
 

Abstract: 

Neglected Tropical Diseases (NTDs) are a group of twenty diseases identified by the World 
Health Organisation (WHO) as disproportionately affecting people living in poverty. Those most 
affected by NTDs often live in remote, rural locations, mainly in tropical regions. It is estimated 
that 1 billion people are affected by the burden of these diseases, and 1.6 billion require 
treatment. The WHO has laid out a roadmap towards the control, prevention, elimination and 
eradication of NTDs. This roadmap details global goals to reach by 2030 which include, among 
others, a 90% reduction in those requiring treatment and for at least 100 countries to eliminate 
at least one NTD. In order to meet these goals, the roadmap states that “New approaches and 
mapping tools are necessary to obtain a granular view of disease epidemiology”. Model-based 
geostatistics is a branch of spatial statistics which has been increasingly used to support the 
achievement of this goal through multidisciplinary effort of the statistical and epidemiological 
research communities. In this article we provide an overview of how advanced statistical 
methodology has been used to support disease control programmes from low middle income 
countries in the elimination of NTDs, with a focus on soil transmitted helminths. The example 
described is drawn from our involvement as a World Health Organization Collaborating Centre 
with Ministries of Health in Africa. In particular, we highlight the hurdles statisticians encounter in 
promoting the adoption of advanced methodologies, including the communication barriers that 
must be overcome to ensure their effective utilisation. 
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Acronyms: (sidebar) 
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Definitions: (sidebar) 
Geostatistics - A branch of statistics that analyses spatial patterns in data. 
Prevalence - The proportion of people who are infected with a disease in an area. 
Covariate - A factor that can influence the outcome of the relationship we are studying. For 
example, soil quality would be a covariate when studying the relationship between sunlight and 
plant growth.  
Spatial correlation - The tendency for things that are close together in space to be more alike or 
similar to each other than things that are farther apart. 
Residuals - The variation in an outcome which we have not been able to account for using 
covariates in a model. 
Log-Odds - A transformation which can be applied to prevalence data so that it follows a normal 
distribution and linear relationships with covariates can be assessed.  
 
 
Geostatistics: (as a box coloured so that it matches the highlighted text) 
Geostatistics refers to a branch of statistics which can be used to model spatially continuous 
processes using data collected from a finite set of survey locations. Geostatistics was first used 
in the South African mining industry in the 1950s to predict the distribution of ores and has since 
been used across many fields. The main principle of geostatistics lies in acknowledging the first 
law of geography in statistical models; that is that phenomena which are geographically closer 
to one another are more similar than those which are further apart. Its application can be used 
to model environment-driven diseases and is particularly important in the field of Neglected 
Tropical Diseases (NTDs) due to the low-resource settings in which many NTDs are found, and 
therefore the limited number of surveys which are conducted. The basic structure of a 
geostatistical model is as follows: 
Variation in outcome of interest = Covariate effects + Spatially correlated                                              
residuals + Non-spatial residuals.  
In summary, this model is saying that the variation in the outcome of interest can be explained 
by known factors (covariate effects), plus an additional patterns related to spatial location 
(spatially correlated residuals), and finally, some random noise that isn't explained by either the 
covariates or spatial patterns (non-spatial residuals). 

NTDs - What are they?  

On average 1 in 8 people globally are infected with a neglected tropical disease (NTD) yet many 
have never heard of them. NTDs are a group of 20 diseases identified by the World Health 
Organisation (WHO) as disproportionately affecting those living in poverty. Those most affected 
by NTDs often live in remote, rural locations, mainly in tropical regions. NTDs often have low 
mortality, but impact lives by causing developmental issues, disability, stigmatisation, social 



exclusion and discrimination. These diseases are not a new phenomenon, and in fact there is 
evidence of what we now call NTDs being referenced in historical texts such as the Bible. 
Today, it is estimated that 1 billion people are affected by the burden of these diseases, and 1.6 
billion require treatment (https://bit.ly/3xMLtBw).  

The WHO has laid out a roadmap towards the control, prevention, elimination and eradication of 
NTDs. This roadmap details global goals to reach by 2030 which include, among others, a 90% 
reduction in those requiring treatment and for at least 100 countries to eliminate at least one 
NTD. In order to meet these goals, the roadmap states that “New approaches and mapping 
tools are necessary to obtain a granular view of disease epidemiology” [1]. Model-based 
geostatistics is a branch of spatial statistics which has been increasingly used to support the 
achievement of this goal through multidisciplinary effort of the statistical and epidemiological 
research communities. In this article we provide an overview of how advanced statistical 
methodology has been used to support disease control programmes from low middle income 
countries (LMICs) in the elimination of NTDs, with a focus on Soil Transmitted Helminths (STH). 

