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Abstract

Schistosomiasis (Bilharzia) is a focal water-borne neglected tropical disease (NTD) caused by
trematodes of the genus Schistosoma. In Africa schistosomes utilise freshwater intermediate snail
host species of Bulinus and Biomphalaria. As with many NTDs, fine-scale data on schistoso-
miasis is sparse, needing application of advanced quantitative methods to better infer spatial dis-
tributions and demographic associations. This thesis applies quantitative methods to interpolate
available epidemiological data from Lake Malawi to explore in greater detail the spatial and tem-
poral epidemiology of intestinal schistosomiasis (IS) and urogenital schistosomiasis (UGS), and
their snail hosts. Through applying spatial and dynamical modelling methods to a newly emerg-
ing focus of IS, concurrent within an area for UGS, peak age infection prevalence was shown
to be 11 years of age for IS and IS/UGS co-infection, considerably younger than that previously
reported. Using remote sensing, geostatistical analyses provided insight into snail species abun-
dance along the shoreline, noting environmental associations, revealing substantial heterogeneities
but identifying snail hotspots. To better understand transmission by replicating the previous age
profiles, an age-structured SEIRS (Susceptible-Exposed-Infectious-Recovered-Susceptible) trans-
mission model was constructed; with age-related immunity and the effect of exposure to snail
populations considered, followed by an optimisation of the model parameters. From this, “snail
exposure” was judged not to be simply due to proximity to “snail habitat”. These findings add
quantitative insight to the Lake Malawi shoreline setting and may later support World Health Or-
ganisation guideline development in criteria for interruption of schistosomiasis transmission. Fu-
ture work should consider information from longitudinal cohorts, rather than cross-sectional stud-
ies, when attempting to model and quantify fine-scale transmission heterogeneities and putative
impacts of current control interventions.

iii



Acknowledgements

I would like to thank my supervisors, Professor Christopher Jewell, Dr Claudio Fronterre, Profes-
sor Russell Stothard and Dr Michelle Stanton for their support throughout this thesis. They have
provided many online Teams and in person meetings, with many hours of their time including
short notice meetings, extended meetings and plenty of positive encouragement. I would like to
especially thank Professor Christopher Jewell for his continuous support throughout the thesis. He
has supported me in every part of the thesis, analysis, coding and writing. I would like to thank
Dr Claudio Fronterre and Dr Michelle Stanton for their specialist help on geospatial aspects of the
thesis, including coding and writing up. Also, I would like to thank Professor Russell Stothard for
his guidance and support on the study of schistosomiasis, writing up of the thesis and the many
fish and chips lunches.

Thank you to my mother, Alison Reed, for supporting me while working on this thesis despite long
periods away from home with many long phone calls which I am entirely grateful for and never
letting me give up despite how hard times felt. I would also like to mention, my late grandad Peter
Rodney Reed, who always since I was born gave his advice, like-minded ideas and supported me,
which in turn provided me with the determination and drive to pursue this thesis. I would like
to thank the rest of my family including my sisters, grandma, aunties and uncle for their support
throughout my PhD. I would like to mention my best friend of 27 years, Faye Harrison, who has
been there throughout my PhD and most of my life. In addition, I am extremely grateful for my
partner Joseph Powell for supporting me throughout this thesis, providing many well-earned rest
breaks, encouragement, cooked meals and phone calls.

In addition, I am grateful for the funding provided by the Medical Research Council.

Computer code and data

All code written in this thesis is accessible on Zenodo: Chapter 2: DOI: 10.5281/zenodo.10455702,
Chapter 3 DOI: 10.5281/zenodo.10410622 Chapter 4 DOI: 10.5281/zenodo.10424064

iv

https://zenodo.org/records/12109795?preview=1&token=eyJhbGciOiJIUzUxMiJ9.eyJpZCI6ImQxYjU2ZTc1LTAzNDYtNDM2ZC1hOTEyLTE4ZjkyNGYwYzU3OCIsImRhdGEiOnt9LCJyYW5kb20iOiI0MzZiNmRjN2UxNjg1ODlkNjMyN2UzMTQ4NmI3MTM3ZiJ9.jmKNNQNW-foc9dYzrU0g0M2fBvSn9GhC-G5DfcNvHBU7-vdpszxsLhXtzCT2HA_POB1PH5mNLn0QORgjotT7Cg
https://zenodo.org/records/12107464?token=eyJhbGciOiJIUzUxMiJ9.eyJpZCI6ImUxMWMzMzUyLTVjMjAtNDRkNS1hYjU2LTc4OTBhYjdkODgzYSIsImRhdGEiOnt9LCJyYW5kb20iOiJiOTY4ZDhlZjUzM2ZhYzY1YzYwN2Y0NTYwNTk2MDZkMCJ9.CmH0eqaxq5iS5KuxyUrJNRb5vITF2Q0-CAFyvWQOikS7_rtwGqWmgVclKL-3Dbp24rYu73o5KMa78KW-SYJCRA
https://zenodo.org/records/10424064?token=eyJhbGciOiJIUzUxMiJ9.eyJpZCI6Ijc2NTg2ODE3LThiMzctNGFkMi04YzcwLWZmYjMwMmY2MDI0OSIsImRhdGEiOnt9LCJyYW5kb20iOiJkMWM0MzdkMjdjM2ZjMmJkMWVkODZkNjBlOWY4MjJlNiJ9.rd_C_5Y9JGoYujopRf-lAbo-gr8sj1TC5F1CgzG7nwkMUaJhCsES0P77UxBM93dOFyT_30Q2WcKQvRWPAeGFOA


List of Figures

1.1 The geographical distribution of schistosomiasis worldwide, reproduced from Weer-
akoon et al. under a CC-BY license [12]. . . . . . . . . . . . . . . . . . . . . . . . 3

1.2 Lifecycle of schistosomiasis, reproduced from CDC et al. under a CC-BY license
[15]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Schematic diagrams showing the different diagnostic methods available for the
diagnosis of S. mansoni and S. haematobium, reproduced from Christiansen, 2018
under a CC-BY license [37] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.4 A map of Malawi and its surrounding countries. Northern, Central and Southern
regions of Malawi shown on map, reproduced from United Nations, 2014 under a
CC-BY license [74] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

1.5 The average district prevalence (%) of S. haematobium from survey data collected
in Malawi. Dots colours stand for prevalence (%): Blue (< 1.0), Yellow (1.0−9.9),
Orange (10.0 − 19.9), Red (20.0 − 49.9), Brown (> 50.0). Red circle is approx-
imate location of Mangochi district. Reproduced from Global Atlas of helminth
infections, 2018 under a CC-BY license [80]. . . . . . . . . . . . . . . . . . . . . 28

1.6 The average district prevalence (%) of S. mansoni from survey data collected in
Malawi. Dots colours stand for prevalence (%): Blue (< 1.0), Yellow (1.0− 9.9),
Orange (10.0 − 19.9), Red (20.0 − 49.9), Brown (> 50.0). Red circle is approx-
imate location of Mangochi district. Reproduced from Global Atlas of helminth
infections, 2018 under a CC-BY license [80]. . . . . . . . . . . . . . . . . . . . . 29

1.7 A diagram of the process of policy makers and modellers working together to
implement improved control programmes in practice, reproduced from Behrend et

al, 2020 under a CC-BY license [92] . . . . . . . . . . . . . . . . . . . . . . . . . 33

v



1.8 A compartment model representing the stages of infection; Susceptible (S), Infec-
tion (I), Recovered (I). µ represents the birth rate, λ represents the rate from S to I
and γ represents the rate from I to R. . . . . . . . . . . . . . . . . . . . . . . . . . 36

1.9 Compartment model reproduced from Kanyi et al. under a CC-BY license [111]. . 39

2.1 Locations of the schools sampled in the primary study, a) red markers represent
a repeat of the previous collection (80 SAC sampled), green markers represent
collections newly known to Biomphalaria intermediate host locations (60 SAC
sampled) and yellow markers represent rapid mapping of the shoreline (30 SAC
sampled), b) map indicating the location of Mangochi District. . . . . . . . . . . . 45

2.2 Heatmap showing the age of the children vs school prevalence for a) S. mansoni

[T+] b) S. haematobium c) co-infection [T+]. Order of schools on heatmap was
by highest to lowest prevalence ranking for S. mansoni and showed that there was
considerable heterogeneity between the schools. Further, S. haematobium shows a
similar pattern of prevalence among SAC to co-infection. . . . . . . . . . . . . . . 51

2.3 Thin plate spline functions of the log odds ratio of Schistosoma infection by age in
SAC for (a) S. mansoni [T+] (b) S. haematobium (c) coinfection [T+]. A general
trend towards SAC between 9 and 12 years old having the highest odds of infection
was seen in all cases, though that for UGS is not statistically significant. . . . . . . 53

2.4 Smoothed age-specific prevalence of Schistosoma association with age of SAC for
each school. a) S. mansoni [T+] b) S. haematobium C) co- infection [T+]. Light
Green: Chikomwe, Yellow: Chipeleka, Dark Blue: Koche, Purple: Makumba,
Orange: Mchoka, Brown: MOET, Red: Mtengeza, Black: Ndembo, Light Blue:
Samama, Pink: St Augustine 2, Dark Green: St Martins, Mauve: Sungusya. . . . . 54

3.1 Primary dataset collected data a) Map of Malawi in dark blue. Red crossed: study
area; black line: prediction points. Parasitological surveys: b) Primary school
locations along the shoreline. Malacological surveys: c) observed Biomphalaria

snails; d) observed Bulinus snails. . . . . . . . . . . . . . . . . . . . . . . . . . . 62

3.2 Raster plot of extracted covariate data. a) Rainfall (mm), b) Daytime LST (◦C), c)
Evapotranspiration d) NDVI. e) Soil types for southern part of Lake Malawi shore-
line, adapted from Dijkshoorn et al. 2016 [157]. Black line shows the shoreline
template where covariate values were extracted from. . . . . . . . . . . . . . . . . 64

vi



3.3 Scatter plot of absolute snails numbers observed at sampling points versus distance
along the shoreline in km. a) Biomphalaria sp; b) Bulinus spp.. . . . . . . . . . . . 68

3.4 Environmental data values extracted for each prediction point. a) LST(◦C) b)
rainfall (mm) c) evapotranspiration d) Normalised Difference Vegetation Index
(NDVI) e) Luvisolic (LV) f) Planosolic (PL). e and f are compared with Gleyso-
lic(GL) soil type. Gap in shoreline is due to the removal of CM soil type. . . . . . 69

3.5 Trace plot of Bayesian log-linear Gaussian Process fitted model in Stan a) Biom-

phalaria sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

3.6 Posterior plot for each species a) Biomphalaria sp.; b) Bulinus spp. Red shaded
area represents the 80% credible intervals (CrI) and the extent of the curve is the
95% CrI. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

3.7 2D mean GP prediction of number of snails log(µ̂i) along the shoreline (km) a)
Biomphalaria sp. b) Bulinus spp. Legend: Blue to red stands for exponential
of mean GP number of snails. Dot size represents the standard deviation of the
posterior predictive distribution at each vertex. . . . . . . . . . . . . . . . . . . . . 74

3.8 A collection of location photographs representative of the variation of the Southern
part of Lake Malawi. Pictures taken during field work studies carried out during
August 2022 showing the east side of southern part of the Lake Malawi shoreline
(unpublished). Pictures taken by Alexandra Juhasz. . . . . . . . . . . . . . . . . . 76

4.1 SEIRS transmission compartment model with SAC age ranging from 6 to 15.
Transmission parameters are discussed in the text. . . . . . . . . . . . . . . . . . . 86

4.2 Logistic age-specific loss of immunity function, 1−ρ (age) versus age. For κ = 0.5

days−1, C = 11 years, age ranging between 6 and 15 years. . . . . . . . . . . . . . 91

4.3 Distance (10km) of school from lake shoreline versus snail abundance distance.
Black line:ϕ = 4.48km, red line: ϕ = 106. . . . . . . . . . . . . . . . . . . . . . . 94

4.4 Multi-βs with space effect model optimisation prevalence prediction (black line)
and observed prevalence (black against age of SAC carried out for each species a)
Biomphalaria sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . 96

4.5 Single-β with space effect model optimisation prevalence prediction (black line)
and observed prevalence (black against age of SAC carried out for each species a)
Biomphalaria sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . 97

vii



4.6 Multi-βs with no space effect model optimisation prevalence prediction (black
line) and observed prevalence (black) against age of SAC carried out for each
species a) Biomphalaria sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . 98

4.7 Single-β with no space effect model optimisation prevalence prediction, π̂as (black
line) and observed prevalence (black against age of SAC carried out for each
species a) Biomphalaria sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . 99

4.8 Confidence intervals for parameter estimates for Biomphalaria sp. models with
SAC prevalence at age 6 set as α set to zero a) Multi-βs space, Biomphalaria sp.
b) Multi-βs no space, Biomphalaria sp. c) Single-β space d) Single-β no space . . 104

4.9 Confidence intervals for parameter estimates for Bulinus spp. models with SAC
prevalence at age 6 set as α set to zero a) Multi-βs space b) Multi-βs no space c)
Single-β space d) Single-β no space . . . . . . . . . . . . . . . . . . . . . . . . . 105

4.10 Contour plot showing non-identifiability issue between γ and β parameters . . . . 107

A.1 Lancaster University Ethics approval 2020 . . . . . . . . . . . . . . . . . . . . . . 146

B.1 Raw data plot showing the age of the children vs school prevalence for a) S.

mansoni [T+], b) co-infection [T+] and c) S. haematobium. Order of schools on
heatmap was by highest to lowest prevalence. . . . . . . . . . . . . . . . . . . . . 148

B.2 Raw data plot showing the age of the children vs school prevalence for a) S. man-

soni [T-], b) co-infection [T-] and c) Order of schools on heatmap was by highest
to lowest prevalence. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

B.3 Heatmap showing the age of the children vs school prevalence for a) S. mansoni

[T-] and b) co-infection [T-]. Order of schools on heatmap was by highest to lowest
prevalence. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

B.4 Smooth age term plot for the GAM of Schistosoma association with age of SAC
for a) S. mansoni [T-] and b) co-infection [T-]. . . . . . . . . . . . . . . . . . . . . 152

B.5 Gam of Schistosoma association with age of SAC for each school. Invlogit of
predicted fitted values versus age, a) S. mansoni [T-] and b) co-infection. Light
Green: Chikomwe, Yellow: Chipelekera, Dark Blue: Koche, Purple: Makumba,
Orange: Mchoka, Brown: Moet Red: Mtengeza Black: Ndem-bo, Light Blue:
Samama , Pink: St Augustine 2, Dark Green: St Martins, Mauve: Sungusya . . . . 153

viii



B.6 Probability of the being positive with Schistosoma versus the average residuals, a)
S. mansoni [T+], b) S. haematobium and c) co-infection [T+]. . . . . . . . . . . . . 154

B.7 Probability of the being positive with Schistosoma versus the average residuals a)
S. mansoni [T-] and b) co-infection [T-]. . . . . . . . . . . . . . . . . . . . . . . . 155

B.8 Water contact rate calculated using the questionnaire answers from the SAC col-
lected in the primary study. Age of SAC versus their school A) Enter Lake rate B)
Swim Lake rate C) Drink late rate D) Water Contact rate. . . . . . . . . . . . . . . 156

B.9 Water contact rate versus prevalence of Schistosoma infection for each school.
Legend: Different symbols represent each school . . . . . . . . . . . . . . . . . . 157

C.1 Flow diagram showing the stages for constructing the 200 predictions along the
shoreline. a) A 2-D linestring was drawn by hand following the shoreline as shown
by Google Satellite imagery, b) the linestring was re-sampled to 4000 equally
spaced vertices and resampled them to 200 equally intervals (red dots), c) ob-
served sampling site locations (blue dots), d) each observed sampling site location
was snapped to its nearest vertex (green dots). . . . . . . . . . . . . . . . . . . . . 159

C.2 The distance along the line from the origin (northwest-most vertex) to each of the
snapper observed sampling site locations for each species a) Biomphalaria sp. b)
Bulinus spp.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

C.3 Scatterplot of environmental data extracted versus distance along shoreline (km)
for prediction points . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

C.4 Biomphalaria sp. observed sample points extracted environmental data a) Rainfall
(mm) b) LST (°C) c) NDVI (index) d) Evapotranspiration (index) e) Soil type . . . 162

C.5 Bulinus spp. observed sample points extracted environmental data. a) Rainfall
(mm) b) LST (°C) c) NDVI (index) d) Evapotranspiration (index) e) Soil type . . . 163

C.6 Observed points values for each covariate centred and scaled a) Biomphalaria sp.
b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165

C.7 Histograms of prediction points values for each covariate centred and scaled. a)
Biomphalaria sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . 166

C.8 Comparison of covariance functions for above snails mean abundance for a) Biom-

phalaria sp. b) Bulinus spp. against distance along (km). . . . . . . . . . . . . . . 168

ix



C.9 Comparison of covariance functions for number of snails predicted for a) Biom-

phalariasp. b) Bulinus spp. against distance along (km). . . . . . . . . . . . . . . 169

C.10 Prior against the posterior distribution a) Biomphalaria sp. b) Bulinus spp. . . . . . 171

C.11 1D mean GP prediction (exponential covariance function) of number of snails
log(µ̂i) against distance along the shoreline (km) a) Biomphalaria sp. b) Buli-

nus spp. Red crosses: observed number of snails at sampling locations along the
shoreline. Black faded lines : SD of GP values . . . . . . . . . . . . . . . . . . . 173

C.12 Bathymetric water depth (m) data for the shoreline with observed snails locations
plotted a) Biomphalaria sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . 174

C.13 2D plot of depth (m) extracted for the prediction points with 100km buffer. . . . . 175

C.14 Depth (m) against distance along (km) the shoreline with 100km buffer and fill in
NAs for the shoreline. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 175

D.1 Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Multi-βs with
space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177

D.2 Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Single-β with
space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178

D.3 Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Multi-βs with
no space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 179

D.4 Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Single-β with
no space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

x



D.5 Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Multi-βs with
space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181

D.6 Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Single-β with
space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182

D.7 Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Multi-βs with
no space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183

D.8 Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Single-β with
no space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 184

D.9 Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Multi-βs with
space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 185

D.10 Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Single-β with
space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 186

D.11 Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Multi-βs with
space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187

D.12 Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Single-β with
no space effect model optimisation prevalence prediction (black line) and observed
prevalence (black against age of SAC carried out for each species a) Biomphalaria

sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 188

xi



D.13 Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species . . . . . . . . . . . . . . . . 189

D.14 Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Parameter
estimates for single-β spatial model for each species . . . . . . . . . . . . . . . . 190

D.15 Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species . . . . . . . . . . . . . . . . 191

D.16 Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Parameter
estimates for single-β spatial model for each species . . . . . . . . . . . . . . . . 192

D.17 Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species . . . . . . . . . . . . . . . . 193

D.18 Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Parameter
estimates for single-β spatial model for each species . . . . . . . . . . . . . . . . 194

D.19 Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species . . . . . . . . . . . . . . . . 195

D.20 Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Parameter
estimates for single-β spatial model for each species . . . . . . . . . . . . . . . . 196

D.21 Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species . . . . . . . . . . . . . . . . 197

D.22 Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Parameter
estimates for single-β spatial model for each species . . . . . . . . . . . . . . . . 198

D.23 Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species . . . . . . . . . . . . . . . . 199

D.24 Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Parameter
estimates for single-β spatial model for each species . . . . . . . . . . . . . . . . 200

D.25 Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Confidence in-
tervals for parameter estimates for Biomphalaria sp. models with SAC prevalence
at age 6 set as α set to 0.05 (5%) a) Multi-βs space sp. b) Multi-βs no space c)
Single-β space d) Single-β no space . . . . . . . . . . . . . . . . . . . . . . . . . 201

xii



D.26 Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Confidence
intervals for parameter estimates Bulinus spp. models with SAC prevalence at age
6 set as α set to 0.05 (5%) a) Multi-βs space sp. b) Multi-βs no space c) Single-β
space d) Single-β no space . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 202

D.27 Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Confidence
intervals for parameter estimates for Biomphalaria sp. models with SAC preva-
lence at age 6 set as α set to 0.10 (10%); a) Multi-βs space b) Multi-βs no space c)
Multi-βs space d) Multi-βs no space . . . . . . . . . . . . . . . . . . . . . . . . . 203

D.28 Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Confidence
intervals for parameter estimates for Bulinus spp. models with SAC prevalence at
age 6 set as α set to 0.10 (10%); a) Multi-βs space sp. b) Multi-βs no space c)
Single-β space d) Single-β no space . . . . . . . . . . . . . . . . . . . . . . . . . 204

D.29 Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Confidence in-
tervals for parameter estimates for Biomphalaria sp. models with SAC prevalence
at age 6 set as α set to 0.20 (20%): a) Multi-βs space sp. b) Multi-βs no space c)
Single-β space d) Single-β no space . . . . . . . . . . . . . . . . . . . . . . . . . 205

D.30 Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Confidence
intervals for parameter estimates for Bulinus spp. models with SAC prevalence
at age 6 set as α set to 0.05 (5%): a) Multi-βs space sp. b) Multi-βs no space c)
Single-β space d) Single-β no space . . . . . . . . . . . . . . . . . . . . . . . . . 206

D.31 Biomphalaria sp. Multi-β with space effect model profile likelihood against fit of
model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 207

D.32 Bulinus sp. Multi-β with space effect model profile likelihood against fit of model . 208

D.33 Single-β with space effect model profile likelihood against fit of model a) Biom-

phalaria sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 209

D.34 Biomphalaria sp. Multi-β with no space effect model profile likelihood against fit
of model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 210

D.35 Bulinus sp. Multi-β with no space effect model profile likelihood against fit of model211

D.36 Single-β with no space effect model profile likelihood against fit of model a) Biom-

phalaria sp. b) Bulinus spp. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 212

xiii



D.1 Poster Presented at British Parasitology Conference (BSP) conference 2021. Part
A: Intestinal and urogenital schistosomiasis dual-infection focus: Investigating
age-infection relationships for school-aged children along shoreline of Lake Malawi 214

D.2 Poster presented at BSP conference 2021. Part B: Intestinal and urogenital schis-
tosomiasis co-infection focus: Investigating age-infection relationships for school-
aged children along shoreline of Lake Malawi . . . . . . . . . . . . . . . . . . . . 215

D.3 Post presented at BSP conference 2022. A geospatial analysis of local intermediate
snail host distributions provides insight into intestinal and urogenital schistosomi-
asis within under-sampled areas of Lake Malawi . . . . . . . . . . . . . . . . . . . 215

xiv



List of Tables

1.1 A summary of the Schistosoma species mainly infecting humans within Africa and
their associated intermediate snail hosts and geographical distribution [14]. . . . . 4

1.2 Infection intensity [49] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

1.3 Treatment strategy recommended for schistosomiasis with preventive chemother-
apy [63] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.1 Summary of prevalence of S. mansoni [T+], S. haematobium and co-infection [T+] 52

2.2 Coefficients for the GAM with age smoothing term adjusted for school . . . . . . . 55

3.1 Estimated parameter values, mean and CrI . . . . . . . . . . . . . . . . . . . . . . 73

4.1 Parameters used for the 4 models fitted to Bulinus spp. and Biomphalaria sp. data:
single vs school-specific β, with and without the spatial term . . . . . . . . . . . . 93

4.2 Parameter estimates for multi-βs spatial model for each species . . . . . . . . . . . 100

4.3 Parameter estimates for single-β spatial model for each species . . . . . . . . . . . 101

4.4 Parameter estimates for multi-βs no spatial model for each species . . . . . . . . . 102

4.5 Parameter estimates for single-β no space model outcome for each species . . . . . 103

B.1 Summary of prevalence of S. mansoni [T-] and co-infection [T-] . . . . . . . . . . 151

B.2 GAM with smooth term age adjusted for school . . . . . . . . . . . . . . . . . . . 151

xv



List of Papers

This thesis contains the following appended papers.

Paper 1: Modelling the age-prevalence relationship in schistosomiasis: A secondary data analysis

of school-aged-children in Mangochi District, Lake Malawi. Amber L. Reed, Angus M. O’Ferrall,
Sekeleghe A. Kayuni, Hamish Baxter, Michelle C. Stanton, J. Russell Stothard, Christopher Jewell

• Published in Parasite Epidemiology and Control, doi: https://doi.org/10.1016/j.parepi.2023.e00303

• Contribution: Corresponding author, co-design of statistical analyses, implementation and
interpretation of analysis, drafting of manuscript and use of co-authors feedback.

Paper 2: A geospatial analysis of local intermediate snail host distributions provides insight into

intestinal and urogenital schistosomiasis within under-sampled areas of southern Lake Malawi.

Amber L. Reed, Mohammad H. Al-Harbi, Peter Makaula, Charlotte Condemine, Josie Hesketh,
John Acher, Sam Jones, Sekeleghe A. Kayuni, Janelisa Musaya, Michelle C. Stanton, J. Russell
Stothard, Claudio Fronterre, Christopher Jewell

• Published in Parasites and Vectors, doi: https://doi.org/10.1186/s13071-024-06353-y

• Contribution: co-design of statistical analyses, implementation and interpretation of analy-
sis, drafting of manuscript and use of co-authors feedback.

Paper 3: Development of a dynamical model to enhance understanding of epidemiology of schisto-

somiasis in school aged children Amber L.Reed, J. Russell Stothard, Claudio Fronterre, Christo-
pher Jewell

• Manuscript circulated to co-authors in preparation for submission

• Contribution: co-design of statistical analyses, implementation and interpretation of analy-
sis, drafting of manuscript and use of co-authors feedback.

xvi



List of Abbreviations and acroyms

AIC Akaike Information Criterion

ART Artemisinin

BMLM Bayesian multilevel model

CM Cambisols

CAA Circulating Anodic Antigen

CCA Circulating Cathodic Antigen

CI Confidence Intervals

DoF Degrees of Freedom

DNA Deoxyribonucleic Acid

ELISA Enzyme Linked Immunosorbent Assay

GAM Generalised Additive Model (GAM)

GAM Generalised Linear Model (GLM)

GP Gaussian Process

GL Gleysols

GLOBathy GLObal Bathymetric

GPS Global Positioning System

IgE Immunoglobulin E

ITCZ Inter-Tropical Converge Zone

IS Intestinal schistosomiasis

ISRIC International Soil Reference and Information Centre

KK Kato-Katz

LPDAAC Land Processes Distribution Active Archive Center

xvii



LSTM Liverpool School of Tropical Medicine

LST Land Surface Temperature

LV Luvisols

MDA Mass Drug Administration

MCMC Markov chain Monte Carlo

MLE Maximum Likelihood Estimation

MSE Mean squared error

MODIS Moderate Resolution Imaging Spectroradiometer

NSCP National Schistosomiasis Control Programme

NDVI Normalised Difference Vegetation Index

NTD Neglected Tropical Disease

ODE Ordinary differential equation

1D One-Dimensional

PL Planosols

PLE Penalised Likelihood Estimation

PCR Polymerase Chain Reaction

POC Point-of-care

PSAC Pre-school-aged-children

PZQ Praziquantel

PC Preventative chemotherapy

SAC School-aged-children

S. haematobium Schistosoma haematobium

S. mansoni Schistosoma mansoni

SOTER Soil Terrain Database for Malawi

xviii



SSA Sub-Saharan Africa

SEIRS Susceptible-Exposed-Infected-Recovered-Susceptible

SIR Susceptible-Infected-Recovered

TAMSAT Tropical Applications of Meteorology using SATellite data and ground-based
observations

2D Two-Dimensional

RNA Ribonucleic Acid

UGS Urogenital schistosomiasis

WASH Water, sanitation, hygiene interventions

WHO World Health Organisation

xix



Chapter 1

Introduction

1.1 Thesis overview

The overall focus of my thesis concerns spatial and temporal epidemiology of schistosomiasis
along the shoreline of southern Malawi, Mangochi District. My approach involves developing and
applying different types of statistical models and analyses. This is to understand schistosomiasis
transmission as my goal is to better reveal those infection and disease determinants that might be
amenable to future intervention, and hence aid in improving control.

1.2 Schistosomiasis

1.2.1 Epidemiology overview

Despite intensive successful control programmes, schistosomiasis remains an extensive public
health concern. The disease affects over 240 million people worldwide, its burden dispropor-
tionally affects individuals in sub-Saharan Africa (SSA) where over 90% of infected individuals
reside [1] (Figure 1.1). Schistosomiasis, also known as Bilharzia, is a Neglected Tropical Disease
(NTD), caused by blood fluke worms (trematodes parasites) belonging to the genus Schistosoma

[2]. Moreover, schistosomiasis is a water-borne disease found mostly in tropical and sub-tropical
areas. It is often endemic in poor communities with no access to safe drinking and washing water
and inadequate sanitation and education [1, 3, 4]. It can cause mortality or lifelong severe morbid-
ity within children, adolescents, and young adults, who are most vulnerable to the disease [3, 5].
This then can negatively impact children’s physical development, affect their school performance
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and consequently, impair the social and economic development of endemic areas [3]. Often the
infection distribution of schistosomiasis is considered focal where there are localised communities
with the highest risk to infection. Therefore, identifying and assessing these high-risk areas can
help improve control method implantation and reduce the application of wasteful resources [6].

Schistosomiasis is considered endemic in over 76 other countries worldwide, with a further 700
million people at risk of Schistosoma infection [4, 7]. Although several species of schistosome ex-
ist, the two dominant schistosomes responsible for human infection are Schistosoma haematobium

and Schistosoma mansoni (Figure 1.1). These two species partition into two separate forms of clin-
ical disease, these being either urogenital schistosomiasis (UGS) or intestinal schistosomiasis (IS),
respectively. As schistosomes require obligatory development inside particular species of fresh-
water snails, the geographical disease transmission of the two forms of Schistosoma are typically
restricted by various freshwater snail host habits along the shoreline of Lake Malawi. Of note,
S. mansoni is dependent on freshwater snails belonging to the genus Biomphalaria, whereas S.

haematobium is dependent on freshwater snails belonging to genus Bulinus [2] (Table 1.1). These
two snail genera have very different evolutionary histories but are both fully aquatic and cannot
survive drying out. Of note, there are several species within each genus and not all species transmit
schistosomes [8].

