 1664ES).
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Chapter 2

Associations of Water Contact with
Schistosome Infection Risk: A Systematic
Review and Meta-Analysis

This chapter has been published as:

1. Reitzug F, Ledien J, and Chami GF. Associations of water contact frequency, dura-
tion, and activities with schistosome infection risk: A systematic review and meta-
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2.1 Background

In this chapter, a systematic review and meta-analysis was conducted to quantify associations

between having any water contact and water contact duration and frequency with schistosome

infection likelihood.

The motivation for this review was the substantial heterogeneity in such associations reported

across the literature. The magnitude of associations between water contact and schistosome

infection has varied across studies, and some studies did not find any significant association.

For instance, Costa et al. [1] conducted a survey in rural south-eastern Brazil and found that

water contact was significantly more strongly associated with the odds of schistosome infection
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in people aged 14 years and younger (odds ratio (OR) 55.8; 95% confidence interval (CI):

27.2–114.6) compared to people aged 15 years and older (OR 6.8; 95% CI: 3.5–13.2). By

contrast, a nationally representative cross-sectional survey in Uganda by Exum et al. found

that self-reported contact with open freshwater sources was not significantly associated with

schistosome infection, even when the effect size was unadjusted (prevalence ratio 1.08; 95%

CI: 0.9–1.26) [2].

Past studies have used surveys, diaries, direct water contact observation, and wearable global

positioning system (GPS) loggers to measure water contact. Surveys provide cross-sectional

measures of current water contact. Self-reported measures have been found to agree relatively

poorly with observation-based measures of water contact in studies which compared the two [3,

4]. Direct water contact observation using trained local observers has provided longitudinal

measures of water contact within communities. These data have contributed to understanding

typical levels of exposure in endemic settings as well as daily, weekly, monthly, and seasonal

water contact patterns. Observation studies have been able to document large numbers of

water contacts over extended time periods. For instance, Fulford et al. conducted direct water

contact observations in seven Kenyan communities spanning three years and recording 67,000

contacts [5]. Sow et al. observed water contacts in a community in northern Senegal for two

years, recording 120,000 water contacts [6]. The accuracy of water contact observation has

been validated by assessing inter-observer agreement [5, 6]. Limitations of observation are that

it is expensive, data processing is time-consuming, and resulting exposure measures have often

been used as ecological, not individual-level, measures [5–9]. Among the two above-mentioned

observation studies, none reported on associations between water contact and individual-level

infection outcomes.

A method that has been made possible by advances in wearable technology (lower cost,

smaller size, longer battery life) [10] are water contact measurements using GPS loggers. GPS

loggers provide longitudinal measures but so far, the existing studies in Cameroon and Uganda

have been restricted to short observation periods (24 hours and 72 hours, respectively) and small

samples (𝑛 = 24, 𝑛 = 97) [4, 11]. Across all water contact measurement tools, no accepted gold

standard for exposure measurement exists.
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There is a need to systematically analyse associations between water contact and schisto-

some infection to (1) disentangle the relative role of exposure versus acquired immunity in

explaining individuals’ likelihood of infection [12, 13], (2) assess whether there is a dose-

response relationship between degree of water contact and schistosome infection intensity [6,

14], and (3) examine the extent of the age-dependency of infection [15, 16]. It remains an open

question as to what water contact measures are associated with schistosome infection status

and intensity. Therefore, a systematic review and meta-analysis was performed to address the

following question: What is the average effect of water contact frequency, duration, and activity

type on the likelihood of schistosome infection?

2.2 Methods

2.2.1 Protocol and Search Strategy

The protocol was registered on 13 May, 2022 with PROSPERO (CRD42022333680) [17].

The systematic review has been reported in accordance with the Preferred Reporting Items for

Systematic Reviews and Meta-Analyses (PRISMA) guidelines [18]. The completed checklist

is provided as an Online Supplementary S1 Text [19]1.

Six databases in English were searched on 13 May, 2022: Embase (1974-), MEDLINE

(including PubMed, 1946-), Global Health (1973-), Global Index Medicus (1901-), Web of

Science Core Collection (1900-), Science Citation Index Expanded (1900-), and the Cochrane

Central Register of Controlled Trials (CENTRAL, 1996-). The following search string was

employed: “Schistosomiasis” AND (“water” (AND “contact” OR “pattern” OR “duration” OR

“frequency” OR “behaviour” OR “exposure”)) AND (“risk” OR “infection” OR “intensity” OR

“transmission” OR “odds” OR “likelihood”). A combination of free text search and Medical

Subject Heading (MeSH) terms was utilised. Full details of the search strategy are provided in

Online Supplementary S2 Text [19].

1All online materials in this chapter are additionally attached as supplementary thesis materials.
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2.2.2 Exposures and Outcome

The Population-Exposure-Comparators-Outcomes (PECO) framework was utilised to formulate

the research question [20]. The study population comprised individuals of any age or gender

living in areas endemic with a schistosome species. Water contact was categorised into four

distinct exposures: having any water contact, water contact duration, water contact frequency,

and water contact activities.

• Having any water contact was defined as a binary measure, i.e., whether the respondent

had any contact with an open freshwater body over a specified recall or observation period.

• Water contact frequency was defined as a categorical measure indicating the number of

contacts per day, week, or month.

• Water contact duration was defined as a categorical measure, indicating the duration

per water contact event or over the recall/observation period.

• Water contact activities were defined as binary measures of engagement in specific

activities (e.g., bathing, swimming, fishing).

Water contact measures from any water contact measurement tool were eligible. The

comparators included individuals without any water contact or with lower frequency or duration

of contact, depending on the unit of exposure. The primary outcome was the likelihood

of schistosome infection (infection status or intensity) based on recognised diagnostics such

as microscopy (e.g., Kato–Katz method [21], urine filtration [22]) or antigen/antibody-based

methods (e.g., point-of-care circulating cathodic antigen tests [23, 24] or polymerase chain

reaction-based detection [25]). Effect measures were ORs or hazard ratios (HRs) with 95%

CIs. Wherever available, HRs or adjusted ORs were extracted. Otherwise, unadjusted ORs, or

information to convert reported associations to ORs, such as risk ratios or 2×2 tables were used.

2.2.3 Inclusion and Exclusion Criteria

Eligible study designs included cohort studies, cross-sectional studies, case-control studies,

before-after studies (reporting baseline infection and exposure), and randomised controlled trials
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(reporting infection and exposure at baseline or in control groups). Studies using self-reports or

(micro-)haematuria to ascertain infection status were excluded. Only exposure measures with

identifiable dimensions (e.g., having any water contact, frequency, duration, activity categories)

were included. Exposure indices that collapsed multiple different dimensions of water contact

(and sometimes also measures of environmental risk) into a single metric and which could not

be mapped onto the four water contact dimensions were excluded.

2.2.4 Screening and Data Extraction

Title, abstract, and full-text screening was performed independently by two reviewers (myself

and JL). I extracted all data, with 10% of included studies independently extracted by JL for

quality control. For duplicate data from overlapping populations, the study with the larger

sample size was retained. If the data to reconstruct measures of association were not reported,

associations could not be reconstructed from published data including supplements or required

information was not provided by the authors after e-mail contact, the study was excluded.

A structured, pre-tested form was used to extract study characteristics: study design, study

location, study setting, local waterbodies, sampling strategy, participant characteristics, inclu-

sion/exclusion criteria, exposure measurements, Schistosoma sp., definition of the schistosome

infection outcome, diagnostic test, and schistosome infection prevalence in study participants.

More details on the data extraction are available in Online Supplementary S3 Text [19]. Refer-

ences of all included studies and a list of excluded studies can be found in Online Tables S1–S2,

respectively [19].

2.2.5 Subgroup Variables

Studies were grouped by the following characteristics:

• Age: Children (ages 0-14) were further subdivided into pre-school (ages 0-4) and school-

age (ages 5-14). Adults were defined as age ≥ 15 years.

• Endemicity: Studies were classified using 2022 WHO schistosomiasis control guideline

prevalence thresholds [26]: low (< 10%), moderate (10-49%), and high (≥ 50%).
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• Waterbody characteristics: Stagnant (e.g., lakes, ponds) versus flowing (e.g., rivers,

streams) and artificial (e.g., reservoirs) versus natural.

• Climate: The local Köppen-Geiger classification was assigned based on study GPS

coordinates [27].

Duration was dichotomised (≤ 1 hour or > 1 hour), and frequency was categorised (daily,

weekly, monthly). Water contact activities were grouped as domestic, recreational, or occupa-

tional. Online Supplementary Table S3 details these groupings [19].

2.2.6 Data Analysis

For all possible water contact-infection association pairs, random-effects meta-analyses with

inverse variance weighting following the DerSimonian and Laird procedure were conducted

whenever at least three studies reported comparable effect measures [28]. Adjusted effect

sizes were preferred because they better account for potential confounding factors in the water

contact-infection relationship. In the water contact duration and activity analyses where it

was possible for studies to contribute more than one effect size, multilevel meta-analysis was

used. Pre-specified subgroup analyses were performed where sufficient data (≥ 3 studies) were

available. Between-study heterogeneity was assessed using the 𝐼2–statistic, Egger’s test, and

funnel plots. Analysis was implemented using the meta and dmetar packages in R version

4.2.1 [29–31].

2.2.7 Risk of Bias

Study quality was appraised using a modified version of the Quality Assessment Tool for

Observational Cohort and Cross-Sectional Studies from the National Institutes of Health (NIH,

Bethesda, MD, United States of America) [32]. Risk of bias was categorised as low, moderate,

or high (see Online Supplementary S4 Text [19]). The preferred method for assessing the effect

of study quality on the results in this chapter was to perform meta-analyses separated by risk of

bias. As few studies were rated high quality, there were not enough studies to use this method

in frequency, duration, and activity meta-analyses. In this case, influence analysis was used as
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a secondary method. To this end, one study at a time was removed from each meta-analysis to

quantify the effect of any single study on the results.
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2.3 Results

Figure 2.1. Study selection. PRISMA Flowchart depicting the number of records identified,
included, and excluded, along with the reasons for exclusion.
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2.3.1 Study Characteristics

The search returned 1411 unique titles and abstracts. A total of 495 studies met the inclusion

criteria for full-text review, and 101 studies were included (Fig. 2.1). Summary characteristics

of all included studies are reported in Table 2.1. Detailed study-level information and full

references of all included studies are provided in Online Table S1 [19]. Online Table S2

provides a list of excluded studies and details their exclusion reasons [19]. Of the 101 studies

in this systematic review, representing 192,691 participants and reporting on 501 associations

between water contact and schistosome infection, 98 studies (97%), with 191,146 participants,

provided comparable outcome and exposure measures and were included in at least one full or

subgroup meta-analysis.

Table 2.1. Study characteristics summary

Characteristics N (%)

Study aims
Measurement of water contact 10 (9.9%)
Other aim 91 (90.1%)

Continent
Africa 78 (77.2%)
Asia 10 (9.9%)
South America 13 (12.9%)

Locality
Rural 77 (76.2%)
Urban 4 (4.0%)
Mixed2 20 (19.8%)

Study setting
Community 63 (62.4%)
School 31 (30.7%)
Other3 7 (6.9%)

Population4

PSACs/SACs 33 (32.7%)
PSACs/SACs/Adults 68 (67.3%)

Schistosoma sp.
S. haematobium 47 (46.5%)
S. mansoni 42 (41.6%)
S. japonicum 5 (5.0%)
Multiple species 7 (6.9%)

Endemicity
Continued on next page

2Study areas that include both rural and (peri-)urban areas.
3Health clinic or multiple settings.
4PSACs = pre-school-age children; SACs = school-age children.
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Characteristics N (%)

Low (<10% prevalence) 14 (13.9%)
Medium (10–49% prevalence) 65 (64.4%)
High (≥50% prevalence) 22 (21.8%)

Koppen-Geiger climate zone
Arid, desert, hot 13 (12.9%)
Arid, steppe, hot 6 (5.9%)
Temperate, dry summer, warm summer 1 (1.0%)
Temperate, dry winter, hot summer 3 (3.0%)
Temperate, dry winter, warm summer 4 (4.0%)
Temperate, no dry season, hot summer 10 (9.9%)
Tropical, monsoon 11 (10.9%)
Tropical, rainforest 3 (3.0%)
Tropical, savannah 50 (49.5%)

Water setting
River 58 (57.4%)
Stream 35 (34.7%)
Lake 24 (23.8%)
Pond 21 (20.8%)
Dam/Reservoir 10 (9.9%)
Canal 10 (9.9%)
Field 3 (3.0%)
Swamp 2 (2.0%)

Number of waterbodies studied
Single 65 (64.4%)
Multiple5 36 (35.6%)

Nature of waterbody
Artificial waterbody 19 (18.8%)
Natural waterbody 82 (81.2%)

Flow of waterbody
Flowing waterbody 46 (45.5%)
Stagnant waterbody 55 (54.5%)

Measurement tool
Direct water contact observation 4 (4.0%)
Survey 97 (96.0%)

Water contact dimension
Any water contact 33 (32.7%)
Frequency 27 (26.7%)
Duration 6 (5.9%)
Activity 70 (69.3%)

Study design
Case-control 4 (4.0%)
Cohort 10 (9.9%)
Cross-sectional 86 (85.1%)
Randomised controlled trial 1 (1.0%)

Study quality
Low 46 (45.5%)
Moderate 49 (48.5%)

Continued on next page

5Multiple different water settings included in the study (e.g. river and lake).
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Characteristics N (%)

High 6 (5.9%)

Ten studies (10%) explicitly mentioned measuring human water contact as one of their study aims.

The remaining 91 studies (91%) had a different primary focus but still reported on water contact. Studies

included in the systematic review were from 22 different countries across three continents (Africa,

Asia, South America; Fig. 2.2a). With 10–13 studies from each country, Brazil, Ethiopia, Nigeria, and

Cameroon represented approximately 50% of all included studies. The earliest included study was from

1984, with most studies conducted after 2010 (Fig. 2.2b).

The most frequently studied water settings were as follows: 58 studies (57%) reported on rivers,

35 studies (35%) on streams, 24 studies (24%) on lakes, and 21 studies (21%) on ponds. Thirty-six

studies (36%) mentioned multiple types of waterbodies, while 65 studies (65%) mentioned a single type

of waterbody.

Studies screened at the full-text stage used four different water contact measurement tools: surveys,

direct water contact observation by trained human observers, participant water contact diaries, and

GPS loggers. No diary-based study or GPS logger-based study provided required ORs or sufficient

information to reconstruct ORs. Of the 101 included studies, 98 studies (97%) used surveys, and four

studies (3%) used direct water contact observation. Water contact activities were reported in 70 studies

(69%), followed by any water contact, which was reported in 33 studies (33%). Twenty-seven studies

(27%) reported on water contact frequency, while six studies (6%) reported on duration. All activity

measures came from surveys. Of the four direct observation studies, three recorded whether people had

any water contact, two recorded information on duration, and one recorded frequency.

Figure 2.2. Distribution of studies across geography and time
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2.3.2 Association of Having Any Water Contact with Infection Status

Figure 2.3. Meta-analysis of the association between individual-level water contact and odds
of schistosome infection. Pooled effect sizes are based on random-effects models using data
from 33 studies representing 36,065 participants. OR = odds ratio. CI = confidence interval.
𝐼2 = I–squared statistic of heterogeneity.
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There were 33 studies that reported on associations between any current water contact and schisto-

some infection status. Included studies represented 36,065 participants, of whom 9839 were infected

with a schistosome species. The meta-analysis showed that having any water contact was associated with

3.14 times higher odds of infection (95% CI: 2.12–4.65) when compared to no water contact (Fig. 2.3).

There was no significant difference between studies reporting adjusted effect sizes versus unadjusted

effects, but only 9 out of 33 studies provided any adjusted effect sizes (Fig. S2.1). When studies were

separated by reinfection versus infection as the outcome, the effect on reinfection was not significant,

but the reinfection subgroup included only three studies (Fig. S2.2). When stratified by study quality

(grouped into low, medium, and high quality), pooled associations remained significant in all three strata,

and no significant differences between groups were observed (Fig. S2.3).

Figure 2.4. Funnel plot for meta-analysis of the association between individual-level water
contact and odds of schistosome infection.

No evidence for publication bias was found (Egger’s test = 0.06; funnel plot provided in Fig. 2.4).

A post-hoc power analysis demonstrated that this meta-analysis had ≥ 99% power to detect the pooled

effect of 3.14 that was observed (Fig. S2.4). The meta-analysis was robust to removing any one study at
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a time from the analysis (Fig. 2.3). Study quality was rated as high in five studies (15%), moderate in 14

studies (42%), and low in 14 studies (42%) (see Online Table S4 for quality appraisal results [19]).

Subgroup analyses (Fig. 2.5) showed that associations of any water contact with infection were

significantly different in studies including only PSACs and SACs compared to studies that included

all age groups. Among PSACs and SACs, having water contact was associated with 1.67 times higher

infection likelihood, which was lower than the association in studies across all age groups (PSACs, SACs,

and adults combined), where water contact conferred 4.24 times greater infection likelihood (𝜒2 = 7.06,

df = 1, 𝑝 < 0.01).

To understand the contribution of schoolchildren to this result, studies were separated by setting

(Fig. S2.6), and it was found that water contact was significantly associated with infection in school-

based studies (i.e., studies that included schoolchildren) but not in community-based studies (which

included both SACs and PSACs). The exclusion of all school-based studies (Fig. S2.7) did not change

the finding that water contact was less strongly associated with infection in children compared to studies

including children and adults. No overall difference in the effect of water contact on infection between

community-based and school-based studies was observed (Fig. 2.5).

Community prevalence, type of water body, and climate zone modified the influence of water contact.

In moderate endemicity settings, having water contact was associated with a 3.04 times higher likelihood

of infection (95% CI: 1.88–4.89). In high endemicity settings, the respective OR was 4.93 (95% CI:

1.99–12.22). There was no significant association between water contact and odds of infection in

low-endemicity settings.

Among the waterbodies studied here, water contact with streams and lakes, but not with rivers, was

associated with higher odds of schistosome infection. Reporting contact with streams was associated

with 8.16 times higher infection likelihood (95% CI: 3.08–21.61) compared to no water contact. Contact

with lakes was associated with 3.20 times higher odds of infection (95% CI: 1.09–9.37).

The subgroup analysis in Fig. 2.5, using the Köppen-Geiger climate zones, showed that among the

tropical, arid, and temperate zones represented here, only water contact in tropical savannah climate,

which is characterised by a pronounced dry season, was significantly associated with the odds of

infection (OR 3.35; 95% CI: 2.22–5.06). This climate zone is found among included studies from

sub-Saharan Africa and Brazil. The schistosome species present (S. haematobium versus S. mansoni)

did not significantly modify the odds of infection. Descriptive data on the distribution of schistosome

species across different waterbodies among the included studies suggested that S. haematobium was more
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Figure 2.5. Subgroup meta-analysis of the association between individual-level water contact
and odds of schistosome infection. Random-effects models using data from 33 studies repre-
senting 36,065 participants. N = number of studies. Categories with N < 3 were not reported.
OR = odds ratio. CI = confidence interval. 𝐼2 = I–squared statistic of heterogeneity. Local-
ity = “mixed”: study settings which include urban/peri-urban areas. PSAC = pre-school-age
children. SAC = school-age children. Endemicity settings low/medium/high = WHO definitions
(low < 10% prevalence, moderate = 10–49% prevalence, high ≥ 50% prevalence). Artificial
waterbody = canal, dam/reservoir. Stagnant waterbody = canal, dam/reservoir, lake, pond, field.
Köppen-Geiger climate zone = climate zone at the study location.
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frequently studied in publications that focused on rivers or streams, whereas S. mansoni was mostly the

focus of studies that took place along lakes.

Associations of water contact and schistosome infection were significant in cross-sectional studies

(OR 3.36; 95% CI: 2.19–5.16) but not in cohort studies (OR 1.81; 95% CI: 0.76–4.33). However,

there were only four cohort studies compared to 29 cross-sectional studies. Subgroup analyses also

highlighted several study characteristics which did not significantly modify associations between water

contact and infection likelihood. Associations remained significant across all types of localities (rural

and mixed localities), artificial waterbodies, natural waterbodies, and stagnant and flowing waterbodies.

Associations in Fig. 2.5 were also similar across measurement tools (surveys: OR 3.22; 95% CI: 2.12–

4.90 and direct water contact observation: OR 2.81; 95% CI: 1.42–5.54). Yet, heterogeneity was

substantially lower when water contact was measured through direct observation (𝐼2–statistic of 44%

versus 93% for surveys).

2.3.3 Association of Water Contact Frequency and Duration with Infection Status

For water contact frequency, 22 studies representing 19,208 participants, of whom 5957 were infected,

were meta-analysed (Fig. 2.6). Five studies could not be grouped into these categories as they either had

unspecific frequency categories such as ‘sporadic water contact’, reported frequency only on a subgroup,

or reported only on infection intensity. Any frequency of water contact (daily, weekly, monthly water

contact) was associated with increased odds of infection when compared to no or lower levels of water

contact. Although the magnitude of the ORs increased with more frequent water contact, these subgroup

differences were not significant (𝜒2 = 1.69, df = 2, 𝑝 = 0.43). Heterogeneity across subgroups was

negatively related to water contact frequency and decreased from daily (𝐼2 = 91%), weekly (𝐼2 = 80%),

Figure 2.6. Meta-analysis of the association between daily, weekly, and monthly water contact
and odds of schistosome infection. Random-effects models using data from 22 studies repre-
senting 19,208 participants. 𝑁 = number of studies. OR = odds ratio. CI = confidence interval.
I2 = I–squared statistic of heterogeneity.
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Figure 2.7. Meta-analysis of the association between individual-level water contact duration and
odds of schistosome infection. Random-effects models using data from six studies representing
6742 participants. OR = odds ratio. CI = confidence interval. 𝐼2 = I–squared statistic of
heterogeneity.

to monthly water contact (𝐼2 = 47%). Funnel plots and Egger’s tests provided no evidence for publication

bias (Fig. S2.8). Influence analyses in Fig. S2.9 showed that the analysis was robust to removing any

single study from the analysis. Study quality was rated as high in three studies (14%), moderate in ten

studies (45%), and low in nine studies (41%).

The meta-analysis of water contact duration was based on six studies representing 6742 participants,

of whom 1504 were infected (Fig. 2.7). None of the water contact duration categories (≤ 1 hour, >1

hour), nor the overall pooled effect size for any duration, was significantly associated with the odds

of schistosome infection when compared to no water or lower levels of water contact. Due to the

small number of studies in the duration meta-analysis (𝑁 = 6), no Egger’s test or influence analysis was

conducted, and the funnel did not provide evidence for asymmetry (Fig. S2.10). Study quality was rated

as moderate in four studies (67%) and as low in two studies (33%).

2.3.4 Association of Water Contact Activities with Infection Status

Activities were grouped into distinct activity categories as described in Online Table S3 [19]. Sixty-seven

studies representing 102,149 participants, of whom 27,356 were infected, were included in the multilevel

meta-analysis. Three studies reported on activity categories that could not be grouped.
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Figure 2.8. Meta-analysis of the associations between water contact activities and odds of
schistosome infection. (A) Multilevel random-effects models using data from 67 studies repre-
senting 102,149 participants reporting on water contact activities. Washing=washing laundry,
animals, clothes, utensils, dishes, or blankets. Farming=farming, agriculture, rice farming.
Irrigation = irrigation, watering gardens, or cleaning streams. In the category column, o = oc-
cupational, d = domestic, r = recreational, ‘-’ denotes activities that could not be grouped
into these categories. (B) Multilevel random-effects models using data from 69 studies with
104,267 participants showing pooled effect sizes according to the water contact categories do-
mestic, recreational, and occupational. N = number of effect sizes. Categories with N < 3
were not reported. OR = odds ratio. CI = confidence interval. 𝐼2 = I–squared statistic of
heterogeneity.

In the meta-analysis shown in Fig. 2.8, 10 out of 11 activities were significantly associated with

schistosome infection. These activities were crossing waterbodies, open urination, getting water, washing,

swimming, playing, bathing, fishing, farming, and irrigation. Sand extraction was the only activity not

associated with increased infection risk. Except for crossing and irrigation, the 95% CIs of all activities

were overlapping.

In this analysis, three of the included studies (4%) were rated as high quality, 36 (54%) as moderate,

and 28 studies (42%) as low quality. When activities were regrouped into broader categories (domestic,

recreational, or occupational water contact; see Online Table S3 [19]), occupational activities were most

strongly associated with the odds of schistosome infection (OR 2.57; 95% CI 1.89–3.51), followed
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by recreational activities (OR 2.13; 95% CI 1.75–2.60) and domestic activities (OR 1.89; 95% CI

1.47–2.48), though their 95% CIs were overlapping.

Heterogeneity was high (𝐼2 ≥ 90% in most categories), and Egger’s tests and funnel plots indicated

risk of publication bias (Fig. S2.11). Influence analyses showed that almost all activity categories (except

for sand extraction and urination) were robust to removing any single study from the analysis (Figs. S2.12

and S2.13).

2.4 Discussion

Water contact behaviours play a key role in transmission but remain relatively poorly characterised [33].

Since the adoption of World Health Assembly’s 54.19 resolution in 2001 [34], MDA using praziquantel

has become the cornerstone for schistosomiasis control. However, there is a need to complement MDA

with WASH interventions and reductions in water contact to lower schistosomiasis prevalence [26]. To

quantify the role of current exposure for transmission, this chapter presents a systematic review and

meta-analysis of associations between water contact and schistosome infection, analysing data from 98

studies representing 191,146 participants across three continents. A simple binary measure of having

current water contact was strongly associated with infection status across included studies.

2.4.1 Any Water Contact

The association of water contact and infection was large compared to the effect of other risk factors for

infection such as WASH or gender. This meta-analysis of 33 studies found that self-reported current water

contact was associated with 3.14 times higher odds of infection compared to having no current water

contact. By comparison, a meta-analysis by Ayabina et al. [35] found that schistosomiasis prevalence in

males was 1.2 times the prevalence in females. The authors hypothesised that gender differences in water

contact behaviour may explain their finding. Gender-disaggregated exposure data was rarely reported

in the studies, but it is needed to investigate this hypothesis. A meta-analysis by Grimes et al. [36]

showed that having no access to safe water was associated with 2.27 times higher odds of infection

compared to having access to safe water supplies (estimate transformed from risk ratio to odds ratio for

comparability). The relative magnitude of associations of infection status with WASH and with water

contact, respectively, is plausible given that water contact is not fully determined by access to WASH.

Even when safe water supplies are present, people may continue to have some degree of contact with
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open water sources [33].

This chapter shows that the literature on the relationship between water contact and schistosome

infection relies mostly on a single tool: cross-sectional surveys. Here, 97 out of 101 studies (96%)

were surveys. No diary or GPS logger studies were eligible for inclusion, and only four included studies

used direct water contact observation. The dominance of surveys limited the ability to compare how

associations varied across tools. Future research should focus on the quantitative analysis of water

contact and infection using tools other than surveys to measure water contact. With more varied tools,

conclusions could be drawn about the validity of different methods to measure exposure. It was also found

that only ten included studies (10%) explicitly stated that their objective was to study the association

between water contact and infection. Thus, the body of literature, which mainly focuses on water contact,

is small compared to the number of studies that also reported on water contact but had a different primary

study focus.

The association of current water contact with schistosome infection suggests that individual-level

water contact behaviour might be somewhat stable across the life course. Current water contact cannot

explain current infection status. This is because the time from infection to diagnosis is at minimum

4–6 weeks, depending on the diagnostic test used [37, 38]. It has been acknowledged that current

exposure is not necessarily representative of the relevant exposure history [39] because water contact

varies over time [5, 36]. Nonetheless, cross-sectional studies operate under the assumption that current

water contact is an adequate proxy measure of recent, relevant exposure. The same assumption is made

in mathematical transmission models. For instance, the stratified-worm-burden model by Gurarie et al.

uses cross-sectional water contact and infection data from surveys for model calibration [40]. This thesis

chapter reported a robust association between having water contact and infection status, which suggests

that current exposure must be at least somewhat representative of past exposure. A similar conclusion

has been reached by an observational study in Zimbabwe by Chandiwana and Woolhouse [39]. The

authors interpreted associations between schistosome infection intensity and water contact over a two-

week observation period as evidence for the persistence of exposure patterns over time. They noted that

while there was seasonal variation in contact, individuals with high water contact tended to maintain high

contact across seasons. Future studies with multiple timepoints of exposure measurement are needed to

more fully investigate to which extent current and past contact are related.

The positive association between having any water contact and infection was significantly attenuated

in studies that included only PSACs and SACs compared to studies which included PSACs, SACs,
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and adults. The weaker associations of water contact and infection in PSACs and SACs might seem

surprising in light of numerous studies that found children to be at highest risk of infection [13, 41]. The

attenuated relationship in PSACs and SACs was robust to excluding all school-based studies. This was

done to account for the possibility that children in schools may receive more frequent anti-schistosomal

treatments. It does not seem that the school-based sampling can explain why the association between

water contact and infection was lower in PSACs and SACs compared to all ages combined. As the

difference between the group of PSACs and SACs and the group which represents all ages is that the

latter includes adults, it is plausible that the addition of adults could explain the greater effect size in

the combined group. As immunity intervenes in the association between water contact and infection,

it remains possible that the development of acquired immunity represents a confounding variable that

explains the attenuated water contact-infection associations in children. However, due to the lack of

studies that sampled adults only, the risk of children versus adults could not be directly compared, and

further investigation of this hypothesis was not possible as treatment history and immunological data

was not available in the included studies.

The lack of studies reporting on age-disaggregated water contact does not allow any conclusions to

be made on the shape of the exposure-infection relationship over age. Exposure and acquired immunity

are well-established as explanations for the age dependency in schistosome infection, despite poorly

established associations on dose-response relationships of water contact and infection likelihood [41,

42]. To better study the contribution of water contact to the age dependency in infection, there is a need

to sample adults in addition to SACs [43, 44] and to report separately on their infection outcomes and

water contact behaviours. No evidence was found that the likelihood of infection from water contact was

any greater for PSACs and SACs compared to other age groups, suggesting that there is no evidence that

children were more predisposed to schistosome infection due to water contact compared to adults.