NTDs - What can be done?  

The burden of many NTDs, including STH, can be easily relieved with cheap, easy-to-
administer treatments, however, ensuring that those most in need have access to these 
treatments presents a significant challenge. It thus becomes crucial to identify those who are 
infected in order to prioritise treatment for the most vulnerable. Given the remoteness of many 
disease-stricken populations and limited resources, this can prove challenging. Surveys 
conducted to monitor the burden of NTDs are typically limited to a finite set of locations. Thus, 
optimising the use of this information becomes crucial for informing policy decisions by 
government and health organisations. Geostatistical methods have been playing an essential 
role to address this issues in two different ways: 1) to infer prevalence of NTDs at locations 
where data has not been collected by exploiting spatial correlation; 2) to develop survey designs 
that, by making use of data collected in the past, are more efficient than standard sample 
surveys. 

Case Study: STH in Kenya: 

STH infections are caused by parasitic worms. These worms are transmitted via eggs present in 
human faeces, which contaminate soil; for this reason, STH affects those with poor access to 
sanitation facilities. For those with a high intensity of infection (many worms in their intestines), 
this disease can cause a range of symptoms including diarrhoea, abdominal pain, malnutrition, 
and impaired growth and development. The worms feed on human tissues, including blood, 
leading to a loss of iron and protein which can cause anaemia, especially in adolescent girls and 
women of reproductive age. Fortunately, repeated mass drug administration (MDA) with 
relatively cheap medication can be used to control morbidity. 

We present an example investigating the prevalence of STH in Kenya [2]. In 2017, 153 
randomly selected schools in 12 counties in south Kenya were visited, and a sample of school-
aged children (SAC) were tested for STH. The prevalence of STH in the sampled schools can 

https://bit.ly/3xMLtBw


be seen in Figure 1. We will create a simple model using only covariates (Model 1) and 
compare it to a second, improved model utilising the geostatistical method (Model 2). 

 

Figure 1: Maps showing the sampled schools in Kenya, coloured by % prevalence (proportion of 
children who tested positive for STH in each school). 

Modelling STH - Using characteristics to explain prevalence:  

Scientific research has delved into the environmental conditions conducive to the proliferation of 
STH, delineated by factors such as soil pH and land surface temperature. In addition to the 
environment, socio-economic characteristics also play a significant role in influencing exposure 
to STH. For instance, factors like school attendance rate are associated with higher prevalence 
of STH. It’s worth noting these relationships are not causative; a low school attendance rate 
does not cause high STH prevalence but areas with low school attendance rates are likely to be 
poorer areas with poorer sanitation, and hence have a higher STH prevalence. Regression 
methods, of which model-based geostatistical methods are an extension, allow us to combine 
the effects of climactic, environmental, social, and demographic characteristics to predict the 
prevalence of STH in that area. When we use variables, other than the outcome, in this way, we 
will refer to them as the covariates of the model.  

STH in Kenya - Modelling using Covariates:  

In our Kenya example, the enhanced vegetation index (a measure of vegetation greenness), 
land surface temperature for day and night, and soil acidity were selected in the modelling 
process as important covariates. We retrieved a satellite image for each covariate which we 
used to determine the vegetation greenness, soil acidity and land surface temperature across 



Kenya at pixel level. We will refer to these covariates as EVI, LST day, LST night and soil pH, 
respectively. EVI, LST day and LST night were retrieved from the MODIS data portal 
(https://bit.ly/3w7J83u). Soil pH was obtained from the ISRIC Soil Data Hub 
(https://bit.ly/3UGLWOJ).  

Standard regression models that ignore spatial correlation provide a simpler naive approach to 
use those covariates for mapping STH prevalence. This model, which we refer to as Model 1,  
can be expressed as 

Model 1: 𝐿𝐿𝐿𝐿𝐿𝐿 − 𝑂𝑂𝑂𝑂𝑂𝑂(𝑆𝑆𝑆𝑆𝑆𝑆 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃)  =  𝛽𝛽0 + 𝛽𝛽1 × 𝐸𝐸𝐸𝐸𝐸𝐸 + 𝛽𝛽2 × 𝐿𝐿𝑆𝑆𝑆𝑆 𝑂𝑂𝑃𝑃𝑑𝑑 +  