Schistosoma haematobium causes UGS, which was named based on its main symptom hematuria
(blood in urine) and can lead to bladder cancer in some cases [9], as this parasite is a known
carcinogen. In SSA, the World Health Organisation (WHO) has reported that UGS is responsible
for approximately 150,000 deaths due to kidney failure and a further 13,300 deaths by bladder
cancer each year. By contrast, IS is caused primarily by S. mansoni [7], for which the WHO reports
approximately 130,000 deaths per year due to upper and/or lower gastrointestinal hemorrhage
[10]. In the southern region of Malawi, it is well known that schistosomiasis is endemic with S.

haematobium [3], however, only recently have studies reported more cases of S. mansoni occurring
in this region [11].
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Figure 1.1: The geographical distribution of schistosomiasis worldwide, reproduced from Weer-
akoon et al. under a CC-BY license [12].

The main recommended control and treatment by the WHO for schistosomiasis is preventive
chemotherapy (PC) with Mass Drug Administration (MDA) of the drug praziquantel (PZQ). PZQ
was developed in the 1970’s, and provides a safe and cost-effective single dose treatment [3, 5,
7]. Despite the success of this recommended control measure, frequent re-infection of individu-
als occurs leading to regional endemicity [3, 5, 13]. To tackle this, screening programmes have
been introduced, which often lead to retreatment being required to reduce the transmission of the
disease.
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Table 1.1: A summary of the Schistosoma species mainly infecting humans within Africa and their
associated intermediate snail hosts and geographical distribution [14].

Schistosoma species Major Intermediate
host snail host

Geographical distribu-
tion

S. haematobium Bulinus globosus
Bulinus truncatus
Bulinus nyassanus*

Africa
Middle East
Corsica (France)

S. mansoni Biomphalaria pfeifferi
Biomphalaria sudanica

Africa
Middle east
Caribbean
Brazil
South America

* B. nyassanus is not a major host across Africa but in Lake Malawi plays an important role in
deep-water habitats

1.2.2 Transmission and lifecycle

There are several stages in which the transmission of schistosomes occurs (Figure 1.2). The first
stage is when an infected individual urinates or excretes into the freshwater source. The adult
schistosome parasites residing in the mesenteric (S. mansoni) or vesicular veins (S. haematobium)
of the already infected individual produces eggs which are then shed when excreted through faeces
(S. mansoni) or urine (S. haematobium) into the freshwater source [4].

Once the Schistosoma ova (eggs) come into contact with the freshwater source, the ova will hatch
when suitable environmental conditions occur and release miracidia (larvae). The miracidia need to
swim and penetrate a specific freshwater snail (intermediate host) within 32 hours after the Schisto-

soma ova hatch and are released. Once inside the freshwater snail, the miracidia larvae multiply by
shedding their outer ciliated epidermal layer and develop into a mother sporocyst. Germ balls are
accumulated within the mother sporocyst, causing the sporocyst to burst and move to the snail’s di-
gestive gland. These germ balls develop into daughter sporocysts via asexual multiplication (same
sex). Daughter sporocysts are the larvae cercariae which are released in large amounts into the
freshwater source. As this process is carried out by asexual multiplication a large quantity of larval
cercariae can be produced. This process from miracidia larvae entering an intermediate snail host
to the production and release of cercariae into a freshwater source takes approximately a month.
The cercariae being released from the snail are affected by light and temperature, therefore their
emergence times through the day and season (wet or dry) can vary among Schistosoma species
[16, 17].

A human becomes infected with schistosomiasis by the cercariae penetrating their skin when they
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Figure 1.2: Lifecycle of schistosomiasis, reproduced from CDC et al. under a CC-BY license [15].

enter an infested freshwater source [4]. For the transmission to be successful, the cercariae need
to quickly to penetrate the skin of a human host, as they become less infectious overtime; usually
within 72 hours, or they die. The cercariae swim to a human host using its forked tails and shed
them when penetrating the skin of the human host. Shedding their tails, they transform into im-
mature schistosomulae and travel via the blood stream (venous circulation). Then 4–7 days after
penetration the schistosomulae move to the lungs, followed by heart and liver, where they mature
and elongate into more recognizable worms. They then travel back into the blood stream (the por-
tal vein system) and finally reside in the veins of the gastrointestinal or genitourinary tract [4, 15,
16]. This process takes around 4–6 weeks, from the immature schistosomulae to the mature adult
schistosome coming to reside in the veins and producing eggs [17].
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Over approximately a month, the parasite goes from being cercariae at the skin penetration stage
to being a mature adult worm. Schistosomiasis is somewhat unusual when compared to other
diseases, but common to other worm-related infections is that adult worms don’t multiply and
increase in numbers directly. Hence, any increase in adult worm numbers is directly proportional
to exposure events. More unusual in comparison to other trematode flatworms is that schistosomes
are dioecious, having male and females, whereas all other trematodes are hermaphroditic. The
adult schistosomes pair up with the male holding or embracing the female within its gynaecophoric
canal (ventral groove). This close proximity allows the pair to live in perpetual copulation where
females may produce eggs allowing the paired male to fertilize them [16, 17]. The female adult
worm can produce from 200 to 2,000 eggs per day for about 5 years [4]. This leads to the first stage
of the cycle again, where eggs are shed into the freshwater source through excretion or urination.
In the case where eggs are produced but not shed through excretion, these eggs remain in the host
tissue. Over a period of 1 to 2 weeks, the eggs will die within the tissues of the host; this can cause
tissue inflammation and granuloma formation, which can lead the infected host to start displaying
symptoms due to the tissue damage [4, 17]. Consequently, schistosomiasis can cause widespread
severe morbidity and, in some cases, mortality, as just one pair of adult schistosomes can produce
thousands of eggs per day [16].

An essential dependent for the transmission of schistosomiasis is thought to be the successful
survival and fecundity of the adult schistosomes within an infected human host. This is due to
the adult schistosomes being able to survive an average 3–6 years within a human, and in some
reported cases up to 40 years, which is a substantially longer lifespan than within the snails (a
lifespan of weeks) or free-living stages (hours). This longer lifespan gives the most chance that a
infected individual is to infect another individual over this time through water contact and conse-
quently maintain the transmission of schistosomiasis [17, 18].

Another essential dependent for the transmission of Schistosoma species is the location of the
intermediate host snails along the shoreline [5]. There are 400 species of freshwater snails in
Africa, however, only certain species of snail are able to harbour the parasite. The snail species
Biomphalaria and Bulinus allow the parasite to develop inside them [14]. The life cycle of schis-
tosomiasis cannot be completed without the miracidia penetrating a ‘host specific’ snail in order to
develop inside and release the cercariae essential for transmission of the disease. For this reason,
the transmission of schistosomiasis has a focal distribution with heterogeneity where the preva-
lence and intensity of Schistosoma infection can vary among small distances between geographi-
cal areas. Hence, transmission occurs where humans enter a water source near the specific snails
[18]. Therefore, it is the location of snail populations and the successful establishment of the adult
schistosomes within a human host which are the main two determinants for the transmission rate
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of schistosomiasis. There are also multiple factors which can impact the transmission rate of schis-
tosomiasis in a given location, including environmental, socio-economic and human behavioural
factors within communities.

1.2.3 Environment and human behaviour factors

The environment can have an impact on the successful survival and development of schistosomiasis
and snail host populations [18]. Environmental factors include climate change, water temperature
of the water source, development of water dams for irrigation and the introduction of hydroelectric
power [5, 19]. A community’s proximity to water sources can affect the transmission rate at each
geographical location. Factors including land surface and diurnal temperature and maximum rain-
fall have all been considered risk factors for transmission depending on the species of Schistosoma,
and are known to affect the intermediate host geographic distribution [20]. Temperatures around
25◦C increase survival of the snails, whereas above 25◦C can lead to increasing snail deaths. It is
believed that low temperatures have a minor effect on snail populations. The snail habitat can also
be affected by vegetation, the pH and velocity of the water (flow) [18]. Seasonal changes can also
have an effect on the transmission of schistosomiasis, where it is thought the wet season provides
more favourable conditions for the parasite to survive and spread [21].

The socio-economic status of an area can be an indicator of the risk of schistosomiasis transmis-
sion. For example, schistosomiasis is linked to areas in poverty, that lack access to sanitation
facilitates and personal hygiene education. As mentioned earlier, the water contact patterns of an
individual have been found to affect the Schistosoma infection transmission rate; this is because
increasing the frequency and period of water exposure increases the chance that the individual will
come across waters infested with cercariae [4]. In these low-income areas, humans often enter
the contaminated water to take part in swimming, washing, farming, or wading which increases
their risk of schistosomiasis transmission. High risk groups are thought to be children, fisherman,
farmers, irrigation workers and those performing other duties which require regular exposure to
freshwater sources [7]. School-aged-children (SAC) are one of the high-risk groups of the disease,
as they will often spend long periods in the water for enjoyment, cooling off from the heat and
recreationally bathing [22]. Young children are often more stationary in water than older children
and adults: this is considered to have an effect on the efficacy of cercarial penetration. Young
children’s behaviour is often linked to their mother’s water contact patterns; as this follows the so-
ciocultural patterns of the area and can lead to the transmission of schistosomiasis in these children
[23].

The spread of health education among communities on presentation, control, transmission, and
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risk factors has been assessed as vital in reducing the number of cases of schistosomiasis [24].
The construction of infrastructure such as bridges has also been found to have a role in reducing
the transmission of Schistosoma infection, by reducing the number of people entering the infested
water sources in order to cross the river. The construction of toilets in schools is also thought to be
beneficial in reducing the transmission of schistosomiasis [19]. However, developing infrastructure
can cause to migration to urban areas and increased human population movement which has been
found to contribute to the disease being introduced into new geographical areas. This is of concern,
as mentioned before, as travellers and tourists from non-endemic areas are more at risk of severe
symptomatic infection [4].

1.2.4 Pathogenesis and clinical manifestations

Schistosomiasis has three stages of clinical disease progression: early acute, established active
infection and chronic manifestations. These are described in the following sections.

1.2.4.1 Acute disease

The skin penetration from cercariae often causes the first common signs of being infected with
schistosomiasis; this is known as cercarial dermatitis [4]. This is the host immune system giving
an innate immune response and can cause raised lesions which can occur after 3 hours, and a rash
can appear within 7 days post-infection. This latter occurs more often in travellers and migrants
visiting endemic areas. However, often the host does not display symptoms until a few weeks
later, as symptoms are thought to be caused not by the adult worms themselves but by the eggs
they produce, laid by the female worms. These are often not excreted and remain in the intestines
or liver (IS) or in the bladder and urogenital system (UGS). The adult worms do not cause an
immune response in the host, as the worms are thought to adapt by acquiring host antigens and
masking their own antigens [25].

Travellers or immigrants who travel to endemic areas, often display acute schistosomiasis also
known as Katayama syndrome. They are exposed to the disease at a later stage in life than expected
for individuals living in endemic areas. Clinical symptoms can take weeks or even months to
appear after the individuals are infected; this is due to the time taken from the cercariae penetrating
the skin to the Schistosoma worm maturating and the production of eggs which causes symptoms
[17]. Clinical symptoms can include fatigue, malaise, fever, abdominal pain, diarrhoea, headache,
myalgia (pain in muscle), eosinophilia, and a non-productive cough which can last up to 2–10
weeks [5, 25]. Most recover, however, in some cases further symptoms can occur from persistent
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disease such as a generalised rash, abdominal pain, diarrhoea, weight loss, enlargement of the
liver (hepatomegaly) and breathing difficulties (dyspnoea) [25]. Often individuals who do not live
in Schistosoma endemic areas are more likely to display these acute and severe symptoms. One
possibility explored in research is that often the mother of the individual has had previous chronic
infections due to living in an endemic area which can lead to an immune response in the baby.
This is where the T and B lymphocytes are primed in the womb, leading to the individual immune
system becoming ready to produce antibodies against the Schistosoma antigens [17].

1.2.4.2 Established active and chronic infections

Individuals living in endemic areas where they have had repeated exposure to Schistosoma infec-
tion often developed an established active infection instead of an acute infection. An established
active infection is considered when mature adult worms are present and are producing eggs which
are excreted via urine or faeces. Often the eggs get lodged within the tissues causing an inflamma-
tory response including a granulomatous response triggered by the host and involving eosinophils,
macrophages, and lymphocytes [25]. This is due to the eggs secreting glycoprotein antigens, which
are produced to allow the eggs to travel through the blood vessels to suitable locations (e.g. the
urinary tract or intestine).

The associated morbidity (severity of symptoms) of an individual is thought to be related to the
intensity of Schistosoma infection and the egg-induced inflammation [25]. The chronic manifes-
tations of Schistosoma infection are related with ongoing local inflammation occurring over time
due to the unshredded schistosome eggs remaining trapped within the host tissues and the immune
response’s inability to remove the infection leading to granuloma formation [4, 17]. In children
living in endemic areas, established active infections are often treatable by repeated praziquantel
treatment, which kills the adult worms [25]. Furthermore, chronic Schistosoma infection can lead
individuals to be more vulnerable to other diseases, for instance malaria. For those with HIV the
progression of disease is known to be fast tracked [26].

1.2.5 Urogenital schistosomiasis

In UGS (S. haematobium), the granuloma formation within the tissues induced by the glycoprotein
antigens can cause polyp lesions, abnormal tissue growth and ulcers to form at the opening of
the ureter and bladder which can be observed using ultrasonography. This process can lead to
urinary frequency, burning sensation during urination, pelvic pain and the main symptom of UGS,
haematuria (blood in urine) [25, 27]. Haematuria is often mistaken as menstruation in girls, and
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in some endemic regions, it is incorrectly believed that it is a sign of males going through puberty
[28]. Chronic manifestations of UGS can be due to lack of immunoregulation of anti-schistosomes
responses [29]. The long-term local inflammation can lead to blockages within the genitourinary
system causing renal complications, which include renal failure or cancer of the bladder, which in
some cases can be fatal [4].

Infertility and diminished libido can also occur in both males and females [4] Infertility or reduced
reproductive health in females is caused by schistosome eggs in the genital tract, which cause
damage to their ovaries, fallopian tubes, vulva, vagina and cervix [30]. Whereas in males, UGS
causes lesions in the prostate and seminal vesicles which if left untreated lead to cancer, swollen
painful testicles, and death of local vessels, which can lead to infertility. Further, UGS in males
is associated with genital organs, production of semen changes and other symptoms including
haemospermia (presence of blood), weak erection, or premature ejaculation [31]. It is thought that
infertility in males is rare, however, the rate of infertility is unknown [4].

1.2.6 Intestinal schistosomiasis

In IS (S. mansoni), the main symptom at the chronic stage is a distended abdomen and other symp-
toms including diarrhoea and rectal bleeding. These three symptoms are associated with lesions
in the appendix (mucosal hyperplasia), formation of scar tissue (pseudopolyposis) and formation
of polyps (polyposis) within the gastrointestinal tract. Chronic disease can cause gastrointestinal
disease leading to hepatosplenic inflammation and, in the presence of heavy infection, liver fibrosis
[27, 32]. Chronic manifestations of IS can be due to the down-regulation of the granulomatous re-
sponse in the host [17]. Gastrointestinal disease can lead to symptoms including abdominal pain,
enlargement of the liver (hepatomegaly) and spleen (splenomegaly). Furthermore, portal hyper-
tension can occur leading to enlargement of the veins in the oesophagus (oesophageal varices)
and abnormal fluid accumulation within the abdomen (ascites) causing a distended abdomen and
haemorrhage which in some cases, can be fatal [33].

1.2.7 Co-infection

Co-infection with both UGS (S. heamatobium) and IS (S. mansoni) can occur due to ongoing infec-
tions occurring at the same time and within the same area, which can increase the burden of disease
on individuals in their community and often lead to chronic schistosomiasis. Further, co-infection
can possibly increase the likelihood of individuals becoming vulnerable to other infectious diseases
such as malaria or hepatitis C virus [26].
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1.2.8 Immunity

The human host immune system interaction with a Schistosoma infection involves several different
stages of the parasite life cycle, including the following: cercariae penetrating the skin, immature
and mature adult schistosome and parasite eggs which remain in the tissues of the host if not ex-
creted. Immunity to Schistosoma infection, known as resistance to reinfection, is thought to be
developed over a period of 10–15 years from first infection [5]. In most individuals immunity is
acquired over time; avoiding chronic disease, as the worm burden gradually declines over time,
known as a partial acquired immunity against new infections. This leads to fewer eggs being pro-
duced and consequently, reduces the number of eggs remaining lodged within the host tissues,
reducing inflammation and granuloma formation. Immunity can also occur over time due to im-
munological down-regulation, which causes the granulomas which do form to be smaller than the
previous ones, which have already been developed into fibrous tissue and therefore symptoms are
reduced over time [25]. A known vulnerable group is children who are thought to be much more
susceptible to reinfection post treatment than their counterparts. Consequently, it is thought that as
an individual ages they develop more immunity to the disease due to repeated exposure when they
have been infected from an early age. Therefore, one component of immunity of schistosomiasis
is that a possible age-related immunity occurs.

The age-dependent acquired immunity in endemic areas for schistosomes can be explained by the
following: the long length of time it takes an individual to build immunity to Schistosoma infection
is thought to possibly be due to more dead worms remaining within the host tissues after infection.
The worms can take 3–10 years to die naturally or to die due to treatment after an individual is
infected with schistosomiasis. Once dead, the worms can cause antigens to be released as waste
products into the tissues of the host which stimulates the production of specific immunoglobulin
E (IgE), which leads to a protective response, and hence leads to resistance to reinfection in an
individual. Therefore, research has predicted that as an individual becomes more exposed, they
accumulate more dead worms causing more IgE antigen production, and hence a stronger immune
response against reinfection [5]. Another component of immunity is thought to be developed
through the immune response to secreted egg antigens within the host tissue, for instance, the liver
[34].

Despite the successful application of MDA programmes with PZQ chemotherapy treatment tar-
geting SAC and high-risk adults within endemic areas, there remains high reinfection prevalence
within these areas for schistosomiasis, as well as considerable morbidity and mortality. Moreover,
there is a considerable concern for PZQ drug resistance to develop due to the continual and high
use of PZQ, however, no evidence of this has been shown to date [25]. Current vaccines against
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schistosomiasis for humans have yet to be developed for use, however, proposed candidates for an
effective vaccine have been studied and research suggests there is strong evidence that a feasible
vaccine could be produced [34].

1.2.9 Diagnosis

Diagnoses of schistosomiasis is vital not only in reducing the transmission of the disease, but also
to reduce morbidity and mortality caused by the disease in addition to control methods such as
MDA due to ongoing transmission in focal areas [35]. The ability to accurately diagnose an in-
dividual allows for fast treatment and can prevent or reduce the early stages of chronic infection
[12]. There are multiple dependent factors able to detect a Schistosoma infection in an individual.
These can include time of infection, treatment history, type of immunoassays used, test standard,
intensity of infection and lastly the test sensitivity and specificity [36]. The type of species of
Schistosoma infection can affect which diagnostic tests are used for diagnosis of an individual.
Selection for a certain diagnostic test can also be confounded by the geographical location of test-
ing, financial cost, availability of resources, education of health care workers and social-economic
situation. This is an important consideration as schistosomiasis is often endemic in low-income
areas which lack resources and funding.

Clinical assessment of an individual for a disease usually consists of a diagnostic test which can be
used to determine the presence or absence of a disease and is used when an individual is displaying
signs or symptoms of the disease. Screening tests can be used as a tool to identify asymptomatic
individuals who do not display symptoms within a community. It is important for diagnostic tests
to have the ability to produce an accurate and valid result, to be able to identify the disease and
to differentiate whether the individual is positive or negative. The test measurement of its diag-
nostic accuracy or ability to identify which disease is usually measured by sensitivity, specificity,
predictive values and likelihood ratios [12]

Sensitivity = Pr(test positive|disease positive) ≈ #true positive
#true positive +#false negative

(1.1)

Specificity = Pr(test negative|disease negative) ≈ #true negative
#true negative +#false positive

(1.2)

Sensitivity and specificity are the main two important measures for determining the accuracy of
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a diagnostic test. Certain tests are considered gold standard by the research, and can be used to
compare the measured accuracy of a diagnostic test [12]. The definition of sensitivity of a test
is the test’s ability to correctly identify patients who are actually disease positive (a true positive
result), whereas specificity is the ability to identify which patients do not have the condition (a true
negative result) (Equation 1.1 and 1.2). For instance, if a diagnostic test has a low sensitivity, then
an infected individual could be given a negative result when truly positive, hence the individual
will not be treated and continue to transmit the disease and be more likely to develop chronic
morbidity due to high schistosome worms within their tissues. Diagnosis of an individual usually
benefits from using a test with a combination of high sensitivity and specificity, however, it is
important to also consider the time required to perform the test, the training and expertise required
to carry out the test and the financial cost. In some incidences, high sensitivity for case detection
is prioritised over high specificity; this is often where low transmission and low prevalence in a
particular area is occurring [35]. There are a number of developed diagnostic methods to detect
Schistosoma infection varying from microscopic detection or molecular techniques. The types of
diagnostic tests can include direct to indirect parasitological methods, immunological diagnosis or
lastly DNA and RNA detection (Figure 1.3).
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Figure 1.3: Schematic diagrams showing the different diagnostic methods available for the diagno-
sis of S. mansoni and S. haematobium, reproduced from Christiansen, 2018 under a CC-BY license
[37]

1.2.9.1 Direct parasitological methods

i Diagnosing UGS by urine filtration

The gold standard method for diagnosis of Schistosoma haematobium infection in the field is
known as urine filtration using a syringe followed by 100x microscopy. The test works by
taking 10ml of urine syringed through a polycarbonate filter to capture eggs and then these
filters are stained and observed under a compound light microscope [38]. This is the chosen
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method in the field as it is easy to use, low cost and requires no specialist equipment. In
higher-income areas with specialist facilities, centrifugation can be used instead of filtration to
find the concentration of S. haematobium eggs in urine. Both these tests can often have low
sensitivity; despite this the number of eggs can be identified more easily compared to stool
smear testing. This is due to urine being more easily obtained, often in larger quantities and
having no solid materials within it which may hinder the identification of eggs [12]. The test
can often be used to grade the UGS infection’s intensity by using the egg count from 10ml of
filtrated urine [39]. Similarly, an important consideration is that egg excretion has been found
to be highest between 10am and 2pm and can also increase the sensitivity of the test when taken
between these times [40]. Urine egg detection techniques often are suitable for the diagnosis
of individuals in areas with high Schistosoma infection levels; however, very light infections
can lead to misdiagnosis [12].

ii Diagnosing IS by Kato-Katz thick smear technique

A method recommended by the WHO for diagnosing an individual for S. mansoni infection
is using the microscopy-based Kato-Katz (KK) thick stool smear technique which helps visu-
alise and quantify the individual intensity of infection. The KK technique has a high level of
specificity, is easy to carry out and requires inexpensive and unskilled labour in field conditions
[12]. The intensity of infection is measured based on the quantity of schistosome eggs present
in the stool or urine samples; the higher intensity of Schistosoma infection can be a predictor
for the worm burden and morbidity of an individual [41]. However, despite the high specificity
the KK test often is found to have a lack of sensitivity [42]. For instance, when single samples
are taken and in particular when there is a low-intensity infection present in an individual or
low prevalence in an area, the sensitivity of the test can be greatly reduced [43, 44]. There-
fore, treatment for the individuals living in these areas can be inappropriately given and lead to
undetected transmission in these areas [44].

Further, the KK test has other limitations; these include the fact that the amount of schisto-
some eggs excreted through stool or urine vary throughout the day, the adult worm production
also varies, and eggs can be clumped together within stool samples [12]. This variation has
been shown to affect the sensitivity of the test, particularly with low intensity infections and
where previous chemotherapy treatment has taken place [45–47]. Taking repeated stool sam-
ples over a period of consecutive days can be used to improve the KK test sensitivity; however,
this method is often not practical in field settings, increasing the overall cost and reducing
compliance with participants in studies [12, 48].

iii Eggs count in Stool or Urine to grade infection intensity
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In the case of UGS, eggs are detected within a urine sample to identify the presence of S.

haematobium infection, whereas for IS the detection of eggs in a stool sample can be used to
identify the presence of S. mansoni infection. The egg count can be used to grade infection
intensity based on WHO guidance (Table 1.2) [49]. Identifying the presence of infection based
on the presence of schistosome eggs, as per the parasitological method, is only worth carrying
out after the individual has been infected for 4 to 6 weeks; after this time oviposition occurs
which is the process of egg laying for the schistosomiasis life cycle. Hence, detecting eggs
in stools and urine is not suitable for the early diagnosis of schistosomiasis before the adult
worms have matured and started producing eggs.

Table 1.2: Infection intensity [49]

Light intensity Moderate-
intensity

High intensity

S. haematobium < 50 eggs/10mL ≥ 50 eggs/10mL
S. mansoni 1-99 epg 100-399 epg ≥ 400 epg

iv Concentration methods for diagnosis of IS

Urine and stool samples can be concentrated by using the Visser and Pitchford concentration
method where debris within the sample is filtered out while retaining the schistosome eggs for
visualisation under a light microscope. This method allows for a more sensitive method for
diagnosis of Schistosoma infection compared to other traditional microscopic methods. This
concentration method allows for grouping multiple faecal samples to confirm the presence or
absence of S. mansoni ova before assessing the intensity of infection. The method can often be
impractical in field settings, as often only one stool sample can be taken [50].

1.2.9.2 Indirect diagnostic methods

i Clinical presentation

Alternative indirect methods can help to diagnose an individual with UGS: this can be through
observing their clinical presentation instead of using direct methods. This can include look-
ing at changes in appearance, concentration, and content (urinalysis) of an individual’s urine.
Blood (hematuria) and protein (proteinuria) in urine also can give identification of UGS infec-
tion [12]. In cases where an individual has a light infection, often diagnosis based on clinical
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symptoms will lead to un-diagnoses, as the test lacks specificity and has a low sensitivity [41].
Clinical community studies have used these known association indicators to apply a com-
bination of rapid-detection reagent strips which can detect these indicators within urine and
questionnaire surveys asking for demographic information to diagnose individuals in the field
[12].

Another diagnostic method based on micro-haematuria in urine is urine heme dipsticks known
as Point-of-care (POC) test strips (e.g., Haemastrix). Previous studies have found that this
method for detecting micro-haematuria has a higher sensitivity than patient reported haema-
turia cases when diagnosing UGS among SAC in endemic areas [51]. These diagnostic meth-
ods can be used to monitor the effect MDA treatment programs for S. mansoni infection have,
as higher urinary tract morbidity is associated with visible haematuria; and if control methods
are working, haematuria is visualised less [52].

Similarly, for IS, clinical presentation of distended abdomen can be associated with chronic
infection of S. mansoni infection. However, in endemic areas, often unassociated nutritional
disorders can affect individuals which can lead to clinical manifestations such as distended
abdomen. This can lead to individuals being presumed to have IS, which can give an incorrect
clinical picture of the area unless further diagnostic tests are carried out. Furthermore, many
individuals with Schistosoma infections for both UGS and IS can remain asymptomatic for a
considerable length of time, and hence clinical presentation is often only useful as a diagnostic
marker in place of chronic infections [32, 53].

ii Rapid diagnostic tests

Immunodiagnostic techniques using rapid diagnostic tests allow for detection with light or no
eggs infections before worms reach fecundity and as well as early detection. Antigen detection
can be used as a very effective method in diagnosing an individual for Schistosoma infection.
Schistosomula, the adult worms, or their eggs secrete antigens, which can be detected in blood
(3 weeks post-infection), urine or sputum (by use of ELISA methods) of the individual and can
be used as diagnostic targets. Circulating antigens are commonly detected otherwise known as
circulating cathodic antigen (CCA) and circulating anodic antigen (CAA). These two glyco-
protein antigens are known to be released by the adult worms, via their waste products. CCA
and CAA antigens can be used to assess the intensity of infection and for treatment purposes
[12]. The levels of circulating antigen found are often higher in individuals with higher schisto-
some egg counts (higher intensity of infection) and, outside endemic regions, where a low false
positive rate occurs, which suggests the antigen detected is specific to schistosome infection
[54].

For IS caused by S. mansoni, the POC CCA detection in urine is thought to be a very effective,

17



Chapter 1. Introduction 1.2. Schistosomiasis

rapid diagnostic test and more sensitive than the KK test [55]. The POC detection in urine test
has been found to have high sensitivity in cases (≥ 95%) with moderate to high S. mansoni

intensity infections. Similar to the KK test, the sensitivity of the CCA test for diagnosing
IS is lowered (≥ 75%) in areas with low S. mansoni infection rates. The specificity remains
around ≥ 95% [12, 56]. However, the CCA test for diagnosing S. haematobium has a limited
accuracy for diagnosing UGS and has been noted to possibly be incompatible in areas where
co-endemics occur with IS and UGS infections. The CCA strip test has been improved for
successful diagnosis of UGS and is effective in areas with average to high levels of infection.
Therefore, the CCA test with a positive result is strongly linked to the individual’s infection
intensity [12].

iii Serological and molecular methods

Advances in research have been developed to tackle the reduced sensitivity often occurring
with diagnostic tests in areas with low infection intensity. Novel tests include monoclonal
antibody-based diagnostic assays in serum to detect S. mansoni infection using immunomag-
netic separation and fluorescence microscopy techniques. Despite the higher sensitivity and
specificity of the serological method within areas of low infection prevalence, they cannot dis-
criminate between active and past infections [57, 58]. Therefore, serological methods are not
useful in endemic areas where people have had repeated exposure to Schistosoma infection,
however, they can be useful with travellers [17].