Past studies have found enrolled SACs to be at lower prevalence of infection compared to non-

enrolled SACs [45–47]. This finding is not confirmed here as SACs were more likely to be infected when

sampled from schools when compared to PSACs and SACs sampled from communities. Limitations of

this finding are that this review did not include community-based studies reporting only on SACs and

that there were relatively few studies (four school-based and five community-based studies) that allowed

for comparisons between SACs sampled in schools versus PSACs and SACs sampled from communities.
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2.4.2 Water Contact Frequency and Duration

This chapter found no clear evidence that higher levels of water contact confer significantly higher

schistosome infection risk compared to lower levels of water contact, as measured by water contact

duration and frequency. It is plausible that relatively low levels of water contact are sufficient for

becoming infected. A study by Moses et al. [48] in Uganda noted that water contact duration of as little

as five minutes per day was significantly associated with S. mansoni infection risk. Animal studies have

demonstrated that skin penetration times for S. mansoni cercariae are between 2–5 minutes, providing

further evidence that low duration water contacts are sufficient for becoming infected [49]. Therefore,

water contact intensity may be less relevant for predicting individual-level infection status than knowledge

on whether someone had any water contact [50]. The results presented here are consistent with findings

from Moses et al. as even monthly water contact (the most infrequent exposure category) was significantly

associated with the likelihood of infection. It remains possible that this meta-analysis was unable to

account for potential confounders such as the time of day as well as cercarial densities at water sites

which mediate the relationship between duration and infection. These data were not typically reported

in the included studies. Another possibility is that the meta-analysis has been unable to establish the true

relationship between the degree of exposure and infection status due to differential measurement error

across exposure categories. The 𝐼2 statistic of heterogeneity indicates that there is almost twice as much

variability in the association of infection within the highest water contact frequency category compared to

the lowest frequency category. The increase in within-subgroup heterogeneity with higher water contact

frequency may indicate a challenge in reliably measuring more frequent water contact. This argument

does not extend to duration where the 𝐼2 for the pooled associations was similar between the two duration

categories and in fact lower than for any of the other exposure measures. In this chapter, it was not

possible to conduct a meta-analysis of water contact frequency and schistosome infection intensity due

to a lack of studies reporting on this outcome. However, most research on the dose-response relationship

between schistosome infection and degree of exposure has focused on infection intensity [6, 14, 51].

The dose-response relationship between water contact and infection intensity is especially relevant for

transmission because heavily infected individuals may disproportionately affect local transmission [52,

53]. Transmission dynamics have been incorporated into mathematical models to guide schistosomiasis

control efforts, including those by the WHO [26]. The recently developed stochastic individual-based

transmission model SCHISTOX uses an age-adjusted water contact frequency and a cercaria uptake rate

to model exposure [54]. Yet, it is currently unclear how exposure should be parametrised in transmission
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models when, as observed in this meta-analysis, few studies report on water contact and infection

intensity.

2.4.3 Water Contact Activities

Almost any type of water contact activity was linked to increased infection risk despite expected differ-

ences in activities regarding contact duration and degree of bodily immersion [6, 15, 55]. The results of

this chapter contrast with a previous systematic review (without meta-analysis) by Grimes et al. which

considered laundry, bathing and recreational swimming as the activities with most exposure and getting

water as unimportant [36]. The meta-analysis reported here did not provide support for a clear ranking

of activities, surprisingly so as fishing has been a focus of many studies on schistosome risk [4, 8, 48,

56, 57]. The grouping of activities into high and low risk is implied by the 2006 WHO guidelines

which define fishermen, farmers, irrigation workers, and women executing domestic tasks as at-risk

adult groups [50]. In this analysis, very few studies reported on schistosome infection likelihood for

different at-risk groups. For instance, three studies (3%) reported on fishing as an occupation. At the

same time, 29 studies (29%) reported on fishing as an activity but only six of them (21%) adjusted for

any covariates, despite the availability of variables such as age and gender, which are well-known risk

factors for infection [13, 35, 58]. This chapter hence mostly included crude ORs for the infection like-

lihood of fishing. When grouping water contact activities into occupational, domestic, and recreational

activities, there was no evidence that these categories conferred substantially different risks. To better

understand the extent to which various activities are associated with different likelihoods of infection,

future research needs to collect more detailed individual-level exposure information, not only on the type

of activity, but also on frequency, duration, time of day, cercarial exposure or degree of immersion of

that activity. An insufficient number of included studies reported information that would have enabled

subgroup meta-analyses of different activities, separated by frequency and duration.

2.4.4 WASH Thresholds and Community Infection Prevalence

This analysis found that having water contact in high prevalence areas (≥ 50% prevalence) was associated

with similar schistosome infection likelihood compared to water contact in medium prevalence areas

(10–49%), using the 2022 WHO schistosomiasis control guideline definitions [26]. To which extent

community prevalence of schistosomiasis can be explained by water contact behaviour is still unclear.

A study in Senegal of an immunologically naı̈ve population found that water contact levels were low
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and could not explain the very high community prevalence of schistosomiasis of 75%-100% [6]. By

contrast, another study in Kenya found that persistent hotspot villages with poor response to annual

MDA treatment differed from lower prevalence villages in their water contact patterns [59]. The

hotspot villages had significantly higher proportions of individuals who engaged in bathing, washing

clothes or dishes, getting water, playing, and swimming. This chapter reported that infection risk of

water contact was similar across high-prevalence and medium-prevalence communities, suggesting that

WASH and health education or behaviour change interventions that reduce water contact should not be

targeted exclusively at high endemicity settings. In terms of WASH, the results suggest that achieving a

critical threshold of (near-)universal community-level coverage may be needed for WASH to successfully

control transmission. As almost any water contact activity was associated with infection risk, lowering

community-level water contact and contamination may require not just access to safe drinking water, but

providing a whole suite of facilities including laundry basins, showering or bathing facilities, toilets, or

swimming facilities that minimise all types of open water contact. In this chapter, it was not possible

to directly assess how access to safe water or sanitation modified individual-level risk of water contact

using subgroup analysis as none of the 33 studies in our main analysis provided effect sizes adjusted by

access to safe drinking water or sanitation. Consequently, this meta-analysis was unable to account for

WASH or socio-economic factors that may confound associations between water contact and infection.

This same limitation of potential socio-economic confounding had been identified in the review by

Grimes et al. [36], highlighting the need for studies that combine behavioural, environmental, WASH,

and socio-demographic information. For MDA, the implication is that treatment should extend beyond

high endemicity settings and needs to reach all groups with regular water contact as the likelihood of

(re-)infection conferred by water contact was similar in high and medium endemicity settings.

This meta-analysis found that water contact with streams and lakes was significantly associated with

likelihood of infection while contact with rivers was not. It was found that artificial waterbodies (such

as reservoirs, dams, and canals) were associated with a similar likelihood of individual-level infection

when compared to water contact with natural waterbodies. These results contrast with a meta-analysis

by Steinmann et al. [60] which found that prevalence in irrigated areas and dammed landscapes was

significantly higher when compared to pre-construction prevalence or prevalence in control areas. These

differences could be due to different comparators. Steinmann et al. compare dams and irrigated areas

(i.e., settings with favourable environmental conditions for transmission) against control areas with lower

environmental risk while our review compared different types of waterbodies against each other, all of
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which may be high-risk settings. It is also unclear if differences in infection likelihood across water

settings are driven primarily by environmental or behavioural factors. If the latter were the case, one

would expect to see no difference in infection likelihood between water settings once water contact

behaviour is accounted for. The effect of dam construction on schistosomiasis, for example, could be

driven by increased water contact through fishing or irrigation as environmental modification provides

new economic opportunities. Such an occupational shift has been observed in Nigeria where fishing

became an important water contact activity after the construction of the Ruwan Sanyi dam [56]. More

research is needed to understand the aquatic biology and behavioural patterns which shape infection

outcomes associated with different waterbodies [61, 62]. It is unclear if the finding of differential risk

of different waterbodies (i.e., between rivers, lakes, and streams)–rather than reflecting substantial risk

differences in these settings—may be spurious as some waterbodies are more well-studied than others. In

this meta-analysis, more than half of all included articles studied streams, one-third studied rivers, and a

quarter studied lakes (multiple mentions were possible). By contrast, dams/reservoirs, canals, fields/rice

paddies, and swamps provided too few studies for subgroup analyses. Therefore, this analysis had limited

ability to contrast risk across the full range of water settings. The finding that only water contact in high

and medium endemicity settings, but not low endemicity settings, was associated with increased odds of

infection may be due to different likelihoods of parasite acquisition because of variation in environmental

hazard. However, the lack of malacological data in most studies precluded an investigation of how the risk

of water contact was mediated by the presence of intermediate snail hosts across different waterbodies.

Among 101 studies, only 21.8% reported on snail abundance (from malacology) and 12.8% reported on

prevalence of infected snails. The number of studies per subgroup was too low to analyse how risk of

water contact varied between studies that found snails compared to studies that found no snails.

Seasonality modified associations between having water contact and schistosome infection. Having

any water contact was associated with infection status only in study locations classified as tropical

savannah climate by the Köppen–Geiger climate zone classification [27]. Tropical savannah climate is

characterised by a pronounced dry season either in winter or summer. None of the other climate zones

represented in the review had a similarly pronounced dry season. Seasonality has been shown to affect

transmission both through changes in human behaviour with higher water contact in the dry season [5]

and through variation in environmental conditions (such as water flow, rainfall, and temperature) that

affect environmental risk [63, 64]. The findings in this chapter are consistent with previous research that

has linked dry-season water contact to elevated infection risk [60]. Moreover, this meta-analysis showed
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that within the tropical savannah studies, it was contact with seasonal (as opposed to perennial water

sources) which dominated. Among included studies, 50% of waterbodies in tropical savannah climate

were streams (a higher proportion than in other climate zones) and only 14% were rivers. Streams are

more likely to be seasonal compared to rivers which lends further support to the hypothesis of seasonal

water contact as a risk factor.

2.4.5 Limitations

A limitation of this review was the high degree of heterogeneity (𝐼2 > 90%). The 𝐼2 value was com-

parable to heterogeneity in two other meta-analyses [35, 36] of observational studies on risk factors for

schistosomiasis infection whose 𝐼2 statistics ranged between 82% and 96%. Heterogeneity was lower

only in the meta-analysis of associations between water contact duration and infection status where the

𝐼2 was between 65% and 67%. None of the subgroup analyses conducted substantially reduced hetero-

geneity in the association between schistosome infection and having any water contact, except for the

subgroup of direct observation studies which had half the degree of heterogeneity (𝐼2 = 43%) compared

to the subgroup of surveys (𝐼2 = 93%). Egger’s test indicated significant funnel plot asymmetry in the

meta-analysis of water contact activities and infection. The source of this asymmetry is not entirely

clear; it could reflect reporting bias, inflated effect sizes from smaller studies or true heterogeneity in

associations [65].

Water contact measures may not have been entirely comparable across studies due to the absence

of standardised survey instruments and varying recall periods and exposure definitions. Only one study

mentioned the use of a standardised module to elicit self-reported water contact [33]. The recall periods

employed in surveys varied widely between water contact in the past seven days to water contact in the past

year and most studies failed to report their recall period. Some of the water contact activity categories may

be overlapping and include somewhat heterogeneous measures, as reflected in the high 𝐼2. There was an

insufficient number of studies reporting on livestock farming, even though human–animal water contact

is crucial, especially for understanding risk for zoonotic transmission of schistosomiasis [66]. When

grouping activities into broader types (domestic, recreational, and occupational), the same participants

may be included multiple times if they conducted several domestic activities of the same type, such as

farming and fishing. However, multilevel models were used to account for repeated observations across

activities within the same study. In addition, some dimensions of water contact that are relevant to

infection likelihood were not represented in this review, such as bodily immersion and water contact by
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time of day [5, 67].

2.4.6 Conclusion

This chapter provides evidence that having water contact was robustly associated with infection in

both children and adults, across different water and endemicity settings, and across measurement tools.

The results highlight the key role that human exposure behaviour plays in explaining individual-level

infection outcomes. The pooled effect size of the association is sizeable compared to two meta-analyses

of other risk factors; gender and lack of safe water access [35, 36]. The findings have implications for

public health policies and interventions. Because all age groups, including adults, and people living

in medium and high endemicity settings were at infection risk from water contact, there is a need for

community-wide MDA and interventions to reduce exposure across all ages. This is in line with the

2022 WHO treatment guideline, which recommends community-based treatment of all people aged two

and above in communities with ≥ 10% prevalence [26]. Fishing is often cited as a high-risk occupation,

including in the 2022 WHO guidelines, but very few studies report directly on fishing as an occupation.

Most evidence on fishing comes from studies reporting on fishing as an activity, but the majority did

not adjust for any covariates. Studies on water contact and infection should include occupation as a

covariate. There are several ways to improve measurement and reporting of water contact in studies on

schistosomiasis. Survey-based studies should clearly state the recall periods and the survey questions

which were used to elicit responses. The comparability of various duration and frequency measures

across studies could be improved by using “no water contact” as the reference category across analyses

of frequency and duration. Similar to the UNICEF and WHO Joint Monitoring Programme definitions

for WASH [50], it would be beneficial to create an expert consensus and assemble standardised tools for

exposure measurement. Thus far, the literature has focused on the exposure measures of having any water

contact and the type of water contact activities. While the number of studies that included measures of

human water contact has increased over time, based on the studies included in this review, there has been

no clear evolution in the types of study designs or tools used. Self-reported measures of contact and

cross-sectional study designs continue to dominate the literature. Direct water contact observation has

become somewhat less common over time, but it was never widely adopted as a measurement method.

Despite the increased availability of data loggers and smartphones to record GPS locations, this method

is still rarely used to obtain water contact measures. Future research needs to ascertain measures of

frequency, duration, and immersion for different water contact activities. In addition, studies should
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routinely report on schistosome infection intensity as an outcome, not only infection status. To reduce

schistosome transmission and develop more effective policies, more studies still are needed to inform

accurate exposure measurements for ascertaining the age-dependency of exposure, identifying high-risk

groups, and informing transmission modelling.
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2.5 Supplementary Information

Figure S2.1. Meta-analysis of the association between individual-level water contact and odds
of schistosome infection – subgroup analysis of adjusted versus unadjusted effect sizes.
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Figure S2.2. Meta-analysis of the association between individual-level water contact and odds
of schistosome infection – subgroup analysis of infection/reinfection.
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Figure S2.3. Meta-analysis of the association between individual-level water contact and odds
of schistosome infection – subgroup analysis by study quality (low, moderate, high).
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Figure S2.4. Post-hoc power calculation to detect an OR of 3.14 with 31 studies and a median
study size of 503 participants >99% (parameters set to values from the meta-analysis).
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Figure S2.5. Assessing the influence analysis of any single study in the meta-analysis of asso-
ciations between individual-level water contact and odds of schistosome infection by removing
one study at a time.

53



Chapter 2. Systematic Review and Meta-Analysis

Figure S2.6. Subgroup meta-analysis by study setting of the association between individual-
level water contact and odds of schistosome infection in children.
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Figure S2.7. Subgroup meta-analysis of the association between individual-level water contact
and odds of schistosome infection in community-based studies.
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Figure S2.8. Egger’s test 𝑝-value reported for all categories with 𝑁 ≥ 10.
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Figure S2.9. Influence analysis of any single study in the meta-analysis of the association between daily, weekly, monthly water contact and odds
of schistosome infection.
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Figure S2.10. Funnel plot for meta-analysis of the association between individual-level water
contact duration and odds of schistosome infection. No Egger’s test was conducted due to the
small number of studies (𝑁 = 6) because Egger’s test may lack statistical power to detect bias
when N < 10.
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Figure S2.11. Funnel plot for meta-analysis of the associations between water contact activities
and odds of schistosome infection. The Egger’s test indicates significant funnel plot asymmetry
(𝑝 < 0.001). The funnel plot includes effect sizes and standard errors from all water contact
activities reported across studies, using a multilevel model clustered by study.
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Figure S2.12. Influence analysis of any single study in the meta-analysis of the associations
between water contact activities and odds of schistosome infection (1/2).
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Figure S2.13. Influence analysis of any single study in the meta-analysis of the associations
between water contact activities and odds of schistosome infection (2/2).
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Chapter 3

A Data-Driven Analysis of the
Determinants of Current Water Contact
and S. mansoni Infection in the
SchistoTrack Study

This chapter has been published as:

1. Reitzug F, Kabatereine NB, Byaruhanga AM, Besigye F, Nabatte B, and Chami GF.
Current water contact and Schistosoma mansoni infection have distinct determinants: a
data-driven population-based study in rural Uganda. Nature Communications 2024 Nov;
15. doi: 10.1038/s41467-024-53519-4.

Author contributions: Conceptualisation: FR and GFC. Data curation: FR, NBK, AMB,
FB, BN, and GFC. Formal analysis: FR. Funding acquisition: GFC. Investigation: FR and
GFC. Methodology: FR and GFC. Project administration: NBK and GFC. Resources: NBK
and GFC. Software: GFC. Supervision: GFC. Validation: FR. Visualisation: FR. Writing –
original draft: FR. Writing – review & editing: FR, NBK, AMB, FB, BN, and GFC.

3.1 Background

This chapter draws upon SchistoTrack cohort data from rural Uganda to investigate the complex

drivers of schistosome transmission which include human behaviour, accessibility of safe water

and sanitation, occupation, and ecological conditions for snail intermediate hosts. As exposure

to schistosomes occurs during water contact with infested waterbodies such as lakes, rivers,

or streams through various water contact activities, there is a need to capture both the human

and environmental factors which determine exposure. Water contact has become a well-

established proxy indicator for exposure due to the difficulties in directly measuring cercarial
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exposure. However, among the 101 included studies in the systematic review in Chapter 2, only

21.8% (22/101) collected snail abundance data to account for environmental factors relevant for

translating water contact into parasite acquisition risk.

Despite the need to integrate water contact with environmental variables, studies which

created exposure indices have not necessarily found that this increased the ability to predict

infection outcomes [1–3]. This may be due to limitations in data such as rough estimates of

bodily immersion [1, 3], assumptions made about cercarial density [1, 2], or methodological

limitations including no systematic variable selection and no out-of-sample validation [4]. Due

to regular MDA, studying the role of exposure for infection is further complicated by immunity

which can be acquired through past infection or successful treatment with praziquantel [5–7].

Understanding exposure also has proven difficult as no standardised exposure measurement

tools exist and there is high heterogeneity across existing studies [4].

This chapter addresses the lack of comparative studies on predictors of exposure versus

current infection. It has been found that infection prevalence varies based on household distance

to waterbodies [8, 9], but whether this is explained by corresponding trends in water contact

over distance remains unclear. Applied statistical models of exposure have predominantly

focused on water contact as a predictor of infection without characterising water contact as

its own outcome [4]. For estimating the force of infection, current mathematical models infer

age-specific water contact levels from infection trends over age [10, 11]. These models typically

assume that age-specific infection levels are a non-linear function of cumulative water contact up

to that age and the survival of adult schistosomes within the host. As highlighted in Chapter 2,

there is a need to characterise key determinants of water contact and assess whether infection

and water contact follow similar trends over age.

The aim of this chapter is to comprehensively characterise water contact patterns in the

SchistoTrack cohort using applied statistical models. The main research questions are: What are

the major human-environmental determinants of water contact, and at which level (individual,

household, or village) is the influence of those determinants? What are (if any) the shared

dimensions of water contact determinants with infection determinants?
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3.2 Methods

3.2.1 Study Setting, Participant Sampling, and Assessments

This chapter draws upon data collected as part of the SchistoTrack study, led by GFC at the

University of Oxford and NKB, based at the Vector Control Division (VCD) of the Uganda

Ministry of Health. I was part of the study team conducting the baseline data for the SchistoTrack

cohort [12]. These data were collected in January and February 2022 during the dry season

when human water contact and snail abundance were high [13]. Thirty-eight diverse rural

villages were sampled across three districts of Pakwach, Buliisa, and Mayuge. We sampled

villages within 3 kilometres (km) distance based on the village centre location reported by the

local chairman of the shorelines of River Nile, Lake Albert and Lake Victoria (Fig. 3.2b–d). In

all study districts, MDA with praziquantel has been carried out since the year 2003, targeting all

children aged ≥ 5 years. Thirteen or more rounds of treatment have been administered to-date in

each district. The most recent MDA was conducted over one year before this study. We randomly

sampled a total of 1,459 households, approximately 40 per village, from village registers or

MDA records. Sample size was determined as reported in [14]. All households with at least

one child and one adult residing in the village for at least six months of the year were eligible.

Informed consent was obtained from all participants. Parents or guardians consented on behalf

of children < 18 years of age. Adults provided written consent for children and where possible

children also provided written consent. All children provided informed verbal assent. After

obtaining consent, questionnaires were administered to obtain socio-demographics, biomedical

variables, WASH and environmental variables, and water contact patterns. At the end of the

household interview, one adult (aged ≥ 18) and one child (aged 5–17) per household were

selected for clinical assessments by the household head. All participants were treated for

schistosomiasis using praziquantel following clinical examinations irrespective of schistosome

infection status.

We also conducted village-level infrastructure and malacology surveys. For village-level in-

frastructure, information on the number of functioning public latrines and public taps/boreholes

and their respective GPS locations as well as the GPS locations of all primary schools were
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collected.We refrained from calculating community-level WASH coverage indicators as this

could have risked introducing ecological fallacy into associations between WASH and infection

(see Ref. [15] and reviewer comments in Ref. [16]). All latrines in the study area were pit

latrines, constructed close to the shoreline, particularly in Buliisa and Pakwach, where some

were destroyed during flooding in 2021—2022. Taps/boreholes were typically located slightly

further from the shoreline than latrines and were free from contamination. To assess envi-

ronmental risk, trained malacologists from the VCD mapped all water sites in the study area,

guided by the village chairman or a village health worker, and recorded the GPS location of

each site, site type, and the observed presence of human faeces at all water sites within the

village. Malacologists collected all living and recently dead snails at each water site for 30

minutes, using both scooping and searching for snails on floating vegetation. Snail infectivity

was established by exposing snails to natural sunlight for a maximum of eight hours the day

after collection and determining the number of snails shedding human schistosome cercariae

by water site.

3.2.2 Fieldwork During the DPhil

As part of the DPhil, I was extensively involved in the SchistoTrack baseline fieldwork. I

supported preparation, data collection, and management on the ground, and helped with data

processing and cleaning after I came back from Uganda. The extensive contributions of others

to the fieldwork are acknowledged in the introduction in Chapter 1. Leading up to the fieldwork,

I was in charge of preparing the GPS logger study (described in detail in Chapter 4). I supported

implementing changes to the questionnaires already programmed in Open Data Kit (ODK)

by OL and wrote quality control scripts for the clinical data. I also wrote code to generate

participant barcode lists, which would be used by field staff to ensure selected participants

attended all the different clinical stations. I was responsible for creating unique identifiers for

the approximately 3,000 study participants. This involved devising a suitable barcode system,

designing the barcodes in dedicated open-source software, and printing and laminating all 3000

barcodes in Oxford prior to the fieldwork. I also created spare barcodes and ensured we had a

laminator and printer in the field to reprint barcodes, as needed.
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During my two months in the field in January and February 2022, I helped with data

collection and data management. Together with ME and initially GFC, I collected village

infrastructure data; that is, I physically visited and recorded the GPS locations of all public

taps/boreholes and latrines in each of the 38 study villages, identified the village centre guided

by the chairman, and established where the village boundaries were. Additionally, I visited all

primary schools which people in the study villages attended and recorded information on the

number of pupils, catchment villages, grades offered, and MDA rounds and medicines available

at the school level. I also visited all local health centres to establish their catchment populations

and the available medicines. I visited all local drug shops (both formal and informal) and

recorded the ten most used medicines and their respective prices. In terms of the clinical data

collection, I generated barcode lists to ensure recruited patients attended all stations and ran

quality control scripts in the field to help the field teams collect data from participants who had

missed stations. I was responsible for the clinical data management of the Lumify point-of-care

ultrasound application, I created daily backups of the data on field laptops and later transported

all micro-USB cards back to Oxford. For direct water site observation, together with ME and

initially GFC, I trained locally recruited direct observers, handed out the observation forms, and

later helped to collect filled-in forms and assisted with digitising the data.

Post-fieldwork, I helped with data cleaning, especially for the clinical data and village

infrastructure data, creating the final datasets made available to the Chami Group cluster on the

BMRC cloud. I also created village notes which consolidated the handwritten observations that

ME, GFC, and I had made during the fieldwork. I was also involved in creating documentation

for all datasets to provide details on how the data was collected, any known data issues, and

instructions for future users.

In January 2023, I went to Uganda for one week to help digitise some additional information

from the water contact observation forms and assist with training the Ugandan team at the VCD

with a training session on Geospatial Information Systems (GIS), led by JL.
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3.2.3 Water Contact Outcome

To ascertain water contact information in SchistoTrack, survey questions were administered to

the household head and/or wife to elicit information on 11 different water contact activities

conducted by household members, and their typical weekly frequency, duration, and time of

day. The 11 activities were: getting drinking water, washing clothes with/without soap, bathing

with/without soap, washing jerry cans or household items, washing clothes, collecting papyrus,

fishing, fish mongering, collecting shells, and swimming or playing. (For self-reported soap

use, any type of soap was considered eligible. Both bar soap and powder soap were used

locally.) The choice of activities was informed by the literature and knowledge of the VCD

team to ensure all common water contact activities in the study area were captured. The typical

duration per trip to waterbodies for each activity in the household was elicited using predefined

duration categories (< 30 minutes, 1 hour, 2 hours, 3 hours, ≥ 4 hours). For frequency, the

typical number of trips per week in the household was collected. The typical time of day for

each activity was elicited using the following categories: before sunrise (1–6 a.m.), after sunrise

(6–9 a.m.), late morning (9 a.m.–12 p.m.), midday (12–3 p.m.), late afternoon (3–5 p.m.), early

evening (5–7 p.m.), after sunset (7–9 p.m.), late evening (9 p.m.–1 a.m.).

The main outcome was having any water contact which was coded as binary and defined as an

individual engaging at least in one water contact activity per week. We chose having any water

contact as the primary representation of exposure based on Chapter 2 where it was shown that

having any water contact was associated with infection status. Secondary outcomes included

the type of water contact activity and the frequency and duration of water contact. For activity

types, we grouped water contact into three distinct categories: domestic, occupational, and

recreational water contact. Domestic water contact was defined as engaging in getting drinking

water, washing clothes with/without soap, bathing with/without soap, washing jerry cans or

household items, or washing clothes. Occupational water contact was defined as engaging in

collecting papyrus, fishing, fish mongering or collecting shells. Recreational water contact

was defined as swimming or playing. To obtain individual-level water contact frequency,

we summed the self-reported weekly number of water contacts across all activities for each

individual. Duration was obtained by multiplying the weekly frequency of each activity with
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its duration and summing durations across all activities for each individual.

We also generated an additional 82 granular water contact variables indicating the frequency

and duration for each of the 11 water contact activities, the time of day of each activity, and

whether an activity was conducted at a high-risk time (10 a.m.− 3 p.m.), were included. We

also included variables for the frequency and duration of domestic, recreational, and domestic

activities and variables indicating whether anyone in the household conducted any of the 11

water contact activities. These more detailed variables were only used in (Fig. 3.9b)

3.2.4 S. mansoni Infection Outcome

Kato–Katz stool microscopy and point-of-care circulating cathodic antigen (POC-CCA) diag-

noses were completed for schistosomiasis as described in [14]. We prepared duplicate, thick

smear slides from a single, stool sample produced on the morning of the slide preparations.

Senior technicians re-read a random sample of 10% of all slides for quality control. Readings

were converted to eggs per gram (EPG) of stool. Infection was defined as > 0 EPG. In accor-

dance with the current WHO schistosomiasis control guideline [17], heavy infection intensity

was defined as ≥ 400 EPG. We chose infection status (based on Kato–Katz diagnosis) as the

primary infection measure as infection status is relevant for transmission and prevalence has

been used to monitor reductions in transmission [18] and identify persistent hotspots [19, 20].

POC-CCA was not chosen as the primary infection measure due to its lack of specificity [21]

and undemonstrated relevance for transmission [22]. POC-CCA was only used in sensitivity

analyses to demonstrate the robustness of main models in the potential scenario of missed light

infection intensities. To this end, individuals who were Kato-Katz negative but POC-CCA

positive (positive 1–3 band) were recoded as positive. As POC-CCA detects worm antigens,

this recoding based on POC-CCA may help to identify individuals with nascent infection, single

sex infections or post-menopausal infections not picked up by Kato-Katz [23].

3.2.5 Individual, Household, and Village Human–Environmental Variables

Detailed definitions of all variables are provided in Table S3.1. We curated a set of 33

candidate variables for our main analysis and aimed at comprehensively covering key human-
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environmental determinants of water contact and infection (27 variables for the water contact

models and six additional water contact variables for the infection models). At the individual

level, we included self-reported age, gender, occupation, and highest education level completed

as covariates, based on their relevance for water contact and infection [24]. Age was coded to

the nearest year and was a continuous variable as grouping age into categories could lead to

information loss [25]. We generated an age2 term to model non-linear associations of water

contact and infection.

Household-level variables were as follows. To account for the influence of socio-economic

status, we generated a home quality score variable as described in [26]. WASH access may

influence water contact by crowding out open water contact or may affect infection via reducing

faecal contamination and thus environmental risk [27]. We generated sanitation variables

indicating the Euclidean distance from the household to the closest public latrine and presence of

a household home latrine. Having a flush or pour-flush toilet, a covered pit latrine with/without

privacy, or a composting toilet was considered as having a home latrine. Households who

reported open defecation or having only bucket latrines were considered as not having a home

latrine, as per WHO–UNICEF Joint Monitoring Committee 2017 methodology guideline [28].

We also generated water infrastructure variables indicating the Euclidean distance to the closest

tap/borehole, household water purification method used (if any), the presence of a handwashing

facility, and whether the household used public taps/boreholes as their primary source of

drinking water. Overall, 52.8% of households (95% CI 51.0–54.6%) used public taps/boreholes

as their primary source of drinking water. We also generated variables for the number of

latrines, and the number of taps/boreholes per village.

