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EXECUTIVE SUMMARY

The report provides a review of how risk is conceived of, modelled, and mapped in studies of infectious water, 
sanitation, and hygiene (WASH) related diseases. It focuses on spatial epidemiology of cholera, malaria and dengue 
to offer recommendations for the field of WASH-related disease risk mapping.

The report notes a lack of consensus on the definition of disease risk in the literature, which limits the interpretability of 
the resulting analyses and could affect the quality of the design and direction of public health interventions. In addition, 
existing risk frameworks that consider disease incidence separately from community vulnerability have conceptual 
overlap in their components and conflate the probability and severity of disease risk into a single component.

The report identifies four methods used to develop risk maps, i) observational, ii) index-based, iii) associative 
modelling and iv) mechanistic modelling. Observational methods are limited by a lack of historical data sets and their 
assumption that historical outcomes are representative of current and future risks. 

The more general index-based methods offer a highly flexible approach based on observed and modelled risks 
and can be used for partially qualitative or difficult-to-measure indicators, such as socioeconomic vulnerability. For 
multidimensional risk measures, indices representing different dimensions can be aggregated to form a composite 
index or be considered jointly without aggregation. The latter approach can distinguish between different types of 
disease risk such as outbreaks of high frequency/low intensity and low frequency/high intensity. 

Associative models, including machine learning and artificial intelligence (AI), are commonly used to measure current 
risk, future risk (short-term for early warning systems) or risk in areas with low data availability, but concerns about bias, 
privacy, trust, and accountability in algorithms can limit their application. In addition, they typically do not account for 
gender and demographic variables that allow risk analyses for different vulnerable groups.

As an alternative, mechanistic models can be used for similar purposes as well as to create spatial measures of disease 
transmission efficiency or to model risk outcomes from hypothetical scenarios. Mechanistic models, however, are 
limited by their inability to capture locally specific transmission dynamics.

The report recommends that future WASH-related disease risk mapping research:
• Conceptualise risk as a function of the probability and severity of a disease risk event. Probability and severity 

can be disaggregated into sub-components. For outbreak-prone diseases, probability can be represented by a 
likelihood component while severity can be disaggregated into transmission and sensitivity sub-components, 
where sensitivity represents factors affecting health and socioeconomic outcomes of infection.

• Employ jointly considered unaggregated indices to map multidimensional risk. Individual indices representing 
multiple dimensions of risk should be developed using a range of methods to take advantage of their  
relative strengths.

• Develop and apply collaborative approaches with public health officials, development organizations and relevant 
stakeholders to identify appropriate interventions and priority levels for different types of risk, while ensuring the 
needs and values of users are met in an ethical and socially responsible manner.

• Enhance identification of vulnerable populations by further disaggregating risk estimates and accounting for 
demographic and behavioural variables and using novel data sources such as big data and citizen science.

This review is the first to focus solely on WASH-related disease risk mapping and modelling. The recommendations 
can be used as a guide for developing spatial epidemiology models in tandem with public health officials and to 
help detect and develop tailored responses to WASH-related disease outbreaks that meet the needs of vulnerable 
populations. The report’s main target audience is modellers, public health authorities and partners responsible for 
co-designing and implementing multi-sectoral health interventions, with a particular emphasis on facilitating the 
integration of health and WASH services delivery contributing to Sustainable Development Goals (SDG) 3 (good 
health and well-being) and 6 (clean water and sanitation).

Keywords: Water, sanitation, and hygiene (WASH); water-related diseases; spatial epidemiology; geographic 
information systems (GIS); risk mapping; risk modelling
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INTRODUCTION

In 2016, an estimated 1.6 million deaths and almost 
105 million Disability Adjusted Life Years (DALY) were 
attributed to diseases caused by inadequate access 
to water, sanitation and hygiene (WASH) services, 
representing 2.8% of all deaths and 3.9 % of DALYs 
(Prüss-Ustün et al., 2019). WASH-related diseases 
are spread by a range of transmission routes, 
including ingestion of or contact with contaminated 
water and contact with vectors that need water to 
proliferate. Prevalent in tropical and sub-tropical 
regions of low- and middle-income countries, the 
spread of diseases such as dengue, cholera and 
malaria is exacerbated by rapid population growth, 
uncontrolled urbanization and changing climatic 
conditions (Prüss-Ustün et al., 2019; Romanello et 
al., 2021). While preventive and control measures 
can be taken to lower the disease risk and burden, 
interventions must be accurately targeted and 
appropriately designed for the greatest impact. To 
effectively direct resources for disease control, it 
is crucial to understand disease determinants and 
dynamics and the differential distribution of disease 
incidence and severity (Fullerton et al., 2014). In 
particular, identifying and understanding high-
risk areas for a disease is important for improving 
healthcare provision (Haining, 1998), as life-saving 
interventions are costly and resource-intensive 
(Racloz et al., 2012).