In addition, molecular tests can be used for high sensitivity in areas with low infection intensity.
These include using polymerase chain reaction (PCR) techniques to detect the schistosome
Deoxyribonucleic Acid (DNA), cell-free parasite DNA in host urine, stool or organ biopsy
samples or in other body fluids (e.g., sputum) [12]. These tests allow for high sensitivity and
specificity in areas with low infection intensity, however, these tests are often difficult to apply
in the field as they require specialised equipment, training, and facilities [41, 59]. Therefore,
these serological and molecular tests are mostly used in wealthy areas, for instance, western
travel clinics for travellers returning from visiting a schistosomiasis endemic region [60].

iv Research development in diagnostics

Other novel methods, including imaging devices (mobile phone or web cams) are also being
used more often as mini-microscopes which can be useful in low-income areas. In some cases,
there is clinical evidence of an individual having schistosomiasis but not yet a confirmed posi-
tive result from a diagnostics test; in this instance, organ biopsies and imaging techniques may
be required for use when urgent diagnosis is needed to treat complications [12].
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1.2.10 Treatment and preventive chemotherapy

The recommended treatment for Schistosoma infection is preventive chemotherapy, using PZQ
[14]. PZQ was first discovered in the 1970s, and by 1988 had been tested for safe and effective use
against schistosomiasis and put on to the market. The drug PZQ can be taken orally, is considered
safe and relatively low cost and has been found to be effective against a mature Schistosoma infec-
tion (adult worms) [5]. Recovery rates between 60% and 90% have been reported and it is known
to reduce egg excretion in cases with persistent infection [61]. The PZQ treatment is thought to
be so effective that it has been found to work within an hour of consumption and a single dose is
usually considered sufficient to kill all adult worms. However, there is some debate about whether
higher or numerous doses are required [62]. The WHO recommends a certain dosage of the PZQ
drug to ensure the best efficacy, rate of cure and egg reduction rate [14]. In the field, often PZQ
dose height poles are used to help healthcare workers treat children [23]. SAC infected with Schis-

tosoma infection benefit significantly from treatment with PZQ in curing infection or reducing
worm burden [63]. The full drug mechanism is still currently being researched.

Despite PZQ being a well-tolerated drug, there are common side effects, including headache, gas-
trointestinal upset, dizziness and in some rare cases more serious adverse effects can occur [61].
In addition, there are disadvantages of the drug PZQ for instance, not being able to target the
other stages of the life cycle of Schistosoma infection and low efficacy against immature schisto-
somes. Therefore, PZQ is most effective six weeks after an individual is infected and once the
adult worms have matured and resided in their final location [64]. Moreover, it has been reported
that high treatment use reduces the effectiveness of the PQZ treatment. This has been found to be
due to the Schistosoma often developing reduced sensitivity to the drug, as well as schistosome
building up a tolerance to the drug over repeated treatments. Evidence of drug resistance occurring
with the drug PZQ has yet to be shown in the field conditions despite a study in 1994 demonstrating
PZQ resistance to S. mansoni infection when tested on mice [65, 66].

Another drug administered for the treatment of Schistosoma infection is artemisinin (ART). This
drug is used only as a preventive form of treatment and mainly used in high-risk groups; for
instance, travellers and migrants who are entering endemic areas momentarily. ART works by
protecting an individual for a 3-week period and has the ability to kill all immature schistosomula
if consumed every 14 days. It is thought the drug ART works in producing a toxic effect to the
schistosomula although the full mechanism is still not understudied. Treatment using both ART
and PZQ, as a combined therapy has been studied to identify if there is an increased number of in-
dividuals cured from Schistosoma infection within endemic areas. In addition, corticosteroids can
be used to treat acute schistosomiasis by reducing the inflammation within the infected individuals
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tissues and reducing or stopping the formulation of granulomata in response to schistosome eggs.
Treatment for advanced disease is most often the drug PZQ as it can stop or prevent complications
such as pulmonary hypertension and stop the scarring of the tissues occurring (fibrosis) [5].

1.3 Control of schistosomiasis

1.3.0.1 Control to target the parasite

Implementation of control strategies are restricted by the resources available, the financial funding,
the education of health workers and political support. New guidelines and plans for the Neglected
Tropical Disease (NTD) roadmap have been formed for 2021–2030, created by the WHO and
their partners. Previously, in the 2020 roadmap, 75% of SAC children were covered with preven-
tive chemotherapy. The new roadmap plan (2021–2030) for schistosomiasis, outlines extending
chemotherapy treatment to all populations who require it and providing any medicines that are
needed [67]. Furthermore, the WHO had previously proposed a goal of < 5% prevalence of heavy
infections occurring in 2020 to keep the disease under control; by 2025, < 1% prevalence of heavy
infections across treatment locations and by 2030, across all endemic locations. Therefore, it is
targeted that by 2030 schistosomiasis will no longer be considered a public health concern (defined
as < 1% proportion of heavy intensity schistosomiasis infections) [63].

The new guidelines set by the WHO are evidence-based recommendations that try to interrupt
transmission, leading to elimination of schistosomiasis as a public health concern and are designed
to eliminate the morbidity burden from the disease. For successful control and possibly elimination
of the disease, extensive monitoring of the disease and applications of multiple different control
inventions are required. Despite several extensive implementations of control programmes to date,
the burden of schistosomiasis is still very high, with the disease still endemic in many areas. The
reason for the lack of successful control is thought to be due to the lack of accurate diagnostics
for case detection and the inability to screen the communities in schistosomiasis endemic areas
[12]. Since 2006, WHO guidelines school-based and community-based preventive chemotherapy
programmes have been scaled-up, reducing schistosomiasis-associated morbidity, however, de-
spite this, in certain areas Schistosoma infection has remained high, with persistent hotspots for
transmission. The new guidelines suggest a wider approach targeting not only SAC but also pre-
school-aged-children (PSAC), adults and pregnant women. They also recommend targeting not
only high-risk communities but also low and moderate risk ones [68].

The new WHO guidelines have six new revised recommendations for managing schistosomiasis
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including the expansion of preventive chemotherapy eligibility from the predominant group of
SAC to all age groups (2 years and older), lowering the prevalence threshold for annual MDA
treatment, and increasing the frequency of treatment [68]. The first three recommendations are a
control treatment strategy for schistosomiasis based on the current prevalence of infection in en-
demic areas which depend on MDA programmes and monitoring of SAC infections (Table 1.3)
[63]. The fourth recommendation is targeted to who and when people are treated; health facili-
ties provide access to treatment with praziquantel to control morbidity in all infected individuals
regardless of age, including infected pregnant (excluding the first trimester) and lactating women
and PSAC aged 2 years. Further, the decision to administer treatment in children under 2 years
of age should be based on testing and clinical judgement. The fifth recommendation encompasses
water, sanitation, hygiene (WASH) interventions, the control of Schistosoma infection’s interme-
diate snail host, and changes to human behaviour; for instance, using more appropriate places than
the lake to dispose of urine or faeces.

Finally, the sixth recommendation is in communities where no autochthonous transmission has
occurred in 5 years: testing for Schistosoma infection in humans, the intermediate host snail and
non-human mammalians is required to have higher sensitivity and specific tests, to ensure low-
intensity infections are still identified. A two-stage verification process has been suggested by the
WHO, where a highly sensitive test is carried out first before a high specific test is carried to estab-
lish the Schistosoma infection status. The success of these six recommendations is largely limited
by community distribution of the MDA treatment, funding and resources, MDA effectiveness and
lack of education for communities [63].
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Table 1.3: Treatment strategy recommended for schistosomiasis with preventive chemotherapy
[63]

Category Prevalence Schisto-
soma infection

Recommendation

High-risk community ≥ 50% Lack of an appropri-
ate response to annual
preventive chemother-
apy, despite adequate
treatment coverage (≥
75% ), WHO suggests
consideration of bian-
nual (twice yearly) in-
stead of annual preven-
tive chemotherapy.

Moderate-risk community ≥ 10% Annual PZQ treatment
with single dose at ≥
75% in all age groups
above 2 years of age
including adults, preg-
nant women after first
trimester and lactating
women

Low-risk community < 10% In cases, where there
has been a programme
of regular preventive
chemotherapy, to con-
tinue the intervention
at the same or reduced
frequency towards in-
terruption of transmis-
sion; or (ii) where there
has not been a pro-
gramme of regular pre-
ventive chemotherapy,
to use a clinical ap-
proach of test and-treat,
instead of preventive
chemotherapy targeting
a population.
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1.3.0.2 Control of the snail populations

The fifth recommendation mentioned targeting the Schistosoma infection’s intermediate snail hosts
to reduce transmission. Freshwater snails are essential for schistosomiasis transmission as they are
the intermediate host of the parasite, and a single snail can release thousands of cercariae into
the freshwater. Therefore, control strategies to manage snail populations has been created [63,
69]. The use of chemicals to kill the intermediate host snails in freshwater sources have been
proposed as a control method; however, this can lead to other species of animals living in the water
being harmed, and repeated treatment with chemicals is required over a long period of time to
avoid the snails repopulating the water sources. In addition, since livestock can be infected with
schistosomiasis, runoff from pastureland may occur, which can allow schistosomes to contaminate
otherwise disease-free water sources [70]. Other control methods include modifying the habitat to
reduce snail breeding sites, or using biological control such as molluscivorous fish or crustacean-
eating birds in the area to reduce the number of snails. The problem with these methods is that
they can be expensive, and it can be difficult to sustain their effect on the predators [69, 71, 72].
Genetic modification has been explored allowing for detection of latent schistosomiasis infection
and identification of the resistance gene in the snail host, however more research needs to be
completed to better understand the genetic structure of the snails [73].
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Figure 1.4: A map of Malawi and its surrounding countries. Northern, Central and Southern
regions of Malawi shown on map, reproduced from United Nations, 2014 under a CC-BY license
[74]
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1.4 Study population: Lake Malawi and the Mangochi District

1.4.1 Geographic and demographic context

Malawi, based in southeast Africa, is surrounded by land, and shares its borders with Tanzania,
Zambia and Mozambique (Figure 1.4). Malawi is split into three regions called Northern, Central
and Southern. The geographical landscape of Malawi varies depending on the region, with moun-
tains in the Southern region and high plains in the North and Central regions. Malawi has diverse
features ranging from tropical rainforests, open grasslands, and scrubland at high altitude, to wood-
land containing a large variety of fauna and flora. The seasons in Malawi consist of wet and hot
in November to April and cold and dry in May to October where the temperature varies between
around 14 to 32◦C. Malawi is a low-income country where malnutrition, poverty and disease are
rife throughout the country which leads to reduced life expectancy, lack of education, and hindered
economic development [74]. Malawi’s population is around 17.6 million and is growing at a rapid
pace (∼ 2.9% per year) as there is a high fertility rate due to a lack of family planning resources
[75]. Two fifths of the population are young individuals ranging between 10 and 29 years, which in
theory is good for the economic success of the country as the young contribute most to economic
development. However economic growth has been hindered by a mixture of factors such as low-
income levels, lack of resources, a growing overall population, and sever morbidity and mortality
rates.

Malawi’s east side is mainly covered by Lake Malawi, which is 600km long, 75km wide at the
widest point and is second deepest lake in Africa [76]. It is widely known as a natural resource for
irrigation for agriculture, water supply, fishing industries and tourism [74]. The lake is the habitat
of the intermediate snail host, which allows schistosomiasis to occur. Schistosoma haematobium

and S. mansoni have varying transmission throughout Malawi (Figures 1.5 and 1.6) also known
as having a heterogeneous distribution of transmission and this can lead to higher transmission
in focal areas across Malawi. There are visible geographical and seasonal variation of snail dis-
tributions due to the changing ecology of Lake Malawi, which in turn, can affect the survival of
the intermediate host snails and cercariae. For instance, the degree of the wind and wave expo-
sure changes throughout the year in Lake Malawi; During the wet and hot season in December to
April and part of dry season April to July, the transmission of schistosomiasis is thought to be low
whereas the transmission is higher during the cold and dry season in May to October, peaking in
October [3].

The southern part of Lake Malawi in Mangochi District has had a reported increase in schistoso-
miasis transmission since the 1980s. This is thought to be due to overfishing which has reduced the
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number of molluscivorous fish and allowed the number of snails to increase in quantity. A ban on
fishing within 100m of the shoreline of Lake Malawi National Park has been enforced in the south-
ern part of Malawi. However, this is often ignored as seine or gill nets have been observed despite
the ban [76]. Mangochi District has a population of over 60,000 individuals and the area is known
to be endemic for UGS caused by S. haematobium, with recent surveys at schools suggesting a
prevalence of 0 to 26%.

National Schistosomiasis Control Programmes (NSCP) (2011–2016) were created following the
success of the Malawian schistosomiasis control schemes starting in the 1960s [77]. NSCP has al-
ways focused on the distribution of chemotherapy and education within schools and communities
to try reducing the transmission of schistosomiasis and more recently the approach has changed to
focus on prevention, surveillance and control alongside other NTDs. Epidemiological mapping of
S. haematobium and S. mansoni has allowed NSCP to predict that 40 to 50% of Malawi’s popula-
tion are at risk of schistosomiasis. However, these estimates are thought not to be up to date as the
data is based on previous high risk school surveys [3]. In addition, National Schistosomiasis and
Soil-Transmitted Helminths Control Programme run by the Ministry of Health has been created
[78]. This program was integrated into the School Health and Nutrition Programme, an initiative
led by the Ministry of Education and the Ministry of Health to aid MDA among SAC. In 2015, the
NTD Master plan for 2015–2020 was formed for Malawi, with the target to transform Malawi into
a nation free from NTDs by 2020, including schistosomiasis. Furthermore, the master plan en-
couraged an integrated approach among the most prevalent endemic NTDs in Malawi to accelerate
the implementation of NTDs prevention and control programmes.

Malawi has achieved high MDA coverage in the targeted districts, however, the prevalence of the
disease remains high in most districts. As mentioned before, the WHO roadmap 2021–2030 for
schistosomiasis and other NTDs targets elimination as a public health concern (defined as < 1%

proportion of heavy intensity schistosomiasis infections) through a combination of control methods
including more targeted MDA, WASH, environment and snail control [63, 67]. It is unlikely that
the goal of reducing the burden of schistosomiasis and STH to levels of no public health importance
in Malawi by 2025 will be reached. This is due to the country’s reliance on MDA programmes,
its lack of community engagement, and the failure to put more focus into the other methods of
interventions [79].

1.4.2 Urogenital Schistosomiasis in Mangochi District

UGS is prevalent throughout Malawi compared to IS which is thought to be limited to the central
and southern highlands, Lower Shire and Likoma Island. The intermediate host Bulinus spp. snails
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have often been found in Lake Malawi, whereas before 2017, no Biomphalaria sp. snails have been
reported to be found in the lake.
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Figure 1.5: The average district prevalence (%) of S. haematobium from survey data collected
in Malawi. Dots colours stand for prevalence (%): Blue (< 1.0), Yellow (1.0 − 9.9), Orange
(10.0−19.9), Red (20.0−49.9), Brown (> 50.0). Red circle is approximate location of Mangochi
district. Reproduced from Global Atlas of helminth infections, 2018 under a CC-BY license [80].
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Figure 1.6: The average district prevalence (%) of S. mansoni from survey data collected in Malawi.
Dots colours stand for prevalence (%): Blue (< 1.0), Yellow (1.0 − 9.9), Orange (10.0 − 19.9),
Red (20.0 − 49.9), Brown (> 50.0). Red circle is approximate location of Mangochi district.
Reproduced from Global Atlas of helminth infections, 2018 under a CC-BY license [80].
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1.4.3 Changing epidemiological landscape of schistosomiasis in the Man-
gochi District

Schistosomiasis transmission is dependent on the presence of compatible snail species to transmit
the disease. The geographical locations of the Bulinus and Biomphalaria snail species are impor-
tant in order to predict the transmission areas of S. haematobium and S. mansoni. The increasing
movement of human populations and their overlap with the snail habitats has allowed the spread
of schistosomiasis to new locations with cercariae being sufficiently adapted to survive in new lo-
cations, and it has an opportunistic nature, which means that even short time exposure can lead to
Schistosoma infection [81].

From 2017, B. pfeifferi snails have been found along the Mangochi District shorelines of Lake
Malawi with IS positive diagnosis occurring within local SAC [11]. This transmission of IS indi-
cates autochthonous transmission, which is where one individual is infected, and the transmission
occurs in the same area. When Bulinus and Biomphalaria snails are present along this area they
can cause a co-endemic of S. haematobium and S. mansoni. The true impact of a new species of
schistosomiasis in an area (S. mansoni) on the prevalence of S. haematobium is unknown. Re-
cently environmental and ecosystem changes along Lake Malawi have been linked to increased
prevalence of UGS [82]. Furthermore, natural disasters, for example cyclone Idai in March 2019,
have caused flooding which can change the ecosystems of the lake. Changes in lake water lev-
els have been reported [11]. The numerous epidemiological changes around Lake Malawi in the
Mangochi District are understudied and further investigation is required.

1.5 Snails and their microhabitat

The favoured habitat of the freshwater snails which transmit schistosomiasis varies greatly between
species. This leads to the distribution of snails being often local and patchy due to their dependence
on the habitat. Furthermore, often human populations tend to move about which makes it difficult
to quantify which infections were due to imported infection as compared to local cases. These
factors make it difficult to measure how often the snails are present and the distribution of the
snails in a certain area [83].

Bulinus snails prefer shallow water with rich vegetation and in some cases can live outside water
in a state of dormancy, although they can also be found in deeper waters and have links with tem-
porary water bodies. Bulinus globosus are often found in rivers, streams, lakes, seasonal pools,
irrigation systems, and artificial ponds. Bulinus nyassanus are nocturnal and stays buried within
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sediment during the day, whereas B. pfeifferi snails are a tolerant species, often living near humans,
and are linked to permanent water conditions and cannot live outside freshwater [84, 85]. Biom-

phalaria pfeifferi snails are often found to favour slow-moving streams, rivers, dams and ponds.
The changing distribution and invasiveness of the Biomphalaria species is thought to be due to
climate and human behaviour changes [85, 86]. The building of irrigation schemes, canals and hy-
droelectric dams can encourage the spread of the freshwater snails. Furthermore, overfishing in the
waters for molluscivorous fishes Trematocranus placodon can lead to an abundance of freshwater
snails present [85].

Environment characteristics can substantially vary between areas with short distances having larger
variation [83]. Snail density can be affected by numerous factors including the presence of veg-
etation, rainfall, the depth and flow of the water and food supply [8]. The presence of vegetation
provides the food supply and shelter for freshwater snails, as well as providing them an area to
depositing their eggs [87]. Biomphalaria pfeifferi freshwater snails prefer Vassisneria plants [11].
Rainfall patterns have an impact on water levels and have a possible effect on the prevalence of
schistosomiasis and the freshwater snails’ distribution. A study, carried out in Ghana showed that
higher overall annual rainfall was associated with an increase in the prevalence of schistosomiasis
in an area and vice versa, for low overall annual rainfall [88]. More rainfall leads to an increase in
ponds and high water levels and can lead to an increase in snail breeding sites due to more runoff
into irrigation channels and faster flowing water increasing the chances for the parasite to make
contact with the freshwater snails. However, higher water levels often result in more turbulent wa-
ters leading to faster flowing water which can agitate the snail populations and reduce the ability
for cercariae to survive. Flooding has also been found to be associated with an increase in the
abundance and distribution of freshwater snails; often the snails are found in new or previously
eliminated areas. When drought occurs, there can be a decrease in freshwater snails and transmis-
sion of schistosomiasis. Droughts over 9 months can lead to death of the infected freshwater snails
and so a decrease in transmission, whereas in droughts lasting less than 7 months, certain areas
will increase in transmission due the ability for the larval to survive over this time [85].

Climate change over time is thought to contribute to the changes in freshwater snail abundance and
locations [85]. Chemical characteristics such as pH (presence of hydrogen ions and acidity of the
water), temperature, conductivity and saline concentration of the water could also contribute to the
density of snail distribution, however, further investigation is required. Firstly, temperature of the
water has been found in research to be a factor in the abundance of snails found within an area as
it possibly affects the growth, survival, fecundity, distribution, and breeding conditions, and hence,
an optimal temperature is required for snail development and survival to occur [83] [89]. 25◦

C is
considered optimal as when the temperature surpasses 30◦

C the snails start to die off and 40
◦
C is
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known to be fatal [90] [83]. In addition, the temperature of the water also affects other parts of
schistosomiasis transmission, including the rate at which miracidia penetrate the freshwater snails,
the release of cercariae into the freshwater and its relative skin penetration of the human host
[85]. Secondly, the pH of the water has a possible effect on biological population dynamics and
transmission of schistosomiasis. In most studies, pH is not associated with the snail abundance,
however, Levitz et al. 2013 [91] and other studies have found that a lower pH was associated with
higher snail abundance [83, 91]. Biomphalaria snails have been studied which has been shown to
influence the pH with optimal pH ranges between 7.0 and 9.0 for snail populations, whereas there
are no studies on Bulinus snails. Therefore, pH association with snail abundance still needs to be
studied further to find the true relationship. Thirdly, high conductivity, has been suggested to have
a reduction in the snail abundance found in a certain area [90]. Lastly, high saline concentration in
the water has shown to have some declining effect on some species of freshwater snail, however,
research so far suggests most freshwater snails are tolerant to changes in saline or do not live in
saline water and more focus has been on cercariae who have a reduction in production with lower
saline concentration [85].

These seasonal changes in water levels and biotic changes in the water due to climate change or
human activity have altered the transmission of schistosomiasis. Furthermore, freshwater snail
surveillance is considered important as it is essential for the transmission of schistosomiasis to
occur. Due to the schistosome infections’ ability to survive within a human for a long time, this
can make it hard to determine when and where an individual was infected. This is where snail
surveillance comes into play to help tackle this difficulty [83].

1.6 Methods overview
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Figure 1.7: A diagram of the process of policy makers and modellers working together to im-
plement improved control programmes in practice, reproduced from Behrend et al, 2020 under a
CC-BY license [92]

1.6.1 Modelling and statistical techniques

Modelling is a continuous process which requires models to be updated regularly, re-fitted or mod-
ified depending on the scientific evidence and techniques available for input (Figure 1.7). Models
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are never considered complete and constant collaboration between the model creators and policy
makers is essential for effective implementation of control strategies. Further, a desirable part
of the modelling process is the comparison between different models for the disease by various
individual modelling groups [92].

Statistical models have allowed for uncertainty to be considered within estimates and can be de-
terministic and non-deterministic. This uncertainty can include random effects and considerable
variation in data [93]. Statistical modelling methods to assess the spatial epidemiology, and hence
identify areas at risk of infection, are gradually being used more often in replacement of traditional
investigative methods, for instance immunology [94]. Furthermore, they allow for a reduction in
required sample data, and hence save cost and time required for prevalence surveys. Statistical
techniques can include logistic regression, generalised linear models (GLMs), generalised addi-
tive models (GAMs), Bayesian statistical models and spatial statistical modelling. These allow us
to predict unobserved data using environmental and socio-economic predictors and infection risk
based on observed data. Previously Schistosoma infection risk has been mapped using model-based
geostatistics by a spatially continuous prevalence of infection [95]. Advances in spatial informa-
tion techniques have allowed for the use of remote sensing, geographical information systems and
global positioning systems (GPS). These methods can help towards resource allocation and allow
for cost-effective control methods to be applied [94].

1.6.2 A basic overview of Generalised linear models/Generalised additive
model/Bayesian linear models

Nelder and Wedderburn et al. [96], formulated GLMs. We assume y1,y2,...,yn are independent
observations from independent and identically distributed random variables Y1,...,Yn conditional
on d covariates in vectors x1,...,xn. i.e.

yi ∼ Yi|xi, i = 1, ..., n. (1.3)

We then assume the equation E(Yi|xi) of Yi|xi is related to the function of a linear combination of
covariates xi and coefficients β, i.e.

E[Yi|xi] = µi = g−1(ηi), (1.4)

where g is the “link” function and
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ηi =
d∑

j=1

xijβi, (1.5)

is the linear predictor and xij is the jth component of xi. For example, suppose y1, ...yn are Poisson
distributed, we have :

yi ∼ Poisson(µi), (1.6)

µi = eηi , (1.7)

=⇒ log(µi) = ηi. (1.8)

GAMs are similar to GLMs, however, there is a non-linear relationship for the data, which provides
a way of smoothing out the estimation where otherwise noisy data occurs. Hastie and Tibsh et al.
1986 [97], created GAMs from a combination of GLMs and additive models. Where the linear
predictor (η) is replaced with an additive one, which can be represented as,

ηi =
d∑

j=1

xijβi + s(zi), (1.9)

where s(zi) is considered the smooth function.

Statistical inference is usually carried out using a frequentist approach where the unknown pa-
rameters are drawn from the observed population and predicted values are calculated. Another
approach used can be Bayesian, including Bayesian linear models (BLMs) where the unknown pa-
rameter values are uncertain. These unknown parameters can be considered the random variables
where we use probability to make inference. Bayes theorem is behind Bayesian statistics, which
is the conditional probability of the likelihood of an outcome happening again based on previous
outcomes. The theorem gives the posterior distribution (the predicted outcome) using the prior
distribution (the relative weighting you give to each parameter) and the observed data to enable
inference [98].

Furthermore, spatial statistical models allow for spatial autocorrelation (residual spatial correla-
tion) to be considered. Where there is residual spatial correlation, points close together are more
likely to have similar risk than those far apart [99]. Model-based geostatistics can usually be ap-
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plied to Bayesian statistics modelling which allows for the inference of uncertainty in parameter
estimates and predictions [100].

1.6.3 A basic overview of deterministic and stochastic SIR/SEIR/SEIRS-
type compartmental model

Mathematical models can be used to draw aspects of real-world complex systems given population
data and input parameters. McDonald, 1911 [101] established the modern mathematical modelling
approach with a set of equations to approximate continuous-time dynamics of a disease through
transmission [101]. Deterministic modelling shows how output has changed given by the values
inputted, first reported by Ross, Kermack and Mckendrick [102–104]. These papers suggested that
the probability of infection of a susceptible individual is analogous to the number of its contacts
with infected individuals and created the susceptible-infected-recovered (SIR) model as shown
in Figure 1.8. Models have also incorporated over time the exposed part of transmission giving
the susceptible-exposed-infected-recovered (SEIR) model and the ability of individuals to move
back from recovered to susceptible, which is modelled as susceptible-exposed-infected-recovered-
susceptible (SEIRS). We explain examples of this in relation to schistosomiasis in more detail in
the next section (1.8.4). Frost, 1976 [105] introduced the assumption that the infection spreads
from an infected individual to a susceptible individual through discrete time Markov chain events
[105]. Frost’s paper set the overall basis of stochastic epidemic modelling where the range of the
outcome was produced through many simulations.

Figure 1.8: A compartment model representing the stages of infection; Susceptible (S), Infection
(I), Recovered (I). µ represents the birth rate, λ represents the rate from S to I and γ represents the
rate from I to R.
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1.6.4 Background of previous schistosomiasis modelling and how it relates
to the thesis

Both Nelson & Macdonald carried out pioneering work on transmission dynamics of Schistosoma

infection [106–108]. Nelson developed survival tables for each stage of the Schistosoma infection
lifecycle and was able to calculate the fertility of the adult and larva worm. The study was the
first to link the relationship between population ecology and epidemiological study of infectious
diseases. Macdonald, 1965 [108], was based on differential equations to show the changes over
time for worm burden and studied the impact separate sexes on the parasite population growth
and decay. Anderson and May, 1982 [109], expanded on Macdonald’s work and used partial
differential equations to model changes over time. In addition, it studied the age of the human
population worm burden, using for instance, egg production and acquired immunity based on
previous exposure [109].

More recently, Anderson and May, reviewed transmission models and control of Schistosoma in-
fection by Mass Drug Administration (MDA), assessing control programmes, individual based
stochastic models to study both infection and drug compliance, fitting models to observed patterns
using statistical approaches to find the likelihood of outcomes and to understand the dynamics of
transmission. Furthermore, the spatial element of heterogeneity of transmission of schistosomiasis
has also been studied [110]. Many mathematical models have been created over time to study the
transmission dynamics, and control of the spread of schistosomiasis, which in turn has aided deci-
sion makers in applying appropriate control methods and helped work towards WHO 2030 goals in
eliminating schistosomiasis [111, 112]. The World Health Organisation (WHO) has supplied new
guidelines to target elimination of schistosomiasis by interrupting transmission [63]. Mathematical
models have been used to study the direct transmission of SAC over time, and hence, explore their
transmission dynamics [113–115]. Intrinsic factors such as age and their related exposure have a
possible importance in interrupting transmission when moving towards elimination of the disease
[116]. However, mathematical models often have many limitations and assumptions so can be
limited in the ability to produce a realistic picture of the transmission dynamics.

Mathematical models of the transmission dynamics usually include humans, snails and the free-
living stages of miracidia and cercaria [111, 114, 117, 118]. Other transmission models include
humans, cattle and snails, however, this thesis focuses only on human and snail populations [119].
Kanyi et al, 2021 [111] uses all four types, adding treatment and preventive intervention water
satiation and hygiene (WASH) to their mathematical models as shown in Figure 1.9 [111]. The
study subdivides the human population into susceptible (Sh), exposed (Eh) and treated group (Th),
where the treatment group is in replacement to recovered group (Rh). In addition, they subdivided
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the snail population into susceptible (Ss), exposed (Es) and infected (Is) snails and have a com-
partment for the free-living stags of miracidia (Nm) and cercaria (Nc). Lopez et al. 2024 [120]
proposed if there was a vaccination available and added vaccination (Vh) in replacement to the
recovered group (Rh). This study moved away from looking at the control and treatment strategies
of a population and instead aimed to look at human behaviour and voluntary vaccines [120]. How-
ever, in this thesis we do not have data on whether the snails were infected or not. In addition, the
thesis uses the concept that the children are a small fraction of the total population. Consequently,
in this thesis we are not considering all forms of transmission occurring. As there is no reason
given the epidemic assumption we have that the infection should come and go. We treat it as a
constant reservoir of infection. If we were modelling the whole population, then you mostly likely
would not be able to do this but as we have other adults and children which would be causing
infection that we do not consider in our model, we consider them a constant reservoir of infection.

In relation to this thesis, NTD data is often highly sparse, and quantitative methods that allow us to
smooth data and interpolate gaps in the data provide a useful tool in these situations, allowing us
to build on the mathematical models previously researched. The main statistical methods used in
this thesis are GAMs with thin-plate splines which provide a method of interpolating across noisy
time-series data, capturing non-linear relationships in data in a smooth way. Then the geospa-
tial analysis with Gaussian process approach again allows us to smooth over observations that are
necessarily sparse in terms of space. Moreover, an ordinary differential equation (ODE) mathe-
matical modelling approach allows us to smooth over periods of time in which we do not observe
prevalence and also capture assumptions we might have about the disease case-generating process.
These methods allow us to draw conclusions from our given sparse data to improve policy makers’
decisions to implement control methods appropriately and effectively.
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Figure 1.9: Compartment model reproduced from Kanyi et al. under a CC-BY license [111].