At the village level, we recorded a wide range of characteristics for water sites, of which some

were combined to create distance metrics. The types of water sites (river, marsh, beach, swamp,

pond) in each village were recorded by malacologists. The number of water sites per village

was calculated from water sites mapped by malacologists. To measure faecal contamination,

malacologists observed at all sampled water sites whether there was human stool present. Past

research has shown the existence of lake gradients in infection [8, 9, 29]. We therefore generated

Euclidean distance variables to assess whether these gradients were explained by variation in
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water contact behaviour across lake distance. Variables were defined as follows: Household

lake distance was the Euclidean distance of the household GPS location to the closest water

site mapped by malacologists. Village lake distance was computed by assigning households to

the village centre reported by the local chairman and calculating the Euclidean distance to the

closest water site. For school lake distance, all children attending primary school were assigned

to the school closest to the household. We then calculated the Euclidean distance from the

school to the closest water site. Distance to the type of water site closest to the household was

generated using information on the type of site collected by malacologists.

The information we collected about intermediate snail hosts and infection prevalence was

also incorporated at the village level. The snail variables included were the number of water

sites with infected snails per village, number of snails within 1 km of the household, number

of snails per village, number of infected snails per village, presence of any infected snails

in the village, distance to the closest water site with infected snails, and whether the closest

infected water site from the household was within the village. Village-level prevalence was

defined as per WHO schistosomiasis control guidelines with 10–49% prevalence by Kato–Katz

corresponding to moderate and ≥ 50% prevalence corresponding to high endemicity [17]. There

were no low-prevalence (≤10%) villages in our study.

3.2.6 Comparison of Self-Reported Water Contact with Direct Water Contact Observa-

tions

Direct water contact observations were conducted in a subset of 12 villages concurrently with

the collection of self-reported water contact data. All water contacts at two water sites per

village were recorded by trained local village health team members who were trusted by the

communities and knew all individuals within their village. Contact was observed between

6 a.m. and 6 p.m. for two weeks and each visitation of the water site, defined as having at

least one body part immersed, was recorded as a separate water contact event. Age group,

as defined per recent WHO schistosomiasis control guideline [17], as well as gender, activity,

bodily immersion, time, and duration were recorded. By comparing the age distribution in

direct observation data for participants aged ≥ 5 years with the age distribution of water contact
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in self-reported data from the same 12 villages, we assessed the extent to which survey data

were representative of the age composition in the observation data.

3.2.7 Geospatial Data

Waterbody boundaries shown in Fig. 3.2 were from a public shapefile of waterbodies in Uganda,

made available online under a Creative Commons Attribution (Non-commercial 4.0 Interna-

tional) license by the World Resources Institute [30].

3.2.8 Statistical Analysis

All statistical analyses were conducted in R version 4.1.0. To describe the univariate non-linear

trends of water contact and infection over age, we used generalised additive models (GAMs)

from the mgcv package [31]. The number of knots was separately chosen for each GAM based on

the mgcv diagnostic function k.check. The GAM results informed our subsequent modelling of

age in the regression models to predict water contact and infection where we used age and age2

terms to account for non-linearities. We also modelled trends in water contact over distance to the

nearest water site using GAMs and obtained distance gradients from these GAMs by computing

the average slope over household distances between 0–1 km. We refrained from reporting

distance gradients ≥ 1 km household distance, as only 4.7% of participants (137/2867) lived in

households ≥ 1 km from a water site. We used Spearman correlation coefficients (𝜌𝑠) to assess

correlations between water contact and infection status across participants. We also assessed

pairwise correlations of these variables within households. All 𝑡-tests conducted in this chapter

were two-sided. To select predictors of water contact and infection status, respectively, the same

variable selection procedure was applied separately using the same list of input covariates except

for six additional water contact variables which were only included in the infection status models.

We included a district-level fixed effect in every model to account for unobserved district-level

differences in water contact and infection. To assess the relevance of snail variables for water

contact and infection as well as the relevance of more granular water contact variables for

predicting infection, we used Bayesian Variable Selection (BVS) to select additional predictors

from the sets of seven snail variables and 82 granular water contact variables, respectively,
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while constraining all previously selected variables to remain included. This way, we tested

whether adding snail variables or more granular water contact variables improved predictions

compared to the models with our main sets of predictor variables. BVS was implemented using

the Bayesian Adaptive Sampling (BAS) package in R [32]. The outputs of this analysis were a

ranking of the best-fitting models with associated posterior probabilities for each model being

the best model as well as marginal inclusion probabilities bounded between 0 and 1 for each

variable, indicating the importance of including each of the predictors in our water contact and

infection models, respectively. The large number of candidate variables yielded a prohibitively

large model space (227 possible models for water contact). Therefore, we used Markov Chain

Monte Carlo (MCMC) methods implemented within the BAS package to sample models based

on their posterior probabilities and avoid enumerating all possible models [33]. We ran 2×107

MCMC iterations, a number deemed sufficient based on in-built MCMC diagnostics of the BAS

package. The prior distribution of the models was set to a uniform distribution which assigned

equal probabilities to all models. For the distributions on the regression coefficients, we used

Jeffreys–Zellner–Siow priors which have been shown to have desirable mathematical properties

and which provide more consistent results under both the null and the alternative model than

alternative priors such as hyper-g priors or Empirical Bayes priors, and are also more consistent

than non-Bayesian methods such as the Akaike Information Criterion [34–36]. To build the

final water contact and infection models, we selected all variables with inclusion probabilities

of pr ≥ 0.5 in the BVS output which yielded the so-called median probability model [37]. The

choice of pr ≥ 0.5 was motivated by research showing that the median probability model, not the

highest probability model, often yields the best predictive performance [33]. As an alternative to

BVS, we used likelihood-ratio tests (LRTs) with a cut-off of 𝑝 < 0.05. For LRTs, we compared

a model with just one variable at a time against an empty model with village-level fixed effects

only to select predictors of water contact and infection. A comparison of the variable sets

selected using Bayesian variable selection and LRTs is shown in Table S3.7. For models shown

in Fig. 3.9b–c, we included the additional snail variables and water contact variables, described

above (model results shown in Figs. S3.15 and S3.16).

After variable selection, we used generalised linear models with a binomial family and a
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log-link function to predict whether an individual had any water contact (𝑛 = 2867). For all

regression models, we clustered standard errors at the household level using the sandwich pack-

age in R [38] to account for our sampling design where households were randomly selected, but

not individuals. We considered the use of both random and fixed effects models to account for

unobserved household and village-level confounders. Using a Durbin–Wu–Hausman test [39],

we compared the consistency of village-level random effects models against an alternative

model using district fixed effects. The test statistic from the Durbin–Wu–Hausman test com-

paring the water contact random effects model with the respective fixed effect model provided

strong evidence (𝜒2 = 137.46, 𝑝-value < 0.01) that random effects models would have provided

inconsistent estimates. We also ran the Durbin–Wu–Hausman test for the infection status model

and found that a random effects model would have provided consistent estimates (𝜒2 = 3.6994,

𝑝-value = 0.99). Yet, when we analysed model residuals from the fixed-effects infection status

model, we found that the intra-class clustering coefficient (ICC) was 0.017, indicating that there

was very little unaccounted household-level variation. Therefore, we believe that the use of

district-level fixed effects was justifiable both for modelling water contact and infection status.

To identify which variables predicted a specific type of water contact, we used the main

set of selected variables from the water contact model to predict domestic, occupational, and

recreational water contact, respectively, in separate logistic regression models. In these models,

we removed all participants engaging in multiple types of water contact activities to generate

mutually exclusive categories. This removal resulted in 6.3% individuals (183/2867) being

excluded. To adequately model overdispersion of water contact frequency and duration, we

used negative binomial models to predict frequency and duration using all selected predictors

of water contact. For all negative binomial models, we tested whether they adequately modelled

zero-inflation using the check zeroinflation function from the performance package in

R [40]. For infection, we used the selected infection variables from Bayesian variable selection

in logistic regression models to predict infection status as well as heavy infection (𝑛 = 2867). We

modelled frequency and duration of water contact as well as infection intensity using negative

binomial regression models. Across all models, we computed generalised variance inflation

factors (gVIFs) to diagnose multicollinearity [41] but did not remove any variables as none
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had gVIFs >
√

10. Ten-fold cross-validation was used to assess the predictive capacity of the

statistical models with binary outcomes based on the area under the receiver operating curve.

3.3 Results

3.3.1 Water Contact Type, Timing, Frequency, and Duration

A study overview is presented in Fig. 3.1. Detailed variable definitions and characteristics of the

2867 participants are presented in Table S3.1. Among study participants, 46.7% (1339/2867,

95% confidence interval (CI): 44.9–48.5%) reported that they had water contact with open

freshwater bodies at least once per week. The median frequency of water contact was six times

per week (interquartile range (IQR): 3–11) and the median duration in hours per week was

eight (IQR: 3.5–17.5). Both frequency and duration exhibited overdispersion, with only few

individuals engaging in high-duration or high-frequency water contact (Fig. S3.1). The three

Figure 3.1. SchistoTrack study overview. Data sources, information collected, and sample size
of the SchistoTrack study. Abbreviations: WASH = water, sanitation, and hygiene. GPS = global
positioning system.
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most common water contact activities among participants were getting drinking water (17.3%,

497/2,867), washing clothes with soap (16.8%, 481/2867), and fishing (12.3%, 354/2867,

Table S3.3). People washing clothes with soap were as likely as other participants to report

washing clothes without soap (5.8%, 28/481, versus 5.1%, 124/2386, 𝑝 = 0.67). Overall,

water contact was most commonly conducted between 6–9 a.m. with 23.3% (956/4046) of

contacts taking place at this time. The typical time of day of water contact varied by activity

type. Washing clothes with soap and getting drinking water were most commonly done after

sunrise (6–9 a.m.) with 32.8% (163/497) and 34.1% (164/481) of water contacts related to these

activities, respectively, occurring during this time. For fishing, the early evening (5–7 p.m.) was

the most common time, accounting for 24.2% (86/354) of fishing water contacts. Concerning

frequency of water contact, the median number of weekly trips was two for washing clothes

with soap (IQR: 2–5), seven for getting drinking water (IQR: 5–14), and four for fishing (IQR:

2–7). Among these activities, the median duration of water contact was highest for fishing

at four hours (IQR: 3–4). Washing clothes with soap or getting drinking water had a median

duration of only one hour, noting 30 minutes as the minimum amount of time recorded in the

study survey.

3.3.2 Water Contact Dependence on Distance to Water Sites

Households were located within 0.01–2.17 km (mean 0.35 km, 95% CI: 0.43–0.36 km) of the

River Nile, Lake Albert or Lake Victoria (Fig. 3.2). Household distance varied by district. In

Pakwach District, the mean distance to the River Nile or Lake Albert was 0.41 km (95% CI:

0.39–0.43 km); whereas in Buliisa District, the mean distance to Lake Albert was 0.24 km (95%

CI: 0.23–0.26 km). Household waterbody distances were more similar between Mayuge and

Pakwach, albeit they were the districts furthest apart. Water contact varied by waterbody dis-

tance; in households residing directly on the shoreline (≤100 m), 54% of individuals (315/589)

had water contact. In households located >1 km from a water site, 26% (36/137) of individuals

reported having water contact. Water contact declined rapidly with shoreline distance, as 80%

of all individuals with water contact lived within 0.43 km Euclidean distance of water sites

(Fig. S3.2). Among individuals within 0.43 km, 58.1% had water contact, whereas only 26.1%
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Figure 3.2. SchistoTrack study areas. The locations of 2867 study households (randomly
displaced by 50m) and 143 water sites sampled by malacologists are shown. Waterbody
boundaries were taken from the open resource dataset from the World Resources Institute.
(A) Locations of the three study districts Pakwach, Buliisa, and Mayuge in Uganda. (B) Zoomed
in view of Pakwach. Households and water sites are shown along Lake Albert and the River
Nile. (C) Zoomed in view of Buliisa. Households and water sites are shown along Lake Albert.
(D) Zoomed in view of Mayuge. Households and water sites are shown along Lake Victoria.
Household distance in this figure represents Euclidean distance of the household location to the
closest water site.

of individuals living further than 0.43 km away had water contact. Using GAMs, we modelled

the decline in water contact over household distance to the closest water site. For every 100 m

increase in distance between 0–1 km, a 3.4% point reduction in the proportion of participants

with water contact was found. Consistently decreasing gradients were observed across domes-

tic, occupational, and recreational activities (Fig. 3.3a). Gradients in water contact differed

depending on the distance metric used (Fig. 3.3b). Village centre distance to the closest water

site produced weaker gradients than household distance, with a 1.9% versus 3.4% point reduc-

tion for every 100 m increase with village distance compared to household distance (Fig. 3.3c).

77



Chapter 3. Water Contact Survey Data Analysis

0.0

0.2

0.4

0.6

0.8

0.0 0.5 1.0 1.5 2.0
Household distance to closest water site (km)

P
ro

po
rt

io
n 

w
ith

 w
at

er
 c

on
ta

ct
Domestic water contact
Occupational water contact
Recreational water contact

A

0.0

0.2

0.4

0.6

0.8

0.0 0.5 1.0 1.5 2.0
Household distance (km)

P
ro

po
rt

io
n

B

0.0

0.2

0.4

0.6

0.8

0.0 0.5 1.0 1.5 2.0
Village distance (km)

P
ro

po
rt

io
n

C

0.0

0.2

0.4

0.6

0.8

0.0 0.5 1.0 1.5 2.0
School distance (km)

P
ro

po
rt

io
n

D

Figure 3.3. Proportion of individuals with water contact over household waterbody distance.
The proportion of individuals with current water contact over Euclidean household distance to
the closest water site (in km) was modelled using generalised additive models. (A) Proportion
of individuals with domestic, occupational, and recreational water contact. (B–D) Comparison
of lake gradients in water contact across alternative waterbody-distance metrics: household
distance, village centre distance, and school distance to the closest water site. (B) Proportion
of individuals with any water contact by household-level distance to the closest water site.
(C) Proportion of individuals with water contact by village centre distance to the closest water
site. Village centre location was identified as the cultural centre by the village chairman. All
households within a village were assigned the distance from the village centre to the closest
water site. Compared to household water site distance with a maximum of 2.2 km, the village
centre distance distribution was truncated at 1.2 km as the furthest village centre in this study
was 1.2 km away from the closest water site. (D) Prevalence of water contact by distance
from the school closest to the household to the nearest water site. Sample restricted to 𝑛 = 597
enrolled children. The 95% confidence intervals in Panel A were computed via bootstrap with
1000 repeats.

When using primary school distance to the closest freshwater body, there was no relationship

between distance and the percentage of households who engaged in water contact (Fig. 3.3d).

3.3.3 Gender and Age-Specific Water Contact Patterns

Gender and age-specific patterns of water contact were examined using GAMs. Overall, 49.3%

(775/1573) of females and 43.5% (564/1294) of males reported water contact. The frequency
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of water contact was higher for females than males at a median of seven versus five trips

per week (Wilcoxon rank sum test, 𝑝 < 0.01, Table S3.4). Conversely, females had a lower

duration of water contact than males, with seven compared to ten hours reported per week

(Wilcoxon rank sum test, 𝑝 < 0.01, Table S3.5). Relationships between current water contact

with gender and age were non-linear and varied substantially over the life course. The modelled

age-dependent proportion of participants with water contact was 18% (95% CI: 14–18%) at age

five, peaked at 70% (95% CI: 66–74%) at age 30, and declined to 28% (95% CI: 20–36%) at

age 70 (see Fig. 3.4a). Across ages 18–35, the proportion of individuals with water contact was

higher for males than females (Fig. S3.3). Beyond any water contact, the type of water contact

activity was gender-dependent (Table S3.3). For instance, 24.3% (315/1294) of males reported

going fishing, while the same figure was only 2.5% (39/1573) among females (𝜒2 = 311.56,

𝑝 < 0.01). Collecting drinking water was reported by 22.1% (348/1573) of females but only

11.5% (149/1294) of males (𝜒2 = 55.02, 𝑝 < 0.01). Washing clothes with soap was also more
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Figure 3.4. Variation in water contact and infection over age. (A) Proportion of individuals with
current water contact and S. mansoni infection prevalence over age modelled using generalised
additive models. (B) Frequency of water contact measured by the weekly number of trips to
waterbodies over age and gender. (C) Duration of water contact measured in numbers of hours
per week, over age and gender.
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Figure 3.5. Composition of water contact activities over age and gender. (A) Proportion of all
water contacts within each five-year age group which were domestic, occupational, or recre-
ational over age for males. (B) Frequency, measured as the proportion of trips to waterbodies
that were domestic, occupational, or domestic over age for males. (C) Duration, measured
as the proportion of water contact time which was accounted for by domestic, occupational,
or recreational activities over age for males. (D) Proportion of all water contacts within each
five-year age group which were domestic, occupational, or recreational over age for females.
(E) Frequency, measured as the proportion of trips to waterbodies that were domestic, occu-
pational, or domestic over age for females. (F) Duration, measured as the proportion of water
contact time which was accounted for by domestic, occupational, or recreational activities over
age for females.

common among females than males (23.4% (368/1573) versus 8.7% (113/1294), respectively,

𝜒2 = 108.27, 𝑝 < 0.01). The proportion of water contacts taking place during peak cercarial

shedding time, defined as between 10 a.m.–3 p.m. [42], was not significantly different between

males and females for any activity. However, predominantly female activities—getting drinking

water, washing clothes with soap, and washing jerry cans or household items—were more likely

to be conducted during peak shedding time than male activities such as fishing (Table S3.6).

Gender differences in water contact frequency, duration, and dominant activity type became

pronounced in adolescence between ages 15–19 (Figs. 3.4 and 3.5). Until age 15, water contact

patterns of both females and males included mostly domestic activities (Fig. 3.5). After age

15, females maintained high levels of domestic water contact, while the relative involvement of
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males in domestic activities strongly declined (Fig. 3.5). Among adults (age ≥ 18), domestic

water contact accounted for 75.3% of total water contact duration for females, while occupational

water contact accounted for 81.8% of total water contact duration for males.
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Figure 3.6. Relevant dimensions of water contact and infection. Abbreviations: Prop. = propor-
tion. HH = household. WASH = water, sanitation, and hygiene. Ind.-level = individual-level.
Vill.-level = village-level. Panels (A–D) depict the relevance of different types of variables for
predicting water contact and infection, as indicated by their inclusion probability in the “best
predictive model” (median probability model) based on Bayesian variable selection (BVS).
(A) Socio-demographic variables. (B) Biomedical variables. (C) WASH variables. (D) Envi-
ronmental variables. The dashed vertical lines in (A–D) represent the cut-off (pr ≥ 0.5) used to
select variables for inclusion in the final regression models. Panels (E–F) regroup variables in
(A–D) according to their type and level and show the importance of different levels and types
of variables as indicated by their proportional representation in the variable set (weighted by
their respective inclusion probabilities). (E) Type of predictor variables. (F) Level of predictor
variables. Within each box in Panels (E–F), the left column shows the proportion each variable
category accounts for within the candidate variable set and the right column shows the impor-
tance of each category within the set of selected variables.
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3.3.4 Relevant Human-Environmental Dimensions of Water Contact

Bayesian variable selection (BVS) was applied to a comprehensive set of 27 socio-demographic,

biomedical, water, sanitation, and hygiene (WASH), and environmental candidate variables

(Fig. 3.6a–d). Variables with inclusion probabilities ≥ 0.5 were subsequently used in multivari-

able logistic regression models to predict water contact. Selected socio-demographic factors

included age, age2, gender, and occupation. One village-level WASH variable—the distance

to the closest public latrine from the household—was included, as well as village infection

prevalence. Four environmental variables were selected, including the type of water site closest

to the household, the closest water site within the village, the number of water sites per village,

and faecal site contamination occurring at the closest site to the household. To summarise

which variable types and levels were relevant for predicting water contact, the proportion of

variables by group and level was calculated, weighted by their respective inclusion probabilities

(Fig. 3.6e–f). Among selected variables, socio-demographics accounted for 47% of all weights,

followed by environmental variables at 39%, WASH at 7%, and biomedical variables at 7%

(Fig. 3.6e). Individual-level factors accounted for 30%, household-level factors for 55%, and

village-level factors for 15% of all weights (Fig. 3.6f).

3.3.5 Determinants of Any Water Contact

Fig. 3.7 presents the main model of any water contact. Significant predictors of current

water contact spanned socio-demographic, biomedical, WASH, and environmental variables.

Both age (OR 1.18; 95% CI: 1.15–1.21) and age2 (OR 0.9978; 95% CI: 0.9975–0.9982)

were significantly associated with water contact. The relevance of age2 supported a declining

relevance of older age with water contact, consistent with the exploratory GAMs. Females had

1.4 times higher odds of having water contact compared to males (95% CI: 1.17–1.68). Fishing

and fish mongering occupations were associated with 6.67 times (95% CI: 4.06–10.95), and

2.10 times (95% CI: 1.12–3.95) higher odds of water contact, respectively, when compared to

other or no income-earning occupations. Occupation and gender were significantly associated

(𝜒2 = 400.95, 𝑝 < 0.01). When occupation was removed from the model, the gender coefficient

became insignificant (OR 1.05; 95% CI: 0.89–1.24, Fig. S3.4). Observed faecal contamination
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Figure 3.7. Determinants of water contact. Abbreviations: Prop. = proportion. HH = house-
hold. KK = Kato–Katz stool microscopy. A logistic regression model is shown for current water
contact (𝑛 = 2867) with 95% confidence intervals from standard errors clustered at the house-
hold level. The x-axis is on a log scale. For each categorical variable, we tested group-level
significance using likelihood ratio tests (LRTs) comparing the full model to a model without
the categorical variable. The global Moran’s I of the model residuals was 0.064 (95% CI:
0.0639–0.0644, 𝑝 < 0.01).

at the water site closest to the household was associated with 24% lower odds of having water

contact (OR 0.76; 95% CI: 0.63–0.92) when compared to living near water sites with no such

contamination. Each 1 km-increase in distance to the closest public latrine was associated

with 13% lower odds of having water contact (OR 0.87; 95% CI: 0.81–0.94). However, latrine

distance was significantly correlated with distance to the closest water site (𝜌𝑠 = 0.33, 𝑝 < 0.01).

Water site ecology influenced water contact behaviour. Individuals who lived closest to a beach,

swamp, or pond had significantly higher odds of having water contact compared to people living

closest to a river (ORs: 1.57–3.24). Access to water sites, measured by the number of water sites
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per village (OR 1.13; 95% CI: 1.05–1.21) and whether the water site closest to the household

was within the village (OR 1.49; 95% CI: 1.25–1.78), was positively associated with the odds of

water contact. In villages with ≥ 50% S. mansoni prevalence, individuals had 30% lower odds

of engaging in water contact compared to villages with 10–49% prevalence (OR 0.70; 95% CI:

0.57–0.87). After adjustment for covariates, no significant regional differences in water contact

were observed when comparing the Western districts of Pakwach and Buliisa to Mayuge.

Using separate logistic regression models to predict domestic, occupational, and recreational

water contact, we found that the effect of gender varied between activity types (Fig. S3.5).

Females had 2.43 times higher odds of engaging in domestic water contact than males (OR 2.43;

95% CI: 1.97–3.00), but 72% and 83% lower odds of having recreational and occupational water

contact (OR 0.28; 95% CI: 0.11–0.73 and OR 0.17; 95% CI: 0.11–0.27, respectively). Negative

binomial models predicting water contact frequency and duration showed no significant gender

differences in duration and frequency after adjusting for covariates (Figs. S3.6 and S3.7).

3.3.6 Determinants of Water Contact Versus Infection

We compared determinants of water contact and schistosome infection status, defined as≥ 1 eggs

per gram (EPG) of stool. Overall, 43.3% (1240/2867) of study participants were infected with

S. mansoni, and 8.2% (236/2867) were heavily infected (≥ 400 EPG). District-level prevalence

was highest in Pakwach (50.4%, 477/947), followed by Buliisa (44.1%, 422/958), and Mayuge

(35.4%, 341/962). Modelled S. mansoni infection prevalence varied by age; 29% (95% CI:

25–33%) of children were infected at age five, prevalence rose to a peak of 63% (95% CI: 59–

67%) at age 15, and then declined to 31% (95% CI: 24–36%) at age 50 (Fig. 3.4a). This trend

differed from age-dependent water contact, which peaked much later at age 30 and remained at a

significantly higher level than infection until age 65. Modelled age-specific infection prevalence

trends in GAMs were similar between participants with and without water contact (Fig. S3.8).

Infection prevalence did not follow the same linear decline over household distance from water

sites, which was observed for water contact (Fig. S3.9). Even crude correlations between

current water contact and infection status showed no association (𝜌𝑠 = 0.03, 𝑝 = 0.11, obs.

2867). Pairwise correlations of infection status (𝜌 = 0.16, 𝑝 < 0.01) or water contact (𝜌𝑠 = 0.08,
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𝑝 < 0.01) between adults and children within the same household were weak (𝑛 = 2867). Village-

level infection prevalence was uncorrelated with the village-level proportion of individuals with

water contact (𝜌𝑠 = 0.004, 𝑝 = 0.98, 𝑛 = 38).

We selected predictors of infection status using the same methods and candidate set as for

water contact (plus six additional water contact variables for the infection model, Table S3.1).

The number of variables selected for water contact was ten, compared to seven for infection

status. Among these ten variables for water contact, only 50% were selected for inclusion in the

infection status model. Shared variables included age, age2, occupation, the number of water

sites per village, and village infection prevalence. Gender was not selected for the infection

model. No water contact or WASH variable met the threshold of inclusion for infection status.

Other predictors of water contact not selected for infection included faecal contamination of

the water site closest to the household, type of water site closest to the household, closest

water site in the village, and distance to the closest public latrine. Two predictors of infection

were not selected for the water contact model: education level attained and the landform

type of the water site in the village. When grouped by variable type, socio-demographics

(accounting for 62% of variables) and environmental variables (25%) were most relevant for

infection (Fig. 3.6e). Socio-demographics were more relevant for infection status than for water

contact, while environmental variables were less important for infection status compared to

water contact. When compared by level, household-level variables were comparatively less

relevant for infection status than for water contact, while individual-level variables were more

relevant for infection status than for water contact (Fig. 3.6f).

Fig. 3.8 shows results of logistic regressions predicting infection status and heavy infection.

Among the five variables consistently selected for water contact and infection, no variable except

for age2 was significant and of similar magnitude, defined as having overlapping CIs, between

the models. Age was positively associated with both outcomes, but the effect size of each one-

year increase in age was of greater magnitude for water contact (OR 1.17; 95% CI: 1.15–1.21)

than infection (OR 1.05; 95% CI: 1.03–1.08). There was no evidence of association between

the two models; no significant correlation was observed between residuals of water contact and

infection models (𝜌𝑠 = 0.01, 𝑝 = 0.44, obs. 2867). Even within infection models, instability
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Figure 3.8. Determinants of infection status and heavy infection intensity. Abbreviations:
KK = Kato–Katz stool microscopy. Separate logistic regression models predicting S. mansoni
infection and heavy S. mansoni infection (𝑛 = 2867) with 95% confidence intervals from standard
errors clustered at the household level. The x-axis is on a log scale. The global Moran’s I of
the model residuals was 0.0049 (95% CI: 0.0047–0.0052, 𝑝 = 0.39).

was observed across significant variables (Fig. 3.8). Fishing was inconsistently associated

with infection, showing only a relationship with heavy infection intensity (400+ EPG) and not

infection status (≥ 1 EPG). Having attained primary education was associated with higher odds

of infection but not with higher odds of heavy infection. All results remained robust even when

infection intensity was not used as a binary variable and run continuously in a negative binomial

regression (Fig. S3.10).

3.3.7 Validation of Water Contact and Infection Measurements

We investigated water contact misclassification in our survey data by investigating patterns in

direct water contact observations. Directly observed water contacts at the most used sites within

study villages were available for approximately 32% (12/38) of study villages and were collected

at the same time as the self-reported data. For the age structure of water contacts, the self-

reported water contact data closely resembled observed community-wide water contact patterns

from direct observation (Fig. S3.11). To address the possibility of missed light infections due

to the low sensitivity of Kato–Katz microscopy, negative Kato–Katz results were recoded as
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positive when POC-CCA diagnostic results were positive, where trace was classified as negative.

Infection results remained similar after reclassification of infection status (Fig. S3.12).

3.3.8 Predictive Capacity of Water Contact Models by Variable Selection Technique
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Figure 3.9. Predictive capacity of water contact and infection models. (A) Comparison of
auROC for the water contact versus infection status from models in Figs. 3.7 and 3.8 with
variables selected using BVS. (B) Comparison of the main water contact model (Fig. 3.7)
versus a more granular water contact model allowing for the selection of additional variables
from a set of seven snail variables, water contact∗ model, selected using BVS. (C) Comparison
of auROC for the infection status model in Fig. 3.8 versus auROC of two more granular infection
status models, the infection+ model and the infection∗ model (Figs. S3.15 and S3.16). In the
infection+ model variable selection process, we allowed for the selection of additional variables
from a set of 82 granular water contact variables using BVS. In the infection∗ model variable
selection process, we allowed for the selection of additional variables from a set of seven snail
variables using BVS. (D) Comparison of auROC for the water contact model selected using BVS
versus a water contact model with variables selected using likelihood ratio tests (LRTs). LRTs
compared one variable at a time against an “empty” model with village-level fixed effects at
𝑝 < 0.05 to select variables from the same candidate set as BVS. Differences between variable
sets selected via BVS and LRTs are shown in Fig. S3.14. (E) Comparison of auROC for the
infection status model using BVS versus an infection model with variables selected using LRTs.
All auROCs were computed using 100 repeats of ten-fold cross-validation.

The predictive performance of the water contact and infection models was assessed using

ten-fold cross-validation, quantifying the influence of variable selection method (BVS versus

LRTs) and the relevance of including additional snail and water contact variables (Fig. 3.9). The

water contact model had better predictive performance than the infection status model, with an
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area under the receiver operating curve (auROC) of 0.777 versus 0.693 (𝑝 < 0.01, Fig. 3.9a).