𝛽𝛽3 × 𝐿𝐿𝑆𝑆𝑆𝑆 𝑃𝑃𝑛𝑛𝐿𝐿ℎ𝑡𝑡 + 𝛽𝛽4 × 𝑠𝑠𝐿𝐿𝑛𝑛𝑃𝑃 𝑝𝑝𝑆𝑆 

Model 1 is a standard logistic regression model from which we can predict the prevalence at 
other locations which were not sampled by extracting the values of each covariate and 
combining them according to the equation above. In Model 1, 𝛽𝛽0 refers to the intercept value 
(the log-odds of the STH prevalence we would expect if the EVI, LST day, LST night and soil pH 
all had value 0). We define 𝛽𝛽1 through 𝛽𝛽4 to be the amount we would expect the log-odds of the 
STH prevalence to increase (or decrease) when the value of its corresponding covariate 
increases by 1. 

 The results show that in regions with a greater EVI (indicating more vegetation), we observed a 
higher prevalence of STH. This can be attributed to vegetation offering shelter, which prevents 
eggs from being washed away and enables soil moisture retention [3]. Furthermore, our findings 
revealed a negative association between soil pH and STH prevalence, or in other words areas 
with more alkaline soil exhibited a lower proportion of positive tests, as the eggs struggle to 
survive in highly alkaline conditions. Similarly, a negative association was found between LST 
and STH prevalence, as eggs fail to hatch in temperatures exceeding 40°C [4].  

Modelling STH - Improving the predictions by modelling spatial correlation  

Whilst including covariates is useful in modelling, we wish to extend our model to improve the 
estimates of prevalence in unsampled locations by accounting for the variation in prevalence 
that our covariates are unable to account for and which causes spatial correlation. Modelling of 
spatial correlation is a topic that has been addressed in different epidemiological problems and 
the methods proposed are often tailored to the specific data-formats. In our context, our 
sampling units correspond to locations that may represent a village, a household or, as in the 
STH example, a school. Model-based geostatistics aims to exploit the information collected at 
this finite set of locations to draw inferences on spatially continuous surfaces of disease 
prevalence. For further information about how geostatistics can be used in global public health 
we recommend the book “Model-Based Geostatistics for Global Public Health: Methods and 
Applications” [5] 

STH in Kenya - Implementing a geostatistical model: 

https://bit.ly/3w7J83u
https://bit.ly/3UGLWOJ


Based on the established association that exists between water, sanitation and hygiene affects 
with the likelihood that someone is infected with STH, we can assume that those sharing water 
sources and toilet facilities are likely to have a similar risk of infection. However, these variables 
may not always be available, thus making the use of geostatistical models essential. In more 
formal statistical terms, we extend Model 1 by introducing an additional spatial term to the 
model, technically referred to as the spatial Gaussian process. We will refer to the model which 
includes covariates and the spatial Gaussian process as Model 2. 

Model 2: 𝐿𝐿𝐿𝐿𝐿𝐿 − 𝑂𝑂𝑂𝑂𝑂𝑂𝑠𝑠(𝑆𝑆𝑆𝑆𝑆𝑆 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃)  =  𝛽𝛽0 + 𝛽𝛽1 × 𝐸𝐸𝐸𝐸𝐸𝐸 + 𝛽𝛽2 × 𝐿𝐿𝑆𝑆𝑆𝑆 𝑂𝑂𝑃𝑃𝑑𝑑 +  

𝛽𝛽3 × 𝐿𝐿𝑆𝑆𝑆𝑆 𝑃𝑃𝑛𝑛𝐿𝐿ℎ𝑡𝑡 + 𝛽𝛽4 × 𝑠𝑠𝐿𝐿𝑛𝑛𝑃𝑃 𝑝𝑝𝑆𝑆 + 𝑆𝑆𝑝𝑝𝑃𝑃𝑡𝑡𝑛𝑛𝑃𝑃𝑃𝑃 𝐿𝐿𝑃𝑃𝑔𝑔𝑠𝑠𝑠𝑠𝑛𝑛𝑃𝑃𝑃𝑃 𝑝𝑝𝑃𝑃𝐿𝐿𝑃𝑃𝑃𝑃𝑠𝑠𝑠𝑠 

The important feature of this additional element of the model is that the values it takes at two 
different locations are correlated based upon how far apart the two locations are. 

STH in Kenya - Comparing Model 1 and Model 2: 

 

Figure 2: Maps showing the predicted STH prevalence using Model 1 (left) and Model 2 (right). 