1.7 Aims and structure of this thesis

The aim of the thesis is to primarily focus on aiding the appropriate control of schistosomiasis
along the shoreline of Lake Malawi in Mangochi district and help towards reaching the World
Health Organisation’s (WHO) neglected tropical disease roadmap for 2030 [67]. The project in-
volves a secondary analysis of parasitological surveys and malacological data to explore the spatial
and temporal epidemiology of Schistosoma spp. infection within SAC, who are considered one of
the most vulnerable groups to Schistosoma infection.

To our knowledge, this is the first study to analyse the IS infection age-relationship with SAC along
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the southern part of shoreline of Lake Malawi in the Mangochi District. Furthermore, a geospatial
model will be used to identify where the SAC comes in contact with the intermediate snails and
the abundance of freshwater snails along the shoreline, and also help to predict the un-sampled
parts of the shoreline. A dynamical model was used to reconstruct the age-prevalence profiles with
age related immunity allowing us to understand Schistosoma infection dynamics over time. Con-
sequently, aiding control method applications and providing insight to interpreting Schistosoma

infections to support the WHO roadmap. Therefore, the study is aimed at helping policy mak-
ers know where to target control programmes in Malawi and to limit the funding and resources
required.

1.8 Objectives

This thesis aims to achieve five main Research Objectives in order to aid schistosomiasis pro-
grammes and inform policy:

Research Objective 1: Summarise current knowledge of transmission of Urogenital and In-
testinal schistosomiasis within SSA and along the shoreline of Lake Malawi

This Research Objective aimed to provide a solid base to this thesis through Chapter 1: Literature
Review, which reflects the most relevant information for the chapters that follow.

Research Objective 2. Investigating age-prevalence relationships for SAC along shoreline of
Lake Malawi

For this Research Objective, a Generalised Additive Model (GAM) was used to predict the rela-
tionship between age of SAC and Schistosoma spp. infection prevalence using pilot parasitology
data collected along the shoreline of Lake Malawi in Mangochi district. The GAM was used to
investigate SAC age-profile for IS and UGS infection and co-infection at an individual and grouped
school level. Results are shown in Chapter 2: SAC age-profiling of IS and UGS infection

Research Objective 3. Identifying the locations along the shoreline of Lake Malawi where
children are most likely to be exposed to infection

For this Research Objective, a Bayesian multilevel model (MLM) with a Gaussian Process (GP)
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was developed to analyse and predict the occurrence of snails along the lake shoreline. The main
body of the research is reflected in Chapter 3: Predicting spatial epidemiology of Schistosoma

spp. infection using malacological data. Further, this research objective was used to show whether
there is heterogeneity in transmission along the shoreline of Lake Malawi and to identify persistent
hotspots for transmission despite annual MDA programmes.

Research Objective 4. What are the main determinants of infection within SAC?

For this Research objective, a dynamical model was developed using SEIRS model encompassing
Chapter 2 and Chapter 3 analysis output data and this follows Chapter 4: Development of a dy-
namical model to aid schistosomiasis control application within SAC to be produced.

Research Objective 5. Does school distance from the shoreline have an effect on exposure?

For this Research Objective, the dynamical model developed in Chapter 4 also measures whether
the school distance from the shoreline has an effect on exposure to snail abundance.

Finally, the General Discussion chapter (Chapter 5) brings together and summarises all the chapters
in this thesis. Key findings are used to draw conclusions and propose informed modifications to, as
well as support for, parts of the WHO guidelines for the control and elimination of schistosomiasis.
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Abstract

Schistosomiasis is an aquatic snail borne parasitic disease, with IS and UGS caused by Schistosoma

mansoni and S. haematobium infections, respectively. SAC are a known vulnerable group and can
also suffer from co-infections. Along the shoreline of Lake Malawi a newly emerging outbreak of
IS is occurring with increasing UGS co-infection rates. Age-prevalence (co)infection profiles are
not fully understood. To shed light on these (co)infection trends by Schistosoma species and by
age of child, we conducted a secondary data analysis of primary epidemiological data collected
from SAC in Mangochi District, Lake Malawi, as published previously. Available diagnostic data
by child, were converted into binary response infection profiles for 520 children, aged 6–15, across
12 sampled schools. Generalised additive models were then fitted to mono- and dual-infections.
These were used to identify consistent population trends, finding the prevalence of IS signifi-
cantly increased [p = 8.45 × 10−4] up to 11 years of age then decreased thereafter. A similar
age-prevalence association was observed for co-infection [p = 7.81× 10−3]. By contrast, no clear
age-infection pattern for UGS was found [p = 0.114]. Peak prevalence of Schistosoma infection
typically occurs around adolescence; however, in this newly established IS outbreak with rising
prevalence of UGS co-infections, the peak appears to occur earlier, around the age of 11 years. As
the outbreak of IS fulminates, further temporal analysis of the age-relationship with Schistosoma

infection is justified. This should refer to age-prevalence models which could better reveal newly
emerging transmission trends and Schistosoma species dynamics. Dynamical modelling of infec-
tions, alongside malacological niche mapping, should be considered to guide future primary data
collection and intervention programmes.

2.1 Introduction

SAC are known to be one of the most vulnerable groups for schistosomiasis, which can lead to
severe morbidity, and in some cases mortality. Standard infection and transmission rates in SAC
are 3–4 times higher than in adults [17]. Children are thought to be first infected soon after birth
upon freshwater contact(s), with prevalence increasing with cumulative parasite exposure(s) up to
adolescence [63]. Over time, ongoing inflammation within the tissues, from accumulating trapped
eggs, can lead SAC to suffer from malnutrition, anaemia, and neurological and developmental
delays [121]. Furthermore, acute and chronic infection with urogenital schistosomiasis (UGS)
and/or intestinal schistosomiasis (IS) can lead to debilitating symptoms and signs such as stunting,
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but whether chronic co-infections are truly synergistic is equivocal [122].

To counter schistosomiasis, WHO recommend preventive chemotherapy by mass drug administra-
tion (MDA) with the anthelmintic PZQ. MDA treatment programmes can avert and reverse some
of these disease manifestations as well as diminish transmission. However, PZQ is only effec-
tive against adult worms, leaving immature (drug tolerant) worms to remain within the body [17].
Since MDA does not guard against reinfection, SAC often reacquire infection upon subsequent
water contact, with persistent “hotspots” occurring [3, 5, 23, 121]. As a consequence of ongoing
persistent schistosomiasis infection among SAC, children are often absent from school, and have
delayed learning affecting their ability to work as they enter adulthood [63]. This further hinders
the socio-economic advances of a geographical area, a known risk factor for schistosomiasis [121].

A decrease in prevalence of infection is known to occur after young adolescence, which is typical
of community age-prevalence relationships [63, 123]. This is thought to be due to the development
of partial immunity over time given repeated exposure, as well as decreased contact with water or
more enigmatic changes in skin texture, for example [17, 124, 125]. Prevalence among SAC and
the wider population varies considerably between geographical areas, often with localised rates
each community [17]. There are many factors that influence the transmission rates in a specific
area, such as demographic and environmental factors, MDA, and snail-schistosome ecology [121].

Consequently, prevalence data can be noisy but pooling across schools allows for inferences to be
extracted. The heterogeneity of transmission in a geographical area within a community influences
the age at which prevalence and intensity of infection are at their highest in SAC, leading to some
SAC being burdened more than others [53]. The identification of areas with high prevalence and
intensity of infection is essential to allow for more appropriate application of control interventions,
such as MDA [126].

The southern part of the Lake Malawi shoreline in Mangochi District has been reported to have
increasing schistosomiasis infection rates since the 1980s, with known UGS endemicity in the
region [76]. Al-Harbi et al. 2019 [11] and Kayuni et al. 2020 [127] reported the emergence
and an outbreak of IS since 2017 in this region, in part due to the newly detected presence of
Biomphalaria, a keystone snail intermediate host for Schistosoma mansoni. They suggested better
inspection of age-infection dynamics is needed before intensification of current control methods
is advised. Similarly, with the recent endorsement of urine-CCA testing for prevalence mapping
of IS [56], closer inspection of infection data by age would further underpin its guiding role. To
our knowledge, however, there are no studies that have analysed the age-prevalence relationship of
IS within SAC in the context of a newly emerging focus of infection set against a background of
UGS.
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Map
Mangochi	district

Malawi

OSM	Standard

Figure 2.1: Locations of the schools sampled in the primary study, a) red markers represent a repeat
of the previous collection (80 SAC sampled), green markers represent collections newly known to
Biomphalaria intermediate host locations (60 SAC sampled) and yellow markers represent rapid
mapping of the shoreline (30 SAC sampled), b) map indicating the location of Mangochi District.
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In this secondary analysis of primary data reported by Kayuni et al. 2020 [127], our two aims
were: i) to determine if general relationships between age of SAC and prevalence of IS, UGS and
co-infection could be determined, and ii) to assess heterogeneities in infection-age profiles across
sampled schools.

2.2 Methods

2.2.1 Dataset

The primary dataset reported by Kayuni et al. [127] which this secondary analysis is based on,
was originally collected in late May/June 2019 from cross-sectional school-based surveys in Man-
gochi District along the shoreline of southern Malawi (Figure 2.1) [127]. In brief, the study carried
out a mixture of rapid diagnostic tests, parasitological examinations and questionnaire surveys on
520 primary school children, aged 6 –15 years old in twelve schools, after parental consent was
given. The study was split into three phases during May/June 2019: 80 SAC each from Samama
and Mchoka schools – annual follow up [11]; 60 SAC each from Moet and Koche schools – an
assessment of the two schools near known locations for Biomphalaria; and 30 SAC each from 8
further schools along the lake shoreline – a rapid surveillance exercise. The SAC were randomly
sampled after being stratified by gender and age, with sample sizes at each school calculated by
standard sample size methodology [127]. As reported by Kayuni et al. [127], all participants
provided a urine sample. Sampling was accompanied by a questionnaire on demographics, wa-
ter contact behaviour, praziquantel treatment history and travel. A visual inspection of the urine
samples was carried out before samples underwent on-site testing using the circulating cathodic
antigen (CCA) test for IS, and 10 ml well-mixed urine was filtrated for UGS [127]. The former
was used to estimate prevalence of IS and the latter for UGS [56, 128].

Ethical approval for this study was obtained from the National Health Sciences Research Commit-
tee, Mangochi District Health Office Research Committee and LSTM’s Research Ethics Commit-
tee.

2.2.2 Statistical analysis

The primary data were cross-checked with any ambiguities resolved against paper records, then
secondary analyses were carried out in R version 3.6.1 with RStudio. The CCA antigen test and
urine filtration results were used as binary response variables to measure the prevalence of infec-
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tion. The responses were categorised into two subgroups “1 = Positive” and “0 = Negative” in our
study. For CCA antigen tests in the original study an additional “trace” result was recorded. In our
study, we carry out two analyses: one as “T+” (Trace positive) and one as “T-” (Trace negative).
“T+” is where all trace responses are considered “Positive” and “T-” is where all trace responses
are considered “Negative”. The main analysis reports T+ results only (allows for low intensity
infections) whereas T- results are in the appendix [63, 129].

As a visual exploration tool, heatmaps were used to inspect the empirical age-prevalence profile of
S. mansoni and S. haematobium in each school. The order of the schools on the heatmaps reflected
a highest to lowest prevalence ranking for S. mansoni.

For both Schistosoma species assessed, our response data were binary: an individual was denoted
positive (1) or negative (0) for infection and for co-infection an individual was positive (1 and 1)
for both infections. Our response data were from independent tests detecting different infections.
We assumed therefore, given the characteristics of a child, their age and school, that test results are
independent between children. The CCA and urine filtration tests behave the same with respect to
school and age and such we assumed that the sensitivity and specificity do not change with respect
these characteristics.

We assumed the diagnostic data followed a Bernoulli distribution and therefore used a logistic
regression framework. Since our exploratory data analysis (Appendix B Figs. B.1 and B.2) sug-
gested a non-linear relationship between log odds of infection and age, we fitted age using a thin
plate spline. School was additionally fitted as a categorical explanatory variable to adjust for sys-
tematic school-level variation in baseline prevalence. The resulting logistic generalised additive
model (GAM) enables estimation of a smooth, though non-linear, relationship between age and
prevalence as a trend summary of our otherwise noisy observational data [97]. GAMs were fitted
using the “mgcv” package in R version 3.6.1 which fits the model by penalized likelihood max-
imisation (penalised regression splines) with an associated smoothing parameter [130] (Appendix
B Fig. 2.3).

After fitting these models, smooth age-prevalence curves were reconstructed for each outcome.
Confidence intervals were created using Parametric bootstrapping. To calculate the 95% confi-
dence limits of the age prevalence curves the parametric bootstrap method was used. The paramet-
ric bootstrap method was used as we have a known Binomial distribution with unknown parameters
[64]. We apply the method to our data, by first taking the sampled number of positives cases x in
an age group in the data and dividing by the overall number of individuals in that age group n,

p̂ =
x

n
, (2.1)
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where p̂ is the mean. Our bootstrap samples can be generated by simulating random samples of
size n, where we have,

x∗ ∼ Binomial(n, p̂). (2.2)

Then using our generated bootstrap sample x∗, we divide this by n again, as follows

p̂∗ =
x∗

n
, (2.3)

where p̂∗ is the estimated bootstrap sample mean and this process is repeated for 10000 samples,
to find a good estimate of the sampling distribution of p̂. We find the 95% confidence limits for
population mean, p̂ by sorting the estimated bootstrap sample means p̂ from lowest to highest, and
removing the estimates 2.5% and 97.5%. Hence, the 95% confidence limits are the smallest and
largest values of each end of the confidence interval.

Model fit was assessed by plotting the average of binned residuals against the fitted values as shown
in Appendix B Figs. B.6 and B.7 [131].

We did consider sex, gender and water contact covariates (Appendix B.4 Figures B.8 and B.9
shows initial work) to be added to the model however due to lack of data/robustness we did not
consider these in our models and only considered school and age as our main focus.

2.3 Data methods

In brief, the GAMs in our study took the form of a logistic regression using a Bernoulli distribution
with mean probability pij . Let Yij be the diagnostic binary response for individual SAC i at a named
school j. Two cases were considered: For dual-infection focus, Yij is either Yij = 1 if the SAC had
a positive result for S. haematobium or S. mansoni or Yij = 0 if the SAC had a negative result for
S. haematobium or S. mansoni at named school j. For co-infection focus: This follows that Yij is
either Yij = 1 if the SAC had a positive result for both S. haematobium and S. mansoni or Yij = 0

if the SAC had at least one negative result. The GAM model takes the following form:

logit(pij) = log(pij/(1− pij)) = α + βi + s(ageij; k), (2.4)

with intercept α, βi is vector of each school location with ith subject i = 1, 2, . . . , n. s is a thin-
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plate spline function for ageij where ageij denotes the age of the child i at school j, and k denotes
the number of knots (estimated from the data). In all our analysis, the level of significance was
set as “indication of significance”.p < 0.1 or “significant”; *p < 0.05, ** p < 0.01 or “highly
significant” ***p < 0.001 and 95% confidence intervals were calculated for each model.

2.4 Results

As reported in the primary study, 520 children were tested using urine CCA-dipsticks for S. man-

soni and urine filtration for S. haematobium [127]. Our provisional secondary analysis found that
the prevalence of S. mansoni at each school ranged from 67.5% to 96.7%, with overall pooled
prevalence of 82.5% [T+]. Schistosoma haematobium prevalence ranged from 3.3% to 60.0% with
an overall pooled prevalence of 24.0%. Co-infection prevalence by school, ranged from 1.67%
to 56.7% with overall pooled prevalence of 21.0% (Table 2.1). Ages of the SAC were between 6
and 15 years, with mean age 10.4. Ndembo school had the lowest mean age sampled with 9.77,
whereas Mtengza had the highest with 10.7. Trace negative [T-] prevalence summary can be found
in Appendix B Table B.1.

2.4.1 Prevalence heatmaps

Fig 2.2 shows that there was considerable heterogeneity between the schools. Further, S. haemato-

bium shows a similar pattern of prevalence among SAC to co-infection. Trace negative result [T-]
can be found in Appendix B Fig. B.3.

2.4.2 Generalised additive models

The thin-plate spline for age, adjusted for school, used in the GAM enables us to construct a smooth
function of the log odds ratio of infection with respect to age. For the average binned residuals, no
evidence of outliers or systematic model bias was found, suggesting model fitted well (Appendix
B Figs. B.6 and B.7).

Fig. 2.3a shows very strong evidence for a non-linear relationship between S. mansoni infection
and age [T+: p = 8.45 × 10−4], Fig. 2.3c shows strong evidence for a non-linear relationship
between co-infection and age [T+: p = 7.81× 10−3], whereas there is no evidence of a non-linear
relationship between S. haematobium infection and age [p = 0.114]. This is visualised in Fig. 2.3a,
S. mansoni [T+], where the smoothing coefficient for age goes from a negative to positive from
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ages 6 to 11 before decreasing back to negative, and similarly for co-infection in Fig. 2.3b. For
S. haematobium there was no clear pattern between prevalence and age for all the schools (Fig.
2.3c). Schistosoma mansoni [T-] and co-infection [T-] GAM adjusted for age and school result can
be found in Appendix B Fig. B.4.

In comparison to Mchoka School (baseline), the log odds of being positive for S. mansoni infection
increased by 0.767 [T+] per year [p = 4.40×10−2, 95% CI: 2.06×10−2, 1.51] at Samama. Similarly,
the log odds of being positive for S. mansoni infection [T+] increased by 1.52 [p = 2.37 × 10−3,
95% CI: 0.540, 2.50] at Koche, 2.63 [p = 1.21 × 10−2, 95% CI: 0.576, 4.69] at St Augustine 2,
1.48 [p = 2.50 × 10−2, 95% CI: 0.186, 2.78] at Sungusya, 1.47 [p = 2.67 × 10−2, 95% CI: 0.169,
2.76] at St Martins, and 1.47 [p = 2.68 × 10−2, 95% CI: 0.168, 2.76] at Chipelekera school per
year (Table 2.2). For S. haematobium, the following significant coefficient estimates suggest that
as a SAC ages, the log odds of being positive for S. haematobium infection decreases by -2.62 [p
= 1.24× 10−2, 95% CI: -4.68, -0.657] at Koche, increases by 1.75 [p = 1.99× 10−6, 95% CI: 1.03,
2.47] at Samama, 1.19 [p = 1.12 × 10−2, 95% CI: 0.271, 2.12] at St Augustine 2, and 1.74 [p =
2.52 × 10−4, 95% CI: 0.807, 2.67] at Ndembo per year compared to Mchoka (Table 2.2). Trace
negative [T-] result of the GAM can be found in Appendix B Table B.2.

For co-infection, the coefficient estimate for Samama school suggests a significant relationship
with age such that the log odds of being positive for co-infection increases by 1.81 [p =7.17×10−6,
95% CI: 1.01, 2.59] [T+] per year compared to Mchoka. Similarly, the log odds of being positive
for co-infection decreases by -2.26 [p =3.32×10−2, 95% CI: -4.34, -0.180] at Koche and increases
by 1.43 [p= 4.58× 10−3, 95% CI: 0.440, 2.41] at St Augustine 2, 1.89 [p = 1.37× 10−4, 95% CI:
0.920, 2.86] at Ndembo and 1.05 [p = 4.51× 10−2, 95% CI:28× 10−2, 2 07] at Mtengeza per year.

Given our fitted GAMs, Fig. 2.4 provides a prediction of the age-prevalence profile for each out-
come in each school. The predictions indicate that prevalence was highly heterogeneous between
schools, and highly heterogeneous in terms of the modelled infection outcome. The trace negative
result [T-] can be found in Appendix B Fig. B.5.

2.5 Discussion

To our knowledge, the secondary analysis reported here is the first to analyse the IS infection-age
relationship within SAC in a newly established and novel co-infection focus. The newly emerging
focus of IS was first noted by Al-Harbi et al. [11] then described in greater detail by Kayuni et

al. [127]. Even though MDA has been ongoing, this focus of IS and co-infections thereof, is
being further documented as it seemingly spreads along the southern part of the shoreline of Lake
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Figure 2.2: Heatmap showing the age of the children vs school prevalence for a) S. mansoni [T+]
b) S. haematobium c) co-infection [T+]. Order of schools on heatmap was by highest to lowest
prevalence ranking for S. mansoni and showed that there was considerable heterogeneity between
the schools. Further, S. haematobium shows a similar pattern of prevalence among SAC to co-
infection.
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Table 2.1: Summary of prevalence of S. mansoni [T+], S. haematobium and co-infection [T+]

S. mansoni (CCA)[T+] S. haematobium (Urine filtration) Co-infection [T+]
Name No. Positive (%) 95% CI No. Positive (%) 95% CI No. Positive (%) 95% Cl

Mchoka (N=80) 54 (67.5) 57.5-77.5 15 (18.9) 10.0-27.5 11 (13.8) 6.25-21.3
Samama (N=80) 65 (81.3) 72.5-88.8 45 (56.2) 45.0-67.5 38 (47.5) 36.3-58.8
MOET (N=60) 49 (81.7) 71.7-90.0 5 (8.33) 1.70-15.0 4 (6.67) 1.67-13.3
Koche (N=60) 54 (90.0) 81.7-90.0 1 (1.67) 0.00-5.00 1 (1.67) 0.00-5.00

St Augustine 2 (N=30) 29 (96.7) 90.0-100 13 (43.3) 26.7-60.0 12 (40.0) 23.3-56.7
Ndembo (N=30) 25 (83.3) 70.0-96.7 18 (60.0) 43.3-76.7 17 (56.7) 40.0-73.3
Sungusya (N=30) 27 (90.0) 76.7-100 5 (16.7) 3.33-30.0 4 (13.3) 3.33-26.6
St Martins (N=30) 27 (90.0) 80.0-100 1 (3.33) 0.00-10.0 1 (3.33) 0.00-10.0
Chikomwe (N=30) 24 (80.0) 63.3-93.3 3 (10.0) 0.0-23.3 3 (10.0) 0.00-23.3
Chipeleka (N=30) 27 (90.0) 76.7-100 8 (26.7) 13.3-43.3 7 (23.3) 10.0-40.0
Makumba (N=30) 23 (76.7) 60.0-90.0 2 (6.67) 0.00-16.7 2 (6.67) 0.00-16.7
Mtengeza (N=30) 25 (83.3) 70.0-96.7 9 (30.0) 13.3-46.7 9 (30.0) 13.3-46.7

Total (N=520) 429 (82.5) 79.2-85.8 125 (24.0) 20.4-27.7 109 (21.0) 17.5-24.4

Malawi in the Mangochi District. For S. mansoni infection detected by CCA dipsticks from the
primary data [127], our secondary analysis finds that a positive association between IS prevalence
and age was observed up to the age of 11, after which there was a decreasing trend [T+: p =
8.45× 10−4]. As might be expected, co-infection showed a similar pattern [T+: p = 7.81× 10−3],
largely mirroring the IS pattern. By contrast, no clear age-infection pattern for UGS was identified
[p = 0.114].

Other studies on Schistosoma infection carried out in sub-Saharan Africa have found varied peak
age-infection profiles and all to be expected to arise around early to mid-adolescence [10–15 years]
[17, 65, 76, 132, 133]. The earlier observed peak in S. mansoni and co-infection prevalence at
the age of 11 in this study compared to up to 15 years may be a result of the newly established
transmission potential of this species locally alongside growing acquired immunity in exposed
children. This is due to their cumulative exposure to parasite antigens as adult worms die within
the body after treatment or natural senescence, or as egg antigens present. Literature reports varied
age-infection profiles considered to be dependent on the transmission rates and focality [123].

In classic infection epidemiology of schistosomiasis, changes in the “peak shift” are known [109,
123]. These can be explained by site-specific factors, for instance, water exposure, environmental,
socio-economic, genetic, MDA compliance, as well as age and sex profiles within a community
[121]. In our instance, the expansion of the underlying distribution of Bi. pfeifferi both in time
and space is an influential transmission potential driver of IS. A key observation is the contrasting
age-prevalence by schistosome species, yet each share a common infection pathway, viz. exposure
to unsafe water. The occurrence of the snail species present in unsafe water is an underlying
heterogeneity of the fine-scale distributions of intermediate snail hosts, viz. Biomphalaria for S.

mansoni and Bulinus for S. haematobium. The latter genus of snail is also undergoing a reappraisal
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as cryptic species, with as of yet unknown transmission potentials, as described in [134]. Whilst
Kayuni et al. 2020 [127] and Al-Harbi et al. 2019 [11] presented information on the presence
and absence of Biomphalaria, a similarly precise map for Bulinus is starting to emerge [134]. A
recent study of Bi. pfeifferi has confirmed a year-on-year expanding distribution of this species
along the shoreline of the lake, with clear evidence of schistosome DNA in examined snails from
several independent locations [135]. It is reasonable to speculate that further transmission foci for
intestinal schistosomiasis will continue to appear in the lake and along its periphery.
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Figure 2.3: Thin plate spline functions of the log odds ratio of Schistosoma infection by age in
SAC for (a) S. mansoni [T+] (b) S. haematobium (c) coinfection [T+]. A general trend towards
SAC between 9 and 12 years old having the highest odds of infection was seen in all cases, though
that for UGS is not statistically significant.
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Figure 2.4: Smoothed age-specific prevalence of Schistosoma association with age of SAC for each
school. a) S. mansoni [T+] b) S. haematobium C) co- infection [T+]. Light Green: Chikomwe,
Yellow: Chipeleka, Dark Blue: Koche, Purple: Makumba, Orange: Mchoka, Brown: MOET, Red:
Mtengeza, Black: Ndembo, Light Blue: Samama, Pink: St Augustine 2, Dark Green: St Martins,
Mauve: Sungusya.
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Table 2.2: Coefficients for the GAM with age smoothing term adjusted for school

S. mansoni [T+] S. haematobium Co-infection [T+]
95% Cl 95% CI 95% CI

Smooth term (p-value)
Age 8.45× 10−4*** 0.114 7.81× 10−3**
Factor (estimated coefficient)
School
Samama 0.767* (0.0206,1.51) 1.75*** (1.03, 2.47) 1.81*** (1.01, 2.59)
MOET 0.796. (-0.0251,1.62) -0.940. (-0.202,0.138) -0.815 (-2.02, 0.391)
Koche 1.52** (0.540, 2.50) -2.62* (-4.68, -0.567) -2.26* (-4.34, -0.180)
St Augustine 2 2.63* (0.576, 4.69) 1.19* (0.271, 2.12) 1.43** (0.440, 2.41)
Ndembo 0.621 (-0.465, 1.71) 1.74*** (0.807, 2.67) 1.89*** (0.920, 2.86)
Sungusya 1.48* (0.186, 2.78) -0.143 (-1.26,0.975) −4.33× 10−2 (-1.28, 1.20)
St Martins 1.47* (0.169, 2.76) -1.92. (-3.99, 0.155) -1.57 (-3.67, 0.532)
Chikomwe 0.634 (-0.393, 1.66) -0.745 (-2.07, 0.578) -0.387 (-1.75, 0.97)
Chipeleka 1.47* (0.168,2.76) 0.445 (-0.546, 1.43) 0.628 (-0.444, 1.70)
Makumba 0.484 (-0.503, 1.47) -1.16 (-2.70, 0.386) -0.788 (-2.37, 0.791)
Mtengza 0.928. (-0.160, 2.02) 0.656 (-0.314,1.63) 1.05* (0.0228, 2.07)
Mchoka 0 - 0 - 0 -

Heterogeneities in prevalence among the schools were also found in our secondary analysis, with
Mchoka School having the lowest prevalence and St Augustine 2 the highest prevalence for S.

mansoni infection. Clearly, this heterogeneity indicates that there are many further un-considered
factors that affect the transmission of Schistosoma infection within SAC, such as location, local
environmental and socio-economic factors. For instance, SAC living and attending school in ar-
eas near the lake shoreline have been found to have increased and different age-infection profiles
compared to inland villages [76]. As longitudinal data were not collected in the primary study, we
were not able to assess seasonal or long-term variation in prevalence; however it is possible that
the force of infection could vary spatially and temporally. For instance, environmental changes
such as increases or decreases in water levels of the lake, flooding events or fluctuations in aquatic
vegetation could impact SAC water contact [11, 127]. Another factor not studied was reinfection
after preventive chemotherapy, as PZQ only affects the adult worms, and any immediate snail ex-
posure could therefore lead to reinfection. Further studies into the relationship between age, water
exposure rates and treatment in the future could enhance our perspective of age infection profiles.
Identifying the peak of infection prevalence within SAC at school level using a GAM increases the
interpretability of our findings by turning noisy data into useful and assessable information which
in turn will help better our understanding of epidemiology of infection and other control methods
along the southern part of the shoreline [136].

A further limitation of this secondary analysis was that, owing to available resourcing, sample size
taken from each school in the primary data was constrained [127]. Further, the schools may not
had been a representative samples as for example, Moet and Koche were chosen as near newly
identified Biomphalaria snail habitat whereas 8 of the schools were randomly sampled. Further
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trace positive result were mainly considered instead of trace negative results, which allows for
low intensity infections to be considered however, can overestimated the prevalence of infections
[63, 129]. More generally, GAMs are sometimes known to smooth out underlying relationships
excessively. Also, they have higher computational load compared to linear models and unstable
behaviours at the boundaries of smooth splines [137]. Nevertheless, for the purpose of our study,
the general age-prevalence relationships were detected adequately, and provide a useful insight for
future research into the causal mechanisms driving this infection biology.
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2.6 Conclusion

Our study which is a secondary analysis of recently collected epidemiological data concerning a
newly emergent focus of IS against an existing background of UGS, provides evidence for the peak
of prevalence for Schistosoma infection being around 11 years for both S. mansoni mono-infection
and co-infection with S. haematobium along the southern part of Lake Malawi in Mangochi district.
However, considerable heterogeneity still remains in terms of baseline prevalence between schools,
and investigating this in terms of demographics and Schistosoma transmission dynamics requires
further research. In particular, understanding how SAC exposure is related to water access will
require both further prevalence and malacological niche mapping. Coupling these conclusions
into statistically-grounded infection modelling techniques will advance the understanding of the
dynamics of Schistosoma infection, and hence inform future intervention programmes.