Neither the inclusion of additional snail variables nor the inclusion of more granular water

contact variables substantially improved the predictive accuracy of any model (Fig. 3.9b–c).

BVS outperformed LRTs for water contact prediction (auROC: 0.777 versus 0.521, respectively,

𝑝 < 0.01, Fig. 3.9d, Fig. S3.10). Compared to water contact, variable sets selected for infection

status were more comparable between BVS and LRTs (Table S3.6), and the gap in performance

was smaller (auROC: 0.696 and 0.648, 𝑝 < 0.01, Fig. 3.9e). There was weak residual spatial

correlation in the water contact model (Moran’s I = 0.064, 𝑝 < 0.01).

3.4 Discussion

The 2022 WHO guideline on schistosomiasis control and elimination as well as recent cross-

NTD guidelines emphasise the need to complement MDA with behaviour change and WASH

to achieve and sustain reductions in schistosome infection prevalence [17, 43]. However, this

requires an in-depth understanding of the determinants of water contact. In this chapter, a

data-driven, population-based analysis was conducted of 2867 individuals within a community-

based cohort, SchistoTrack [12], in 38 diverse villages in three districts in Uganda. This

analysis characterised complex water contact and S. mansoni infection patterns over age and

gender. We developed statistical models and a generalisable analysis pipeline for the wider

research community to untangle the intricate dynamics of water contact and infection. This

analysis included a comprehensive set of exposure variables. We focused on current water

contact using detailed individual, household, and environmental predictors of water contact

as well as WASH variables. We found that current water contact was not strongly associated

with current schistosome infection, highlighting the complex relationship between exposure and

infection. The findings should not be misconstrued as implying that water contact is irrelevant

for infection, as all infections are caused by contact at some point with infested freshwater

sources.

There was no significant village-level correlation between the proportion of individuals with

water contact and village-level infection prevalence. Hotspots exist in Uganda and elsewhere

and are commonly defined as high prevalence areas (≥ 50% by Kato–Katz microscopy) that are
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unresponsive to repeated MDA [44, 45]. SchistoTrack was conducted in villages with ≥ 10%

infection prevalence in districts that each had received over 13 annual rounds of MDA since the

year 2003 [14]. Individuals in hotspot villages (≥ 50% infection prevalence) had lower odds of

water contact when compared to villages with 10–49% prevalence. There have been calls for

intensified control in hotspot settings, including the use of exposure reduction interventions [46].

Our findings suggest that such intensified measures, if intended to reduce water contact, should

be targeted not only in hotspots but also in moderate prevalence settings.

Age-specific infection patterns did not approximate age-specific water contact, suggesting

an important role of acquired immunity in explaining infection patterns over age. Despite our

population being from three districts with varying local climates, geography, and tribal and

religious groups, water contact was comparatively low in children across all districts. Infection

prevalence peaked at age 15—more than a decade earlier than water contact, which peaked at age

30. Our finding is consistent with cross-sectional studies conducted before widespread MDA in

endemic settings that reported lower levels of reinfection in adults despite higher levels of water

contact [47, 48]. The discrepant age trends of water contact and infection support the slow build-

up of immunity, possibly due to immunity acquired through repeated exposure to antigens from

the death of mature flukes, which may reduce susceptibility to reinfection [49, 50]. Given low

levels of water contact among children compared to adults, we speculate that even longitudinal

water contact data would be unlikely to reveal much more substantive correlations between

measures of cumulative water contact and infection. This chapter suggests that the relationship

between water contact (as an element of exposure) and acquired immunity associated with water

contact is likely highly non-linear; the potential critical threshold of exposure required to explain

the sudden drop in infection levels at age 15 years would be suspected to be incredibly low.

In endemic settings, children typically become infected early in life, with one study in Kenya

showing that the seroprevalence based on antibody response to S. mansoni soluble egg antigen

was 38% at age two and 63% at age five [8]. For immunologically naı̈ve children, low levels

of water contact are likely sufficient for them to become infected. Due to repeated exposure,

children acquire a higher burden of infection over time and slowly start to mount a protective

immune response, which likely downregulates their infection intensity despite high levels of
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exposure [51, 52]. Understanding the temporal dynamics of exposure, infection, and immunity

is an important topic for future research. In this analysis, it was not possible to rule out the

role of the timing of first infection, longevity of single infections, influence of co-infections

and other immune-modulating factors, or age-specific immune responses [6, 8]. There is a

need for future longitudinal studies that combine the collection of exposure histories with

immunological data. In terms of modelling, this chapter advocates for relaxing assumptions

about a direct correspondence between current age-specific water contact rates and infection

prevalence.

We observed clear gender differences in the dominant types of water contact among adults.

Female adults mostly had domestic water contact, while male adults primarily engaged in

occupational water contact. These activities typically take place at different times of the day

and involve varying levels of bodily immersion, which may lead to differing exposure levels. A

systematic review suggested that gender differences in infection prevalence might be explained

by these varied exposure patterns [53]. While the review was unable to account for age

differences due to a lack of age-disaggregated reporting, the results here emphasise the need for

age stratification. We found that water contact patterns were similar in males and females up to

age 15. Among adults, being female was positively associated with water contact, but only after

adjusting for occupation, underscoring the interrelatedness of gender and occupation. When

using a composite outcome, such as any water contact, it remains challenging to isolate the

effects of gender. However, by separately modelling different water contact activities, we found

that females had significantly higher domestic water contact but significantly lower occupational

and recreational water contact. To promote gender equity in exposure reduction programs, both

domestic and occupational water contact should be addressed, as they represent the primary

sources of exposure for females and males, respectively.

Past research has tried to separate environmental and human-behavioural elements of expo-

sure [54, 55], yet these factors are intricately linked. Here, environmental features influenced

both water contact behaviour and environmental hazards, where hazard is defined as the local

abundance of schistosome cercariae. We identified several environmental factors, such as the

number of water sites within the village, site type, and faecal contamination, which impacted
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water contact patterns. Some of these factors, especially faecal contamination, also impact

environmental hazard. When we included several snail-related factors, such as the number of

snails or infected snails at the nearest site, we found that they did not influence water contact

behaviour as would be expected given that they cannot be easily observed by individuals. Un-

derstanding which ecological factors influence water contact, environmental hazard, or both,

can shed light on the complex human-environmental processes involved in exposure and clar-

ify how environmental factors should be most appropriately integrated into exposure indices

and parameterised in models. Characterising how environmental risk varies between different

types of water settings, such as rivers, swamps, and lakes, is important for quantifying the

risk associated with different water bodies and targeting treatments and environmental control

interventions accordingly.

Distance to waterbodies has been used for approximating the force of infection, sampling

individuals for infection studies, and choosing where to implement MDA [56, 57]. Many

studies have used binary indicators of distance with varying cut-offs ranging from 0.5–5 km

to predict infection [2, 3]. This chapter found a clear, almost linear gradient of the distance

of a home to freshwater bodies with water contact. The proportion of participants with water

contact declined by 34% as household distance increased from 0-1 km to the closest water

site. Infection prevalence showed a weaker decline of only 19% from 0–1 km for household

distance to water sites, which appeared non-linear with a much less discernible trend than

water contact. In our statistical models, waterbody distance was not selected because of the

inclusion of occupation, water site availability, and other distance-related factors that were able

to account for spatial patterns in water contact and infection, as indicated by low residual spatial

autocorrelation. Different distance measures have been used interchangeably elsewhere, such

as household distance [9], village distance [10], or school distance [19]. We showed that these

measures were not equivalent, as we found no water contact gradients in school-based measures.

Thus, only household or village distance to large freshwater bodies should be used to estimate

exposure gradients. And, critically, whether to use the proportion of individuals with current

water contact or infection prevalence as outcomes for estimating distance gradients should be

carefully considered in future studies and interventions dependent on the use case.
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3.4.1 Limitations

A key challenge for exposure studies has been reliable water contact measurement. Self-reported

measures have been the most widely used [58] but are considered less reliable than direct

observations or wearable GPS logger data [13, 59]. Here, we validated the use of self-reported

water contact data by comparing it with direct observations, demonstrating that surveys provide

a cost-effective way to obtain valid population-level water contact measures. We note however,

that while we found a good representation of overall community-level trends in self-reported

data, some behaviours such as recreational water contact of children could be under-reported

as water contact was reported by the household head. It remains possible that children are sent

to retrieve drinking water, hence reporting this activity, but also go for a leisurely swim which

was not reported. There remains a need for future water contact ascertainment studies that

match individuals directly with more granular measurements, and when such ascertainment is

completed, we suggest rerunning our models with regression dilution to investigate the influence

of possible measurement error. For future research, more granular measurements of frequency

and duration of water contact should be investigated using wearable GPS loggers.

3.4.2 Conclusion

Due to the complexity of water contact, we suggest that appropriate measurement of water

contact should be tailored to the specific goal of a national programme or research study. For

instance, for monitoring and surveillance surveys, especially when conducted alongside MDA,

collecting age, gender, and occupation status may be sufficient to ascertain basic risk factors

for water contact. Home location data could be collected to delineate a buffer area in which

individuals are at high exposure risk. By contrast, sentinel surveillance sites based at schools

are unlikely to identify fine-scale gradients in water contact. For interventions, data on common

water contact activities and their typical time of day could aid in identifying target groups

and behaviours. With finer spatio-temporal measurements that might include indicators from

wearable GPS loggers, in the future, it will be possible to identify the exact durations and

intensity of water contact, seasonal and diurnal water contact patterns, and explore the role of

human mobility for schistosome transmission.
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This chapter found that human-environmental interactions were highly group-specific, sug-

gesting that different demographic groups need to be targeted with specific (WASH) interven-

tions. Domestic activities were the dominant type of water contact for children and women.

Additional research is needed to evaluate whether targeted safe water infrastructure provision

interventions can successfully redirect contact due to laundry and getting drinking water to safe

sources. Despite the inclusion of detailed household-level WASH variables, only distance to

public latrines was significantly associated with water contact. Surprisingly, the use of safe

water sources and household water purification were not relevant for water contact. Given that

water contact was dependent on occupation for men, there was no clear suggestion that WASH

would influence water contact for this group. Future studies might instead focus on providing

protective equipment such as gum boots or gloves for fishermen, building safe landing sites

for fishing boats, or on socio-economic interventions such as cash supplements or employment

retraining, to understand how to reduce water contact for men. This analysis focused on oc-

cupational fishing as opposed to recreational/irregular fishing. If a more comprehensive view

of any fishing was undertaken, it may be possible for future research to identify interventions

that may shift fishing activities to less risky times of day, to modify the predominant type of

fishing activity, or to test the impact of protective equipment such as gumboots or of building

safe landing sites.

The influence of distance to waterbodies on water contact behaviour is likely mediated

by human mobility. People of different ages and genders may have varying typical ranges of

movement, which influence how far they typically travel to access water sites. However, as the

data used here were self-reported and did not include specific site information, we were unable

to capture which specific water sites individuals used. Future work should use data from mobile

phones, GPS loggers, or other location tracking devices to understand the geographic extent of

mobility, which is crucial for designing control and elimination programmes. Such mobility

information would help to define which specific geographic zones/units interventions will need

to cover.

The results of this chapter provide a compendium of water contact metrics and patterns

to facilitate multifaceted control of schistosomiasis. In SchistoTrack, children were highly
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susceptible to infection despite relatively low levels of water contact, providing support for

continued MDA. Given the important role of adults in community-level water contact, exposure

reduction interventions to reduce water contact should be targeted at all age groups even in

cases where MDA is limited to school-age children. Our study supplements the current WHO

guideline for schistosomiasis treatment [17], which defines at-risk communities and groups

based on infection prevalence and intensity, by providing profiling priority groups with high

water contact. Concerning the guidelines for selecting implementation units for MDA, water

contact was heavily concentrated in households within 0.43 km of water sites, while infection

prevalence remained high beyond 1 km distance, suggesting that water contact interventions

should be implemented at a smaller spatial scale than MDA. With detailed data representing

diverse geographies in Uganda and high predictive model performance, the findings have high

internal validity. To further assess the generalisability of the findings presented in this chapter,

the same methods should be applied to data from different countries and different schistosome

species.

This chapter highlights the complexity of human exposure and the need for guidelines

to consider water contact when determining the frequency of treatment. It also provides

information for the WHO to create measurement tools to enable standardised data collection on

water contact for use in country monitoring and control programmes.
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3.5 Supplementary Information

Supplementary Tables

Table S3.1. Variable definitions

Variable Definition Type Levels Type of variable Level of
variable

Candidate
variable
for water
contact

Candidate
variable
for
infection

Age Age to the nearest year Continuous Socio-demographic Ind.-
level

X X

Age2 Age to the nearest year
squared

Continuous Socio-demographic Ind.-
level

X X

Female Self-reported gender Binary Socio-demographic Ind.-
level

X X

Education level
attained

Highest level of
education completed

Categorical none, primary,
secondary or higher

Socio-demographic Ind.-
level

X X

Religion Religion Categorical no religion/other,
christian, muslim

Socio-demographic Ind.-
level

X X

Enrolled at school Participant currently
enrolled (all
participants aged 18+
coded as not enrolled)

Binary Socio-demographic Ind.-
level

X X
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Variable Definition Type Levels Type of variable Level of
variable

Candidate
variable
for water
contact

Candidate
variable
for
infection

Domestic water contact Participant engages in
one or more of the
following domestic
water contact activities:
getting drinking water,
washing clothes with
soap, washing clothes
without soap, washing
jerry cans or household
items, washing clothes
with soap

Binary Water contact Ind.-
level

- X

Occupational water
contact

Participant engages in
one or more of the
following occupational
water contact activities:
collecting papyrus,
fishing, fishmongering,
collecting shells

Binary Water contact Ind.-
level

- X

Recreational water
contact

Participant engages in
one or more of the
following recreational
water contact activities:
swimming or playing

Binary Water contact Ind.-
level

- X
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Variable Definition Type Levels Type of variable Level of
variable

Candidate
variable
for water
contact

Candidate
variable
for
infection

Water contact
frequency per week

Water contact
frequency per
individual per week
across all activities
(generated by
combining the
frequency of all
individual activities)

Continuous Water contact Ind.-
level

- X

Water contact duration
per week (hrs)

Water contact duration
in hours per week
across all activities
(generated by
combining frequency
and duraction of all
individual activities)

Categorical Water contact Ind.-
level

- X

Number of water
contact activities

Number of distinct
water contact activities
a participant engaged in

Discrete Water contact Ind.-
level

- X

Occupation Occupation of the
household head (aged
18+), for all
participants aged ¡18
occupation coded as
’none’

Categorical none, fishing,
fishmongering,
farming, other

Socio-demographic HH-
level

X X

Home owned, not
rented

Household owns home,
is not renting

Binary Socio-demographic HH-
level

X X
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Variable Definition Type Levels Type of variable Level of
variable

Candidate
variable
for water
contact

Candidate
variable
for
infection

Home quality score Quality of the roof,
wall, and floor ranked
from 1-4 and summed.
The rank order of the
materials was grass,
sticks, plastic, and
metal for the roof; mud
and sticks, plastic,
metal, and bricks or
cement for the walls;
mud, plastic, wood
planks, and brick or
cement for the floor.

Discrete Socio-demographic HH-
level

X X

People per HH Number of people
living in the household

Discrete Socio-demographic HH-
level

X X

HH has handwashing
facility with soap

Household has fixed
handwashing facility
and soap

Binary WASH HH-
level

X X

Water available at place
for handwashing

Water available at the
place for handwashing

Binary WASH HH-
level

X X
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Variable Definition Type Levels Type of variable Level of
variable

Candidate
variable
for water
contact

Candidate
variable
for
infection

HH purifies drinking
water

Household uses any of
the following methods
of water purification:
boil, add bleach, strain
through cloth, use
water filter, solar
disinfect, wash jerry
can with soap, or let
stand and settle

Binary WASH HH-
level

X X

HH uses open
freshwater source for
drinking water

Household uses open
freshwater source
(swamp or lake) to
collect drinking water

Binary WASH HH-
level

X X

Tap/borehole is main
HH drinking water
source

Tap/borehole is the
main household
drinking water source

Binary WASH HH-
level

X X

Home latrine Household has home
latrine (flush or pour
flush toilet, covered pit
latrine with/without
privacy, or composting
toilet)

Binary WASH HH-
level

X X
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Variable Definition Type Levels Type of variable Level of
variable

Candidate
variable
for water
contact

Candidate
variable
for
infection

Faecal contamination at
water site closest to HH

Contamination
occurring at closest
water site from the
household, based on
whether human stool
was observed at the site

Binary Environmental Ind.-
level

X X

Distance to closest
water site from HH
(km)

Euclidian distance to
the closest water site
from household GPS
location (in km)

Continuous Environmental HH-
level

X X

Distance to closest
water site from village
centre (km)

Euclidian distance from
the household to the
closest water site from
village centre (in km)

basic Environmental Vill.-
level

X X

Distance to closest
public latrine from HH
(km)

Euclidian distance
from the household to
the closest public
latrine (km)

Continuous WASH HH-
level

X X

Distance to closest
public tap/borehole
from HH (km)

Euclidian distance
from the household to
the closest public
tap/borehole (km)

Continuous WASH HH-
level

X X

Type of water site
closest to HH

Type of water site
closest to the household

Categorical river, marsh, beach,
swamp, pond, other

Environmental HH-
level

X X

Water site type in
village

Type of water site
present in the village

Categorical none, landing site,
beach

Environmental Vill.-
level

X X

104



D
.Phil.Thesis—

Fabian
R

eitzug

Variable Definition Type Levels Type of variable Level of
variable

Candidate
variable
for water
contact

Candidate
variable
for
infection

Number of water sites
per village

Number of water sites
per village

Discrete Environmental Vill.-
level

X X

Number of water sites
within 1 km of HH

Number of sites within
1km of the household

Discrete Environmental HH-
level

X X

Closest water site to
HH in village

Whether the closest
water site to the
household is within the
village where the
household resides

Binary Environmental HH-
level

X X

Village-level
schistosomiasis
prevalence (KK)

Village-level
prevalence by
Kato-Katz (moderate
10-49% prevalence,
high¿=50% prevalence)

Categorical 10-49%, 50+% Biomedical Vill.-
level

X X

Notes: Abbreviations: HH = household. Ind.-level = individual-level. Vill.-level = village-level. KK = Kato–Katz stool microscopy. Prop. =
proportion. WASH = Water, sanitation, and hygiene.
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Table S3.2. Key participant characteristics

Variable No water
contact (n=
1528)

Water contact
(n= 1339)

P-value

Age (Mean ± SD) 21.3 ± 19.2 29.0 ± 15.9 <0.01
Age2 (Mean ± SD) 821.3 ±

1356.0
1091.8 ±
1058.1

<0.01

Female (%) 798 (52.2) 775 (57.9) <0.01
Education level attained (%) <0.01

none 249 (16.3) 182 (13.6)

primary 1179 (77.2) 1009 (75.4)
secondary or higher 100 (6.5) 148 (11.1)

Enrolled at school (%) 526 (34.4) 274 (20.5) <0.01
Religion (%) 0.06

no religion/other 17 (1.1) 30 (2.2)

christian 1268 (83.0) 1101 (82.2)
muslim 243 (15.9) 208 (15.5)

Number of water contact activities (median [IQR]) 0.0 [0.0, 0.0] 1.0 [1.0, 2.0] -
Water contact duration per week (hrs) (median [IQR]) 0.0 [0.0, 0.0] 8.0 [3.5, 17.5] -
Recreational water contact (%) 0 (0.0) 78 (5.8) -

Domestic water contact (%) 0 (0.0) 969 (72.4) -
Water contact frequency per week (median [IQR]) 0.0 [0.0, 0.0] 6.0 [3.0, 11.0] -
Occupational water contact (%) 0 (0.0) 472 (35.3) -
Occupation (%) <0.01

none 1113 (72.8) 604 (45.1)

fishing 25 (1.6) 226 (16.9)
fishmongering 20 (1.3) 88 (6.6)
farming 225 (14.7) 285 (21.3)
other 145 (9.5) 136 (10.2)

Home owned, not rented (%) 1297 (84.9) 1129 (84.3) 0.71

HH has handwashing facility with soap (%) 173 (11.3) 110 (8.2) 0.01
Home latrine (%) 1326 (86.8) 1133 (84.6) 0.11
Tap/borehole is main HH drinking water source (%) 774 (50.7) 739 (55.2) 0.02
HH uses open freshwater source for drinking water (%) 277 (18.1) 278 (20.8) 0.08
HH purifies drinking water (%) 354 (23.2) 293 (21.9) 0.44

Water available at place for handwashing (%) 265 (17.3) 199 (14.9) 0.08
People per HH (Mean ± SD) 3.6 ± 1.3 3.6 ± 1.4 0.96
Home quality score (Mean ± SD) 5.6 ± 1.1 5.7 ± 1.1 0.19
Faecal contamination at water site closest to HH (%) 719 (47.1) 577 (43.1) 0.04
Distance to closest water site from HH (km) (Mean ±
SD)

0.4 ± 0.4 0.3 ± 0.3 <0.01

Distance to closest water site from village centre (km)
(Mean ± SD)

0.3 ± 0.3 0.3 ± 0.2 <0.01
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Table S3.2. Key participant characteristics (continued)

Variable No water
contact (n=
1528)

Water contact
(n= 1339)

P-value

Distance to closest public tap/borehole from HH (km)
(Mean ± SD)

0.3 ± 0.3 0.3 ± 0.3 0.76

Distance to closest public latrine from HH (km) (Mean
± SD)

1.1 ± 1.4 1.0 ± 1.4 0.03

Type of water site closest to HH (%) <0.01
river 188 (12.3) 93 (6.9)

marsh 590 (38.6) 412 (30.8)
beach 491 (32.1) 566 (42.3)
swamp 161 (10.5) 149 (11.1)
pond 86 (5.6) 113 (8.4)
other 12 (0.8) 6 (0.4)

Number of water sites per village (Mean ± SD) 3.7 ± 1.4 4.0 ± 1.5 <0.01
Water site type in village (%) <0.01

none 850 (55.6) 704 (52.6)
landing site 173 (11.3) 104 (7.8)
beach 505 (33.0) 531 (39.7)

Number of water sites within 1 km of HH (Mean ± SD) 1.2 ± 1.3 1.3 ± 1.3 <0.01
Closest water site to HH in village (%) 566 (37.0) 605 (45.2) <0.01
Village-level schistosomiasis prevalence (KK) = 50+%
(%)

594 (38.9) 518 (38.7) 0.95

Notes: For binary variables, number and proportions [N (%)] are shown and Chi-squared tests were
used to test for group differences. For all normally distributed continuous variables, mean and standard
deviation (mean ± sd) are shown and two sample 𝑡-tests were performed to test for group differences.
For all non-normally distributed variables, median and interquartile range (median [IQR]) are shown
and Kruskal–Wallis Rank Sum Tests were performed to test for group differences. Abbreviations: HH
= household. Prop. = proportion.

Table S3.3. Water contact per activity

Variable Overall Female Male P-value

Getting drinking water (%) 497 (17.3) 348 (22.1) 149 (11.5) <0.001
Washing clothes with soap (%) 481 (16.8) 368 (23.4) 113 (8.7) <0.001
Fishing (%) 354 (12.3) 39 (2.5) 315 (24.3) <0.001
Washing clothes without soap (%) 152 (5.3) 115 (7.3) 37 (2.9) <0.001
Washing jerry cans or other household items
(%)

144 (5.0) 108 (6.9) 36 (2.8) <0.001

Fishmongering (%) 104 (3.6) 90 (5.7) 14 (1.1) <0.001
Swimming or playing (%) 78 (2.7) 32 (2.0) 46 (3.6) 0.018
Bathing with soap (%) 49 (1.7) 29 (1.8) 20 (1.5) 0.640
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Table S3.3. Water contact per activity (continued)

Variable Overall Female Male P-value

Bathing without soap (%) 38 (1.3) 19 (1.2) 19 (1.5) 0.658
Collecting papyrus (%) 16 (0.6) 8 (0.5) 8 (0.6) 0.888

Collecting shells (%) 15 (0.5) 11 (0.7) 4 (0.3) 0.238

Notes: Number and percentage of participants with water contact [n (%)] per activity. Chi-squared tests
were used to test for group differences.

Table S3.4. Water contact frequency per activity (in trips per week)

Variable Overall Female Male P-value

Trips to water collecting shells (median
[IQR])

5.0 [3.0, 7.0] 5.0 [2.5, 7.0] 7.0 [6.5, 7.0] 0.13

Trips to water swimming or playing
(median [IQR])

5.0 [3.0, 7.0] 5.0 [3.0, 7.0] 6.0 [3.0, 7.0] 0.78

Trips to water collecting papyrus (median
[IQR])

5.0 [3.0, 5.5] 4.5 [2.8, 5.0] 5.0 [3.0, 7.0] 0.33

Trips to water bathing with soap (median
[IQR])

5.0 [2.0, 7.0] 6.0 [2.0, 7.0] 3.0 [2.0, 7.0] 0.12

Trips to water fishing (median [IQR]) 4.0 [2.0, 7.0] 7.0 [3.0, 7.0] 4.0 [2.0, 7.0] 0.06

Trips to water fishmongering (median
[IQR])

3.5 [1.0, 7.0] 4.0 [1.0, 7.0] 3.0 [1.2, 6.8] 0.62

Trips to water bathing without soap
(median [IQR])

3.0 [2.0, 7.0] 3.0 [2.0, 7.0] 4.0 [2.5, 7.0] 0.37

Trips to water washing jerry cans or other
household items (median [IQR])

3.0 [2.0, 7.0] 3.0 [2.0, 7.0] 3.0 [2.0, 7.0] 0.97

Trips to water washing clothes without
soap (median [IQR])

3.0 [2.0, 6.0] 3.0 [2.0, 5.0] 4.0 [3.0,
10.0]

<0.01

Trips to water washing clothes with soap
(median [IQR])

2.0 [2.0, 5.0] 2.0 [2.0, 5.0] 2.0 [1.0, 5.0] 1.00

Trips to water getting drinking water
(median [IQR])

7.0 [ 5.0,
14.0]

7.0 [5.0,
14.0]

7.0 [5.0,
12.0]

0.84

Notes: Median and interquartile range (median [IQR]) are shown. Kruskal–Wallis Rank Sum Tests were
performed to test for group differences.

Table S3.5. Water contact duration per activity (in hrs per week)

Variable Overall Female Male P-value

Time spent fishing (hrs) (median [IQR]) 4.0 [3.0,
4.0]

4.0 [2.5,
4.0]

4.0 [3.0,
4.0]

0.81
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Table S3.5. Water contact duration per activity (in hrs per week) (continued)

Variable Overall Female Male P-value

Time spent collecting papyrus (hrs) (median
[IQR])

3.0 [2.0,
3.0]

3.0 [3.0,
4.0]

2.0 [1.8,
3.0]

0.01

Time spent collecting shells (hrs) (median
[IQR])

2.0 [2.0,
3.5]

3.0 [2.0,
4.0]

2.0 [2.0,
2.2]

0.33

Time spent fishmongering (hrs) (median [IQR]) 2.0 [1.0,
3.0]

2.0 [1.0,
3.0]

2.0 [1.0,
3.0]

0.98

Time spent washing clothes without soap (hrs)
(median [IQR])

2.0 [1.0,
3.0]

2.0 [1.0,
3.0]

2.0 [1.0,
2.0]

0.90

Time spent washing clothes with soap (hrs)
(median [IQR])

2.0 [1.0,
2.0]

2.0 [1.0,
2.0]

2.0 [1.0,
3.0]

0.61

Time spent swimming or playing (hrs) (median
[IQR])

1.0 [1.0,
2.0]

1.0 [0.5,
3.0]

1.0 [1.0,
2.0]

0.92

Time spent bathing without soap (hrs) (median
[IQR])

1.0 [0.5,
2.0]

1.0 [0.8,
2.0]

1.0 [0.5,
2.0]

0.49

Time spent washing jerry cans or other
household items (hrs) (median [IQR])

1.0 [0.5,
1.2]

1.0 [0.5,
1.2]

1.0 [1.0,
1.2]

0.53

Time spent getting drinking water (hrs)
(median [IQR])

1.0 [0.5,
1.0]

1.0 [0.5,
1.0]

1.0 [0.5,
1.0]

0.54

Time spent bathing with soap (hrs) (median
[IQR])

0.5 [0.5,
2.0]

0.5 [0.5,
2.0]

0.5 [0.5,
2.0]

0.90

Notes: Median and interquartile range (median [IQR]) are shown. Kruskal–Wallis Rank Sum Tests were
performed to test for group differences.

Table S3.6. Water contact at high-risk time per activity

Variable Overall Female Male P-value

Washing clothes with soap at high-risk time
(%)

167 (34.7) 124 (33.7) 43 (38.1) 0.460

Getting drinking water at high-risk time (%) 92 (18.5) 69 (19.8) 23 (15.4) 0.304
Washing jerry cans or other household items at
high-risk time (%)

54 (37.5) 46 (42.6) 8 (22.2) 0.047

Fishing at high-risk time (%) 41 (11.6) 7 (17.9) 34 (10.8) 0.188
Washing clothes without soap at high-risk time
(%)

35 (23.0) 26 (22.6) 9 (24.3) 1.000

Fishmongering at high-risk time (%) 21 (20.2) 21 (23.3) 0 (0.0) 0.067
Bathing with soap at high-risk time (%) 16 (32.7) 7 (24.1) 9 (45.0) 0.222
Swimming or playing at high-risk time (%) 13 (16.7) 5 (15.6) 8 (17.4) 1.000
Bathing without soap at high-risk time (%) 12 (31.6) 5 (26.3) 7 (36.8) 0.727
Collecting shells at high-risk time (%) 5 (33.3) 3 (27.3) 2 (50.0) 0.560

Collecting papyrus at high-risk time (%) 4 (25.0) 3 (37.5) 1 (12.5) 0.569
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Table S3.6. Water contact at high-risk time per activity (continued)

Variable Overall Female Male P-value

Notes: Number and percentage of participants with water contact [n (%)] at high-risk time per activity.
High-risk time was defined as water contact during peak cercarial shedding hours (10 a.m.–3 p.m.).
Chi-squared tests were used to test for group differences.