Figure 2 shows the predictions made from Model 1 and Model 2 across the area of interest in 
Kenya. Whilst there are similarities between the two maps, notable differences in the prevalence 
predictions can also be noticed.  

STH in Kenya - Informing policy: 

In addition to the point predictions of prevalence, we also can compare Model 1 and Model 2 by 
considering the probability, at a given location, of exceeding 2% prevalence, which we refer to 
as exceedance probability.  The reason for this is that the WHO defines the STH prevalence 
thresholds for treatment as follows: suspend MDA if STH prevalence is less than 2%; conduct 



MDA every 2 years if STH prevalence is between 2% and 10%; annually if between 10% and 
20%; twice yearly if between 20% and 50%; and thrice yearly if greater than 50%. Figure 3 
shows the probabilities of exceeding the 2% prevalence threshold using Model 1 and Model 2. 

 

Figure 3: Maps showing the exceedance probability of 10% prevalence using Model 1 (left) and 
Model 2 (right).  

Model 1 delineates two distinct areas: one marked in red, indicating a high likelihood of 
exceeding the 2% prevalence threshold, and another in yellow, corresponding to a very low 
likelihood (circled area). However, accounting for residual spatial correlation, induced by 
unmeasured covariates, alters the result substantially. Notably, the region initially deemed 
unlikely to exceed 2% now, under Model 2, exhibits exceedance probabilities closer to 50%. In 
essence, disregarding spatial correlation would lead to overly optimistic assessments regarding 
non-exceedance in the circled area depicted in Figure 3, whereas Model 2 advocates for a more 
cautious approach to its delineation. 

For logistical reasons, decisions about treatment are often made over areal units. In the case of 
Kenya, these correspond to counties. To help inform these decisions, geostatistical models can 
also be used to generate predictive inferences for the county-level average prevalence as 
shown in Fig. 4. We can see there are 4 counties in the study area where MDA should be 
carried out every 2 years, 7 counties in which MDA should be carried out annually, and 1 in 
which MDA should be administered twice yearly. 



 

Figure 4: Maps showing the STH prevalence threshold of each county using Model 2. 

NTDs - The current and future use of geostatistics: 

As we have shown, the use of geostatistical methods enables us to better understand how 
prevalence of diseases varies over space. This knowledge can be used to inform decisions 
about where treatment should be carried out, and can also be used to assess how successful 
previous control programmes were. In addition to the one we have shown, there exist several 
other applications of geostatistics both in modelling and in survey design. Geostatstical methods 
can be used to model data combined from many NTD surveys collected across both space and 
time, and to understand the relationships between the different NTDs. Using geostatistical 
methods in survey designs entails identifying the locations which should be sampled in future 
surveys in order to gain the most information possible. Current research is also investigating the 
integration of geostatistical models with mathematical dynamic modelling to forecast potential 
changes in prevalence based on various control scenarios and understand how the impact of 
control interventions may vary over space.  

NTDs - What are the obstacles? 

Two of the main hurdles in widening the adoption of geostatistics for tackling both old and new 
public health threats, especially in LMICs, are the skills and infrastructure that are required. As a 
result, simpler but statistically less efficient methods are often preferred over geostatistical 
models. Training of scientists from various backgrounds thus becomes a crucial activity in which 
experienced statisticians should invest more to support countries in the fight against public 
health threats, including NTDs. 



You - The next geostatistician?  

This article has centred on the application of geostatistics in epidemiology, particularly in the 
context of NTDs. However, the utility of these methods extends across various disciplines such 
as ecology, geology, forestry, soil science, logistics, and meteorology. In light of the versatility of 
geostatistics and its rigorous approach to deal with uncertainty, exploring how these techniques 
could be applied within your own field may offer valuable insights for addressing real-world 
challenges more effectively. 
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where used (we recommend you do this in a box or sidebar, using real‐life analogies 
wherever possible). 

o   The target reader is someone with an interest in data, who knows some of the basics 
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o   A strong ‘hook’ at the outset is invaluable for grabbing a reader’s attention, and a real-
life anecdote that ‘humanises’ the subject and sets the context of what follows often 
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o   You are encouraged to include charts, graphs, tables and figures. Please refer to the 
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Ensure all supporting figures are presented simply and neatly, are labelled correctly 
and clearly, and that accompanying captions are written to support the reader’s 
understanding of the visual material. Charts and graphs should be supplied as 
Adobe Illustrator‐compatible EPS files to allow our designers to update text and 
colour elements to fit house style. Editable PDFs are also suitable. 
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