2.7 Declaration of Competing Interest

None.

2.8 Data availability

Anonymised epidemiological data are available from the corresponding author upon request.

2.9 Acknowledgments

With thanks to the field teams and children in Malawi who participated in the surveys. Thank you
to Dr. Claudio Fronterre at Lancaster University for helpful discussions during the preparation
of this manuscript. We gratefully acknowledge the MRC DTP LSTM & Lancaster University
(MR/N013514/1) for funding for AR.

57



Chapter 3

A geospatial analysis of local intermediate
snail host distributions provides insight into
schistosomiasis risk within under-sampled
areas of southern Lake Malawi

Authors list: Amber L Reed1, Mohammad H Al-Harbi2,3, Peter Makaulai4, Charlotte Condemine2,
Josie Hesketh2, John Acher2, Sam Jones2, Sekeleghe A Kayuni2,4, Janelisa Musaya4, Michelle C
Stanton5, J Russell Stothard2, Claudio Fronterre1, Christopher Jewell6

Author Affiliations

1. Lancaster Medical School, Lancaster University, Bailrigg House, Bailrigg, Lancaster, LA1
4YE

2. Tropical Disease Biology, Liverpool School of Tropical Medicine, Pembroke Place, Liver-
pool L3 5QA

3. Ministry of Health, Buraydah 52367, Saudi Arabia

4. Malawi Liverpool Wellcome Trust Programme of Clinical Tropical Research, Queen Eliza-
beth Central Hospital, College of Medicine, P.O.Box 30096, Blantyre, Malawi

5. Vector Biology, Liverpool School of Tropical Medicine, Pembroke Place, Liverpool L3 5QA

6. Mathematics and Statistics, Lancaster University, Bailrigg House, Bailrigg, Lancaster, LA1
4YE

58



Chapter 3. A geospatial analysis of local intermediate snail host distributions provides insight
into schistosomiasis risk within under-sampled areas of southern Lake Malawi 3.1. Introduction

Keywords: Bulinus, Biomphalaria, Snail abundance, Bayesian multilevel models, Geospatial anal-
ysis, Gaussian latent process, Remote sensing

Abstract

Background: Along the southern shoreline of Lake Malawi, the incidence of schistosomiasis is in-
creasing with snails of the genera Bulinus and Biomphalaria transmitting urogenital and intestinal
schistosomiasis, respectively. Since the underlying distribution of snails is partially known, often
being focal, developing pragmatic spatial models that interpolate snail information across under-
sampled regions is required to understand and assess current and future risk of schistosomiasis.

Methods: A secondary geospatial analysis of recently collected malacological and environmental
survey data was undertaken. Using a Bayesian Poisson latent Gaussian process model, abundance
data were fitted for Bulinus and Biomphalaria. Interpolating the abundance of snails along the
shoreline (given their relative distance along the shoreline) was achieved by smoothing, using
extracted environmental rainfall, land surface temperature (LST), evapotranspiration, normalised
difference vegetation index (NDVI) and soil type covariate data for all predicted locations. Our
adopted model used a combination of two-dimensional (2D) and one dimensional (1D) mapping.

Results: A significant association between normalised difference vegetation index (NDVI) and
abundance of Bulinus spp. was detected [log risk ratio -0.83, 95% CrI: -1.57, -0.09]. A qualita-
tively similar association was found between NDVI and Biomphalaria sp. but was not statistically
significant [log risk ratio -1.42, 95% CrI:-3.09, 0.10]. Analysis of all other environmental data
were considered non-significant.

Conclusions: The spatial range in which interpolation of snail distributions is possible appears less
than 10km owing to fine-scale biotic and abiotic heterogeneities. The forthcoming challenge is to
refine geospatial sampling frameworks with future opportunities to map schistosomiasis within
actual or predicted snail distributions. In so doing, this would better reveal local environmental
transmission possibilities.

3.1 Introduction

Schistosomiasis is a freshwater snail-borne neglected tropical disease (NTD) common across much
of sub-Saharan Africa. Two forms of schistosomiasis occur, urogenital and intestinal schistosomi-
asis. Their respective transmission can only occur if permissive intermediate snail hosts of the
genus Bulinus and Biomphalaria respectively occur. While various species of Bulinus are present
in Lake Malawi, with Bulinus globosus and B. nyassanus responsible for most S. haematobium
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transmission, only from 2017 was Biomphalaria first formally noted along its southern shoreline.
The expanding distribution of Biomphalaria pfeifferi in this area has facilitated transmission of
Schistosoma mansoni, which causes intestinal schistosomiasis, which has now transitioned from
emergence to outbreak [11, 127, 134].

Owing to the singular importance of this newly invasive Bi. pfeifferi, subsequent malacological
surveys were undertaken to track its presence alongside concurrent parasitological surveys in local
children attempting to define the extent of schistosomiasis, particularly IS. These surveys demon-
strated the need for further surveillance of snails, alongside emphasis upon updated and tailored
interventions and policies for control of schistosomiasis in this lacustrine setting [11, 127, 134].
However, as snail distributions can be patchy or focal, owing to their dependency on local habitats,
many gaps in current cartography and predictive mapping are exposed [138]. Indeed, variation
in such local characteristics creates difficulties in outlining either permissive or refractory areas
where snails may or may not be found, thereby confounding control strategies.

A combination of climate change and human behaviour is thought to be the primary reason for
Biomphalaria invasion and colonisation into new areas [85]. Characteristics such as vegetation,
temperature, rainfall (precipitation), evapotranspiration and soil type have been reported as possi-
ble effects on determining snails’ presence and abundance, increasing potential heterogeneity in
snail populations over a wide area [85–87]. Changes in climate and seasonal patterns are therefore
likely to alter transmission of schistosomiasis over both space and time, increasing the need for
identifying snail habitats to target appropriate control interventions [85]. However, although snail
distribution within a geographical area can be measured through malacological surveillances, phys-
ically collecting freshwater snails is expensive and time consuming, and it is therefore unfeasible
to sample every possible location. Thus, effective sampling remains incomplete.

Lake Malawi dominates the eastern side of Malawi, being 600km long and 75km wide. It is known
as the second deepest lake in Africa [76] and is vital for those using it for irrigation, agriculture,
water supply, fishing industries and tourism [139]. Due to the lack of sanitation in Malawi, human
urine and faecal materials continuously contaminate the shoreline facilitating the transmission of
schistosomiasis, amongst other water-borne pathogens [140]. In Mangochi District, representing
the southern part of Lake Malawi, the eastern side of the lake is mountainous with high elevation
(1000–1500m), whereas the western side is flat and with lower elevation (<500m) [141, 142].
Lower temperatures and higher winds are reported on the eastern side [143], with low-lying areas
such as the upper Shire River margins vulnerable to flooding [144]. More broadly, the climate
of this southern part of the shoreline is affected by the migration of the Inter-Tropical Converge
Zone (ITCZ). This leads to the dry season with cooler temperatures occurring between May and
August, hotter temperatures between September to November and wet season between December
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and April [145, 146]. Rainfall is dependent on altitude and time of the year [147]. Lake water levels
vary over time and are at their highest during wet season, which also affects evapotranspiration
and outflows to the Shire River [127, 144]. Most important perhaps, is an increasing human and
livestock population which is leading to more frequent water contact, enhancing opportunities for
transmission of schistosomiasis [127, 138].

The World Health Organisation (WHO) has supplied new guidelines to target elimination of schis-
tosomiasis by interrupting transmission [63]. The ability to be able to identify locations where
freshwater snails are most abundant aids targeted control methods, preventing initial infection and
re-infection and hence helping eliminate or reduce transmission [67, 148, 149].

Here in the Lake Malawi setting, we undertook a secondary analysis of primary malacological data
first reported by Al-Harbi et al. 2019 [11] and Kayuni et al. 2020 [127]. Our study models the
snail distributions as a function of environmental and climate data measured along the shoreline
aiming to i) interpolate and predict the distribution of the snails along the shoreline of Lake Malawi
where the snails had not been sampled and ii) assess the association between environment data
and snail distributions. In turn, we hoped to clarify the extent of environmental heterogeneities
for schistosomiasis transmission along the shoreline of Lake Malawi and inform the targeting of
control programmes to the most appropriate snail breeding sites.

3.2 Methods

The data used in this study consist of observations of snail abundance at a small number of discrete
locations on the Lake Malawi shoreline together with remote-sensing data used to describe snail
habitat. These are described separately below.

3.2.1 Snail abundance

The primary dataset reported in Al-Harbi et al. 2019 [11] and Kayuni et al. 2020 [127] which this
secondary analysis is based on, originally collected malacological surveys between 2017–2019 as
shown in Figure 3.1. Pilot surveillance data from November 2017 identified Biomphalaria sp. and
Bulinus spp. along the shoreline. May/June 2018 and 2019 malacological surveys resampled some
of the original locations and added new sites based on satellite imagery or randomly based on their
surrounding environment suitable for breeding sites to confirm the emergence and outbreak of IS.
The Danish Bilharziasis Laboratory key was used to identify Bulinus and Biomphalaria according
to shell morphology. Figure 3.1b shows a map of sampling sites, together with their relationship
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to primary schools in the region, demonstrating human proximity to the lake shore and hence
potential for exposure to infected snails.

d)

b)a)

c)

Figure 3.1: Primary dataset collected data a) Map of Malawi in dark blue. Red crossed: study
area; black line: prediction points. Parasitological surveys: b) Primary school locations along the
shoreline. Malacological surveys: c) observed Biomphalaria snails; d) observed Bulinus snails.

The snail abundance counts taken from the primary dataset snail counts were numerical counts or in
some cases reported as approximate values, e.g 300+. In our study we took these approximate value
and assumed these values to be the closest lowest value, e.g. 300. The recorded sites considered in
our study are shown in Figures 3.1c and 3.1d.
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3.2.2 Remote sensing data

Publicly available continuously collected satellite sensory systems were used to extract environ-
mental and climatic data measured adjacent to the shoreline as shown in Figure 3.2. Rainfall
estimates were extracted between 1th January 2017 to 30th June 2019 from Tropical Applications
of Meteorology using satellite data and ground-based observations (TAMSAT) with a monthly
frequency at 4km resolution [150–152]. Land Surface Temperature (LST), evapotranspiration,
Normalised Difference Vegetation Index (NDVI) raster data were obtained from Land Processes
Distribution Active Archive Center (LPDAAC) [153–156]. LST data between 1st November
2017 to 30th June 2019 were extracted from Moderate Resolution Imaging Spectroradiometer
(MODIS)/Terra LST/Emissivity 8-Day L3 Global 1km SIN Grid raster (MOD11A2v061) [153].
Evapotranspiration data were extracted between 1 January 2014 to 1 January 2019 (5-year time
frame) from Modis/Terra Evapotranspiration Gap-Filled Yearly L4 Global 500m SIN Grid raster
(MOD16A3GFv061) [154]. NDVI data between 1th November 2017 to 30th June 2019 were ex-
tracted from Modis/Terra vegetation indices 16-Day L3 Global 1km SIN Grid raster (MOD13A2v0061)
[155]. Soil type polygon data were taken from the International Soil Reference and Informa-
tion Centre (ISRIC) World Soil Information and were derived from the Soil Terrain Database for
Malawi (SOTER) at a scale of 1:1M [157]. After extracting the values, the temporal covariates
were aggregated by taking the mean of the values over the time frame.

3.2.3 Construction of 200 prediction points along the shoreline

Snail abundance was predicted in 1D representation to allow us to interpolate the values along
the whole linestring. We made this assumption on the basis that snails live along the shoreline,
in habitats that are associated with human water contact and entry, so correlations between snail
locations are affected by distance along the shoreline and not, for example, by stretches of deep,
open water, e.g. mouth of a bay.

The 1D shoreline was represented by computing the distances between a sequence of 200 vertices
obtained from the 2D linestring representation. To achieve this, we used the following method
: i) A 2D linestring was drawn by hand following the shoreline as shown by Google Satellite
imagery (Figure 3.1). ii) the linestring was re-sampled to 4000 equally spaced vertices, iii) each
observed sampling site location was snapped to its nearest vertex; iv) the distance along the line
from the origin (northwest-most vertex) to each of the snapper observed sampling site locations
was computed (Appendix C Figures C.1 and C.2). Additionally, we sub-sampled the 4000 vertices
at equal intervals to a set of 200 prediction points.
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a)

e)d)

b) c)

Soil type

Figure 3.2: Raster plot of extracted covariate data. a) Rainfall (mm), b) Daytime LST (◦C), c)
Evapotranspiration d) NDVI. e) Soil types for southern part of Lake Malawi shoreline, adapted
from Dijkshoorn et al. 2016 [157]. Black line shows the shoreline template where covariate values
were extracted from.
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3.2.4 Extraction of remote sensing data to linestring vertices

The covariate data were created by extracting the values of each remotely sensed covariate layer
data variable surface at each of 200 linestring vertices. To do this, the mean of raster pixels within
a 1km buffer around each vertex was computed. Where missing values were found for a vertex, the
buffer took the calculated mean value for the previous corresponding vertex working away from the
origin. In cases where missing values were present as the first sampling point, the next collected
value was taken. From the 200 prediction points created, 196 points were actually predicted as
removed CM soil type from the analysis due to lack of data points.

3.2.5 One dimensional Poisson latent Gaussian process regression

3.2.5.1 Bayesian Multilevel Model

A Bayesian Poisson multilevel model (BMLM) with a Gaussian latent process (GP) was developed
using STAN programming language [158], which uses a Markov Chain Monte Carlo (MCMC)
algorithm to regress snail abundance data onto the remotely sensed covariate data, accounting for
(1D) spatial correlation along the shoreline. We assume that the number of snails observed at a
sampling location was Poisson distributed, with log-mean given by a coefficient-weighted sum
of the covariates plus a spatially correlated error term. Covariance between the error terms was
represented as the sum of spatially correlated variance (using quadratic, exponential, or Matérn)
κ uncorrelated (or nugget) variance [159]. Suitably weakly informative priors were applied to the
model coefficients and variance terms, with MCMC run for 10,000 iterations. Posterior summaries
(mean and 95% credibility intervals) were computed for the fitted model, as well as predictive
distributions for each of the linestring vertices conditional on the data. All data processing and
analysis were performed in R version 4.1.1. See Model Formulation (next section 3.2.6) for a
mathematical explanation of the model.

3.2.6 Model Formulation

3.2.6.1 Model

We used a Bayesian log-linear Gaussian Process model to smooth observations of snail abundance
along the shoreline. We assume that the number of snails yi at observed (sampling) locations xi

expressed as distance along the shoreline relative to an arbitrary reference point follow a Poisson
distribution with mean µi:
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yi ∼ Poisson(µi), (3.1)

The mean number of snails is then modelled on the log-scale as sum of two components: a set of
covariates expressed through the design matrix Z and a Gaussian process :

log(µi) = α + ZT (xi)β + S(xi). (3.2)

S is modelled using a 1-Dimensional (1D) Gaussian process with exponential correlation function
with standard deviation σ and fixed length scale ϕ=3.33km (5% range of measured shoreline). We
also included an additional uncorrelated variance term τ (nugget effect). We place priors on our
unknown model parameters,

α ∼ N(0, 100), (3.3)

βi ∼ N(0, 5), (3.4)

σ ∼ Γ(1, 1), (3.5)

τ ∼ Γ(0.1, 0.1). (3.6)

Where Γ distribution is defined using shape and rate parameters. The STAN probabilistic program-
ming language was used to fit the model, allowing us to project the Gaussian process onto a fine
grid of points along the shoreline to create predictions of snail abundance at arbitrary points in our
study region.

3.2.6.2 GP prediction

To get the GP prediction values we find the mean of the Poisson distribution variables.

log(µ̂i) = α̂ + ZT (x∗
i )β̂ + ŝ(x∗

i ), (3.7)

where µ̂i is our GP prediction of the number of snails present, x∗
i is the covariate values for each

prediction point, where i = 1, . . . ., N .
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3.2.6.3 Latent Gaussian process

s(x⃗) ∼ SGP (0,Σ2), (3.8)

where Σ is the covariance matrix. The exponential covariance function is represented as the fol-
lowing:

Σ2
ij =

σ2 exp
−∥xi−xj∥

σ if i ̸= j,

σ2 + τ 2 if i = j,
(3.9)

where || · || denotes the distance between xi and xj .

3.3 Results

3.3.1 Observed data

After cross-checking the observation data, as shown in Figure 3.3, we obtained 33 locations where
Biomphalaria sp. and 63 locations where Bulinus spp. were present. The mean number of snails
for Biomphalaria sp. was 6.03 ranging from 0 to 50 snails, with the most snails found at 46.17km
along the shoreline from the origin. The mean number of snails for Bulinus spp. was 28.20,
ranging from 0 to 300 snails, with the most snails found at 14.66km along the shoreline from the
origin. For observed Biomphalaria sp. data the extracted environmental data ranges were rainfall
with mean 78.8 [63.01-89.51]mm and LST with mean 29.68 [24.97-32.44 (◦C)] For Bulinus spp.
data the extracted environmental data ranges were rainfall with mean 80.62 [63.01-89.5]mm and
LST with mean 30.28 [24.97-32.44 (◦C)]. Appendix C shows the observed data for 1D (Figure
C.3) and 2D (Figures C.4 and C.5). A histogram of the centred and scaled covariates is shown in
Appendix C.3 Figure C.6.

3.3.2 Environmental data prediction points

The extracted environmental data prediction point ranges were: rainfall [59.82-90.37mm], LST
[24.68-32.46 (◦C) ], NDVI [0.29-0.61] and evapotranspiration [0.10-0.66] along the prediction
points of the shoreline. Evapotranspiration was lowest and NDVI highest along the River Shire,
with eastern shoreline having the most rainfall and lowest LST (◦C) compared to the western
shoreline. Luvisolic (LV) soil type was absent around the River Shire compared to Gleysolic
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Figure 3.3: Scatter plot of absolute snails numbers observed at sampling points versus distance
along the shoreline in km. a) Biomphalaria sp; b) Bulinus spp..
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(GL) soil type; Planosolic (PL) soil type was presence at the entrance to River Shire and south of
the River Shire compared to GL soil type. The distributions of the values of the environmental
covariates are shown in Figure 3.4 and a ID version can also be seen in Appendix C.3 (Figures
C.7a and C.7b).

a) b) c)

d) e) f)

Figure 3.4: Environmental data values extracted for each prediction point. a) LST(◦C) b) rainfall
(mm) c) evapotranspiration d) Normalised Difference Vegetation Index (NDVI) e) Luvisolic (LV)
f) Planosolic (PL). e and f are compared with Gleysolic(GL) soil type. Gap in shoreline is due to
the removal of CM soil type.
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3.3.3 Covariance function comparison

As shown in Appendix C: Figure C.8, the exponential quadratic covariance function was found to
over-fit the model (smooth out the snail abundance excessively), and the Matérn (κ=1.5) smoothed
the results, whereas exponential covariance function was the roughest fit of the model. Further-
more, there seemed to be no difference in predicted log(µ̂i) against distance along shoreline for
either Biomphalaria sp. or Bulinus spp. for the different covariance functions as shown in Ap-
pendix C.4 Figure C.9. This suggests that the effect of the covariates (environmental data) is more
prominent than in the Gaussian process.

3.3.4 Model fit

The Bayesian log-linear Gaussian process model converged well according to the trace plots of
the estimated parameters, and the priors were appropriately selected as shown Figure 3.5 and in
Appendix C.5 Figure C.10.
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(b) Bulinus spp.

Soil type PL sigma tau

NDVI Evapotranspiration Soil type LV

alpha Rainfall LST

5000 6000 7000 8000 9000 10000 5000 6000 7000 8000 9000 10000 5000 6000 7000 8000 9000 10000

5000 6000 7000 8000 9000 10000 5000 6000 7000 8000 9000 10000 5000 6000 7000 8000 9000 10000

5000 6000 7000 8000 9000 10000 5000 6000 7000 8000 9000 10000 5000 6000 7000 8000 9000 10000

-2

-1

0

1

2

-4

0

4

1.0

1.5

2.0

2.5

3.0

-3

-2

-1

0

1

-1

0

1

2

0

1

2

3

-2.5

0.0

2.5

5.0

7.5

-2

-1

0

1

-5.0

-2.5

0.0

2.5

chain

1

2

3

4

Figure 3.5: Trace plot of Bayesian log-linear Gaussian Process fitted model in Stan a) Biom-
phalaria sp. b) Bulinus spp.
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3.3.5 Covariate effects

Biomphalaria Bulinusa) b)

Figure 3.6: Posterior plot for each species a) Biomphalaria sp.; b) Bulinus spp. Red shaded area
represents the 80% credible intervals (CrI) and the extent of the curve is the 95% CrI.

Figure 3.6 shows the posterior distributions for the environmental covariate effects (on the log
scale) for each species of snail with 95% credible intervals (CrI). As shown in Figure 3.6 and table
3.1, a significant result was reported for NDVI, where 1-SD increase in NDVI had a -0.83 [CI:
-1.57, -0.09] reduction in the log µi, mean Bulinus spp. snail abundance at location i.

All other covariates were not significant however, the following were still found of interest: For
a 1-SD increase in the NDVI, the log µi mean Biomphalaria sp. abundance changes by -1.42
[CI: -3.09, 0.10] (reduction). For a 1-SD increase in rainfall, the log µi mean Bulinus spp. abun-
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Table 3.1: Estimated parameter values, mean and CrI

Biomphalaria Bulinus

Parameter Mean 95% CrI Mean 95% CrI

α 0.46 [-3.98,4.40] 2.32 [3.69,4.56]
Rainfall -0.05 [-2.74,2.75] -0.88 [-2.15,0.33]
LST 1.30 [-0.56,3.40] 0.04 [-0.72,0.81]
NDVI -1.42 [-3.09,0.10] -0.83 [-1.57,-0.09]
Evapotranspiration 1.61 [-0.04,3.56] 0.46 [-0.34,1.28]
Soil type LV -1.51 [-7.13,4.08] -0.04 [-3.07,3.11]
Soil type PL -3.48 [-7.56,0.52] -1.29 [-3.29,0.71]
Soil type GL
a. Credible interval (CrI), Land surface temperature (LST),
Normalized difference vegetation index (NDVI),
Luvisols (LV), Planosols (PL), Gleysols (GL).

dance changes by -0.88 [CI: -2.15, 0.33] (reduction). For a 1-SD increase in LST, the log µi mean
Biomphalaria sp. abundance changes by 1.30 [CI: -0.56, 3.4] (increased). For a 1sd increase
in evapotranspiration, the log µi mean Biomphalaria sp. abundance changes by 1.61 [CI: -0.04,
3.56]; similarly, the log µi mean Bulinus spp. abundance changes by 0.46 [CI: -0.34, 1.28] (in-
creased). For an increase of PL soil type compared to the baseline GL soil type, the log µi mean
Biomphalaria sp. abundance changes by -3.48 [CI:-7.13,0.52] (reduction); similarly, the log µi

mean Bulinus spp. abundance changes by -1.29 [CI: -3.29,0.71] (reduction). No association could
be found for LV soil compared to GL soil type.

3.3.6 Model predictions

For Biomphalaria sp., we predicted the greatest number of snails present to be close to Moet and
Koche schools. For Bulinus spp., a higher number of snails was predicted over a wider area, close
to Moet, Koche, Mtengeza, Chipeleka and Sungusya schools. However, for both Biomphalaria

sp. and Bulinus spp., there was great uncertainty around all locations (2D version Figure 3.7; 1D
version, Appendix C.7 Figure C.11).
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3.4 Discussion

Our secondary spatial analysis has made a seminal attempt to analyse, interpolate and then predict
Biomphalaria and Bulinus snail distribution in unsampled locations in the southern part of Lake
Malawi, Mangochi District. Our study found a significant negative association between NDVI and
snail abundance for Bulinus spp. Analysis of our results are also indicative of a similar association
between NDVI and Biomphalaria sp. abundance, although this was not significant given our cur-
rently available data. Other covariates considered in the model were all non-significant, as reported
in Table 3.1; despite their uncertainty, we reported an increase in rainfall along the shoreline, which
causes a reduction in the mean snail abundance found along the shoreline for Bulinus spp.. How-
ever, an increase in evapotranspiration and in LST along the shoreline, may each cause an increase
in the mean snail abundance found along the shoreline for both Bulinus spp. and Biomphalaria

sp.. For soil type, we found that an increase in PL or LV caused a reduction in the mean abundance
found along the shoreline compared with GM. The characteristics of the shoreline of the south-
ern part of Lake Malawi are known to vary considerably over focal areas (Figure 3.8) and in turn
can increase or decrease snail abundance. We discuss our findings below upon consideration of
other studies and establish how this could help to identify risk of schistosomiasis transmission risk
locally.

In most previous studies, increasing vegetation (higher NDVI) was shown to have a positive as-
sociation with snails found due to vegetation providing more suitable breeding sites, whereas our
study suggests a negative association [160–162]. This difference in result is likely due to our focus
on Lake Malawi, where molluscivorous fish may be present, as opposed to a more general area
including smaller bodies of stagnant water, which typically lack such predatory fish.

The presence of land vegetation around the shoreline may well be descriptive of the land topology
and hence the depth of the water in the immediate vicinity-deeper water is likely less conducive
to snail habitats because of the absence of aquatic flora. Furthermore, the type of vegetation and
whether it is submerged or nonemergent floating vegetation are known to be important as the
freshwater snails need protection from wave action and food resources, aiding egg-laying, and this
was not considered in our model [130, 163].

There is an indication that an increase in rainfall decreases snail abundance in our model despite
its uncertainty. First this result could be due to the water flow increasing and spreading to new
locations not yet colonized, causing the disruption of the freshwater snail habitats [161]. Second,
an increase in rainfall has been reported to increase turbidity of water and in turn decrease the
presence of snails [161, 162]. Lastly, increases in rainfall and water flow have also been reported to
cause rapid changes in temperature causing thermal shock and reduced egg-laying of the freshwater
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Figure 3.8: A collection of location photographs representative of the variation of the Southern
part of Lake Malawi. Pictures taken during field work studies carried out during August 2022
showing the east side of southern part of the Lake Malawi shoreline (unpublished). Pictures taken
by Alexandra Juhasz.
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snails, causing an overall reduction in snail abundance [163].

In contrast to our result, some cases studies have found increase in snail abundance during increase
in rainfall. For instance, when excess rainfall (flooding) occurs, new areas of snail habitat can
occur where previously snails were not present or eliminated. Runoff water can create new pools
adjacent to the shoreline or inland, allowing more breeding sites to be colonized by the intermediate
snail host and thus increasing freshwater snail abundance [85]. Consequently, flooding can change
the human-snail contact interplay, through an indirect effect on human behaviour, and thus the
associated risk of schistosomiasis transmission [135, 164]. However, other studies have suggested
that during flooding, these newly established pools of water can lead to humans visiting these
new sites instead of the Lake Malawi with a possible decreased likelihood of snails being present
already in these new sites, which could lead to a reduction in schistosomiasis transmission [160,
164]. Adding to the complexity, rainfall and water levels are known to oscillate over time, with a
general decrease in lake levels reported more recently, with ongoing localised peaks of lake levels
occurring through time [127]. This could impact the snail abundance and its presence spatially
and temporally and indirectly affect human behaviour as mentioned before [127, 135, 164]. For
example, if the lake levels are regulated by needs for hydroelectricity or because many individuals
prefer to make contact with shallower and safe areas of the lake [165, 166].

Analysis of our results suggest that an increase in LST increases Biomphalaria sp. and Bulinus spp.
snail abundance. Many laboratory studies have been carried out to try find the optimal temperature
for snail survive. For Biomphalaria sp. snails the optimum temperature has been found to between
15 and 30 ◦C, where there is a decrease in snail abundance above 30 and 35◦C, and no snails
survive above 35◦C [135, 165]. For our prediction points along the shoreline, the LST ranged
between 25 and 32◦C, which suggests Biomphalaria sp. snail abundance still increases above
30◦C. This difference could be due to it being in natural environment where snails are able to
adapt to climate change [167]. It has also been reported that freshwater snails move further into
the lake when temperatures increase, which we did not consider in our model because it was
constrained to the shoreline and buffer area [168].

Similarly, there is an indication that increased evapotranspiration increased the Biomphalaria sp.
and Bulinus spp. snail abundance in our study. The increase in evapotranspiration, also known as
the increase in evaporation of water, is known to have an impact on pH, salinity (salt concentra-
tion), conductivity and temperature of water through unpublished field studies, these finer physical
characteristics need to be further investigated. This suggests an increase in evapotranspiration
causes these unexplored covariates to become more habitable for intermediate snail hosts, causing
an increase in local snail abundance. How these unexplored covariates interact and their effect on
snail abundance are not considered in our study but have has been investigated in other studies
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[85].

Our study found PL soil type decreases snail abundance compared to GL soil type. PL soil types
are clay-based, plinthic soils with high concentrations of iron. GL soils are mineral soils, which are
a mixture of sand, silt and clay. Both muddy when rainfall occurs (become water-logged) [169].
A previous study by Koch et al. 2004, found the opposite result with muddy soil being reported
to improve the survivability of Biomphalaria sp. by preventing them from losing moisture in the
hot and dry seasons compared with sandy ones and stony and decomposing material [86]. The
difference between PL and GL soils, is that GL is known for its iron reduction [170]. Kulina et

al. 2018 [171], reported an increase in Schistosoma transmission risk in groundwater with higher
iron concentration [171]. We found a different result which suggested another chemical within the
soil type could be interacting with the snail abundance and affecting transmission. Furthermore,
there was uncertainty in our results. The soil types from SOTER database are for wide scales;
lower level data are needed to improve the information on more localised soil types [157]. Other
resources have been created, for example SoilGrids for Africa, which, if time permitted and it
provided lower level data for southern Malawi, could be applied to our study in the future [172].