Table S3.7. Comparison of variable selection between LRTs and BVS

variable Infection
status
(LRT)

Infection
status
(BAS)

Water
contact
(LRT)

Water
contact
(BAS)

Age X X X X
Ageˆ2 X X X X
Female X - X X
Education level attained X X X -
Enrolled at school X - X -

Occupational water contact X - - -
Number of water contact activities X - - -
Occupation X X X X
HH has handwashing facility with
soap

X - - -

Home latrine X - - -

Faecal contamination at water site
closest to HH

- - X X

Distance to closest water site from
HH (km)

X - X -

Distance to closest water site from
village centre (km)

- - X -

Distance to closest public latrine
from HH (km)

X - - X

Type of water site closest to HH X - - X

Water site type in village - X - -
Number of water sites per village - X - X
Closest water site to HH in village - - X X
Village-level schistosomiasis
prevalence (KK)

- X - X

Notes: Comparison of variable sets selected using likelihood ratio tests (LRTs)
at pr < 0.05 with the variable sets selected via Bayesian variable selection (BVS)
with marginal inclusion probabilities p ≥ 0.5 (i.e., variables included in the
median probability model).
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Supplementary Figures

Figure S3.1. (A) Distribution of water contact frequency among all participants. (B) Dis-
tribution of water contact duration among all participants. (C) Distribution of water contact
frequency among participants with water contact only. (D) Distribution of water contact dura-
tion among participants with water contact only. Dashed vertical line = median.
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Figure S3.2. Cumulative proportion of all water contacts/participants by household distance
to the closest water site (𝑛 = 2867). Dashed line shows the distance threshold where 80% of all
individuals with water contact lived which is within 0.43 km from the shoreline. By comparison
74.3% of the overall study population lived within 0.43 km from the shoreline.
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Figure S3.3. Generalised additive model predicting the proportion of participants with water
contact over age and gender.
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Figure S3.4. Logistic regression model predicting water contact (main model shown in Fig. 3.7) versus the same model with the occupation variable
removed and gender removed, respectively (𝑛 = 2867 for all models). Standard errors clustered at the household level. Abbreviations: OR = odds
ratio. CI = confidence interval.
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Figure S3.5. Results from separate logistic regression models with standard errors clustered at the household level predicting domestic, occupational,
and recreational water contact among participants that do not engage in multiple types of water contact (𝑛 = 2684). As not all categories in the
water site type and the occupation variables were sufficiently represented in the recreational water contact model, we removed these two variables
when predicting recreational water contact. Abbreviations: OR = odds ratio. CI = confidence interval.
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Figure S3.6. Negative binomial regression model predicting water contact frequency among
all participants (𝑛 = 2867). Standard errors clustered at the household level. A zero inflation
test suggested that the predicted number of zeros (1440) was not significantly different from
the number of observed zeros (1528), ratio = 0.94, at the default tolerance of 0.1 of the
check zeroinflation function in the R package performance. Abbreviations: OR = odds
ratio. CI = confidence interval.
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Figure S3.7. Negative binomial regression model predicting water contact duration among
all participants (𝑛 = 2867). Standard errors clustered at the household level. A zero inflation
test suggested that the predicted number of zeros (1479) was not significantly different from
the number of observed zeros (1568), ratio = 0.94, at the default tolerance of 0.1 of the
check zeroinflation function in the R package performance. Abbreviations: OR = odds
ratio. CI = confidence interval.
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Figure S3.8. Generalised additive model predicting the proportion of participants with S. man-
soni infection by water contact status and age (i.e., comparing infection outcomes in participants
with current water contact vs participants without current water contact over age, 𝑛 = 2867).
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Figure S3.9. Generalised additive model predicting the proportion of participants with S.
mansoni infection and heavy infection (≥ 400 eggs per gram of stool, by Kato–Katz microscopy)
as well as the proportion of participants with water contact over household distance to the closest
water site (𝑛 = 2867).
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Figure S3.10. Zero-inflated negative binomial regression model predicting S. mansoni infection
intensity among all participants (𝑛 = 2867). Intensity from Kato–Katz, measured in eggs per
gram of stool. Standard errors clustered at the household level. A zero inflation test suggested
that the predicted number of zeros (1531) was not significantly different from the number of
observed zeros (1531), ratio = 0.94, at the default tolerance of 0.1 of the check zeroinflation
function in the R package performance. Abbreviations: OR = odds ratio. CI = confidence
interval.
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Figure S3.11. Comparison of age distribution in self-reported data with age distribution of
direct observation data in 12 villages with both observation and survey data (survey data 𝑛 = 605
and direct observation 𝑛 = 13,515). Proportions represent the proportion of all water contacts
which occur in each age group. Age groups were based on the categories used for MDA
treatment and used because direct observation was conducted using these age groups. Whiskers
represent 95% confidence intervals obtained using bootstrapping with 1000 repeats.
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Figure S3.12. Separate logistic regression model predicting infection status based on Kato–Katz as well as reclassified Kato–Katz (where
participants were recoded as infected whenever Kato–Katz infection status was negative but when the more sensitive POC-CCA diagnostic (positive
band 1–3) indicated an infection, 𝑛 = 2867). Standard errors clustered at the household level. Abbreviations: OR = odds ratio. CI = confidence
interval.
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Figure S3.13. Participant flow diagram
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Figure S3.14. Comparison of variable selection results from BVS and LRTs for predicting
water contact. (A) shows the percentage of selected variables from Bayesian variable selection
(BVS, 𝑛 = 10 selected variables) and likelihood ratio tests (LRTs, 𝑛 = 10 selected variables)
by type of variable. Variables selected using LRTs were solely socio-demographic and en-
vironmental variables, while BAS also selected water, sanitation, and hygiene (WASH) and
biomedical variables. Among socio-demographic variables, age, age2, gender, and occupation
were consistently selected by BAS and LRTs. Current school enrolment status and educational
attainment were only selected by LRT. Among environmental variables, contamination at the
closest water site and presence of a water site within the village were consistently selected. Dis-
tance variables were only selected by LRTs (household distance to closest water site and village
centre distance). BVS selected distance to the closest public latrine, the type of site closest to the
household, contamination at the closest site, and village-level infection prevalence. No WASH
variables were selected via LRT. In BVS, the WASH variables number of latrines per village and
proportion of households using an improved drinking water source were selected. (B) compares
selected variables from BVS and LRTs by level. In LRTs, 60% of selected variables were indi-
vidual level, while the same figure was 40% for BAS. The proportion of village-level variables
was twice as high in the BVS variable set (20%) compared to the set from LRTs (10%).
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Figure S3.15. Logistic regression model predicting infection status among all participants
using the main predictor variables plus a more extensive set of snail variables selected using
Bayesian variable selection, see methods for details (𝑛 = 2867). Standard errors clustered at the
household level. Additional snail variables selected via BVS were distance to the closest water
site with infected snails and the number of infected snails at the closest water site. Abbreviations:
OR = odds ratio. CI = confidence interval.
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Figure S3.16. Logistic regression model predicting infection status among all participants using
the main predictor variables plus a more extensive set of water contact variables selected using
Bayesian variable selection, see methods for details (𝑛 = 2867). The six additional granular
water contact variables selected via BVS were years of residence in the village, time spent on
fishing, getting drinking water, household-level swimming or playing, washing clothes with
soap, household-level fishing, time spent on washing clothes with soap, and household-level
getting drinking water. Abbreviations: OR = odds ratio. CI = confidence interval.
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Chapter 4

The Influence of Safe Water Supplies and
Human Mobility on Water Contact
Patterns in Rural Uganda: A Fine-Scale
Spatial Modelling Study with Wearable
GPS Loggers

4.1 Background

Globally, an estimated 703 million individuals did not have access to safe basic drinking water

sources in 2022, failing to meet Sustainable Development Goal 6.1 of universal and equitable

access to safe and affordable drinking water for all by 2030 [1]. In sub-Saharan Africa, the

region with the lowest access to safe drinking water, 408 million people rely on unsafe sources

such as rivers, lakes, and ponds [2]. The lack of access to safe water is associated with

significant morbidity and mortality. In 2019, Prüsstün et al. estimated the global morbidity and

mortality attributable to inadequate water, sanitation and hygiene (WASH) access across 183

countries. While the overall estimates were not specifically disaggregated by safe sanitation

versus safe water-access attributable deaths, this analysis found that 637,000 deaths and 43.6

million disability-adjusted life years (DALYs) in sub-Saharan Africa may have occurred due to

a lack of safe WASH [3]. Such modelling studies necessarily rely on quantitative data from field

studies, but robust evidence to estimate the health impacts of safe water supplies is currently

lacking for many infectious diseases [3, 4].

One such disease is schistosomiasis, the focus of this thesis. Providing basic safe public

127



Chapter 4. Gps Logger Data Analysis

water supplies, defined here as either boreholes, taps or standpipes, could reduce exposure, as

schistosome transmission is reliant on contact with open freshwater sources [5]. The World

Health Organization (WHO) has emphasised the important role of WASH interventions in

schistosomiasis control programmes [6]. Yet, the 2022 WHO schistosomiasis control guideline

rated the certainty of evidence for WASH reducing infection prevalence as low [6]. Analyses

of the population-attributable fraction of schistosomiasis to inadequate WASH have arrived at

different estimates. Prüstün et al. estimated this fraction to be 43% while an expert survey

conducted by the WHO estimated it to be 82% [3, 7]. A recent analysis of the disease burden

attributable to WASH did not include schistosomiasis because of the moderate WASH levels

(basic WASH) which were used to estimate exposure-outcome relationships [4]. Empirical

evidence of the effect of safe water on schistosome infection comes from two studies by Grimes

et al. [8, 9]. An observational school-level analysis of safe water access found an ecological

correlation between safer water collection practices and lower schistosome infection prevalence

in Ethiopia [9]. A meta-analysis of 39 studies indicated that access to safe water was associated

with lower odds of schistosome infection (OR = 0.53, 95% CI: 0.47–0.61). However, there

was considerable statistical heterogeneity in the meta-analysis (𝐼2 = 0.83) and studies mostly

reported unadjusted effect sizes which might be confounded by unobserved factors [8]. In

contrast to observational evidence, a cluster randomised controlled trial in Zanzibar reported

no additional benefit of behaviour change and WASH provision (urinals and safe washing

platforms) when combined with biannual mass drug administration (MDA), compared to MDA

alone [10]. As the effects of WASH on schistosome infection are mediated by changes in water

contact behaviour as well as immunological, physiological or age-related factors [11–13], it is

challenging to empirically estimate the effect of WASH, especially if the effect is small or when

the levels of water contact required for infection are very low.

Estimating the impact of safe water supplies on water contact is important because the theory

of change stipulates that safe water supplies cause reductions in open water contact and that this

results in reductions in schistosome infection prevalence [5]. However, previous studies often

focused on infection as the primary outcome of interest [8]. Therefore, if the expected outcome

does not occur and no water contact data are collected, studies are not able to understand whether
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the null result is due to (1) safe water supplies not reducing open water contact or (2) these

reductions not translating into lower infection prevalence. We address this gap by understanding

whether safe water supplies can reduce (i.e. crowd out) open water contact. If crowding out

exists, it needs to be better understood how and under which conditions it occurs as the crowding

out effect of water supplies could be linear where each increase in levels of community access

to safe water supplies is associated with a proportional decrease in levels of open water contact

in the community. Alternatively, crowding out may also be non-linear if a critical threshold

of community coverage is required before reductions in community water contact occur [14].

There may also be another type of non-linearity where—despite high levels of community safe

water access—open water contact is not further reduced. Empirical evidence on whether such

crowding out occurs and its magnitude are currently lacking.

Capturing crowding out behaviour is challenging, especially when using self-reported data,

which is the most common measure of water contact in the context of schistosomiasis, as shown

in Chapter 2. Self-reported data have limitations in eliciting detailed water contact duration and

frequency information, which makes it difficult to quantify crowding out effects on the intensity

of water contact. There also is a risk of reporting bias due to the desirability of over-reporting

WASH usage when WASH interventions and health education campaigns that often accompany

such interventions are implemented in a community [15].

Data from wearable GPS loggers provide an alternative to self-reports and can yield detailed,

objective measures of water contact duration or frequency as well as usage of safe drinking

water sources. Two pilot studies in Uganda and Cameroon have demonstrated the feasibility

of using GPS loggers to derive measures of water contact, although reliant on small samples

(𝑛 = 24 and 𝑛 = 97) over short time periods (24 hours and 72 hours) and with varying buffer

areas (30m and 100m) to quantify water contact [16–18]. Existing GPS logger studies have not

used environmental mapping of water sites to assign individuals to sites and were thus unable to

study which specific water sites people use. As such information is also typically not available in

studies using self-reported data, studies are usually required to make assumptions, for instance

assigning individuals to all water sites in a village or the closest site [19–22]. These simple

assignment rules might not capture complex human behaviour and social norms. Importantly,
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when safe water supplies and water sites are mapped, the same GPS data could be used to study

both water site usage and tap/borehole usage behaviours using one objective data source and

consistent definitions which is highly beneficial for studying crowding out behaviour.

GPS data also contain human mobility information. The typical range of mobility may

influence which water sites and taps/boreholes people visit. However, the extent of human

mobility in rural settings and whether the distance travelled to visit water sites and taps/boreholes

increases with the range of mobility is currently unknown. The importance of mobility for

schistosomiasis has been shown theoretically in mathematical models [23–25], especially for

longer-range transmission. Yet, whether mobility is an important determinant of local water

contact and usage of safe water supplies remains unclear due to the lack of studies with detailed

human mobility data at a sufficiently granular scale. For pathogens such as Ebola virus,

SARS-CoV-2, influenza and measles, human mobility data have been incorporated into gravity

models to predict the spatial dynamics of infectious disease transmission [26–28]. Gravity

models typically describe population-level transmission patterns on larger geographic scales,

such as between regions, cities, or countries. Mobile phone data has been used to incorporate

mobility information into gravity models [26, 29]. However, in rural low-income settings where

phone ownership and cell tower density are low, resulting in more coarse data, gravity models

using mobile phone data have been shown to perform poorly [30]. In such settings, individual-

level GPS data could enable the development of more granular models to predict the usage of

points of interest, such as transmission sites.

In this study, individual-level spatial decay models were developed to predict fine-scale

behavioural dynamics relevant to schistosomiasis. A GPS logger study with 452 individuals

was nested within the SchistoTrack cohort, which includes participants from rural villages across

three districts in Western and Eastern Uganda. The main research question was: Are spatial

decay models able to predict fine-scale water site usage and crowding out via tap/borehole

usage? The following sub-questions were answered: What are patterns of water site usage,

tap/borehole usage, and human mobility in rural villages? What is the relevance of household

distance to water sites and taps/boreholes for predicting usage and duration of usage? Which

socio-demographic or behavioural factors mediate the relevance of distance? Is there any
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evidence for crowding out water site usage by tap/borehole access?

4.2 Methods

4.2.1 Study Setting and Participant Sampling

The GPS logger study was conducted as part of the SchistoTrack baseline in January and

February 2022 across Pakwach, Buliisa, and Mayuge districts in Uganda (described in detail in

Chapter 3). Among the 38 villages included in the cohort, 12 villages (four per district) were

selected for this study based on their levels of water contact and occupational fishing. All villages

had a large landing site. None of the selected villages had piped water. Participants were chosen

from the set of clinical participants that had been randomly sampled from village registers

during the establishment of the SchistoTrack cohort 2022 baseline (𝑛 = 2885). Approximately

50 participants per village were recruited, with a target of one adult-child pair per household

to ensure a balance of age groups and a diverse representation of water contact patterns. We

excluded participants that were physically immobile and thus unable to have water contact

and we also excluded children who were sent away to boarding school. All participants were

unaware of their infection status when they entered the GPS logger study.

GFC, ME, and I conducted workshops in each village to explain the study objectives and

address any questions or concerns. As part of the standard written informed consent for recruit-

ment into SchistoTrack, consent was obtained from adult participants and parents or guardians

for children under 18 years in the local language specifically for the GPS logger study. Children

provided verbal assent and, where possible, written assent was also collected. Participants

received a nominal remuneration equivalent to about one day of wages (UGX 10,000, approxi-

mately USD 2.73) in addition to any incentive in the study upon returning their GPS loggers at

the end of the observation period.

4.2.2 GPS Loggers and Participant Flow

Wearable GPS loggers (i-gotU GT-600; Mobile Action Technology, Taiwan) were used to

record the location data of participants at two-minute intervals between 5 a.m. and 8 p.m.
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local time over approximately two consecutive weeks. This time period was chosen to capture

activities during the day. Loggers were turned off from 8 p.m. to 5 a.m. to save battery using

scheduled control, as loggers were not recharged in the field by participants. They were set to

motion activation such that loggers turned off when participants did not move—also to save

battery. Button control on devices was disabled such that participants were unable to switch

them off. Devices were placed in waterproof pouches and worn around the neck using a lanyard

(Fig. S4.1). Participants were instructed to wear the devices during all daily activities, including

during water contact, and to remove them only at night.

Two hundred and fifteen loggers were purchased for the study with the aim to hand out 200

loggers per district, i.e., 600 in total. Five hundred eighty-five GPS logger participants were

recruited, slightly below the target of 600. This was due mainly to device failure and loggers not

being returned by participants after hand out in Pakwach. After excluding participants with less

than two complete days of GPS data—excluding the first day of recording for all participants to

reduce Hawthorne effects [31]—we included a final sample of 452 participants in the study.

4.2.3 GPS Logger Fieldwork and Training During the DPhil

As part of my DPhil, I was heavily involved in the implementation of the GPS logger study

between October 2021 and March 2022. Leading up to the fieldwork, I conducted various

tests with the GPS loggers. I tested several GPS devices in Oxford and recorded data during

hiking and cycling trips to assess their accuracy. With the help of FS, I charged all 212

devices and initialised them by taking them outside for several minutes. Together with ME, I

researched suitable pouches for the loggers, and we identified a transparent, resealable pouch

as suitable to protect against immersion in water via tests in a bucket of water. We also

bought coloured lanyards to ensure that household members always received different coloured

lanyards to reduce the mixing up of the loggers. I was involved in deciding the GPS logger

device settings and developing the data management procedures. In the field, I assisted with

developing the sampling procedure for the GPS logger participants and selecting the GPS logger

villages. Together with ME, I prepared the devices for the field (charging them, setting them to

scheduled control, putting them in pouches, and attaching lanyards). ME and I, with approval
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from GFC, selected the villages for the GPS study and handed out the devices in the chosen

villages. I also helped collect all devices from participants, recorded missing devices, attempted

to retrieve devices from individuals who did not show up, and facilitated their reimbursement

following device hand-in. After the hand-ins were completed, I helped with pulling data from

the devices. For each GPS logger, we manually extracted the data with i-gotU GPS software

using a bash script and saved the data as a CSV file on a field laptop before uploading the files

to the BMRC cloud directly in the field. I also prepared the handout for the next round of data

collection as we used the same devices across three districts. Following fieldwork, I created a

merged master dataset and cleaned the dataset, removing non-study periods and erroneous GPS

points, and calculated GPS accuracy using the calibration data we had collected. In August

2023, I completed a two-week summer school on GPS movement analysis, AniMove, offered

by the University of British Columbia in Kelowna, Canada, together with staff from the Max

Planck Institute of Animal Behaviour in Konstanz, Germany. This school introduced me to

data cleaning and analysis techniques for GPS movement data, including the recursion analysis,

which I am using in this chapter.

4.2.4 GPS Logger Testing and Validation

During fieldwork, ten loggers were put next to each other on the ground for 10 minutes in

an unobstructed area in Buliisa to estimate GPS position error in the field. Based on this

experiment, we estimated that GPS loggers were accurate within 8.6m. GPS precision was

estimated using the uere function in the ctmm package in R [32]. Our estimate of 8.6m aligned

with a previous study which estimated the accuracy of i-gotU GT-120 under different levels of

obstruction and found that the mean location error was less than 10m and that significant cover

moderately increased location error by 2.2m [33].

4.2.5 GPS Logger Data Retrieval

For 94 participants, no GPS data could be retrieved as loggers suffered from water damage

despite the use of protective pouches and indication from the manufacturer, Mobile Action, that

the devices were fully waterproof (Fig. S4.2). Due to corrosion of the metal contacts, these
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loggers could not be pulled using a computer, as they were not recognised by the i-gotU GPS

logger software. We undertook multiple steps to retrieve data from the affected loggers. We

cleaned the metal contacts with ethanol and attempted to retrieve the data in the field. We

transported all loggers to Oxford, cleaned them again with ethanol, and attempted to retrieve

the data once more. At that point, there were still 36 GPS loggers with missing data; we

opened their cases at the University of Oxford Materials Science Department, where a research

technician resoldered the GPS logger chips onto a functioning GPS logger. This enabled us to

retrieve data from 24/36 GPS loggers.

4.2.6 Water Site and Tap/Borehole Data

We combined GPS data with ground-truth data on water site locations of 143 water sites and

locations of 63 taps/boreholes, mapped as part of the SchistoTrack study. Trained malacologists,

guided by either a village health team member or the village chairman, collected the GPS location

of all water sites used by the local population. The GPS point was taken while standing in the

water, and sites were limited to 15m in length. If sites were larger than 15m, they were recorded

as multiple separate sites. Malacologists also recorded all human activities typically conducted

at the site, based on information provided by the local guide. All public taps/boreholes within

each study village were GPS-mapped by ME and I, also guided by a local, and initially with

GFC. For this analysis, we only included working taps/boreholes (as described by village leaders

and village health team members).

4.2.7 Deriving Water Contacts and Tap/Borehole Visits

A contact event with a water site and tap/borehole was defined as being within a 30m buffer of

the GPS location of a water site or tap/borehole. We chose 30m to account for possible GPS

position errors. GPS locations of sites and taps/boreholes were recorded via tablets (Lenovo Tab

M8 (3rd Gen); Lenovo Group Limited, China) with 5–10m manufacturer-reported accuracy and

GPS logger points with 8.6m accuracy, as reported above. All contact events with water sites

and taps/boreholes were identified using recursion analysis, which is a well-established method

in movement ecology [34, 35] and was implemented in the recurse package in R [36]. The
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output from the recursion analysis was a list of all distinct water contact and tap/borehole usage

events with an associated timestamp, number of revisits, contact duration, and water site and

tap/borehole identifier. Compared to simply counting the number of points inside each buffer

area, recursion analysis has the advantage that it reconstructs an approximated, linear trajectory

and is therefore able to identify visitations with durations less than the GPS logger sampling

frequency. This is particularly important given that water contacts are typically short [37].

As the SchistoTrack protocol did not allow sites to be larger than 15m, even when they were

directly adjacent, we grouped such nearby locations into a single water site or tap/borehole

for the analysis. The density-based spatial clustering of applications with noise (DBSCAN)

algorithm was used and the optimal number of clusters was determined based on the gap

statistic [38]. This collapsed the 143 water sites and the 63 taps/boreholes into 73 and 40

clusters, respectively, to which we then assigned the mean GPS cluster coordinates.

4.2.8 Sanitation Infrastructure

This analysis did not focus on the use of public latrines, even though it would have been possible

to derive this information from the GPS data, using the same methods as for water site and

tap/borehole usage. There were two reasons for this. First, field visits to all public latrines by

ME and myself revealed that most latrines were locked (usually a community member held the

keys), and they were not regularly used by the community. Second, among the 452 GPS logger

participants, 343 (75.9%) lived in households that had a private latrine (i.e., a flush or pour-flush

toilet, a covered pit latrine with/without privacy, or a composting toilet). Thus, most households

could rely on private latrines which provide more privacy and convenience compared to public

latrines [39, 40].

4.2.9 Dataset and Variables

Dataset. The dataset used to estimate spatial decay models were generated by calculating the

Euclidean household distance from each household to all water sites and taps/boreholes (both

used and unused) within the same district (Fig. 4.2).

Outcomes. For the models estimating any usage, the outcome was a binary indicator of whether
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an individual used a water site or tap/borehole. For the model estimating duration of usage, the

outcome was a continuous variable indicating the number of minutes per day each individual

had contact with each mapped water site or tap/borehole. The duration variable was generated

by dividing the total duration of contact with each water site or tap/borehole by the number of

distinct calendar days with GPS data for each individual.

Covariates. The main predictor variable was Euclidean distance from the household location

to each water site or tap/borehole. We selected additional predictor variables based on their

relevance to water contact patterns. The following individual-level variables were used: age,

gender, occupation, self-reported water contact, activity match and mobility. Age was coded

as a binary variable (< 15 years, ≥ 15 years). This cut-off was chosen because it was shown

in Chapter 3 that water contact levels were low in individuals aged < 15 years and increased

substantially thereafter. We also used gender (male/female) reported by the household head

as a covariate. Individual-level occupation was also used as a covariate because occupation

is an important determinant of water contact [22]. Occupation of the household head (aged

≥ 18 years) was recorded. The occupation categories were fishing, fishmongering, farming, and

other. For all participants aged < 18 occupation was coded as “none”. The self-reported water

contact variable (which was the main outcome in Chapter 3) was also included. A binary activity

match variable was generated for each individual–water site pairing. Whenever an individual

conducted any of the 11 water contact activities from Chapter 3 and this same activity was

reported to be done at a specific site, based on reports by the local guide, this was defined as an

activity match. The water contact activities included getting drinking water, washing clothes

with soap, washing clothes without soap, washing jerry cans or household items, washing

clothes with soap, collecting papyrus, fishing, fishmongering, collecting shells, and swimming

or playing. All individuals who reported getting drinking water were also assigned to having

an activity match with taps/boreholes as this activity was amenable to being conducted at a

tap/borehole. Apart from the activity match, water contact activities of an individual were

not considered in this analysis as the GPS data does not contain any definitive information

on the specific water contact activity an individual engaged in. We also used an individual’s

mobility tercile as a covariate (see section below). At the household level, aside from distance
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to the closest sites and taps/boreholes, a self-reported variable for whether the household used

a safe drinking water source was also used. Taps/boreholes were counted as safe whereas open

freshwater sources such as swamps or lakes were counted as unsafe. To account for geographic,

cultural, behavioural, and environmental factors that were different between study locations,

a district-level categorical variable was included in some models. Households paid different

prices for tap usage compared to boreholes (see results), therefore we also generated a variable

indicating whether each public water supply was a tap or a borehole.

4.2.10 Human Mobility

Using the GPS logger data, we calculated the radius of gyration for each individual which serves

as our measure for individual-level mobility. For each individual 𝑖, we calculate the radius of

gyration 𝑅𝑔,𝑖 around the household location using the following formula:

𝑅𝑔,𝑖 =

√√√
1
𝑁

𝑁∑︁
𝑙=1

(®𝑟𝑙 − ®𝑟h)2

where (®𝑟𝑙 − ®𝑟h)2 represents the squared Euclidean distance from location 𝑙 to the household

location ℎ. The radius of gyration provides a measure of mobility relative to an individual’s

household location and is widely used in human mobility modelling [41, 42].

4.2.11 General Spatial Decay Modelling Framework

The aim of this analysis was to model water site usage and tap/borehole contact behaviour of an

individual based on the Euclidean distance of water sites and taps/boreholes from their household

location. This approach was motivated by evidence that water contact and schistosome infection

are waterbody distance-dependent [22, 43]. The results from Chapter 3 of this thesis, which

used the full baseline data from the SchistoTrack cohort, and self-reported water contact data

and closest site assignment, suggested that the decay in water contact over household distance

was approximately linear. This finding is revisited here. It should be noted that the aim of this

chapter was slightly different to the previous chapter where we predicted any water contact,

assuming that individuals only use the closest water site. Here, the aim was to understand
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whether site- and tap/borehole-specific usage patterns could be predicted without making the

common assumption that individuals always use the closest site [20–22]. To estimate the usage

probability of using a water site or a tap/borehole, we applied spatial decay models of the general

form:

𝑦 = 𝑏0 · 𝑓 (𝑑)

where 𝑦 is the probability of using a water site or tap/borehole and 𝑏0 is a constant indicating the

probability when the distance 𝑓 (𝑑) is equal to 1. 𝑓 (𝑑) represents the spatial decay function with

𝑑 as the Euclidean distance between the household location and a water site or tap/borehole.

For 𝑓 (𝑑), two common decay functions were considered:

An exponential decay where:

𝑓 (𝑑) = 𝑒−𝜆·𝑑

and a power-law decay where:

𝑓 (𝑑) = 1
(1+ 𝛽 · 𝑑)−𝛾 .

In addition, we also considered a Hill function which is a more flexible function to model

saturation and thresholds in the decay over distance:

𝑓 (𝑑) = 𝑏0

1+
(
𝑑
𝑏1

)𝑛 .
Identifying the decay function, 𝑓 (𝑑), which best describes the observed data, allows for effi-

ciently describing the decay process and predicting population-level water site and tap/borehole

usage patterns.

The spatial decay models proposed here are closely related to gravity models. In a gravity

model, pathogen transmission between two locations is determined by their respective popu-

lation sizes and spatial distances whereby distance is modelled using a spatial decay function.

Gravity models rely on aggregated mobility data to model population-level transmission pat-

terns [27]. Here, we develop an individual-level model which, like the gravity model, can

include both an attraction component and a spatial decay component. In contrast to the gravity
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model where all locations are of one type (for instance cities), our model includes two differ-

ent types of locations (households and water sites or taps/boreholes) and aims to predict how

individuals (nested in households) use water sites or taps/boreholes at small spatial scales.

4.2.12 Spatial Decay Models of Water Site and Tap/Borehole Usage

We formulated several spatial decay models: models to predict any water site or tap/borehole

usage (Eqs. 4.1–4.2), a model to estimate the effect of taps/boreholes on crowding out any water

site usage (Eq. 4.3), models to predict the duration of water site or tap/borehole usage (Eq. 4.4),

and a model to estimate the effect of taps/boreholes on crowding out water site usage duration

(Eq. 4.5).