Our secondary analysis study shows substantive heterogeneities in snail distributions along the
lake’s shoreline, with certain schools being close to areas of increased abundance of snails. Hence
SAC attending these schools may be more likely to be exposed to schistosomiasis. Moet and Koche
schools were predicted to be nearest to the highest number of Biomphalaria sp. present along the
shoreline, suggesting that more S. mansoni infections probably occur at these schools compared
to the 12 other schools. Whereas, Moet, Koche, Mtengeza, Chipeleka and Sungusya were all pre-
dicted to be nearest to the highest number of Bulinus spp. However, for both Biomphalaria sp.
and Bulinus spp., predicted presence along all the shoreline had large uncertainty. Furthermore
we cannot be certain about the exposure risk for the SAC as this secondary analysis does not con-
sider their water contact patterns, including where they visit (how far they travel to) the shoreline,
frequency, type of contact and how long they remain at the shoreline. This needs to be further
investigated as previous studies have reported increased snail abundance in localised areas where
more water contact is occurring [168, 173]. In addition, the ability to measure exposure risk for
SAC from our secondary analysis is dependent on presence of snails in an area being indicative
that freshwater snails present are shredding cercariae, but it is difficult to be certain of this [163].

There are many more physical, chemical and environmental factors (abiotic and biotic) which
could impact Schistosoma intermediate snail habitats and their relative snail abundance; these were
not considered in our model, because of time constraints or non-accessible data e.g. pH, salinity,
conductivity, flow velocity, turbidity, calcium and bicarbonate concentration, dissolved oxygen,
soil density and water capacity [163, 164, 174]. Furthermore, other factors such as food source,
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pollution (e.g. discarded plastics), parasitism and even the competition for snail habit with other
organisms within an area were not considered in our model [174]. Variation in human movement
patterns can make it difficult to locate the location of acquired infected. A land use and human
influence index could have been included in our model if time had permitted [83].

One limitation of our study is the restricted study period (November 2017 to June 2019, except
for 5-year evapotranspiration time frame) as well as taking the mean values for each prediction
location. Rabone et al. 2019 [168] reported seasonality affecting snail abundance, with higher
snail abundance during the dry season compared to the wet season. For instance, seasonality can
affect growth of vegetation and therefore the freshwater snail’s life due to the variation in sunlight,
therefore leading to changes in snail abundance [174]. In the future, we would like to investigate
how seasonality affects the snail distribution using our model. We reported on the seasonal changes
of the covariate data in Appendix C.2 (Figures C.3, C.4 and C.5); this allows observation on how
covariate data change over time, although this was not considered in our model.

As mentioned before, another known limitation is that snails are not only found on the shoreline
of Lake Malawi but also in pools adjacent to the lake or rivers, ponds and streams. This has been
reported to affect snail abundance by affecting the microhabitat, for instance by changes tempera-
tures [168, 175]. Unpublished field work studies in 2021, showed that on southern lake slopes in
areas, the western side of the shoreline had longer shallower areas. The area near the Upper Shire
River is known to have more vegetation and swampy areas than the rest of the shoreline. Bathy-
metric data for water depth were originally considered in our secondary analysis, taken from the
GLObal Bathymetric (GLOBathy) dataset, which relies on HydroLakes dataset [175]. However,
it was excluded from the study because of missing River Shire values as shown in Appendix C.8
(Figures C.12a. C.12b, C.13 and C.14). Therefore, water depth needs to be further investigated.
As mentioned before, water levels are known to vary over time, leading to changing water depth.
Bulinus spp. and Biomphalaria sp. have different preferences regarding water depth and vegetation
[11, 127, 134].

An important main limitation of our analysis is the resolution of the raster data we used as co-
variates. Many remotely sensed metrics are known to be inaccurate over water. Therefore we
positioned our shoreline linestring just inland of the water’s edge. Thus, any associations between
land-based measurements and habitat conditions in the water are likely to only indirectly affect
snail abundance. A repeat study, using direct observations of shoreline habitat composition, per-
haps using towed arrays of sensors behind a boat or done directed close to the water’s edge, may
be able to provide a more accurate map of predicted snail abundance.
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3.5 Conclusion

Our study provides a preliminary method of predicting the abundance of Biomphalaria sp. and Bu-

linus spp. snails along the shoreline of Lake Malawi, given malacological data collected at sparse
locations and remotely sensed environmental data. Furthermore, our study shows substantive het-
erogeneities in snail distributions along the lake and abundance information which may be used
to develop further statistically grounded study designs to improve the identification of likely snail
habitats posing a high risk for schistosomiasis transmission.
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Abstract

Background: School-aged-children are most vulnerable to schistosomiasis as exemplified by age-
prevalence profiles although current understanding of these patterns needs improvement. Using
epidemiological data from the southern shoreline of Lake Malawi, we investigated the dynam-
ics of Schistosoma transmission and the main determinants of Schistosoma infection risk using
transmission dynamic model and considered urogenital and intestinal schistosomiasis, respectively.
Specifically, we assessed whether the proximity of primary schools to the immediate shoreline was
a major geospatial and epidemiological determinant.

Methods: Cross-sectional parasitology and malacological data previously collected and analysed
was used, including age-infection profiles and interpolated predicted snail distributions for the
southern part of Lake Malawi shoreline. A disease SEIRS ordinary differential equation model was
created, and an observation prevalence model was formed using a binomial sampling distribution
using the already published dataset. An optimisation using L-BFGS-B algorithm with upper/lower
bounded box constraints was carried out to calibrate the model to find the best parameter values
for each infection state transition given the disease model and dataset. The aim was to recapture
the age-structure dynamics shown in the observation model representing the already published
age-infection profiles.

Results: Concerning intestinal schistosomiasis, the best model for Biomphalaria sp. was the use
of a single transmission rate for all the school’s and no spatial effect. By contrast, for urogenital
schistosomiasis, the best model for Bulinus sp. was found when using an independent transmission
rate for each school and no spatial effect.

Conclusion: There was some evidence that we were able to capture the age-structured dynamics
of infection in SAC despite the expected outcome differing to statistical output due to sparse data.
Within our study area, we found there was no significant effect on SAC exposure to Schistosoma

infection risk based on school distance from the shoreline. Further, there was heterogeneity be-
tween schools in transmission rates estimated, although these did not have significantly different
confidence intervals. However, schools considered in our study were all relatively close to cercaria
infested shoreline. Further studies using a longitudinal cohort study could improve understanding
of Schistosoma infection dynamics and allow for improved control method application.
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4.1 Introduction

Schistosomiasis is a water-borne neglected tropical disease caused by the trematode worm Schis-

tosoma. Two forms of the disease exist, with intestinal schistosomiasis (IS) caused by S. mansoni

and urogenital schistosomiasis (UGS) caused by S. haematobium infections. To complete their
lifecycle, these species of Schistosoma require the presence of aquatic snail intermediate hosts,
Biomphalaria sp. and Bulinus spp., respectively. Thus, exposure to the snail habitats is a known
major risk factor for human Schistosoma infection [17]. School-aged-children (SAC) are known
to be particularly vulnerable to schistosomiasis, with signs and symptoms of infection including
malnutrition, anaemia, and neurological and developmental delays caused by the accumulation of
trapped eggs causing tissue inflammation [121]. Children are thought to be first infected soon
after birth upon freshwater contact(s) with prevalence increasing with cumulative parasite expo-
sure(s) up to adolescence, although the age-profiles are known to oscillate over time due to many
undefined factors [17].

There are many known risk factors for Schistosoma infection transmission including repeated water
contact, type of water use, animal contact, age and treatment [17, 125, 149, 176]. Recent studies
have reported an increase in transmission of Schistosoma infection through a changing ecological
environment in the lake, an increasing human population and reduced molluscivore fish in the
lake. This has created an increase in snail populations and new at-risk locations for water contact
[138]. Changes in human behaviour affect age-dependent exposure, especially among SAC who
are known for frequent water contact [127, 138, 177]. Reitzug et al. 2023 [177], reported its
importance in human exposure behaviour in driving Schistosoma transmission [177]. Other factors
such as schistosomiasis infection immunity, formally known as resistance to reinfection, is still
equivocal and being researched. Human immunity developing over long repeated exposure to
Schistosoma infection and how this interacts with age-dependent exposure is much debated [178].
Currently studies have reported partial immunity building up in individuals over time [5, 25, 53,
178]. Most SAC are considered to have very low to no acquired immunity allowing for reinfection
to occur. This is possibly shown by the Reed et al. 2023 [176] (Chapter 2) study where the
age profiles of SAC increase up to 11 years before decreasing there afterwards, although this is
conjecture and requires more investigation [176, 179].

People are more likely to make use of water facilities close to where they live and if that water
facility happens to be a Schistosoma infection transmission site then the risk is likely to be higher
for these people than people living further away leading to a higher need for control application
in communities closer to these high-risk areas [180]. Further, Madsen et al. 2011 [76] reported
higher Schistosoma transmission in shoreline villages compared to in-land villages [76]. Further-
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more, other studies have also found the proximity to the lake to increase Schistosoma transmission
risk [78, 181]. Ecological niche mapping and fine-scale malacological mapping of areas have pre-
viously been used as a technique to try to measure exposure risk dependent on location; these
studies find that there is localised variation in areas with different biological effects impacting the
transmission for each focal location [182, 183]. Other studies have researched water-contact re-
lated activities and association with exposure risk [177]. However, there is a lack of knowledge of
how to measure SAC age-dependent exposure and the associated Schistosoma transmission risk,
which is limiting appropriate application of control methods [176]. The difficulty of measuring this
exposure could be due to multiple factors, for example, immunity, age of child, water exposure pat-
terns and treatment [110]. Currently prevalence among SAC is measured at survey school locations
using parasitological methods to measure prevalence and intensity of infection [184]. Further as
mentioned before, age prevalence profiles among SAC have been studied along the southern part
of the Lake Malawi shoreline and reported to oscillate over time [176].

Mathematical modelling can allow us to model the spread of disease and transmission dynamics to
inform policy decision makers for intervention programmes. Many mathematical modelling stud-
ies have been carried out over the years to aid control programmes [111, 185–187]. Both Nelson &
Macdonald carried out pioneering work on transmission dynamics of Schistosoma infection [106–
108]. Anderson et al. 2016 [110] recently reviewed transmission models and control of Schisto-

soma infection by Mass Drug Administration (MDA). The World Health Organisation (WHO) has
supplied new guidelines to target elimination of schistosomiasis by interrupting transmission [63].
Intrinsic factors such as age and their related exposure have a possible importance in interrupting
transmission when moving towards elimination [116].

In this study, we developed a susceptible - exposed - infection - recovered - susceptible (SEIRS)
dynamical model with age-related-immunity to model the transmission dynamics of Schistosoma

infection for SAC aged 6 to 15 years, using published Schistosoma age-stratified prevalence [176],
and considering proximity to snail-infested water as a proxy for exposure to the Schistosoma. We
fit the SEIRS model over prevalence data via maximum likelihood to improve our understanding
of Schistosoma transmission dynamics and what drives SAC age-profiles. The main aims of the
study were the following: i) To identify the main determinants of Schistosoma infection risk ii)
To determine whether school distance from the lake shoreline determines the exposure of SAC
Schistosoma risk. iii) To improve our understanding of the non-linear relationship between age
and prevalence found by Reed et al. 2023 [176], and whether this was partially due to the exposure
to the snails or immunity develop by the SAC. Hence, we produce models with immunity to try to
reproduce the age-profiles of these SAC found in the previous study [176]. Consequently, we hope
this analysis will help improve understanding of Schistosoma transmission dynamics and in turn,
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improve the application of schistosomiasis control within SAC.

4.2 Methods

In this section we describe our modelling approach. We provide a brief description of our schisto-
somiasis prevalence training dataset, the state transition model used to model the disease process
in the school, and how this relates to the observation process. All data processing and analysis was
performed in R version 4.1.1.

4.2.1 Dataset

This secondary analysis study uses the outcomes of our previously published, Reed et al. 2023
[176] on Schistosoma age prevalence profiles (see Chapter 2), and Reed et al. 2024 [188] on
geospatial modelling of snail distributions based on the parasitological and malacological data from
Kayuni et al. 2020 [127] and Al-Harbi et al. 2019 [11] (see Chapter 3). These data were collected
in 2019 for the age-profiles and the snail distribution predictions were interpolated from aggregated
data from 2017 to 2019 along the southern part of the Lake Malawi shoreline. Therefore, in the
study we use cross-sectional single point in time data.

We removed St Augustine 2 school from Biomphalaria sp. dataset as it had no variation in preva-
lence (effectively 1). For Bulinus spp. all schools in the dataset were used including St Augustine
2.

4.2.2 Disease model formulation

We consider the incidence of schistosomiasis in SAC within a school as a function of childrens’ ex-
posure to snail-infested waters. To investigate how their age and proximity to snail habitats affects
the age-prevalence relationship in SAC, we develop an age-stratified SEIRS model where children
are assumed to start susceptible (S) to infection, progress to being exposed (E) (i.e. infected but
not yet infectious), infectious (and detectable, I), and recovered (R) with immunity as shown in
figure 4.1. We then allow for immunity to wane and the children to return to being susceptible.

Within each school we assume that children are divided into 10 age-grades, with a class of size of
30, represented as m. Children are assumed to enter school at age 6 at a rate of 1

30
per year (i.e. 30

children entering the school per year) having had no prior infection by Schistosoma spp. (α = 0%)
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Figure 4.1: SEIRS transmission compartment model with SAC age ranging from 6 to 15. Trans-
mission parameters are discussed in the text.
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infection. We also test the assumption where prior Schistosoma infection for SAC entering into
age group 6, α by testing different values (see sensitivity section). They then progress between the
age classes at a rate of 1

365
per day giving ξ as an aging rate of the SAC. We assumed SAC only

enter the school via age 6 and do not leave the school till aged 15.

Given the states, we model the rate of transition between S and E according to a function of
exposure to snail habitats, mediated by distance to the lake shore. Letting λi be the infection rate
experienced by a child in location i, we have:

λi =

∫
βKija (xj)dxj ≃

β

n

∑
j∈x

Kija (xj), (4.1)

where β is the transmission rate coefficient for Schistosoma infection, Kij = exp
(−

∥x2i−x2j∥
2

ϕ2
) is a

function that decays with Euclidean distance between i and j, a (xj) is the snail abundance, xj is
the location of snails (see appendix C Figure C.1) and xi is the location of the school for each SAC,
i for i = 1, . . . . . . , n. Contact with free living cercariae was assumed to be the only means through
which children become infected (i.e. transition from S to E). Furthermore, all snails were assumed
infected and snails’ infection status is assumed independent of contact with SAC. In addition, we
assume that SAC do not infect each other, and no mother-to-child transmission of disease occurs
among humans. These assumptions are supported by the fact that we only model school children,
who are themselves a small fraction of the wider population and can therefore be assumed to be
approximately independent within the overall human-snail-schistosome lifecycle.

Then we model the rate of transition from E to I as σ, which is the rate at which immature worms
become adult worms residing in intestinal or urogenital region and producing eggs. Then we model
the rate of transition from I to R, with γ as the rate of infective SAC moving to the R. Next, we
assume that the rate of age-specific loss of immunity, (1−ρ(age))ω , i.e. age-related, such that the
rate of transition from R to S (Figure 4.1) follows a logistic growth rate with an inverse relation to
age represented as:

ρ (age) =
1

1 + e−κ(age−C)
, (4.2)

where κ governs the rate of change with respect to age, and C is a constant which controls the
midpoint i.e. the age at which ρ (age) = 1

2
. For parameter identifiability reasons, we assume C to

be 11 years which is the midpoint between age groups 6–15 years and was the age of peak infection
prevalence found in the published secondary analysis paper, Reed et al. 2023 [176](see Chapter 2)
on Schistosoma prevalence age-profiles. We assumed the older the child, the slower they transition
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from R to S. In any transition of the model, no deaths from schistosomiasis or MDA treatment
were considered.

The age-structured dynamics of schistosome transmission in this system are then represented by
the following differential equations:

−→
dSt

dt
= −

(−→
λ + ξ

)
⊙
−→
St + ω (1−−→ρ )⊙

−→
Rt + ξ

−→
S+
t , (4.3)

−→
dEt

dt
=

−→
λ ⊙

−→
St − (σ + ξ)

−→
Et + ξ

−→
E+

t , (4.4)

−→
dIt
dt

= σ
−→
Et − (γ + ξ)

−→
It + ξ

−→
I+t , (4.5)

−→
dRt

dt
= γ

−→
It − (ξ + ω (1−−→ρ ))⊙

−→
Rt + ξ

−→
R+

t , (4.6)

where, t stands for time in days.

The age structure of the dynamical model are represented as the following equations:

S⃗+
t = ((1− α)m,S6

t , S
7
t , S

8
t , S

9
t , S

10
t , S11

t , S12
t , S13

t , S14
t )T , (4.7)

E⃗+
t = (0, E6

t , E
7
t , E

8
t , E

9
t , E

10
t , E11

t , E12
t , E13

t , E14
t )T , (4.8)

I⃗+t = (αm, I6t , I
7,
t , I

8
t , I

9
t , I

10
t , I11t , I12t , I13t , I14t )T , (4.9)

R⃗+
t = (0, R6

t , R
7
t , R

8
t , R69, R

10
t , R11

t , R12
t , R13

t , R14
t )T . (4.10)

For a given set of parameters, θ = (β, σ, γ), we solve this set of ODEs using Euler’s method as
implemented in the R package “deSolve”, R version 4.1.1 (reduce computation time required). The
solver is run until the SEIRS system achieves equilibrium, which by experimentation we find to be
by timestep t = 1000 days for a large range of parameter values.
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For simplicity, and exposition of the inference methods in the next section, we abstract the ODE
model into a mathematical function, of the parameters θ and initial conditions X0={S⃗0, E⃗0, I⃗0, R⃗0}.

S∗, E∗, I∗, R∗ = g(θ, x0, z), (4.11)

where the vector S∗, E∗, I∗, R∗ denotes the number of children in each age-group in each epi-
demiological state at equilibrium, z represents our input data (snail abundances, distance to the
shoreline), and θ = (β, σ, γ) our model parameters. Where necessary, we subscript these quan-
tities to denote that they relate to a specific school, for example θs = (βs, σ, γ) to denote the
condition where all schools share σ and γ but have individual βs for the sth school.

4.2.3 Observation of prevalence

From our study we have observation of childhood infection prevalence in school. For school s,
given that S∗

s , E
∗
s , I

∗
s , R

∗
s = g(θ, x0, z), we assume observed number of positive children yas in

age-group a given a sample of na children is Binomially distributed given that

yas ∼ Binomial(nas, πas), (4.12)

where πas = I∗as/Nas where I∗as is the modelled number of infected children in age-group a in
school s, and Nas = 30 is the size of the class.

4.2.4 Inference

In the model describe above, we have parameters β, σ, γ which remain unknown. In order to
estimate these we fitted the model using maximum likelihood estimation. Since the ODE model is
a deterministic function of the input parameters and covariate data, the log-likelihood is a product
over the 10 age groups and 12 schools

l (θ; π, n) =
10∑
a=1

12∑
s=1

yas log(πas) + (nas − yas)log(1− πas) + k, (4.13)

where k is a constant. We calculated estimates for θ by optimising the log-likelihood numerically
using the L-BFGS-B method provided by R’s “optim” function. Parameters bounded at zero were
log-transformed for ease of optimisation, with marginal log-likelihoods generated for each param-
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eter to visually inspect the quality of optimisation and suggest starting points for the optimisation
algorithm. Parallel computing was used to quicken the computer processing time, exploiting con-
ditional independence of the schools in the model, enabling the ODE solvers for each school to
run simultaneously.

Due to data in this model being cross-sectional data for a single point in time, we cannot easily
identify a timescale for the disease process. If we double all transition rates, we find the same
steady state conditions. To accommodate for this, we chose to fix κ and ω for identifiability pur-
poses. Since β, γ, and σ are rate parameters, and therefore have positive support, they were
optimised on the log scale, e.g. optimising β∗ = log(β). This improved the efficiency of the op-
timisers by constraining the parameter space to be positive. κ was fixed to be κ = 0.5 days−1 as
this allowed for a moderate age-related loss of immunity slope in the logistic regression function
with C = 11.0 years as shown in Figure 4.2. ω was fixed to be ω = 0.5 days−1 such that the rate
of loss of immunity was approximately 0.5 days−1 for 6-year-olds. We also fixed the spatial decay
parameter ϕ which enabled the identification of the β parameters given the length scale. ϕ was
fixed at ϕ = 4.48km as represents spatial decay to 0 by 100km (the approx. distance along the
shoreline of Lake Malawi for our data used) and the distance was divided by 10km to allow for
numerical stability.
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Figure 4.2: Logistic age-specific loss of immunity function, 1 − ρ (age) versus age. For κ = 0.5
days−1, C = 11 years, age ranging between 6 and 15 years.
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To allow the optimiser to find the best-estimate values of the parameters in our models with re-
duced computation time, we set initial values for the non-fixed parameters by plotting the marginal
log-likelihoods and starting the optimiser near to the maximum (peak) of the log-likelihood. We
constrained the optimiser search space by ±1 either side of the graphical maximum to stop the
optimiser entering unstable regions of the parameter space [189].

The fitted optimiser estimates were plotted against the joint log-likelihood to check if the maximum
log-likelihood (MLE) was found. Optimisation of certain parameters was carried out as shown in
Table 4.1.

The following four models were fitted for each species using the optimiser as shown in Table 4.1.

1) different (independent) βs value (transmission rate) for each school s with spatial effect

2) single-β value for all schools with spatial effect

3) no spatial effect by making ϕ large with multiple (independent) βs’s values for each school

4) no spatial effect by making ϕ large with single β’s values for each school.

In the third and fourth model we removed the spatial effect competent, modifying the snail force
of infection to test whether we still need a model with multi-βs’s or single-β for each school.

We then calculated the Akaike Information criterion (AIC) to compare the fit of different models.
Then the fit of each model was plotted for each school against age, as well as the observed preva-
lence against age. In addition, to assess the parameter estimates further, mean squared error (MSE)
was computed for the parameter estimates for each school to compare between the observed and
predicted prevalence using the following:

1

n

n∑
i=1

(Yi − Ŷi)
2, (4.14)

where a vector of n predictions were sampled from our n data points (i = 1, ..., n) for all variables,
Yi is the vector of the observed values of prevalence (at school location xi) that are being used
for the prediction and Ŷi are the predicted parameter values of model. Then we took the mean of
(4.14) (e.g. square of the errors) to find MSE value for each model and compared them.

We also computed the hessian matrix to allow us to find the approximate confidence intervals (CI)
using the Wald method for multi-βs models (spatial and no spatial effect). Then we plotted the
estimated coefficients values (parameters) and the CI together.
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Table 4.1: Parameters used for the 4 models fitted to Bulinus spp. and Biomphalaria sp. data:
single vs school-specific β, with and without the spatial term

Parameters Definition Multi-β space Single-β space Multi-β no space Single-β no space

β Transmission rate coefficient Multiple Single Multiple Single

σ Rate of exposed SAC becoming infective (shredding eggs) Unknown Unknown Unknown Unknown

γ Rate of infective SAC Recovering Unknown Unknown Unknown Unknown

ξ School recruitment rate and rate at which SAC age 1/365 days−1

κ Smoothness of age-dependent immunity loss curve (logistic curve) 0.5 days−1

C Constant (Age range of SAC) 11.0 years

ω Rate of loss of immunity of SAC aged 6 years 0.5 days−1

ϕ Spatial decay constant 4.48km 4.48km 106 106

4.2.5 Sensitivity analysis

A sensitivity analysis was carried out by allowing for prior Schistosoma infection prevalence of
SAC entering age group 6, α as 5% (0.05), 10% (0.10) and 20% (0.20).

4.3 Results

4.3.1 Check best value of ϕ

If we fixed all parameters to the estimated values from multi-βs space model and unfix ϕ the model
converges quickly and finds the best value of ϕ = 4.48km.

4.3.1.1 Snail abundance

Figure 4.3 shows that the SAC snail abundance exposure decreases till ∼100km distance from
school to shoreline when ϕ = 4.48km. Whereas, when ϕ = 106, the snail exposure rate is the
same all along the shoreline, which shows there is no spatial effect in this case.

4.3.2 Model optimisation

All models converged to the maximum likelihood for each school as shown in appendix D.2 Fig-
ures D.31, D.32, D.33, D.34, D.35 and D.36, although there were some identifiability issues be-
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Figure 4.3: Distance (10km) of school from lake shoreline versus snail abundance distance. Black
line:ϕ = 4.48km, red line: ϕ = 106.
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tween β and γ. As shown in tables 4.2, 4.3, 4.4 and 4.5 the following was found: the best model
(AIC=250) for Biomphalaria sp. was the single-β with no spatial effect. When testing multi-βs or
single-β with spatial effect (AIC=258 & AIC=269) and multi-βs with no spatial effect (AIC=250)
we found a worse model fit compared to single-β with no spatial effect (AIC=250). Whereas for
Bulinus sp. the best model (lowest AIC) was the multi-βs with no spatial effect (AIC=248). When
testing the multi-βs with spatial (AIC=250), single-β with spatial effect (AIC=341) and single-β
with no spatial effect (AIC=350) we found a worse model fit compared to the multi-βs with spatial
effect (AIC=248).

MSE score was the same for Biomphalaria sp. multi-βs with spatial effect and no spatial effect.
For both Biomphalaria sp. and Bulinus spp., there were cases where the MSE was slightly lower
(better value) for particular parameters estimates for a school despite the model having a higher
AIC score compared to the other models. For instance, Biomphalaria sp. multi-βs with spatial
effect (AIC=258), Chikomwe school MSE score was 0.487 whereas for single-β with spatial effect
(AIC=269) Chikomwe school MSE score was 0.475.

From the best fit model, for Biomphalaria sp. the following parameter values were found for
all schools, log β [-1.42, CI: -4.95, 2.00], for log σ [0.147, CI: -3.34, 3.63] giving 1

σ
= 0.863

days [ranging from 0.0265 to 28.2 days] exposed period and for log γ [-2.61, CI: -2.85, -2.36]
giving 1

γ
= 13.6 days [ranging from 0.0573 to 17.3 days]. For the best fit model, for Bulinus

spp. the following parameter values were found all schools, log σ was estimated to be -2.50 [CI:-
8.49,3.38] giving 1

σ
= 12.2 days [ranging from 0.03 to 4870 days] and log γ [-3.39, CI: -8.49, 1.72]

giving 1
γ
= 29.7 days [ranging from 0.179 to 4866 days] infectious period for all the schools. For

Bulinus spp. at each school, the following log β parameters were found: Mchoka [-7.26, CI:12.4,
-2.14], Samama [-4.80, CI: -11.0,1.35], MOET [-8.26, CI:-13.4,-3.12], Koche [-9.98 ,CI:-15.4,-
4.55], St Augustine 2 [-5.73 CI: -11.2,0.289], Ndembo [-4.20, CI:-12.1,3.70], Sungusya [-7.41,
CI:-12.6,-2.19], St Martins [-9.26, CI:-14.7,-3.81], Chikomwe [-8.05, CI:-13.3,-2.82], Chipeleka
[-6.72, CI:-12.0, -1.50], Makumba [-8.51, CI:-13.8,-3.22], Mtengeza [-6.53, CI:-11.80,-1.24].
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Figure 4.4: Multi-βs with space effect model optimisation prevalence prediction (black line) and
observed prevalence (black against age of SAC carried out for each species a) Biomphalaria sp. b)
Bulinus spp.
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Figure 4.5: Single-β with space effect model optimisation prevalence prediction (black line) and
observed prevalence (black against age of SAC carried out for each species a) Biomphalaria sp. b)
Bulinus spp.
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Figure 4.6: Multi-βs with no space effect model optimisation prevalence prediction (black line)
and observed prevalence (black) against age of SAC carried out for each species a) Biomphalaria
sp. b) Bulinus spp.
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Figure 4.7: Single-β with no space effect model optimisation prevalence prediction, π̂as (black
line) and observed prevalence (black against age of SAC carried out for each species a) Biom-
phalaria sp. b) Bulinus spp.
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Table 4.2: Parameter estimates for multi-βs spatial model for each species

Biomphalaria 
AIC=258

MSE Bulinus
AIC=250

MSE 

Parmeters/Schools

[CI]

log 𝛽 log 𝜎 log 𝛾 log 𝛽 log 𝜎 log 𝛾

Mchoka -2.78 

[-5.31, -0.253]

-2.59
[-9.07, 3.89]

-5.40
[-7.68,  -3.13]

0.442 -6.31

[-8.30, -4.31]

-2.80
[-7.93, 2.33]

-4.65
[-6.50, 2.80]

0.0661

Samama -2.15

[-5.83, 1.54]

0.339 -4.15 

[-7.42, -1.62]

0.254

MOET -4.65 

[-8.45, -0.85]

0.252 -7.32

[-9.38, -5.25]

0.0656

Koche -2.97

[-13.1, 7.15]

0.103 -8.95 

[-11.65, -6.26]

0.0248

St Augustine 2 -5.02 

[-7.45, -2.59]

1.15

Ndembo -0.922

[-4.49, 2.64]

0.186 -4.38

[-7.58, -1.18]

0.657

Sungusya 1.66

[-7.96, 11.3]

0.380 -6.24 

[-8.38, -4.09]

1.18

St Martins 1.72 

[-9.70, 13.1]

0.420 -8.26

[-11.0, -5.56]

0.0564

Chikomwe -1.77

[-5.28, 1.74]

0.487 -7.54 

[-9.76, -5.33]

0.261

Chipeleka 0.769

[-8.82, 10.4]

0.291 -6.14 

[-8.30, -3.96]

0.397

Makumba 0.438

[-2.74, 3.61]

0.671 -7.45

[-9.8,- 5.10]

0.254

Mtengeza 0.919 

[-3.52, 5.35]

0.451 5.84 

[-8.04 ,-3.64]

0.870

Multi-𝜷𝒔 space
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Table 4.3: Parameter estimates for single-β spatial model for each species

Single-𝜷𝒔 space

Biomphalaria 
AIC=269 MSE

Bulinus
AIC=341 MSE

Parmeters/Schools

 [CI]

log 𝛽 log 𝜎 log 𝛾 log 𝛽 log 𝜎 log 𝛾

Mchoka -0.514

[ -0.526, -0.502]

-4.60

[ -5.18, -4.02]

-6.46

[ -7.00, -5.92]

0.684 -5.00

[-9.07, -0.927]

0.500

[-12.2, 13.2]

-3.55

[-7.58, 0.489]

0.0856

Samama 0.357 1.17

MOET 0.291 0.307

Koche 0.107 0.459

St Augustine 2 1.49

Ndembo 0.134 1.64

Sungusya 0.469 1.12

St Martins 0.681 0.482

Chikomwe 0.475 0.859

Chipeleka 0.307 0.400

Makumba 0.894 0.455

Mtengeza 0.756 0.909
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Table 4.4: Parameter estimates for multi-βs no spatial model for each species

Biomphalaria
AIC=258 MSE

Bulinus
AIC=248 MSE

Parameters/Schools

[CI]

log 𝛽 log 𝜎 log 𝛾 log 𝛽 log 𝜎 log 𝛾

Mchoka -6.07

[-8.59, 3.56]

-2.59 

[-9.08, 3.90]

-5.40

[-7.66,  -3.15]

0.442 -7.26

[-12.4, -2.14]

-2.50

[-8.49, 3.38]

-3.39

[-8.49, 1.72]

0.0683

Samama -5.12

[-8.79, -1.45]

0.339 -4.80

[-11.0, 1.35]

0.215

MOET -5.07

[-8.86, -1.29]

0.252 -8.26

[-13.4, -3.12]

0.0682

Koche -3.80

[-13.9, 6.29]

0.103 -9.98

[-15.4, -4.55]

0.0249

St Augustine 2 -5.73

[-11.2, -0.289]

1.08

Ndembo -5.23

[-8.78, -1.68]

0.186 -4.20

[-12.1, 3.70]

0.623

Sungusya -3.89

[-13.5, 5.68]

0.380 -7.41

[-12.6, -2.19]

1.13

St Martins -3.73

[-15.1, 7.66]

0.420 -9.26

[-14.7, -3.81]

0.0568

Chikomwe -5.26 

[-8.75, -1.76]

0.486 -8.05

[-13.3, -2.82]

0.261

Chipeleka -3.90

[-13.4, 5.63]

0.291 -6.72

[-12.0, -1.50]

0.390

Makumba -5.5

[-8.66, -2.34]

0.672 -8.51

[-13.8, -3.22]

0.256

Mtengeza -4.91

[-9.33, -0.489]

0.451 -6.53

[-11.8, -1.24]

0.884

Multi-𝜷𝒔 no space
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Table 4.5: Parameter estimates for single-β no space model outcome for each species

Biomphalaria
AIC=250

MSE Bulinus
AIC=351

MSE

Parmeters/Schools

[CI]

log 𝛽 log 𝜎 log 𝛾 log 𝛽 log 𝜎 log 𝛾

Mchoka -1.48

[ -4.95, 2.00]

0.147

[ -3.34, 3.63]

-2.61

[ -2.85. -2.36]

0.613 -5.50

[-14.8, 3.75]

-4.62

[-11.8, 2.64]

-3.7

[8.67, 1.27]

0.100

Samama 0.275 1.24

MOET 0.190 0.329

Koche 0.233 0.547

St Augustine 2 1.45

Ndembo 0.261 1.78

Sungusya 0.519 1.16

St Martins 0.372 0.541

Chikomwe 0.535 0.542

Chipeleka 0.476 0.390

Makumba 0.506 0.541

Mtengeza 0.326 0.924

Single-𝜷𝒔 no space
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Figures 4.4, 4.5, 4.6 and 4.7 show visually that the prevalence prediction model, π̂as at steady state
was able to capture the age-prevalence structure of the Reed et al. 2023 paper [176] (see Chapter
2). Visually there is no evidence to suggest these models do not fit the data for Biomphalaria sp.
with either single-β or multi-βs cases and for Bulinus spp. only the multi-βs case. For Bulinus spp.
the single-β does not visually capture the observed prevalence model for certain schools including
Samama, Moet, Koche, Ndembo and St Martins.
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Figure 4.8: Confidence intervals for parameter estimates for Biomphalaria sp. models with SAC
prevalence at age 6 set as α set to zero a) Multi-βs space, Biomphalaria sp. b) Multi-βs no space,
Biomphalaria sp. c) Single-β space d) Single-β no space
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4.3.3 CI Intervals

We assessed the likely impact of school-level differences in baseline transmission rate by compar-
ing log β values. Considering log β̂1 as a reference, the confidence intervals for all other log β̂2,...,12

include log β̂1 such that we have no strong evidence that schools 2, . . . , 12 differ from school 1. In
other words, a single β1 for all schools (single-β model) in the model suffices (Figures 4.8 and 4.9).
For Biomphalaria sp. multi-βs space and no space models, Figure 4.8a and 4.8b shows visually the
approximate baseline β1 value to be between log β=-3 and log β=-7 from average of the CIs for all
schools. For Biomphalaria sp. single-β space and no space models, Figure 4.8c and 4.8d shows
visually the approximate baseline β1 value to be between log β=-0.5 and log β=1.5 from average
of the CIs for all schools. For Bulinus spp. multi-βs space and no space models, Figure 4.9a and
4.9b shows visually the approximate baseline β1 value to between log β=-6 and log β = −7 from
average of the CIs for all schools. For single-β space and no space models, Figure 4.9c and 4.9d
shows visually the approximate baseline β1 value to be between log β = −5 and log β = −5.5

from average of the CIs for all schools.

4.3.4 Sensitivity analysis

When testing different values of SAC age 6 prevalence, α we found that the parameter estimates
did not change a lot and the AIC and MSE scores were similar, suggesting a similar fit. In addition,
for α = 0.10 and α = 0.20 for Bulinus spp. we found that that there were non-identifiability issues
between γ and β as shown in Figure 4.10, where essentially the optimiser is just contouring around
the distribution, following the contours, instead of finding the estimated parameter value(s).

In addition the plots of the fits to the age-prevalence profiles for the different α values are shown
in Appendix D.1 D.1.1, Figures D.1, D.2, D.3 and D.4, D.5, D.6, D.7 and D.8, D.9, D.10, D.11
and D.12.

The tables of the parameter estimates for the different α values are shown in Appendix D.1 D.1.2,
Tables D.13, D.14, D.15 and D.16, D.17, D.18, D.19 and D.20, D.21, D.22, D.23 and D.24. The
confidence intervals are shown in appendix D.1,D.1.3, Figures D.25, D.26, D.27, D.28, D.29, D.30.

The confidence intervals for the parameter estimates for the different α values are shown in Ap-
pendix D.1 D.1.3, Figures D.25, D.26, D.27, D.28, D.29 and D.30.

106



Chapter 4. Development of a dynamical model to enhance understanding of epidemiology of
schistosomiasis in school aged children 4.3. Results

beta

ga
m
m
a

-12 -10 -8 -6 -4

-8
-6

-4
-2

Figure 4.10: Contour plot showing non-identifiability issue between γ and β parameters
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4.4 Discussion

Our analysis has made attempts to model the dynamics of Schistosoma transmission at a single
point in time, and estimate the best possible values of our parameters given our data. This al-
lowed us to determine their associated Schistosoma infection risk and to determine whether school
distance from the lake shoreline determines the exposure of SAC Schistosoma risk, and further,
whether we can reproduce the SAC prevalence age-profiles shown in Reed et al. 2023 [176] (see
Chapter 2). This was conducted using a novel SEIRS ODE model and carried out using the L-
BFGS-B optimisation algorithm. Our model is novel in the sense that we focus on capturing the
disease process within children as a function of exposure to a quasi-static snail population, as op-
posed to modelling the entire Schistosoma lifecycle as is common in other studies [114, 115]. Our
study found the best fitting model for Biomphalaria sp. was the single-β no spatial effect model
(AIC=250), which supports the use of single-β model for all schools and with no spatial decay of
the force of infection from snails with distance from the lake shoreline. Hence, we cannot conclude
that transmission differs appreciably between schools or that school distance from the shoreline has
an effect on SAC exposure. For Bulinus spp., however, the best model was the multi-βs with no
spatial effect model, which supports a hypothesis that school-level factors determine the apparent
prevalence of urinary schistosomiasis though we have no evidence that the spatial relationship to
snail exposure affects prevalence. Therefore, this could mean all the schools are close enough to
the lake for the variation in the distance to not have an effect on SAC exposure.

There was possible heterogeneity in transmission between schools. Based on our AIC scores the
model preferred incorporating different transmission rates for each school and this was also shown
in Figures 4.4 and 4.6 which suggests this is likely the case. In particular, one noted result was
Samama, Moet, Koche, Ndembo and St Martins predictive estimate for single transmission rate for
all schools with Bulinus spp. did not capture the data that we observed and so this suggested that
we needed different transmission rates in the schools. However, we found no statistical evidence
that transmission rates are different from each other based on CIs given our data. This may well
be due to the noisy nature of the observed prevalences, and associated wide confidence intervals,
as well as the possibility that our approximate confidence intervals were not capturing the true
correlation structure in the joint likelihood surface. Since, Figures 4.4, 4.5, 4.6 and 4.7 indicate
that the multi-β models indicate a better predictive fit, it is perhaps not surprising that these are
preferred by AIC. Our conclusion, therefore, is that the multi-β model should be preferred on the
grounds of improved predictive performance, rather than model parsimony.

From the best fit models, the exposed period (S to E group) was estimated to be 0.863 days for
Biomphalaria sp. and 12.2 days Bulinus spp. compared to 14–84 days [usually between 35–
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42 days] usually reported in other studies [111, 190]. In additional, the infectious period (E to I
group) was estimated to be 13.6 days and 0.357 days, whereas in other studies the infectious period
(gamma) (I to R group) has been found to be estimated around 35 days (14–70 days); we found
lower rate in the infectious period than previous studies [53]. These differences in exposed and
infectious period could have been due to some identifiability issues (i.e. Figure 4.10) that were
noted for our unknown parameters beta, sigma, gamma making it difficult for the model to capture
the observed prevalence in our dataset. Further, the shorter exposed and infectious predictions
could suggest our model fit is artefact of data collection or even the ODE fitted to a small population
(in which there is a continuous approximation to a discrete state space of numbers of individuals).
A SIR model could have been the more parsimonious model to fit, albeit with the obvious violation
of a biological principle (the fact that your infection is not immediately detectable when you first
get infected).

4.4.1 Limitations

A limitation of this study is that we only accounted for distance from the lake shoreline (data
aligned to the lake shoreline) and did not account for inland bodies of water, for instance, ponds
and pools of water inland in the dataset. Further we do not know in detail the local environment
from the inland schools, only the local environment and their relative exposure along the lake
shoreline. If there is any effect of differential exposure to snails by SAC at the different schools,
this may not be the best representation using the simple distance from the lake. This could be due
to individual human spatial movement having predictable patterns influenced by their environment
and socio-economic factors. For instance, SAC schools that have direct and easy access to the
lakeshore could be more likely to be exposed to snails as they visit the lake shoreline more often
than rural villages [191]. This could have also been due to all our schools in our study being
close enough to the lake that they guarantee SAC visiting the shoreline often. Although, water
contact can also be dictated by gender or age [177]. Our study was place specific so there may be
a different result at other locations with different snail species or seasonality. Moreover, the study
could have been expanded to other schools in the area.

We also consider SAC to only travel using Euclidean distance (straight) from their school to the
lake shoreline. This is a misrepresentation as often SAC will go to different parts of the shoreline,
with more easily accessible areas than others so repeated exposure is more likely at these focal
locations. Further, we did not know where the residences of the SAC were, only their school lo-
cation was considered in our models. Future studies, using a quantitative social study are required
to improve our understanding of how exposure to snails along the shoreline is affected with dis-
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tance from SAC school or residential living area [180]. For instance, other socio-economic factors
including education, wealth, trade, or health could affect how often, where, and when SAC are
exposed to snail habitats, and hence effect their Schistosoma transmission risk [192].

We only had cross-sectional data for a single point in time (aggregate 2017 to 2019 data) due
to having too small samples for each year. Ideally, in future studies, a longitudinal cohort study
should be carried out to attain more data, where we recruit a panel of children and then follow
them every year. Firstly, this would allow us to better understand the sensitivity and specificity of
the tests used as they are repeated. Secondly, this would allow us to study how the dynamic of
infection changes over time; for instance, allow us to understand what is driving the age profile
over time instead of single-point in time.

Another limitation of the study is that we fixed some parameters for identifiability purposes (i.e.
Figure 4.10). For instance, we assumed immunity to be under one day for age 6 SAC due to the
optimiser difficulty in identifying omega against the other parameters, however estimating omega
would be useful if we had more data on the children’s partial immunity to be able to find their
actual immunity accumulated over time. Kura et al. 2021 [178], reported that in the presence of
acquired immunity MDA programmes were less effective in decreasing the prevalence of infection
compared to no acquired immunity [178]. Hence, the ability to estimate immunity within SAC
could improve application of appropriate control methods. Further, we could have also accounted
for treatment from MDA, which can affect the children’s infection status and load of infection
(light/heavy) which was not considered in this study.

To improve how our model captures the dynamics of Schistosoma transmission and try find sig-
nificant statistical evidence, future work could be carried out using a bayesian approach to look
at the structure of the posterior very carefully and work out whether its the non-identifiability of
parameters in the model that mean we can’t trust the Gaussian approximation that we need for
calculating the CI in the way we designed our models.

Furthermore, a limitation of the model was that we assumed the all-snail infection drops off by
100km, although this is a sensible assumption as it is unlikely SAC would travel more than 100km
from the shoreline: this is a weakness of the model given our data. Another limitation of our study
is we assumed that all snails are infected, so presence of snail indicates exposure to Schistosoma

infection. This may not be the case in reality. However, in spite of these several limitations, our
model provides insight into how proximity to snail abundance might affect the patterns of age
prevalence in schools nearby to the shoreline.
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4.5 Conclusion

Our study reproduces the non-linear age-prevalence profiles by modelling the Schistosoma in-
fection transmission dynamics with age-related immunity using cross-sectional parasitology and
malacological data already collected and analysed. We find the best estimates values of the main
determinants of Schistosoma risk with SAC at schools along the southern part of Lake Malawi.
One of the main outcomes of our study is that school measured distance from the shoreline has no
tangible effect on the SAC exposure. However, our dataset was limited by our assumptions of the
model, size and single-time-point. We were able to a certain extent to reconstruct the age-infection
profile using a simple state transmission model. However, further studies could be carried out us-
ing a longitudinal cohort study, which would be much more powerful than a single cross-sectional
study to understand Schistosoma infection dynamics and how this affects SAC age-infection pro-
files and the implications on how control methods are applied.
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Chapter 5

General Discussion

5.1 Chapter overviews

The General Discussion chapter brings together and summarises all the chapters in my thesis. Key
findings are used to draw conclusions and propose informed modifications to, as well as support
for, parts of the WHO guidelines for the control and elimination of schistosomiasis [63]. By ap-
plication of statistical and modelling, my thesis explored the spatial and temporal transmission
of schistosomiasis within SAC along the southern part of the lake shoreline in Mangochi district,
Malawi. The thesis contributed insights regarding the drivers of Schistosoma infection, determi-
nants of transmission, understanding SAC age prevalence profiles and snail distribution along the
shoreline. This, in turn, helps to improve understanding on how to interrupt transmission and im-
prove the application of control methods. The investigation of transmission of Bulinus spp. snails
(UGS) and the unexpected presence of Biomphalaria sp. snails (IS) along the southern shoreline
had already been started prior to my PhD research through parasitology surveys and malacological
studies. This thesis has analysed this data added a quantitative dimension to the overall research
programme. The situation in Lake Malawi acts as a good example of the changing dynamics, al-
beit natural or influenced by anthropogenic factors, that many disease control programmes face
and must overcome. To help bring forward a synthesis I provide an oversight of the findings of
each chapter and attempt to draw together a coherent output rationale.

In Chapter 2, I analysed the parasitological data collected on the SAC attending schools in the
Mangochi District on the southern part of Lake Malawi to gain novel insight on age-stratified in-
fection prevalence during a newly emerging IS infection focus alongside the existing transmission
of UGS. Using GAMs, we were able to find evidence that SAC peak of IS and co-infection of IS
and UGS prevalence was around 11 years old given our data. No clear age-infection pattern was
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found for UGS. Baseline age-prevalence heterogeneity between schools was noted and suggested a
need for further investigation into determinants and dynamics of transmission. To our knowledge,
Chapter 2 is novel, as no other studies have analysed age-prevalence profiles of IS within SAC
during a newly emerging focus of infection alongside existing background transmission of UGS.
Further, we were able to identify the age prevalence profiles for IS, UGS and co-infection along
the southern shoreline of Lake Malawi. My analysis was published in Parasite Epidemiology and
Control and hopes to signpost others to the importance and power of inference that applied more
detailed analytical techniques can bring.

Next, in Chapter 3, I carried out a geospatial analysis using the malacological data collected on the
Schistosoma intermediate host snail spp. along the southern part of Lake Malawi to find the distri-
bution of snails along the shoreline. A Bayesian Poisson latent Gaussian process model was fitted
to the observed abundance data of Bulinus spp. and Biomphalaria sp. intermediate host snails
of Schistosoma infection. This method allows us to predict snail abundance at locations along
the lakes shoreline by interpolating between our sampling sites, allowing us to gain insight into
the spatial scale at which snail populations vary. Substantive heterogeneities in snail distributions
along the shoreline were found. Further investigation was required to improve the identification of
likely snail habitats posing a high risk for schistosomiasis transmission. I highlighted that interpo-
lation of snail survey data was possible and helped to define an appropriate scale at which it was
informative.

Chapter 3 is the first study carried out in Lake Malawi, to identify possible areas with increased
risk of Schistosoma infection along the shoreline, where SAC are most likely to be exposed to
schistosomiasis using a remote sensor data and observed snail counts. Further, the method used
in this chapter, to my knowledge is novel, where we take the 2D shoreline and convert this into
1D shoreline by interpolating the snail abundance, through smoothing the observed estimates and
remote sensor data for a certain number of equally spaced predictions points. In turn, my analysis
was published in Parasites and Vectors and allowed us to measure the intermediate snails’ habi-
tats “hotspots” along the shoreline, based on the snail abundance predictions and their associated
environmental conditions that increase or decrease snail abundance.

Next, Chapter 4 developed a dynamical SEIRS model, the first of its kind integrating new compart-
mentalised variables, using the Chapter 2 and Chapter 3 outcomes as a cross-sectional single-point
time study to find the determinants of infection and improve understanding of age-infection dynam-
ics. Further, it sought to understand whether school distance from the shoreline affects Schistosoma

transmission, in turn, improving the application of control methods within SAC along the southern
shoreline of Lake Malawi. We developed a SEIRS ODE model with age-related immunity to model
the transmission dynamics of Schistosoma infection. We fitted the SEIRS model over prevalence
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data via maximum likelihood estimation, and compared four different models using AIC and MSE
to assess the fit. Given our data, we found no effect on SAC exposure to Schistosoma infection risk
based on the school’s distance from the shoreline. Heterogeneity in transmission between schools
was apparent, though differences in transmission rate between schools were not significant. How-
ever, we were able to reproduce the age-prevalence profiles found in Chapter 2, with the insight
that age-related immunity is responsible for the pattern of prevalence seen even without explicitly
accounting for age-related water exposure. Further we estimated a lower duration of the infectious
period than previous studies [53]. The main limitation of the study was that the data was single-
point in time, and longitudinal panel studies would be required to gain further evidence of causality
between snail exposure and schistosomiasis incidence in our study locations. Further, lack of data
could have led to shorter estimated exposed and infectious periods in study.

Chapter 4’s modelling approach is similar to other studies, as we want to improve control pro-
gramme implication and we use a compartment model to set up our model. However our study is
different to most studies as in our study we did not measure the dynamics of the pathogen lifecycle
as a function of interaction between the human and snail populations, as is the case in many other
studies [114] [115]. We did not have data on whether the snails were infected or not. Instead, we
computed a hazard rate given a SAC’s susceptibility to Schistosoma infection and their school’s
distance from the shoreline. Further, Kanyi et al. 2021 [111], Lopez et al. 2024 [120] and Tabo et

al. 2023 [193] studies were performed to establish the endemic equilibrium points and their thresh-
old value to find the existence of the equilibrium points and their stabilities (e.g. bifurcation). This
was different to this thesis as we used a dynamical model which includes knowledge of the disease
process to replicate the age prevalence pattern that we see in our empirical data instead of the whole
population. Furthermore, a dynamical model focusing only on the endemic (output) was useful as
we wanted to study the effects of immunity on reproducing the age profiles that we see. Further
other studies usually find the endemic equilibrium through setting the derivatives to zero and then
use known parameters values from literature [78, 117, 193]. An adaption of this is Graham et al.
2021 [114] who produced a stochastic individual based model, also known as SCHISTOX using
known parameters values from literature to model the dynamics and also adding age contact rates.
The ability to study age and intensity of infection or the whether infection is acute or chronic has
been investigated [114, 118], whereas we study age prevalence profiles. All these other studies are
different to our thesis as we do not know the parameters values for our model so we identify the
output of the steady state to estimate our parameter values, whereas other studies investigate the
dynamics over time with known literature values.

In addition, we are different to other studies by using the concept that the children are a small
fraction of the total population. Therefore, we were not considering all forms of transmission
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occurring. As there is no reason given this epidemic assumption, that the infection should come
and go, we treat it as a constant reservoir of infection. If we were modelling the whole population
then you mostly likely would not be able to do this; but as we have other adults and children who
would be causing infection who we do not consider in our model, we consider them a constant
reservoir of infection. Furthermore, our model allowed us to explore the SAC’s schools distance
based on proximity to the shoreline from associated known risk factors for Schistosoma infection
transmission instead of just looking at risk factors themselves. Our model had an age-structured
format with age-related immunity as a novel implementation, where we explore immunity with
respect to age in our SEIRS model.

5.2 Conclusion of this thesis

Upon broader appraisal of all chapters, my thesis found the peak age-prevalence profiles given
our data to be around 11 years for IS and co-infection focus. Throughout the literature there
are varied age-prevalence profiles reported with them mostly between early- to mid-adolescence
[10–15 years] [17, 65, 76, 132, 133]. Furthermore we created a way to reconstruct these age
prevalence curves using a simple SEIRS model, which shows the dynamics of SAC age structure
with age-related immunity considered. However, we found an earlier peak in prevalence profile
than other studies which is discussed in Chapter 2 and 4. We think this might be a result of the
newly established transmission potential of IS (presence of Biomphalaria sp. snails along the
shoreline) locally alongside growing acquired immunity in exposed children. However, it was also
noted in our thesis that the age prevalence profiles were extremely noisy given our single-point
in time data, with small sample size data which could have been the reason for the difference
in outcomes to other studies. Further the thesis focused on the trace positive results instead of
trace negative results, which allows for low intensity infections to be considered, but can lead to
overestimation of the prevalence of infections [63, 129]. Furthermore a limitation of my thesis was
intensity of infection was not considered due to lack of KK data as stool samples were only taken
for CCA-positive SAC.

The thesis gained insight into the “peak shift” phrase association with infection epidemiology of
schistosomiasis, which suggests that transmission can oscillate over time and can vary between
schistosome species despite the same infection pathway [123]. The thesis modelled age structure
with age-related immunity, allowing us to model that SAC start off with hardly any immunity, and
it increases over time, essentially building an assumption of partial immunity. This allowed us to
estimate the other important parameters for Schistosoma infection in the model with considera-
tion of age-related immunity. We noted that Kura et al. 2021 [178], reported that the presence of
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those with acquired immunity in MDA treatment programmes decreased the effectiveness of treat-
ment compared to no acquired immunity individuals [178]. Hence, the thesis stresses the need for
improved understanding of age-related immunity to aid control programmes’ effectiveness. The
thesis brought attention to changes in the peak of prevalence over time; this is also thought to be
due to many site-specific factors, including environmental, socio-economic, demographics and wa-
ter exposure. In particular our thesis emphasised the importance of understanding the microhabitat
for schistosome specific species to find the associated snail abundance of focal areas [168, 175].
Our study only revealed the transmission dynamics along the shoreline and opens up future work
into applying our analysis to other areas where snail habitats are found such as pools adjacent to
the lake or rivers, ponds and streams.

My thesis improved the identification of potential “hotspots” of snail activity and areas most at risk
to Schistosoma infection. Our study could lead to improved, more localised snail control. Support-
ing WHO guidelines recommendation of more focal snail control with molluscicides. Furthermore,
our study improved our capability to measure at high-resolution the habitats of the intermediate
host snails which live below the surface of the water. We found remote sensing seems a promis-
ing tool with which to measure intermediate schistosome snail species habitats, however, it was
not the best approach to finding the fine-scale spatial microhabitat differences and their associated
snail abundance due to its lack of resolution. The thesis promotes the need to take regular equally
spaced environment parameters measurements all along the shoreline; perhaps using towed arrays
of sensors behind a boat sailing close to the water’s edge to gain a more realistic understanding of
environmental conditions over time and space.

In turn, this would improve the understanding of the microhabitat of schistosome species interme-
diate snails and the potential hotspots of snail activity. This provides information on which areas
of the shoreline to steer people away from to reduce transmission, again interrupting transmission.
In turn, supporting WHO guidelines recommendation on behaviour change inventions required to
reduce transmission of Schistosoma spp. in endemic areas [63]. The thesis draws attention to
the complexity of the snails microhabitats with many more physical, chemical and environmental
factors (abiotic and biotic) which could be impacting Schistosoma snails’ habitat and their relative
snail abundance, not considered in our model, due to time constraints or non-accessible data [163,
164, 174]. Further, other factors such as food source, pollution, parasitism and even the competi-
tion for snail habitat with other organisms within an area were not considered in our model [174].
Overall, the findings of the thesis promote eliminating schistosome transmission by snail control
alongside MDA programmes [63].

Furthermore, it is known from the literature that age-infection profiles are dependent on trans-
mission rates and focality [123]. The thesis explored optimisation of parameters for each stage of
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Schistosoma infection transmission through our SEIRS model with age-related immunity which al-
lowed us to draw out heterogeneities in transmission between schools. This allowed us to identify
the SAC hazard rate given that they are susceptible based on their school’s location. In addition,
we also found SAC’s school distance from the shoreline did not have an effect on SAC exposure
given our data. We concluded that exposure is not as simple as distance from the lake shoreline
and involves a more complicated approach to measure exposure. This could be due to individual
human spatial movement more likely to have predictable patterns, where they are more likely to
visit more accessible parts of the shoreline, although not always the case. Further, this empha-
sises the need for future studies, using a quantitative social study to look at the environmental and
socio-economic factors which could aid in reducing transmission. These factors are known to af-
fect human behaviour and their related exposure to the shoreline, for example, education, wealth,
trade, or health could affect how often, where and when SAC are exposed to Schistosoma infection
through the intermediate host snails, which would affect their Schistosoma infection risk [192]. In
turn, the thesis highlights the difficulty of establishing human movement patterns to locate where
acquired infections occur, with future need for global positioning system (GPS) monitors to help
aid this.

My thesis highlights the forthcoming challenge to refine geospatial sampling frameworks with
future opportunities to map schistosomiasis within actual or predicted snail distributions which
might better reveal the environmental transmission possibilities. In addition, the thesis illustrates
the complexity of the Schistosoma infection transmission dynamics and allows us insight into how
we might interpret transmission, to meet WHO new guidelines to target elimination of schistosomi-
asis and aid appropriate application of control methods [63]. As mentioned previously, this shows
the ability to identify locations where freshwater snails are most abundant and can aid targeted
control methods, preventing re-infection and hence, helping eliminate or reduce transmission [67,
148, 149]. Further, the thesis shows demand to build on the models created in this thesis particu-
larly the snail abundance and age prevalence modelling, using them to create rather more careful
experimental designs that are targeted towards a spatial understanding of snail abundance along
the lake shoreline. Ideally, we would use a rather more nuanced longitudinal understanding of how
prevalence changes with respect to age, whereas only a cross-sectional study was considered in
our study with a lack of repeated measurements of the same SAC over time.

The thesis’s main limitation is the lack of data availability, which was constricted by the Covid-
19 pandemic, funding, and time. The gifted data had small numbers of children sampled at each
school, not the same number of children collected at each school and not the same school-children
were collected. The data also had a small sample size for number of snails collected for each year
with a different number of locations sampled in year. We used cross-sectional single-point in time
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data where every time you go back to the school you end up testing a different cohort of children.
Ideally, we would have the same panel of children, following up each year, testing them each year.
Furthermore, we would want to know their immune status, where they visited the shoreline and
what activities they do as they grow up. Therefore, we could get those repeat measurements and
control in-between child variation which was observed in our study. This strengthens the demand
to carry out a projected cohort study where we follow these children as they grow up. As from
the model point of view, this could give the models used in this study the best chance to really
identify some of these parameters which are otherwise quite difficult to estimate. Longitudinal
cohort studies are required to attain more data; recruiting a panel of children and following them
up each year. This will allow us to improve our understanding of age-prevalence curves and how
Schistosoma transmission dynamics change over time and space. Further, this would allow us to
better understand the sensitivity and specificity of tests used in our study which could improve our
ability to correctly identify whether the SAC were infected with Schistosoma infection at any point
in time and improve our understanding of age prevalence profiles over time.