4.2.12.1 Any usage models

Global spatial decay model of water site and tap/borehole usage

𝑃(response𝑖,𝑘 = 1) = 𝑏0 · 𝑓 (𝑑𝑖,𝑘 ) (4.1)

In this model, 𝑃 is the probability that individual 𝑖 uses a specific water site and tap/borehole

𝑘 . 𝑃 is a binary outcome modelled using a Bernoulli distribution with an identity link function

to represent probabilities directly. As far as possible, we used non-informative priors. For

instance, in the exponential decay model, we used uniform priors Unif(0,1) for 𝑏0 and 𝜆, the

most conservative priors possible as 𝑏0 and 𝜆 can only take values between 0–1. For all models

predicting the probability of usage, we ensure that 𝑃(response𝑖, 𝑗 ,𝑘 = 1) remains a valid proba-

bility (i.e., within the range [0,1]). To this end, the product 𝑏0 · 𝑓 (𝑑𝑖,𝑘 ) is constrained such that

0 ≤ 𝑏0, 𝑗 · 𝑓 𝑗 (𝑑𝑖, 𝑗 ,𝑘 ) ≤ 1. This condition is enforced during model fitting.

Group-specific decay model of water site and tap/borehole usage

𝑃(response𝑖, 𝑗 ,𝑘 = 1) = 𝑏0, 𝑗 · 𝑓 𝑗 (𝑑𝑖, 𝑗 ,𝑘 ) (4.2)

In contrast to the global model, both 𝑏0 and 𝑓 (𝑑) are allowed to vary by covariate 𝑗 . The
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covariates which were tested were described above in the “Dataset and Variables” section.

Crowding out model of water site usage

As water contact patterns may be influenced by the availability of taps/boreholes, we tested this

hypothesis by developing a global spatial decay model with crowding out where the probability

of water site usage was inversely related to the probability of tap/borehole usage:

𝑃(water site usage𝑖, 𝑗 ,𝑘 = 1) = 𝑏0 · 𝑓 𝑗 (𝑑𝑖, 𝑗 ,𝑘 ) ·𝛼
(
1−𝑃(tap/borehole usage𝑖)

)
. (4.3)

Here, 𝛼 quantifies the magnitude of crowding out, again using an uninformative prior Unif(0,1).

The crowding out model was estimated in a two-step process where first, the tap/borehole usage

probabilities were estimated for each individual and then used as a covariate in the crowding

out model. We include the covariate 𝑗 from the best-performing model water site usage model

(see below for model selection procedure).

4.2.12.2 Usage duration models

Global water site and tap/borehole usage duration model decay model

Analogously to the global decay model of usage, the duration model predicts the mean water

site and tap/borehole usage duration t using the following formula:

E(𝑡𝑖,𝑘 ) = 𝑏0 · 𝑓 (𝑑𝑖,𝑘 ). (4.4)

This model is a negative binomial model to account for overdispersion, where

E(𝑡𝑖,𝑘 ) ∼ NegBin(𝜇𝑖,𝑘 , 𝜙),

with 𝜇𝑖,𝑘 = 𝑏0 · 𝑓 (d𝑖,𝑘 ) as the mean duration, and 𝜙 as the dispersion parameter, capturing

variability beyond what is expected under a Poisson model.

Extreme duration values can lead to exaggerated values of the dispersion parameter 𝜙,

making the model appear more overdispersed. Thus, all duration values > 99.9th percentile,
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corresponding to a duration of > 123 minutes per day, were capped by setting these values to

123 minutes. For exponential duration decay models, we used an uninformative prior Unif(0,1)

for 𝜆 and a normal prior Normal(1,9), truncated at zero and 30, for 𝑏0. This prior was chosen

to match the mean and standard deviation of the data.

Crowding out model of water site usage duration

Similar to the crowding out model of water site usage, we built a duration model in which the

duration of water site usage was crowded out by the probability of tap/borehole usage:

E(𝑡𝑖, 𝑗 ,𝑘 ) = 𝑏0, 𝑗 · 𝑓 𝑗 (𝑑𝑖, 𝑗 ,𝑘 ) ·𝛼
(
1−𝑃(tap/borehole usage𝑖)

)
(4.5)

where 𝛼 represents the magnitude of crowding out.

Baseline models

In this analysis, logistic regression models were used as baseline models to benchmark the

performance of the spatial decay models. These models followed the general form:

log
(

𝑃(response𝑖,𝑘 = 1)
1−𝑃(response𝑖,𝑘 = 1)

)
= 𝛽0 + 𝛽1𝑑𝑖,𝑘 + 𝛽2 𝑗𝑖 (4.6)

where 𝛽0 is the intercept, 𝑑𝑖,𝑘 represents the Euclidean distance to the water site or tap/borehole 𝑘 ,

and 𝑗𝑖 is another covariate. The baseline models were estimated as Bayesian logistic regression

models with flat priors for all coefficients, meaning equal probabilities were assigned to all

possible values of the coefficients.

4.2.13 Statistical Analysis Methods

Estimating Spatial Decay Models

We used Bayesian non-linear regression models implemented using the brms package [44]

in R version 4.1.0 to predict the probability of an individual using a specific water site or

tap/borehole. Bayesian modelling was used because it allowed us to estimate distributions

of the decay parameters and quantify the uncertainty of these parameter estimates by taking
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posterior draws from these distributions to obtain 95% credible intervals. All Bayesian models,

except for those where entire districts were held out, were fitted on a training dataset containing

85% of the full data. In models where one district at a time was held out to evaluate performance

on the other districts, the training data consisted of 150 individuals sampled with replacement

from the full data to ensure the size of the training data was balanced across districts. Due to

convergence issues in the Bayesian modelling, we restricted our data to all sites within 3000m

of the households, which captured over 99.6% of all water sites and taps/boreholes used. As

only seven individuals lived within < 20m distance of water sites or taps/boreholes, predicted

values were reported for distances between 20–3000m. For all Bayesian models estimated via

brms, a Hamiltonian Monte Carlo sampling algorithm via the Stan backend, employing the

No-U-Turn Sampler (NUTS), was used [44, 45]. Four Markov chains with 2000 iterations per

chain (1000 warm-up and 1000 sampling iterations) were employed. Convergence was assessed

based on whether the potential scale reduction factor (𝑅̂) was close to 1. Within brms, the

plot function was used to visually assess chain mixing, and the pp check function was used

to assess agreement between predicted and observed response values.

Selecting the Best Fitting Models

To determine which decay function and covariates yielded the best model fit, Bayesian leave-

one-out cross-validation was used, and the best model was identified based on the expected log

pointwise predictive density (ELPD) for a new dataset—a Bayesian leave-one-out measure of

out-of-sample predictive fit [46].

For the decay function, ELPD was compared between global Hill, exponential, and power-

law decay models. To select the optimal covariate 𝑗 for the decay model, one variable at a

time (district, gender, age (< 15 years, ≥ 15 years), occupation category, improved household

drinking water source, and mobility tercile) was used to build a more granular decay model.

The ELPD among these competing models was compared to identify the best model.

To establish whether a global model with crowding out performed better than a model

without crowding out, ELPDs between those models were compared.
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Model Performance Evaluation

Model performance (predictive capacity) in absolute terms was evaluated conservatively by pre-

dicting individual-level site and tap/borehole usage behaviour, i.e., whether the model correctly

predicted which specific sites and taps/boreholes each individual would visit. The area under the

receiver operating curve (auROC) was used as the metric of model performance. Performance

metrics were calculated using a separate test dataset (15% of the data and it was ensured that all

districts were represented). To convert the response probabilities between 0 and 1 into a binary

outcome that could be compared with the true outcome data, the optimal cut-point probability

was determined using the cutpointr package, with the F1 score as the criterion [47]. The

F1 score was chosen because it is suitable for imbalanced data. Here, 88.4% of water sites

within 3000m were not used and 90.8% of taps/boreholes were not used. auROC of all baseline

logistic regression models was reported and later compared to auROCs of the best-performing

spatial decay models to provide information on performance differences in absolute terms.

Importantly, our performance evaluation is substantially more stringent compared to how

gravity models are conventionally evaluated. Pearson correlation coefficients or 𝑅2 between

predicted and observed mobility flows are typically used to evaluate gravity models [48–50].

We also report 𝑅2 here. However, we are not primarily interested in measures of aggregate

performance but in the more difficult problem of whether individual-level usage patterns can be

correctly predicted. This problem is more difficult because, for instance, if an individual visits

a different water site than the one predicted, this introduces two classification mistakes from

the perspective of individual-level performance evaluation while the more lenient criterion of

whether this individual has water contact is still satisfied.

4.2.14 Out-of-Sample Prediction

The ability of spatial decay models to predict population-wide patterns of use of field-recorded

water sites was demonstrated using the publicly available Global Google–Microsoft Open

Buildings Dataset (V3), which has mapped over two billion structures globally [51]. Footprints

of all buildings in the study villages in Pakwach were extracted. As there were few commercial

or public buildings in the area, we assume that each building represents a household.
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To generate population-wide predictions of water contact, we calculated the centroid location

of each building (Fig. 4.9B) and input the centroid GPS coordinates into a global spatial decay

model (Eq. 4.1), which had been trained on the GPS logger data. This produced out-of-sample

predictions of water site usage for all households in the study villages in Pakwach.

4.2.15 Sensitivity and Robustness Analyses

Several sensitivity and robustness analyses were conducted to account for the potential of water

contact misclassification, systematic differences in compliance across demographic groups, and

differential logger failure across districts.

As most water contact events are brief in duration (in terms of minutes), there is a risk of

misclassification, as such water contact may represent a different type of activity, for instance

passing by a water site without having actual water contact. To evaluate the influence of

such brief, potentially misclassified contact events, we successively increased the threshold

below which we removed events (0–10 minutes). We then recalculated the spatial decay

model predicting water site usage including only water contact events above these thresholds to

understand how model coefficients 𝑏0 and 𝑏1 changed. This thresholding exercise also informed

on the minimum GPS logger sampling frequency needed to reproduce the patterns observed

with GPS data at two-minute intervals.

Comparisons were made between the demographic characteristics of individuals with suffi-

cient GPS data (≥ 2 days), those with insufficient data (< 2 days, or completely missing data),

and the broader SchistoTrack study population. This analysis provided insights into potential

selection biases arising from sampling/distribution of loggers and participant non-compliance.

Among those with GPS data, the number of GPS points per individual per day was used as an

indicator to examine differences in wear non-compliance between demographic groups.

This study was conducted across three different districts, and behaviour patterns from one

district may not be generalisable. To address this, data from two districts at a time were used to

predict water site usage in the held-out district.

The number of individuals and observation days were down-sampled to determine the mini-

mum number of individuals and observation days required to achieve good model performance.
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4.3 Results

4.3.1 Study Overview

A total of 585 participants were selected from 12 out of 38 study villages, representing ap-

proximately 50 participants per village (Fig. 4.1). Among selected participants, one participant

refused (reason unknown). Each of the 584 remaining study participants wore a wearable GPS

logger for a period of two weeks, with location data recorded at two-minute intervals between

5 a.m.–8 p.m. local time.

We obtained what we targeted as the minimum required data (≥ 2 days of observation,

excluding the first day) from 452 of the 584 sampled participants. Exclusions were due to

missing data (𝑛 = 132), mostly due to device failure and a few loggers being lost by participants,

as well as poor-quality data (< 2 days; 𝑛 = 10). Among the 452 included participants, 183

(40.4%) were from Pakwach district, 164 (36.3%) from Buliisa district, and 105 (23.2%) from

Mayuge district. In total, 1,281,455 GPS data points were recorded, with a median of 2912

data points per participant (interquartile range [IQR] 1543–3634). The median number of days

with GPS data per participant was 10 (IQR: 10–13). As device failures occurred due to reuse

of the same GPS devices, the median number of points was highest in Pakwach, the first district

in this study (median = 3533, IQR: 3137–3835), followed by Buliisa (median = 2250, IQR:

1118–3548) and Mayuge (median = 1880, IQR: 942–2689). The same applied to the number

of observation days which was highest in Pakwach (median = 13, IQR: 13–13), followed by

Buliisa (median = 12, IQR: 7–14) and Mayuge (median = 11, IQR: 8–13).

Field-recorded GPS locations of water sites and taps/boreholes were used to derive water

contact information from the logger data. Using 30-metre buffers around each water site and

tap/borehole, all GPS traces passing through these zones were classified as water contact or

tap/borehole usage episodes. A schematic of the data processing steps to generate the dataset

used for modelling is shown in Fig. 4.2.
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Figure 4.1. Participant flowchart. Loggers were classified as being faulty when no data could be
retrieved due to complete device failure. Loggers were classified as being empty when loggers
could still be pulled using a computer but contained no data.

4.3.2 Water Site Usage

Following the clustering of water sites, there were 15 water sites in Pakwach, 30 in Buliisa, and

28 in Mayuge. A total of 8249 episodes of water contact were observed during the study. Among

the 452 participants, 64.4% (292/452) visited at least one water site. The median duration of

water contact across all participants was 3 minutes (min) per day (IQR: 0–13.3 min). Among

those who had water contact, the median daily duration was 9 min (IQR: 3–23 min), and the

median number of different water sites visited was 1 (IQR: 1–2). Water contact patterns varied
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Figure 4.2. Schematic of deriving water site and tap/borehole usage from GPS logger data.
(A) GPS locations of water sites and taps/boreholes. (B) Example GPS logger trace. (C) A
network connecting an individual to all used sites. (D) A simplified data frame resulting from
the processing.

across districts. In Pakwach, 53.6% of participants (98/183) used at least one water site. This

number was 90.2% (148/164) in Buliisa and 46% (46/105) in Mayuge. Differences in diurnal

patterns were also observed. In Pakwach, water contact peaked around midday, whereas in

Buliisa and Mayuge, it was more evenly distributed throughout the day (Fig. S4.4).

4.3.3 Tap/Borehole Usage

There were 40 distinct locations with taps/boreholes. In Pakwach, there were two boreholes and

five taps; in Buliisa there were three boreholes and 11 taps; in Mayuge there were two boreholes

and 17 taps. The price for using these facilities was the same across districts; borehole usage cost

UGX 1000 (USD ∼ 0.27) per household per month and taps cost UGX 100 (USD ∼ 0.03) per

jerrycan. A total of 1181 tap/borehole contact episodes were observed, which was 85.7% fewer

than the number of water contact episodes. Among all study participants, 33.6% (152/452)
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visited at least one tap/borehole. The median duration of water contact across all participants

was 0 min per day (IQR: 0–1 min). Among those who used taps/boreholes, the median daily

duration was 1 min (IQR: 3–10 min), and the median number of different taps/boreholes visited

was 1 (IQR: 1–1). Usage was highest in Buliisa, where 49.4% of participants used at least

one tap/borehole (81/164), followed by Pakwach with 25.1% (46/183) and Mayuge with 21.9%

(23/105). In Pakwach, tap/borehole usage was most common in the evening, whereas in Buliisa

and Mayuge, it was more evenly distributed throughout the day (Fig. S4.4).

4.3.4 Combined Usage of Water Sites and Taps/Boreholes

Overall, 25.4% of participants (115/452) visited both water sites and taps/boreholes. Usage of

water sites and taps/boreholes were weakly positively correlated (Spearman rank correlation

[𝜌𝑠] = 0.15, 𝑝 < 0.01). There was a weak positive correlation between the duration of water

site and tap/borehole usage, measured in min per person per day (𝜌𝑠 = 0.17, 𝑝 < 0.01). Among

participants with either water site or tap/borehole usage, there was a negative correlation between

the duration of water site and tap/borehole usage (𝜌𝑠 = −0.12, 𝑝 = 0.02, 𝑛 = 330).

4.3.5 Demographic Differences in Water Site and Tap/Borehole Usage

Table 4.1 summarises the differences in water site and tap/borehole usage across demographic

groups. Age and gender were not significantly associated with water site or tap/borehole usage.

Occupation was linked to water site usage (𝜒2 = 22, df = 4, 𝑝 < 0.01). In particular, fishermen

and fishmongers were more likely to use water sites. By contrast, occupation was not relevant

for tap/borehole usage.

Among people who used water sites, a higher proportion used an improved drinking water

source (62.7%) than individuals who did not use any water sites (26.9%, 𝑝 < 0.01). A higher

proportion of those classified as using taps/boreholes based on the GPS data also self-reported

use of improved drinking water sources compared to individuals who did not use taps/boreholes

based on GPS data (67.3% versus 41.4%, 𝑝 < 0.01).

GAMs suggested that water site and tap/borehole usage were dynamic across the life course.

Duration of water site usage peaked around age 25 while tap/borehole usage duration decreased
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with age (Fig. 4.3a). The duration of water site usage was higher than tap/borehole duration

across all ages (Fig. 4.3a). Similarly, the average number of water sites used was higher than

the number of taps/boreholes used across all ages (Fig. 4.3b).

4.3.6 Water Site and Tap/Borehole Usage Over Household Distance

The median Euclidean household distance to the closest water site was 225m (IQR: 82–412m),

and the median distance to the closest tap/borehole was 251m (IQR: 93–664m). Distances were

strongly correlated, with households closer to water sites tending to be closer to taps/boreholes

as well (𝜌𝑠 = 0.52, 𝑝 < 0.01). Among all districts, individuals in Buliisa lived closest to water

sites and taps/boreholes (median water site distance = 69m [IQR: 47–89m]; median tap/borehole

distance = 88m [IQR: 50–152m]). In Pakwach, individuals lived a median distance of 423m

(IQR: 259–687m) from water sites and a median of 433m (IQR: 251–931m) from taps/boreholes.

In Mayuge, the median household distance to the closest water site distance was 267m (IQR:

214–364m) and the median tap/borehole distance was 498m (IQR: 145–961m).

Overall, individuals travelled further to visit water sites compared to taps/boreholes; the

median distance to a frequented water site was 232m (IQR: 106–425) whereas the median

distance to a frequented tap/borehole was 112m (IQR: 50–270, Fig. 4.3c–d). For water contact,

the closest site accounted for 45.7% (222/486) of all used sites and for 59.0% of total usage

duration. The closest tap/borehole accounted for 87.2% (136/156) of all used taps/boreholes

and for 88.6% of total usage duration. Visits to both water sites and taps/boreholes were highly

concentrated in closest proximity to the household location (Fig. 4.3c–d) as 4.5% of total site

visit duration and 4.7% of total tap/borehole visit duration was accounted for by sites and

taps/boreholes located further than 1000m from the household.

4.3.7 Water Site and Tap/Borehole and Human Mobility

For each participant, the radius of gyration around the household location was calculated as a

measure of human mobility. The median radius of gyration among participants was 380m (IQR:

151–1157m). Radii of gyration varied by district. Participants in Pakwach had the largest radius,

with a median of 633m (IQR: 228–1454m), followed by those in Mayuge (median = 304m,
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Figure 4.3. Water site and tap/borehole visits over age and distance. (A) Average duration of
water site and tap/borehole usage over age in min per day, estimated using GAMs. (B) Average
number of water sites and taps/boreholes used over age, estimated using GAMs. (C) Distribution
of household distances for used versus unused taps/boreholes for all individuals. (D) Distribution
of household distances for used versus unused water sites for all individuals. (E) Cumulative
density of mobility (radius of gyration), tap/borehole usage, and water site usage over household
distance.
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Table 4.1. Summary of participant characteristics

Water site usage Tap/borehole usage

Variable No (n= 160) Yes (n= 292) P-value No (n= 302) Yes (n= 150) P-value

Gender = male (%) 83 (51.9) 143 (49.0) 0.62 150 (49.7) 76 (50.7) 0.92
Age ≥ 15 years (%) 86 (53.8) 168 (57.5) 0.50 171 (56.6) 83 (55.3) 0.87
Occupation (%) <0.01 0.60

none 95 (59.4) 164 (56.2) 176 (58.3) 83 (55.3)
fishing 7 (4.4) 34 (11.6) 24 (7.9) 17 (11.3)

fishmongering 2 (1.2) 20 (6.8) 15 (5.0) 7 (4.7)
farming 46 (28.7) 47 (16.1) 65 (21.5) 28 (18.7)
other 10 (6.2) 27 (9.2) 22 (7.3) 15 (10.0)

Household drinking water
source = improved (%)

43 (26.9) 183 (62.7) <0.01 125 (41.4) 101 (67.3) <0.01

Distance to the closest site
(m) (median [IQR])

385.2 [248.3,
637.7]

91.6 [58.9,
249.6]

<0.01 312.8 ± 292.8 209.6 ± 200.6 <0.01

Distance to the closest
tap/borehole (m) (median
[IQR])

396.2 [135.2,
715.2]

179.4 [82.6,
404.9]

<0.01 515.7 ± 429.2 179.3 ± 270.7 <0.01

Radius of gyration (m)
(median [IQR])

361.7 [170.9,
1180.5]

351.5 [128.6,
1071.5]

0.33 369.2 [152.6,
1092.6]

314.8 [134.7,
1065.3]

0.55

Notes: For binary variables, number and proportions [N (%)] are shown and Chi-squared tests were used to test for group differences. For all normally distributed continuous
variables, mean and standard deviation (mean ± sd) are shown and two sample 𝑡-tests were performed to test for group differences. For all non-normally distributed variables,
median and interquartile range (median [IQR]) are shown and Kruskal–Wallis Rank Sum Tests were performed to test for group differences.
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IQR: 152–698m) and Buliisa (median = 262m, IQR: 93–1222m). Radii were not significantly

different between those using water sites and taps/boreholes compared to non-users (Table 4.1).

For individuals using water sites, the median radius of gyration was 362 (IQR: 171–1181)

versus 352 (IQR: 129–1072) for non-users (𝑝 = 0.33). For individuals using taps/boreholes, the

median mobility range was 369 (IQR: 153–1093) versus 315 for non-users (IQR: 135–1065,

𝑝 = 0.55). A moderate positive correlation was observed between the radius of gyration and the

distances to used water sites (𝜌𝑠 = 0.17, 𝑝 < 0.01) and used taps/boreholes (𝜌𝑠 = 0.17, 𝑝 < 0.01).

The cumulative distributions of mobility, distances to used water sites, and to taps/boreholes

showed that visits to water sites and taps/boreholes were more focal than general human mobility

(Fig. 4.3e).

The grouping of participants into district-specific terciles of mobility (bottom, middle,

top; see Fig. S4.5) revealed socio-demographic differences (Table 4.2). Individuals in the top

mobility tercile tended to be older; 69.3% were aged ≥ 15 years, whereas only 50.3% and

49.3% were aged ≥ 15 years in the middle and bottom mobility terciles, respectively (𝜒2 = 16,

df = 2, 𝑝 < 0.01). Fishermen and fishmongers had different levels of mobility. Among those

individuals with high mobility 12.0% (18/151) were fishermen while only 6.6% (10/151) of

low-mobility individuals were fishermen. For fishmongers the trend was reversed; 2.7% (4/150)

of high-mobility individuals were fishmongers and 7.9% of low-mobility individuals (12/151)

were fishmongers. While no relationship was found between gender and mobility overall,

fishmongering and fishing occupations were highly gendered. Among those reporting fishing,

2.4% (1/41) were female, while among fishmongers 95.5% (21/22) were female.

Using GAMs, the average distance of water sites and taps/boreholes was shown to vary based

on mobility. Individuals in the middle mobility tercile visited water sites approximately twice

as far away (400m versus 200m) compared to individuals in the bottom tercile (Fig. S4.6a).

Individuals in the top mobility tercile only visited sites significantly further away across ages

30–50, with a peak at 720m around age 42 (Fig. S4.6a). This age range coincided with the

peak age of occupational fishing, as shown in Chapter 3. The average distance to frequented

taps/boreholes linearly decreased over age for individuals in the bottom and middle terciles of

mobility, while in the top tercile, distance was low across ages 10–15 and then similar to the
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Table 4.2. Summary of participant characteristics

Mobility tercile (radius of gyration)

Variable Bottom (n= 151) Middle (n= 150) Top (n= 150) P-value

Gender = male (%) 74 (49.0) 77 (51.3) 75 (50.0) 0.92
Age ≥ 15 years (%) 74 (49.0) 76 (50.7) 104 (69.3) <0.01
Occupation (%) 0.03

none 89 (58.9) 93 (62.0) 76 (50.7)
fishing 10 (6.6) 13 (8.7) 18 (12.0)

fishmongering 12 (7.9) 6 (4.0) 4 (2.7)
farming 25 (16.6) 33 (22.0) 35 (23.3)
other 15 (9.9) 5 (3.3) 17 (11.3)

Household drinking water
source = improved (%)

81 (53.6) 75 (50.0) 69 (46.0) 0.41

Distance to the nearest site
(m) (Mean ± SD)

280.5 ± 260.6 311.4 ± 284.1 297.1 ± 298.6 0.62

Distance to the nearest
tap/borehole (m) (Mean ±
SD)

423.2 ± 425.0 398.4 ± 393.4 434.3 ± 434.3 0.74

Radius of gyration (m)
(median [IQR])

96.8 [57.8, 159.9] 356.0 [251.9, 524.8] 1706.9 [1094.6,
3323.3]

<0.01

Notes: For binary variables, number and proportions [N (%)] are shown and Chi-squared tests were used to test for group differences. For all normally distributed continuous
variables, mean and standard deviation (mean ± sd) are shown and two sample 𝑡-tests were performed to test for group differences. For all non-normally distributed variables,
median and interquartile range (median [IQR]) are shown and Kruskal–Wallis Rank Sum Tests were performed to test for group differences.
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other terciles (Fig. S4.6b).

4.3.8 Logistic Regression Models for Predicting Water Site Usage

For every participant, the usage of all water sites within 3000m of their household location was

predicted using variables conventionally applied to water contact prediction. The Bayesian lo-

gistic regression models presented in Table 4.3, with socio-demographic variables, behavioural

variables, and distance-based predictor variables, serve as baseline models for further analyses.

Table 4.3. Performance of logistic regression models (baseline models)

Type of
model

Predictors Sensitivity Specificity AUC

Distance Distance to water sites 0.594 0.929 0.854
Distance Distance to water sites <430m (y/n) 0.764 0.745 0.755
Distance Closest water site (y/n) 0.387 0.938 0.663
Behavioural
proxies

Self-reported water contact (y/n),
activity match (y/n), mobility tercile

0.821 0.324 0.590

Socio-
demographic
proxies

Gender, age (<15,≥ 15 years),
occupation category, improved
household drinking water source
(y/n)

0.726 0.416 0.544

Notes: Bayesian logistic regression models predicting GPS-derived water site usage. Models were trained on
85% of the data and performance evaluated on 15% of held-out data.

The worst-performing model used socio-demographic variables (gender, age, occupation

category, and improved household drinking water source) to predict water site usage (au-

ROC = 0.544). Another model used behavioural proxy variables for water contact (any self-

reported water contact, whether self-reported water contact activities matched the activities

typically performed at a water site, and the mobility tercile) to predict water site. This model

(auROC = 0.590) outperformed the model with socio-demographic predictor variables with

some sacrifice in sensitivity for improved specificity.

The three top-performing models relied on distance of the household to the water site to

predict individual usage of water sites. A model in which all individuals were assigned using

the closest water site to the household demonstrated an auROC of 0.663. Based on findings

that over 80% of all water contact occurred in households within 430m of water sites (see

Chapter 3), individuals were assigned to all water sites within 430m of their household location.
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This model achieved an auROC of 0.755. The best-performing model was a logistic regression

model using water site distance as a continuous variable to predict site usage (auROC = 0.854).

Table 4.4. Model selection for spatial decay models

Model ELPD difference Standard error P-value

Water site models
Mobility tercile 0.0 0.0 –
District -7.2 11.2 0.52
Age -20.5 6.4 0.001
Gender -20.9 6.4 0.001
Activity match -21.2 6.5 0.001
Occupation -23.8 6.7 0

Tap/borehole models
District 0.0 0.0 –
Activity match -16.7 8.0 0.037
Mobility tercile -36.0 11.0 0.001
Occupation category -36.4 9.8 0
Gender -37.9 10.4 0
Age -38.0 10.5 0
Safe water supply type -49.1 13.3 0

Notes: Model comparison using expected log pointwise predictive density (EPLD) to select the best performing
group-specific spatial decay model for predicting water site and tap/borehole usage (Eq. 4.2). Slopes in each
decay model were varied by the variable denoted in the “model” column. All models had district-specific
intercepts. ELPD difference denotes the difference to the best-performing model. The p-value is based on a
two-sided comparison (𝑡-test) to the best-performing model.

4.3.9 Spatial Decay Models for Predicting Water Site and Tap/Borehole Usage

We assessed whether spatial decay models outperformed the logistic regression models in

predicting the specific water sites and taps/boreholes individuals used. Using Bayesian non-

linear regression models, two decay functions commonly used in gravity models—power-law

decay and exponential decay [41]—as well as a Hill function were implemented. A model with

exponential decay performed significantly better than one with power-law decay (difference

in ELPD = −159.3, standard error (SE) = 21, 𝑝 < 0.01). The exponential decay model also

outperformed a decay model with a Hill function (difference in ELPD = −23.9, standard error

(SE) = 13.8, 𝑝 = 0.08). A visual comparison of the decay functions is provided in Fig. S4.3. The

exponential decay closely matches the data at distances < 1000m, and while the Hill function

provides a better fit for site usage at distances between 1000–2000m, its fatter tail leads it to
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overestimate site usage at distances > 2000m (Fig. S4.3). The exponential decay therefore

appears to provide the best overall fit (Fig. S4.3).

The global spatial decay model (Eq. 4.1) with an exponential decay significantly outper-

formed the best-performing baseline model (top row of Table 4.3) based on ELPD (difference in

ELPD = −23, SE = 2.7, 𝑝 < 0.01). In particular, the spatial decay model performed better than

the top baseline model in predicting water contact at water sites close to households (Fig. S4.7).

The spatial decay model had an auROC of 0.882. Results suggested that for people living

adjacent to water sites (20m), the probability of use was 69% (95% credible interval [CrI]:

60–78%). At 100m distance, it was estimated that 51% (95% CrI: 45–57%) used these sites.

This probability was 11% (95% CrI: 10–13%) at 500m and reached 1% (95% CrI: 0.7–1.4%)

at 1153m (Fig. 4.4a).