In conclusion, my thesis used multiple statistical approaches to better understand the schistosomi-
asis transmission in the Mangochi district on the south shoreline of Lake Malawi. In this thesis the
heterogeneities in transmission between schools, the focal spatial distribution of the intermediate
host snail spp., environmental conditions and the socio-economic factors shows the complexity
of transmission dynamics. This work further emphasises the need for further longitudinal cohort
studies, environmental parameters collected at a finer spatial scale and socio-economic factors to
be considered when studying transmission dynamics.
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Figure B.1: Raw data plot showing the age of the children vs school prevalence for a) S. mansoni
[T+], b) co-infection [T+] and c) S. haematobium. Order of schools on heatmap was by highest to
lowest prevalence.
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Figure B.2: Raw data plot showing the age of the children vs school prevalence for a) S. mansoni
[T-], b) co-infection [T-] and c) Order of schools on heatmap was by highest to lowest prevalence.
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B.2 Prevalence heatmaps

Figure B.3: Heatmap showing the age of the children vs school prevalence for a) S. mansoni [T-]
and b) co-infection [T-]. Order of schools on heatmap was by highest to lowest prevalence.
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Table B.1: Summary of prevalence of S. mansoni [T-] and co-infection [T-]

S. mansoni [T+] S. haematobium Co-infection [T+]
95% Cl 95% CI 95% CI

Smooth term (p-value)
Age 8.45× 10−4*** 0.114 7.81× 10−3**
Factor (estimated coefficient)
School
Samama 0.767* (0.0206,1.51) 1.75*** (1.03, 2.47) 1.81*** (1.01, 2.59)
MOET 0.796. (-0.0251,1.62) -0.940. (-0.202,0.138) -0.815 (-2.02, 0.391)
Koche 1.52** (0.540, 2.50) -2.62* (-4.68, -0.567) -2.26* (-4.34, -0.180)
St Augustine 2 2.63* (0.576, 4.69) 1.19* (0.271, 2.12) 1.43** (0.440, 2.41)
Ndembo 0.621 (-0.465, 1.71) 1.74*** (0.807, 2.67) 1.89*** (0.920, 2.86)
Sungusya 1.48* (0.186, 2.78) -0.143 (-1.26,0.975) -4.33e-2 (-1.28, 1.20)
St Martins 1.47* (0.169, 2.76) -1.92. (-3.99, 0.155) -1.57 (-3.67, 0.532)
Chikomwe 0.634 (-0.393, 1.66) -0.745 (-2.07, 0.578) -0.387 (-1.75, 0.97)
Chipeleka 1.47* (0.168,2.76) 0.445 (-0.546, 1.43) 0.628 (-0.444, 1.70)
Makumba 0.484 (-0.503, 1.47) -1.16 (-2.70, 0.386) -0.788 (-2.37, 0.791)
Mtengza 0.928. (-0.160, 2.02) 0.656 (-0.314,1.63) 1.05* (0.0228, 2.07)
Mchoka 0 - 0 - 0 -
*Significance p < 0.05, **Significance p < 0.01, ***Significance p < 0.001, . Significance at p < 0.1

Table B.2: GAM with smooth term age adjusted for school

S. mansoni [T-] Co-infection [T-]
95% Cl 95% CI

Smooth term (p-value)
Age 0.111 32.0× 10−2*
Factor (estimated coefficient)
School
Samama 1.63*** (0.718, 2.54) 2.21** (0.939, 3.48)
MOET 0.856. (-0.162, 1.87) -0.838 (-3.13, 1.46)
Koche 1.74*** (0.797, 2.68) -28.3 (-178, 178)
St Augustine 2 2.61*** (1.55, 3.68) 2.43*** (1.01, 3.84)
Ndembo 2.53*** (1.47, 3.60) 2.65*** (1.27, 4.03)
Sungusya 2.21*** (1.16, 3.28) 0.618 (-1.24, 2.47)
St Martins 0.132 (-1.29, 1.56) -28.3 (-254, 254)
Chikomwe 1.33 (0.201, 2.45) 0.611 (-1.24, 2.46)
Chikomwe 0.461 (-0.851, 1.77) -0.146 (-2.46, 2.17)
Makumba 1.51** (0.408, 2.62) 0.681 (-1.17, 2.54)
Mtengza 1.67** (0.580, 2.76) 1.45. (-0.133, 3.03)
Mchoka 0 0 0 0
*Significance p < 0.05, **Significance p < 0.01, ***Significance p < 0.001, . Significance at p < 0.1
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Appendix B. Chapter 2 B.3. Generalised additive models
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Figure B.4: Smooth age term plot for the GAM of Schistosoma association with age of SAC for a)
S. mansoni [T-] and b) co-infection [T-].
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Appendix B. Chapter 2 B.3. Generalised additive models

Figure B.5: Gam of Schistosoma association with age of SAC for each school. Invlogit of pre-
dicted fitted values versus age, a) S. mansoni [T-] and b) co-infection. Light Green: Chikomwe,
Yellow: Chipelekera, Dark Blue: Koche, Purple: Makumba, Orange: Mchoka, Brown: Moet Red:
Mtengeza Black: Ndem-bo, Light Blue: Samama , Pink: St Augustine 2, Dark Green: St Martins,
Mauve: Sungusya
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Figure B.6: Probability of the being positive with Schistosoma versus the average residuals, a) S.
mansoni [T+], b) S. haematobium and c) co-infection [T+].
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Figure B.7: Probability of the being positive with Schistosoma versus the average residuals a) S.
mansoni [T-] and b) co-infection [T-].
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B.4 Water contact
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Figure B.8: Water contact rate calculated using the questionnaire answers from the SAC collected
in the primary study. Age of SAC versus their school A) Enter Lake rate B) Swim Lake rate C)
Drink late rate D) Water Contact rate.
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Appendix B. Chapter 2 B.4. Water contact

Figure B.9: Water contact rate versus prevalence of Schistosoma infection for each school. Legend:
Different symbols represent each school
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Appendix C

Chapter 3

C.1 Construction of 200 prediction points

C.2 1D extracted environmental data
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Appendix C. Chapter 3 C.2. 1D extracted environmental data

Figure C.1: Flow diagram showing the stages for constructing the 200 predictions along the shore-
line. a) A 2-D linestring was drawn by hand following the shoreline as shown by Google Satellite
imagery, b) the linestring was re-sampled to 4000 equally spaced vertices and resampled them to
200 equally intervals (red dots), c) observed sampling site locations (blue dots), d) each observed
sampling site location was snapped to its nearest vertex (green dots).
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Appendix C. Chapter 3 C.2. 1D extracted environmental data

(a) Biomphalaria sp.

distance along the shoreline from origin (km)
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(b) Bulinus spp.
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Figure C.2: The distance along the line from the origin (northwest-most vertex) to each of the
snapper observed sampling site locations for each species a) Biomphalaria sp. b) Bulinus spp..
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Figure C.3: Scatterplot of environmental data extracted versus distance along shoreline (km) for
prediction points
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Appendix C. Chapter 3 C.2. 1D extracted environmental data

Figure C.4: Biomphalaria sp. observed sample points extracted environmental data a) Rainfall
(mm) b) LST (°C) c) NDVI (index) d) Evapotranspiration (index) e) Soil type
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Appendix C. Chapter 3 C.2. 1D extracted environmental data

Figure C.5: Bulinus spp. observed sample points extracted environmental data. a) Rainfall (mm)
b) LST (°C) c) NDVI (index) d) Evapotranspiration (index) e) Soil type

163



Appendix C. Chapter 3 C.3. Center and scaling environment data

C.3 Center and scaling environment data
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Appendix C. Chapter 3 C.3. Center and scaling environment data

(a) Biomphalaria sp.
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Figure C.6: Observed points values for each covariate centred and scaled a) Biomphalaria sp. b)
Bulinus spp.
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Appendix C. Chapter 3 C.3. Center and scaling environment data

(a) Biomphalaria sp.
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Figure C.7: Histograms of prediction points values for each covariate centred and scaled. a) Biom-
phalaria sp. b) Bulinus spp.
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C.4 Covariance functions
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Appendix C. Chapter 3 C.4. Covariance functions

(a) Biomphalaria sp.
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(b) Bulinus spp.
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Figure C.8: Comparison of covariance functions for above snails mean abundance for a) Biom-
phalaria sp. b) Bulinus spp. against distance along (km).
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Appendix C. Chapter 3 C.4. Covariance functions

(a) Biomphalaria sp.
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(b) Bulinus spp.
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Figure C.9: Comparison of covariance functions for number of snails predicted for a) Biom-
phalariasp. b) Bulinus spp. against distance along (km).
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C.5 Convergence

C.6 Priors and Posteriors
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Appendix C. Chapter 3 C.6. Priors and Posteriors

(a) Biomphalaria sp.

0.00

0.05

0.10

0.15

0.20

−5 0 5 10
alpha

y

0.0

0.1

0.2

0.3

−5 0 5 10
Rainfall

y

0.0

0.1

0.2

0.3

0.4

−5 0 5 10
LST

y

0.0

0.2

0.4

−5 0 5 10
NDVI

y

0.0

0.1

0.2

0.3

0.4

−5 0 5 10
Evapotranspiration

y

0.00

0.05

0.10

−15−10 −5 0 5 10
SoilcompLV

y

0.00

0.05

0.10

0.15

0.20

−10 −5 0 5
SoilcompPL

y

0.0

0.2

0.4

0.6

−5 0 5 10
sigma

y

0.00

0.25

0.50

0.75

−5 0 5 10
tau

y

0.00

0.25

0.50

0.75

−5 0 5 10
u

y

(b) Bulinus spp.
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Figure C.10: Prior against the posterior distribution a) Biomphalaria sp. b) Bulinus spp.
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Appendix C. Chapter 3 C.7. 1D result

C.7 1D result
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Appendix C. Chapter 3 C.7. 1D result

(a) Biomphalaria sp.
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(b) Bulinus spp.
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Figure C.11: 1D mean GP prediction (exponential covariance function) of number of snails log(µ̂i)
against distance along the shoreline (km) a) Biomphalaria sp. b) Bulinus spp. Red crosses: ob-
served number of snails at sampling locations along the shoreline. Black faded lines : SD of GP
values
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Appendix C. Chapter 3 C.8. Bathymetric data

(a) Biomphalaria sp.

(b) Bulinus spp.

Figure C.12: Bathymetric water depth (m) data for the shoreline with observed snails locations
plotted a) Biomphalaria sp. b) Bulinus spp.

C.8 Bathymetric data
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Appendix C. Chapter 3 C.8. Bathymetric data

Figure C.13: 2D plot of depth (m) extracted for the prediction points with 100km buffer.

Figure C.14: Depth (m) against distance along (km) the shoreline with 100km buffer and fill in
NAs for the shoreline.
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D.1 Sensitivity analysis

D.1.1 plots
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Figure D.1: Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Multi-βs with
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.2: Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Single-β with
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.3: Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Multi-βs with no
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.4: Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Single-β with no
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.5: Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Multi-βs with
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.6: Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Single-β with
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.7: Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Multi-βs with no
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.8: Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Single-β with no
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.9: Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Multi-βs with
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.10: Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Single-β with
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.

186



Appendix D. Chapter 4 D.1. Sensitivity analysis

Sungusya

Samama St Martins

Mtengeza Ndembo

Mchoka MOET

Koche Makumba

Chikomwe Chipeleka

6 7 8 9 10 11 12 13 14 15

6 7 8 9 10 11 12 13 14 15

0.0
0.2
0.4
0.6
0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0

Age

P
re

v
a

le
n

c
e

Biomphalaria sp.a)

St Martins Sungusya

Samama St Augustine 2

Mtengeza Ndembo

Mchoka MOET

Koche Makumba

Chikomwe Chipeleka

6 7 8 9 10 11 12 13 14 15 6 7 8 9 10 11 12 13 14 15

0.0
0.2
0.4
0.6
0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0

0.0
0.2
0.4
0.6
0.8
1.0

Age

P
re

v
a

le
n

c
e

Bulinus spp.b)

 

Observed

Predicted

Multi−βs no space with α = 0.20

Figure D.11: Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Multi-βs with
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.12: Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Single-β with no
space effect model optimisation prevalence prediction (black line) and observed prevalence (black
against age of SAC carried out for each species a) Biomphalaria sp. b) Bulinus spp.
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Figure D.13: Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species

D.1.3 Confidence intervals
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Single-𝜷𝒔 space with 𝜶 = 𝟎. 𝟎𝟓
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Figure D.14: Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Parameter
estimates for single-β spatial model for each species
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Figure D.15: Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species
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Figure D.16: Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Parameter
estimates for single-β spatial model for each species
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Figure D.17: Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species
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Single-𝜷𝒔 space with 𝜶 = 𝟎. 𝟏𝟎
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Figure D.18: Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Parameter
estimates for single-β spatial model for each species
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Figure D.19: Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species
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Figure D.20: Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Parameter
estimates for single-β spatial model for each species
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Figure D.21: Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species
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Single-𝜷𝒔 space with 𝜶 = 𝟎. 𝟐𝟎
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Figure D.22: Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Parameter
estimates for single-β spatial model for each species
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Figure D.23: Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Parameter
estimates for multi-βs spatial model for each species
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Figure D.24: Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Parameter
estimates for single-β spatial model for each species
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Figure D.25: Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Confidence
intervals for parameter estimates for Biomphalaria sp. models with SAC prevalence at age 6 set
as α set to 0.05 (5%) a) Multi-βs space sp. b) Multi-βs no space c) Single-β space d) Single-β no
space
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Figure D.26: Prior Schistosoma infection prevalence of α = 0.05 for SAC age 6. Confidence
intervals for parameter estimates Bulinus spp. models with SAC prevalence at age 6 set as α set to
0.05 (5%) a) Multi-βs space sp. b) Multi-βs no space c) Single-β space d) Single-β no space

202



Appendix D. Chapter 4 D.1. Sensitivity analysis

−20

−10

0

10

20

beta1 beta2 beta3 beta4 beta5 beta6 beta7 beta8 beta9 beta10 beta11 sigma gamma
Parameter

lo
g 

va
lu

e

Multi−βs spacea)

−20

−10

0

10

20

beta1 beta2 beta3 beta4 beta5 beta6 beta7 beta8 beta9 beta10 beta11 sigma gamma
Parameter

lo
g 

va
lu

e

Multi−βs no spaceb)

Biomphalaria sp.

−20

−10

0

10

20

beta gamma sigma
Parameter

lo
g 

va
lu

e

Single−β spacec)

−20

−10

0

10

20

beta gamma sigma
Parameter

lo
g 

va
lu

e

Single−β no spaced)

 α = 0.10

Figure D.27: Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Confidence
intervals for parameter estimates for Biomphalaria sp. models with SAC prevalence at age 6 set as
α set to 0.10 (10%); a) Multi-βs space b) Multi-βs no space c) Multi-βs space d) Multi-βs no space
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Figure D.28: Prior Schistosoma infection prevalence of α = 0.10 for SAC age 6. Confidence
intervals for parameter estimates for Bulinus spp. models with SAC prevalence at age 6 set as α set
to 0.10 (10%); a) Multi-βs space sp. b) Multi-βs no space c) Single-β space d) Single-β no space
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Figure D.29: Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Confidence
intervals for parameter estimates for Biomphalaria sp. models with SAC prevalence at age 6 set as
α set to 0.20 (20%): a) Multi-βs space sp. b) Multi-βs no space c) Single-β space d) Single-β no
space
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Figure D.30: Prior Schistosoma infection prevalence of α = 0.20 for SAC age 6. Confidence
intervals for parameter estimates for Bulinus spp. models with SAC prevalence at age 6 set as α set
to 0.05 (5%): a) Multi-βs space sp. b) Multi-βs no space c) Single-β space d) Single-β no space
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D.2 Log-likelihood profiles

Figure D.31: Biomphalaria sp. Multi-β with space effect model profile likelihood against fit of
model.
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Figure D.32: Bulinus sp. Multi-β with space effect model profile likelihood against fit of model
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Figure D.33: Single-β with space effect model profile likelihood against fit of model a) Biom-
phalaria sp. b) Bulinus spp.
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Figure D.34: Biomphalaria sp. Multi-β with no space effect model profile likelihood against fit of
model.
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Figure D.35: Bulinus sp. Multi-β with no space effect model profile likelihood against fit of model
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Figure D.36: Single-β with no space effect model profile likelihood against fit of model a) Biom-
phalaria sp. b) Bulinus spp.
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Schistosomiasis can cause lifelong morbidity
with children most vulnerable to disease.
Infection rates are often characterized by local
heterogeneities in transmission, which leads to
the importance of identifying high risk areas
and ways to improve tailored control.
Along the shoreline of Lake Malawi, both
intestinal (IS) and urogenital (UGS)
schistosomiasis is now occurring from
Schistosoma mansoni and S. haematobium
infections respectively, despite annual
praziquantel treatment in all schools.
In this poster, I present a secondary analysis of
epidemiological data collected from school-
aged children (SAC) in Mangochi District,
Lake Malawi to assess age-infection profiles.

Introduction

Data sources

Let Yij be a binary response for individual SAC i
at a named school j. This follows Yij is either Yij=1
if SAC had an infection-positive result or Yij=0 if
the SAC has an infection-negative result at named
school j. The following equations can represent the
distribution of the model as.

𝑌!"|𝑋!"~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝!" ,
𝑝!" = 𝐸 𝑌!" 𝑥!" .

These give a logistic regression with Bernoulli
distribution and mean 𝑝!". The 𝑥!" is a vector of the
explanatory variables with the 𝑖 th subject (i=1,
2,….n) with jth school (j=1,2,…..k), where n is the
number of subjects and k is the sample of schools.
We then represent the model as a generalised
additive model (GAM),

𝒍𝒐𝒈𝒊𝒕 𝒑𝒊𝒋 = 𝜶 + 𝒙𝒊𝒋𝑻 + 𝜷 + 𝒔 𝒛𝒊𝒋, 𝝓

where 𝑠 is the smooth function of 𝑧!" given 𝜙 where
𝑧!" denotes the age of the SAC i at school j. GAM
allow us to adjust the smoothness of the predictor
functions and make the assumption that the
predictor relationship is smooth in nature when the
true predictor relationship may be more noisy.

Model Formulation

Conclusions
There is an increasing prevalence of IS in
SAC up to around 11 years before decreasing
there afterwards. By contrasts, no clear age-
infection pattern for UGS was found. Peak of
infection is expected around adolescent. This
peak in prevalence at age 11 may be due
acquired immunity which is known as ‘peak
shift’ phenomenal or could be explained by
factors for instance water exposure3. A
further investigation (Part B) was carried out
to study the role of IS and UGS co-infection
impact on disease dynamics and whether the
age-profiling of infection changes.

1. Kayuni, S.A., O’Ferrall, A.M., Baxter, H., Hesketh, J., Mainga, B., Lally, D., Al-Harbi, M.H., LaCourse, E.J., Juziwelo, L., Musaya, J. and Makaula, P., 2020. An outbreak of intestinal schistosomiasis, alongside increasing urogenital schistosomiasis prevalence, in primary school children on the shoreline of Lake Malawi, Mangochi District,
Malawi. Infectious Diseases of Poverty, 9(1), pp.1-10.
2. Mohammad HAlharbi et al. “Biomphalaria pfeifferi Snails and Intestinal Schistosomiasis, Lake Malawi, Africa, 2017-2018”. In: 25.3 (2019), pp. 613–615
3. M. E.J Woolhouse. “Patterns in Parasite Epidemiology: The Peak Shift”. In: Parasitology Today 14.10 (1998), pp. 428–434.
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In 2019, a parasitology survey of SAC was carried
out in June1, being a follow-up and expanded
surveillance study upon initial confirmation of the
emergence and outbreak of IS2. There were three
phases of the 2019 study:
Phase 1: 80 SAC from Mchoka (MC) and Samama
(SA) school (red) – an annual follow-up,
Phase 2: 60 SAC from Moet and Khoche school
(green) – a thorough assessment of two schools
near known snail vectors,
Phase 3: 30 SAC sampled at all the others schools
(yellow) – a rapid surveillance map of lakeshore
schools.
The schools’ locations are shown on the map.

Amber Lydia Reed

Part A: Intestinal & urogenital schistosomiasis dual-infection focus:
Investigating age-infection relationships for school-aged children along shoreline of Lake Malawi
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Results

Dual-infection of A S.m.  [T+] B S.m. [T-] C S.h.

Summary of Results

All schools dual-infection of A S.m.  [T+] B S.m. [T-] C S.h.

• Six schools (SA, Koche, St Augustine 2,
Sungusya, Malindi (St Martins), Chipelekera) all
had significant evidence to suggest as SAC aged
the log odds of being positive for S.m. increased
compared to MC school.

• Koche school had significant evidence to suggest
as SAC the log odds of being positive S.h.
decreases and St Augustine 2 and Ndembo
increases compared to MC school.

• S.m. infection [T+] smooth term prediction goes
from negative to positive versus age up to age 11
and before decreasing back to negative.

• For S.m., St Augustine 2 had the highest and
Sungusya school had the lowest prevalence rates.

• For S.h., there was no clear pattern for prevalence
versus age for SAC at all the schools.

Photo credit: JR Stothard
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Table 2: IS and UGS GAM of the smooth term age adjusted for school
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Figure D.1: Poster Presented at British Parasitology Conference (BSP) conference 2021. Part A:
Intestinal and urogenital schistosomiasis dual-infection focus: Investigating age-infection relation-
ships for school-aged children along shoreline of Lake Malawi
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There are two forms of schistosomiasis in
Africa, intestinal and urogenital, that
collectively blight the lives of millions of
children. Whilst co-infections are possible
their dynamics are poorly understood and we
present in this poster, a secondary analysis of
epidemiological data collected from school-
aged children (SAC) in Mangochi District,
Lake Malawi where both intestinal (IS) and
urogenital (UGS) schistosomiasis is now
occurring from Schistosoma mansoni (S.m.)
and S. haematobium (S.h.) infections
respectively.

Introduction

Data sources

Let Yij be a binary response for individual SAC i
at a named school j. This follows Yij is either Yij=1
if SAC had a positive result for both S.m. and S.h.
or Yij=0 if the SAC has both negative result or only
one positive result for S.h. and S.m. at named school
j. The following equations can represent the
distribution of the model as

𝑌!"|𝑋!"~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝑝!" ,
𝑝!" = 𝐸 𝑌!" 𝑥!" .

These give a logistic regression with Bernoulli
distribution and mean 𝑝!". The 𝒙𝒊𝒋 is a vector of
the explanatory variables with the 𝒊th subject
(i=1, 2….n) with jth school (j=1,2…..k), where n
is the number of subjects and k is the sample of
schools. We then represent the model as a
generalised additive model (GAM),

𝒍𝒐𝒈𝒊𝒕 𝒑𝒊𝒋 = 𝜶 + 𝒙𝒊𝒋𝑻 + 𝜷 + 𝒔 𝒛𝒊𝒋, 𝝓

where 𝒔 is the smooth function of 𝒛𝒊𝒋 given 𝝓
where 𝒛𝒊𝒋 denotes the age of the SAC i at school j.

GAM Model Formulation

Conclusions
An increasing prevalence of IS and UGS co-
infection for SAC up to around 11 before
decreasing there afterwards. A similar age-
profile for dual-infection was found (Part A).
The peak of prevalence around 11 years for
both dual and co-infection requires further
investigation with follow-up studies. Further
analysis is planned using malacological niche
maps and a statistically-grounded dynamical
infection model to find the main determinants
of infection within school-aged children and
how future praziquantel treatment targeted at
schools could be better optimised.

1. Angus More O’Ferrall. “The changing epidemiological landscape of schistosomiasis in Lake Malawi, Mangochi District: prevalence and morbidity associated with urogenital schistoso- miasis in school children.” In: Msc Biology and Control of Parasites and Disease vectors, Liverpool School Tropical
Medicine (2019).
2. Rosie Christiansen. “A parasitological survey to ascertain the prevalence of intestinal schistosomiasis in school-aged children around a new focus of Biomphalaria in Lake Malawi”. In:Msc Biology and Control of Parasites and Disease vectors, Liverpool School Tropical Medicine (2018).
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In 2019, a parasitology survey of SAC was carried
out in June1, being a follow-up and expanded
surveillance study upon initial observations of
schistosome co-infections made the year before2.
The study sampled 80 SAC from 2 schools (annual
follow-up), 60 SAC from 2 different schools
(assessment of two schools near known snail
vectors) and then carried a rapid surveillance map
of lakeshore schools taking 30 SAC samples at all
the others chosen schools.

Amber Lydia Reed

Part B: Intestinal & urogenital schistosomiasis co-infection focus:
Investigating age-infection relationships for school-aged children along shoreline of Lake Malawi

GAM smooth term
Inverse logit of smooth term for Schistosoma 

infection association with age of SAC adjusted for 
age and school

GAM covariates
Inverse logit predicted values for Schistosoma 

infection association with age of SAC adjusted for 
age and school

Results

Summary of Results
•Four schools (SA, Ndembo dp, St Augustine 2
[T+][T-] and Mtengeza [T+]) all had significant
evidence to suggest as SAC aged the log odds of
being coinfected increased compared to MC
school.
•Koche [T+] school had significant evidence to
suggest as SAC aged the log odds of being
coinfected decreased compared to MC school.
•Coinfection [T+][T-] smooth term prediction has
an indication of steady increase in prevalence rate
up to age 11, then decreasing there afterwards and
the pattern becoming unclear.
•Similarly, coinfection [T+][T-] for each school
showed increasing prevalence of coinfection as
SAC aged up to age 11 before decreasing there
after.

Table 2: Coinfection GAM of the smooth term age adjusted for school

Coinfection of S.m. and S.h. A [T+] B [T-]

Coinfection of S.m. and S.h. A all schools [T+] B all schools [T-]

Heatmaps
Age of  SAC vs school prevalence for

Coinfection of S.m. and S.h. A. [T+] B [T-]
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Low intensity S.m. infections were common among
all the schools except Mchoka (MC) school. Visual
indication of co-infection dependent on the
presence of S.m. and S.h. infections in the area as
expected. Samama (SA) school shows a possible
increase in co-infection [T-] prevalence between
ages 8-11 years whereas the pattern at other schools
are not clear.
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A B
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C

Figure D.2: Poster presented at BSP conference 2021. Part B: Intestinal and urogenital schistoso-
miasis co-infection focus: Investigating age-infection relationships for school-aged children along
shoreline of Lake Malawi
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Data sources

Model Formulation

Conclusions
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Malacological surveys were carried out during
May/June 2017-2019. Pilot 2017 surveillance data
identified Biomphalaria and Bulinus spp. along the
shoreline. 2018 and 2019 malacological surveys
repeated locations and choose new sites based on
satellite imagery or randomly based on there
surrounding environment suitable for breading sites to
confirm the emergence and outbreak of IS. Danish
Bilharziasis Laboratory key was used to identify the
snail using shell morphology. The number of snails was
counted for each snail spp., temperature (oC), pH,
electrical conductivity (µS) and total dissolved salts
(ppm).

Amber Lydia Reed

A geospatial analysis of local intermediate snail host distributions provides insight into intestinal and urogenital 
schistosomiasis within under-sampled areas of Lake Malawi

1D

Method 

Summary of Results
• Shoreline predicted to have higher Biomphalaria
spp. abundance than mean abundance close by to
Koche, Moet, Samama, Mchoka and lower near
Mtengeza school.

• Shoreline predicted to have higher Bulinus spp.
abundance than mean abundance below Koche and
Chikomwe.

• There is varying degree of uncertainty in locations
as shown from the SD result.

Map of southern part of Lake Malawi. A) School locations
sampled in years 2017-2019. B) Number of snails spp. observed
Green dots: Biomphalaria Blue dots: Bulinus

Create high-resolution linestring along Lake Malawi 
shoreline.

Map each snail sampling location to its nearest 
vertex on the linestring.

Run stan model using the sampled locations and 
observed data.

Calculate the mean, 95% confidence interval (CI) 
and standard deviation (SD)

Plot the mean, CI and SD on the 2D sampling points 
– matching up the 1D to 2D. 

Calculate distance from the end of the line of each 
mapped snail sampling location.

2D

Distances from origin of shoreline A) Biomphalaria B) 
Bulinus

We used a Bayesian log-linear Gaussian Process model to
smooth observations of snail abundance along the
shoreline. Our study observed the number of snails 𝑦! at
sampling locations 𝑥! expressed as distance along the
shoreline relative to an arbitrary reference point. In
addition, we have three covariates, temperature, US and
PH, which we express as the design matrix Ζ. We then
model 𝑦! as

𝑦!~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜇!),
with

log(𝜇!) = 𝛼 + 𝑧!"𝛽 + 𝑠!.

𝒔 is modelled using a 1-dimensional Gaussian process
with squared-exponential correlation function with
variance 𝜎 and length scale 𝜙.We also include include an
additional uncorrelated variance term 𝜏. We place priors
on our unknown model parameters

𝛼~𝑁𝑜𝑟𝑚𝑎𝑙 0,100
𝛽~𝑁𝑜𝑟𝑚𝑎𝑙(0,100)
𝜎~𝐺𝑎𝑚𝑚𝑎 1,1

𝜏~𝐺𝑎𝑚𝑚𝑚𝑎(0.1,0.1)

The STAN probabilistic programming language was used
to fit the model, allowing us to project the Gaussian
process onto a fine grid of points along the shoreline to
create predictions of snail abundance at arbitrary points in
our study region.

Schistosomiasis transmission can only occur in
the presence of the intermediate host snail within a water
source in a local geographic area.
Recently Biomphalaria spp. of snail have been
discovered along the shoreline of Lake Malawi,
cohabiting with Bulinus spp. within submerged beds
of Vallisneria aquatic vegetation. These snail species are
intermediate hosts for Schistosoma mansoni and S.
haematobium which cause intestinal (IS) and urogenital
schistosomiasis (UGS), respectively.
In this poster, we present a secondary
analysis of malacological surveys data collected along
the southern part of Lake Malawi, in Mangochi district to
assess the snail distribution. We aim to create a map of
snail abundance along the shoreline based on study data,
which allows us to identify spatial heterogeneities
in where school-aged-children (SAC) are most likely
exposed to Schistosoma.
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Exponential GP prediction with shoreline A) Biomphalaria
B) Bulinus. SD of GP show with size of dots.

Our study shows substantive heterogeneities in snail
distributions along the lake. In turn, showing insight into
local dynamics of schistosomiases transmission. A
limitation of the study was the site-specific covariates were
only taken. Recent field work sampling the right hand of
the shoreline should improve and verify the predictions.
Further is planned using a statistically-grounded
dynamical infection model to find the main determinants
of infection within SAC and how future praziquantel
treatment target at schools could be better optimized.

A

B

A

B

Project fitted Gaussian Process onto all other vertices 
in the linestring to create prediction.

A B

Figure D.3: Post presented at BSP conference 2022. A geospatial analysis of local intermediate
snail host distributions provides insight into intestinal and urogenital schistosomiasis within under-
sampled areas of Lake Malawi
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