The same modelling approach was applied to tap/borehole usage, revealing a more pro-

nounced decay than for water sites. The spatial decay model had an auROC of 0.867. For

individuals adjacent to taps/boreholes, the estimated probability of any usage was 61% (95%

CrI: 49–74%), 8%-points lower than for water sites. The estimated probability of use was

Figure 4.4. Spatial decay models for water site and tap/borehole usage over household distance.
(A) Global decay models. (B) Best-performing decay model for water site usage (from Table 4.4)
with separate decay functions for each mobility tercile. (C) Best-performing decay model for
tap/borehole usage (from Table 4.4) with separate decay functions for each district.
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Figure 4.5. Spatial decay models for water site and tap/borehole usage duration. (A) Duration
among all individuals. (B) Duration among individuals using water sites and taps/boreholes.
Duration was measured as minutes per day.

40% (95% CrI 34–46%) at 100m, 5% (95% CrI: 3–6%) at 500m, and reached 1% (95% CrI:

0.5–1.7%) at 792m, 361m less than for water sites (Fig. 4.4a).

For both water site and tap/borehole models, it was investigated whether incorporating

specific distance decays by gender, age, occupation, mobility, activity match, and district

improved model performance (Eq. 4.2). For water sites, a model with district-specific intercepts

and separate decay functions by mobility tercile performed best (Table 4.4, Fig. 4.4b). The

performance of the second-best model, which included district-specific intercepts and slopes,

was not significantly different based on ELPD (𝑝 = 0.52). For taps/boreholes, a model with

district-specific intercepts and slopes significantly outperformed all other models (Table 4.4,

Fig. 4.4c). Here, the model with mobility-tercile-specific decays performed third-best. A model

where decays were estimated separately for taps and for boreholes performed worst. Estimated

distance decays from the best-performing group-specific water site and tap/borehole usage

models with a global intercept 𝑏0 are shown in Fig. 4.4b–c. For models with district-specific

intercepts, see Figs. S4.8 and S4.9.

4.3.10 Spatial Decay Models for Predicting Water Site and Tap/Borehole Usage Duration

The same general modelling framework as for any usage was applied to predict the duration of

water site and tap/borehole usage. For this task, zero-inflated negative binomial models were

used. The spatial decay model predicted that for individuals living directly next to water sites,
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usage duration was 13 min per day (95% CrI: 6–27 min). At 100m, the estimated duration

was 5 min (95% CrI: 4–8 min) and at 500m, it was 0.7 min (95% CrI: 0.6–0.9 min; Fig. 4.5a).

The estimated usage duration of taps/boreholes for individuals in their direct vicinity was

14 min per day (95% CrI: 4–40 min) which was similar to water sites, but duration decayed

comparatively more quickly. At 100m, the predicted tap/borehole usage duration was 2 min

(95% CrI: 1–4 min), and at 500m, it was 0.4 min (95% CrI: 0.3–0.5 min, Fig. 4.5a).

Using negative binomial regression, usage duration was modelled by retaining only water

sites and taps/boreholes with non-zero duration for each individual. For water sites, the average

duration among site users was 20 min per day (95% CrI: 16–25 min) for those living in the

direct vicinity (Fig. 4.5b). This duration reduced with distance but remained positive, with an

estimated duration of 3.4 min (95% CrI: 2.2–5.6 min) at 2000m. Among users of taps/boreholes,

duration decayed faster compared to users of water sites (Fig. 4.5b). Predicted taps/borehole

duration was 20 min (95% CrI: 14–28 min) for individuals living next to such facilities, and

1.5 min (95% CrI: 1.2–2.7 min) at 2000m. This analysis was limited by the small number of

usage events at greater distances, as only 18 and seven individuals were observed using water

sites and taps/boreholes, respectively, at > 1000m from their households.

For all zero-inflated negative binomial models, it was assessed whether zero inflation was

adequately modelled using the test data. For water sites, the ratio of predicted versus true

durations ≤ 1 minute was 0.85. For taps/boreholes, this ratio was 0.93. Model performance was

also assessed via the correlation between predicted versus actual durations (Pearson correlation

coefficient [𝜌] for water sites = 0.56; 𝜌 for taps/boreholes = 0.29).

4.3.11 Spatial Decay Models Accounting for the Number of Available Water Sites

So far, spatial decay models have estimated probabilities for site usage independently of the

number of sites available to an individual. However, this may not be realistic, as the number

of sites in proximity to an individual is likely to influence the usage of a given site, even when

holding site distance constant. For instance, if an individual lives 500m from a water site and

this is their closest site, the usage probability for this individual is likely to be higher than for

someone for whom the same site at 500m distance is the fifth closest site. This was tested
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Figure 4.6. Spatial decay models accounting for the number of available water sites. (A) Spatial
decay model predicting site usage probability based on whether a water site was the closest,
second closest, third closest, fourth closest, or fifth closest site (or a site further away). (B) Spatial
decay model predicting site usage duration based on whether a water site was the closest, second
closest, third closest, fourth closest, or fifth closest site (or a site further away). The model in
(B) was estimated as a zero-inflated negative binomial model.

by generating a site ordering variable and estimating separate decay functions for the closest,

second closest, third closest, fourth closest, and fifth closest, or sites further away site. Fig. 4.6a

shows an almost monotonic decline in site usage probability over site order. For a site at 100m

household distance, the probability of usage was 65.3% (95% CI 58.6–71.6) if it was the closest

site, 57.2% (95% CI 47.4–66.3) if it was the second closest site, 49.6% (95% CI 38.8–61.7) if it

was the third closest site, 31.5% (95% CI 19.6–46.7) if it was the fourth closest site, and 11.8%

(95% CI 8.7–15.5) if it was the fifth closest site or below (Fig. 4.6a). A similar monotonic decay,

albeit somewhat steeper, was observed for site usage duration, where average duration declined

as site order increased (Fig. 4.6b). For both site usage probability and duration, it appeared

that usage levels were relatively similar between the first to third closest sites and substantially

dropped thereafter.

4.3.12 Crowding Out of Water Site Usage by Tap/Borehole Usage

The potential crowding out effect of taps/boreholes on water site usage was investigated by

comparing the performance of two modelling approaches in predicting water site usage: the
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best-performing spatial decay model without crowding out (Eq. 4.2, Fig. S4.8) versus a spatial

decay model with crowding out (Eq. 4.3). Using leave-one-out cross-validation, the model

without crowding out performed slightly, but not significantly, better than the model with

crowding out (EPLD difference = −0.9, SE = 0.6, 𝑝 = 0.12). For individual-level predictions,

Figure 4.7. Comparison of spatial decay models with and without crowding for predicting water
site usage. (A–B) Predicted number of individuals using each water site versus the true number.
(C) True proportion of individuals with water contact versus the proportion predicted in spatial
decay models with and without crowding out. The crowding out* model represents a model
in which the proportion of individuals was estimated under a counterfactual scenario where no
taps/boreholes were present. Thus, the difference between the crowding out versus crowding
out* models represents the estimated impact of taps/boreholes on water site usage. (D) Scatter
plot showing the predicted probability of tap/borehole usage versus the predicted probability
of water site usage for each individual. The length of the arrows indicates the reductions
associated with the presence of taps/boreholes for each individual. Again, this was estimated
by comparing the observed values for tap/borehole coverage to a counterfactual scenario where
no taps/boreholes were present. The colours in (D) represent the true usage patterns for each
individual.
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the performance difference was very small (model without crowding out auROC = 0.874 versus

model with crowding out auROC = 0.875). At the water site level, the correlation between the

predicted number of individuals using a water site versus the true number was almost identical

(𝜌 decay model without crowding out = 0.86 and 𝜌 decay model with crowding out = 0.85,

Fig. 4.7a–b). Both the spatial decay models with and without crowding out predicted higher

proportions (0.79 [95% CI: 0.70–0.82] and 0.79 [95% CI: 0.70–0.82], respectively) compared

to the true proportion of individuals using water sites (0.62 [95% CI: 0.50–0.74], Fig. 4.7c).

Results from the crowding out model were used to estimate the influence of taps/boreholes

on water site usage. The crowding out parameter 𝛼 had a value of 0.10 (95% CrI: 0.01–0.28),

suggesting that taps/boreholes could reduce the probability of water site usage by 10%. However,

this magnitude would only be achieved for individuals living directly next to taps/boreholes.

The overall influence of taps/boreholes was estimated by comparing the crowding out models

with taps/boreholes to a counterfactual situation in which the probability of tap/borehole visits

for all individuals was set to zero. Based on this comparison, the overall effect of taps/boreholes

on water contact was small; only 3/452 individuals (< 1%) were predicted to have no water

contact due to the presence of taps (95% CI: −31–32 individuals). On average, water contact

probability was reduced by 1% due to the presence of boreholes (Fig. 4.7c).

As shown in Fig. 4.7d, these reductions were unevenly distributed across the population.

Individuals with the highest predicted water site usage probability also tended to have the highest

tap/borehole usage probabilities and thus experienced the largest benefits. The spatial decay

models with and without crowding out produced similar positive correlations between water

site usage and tap/borehole usage probabilities (𝜌 = 0.21, 95% CI: 0.12–0.29 and 𝜌 = 0.22,

95% CI: 0.13–0.31, respectively) whose 95% CI contained the correlation observed in the data

(𝜌 = 0.15, 95% CI: 0.06–0.24).

4.3.13 Crowding Out of Water Site Usage Duration by Tap/Borehole Usage

The crowding out analysis for water site usage was repeated for water contact duration. Here,

the crowding out model was a decay model in which water contact duration was reduced by the

probability of using taps/boreholes. Based on ELPD, it was found that the joint model performed
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slightly, but not significantly, better than the no crowding out model (EPLD difference = −0.6,

SE = 1.5, 𝑝 = 0.68). The correlations between the predicted durations with the true durations

Figure 4.8. Crowding out effects of taps/boreholes on water site usage duration. (A) True du-
ration of water contact in min per day versus estimated durations predicted using the crowding
out and no crowding out models. The crowding out* model represents a model in which the
water site usage duration of individuals was estimated under a counterfactual scenario where
no taps/boreholes were present. (B) Reductions in water site usage duration by duration decile.
(C) Tap/borehole usage probability estimated from spatial decay model, (black line) and ten dif-
ferent hypothetical scenarios/interventions where the estimated probability tap/borehole usage
was increased by 10–100%-points for all individuals from the observed level. (D) Estimated
reductions in water site usage duration under the scenarios shown in (C).
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were almost identical in the models with and without crowding out (𝜌𝑠 = 0.39 in both cases).

A comparison of 𝛼 between the crowding out models for any water site usage versus site

usage duration suggested that the crowding out effect was stronger for duration than for any

usage. We observed a 31% reduction in water site duration (95% CrI: 0.02–0.63) versus a

10% reduction (95% CrI: 1%-28%) in the probability of any site usage. The estimated overall

effect of taps/boreholes on water site usage was moderate; without the presence of taps, water

site duration was 1.8 min per person per day (95% CrI: 0.9–4.2), while with taps/boreholes,

the respective duration was 1.4 min (92% CrI: 0.7–2.8). This represented a reduction of

0.4 min or 22% (Fig. 4.8b). Almost all reductions (> 95%) were concentrated among the

individuals in the top three declines of water site usage duration (Fig. 4.8b). We evaluated

the impact of hypothetical WASH interventions in which the probability of all individuals

to use taps/boreholes was increased by 10–100%-points (Fig. 4.8c). Using the spatial decay

model with crowding out (Eq. 4.5), we show that reductions in water site usage from higher

tap/borehole access decrease exponentially, with barely any further reductions beyond a 50%-

point tap/borehole usage probability increase (Fig. 4.8d). The reason for these results is that

people with the highest durations of water contact already had the highest levels of tap/borehole

usage (Fig. 4.8c). Therefore, the potential to further crowd out their open water contact with

safe water supplies was limited.

4.3.14 Population-Wide Predictions of Water Site Usage

Building footprints of 5177 structures in Pakwach were extracted from Google–Microsoft Open

Buildings Dataset (see Fig. 4.9a for an example). Assuming that each structure represented a

household, we predicted the probability of water site usage for all households (Fig. 4.9a). The

model we used for this purpose has been shown to predict the true number of individuals using

water sites in the test dataset with high accuracy (𝜌 = 0.86; Fig. 4.7b). Applying this model

to all households in Pakwach, we estimated population-level site usage. The results suggest

that there were substantial differences in site usage, with one site predicted to be used by 61

households and another by 740 households (Fig. 4.9b).
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Figure 4.9. Population-wide predictions of water site usage. (A) Detail of Google–Microsoft
Open Building dataset in Pakwach. Black crosses indicate the centroids of each building used
to calculate the distance between every building and all local water sites. (B) Population-wide
predictions of the water site usage probability for each household based on 5177 buildings in
Pakwach. Blue triangles show all local water sites mapped by the SchistoTrack study, and
their respective sizes indicate the number of households predicted to use each site (multiple
assignments possible).

4.3.15 Minimum Data Needs

The minimal number of individuals and observation days needed for the spatial decay models

was established by holding out individuals, entire GPS logger days, and districts. When using

the entire dataset of sampled individuals (mean number of GPS observation days = 11), the

performance of the model plateaued after just 15 individuals were used to model the decay

function (Fig. 4.10a). Using a random subset of all days (1–6 days) revealed that even with only

one day of data, model performance for predicting water site usage was similar to when all six

days were used (Fig. 4.10b). Holding out entire districts revealed that the data from Buliisa was

best able to predict the decay function for the two held-out districts (auROC = 0.910, 95% CI:

0.905–0.916), Mayuge and Buliisa had similar performance for predicting the held-out districts

(auROC Mayuge = 0.859, 95% CI: 0.853–0.866 and auROC Pakwach = 0.859, 95% CI: 0.851–

0.866). As the decay functions of Mayuge and Pakwach were more similar (Fig. S4.8), training

the model on Mayuge performed best at predicting Pakwach, and vice versa (Fig. 4.10c).

4.3.16 Robustness to Sampling Frequency

We also assessed the impact of GPS logger sampling frequency (2 min) on the parameter

estimates in the global spatial decay model predicting water site usage (Fig. S4.10). The
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Figure 4.10. Minimum data needs for estimating the spatial decay of water site usage. (A) au-
ROC by number of individuals used to estimate the spatial decay. (B) auROC by number of
GPS logger days used to estimate the spatial decay. (C) Evaluating performance on held-out
districts. For (A–B) estimation was performed by randomly sampling from the training data
three times and evaluating the auROC on held-out test data. For (C), models were estimated
on the full data from one district and performance was evaluated separately for each of the
held-out districts and for both held-out districts jointly (overall columns). The x-axis label in
(C) indicates the held-out district.

results are largely robust to removing low-duration events. For the intercept 𝑏0, we found that

the estimated credible interval contains the ground truth value until all events < 5 min were

removed (Fig. S4.10a). For the exponential decay parameter 𝑏1, we found that even when

removing all events < 10 min, the estimated credible interval still contains the ground truth

value of 𝑏1 (Fig. S4.10b).

4.3.17 Representativeness

Sufficient data from GPS loggers was retrieved for 452/584 participants. To investigate dif-

ferences between individuals with and without missing data, their demographic characteristics

were compared in Table 4.5. Additionally, comparisons were made between individuals selected

for the GPS logger study (𝑛 = 584) and SchistoTrack participants from the same villages who

were not selected for the GPS logger study (𝑛 = 379). Participants with sufficient GPS data

were significantly more likely to be male (50.0%) compared to those with missing data (40.9%,

𝑝 = 0.01). There was a relationship between gender and missingness because both gender distri-

bution and missingness varied across districts. In Mayuge where 65.2% (86/132) of all missing

participants were located, 39.4% (126/320) of all SchistoTrack participants in the GPS logger

study villages were male, whereas in Pakwach, the district with the lowest missingness, 53.4%

were male (149/320). Participants with GPS data did not significantly differ from those with
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Table 4.5. Comparison of participants with sufficient GPS data versus those with missing data
and the wider SchistoTrack study population.

Variable GPS complete
(n= 452)

GPS missing
(n= 132)

Not selected
for GPS (n=
379)

P-value

Gender = male (%) 226 (50.0) 54 (40.9) 149 (39.3) 0.01
Age ≥ 15 years (%) 254 (56.2) 75 (56.8) 214 (56.5) 0.99
Water contact = yes (%) 231 (51.1) 58 (43.9) 169 (44.6) 0.12
Occupation (%) 0.19

none 259 (57.3) 84 (63.6) 225 (59.4)

fishing 41 (9.1) 10 (7.6) 24 (6.3)
fishmongering 22 (4.9) 2 (1.5) 19 (5.0)
farming 93 (20.6) 31 (23.5) 73 (19.3)
other 37 (8.2) 5 (3.8) 38 (10.0)

Distance to the closest water
site (m) (Mean ± SD)

278.6 ± 270.0 298.0 ± 198.4 289.1 ± 256.3 0.65

Household drinking water
source = improved (%)

226 (50.0) 33 (25.0) 160 (42.2) <0.01

District (%) <0.01
Mayuge 105 (23.2) 86 (65.2) 129 (34.0)
Buliisa 164 (36.3) 27 (20.5) 132 (34.8)
Pakwach 183 (40.5) 19 (14.4) 118 (31.1)

Notes: For binary variables, number and proportions [N (%)] are shown and Chi-squared tests were used to test
for group differences. For all normally distributed continuous variables, mean and standard deviation (mean ± sd)
are shown and two sample 𝑡-tests were performed to test for group differences. For all non-normally distributed
variables, median and interquartile range (median [IQR]) are shown and Kruskal–Wallis Rank Sum Tests were
performed to test for group differences.

missing data or the broader SchistoTrack study population in terms of age, self-reported water

contact, occupation, and distance to the closest water site (Table 4.5). However, participants

with GPS data reported higher use of an improved household drinking water source compared

to those with missing data (50.0% versus 25.0%, 𝑝 < 0.01).

4.3.18 Wear Non-Compliance

As the mean number of GPS observation days varied by district (Pakwach = 13, Buliisa = 12,

Mayuge = 11), wear compliance was investigated using district-specific terciles of the number

of GPS points per person per day (Table S4.2). This allowed us to understand whether relative

levels of compliance varied based on socio-demographic characteristics. We found no significant

differences across any of the included variables, except for age. The proportion of those aged
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≥ 15 years was higher (64.7%) in the tercile with the highest number of points compared to the

bottom tercile (51.0%, 𝑝-value = 0.04), indicating that adults may have been more compliant.

There was no evidence that device failure due to water contact introduced information bias as

the number of observation days was similar between participants with and without GPS-derived

water contact (11.2 versus 11.0 days, 𝑝 = 0.72).

4.4 Discussion

Currently, strategies are lacking for implementing the 2022 WHO schistosomiasis control

guideline which recommends improved safe water supplies and the reduction of contact with

infected water sources for long-term schistosomiasis control and prevention [6, 52]. This chapter

presented evidence regarding the extent to which the presence of public safe water infrastructure,

specifically taps/boreholes, could crowd out the use of infested freshwater sources. Using data

from wearable GPS loggers on 452 participants across 12 rural villages in Uganda, we derived

measures of contact with open water sites and taps/boreholes. We built statistical models to

predict which sites and taps/boreholes were likely to be used. The results suggest that the

presence of taps/boreholes can potentially reduce the probability of individuals to contact water

sites by 10% and the duration of water site usage by 31%.

We demonstrate that spatial decay models provide a useful extension of gravity models for

modelling individual-level behaviours. Gravity models incorporating spatial decay functions

have primarily been applied with aggregate human mobility data to predict population-level

movements or disease transmission [26, 29, 41]. Here, simple spatial decay models were

demonstrated to accurately predict individual-level water contact on small spatial scales, despite

the considerable complexity of human behaviour. A global decay model with household distance

to water sites as the sole covariate achieved an auROC of 0.882. When using spatial decay

models trained on one district at a time to predict water site usage in held-out districts across

Uganda, we found that model auROCs were > 0.8 across held-out districts. More complex

spatial decay models with varying decays by district or mobility were not able to exceed the

model performance of the global model on unseen test data. Importantly, we demonstrate that

a global decay model requires very limited data inputs. Sensitivity analyses revealed that GPS
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data from 15 individuals over ten observation days would be sufficient to estimate the spatial

decay function of water site usage. Besides the GPS data, locations of all local water sites

and participant households would need to be mapped using handheld GPS devices or tablets.

Publicly available building footprint data or population data from WorldPop [51, 53] could be

utilised with our models to obtain population-wide predictions of water site usage. As spatial

decay models require limited field data collection and were shown to be generalisable across

different settings in Uganda, they may represent a versatile tool for obtaining large-scale water

contact information.

This chapter focused on predicting which specific water sites and taps/boreholes people used

and found that household distance and mobility, not demographics, were the major influencing

factors. This highlights the importance of spatial proximity and movement patterns in guiding

the choice of water sites and taps/boreholes visited. The relationships between both distance

and mobility with water site usage were non-linear. Water site and tap/borehole usage decayed

exponentially with very low usage levels observed beyond 1-kilometre distance from the house-

hold. Usage of taps/boreholes decayed faster with distance than usage of water sites. For human

mobility, we found that it was non-monotonically related to water site and tap/borehole usage

patterns; individuals in the lowest mobility tercile used water sites and taps/boreholes closer to

their household locations compared to those in the middle tercile. However, this relationship

did not hold for the highest mobility tercile where greater distances were only observed for ages

20–40, coinciding with the years of highest water contact (see Chapter 3).

The ability of spatial decay models in accurately predicting tap/borehole usage (auROC of

0.867) enabled us to devise a decay model with crowding out to estimate reductions in water site

usage due to tap/borehole presence. Our results suggest that taps/boreholes reduce open water

contact by 10%. However, this magnitude is mostly hypothetical as it would materialise only if

taps/boreholes were built next to the household. The estimated overall effect of taps/boreholes

on water site usage was small (< 1% reduction) as individuals lived a median of 251m from the

closest tap/borehole. Our findings suggest that taps/boreholes primarily reduce the duration of

open water contact rather than eliminating water site usage completely. The spatial decay model

with crowding out estimated that the presence of taps/boreholes may reduce usage duration of
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water sites by up to 31%. At the observed coverage levels, it was estimated that taps/boreholes

decreased the average open water contact usage duration of individuals from 1.8 min per day to

1.4 min, a 22% reduction. The effect sizes observed here may be taken to represent an upper limit

of crowding out effects. Participants in the GPS sample lived close to water sites and had high

levels of tap/borehole usage. This should have enabled us to observe large crowding out effects

if they existed, but the effects we found were moderate. In the Bayesian model selection, spatial

decay models with crowding out did not significantly outperform models without crowding

out, indicating that observed water contact patterns could be successfully predicted without

incorporating information on safe water supplies. Despite the moderate crowding effects, the

results may still be encouraging, particularly considering that a series of randomised controlled

trials—the WASH benefits and SHINE trials which were conducted across Bangladesh, Kenya,

Mali, and Zambia—found no positive effects of WASH interventions on clinical outcomes [54–

57]. In future trials, GPS data collection could be used to obtain information on water contact,

latrine, and tap/borehole use. By overcoming reporting and social desirability biases in self-

reported data, GPS data could help to understand whether WASH interventions achieve the

desired behaviour change.

By identifying at-risk populations for open water contact at fine spatial scales, decay models

could be deployed as support tools in national control programmes. There has been an increas-

ing emphasis on precision mapping, i.e. mapping infection prevalence at low administrative

levels, such as the sub-district level, to support more appropriate MDA treatment strategies that

minimise over- and under-treatment [58–60]. However, interim results from the Schistosomiasis

Oversampling Study by the Coalition for Operational Research on Neglected Tropical Diseases

highlighted that heterogeneity can extend beyond the sub-district level [61]. The working group

found that satellite and environmental data were not necessarily effective for finding at-risk

areas and suggested collecting data on local fishing activities and recreational water contact

of children as proxies for local risk [61]. To obtain water contact information, especially for

large-scale programmes, the cost and data collection efforts required for using decay models

with GPS loggers could possibly be lower than conducting water contact surveys. Our results

suggest that GPS logger studies would need a minimum of only 15 people to predict water con-
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tact patterns. Beyond MDA, spatial decay models could guide implementation of multifaceted

control interventions. Recommendation five of the 2022 WHO schistosomiasis control guide-

line recommends the deployment of “WASH interventions, environmental interventions (water

engineering and focal snail control with molluscicides), and behavioural change interventions as

essential measures” alongside MDA to reduce transmission [6]. For mollusciciding, the WHO

previously outlined three strategies: area control, where all local waterbodies are treated; focal

control, where treatment is limited to waterbodies commonly used for human water contact

activities; and radius control, where all waterbodies within 500m of human settlements are

treated [62]. Population-wide spatial decay models can support effective deployment of focal

and radius control by identifying the most widely used water sites. Although the WHO guideline

suggests 500m as the threshold for radius control, the optimal distance threshold may depend

on the setting and resources available. We estimated that in SchistoTrack, the probability of

individuals using water sites at 500m household distance was still 11%, suggesting that 500m

may be too low of a threshold to capture all water contacts. Spatial decay models can be used

as decision support tools to guide locally appropriate treatment radii. Similarly, decay models

could identify population subsets with the highest water contact for targeting with behaviour

change strategies.

Most prior studies on mobility within the context of schistosomiasis have leveraged math-

ematical models to demonstrate the role of human movement in long-range transmission [23,

24]. Proxies such as building footprints or call detail records data were previously used to infer

mobility patterns [63, 64]. However, in rural African settings, limited cell tower infrastructure

constrains spatial resolution to kilometres. This study demonstrates the value of GPS data

for understanding mobility and small-scale exposure behaviour for environmentally transmitted

diseases.

4.4.1 Limitations

There are several limitations of this chapter. We focused on water contact at sites mapped as

part of the SchistoTrack study. Despite efforts to comprehensively map all water sites used

by individuals of the study villages, some may have not been captured. Additionally, deriving

170



D.Phil. Thesis—Fabian Reitzug

reliable water contact frequency measures from GPS data remains challenging. We used a

relatively small buffer of 30m to avoid overestimation of water contact duration, but with

such a site buffer, during an individual’s water contact, some GPS points could fall outside

the buffer. This makes it challenging to segment data into distinct events for counting water

contact frequency. As the GPS loggers were motion activated to save battery, we were unable

to distinguish between periods of immobility versus wear non-compliance of participants. This

study prioritised water contact duration over frequency, as duration better reflects the intensity of

water contact. More sophisticated trajectory analysis could try to derive water contact frequency

measures from GPS data in the future. Another limitation is that we focused exclusively on

water contacts at water sites. Consequently, we found that individuals with fishing occupation

had lower water contact durations compared to those engaging in fishmongering as fishermen

spend extended periods of time away from the shoreline, which is not captured as water contact

in this study. By contrast, fishmongers have high durations of water contact because they

typically wash and prepare fish at water sites. The focus on water sites was motivated by

their relevance for infection as the risk of cercarial exposure is highest in shallow water while

contact with deeper water (> 10m) may represent less of a risk as snail density is low in these

zones [65]. Finally, this study focused on spatial dependencies in human behaviour but did not

investigate the temporal dynamics. Over the two weeks of the study, few individuals had clear

regular site and tap/borehole visitation patterns which could have been amenable to spatio-

temporal modelling. Due to the small-scale nature of this study, we did not include climate or

hydrological variables, as there would have been insufficient variation in these patterns to make

meaningful inferences about how they influence water contact patterns. Future work conducted

at larger geographic scales where GPS data are collected via smartphones to enable longer

tracking periods could help to understand monthly or seasonal water contact patterns and the

influence of environmental variability. For our purpose of building a spatial decay model, we

showed that with 452 individuals, even a single day of GPS data was sufficient to capture the

spatial dynamics of water contact at a single time point.
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4.4.2 Conclusion

This chapter underscores the importance of household distance and mobility for determining

water site and tap/borehole usage patterns. Using GPS data from 452 participants in Uganda,

spatial decay models were shown to effectively predict individual water site and tap/borehole

visitation behaviour. While communities need to be involved in WASH planning to ensure

uptake and usage of new infrastructure, spatial decay models offer practical applications for

informing optimised WASH infrastructure placement, to reduce open water contact. The results

highlight the need for multifaceted, spatially informed strategies to address schistosomiasis

transmission risk.
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4.5 Supplementary Information

Supplementary Tables

Table S4.1. Number of the GPS points per participant per day by district (median, 25th, 75th

percentile).

Tercile Median Q25 Q75

Mayuge

bottom 135 87 145

middle 186 171 192

top 226 211 241

Buliisa

bottom 142 106 170

middle 221 204 237

top 292 269 315

Pakwach

bottom 236 210 247

middle 277 269 281

top 310 296 326

177



C
hapter

4.
G

ps
Logger

D
ata

A
nalysis

Table S4.2. Comparison of participants by number of recorded GPS points, grouped into terciles.

GPS data points per day (tercile)

Variable Bottom (n= 151) Middle (n= 151) Top (n= 150) P-value

Gender = male (%) 70 (46.4) 76 (50.3) 80 (53.3) 0.48
Age ≥ 15 years (%) 77 (51.0) 80 (53.0) 97 (64.7) 0.04
Occupation (%) 0.29

none 99 (65.6) 84 (55.6) 76 (50.7)
fishing 8 (5.3) 17 (11.3) 16 (10.7)

fishmongering 6 (4.0) 9 (6.0) 7 (4.7)
farming 28 (18.5) 29 (19.2) 36 (24.0)
other 10 (6.6) 12 (7.9) 15 (10.0)

Household drinking water
source = improved (%)

75 (49.7) 76 (50.3) 75 (50.0) 0.99

Distance to the closest site
(m) (Mean ± SD)

269.0 ± 247.2 283.7 ± 281.2 283.1 ± 281.8 0.86

Distance to the closest
tap/borehole (m) (Mean ±
SD)

400.3 ± 431.2 392.6 ± 390.4 419.3 ± 425.0 0.85

Radius of gyration (m)
(median [IQR])

361.9 [165.0,
1298.6]

371.3 [149.0, 976.2] 325.2 [128.4,
1003.8]

0.56

Notes: All participants were grouped into district-specific terciles (bottom, middle, top) based on their average number of GPS points per day. For binary variables, number and
proportions [N (%)] are shown and Chi-squared tests were used to test for group differences. For all normally distributed continuous variables, mean and standard deviation
(mean ± sd) are shown and two sample 𝑡-tests were performed to test for group differences. For all non-normally distributed variables, median and interquartile range (median
[IQR]) are shown and Kruskal–Wallis Rank Sum Tests were performed to test for group differences.
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Supplementary Figures

Figure S4.1. GPS logger in waterproof pouch and with attached lanyard.

Figure S4.2. GPS loggers with water damage after fieldwork.
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Figure S4.3. Comparison between power law decay, exponential decay, and a Hill function
in approximating the global distance decay in water site usage. Black dots represent the true
proportion of individuals using water sites, calculated in 100m increments.
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Figure S4.4. Proportion of water site contact and tap/borehole usage episodes by time of day
and district.
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Figure S4.5. Density plot of the district-specific mobility terciles.

Figure S4.6. GAMs of distance to frequented water sites and taps/boreholes over age and
district-specific mobility tercile. Given that only 18 GPS logger participants were > 60 years
old, which was too small a sample for modelling mobility-tercile-specific trends over age, we
restricted the sample to participants aged ≤ 60 years (𝑛 = 434) in this figure.
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Figure S4.7. Comparison of spatial decay estimated via a logistic regression model versus a
spatial decay model with exponential decay function.

Figure S4.8. Spatial decay models of water site usage incorporating a district-specific intercept
and mobility-tercile specific exponential decay.
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Figure S4.9. Spatial decay models of tap/borehole usage incorporating a district-specific
intercept and exponential decay.

Figure S4.10. The impact of removing short-duration water site and tap/borehole usage events.
The threshold value indicates the cut-off value below which events were removed.
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Chapter 5

Conclusion

5.1 Thesis Aims and Contributions

5.1.1 Aims

This thesis has furthered our understanding of the roles of current water contact, safe water

supplies, and human mobility for the epidemiology of S. mansoni, using data from the baseline

of the SchistoTrack cohort in rural Uganda. The key questions answered here were: (1) What

are the associations between current water contact with Schistosoma infection in the published

literature? (2) What are the associations between current water contact and infection in Schis-

toTrack, and are key determinants of water contact and infection different? (3) How do human

mobility and safe water supplies influence water site usage behaviours?

5.1.2 Main Contributions

The significance of this work lies in enhancing our understanding of fine-scale human-environmental

drivers of schistosome transmission. Major findings from each chapter were as follows:

• Having any self-reported current water contact and engaging in domestic, recreational

or domestic water contact was associated with higher odds of schistosome infection in a

meta-analysis of 101 studies. There was no evidence that higher water contact duration or

frequency increased the odds of infection compared to lower duration or frequency contact

(Chapter 2). However, as no standardised exposure measurement tools exist and studies
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mostly provided unadjusted effect sizes, reported associations are at risk of confounding.

• In the SchistoTrack study, water contact patterns were highly age- and gender-dependent,

and the correlation between current water contact and infection was low. Key determinants

of current water contact and infection were largely distinct (Chapter 3).

• Spatial decay models using GPS logger data from SchistoTrack were able to predict

individual-level water site and tap/borehole usage. Human mobility influenced water site

usage patterns. It was estimated that tap/borehole usage could reduce the probability of

water site usage by 10% and water site usage duration by up to 31% (Chapter 4).

These results can inform mathematical modelling and measurement of human behaviour in

schistosomiasis research, and guide monitoring and control efforts.

5.2 Summary of Main Findings

5.2.1 The Complex Relationship Between Water Contact and Schistosome Infection

5.2.1.1 Associations between current water contact and infection were weak

In SchistoTrack, the association between self-reported current water contact and infection status

was very weak. Even before adjustment for any covariates, there was almost no association

(𝜌𝑠 = 0.03). This contrasted with the systematic review meta-analysis in Chapter 2 which found

that having any water contact was associated with 3.14 times higher odds of being infected.

However, the quality of included studies was largely poor as determined via a critical appraisal,

sample sizes were mostly modest and participants were not randomly sampled, and studies did

not use validated exposure measurement tools. There was evidence for setting-specific effects,

as a positive association was found only in villages with ≥ 10% infection prevalence and in

settings with dry-season climates. SchistoTrack provided evidence that there was no particularly

strong influence of current water contact on schistosome infection status in rural villages. This

was based on multiple pieces of evidence: the raw correlations between water contact and

infection were very low, age groups with high infection prevalence had comparatively low

levels of water contact and using Bayesian variable selection, it was found that having any
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current water contact was not selected as a predictor variable for infection status. Models

which allowed for the selection of a rich set of water contact variables to predict infection did

not outperform models without any information on individuals’ water contact activities. This

analysis also included occupation, such as fishing, which is typically indicative of very high

levels of exposure. In SchistoTrack, such occupational water contact was associated with both

having current water contact and infection status, whereas reporting any water contact was not,

illustrating that sustained, intense levels of exposure due to occupation cannot be equated with

other water contact activities which are less frequent and shorter duration.

5.2.1.2 Water contact and schistosomiasis hotspots

To guide WHO policy, there has been an interest in understanding where and why transmission

hotspots exist [1]. The Schistosomiasis Consortium for Operational Research and Evaluation

(SCORE) has evaluated the effects of long-term effects of repeated MDA [2]. In SCORE studies,

higher levels of water contact have been suggested as one explanation for the persistence of

hotspots despite repeated MDA [3, 4]. In the meta-analysis as part of this thesis, associations

between water contact and infection increased with community-level prevalence and only existed

in settings with dry-season climates. This may point to the relevance of environmental factors

as intervening factors in the relationship between water contact and infection. In villages with

higher infection prevalence and during the dry season, the likelihood of becoming infected

due to a given water contact may be higher if Schistosoma parasite presence is higher in these

settings [5, 6]. However, studies linking snail variables to human infection outcomes have found

mixed results, pointing to the complex human-environmental interactions involved [7–9]. This

thesis adds nuance to the role of water contact in hotspot settings by differentiating between

the likelihood of individuals having water in a hotspot versus the likelihood of individuals’

water contact resulting in infection. For the latter, the meta-analysis results suggest that the

likelihood of a given water contact resulting in infection is elevated in higher prevalence settings.

At the same time, there was no evidence in SchistoTrack that levels of water contact were

higher in villages with higher infection prevalence (≥ 50%) compared to moderate prevalence

villages (10–49% prevalence, all by Kato–Katz). While other studies in Côte d’Ivoire and

Kenya reported that water contact was higher in persistent hotspot villages [3, 4], multivariable
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regression models in Chapter 3 found no evidence for such differences based on village-level

prevalence in SchistoTrack.

5.2.2 Key Determinants of Water Contact

5.2.2.1 Age-specific water contact patterns

Children are a designated at-risk group in the latest WHO schistosomiasis control guidelines and

are assumed to have the highest water contact levels in mathematical transmission models [10–

12]. By contrast, in the SchistoTrack study, the proportion of individuals aged < 15 years

reporting any water contact was low. We also found that recreational water contact, which has

previously been called an important source of exposure [13], was low. In SchistoTrack, water

contact patterns of all household members were reported by the household head. It remains

possible that recreational water contact was under-reported as such activities are mostly done

by children without the presence of adults. At the same time, we triangulated survey and direct

observation data which also captures recreational water contact and found that the representation

of age groups was similar across both data sources, indicating no evidence for systematic

underrepresentation of the water contact behaviours of children.

5.2.2.2 Gender-specific water contact patterns

For individuals aged < 15 years, water contact patterns between males and females were

similar, suggesting that gender was a relevant determinant of water contact patterns only in

adults. Among adults (aged ≥ 15 years), there were clear gender differences in the composition

of their water contact activities. Female adults predominantly engaged in domestic water

contact, whereas males were mostly involved in occupational water contact. In multivariable

statistical models, we found that the gender effect varied based on which type of water contact

was predicted. Females had significantly higher odds of domestic water contact compared to

males while having significantly lower odds of occupational and recreational water contact.

These gendered activity patterns did translate into differences in different intensities of water

contact. Females had a higher number of weekly trips to water sites, as would be expected with

activities such as getting drinking water or washing laundry, while males had a higher overall

duration as they engaged in long-duration activities such as fishing.
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5.2.2.3 Impact of human mobility on water contact

Using individual-level GPS logger data, there was a non-linear relationship between water

contact and human mobility. For people in the lowest mobility tercile, distances to frequented

water sites tended to be consistently lower compared to individuals in the middle and top

terciles, indicating that low mobility range may have constrained which water sites they visited.

However, the relationship was non-monotonic as people in the highest mobility tercile did not

visit sites further away than people in the middle tercile. Across age, the highest mobility

was observed for individuals between 20–40 years, which coincided with the period of highest

water contact. This thesis provides possibly the first evidence for the relevance of fine-scale

individual-level mobility for water contact patterns. The findings do not support the idea that

highly mobile individuals necessarily have more water contact. This finding aligns with studies

on larger-scale mobility patterns which suggested that higher mobility is not necessarily related

to higher infection risk or transmission [14, 15]. Nonetheless, mobile individuals likely play a

key role in long-distance transmission, whereas low-mobility individuals may have their water

contact sites significantly constrained by their limited movement range.

5.2.3 Environmental and Spatial Factors

5.2.3.1 Distance to waterbodies

Distance to waterbodies was found to be a significant factor influencing water contact patterns,

as demonstrated by both survey and GPS data. The self-reported data where individuals were

assigned to the closest site revealed a linear decline in self-reported water contact. The analysis

using the more granular GPS data, where contacts with all local, field-mapped water sites

were recorded, showed an exponential decay in water contact over distance. The assumption

frequently made in survey data that individuals only use the closest site is mostly warranted as the

GPS data revealed that 85% of the total site usage duration was with the closest site. There was

strong evidence that water site usage decayed rather quickly over distance; in survey data 80% of

all individuals with water contact were found to live within 430m of waterbodies, while in GPS

data, 84% of used sites were within 500m of individuals’ households. Compared to water site

usage, tap/borehole usage was even more focal with 89% of individuals using taps/boreholes
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within 500m of the household. These findings confirm the strong spatial dependence of water

contact and tap/borehole usage on small spatial scales.

5.2.3.2 Water site characteristics and contamination

There was some evidence that characteristics of water sites influenced water contact patterns.

In SchistoTrack, people who lived close to beaches, swamps or ponds were more likely to self-

report water contact compared to those living closest to a river. Among spatial decay models,

whether a self-reported water contact activity matched one or more of the activities typically

performed at the site was one of the better-performing models, but was not selected as the best

model. There was evidence that local presence of faecal contamination at water sites influenced

water contact. Individuals were less likely to self-report water site usage when the closest water

site was contaminated. This could reflect true site avoidance behaviour whereby contamination

reduces the activities performed at the site. Alternatively, this may also be driven by social

desirability bias if individuals are less likely to report visiting sites in areas with substantial

contamination. Analyses which used variables for whether snails or infected snails were present

at a water site found that these factors did not influence self-reported water contact, as would be

expected, given that snail abundance and infection rates are not easily observable by individuals.

5.2.4 WASH Factors

5.2.4.1 Safe sanitation infrastructure

There was no strong evidence that access to safe sanitation reduced open water contact within

SchistoTrack. Among the two sanitation-related variables included in the Chapter 3 analysis—

presence of a home latrine, and household distance to the closest public latrine—only the

latter was selected for inclusion in the water contact model. Individuals living closer to public

latrines had higher odds of water contact. This association was likely confounded by distance

as individuals with high water contact typically lived close to waterbodies as well as public

latrines which were mostly built close to lakes. The absence of strong associations between

public sanitation and water contact could be driven by comparatively high population-wide

private sanitation coverage across all study areas. Among participants, 85% reported having

a home latrine. At the same time, 85% coverage may not be sufficient for private sanitation
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to suppress transmission as near-universal coverage and usage may be required for sanitation

to reduce water contact and cercarial exposure [13, 16]. (In this thesis, only coverage, but not

usage, of sanitation infrastructure was measured.)

5.2.4.2 Safe water supplies

From survey-based variables of safe water access and use—household usage of taps/boreholes

as the main drinking water source, household purification of drinking water, and distance to

the closest tap/borehole—none were selected for inclusion. Using the GPS logger data, we

were able to obtain individual-level measures of tap/borehole usage. The descriptive results

showed that among people using either water sites, taps/boreholes, or both, there was a negative

association between site usage and safe water supply usage. This was affirmed using spatial

decay models with crowding, where it was estimated that the presence of taps/boreholes reduced

the probability of water site usage by 10% and duration of usage by 31%. The findings of the

survey-based analysis versus the GPS logger analysis are not necessarily contradictory as survey-

based measures of safe water supplies were collected at the household level and did not reflect

individual-level usage behaviours. The magnitude of the crowding-out effect reported here

represents an upper bound of the influence of taps/boreholes on open water contact as the model

selection results provided no strong evidence for preferring the decay models with crowding out

over models without crowding out.

5.3 Implications for Water Contact Measurement, Modelling, and study

design

5.3.1 Water Contact Measurement

Currently, there exists no standardised tool for water contact measurement in the context of

schistosomiasis [16]. This thesis highlights that appropriate measurement tools and units

(any water contact, frequency, duration) are dependent on the specific research question or

implementation context.
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5.3.1.1 Any water contact

Chapter 3 demonstrated that self-reported measures of any water contact, collected by asking

respondents for their typical activities, can yield measures which adequately capture community-

level water contact patterns, as shown via triangulation with direct observation data. Moreover,

broad umbrella categories, such as grouping water contact into recreational, occupational,

and domestic water contact, were useful for capturing age- and gender-related trends in water

contact. As age, gender, and occupation were significant predictors of water contact, collecting

basic demographic data may be a feasible way of obtaining proxy measures of having any water

contact in control programmes, or for designing exposure reduction interventions that target

specific at-risk groups for water contact. At the same time, as we show in Chapter 3, measures of

current water contact for individuals are not necessarily indicative of their infection outcomes.

5.3.1.2 Water contact frequency and duration

Frequency and duration measures are important for understanding dose-response relationships

between exposure and infection [17, 18]. In the systematic review in Chapter 2, there was no

clear evidence that higher intensity of water contact was linked to higher odds of infection,

based mostly on self-reported data. Statistical heterogeneity, as measured by the 𝐼2 statistic,

increased with higher frequencies, indicating a potential challenge in adequately capturing

more frequent water contact across different studies with different measurement tools. Within

the SchistoTrack data, self-reported measures provided internally consistent information on

frequency and duration. Fishing, for instance, had the highest average duration while bathing

and getting drinking water had the shortest durations, which aligns with what has been found

elsewhere using direct observation [19]. However, as it is difficult for participants to accurately

estimate frequencies and durations, these measures are likely to be somewhat noisy. Direct

water contact observation data and GPS-derived contact promise to provide more reliable and

consistent estimates. Observation data has been mostly used to obtain aggregate-level measures

of frequency and duration because it is challenging to derive individual-level metrics from such

site-level data as this requires identifying individuals across data entries, usually hand-written

by different observers without homogeneous spelling of names. This thesis demonstrates that by

combining GPS data with water site location data, individual-level measures of water contact
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duration can be derived. Importantly, this data can capture short contact events, which is

important given that in observation studies, daily durations of water contact in endemic settings

were typically low (between 4–12 min per day) [19, 20]. Obtaining frequency estimates from

GPS data at water sites is more challenging compared to duration because the GPS locations

of an individual may oscillate between being inside and outside the buffer area of a site when

a small buffer size is chosen. It thus remains difficult to identify what constitutes a single

versus multiple separate contact events, but reliable classification of distinct events is needed

to estimate frequencies. It should also be noted that measures of duration or frequency may

capture slightly different aspects of water contact across measurement tools. In observation

data, a water contact is usually defined as being at the water site, even when individuals are

not immersed in water, whereas in GPS data, individuals need to be inside a narrowly defined

buffer, which means that the duration of water contact will typically be shorter in GPS data.

Due to these differences, one may not expect to have perfect agreement between durations in

direct observation and GPS data. Even for duration and frequency, there is not necessarily one

superior measurement tool; surveys, direct observation, and GPS loggers all may be useful,

depending on the research question.

5.3.2 Modelling Water Contact

5.3.2.1 Predictability and determinants of water contact

The results from Chapter 3 show that having any water contact can be successfully predicted

using socio-demographic and environmental variables. Despite the complexity of human

behaviour, models predicting any water contact had a high model performance (auROC = 0.777),

which exceeded that of models predicting Schistosome infection status (auROC = 0.693). The

interrelatedness of determinants of water contact and infection calls for more careful modelling

approaches that try to disentangle the pathways through which risk factors operate. For instance,

in the case of gender, it has been found that males were at higher risk than females for infection,

but it is unclear whether this is due to differences in susceptibility, different exposure patterns, or

other factors [18, 21]. In SchistoTrack, females were more likely to have water contact, but only

after occupation was accounted for. At the same time, gender was not selected as a predictor
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for the infection status model. Based on these results, it seems likely that gender differences in

infection may be explained by differences in water contact behaviour as opposed to biological

differences in susceptibility. More work, especially using directed acyclic graphs, is needed to

clarify the roles and relationships between risk factors of water contact and infection.

5.3.2.2 Using water site distance for predicting water contact

Due to the strong household distance dependence of water contact behaviour, spatial models

provide a powerful tool for modelling water contact behaviour using simple mathematical tools.

As shown in Chapter 3, distance measures were not interchangeable as water contact decayed

over household water site distance but not school distance to water sites. Village centre distance

was found to truncate waterbody distances of the households furthest away from sites. In spatial

decay models, the usage of water sites and taps/boreholes and their respective usage duration

could be predicted based on household distance. Spatial decay models require only low numbers

of GPS traces to estimate the decay parameters and predict population-wide site usage patterns.

5.4 Implications for Control Strategies

The findings from this thesis have implications for major control strategies: MDA, exposure

reduction interventions, environmental control, and safe water provision.

5.4.1 MDA

Due to the weak association between water contact and infection in SchistoTrack, having any

water contact cannot serve as a simple proxy measure for identifying infected individuals

across different contexts. While the meta-analysis showed a significant relationship between

water contact and infection, the SchistoTrack data as well as another study from Uganda found

no significant association [22]. This heterogeneity in exposure-infection associations support

continued use of community-wide mass drug administration in highly endemic areas regardless

of individuals’ water contact patterns. This thesis also provides a justification for including adults

in MDA as they had the highest levels of water contact and are thus at risk of being (re-)infected.

The SchistoTrack study focused on households very close to the shoreline (< 2.2km) and thus

investigated trends in water contact on very small spatial scales. This is smaller than scales

194



D.Phil. Thesis—Fabian Reitzug

typically used in operational research and implementation. For instance, the Schistosomiasis

Oversampling Study led by the Global Schistosomiasis Alliance focused on < 5km waterbody

distance as the relevant distance metric [23]. As we focused on highly local scales, it remains

possible that clear relationships between water contact and infection exist at larger spatial

scales and that individuals without water contact could be treated less frequently to reduce

overtreatment while focusing medicines on the most at-risk segments in endemic areas. This

is particularly important given current funding shortfalls for continued MDA in Uganda and

elsewhere [24].

5.4.2 Exposure Reduction Interventions

In the past, behaviour change strategies have focused on children due to their high levels of

infection [25, 26]. The high levels of water contact in adults demonstrated in SchistoTrack justify

programmes that focus on reducing exposure across all age groups. However, as different groups

had different water contact patterns—males mostly occupational water contact and females and

children domestic water contact—exposure reduction interventions are unlikely to succeed

unless they target specific behaviours of these groups. For instance, safe water infrastructure

will likely reduce the water contact of female adults and children, but will likely not impact

water contact of male adults. Equitable interventions that target major sources of water contact

for all different demographic groups are required to achieve community-wide reductions in

exposure.

5.4.3 Environmental Control

Spatial decay models provide novel opportunities for more effectively implementing mollus-

ciciding or other environmental control approaches. With comparatively little GPS data and

limited field mapping of households and water sites, these models can predict population-level

water contact patterns and help to identify priority water sites for control efforts. The WHO

guidelines state that when using focal control, all water sites used by the community should be

treated, assuming the individuals use mostly sites within their village [27]. GPS data provides

human mobility information and thus yields information on how far individuals travel to visit
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sites, providing ground-truth information on the radius in which sites need to be treated to

control environmental sources of exposure for a given community.

5.4.4 Safe Water Supplies

The spatial decay models with crowding out presented in this thesis can provide estimates of the

impact of safe water supplies on community water contact. The results show that taps/boreholes

are more likely reducing, rather than completely eliminating, open water contact. However, as

shown in the meta-analysis, even relatively low levels of water contact (having any water contact),

may be sufficient to become infected especially for children, illustrating the challenge for WASH

to sufficiently suppress open water contact. Chapter 4 also demonstrated how such spatial decay

models can predict the impact of potential interventions that increase access to safe water

supplies. This exercise revealed that in the SchistoTrack study communities, individuals living

close to water sites typically had high levels of access to safe public water supplies, meaning

that there was limited potential of building public infrastructure to further reduce exposure.

Even under scenarios with drastic increases in tap/borehole access, community-level water

contact durations did not approach zero. Thus, public water supplies may not be sufficient for

controlling schistosomiasis. Private water supplies have shown more promise. A study from St

Lucia provided evidence for the benefits of private water supplies as the installation of household

water supplies significantly reduced schistosome prevalence, incidence, and intensity whereas

prevalence increased in comparison areas where only public standpipes were provided [28].

5.5 Generalisability

The focus of this thesis was on understanding water contact patterns in sub-Saharan Africa.

In the systematic review, 77% of all included studies were from the African continent, while

the SchistoTrack study focused exclusively on three Ugandan districts. While the meta-analysis

found an association between water contact and infection, there was no such relationship in

SchistoTrack. This raises questions about whether the findings from SchistoTrack generalise to

other geographical settings in Uganda and beyond. SchistoTrack found no significant impact of

socio-demographic factors, such as religion or tribe, on water contact. However, these factors
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are region-specific, and further research is needed to assess their role in other contexts. As

Uganda is endemic to S. mansoni, this thesis focused on water contact patterns as a determinant

of S. mansoni infection. However, especially for S. haematobium, where environmental con-

tamination occurs via open urination, the key risk groups and behaviours are likely different,

as urination by children, and boys in particular, may be a key contributor to S. haematobium

transmission [29]. Immune responses may also differ between S. mansoni and S. haemato-

bium [30], calling for longitudinal studies on exposure and infection for both S. mansoni and

S. haematobium to draw general conclusions about the role of water contact in schistosome

infection.

5.6 Thesis Limitations

This thesis has several limitations. In the systematic review and meta-analysis in Chapter 2,

statistical heterogeneity was high across studies, reflecting both heterogeneous measurement and

study settings included. It was difficult to ascertain the reliability of water contact measurement

across studies, especially as tools and recall periods varied widely. The literature searches in

Chapter 2 were limited to peer-reviewed studies which excluded the grey literature. Studies were

also limited to the English language, excluding studies published in other languages, especially

Portuguese and French.

SchistoTrack data showed that even within the same participants, agreement between GPS-

derived and self-reported water contact was low. Different measurement tools can capture

different facets of water contact behaviour. Surveys best measure typical water contact patterns;

direct observation or GPS loggers measure water contact in a specific time period that may not

always be representative of an individual’s general water contact patterns.

This thesis focused on the role of water supplies for water contact behaviour. While a few

sanitation variables were included in Chapter 3, a detailed investigation of the influence of

sanitation and open defecation behaviour on water contact was beyond the scope of the thesis.

This thesis focused on providing a quantitative understanding of the roles of human water

contact and behaviour in schistosome transmission. However, qualitative data collection is

needed to better characterise the social and cultural factors that shape water contact, as quan-
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titative data alone is insufficient to provide a rich understanding of the local context. On Lake

Albert, qualitative research demonstrated how common beliefs, such as lake water having a

better taste or faeces acting as bait for fish, shape the WASH behaviour people engage in [31].

Consequently, future studies should deploy qualitative research alongside quantitative data col-

lection to understand the drivers of behaviour and design effective control interventions that

address people’s needs and concerns.

SchistoTrack data captured water contact patterns and mobility across three diverse geo-

graphic districts. However, as water contact-infection associations differed from the meta-

analysis findings, it is unclear to which extent the findings apply to other regions and countries.

The findings here are in line with a study by Exum et al. in Uganda [22] yet whether this

indicates country- or region-specific water contact patterns requires further investigation.

The SchistoTrack study was extremely fine-scale and thus focused on understanding water

contact and infection gradients at very local scales in high endemicity settings. Studies at larger

geographic scales are required to investigate gradients at larger scales. Other research, such as

the Schistosomiasis Oversampling Study, considered 5 km relevant for water contact and Exum

et al. included households more than 10 km away from waterbodies [22, 23]. While we found

no obvious gradients of infection over waterbody distance, it is highly likely that such gradients

exist at larger scales.

While this study used Bayesian variable selection to identify the key human-environmental

drivers of water contact, these factors may be specific to our study setting. For instance,

infection prevalence has been shown to be higher for males than females in some studies but

not others [21], potentially driven by different gendered water contact patterns across settings.

This study included different religious and tribal groups and found no significant impact of

these factors on water contact, but more research is needed to understand how setting-specific

the impacts of—for instance—demographic factors are.

SchistoTrack included detailed human-environmental data but lacked infection history and

immunological data. Therefore, this thesis was unable to account for individuals’ immune

responses, the timing of first infection, longevity of infections, co-infections, and detailed

immune responses. There are outstanding research questions around the build-up of immunity
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due to past infection, the relevance of cumulative exposure, and changes in individuals’ water

contact over time, for instance, measured via repeated water contact surveys, that are beyond

the scope of the available SchistoTrack data.

5.7 Conclusion and Future Directions

This thesis focused on analysing the roles of current water contact, safe water supplies, and

human mobility for the epidemiology of S. mansoni in rural Uganda by synthesising the existing

literature and using original field data from the SchistoTrack study. The results highlight the

complex relationship between water contact and infection, identified the distinct determinants

of water contact and infection, and provided evidence for the relevance of human mobility and

the role of safe water supplies for water contact behaviour. As the drivers of schistosomiasis are

multifaceted—encompassing human-behavioural, environmental, socio-demographic, and bio-

logical factors—this thesis provides a template for how interdisciplinary research drawing upon

field data can interrogate the relevance of these factors in the epidemiology of schistosomiasis.

The results provide a novel set of assumptions about the roles of water contact, human

behaviour, and safe water supplies for schistosomiasis. (1) Having current water contact is not

necessarily a strong predictor of infection outcomes. (2) Age-specific water contact patterns

do not approximate age-specific infection rates. (3) Immunity is likely very important for

determining age-dependent infection prevalence. (4) Gender differences in water contact are

largely due to gender differences in occupational and domestic water contact patterns. (5) Water

contact is not linearly related to mobility. (6) Site usage behaviours can be approximated using

exponential decay functions. (7) Public water supplies can reduce duration of open water

contact but are unlikely to completely crowd out open water contact.

Findings from this thesis open up multiple avenues for future research. Here the focus was

demonstrating that GPS loggers can estimate and predict small-scale patterns of water contact.

GPS data from loggers may potentially also capture larger-scale movements. This is important

because mobile and migrant populations are often not reached by MDA programmes but can play

important roles in transmission, especially in near-elimination settings [32, 33]. Environmental

changes and human displacement due to climate change are another emerging field of research
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where GPS movement data, combined with high resolution-remote sensing data, could enable

research to understand the cascading effects of climate change on schistosome transmission

across spatial scales. However, a key challenge for this research is on how to upscale GPS

studies. The limited battery life, high cost, and fieldwork needed to implement such studies

are currently a barrier for larger-scale and longer-duration studies. Therefore, experimentation

with alternative technologies, such as smartphones—which are ubiquitous even in low-income

countries—will be needed.

This thesis provides evidence that current water contact and infection status are largely

unrelated. There is a need for longitudinal exposure-infection studies which incorporate multiple

exposure assessment points to understand persistence and variability in water contact over time.

Ideally, such studies would combine exposure histories with immunological assessments to

confirm the relative importance of acquired immunity versus exposure for infection dynamics,

as this thesis suggests a potentially important role of acquired immunity for determining infection

outcomes over the life course.

This thesis enables the development of mathematical schistosome transmission models with

more realistic assumptions about human behaviour. While current models such as SCHISTOX

or SchiSTOP assume that exposure peaks in school-age children [12, 34], this thesis suggests the

need for models that incorporate a peak of exposure in adults and possibly stronger within-host

regulating mechanisms, such as acquired immunity. The crowding out analysis for water site

usage supports the future development of individual-based models as an adequate framework

for studying water contact and infrastructure development, and if extended to re-infection,

then also more granular schistosome transmission modelling. There also is a need for meta-

population models that draw upon the empirical patterns of water site usage and human mobility

observed here to better understand where individuals are getting infected and, if possible, to

assign individuals to the site of infection acquisition. It should be investigated whether such

meta-population models, when incorporating human behavioural data and site-level variation

in environmental risk, provide more adequate accounts of the small-scale heterogeneities in

village-level prevalence observed in studies like SchistoTrack and elsewhere [35–37].

To summarise, the public health implications of this thesis lies in characterising risk be-
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haviours and identifying potential strategies to reduce open water contact. Such information is

needed to complement MDA with additional control strategies including WASH and behaviour

change which are needed as MDA alone is unlikely to achieve elimination as a public health

problem [34]. In SchistoTrack, adults had some of the highest levels of water contact, high-

lighting the importance of population-wide MDA and exposure reduction interventions. As

water contact of male adults was mostly occupational, multifaceted strategies that target both

domestic activities of women and children and occupational fishing and agriculture of men are

needed. Spatial proximity was a strong driver for both open and safe water contact; therefore

interventions which increase the relative accessibility of public safe water supplies compared

to water sites may reduce exposure. At the same time, safe water supplies are unlikely to

completely suppress open water contact. Understanding water contact patterns can also help

to divert contacts to times outside of peak cercarial shedding hours, treat commonly used

sites with molluscicides, and identify optimal locations for building public water infrastructure.

This thesis highlights the importance of detailed behavioural data for better understanding the

epidemiology and non-pharmaceutical approaches to schistosomiasis control.
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