Spatial epidemiology, the study of spatial 
variation in disease risk, involves producing risk 
maps representing the spatial distribution of 
risk outcomes and risk indicators (Y. Cheng et 
al., 2020; Ostfeld et al., 2005). The expansion of 
detailed and sophisticated disease mapping and 
spatial modelling methods has been supported 
by the increasingly routine use of Geographical 
Information Systems (GIS) in disease surveillance 
and reporting, as well as the increasing availability 
of high-resolution spatial data of risk indicators 
from satellite and remote sensing data (M. U. 
Kraemer et al., 2016; Ostfeld et al., 2005). These 
technologies hold great promise for practical use 
as spatiotemporal intervention targeting has been 
used to prevent the spread of disease (Ratnayake 
et al., 2021). Diseases with transmission pathways 
significantly moderated by the environment such 
as infectious WASH-related diseases are especially 
suited for spatial epidemiological studies because 
their spatial heterogeneity can be attributed to 

well-known, quantifiable ecological processes 
(Jutla et al., 2013; Naish et al., 2014).

However, the uptake of spatial epidemiology at 
scale in public health decision-making has faced 
some challenges. The lack of clarity about what 
the modelled risks represent, the complexity of 
the disease models, the models’ lack of relevance 
to public health questions, and the difficulty in 
maintaining modelling tools, have all been cited 
as reasons for limited user uptake by public health 
decision-makers and practitioners (Muscatello et 
al., 2017; Portier et al., 2010; Rivers et al., 2019; 
Rosenfeld et al., 2009). Successful initiatives 
including the John's Hopkins COVID-19 dashboard 
(Dong et al., 2020) or the European Center for 
Disease Control's vector mapping project (Versteirt 
et al., 2017) have shown that spatial epidemiology 
can produce highly relevant tools if challenges 
are addressed. Underlying existing difficulties 
is the restricted flow of information between 
health practitioners and modellers. As a result, 
a significant number of sophisticated modelling 
technologies developed to aid intervention design 
seldom influence decision-making as intended  
(Doms et al., 2018). 

This report provides a literature review on how risk is 
conceived of and mapped, as well as the associated 
limitations of current approaches. It concentrates 
on three relatively well-monitored WASH-related 
diseases (waterborne cholera, and vector-borne 
dengue and malaria), as they have been extensively 
studied over the past three decades and directly 
linked to risk factors such as infrastructure provision 
and access, and socioeconomic factors (Richterman 
et al., 2018) which can demonstrate traceable 
spatial inequalities (e.g., urban vs. rural, formal vs. 
informal settlements).

This report first unpacks the concept of risk by 
reviewing existing risk measures and frameworks 
used in spatial risk predicting tools and early warning 
systems in the WASH field. The risk concepts review 
is followed by an overview of existing risk mapping 
methods and models, including a discussion of 
their relative strengths and weaknesses in health 
intervention design. Thematic grouping (i.e., model 
and variable types) is based on expert advice and 
conceptual guidance from epidemiology (Lessler 
et al., 2016; Lessler & Cummings, 2016; Louis 
et al., 2014) and disease ecology (Ostfeld et al., 
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2005). Only studies that attempted to quantify 
risk spatially were included, although not all such 
studies took a purely quantitative approach. 
Both retrospective (i.e., analytical) and predictive 
studies were included. The report concludes with 
a discussion of the potential for a novel approach 
that can be co-developed by modellers and 
public health authorities to map disease risk. It 
also offers research recommendations to improve 
WASH-related disease intervention design and 
therefore facilitate the achievement of Sustainable 
Development Goals 3 (good health and well-being) 
and 6 (clean water and sanitation).

RISK MEASURES AND FRAMEWORKS

There appears to be little consensus in the literature 
on the definition of ‘disease risk’. Risk is either 
described in the form of different measures without 
reference to a conceptual definition or understood 
as a function of conceptual components in the  
form of a framework.

Risk Measures

This review identified four categories of risk 
measures commonly mapped in the WASH-related 
disease literature: i) probabilities of occurrence, 
ii) frequencies, iii) transmission efficiencies and 
iv) durations. To interpret the existing measures, 
we propose that risk should be understood as a 
function of the probability and severity of impact 
of a risk event, as done in the field of public health 
(Kirch, 2008; WHO, 2012). Disease risk events can 
include a single disease case, an outbreak, an 
epidemic, or a pandemic. Measures of disease risk 

are then understood as measures of the probability 
or severity of a disease risk event.

Probabilities of occurrence

Measures of the probability of occurrence of cases 
or outbreaks can be presented as probabilities, 
indices, or categorical variables to create risk maps 
(Bhatt et al., 2013; Kahn et al., 2019; Khan et al., 
2017; Messina et al., 2019). They are often estimated 
using ecological modelling methods that evaluate 
the conditional probability of observing a species 
given the state of the environment at a location. 
In these cases, the probability of occurrence 
is referred to as "suitability" while "relative 
suitability" is used to refer to proportional indices 
(Drake & Richards, 2018). Time scales can vary 
significantly, as many suitability studies estimate 
the probability of disease occurrence over yearly 
or longer-term averages while others focus on 
monthly outbreak prediction. Related measures 
that affect the probability of a disease risk event 
are also frequently mapped. These can include the 
modelled probability of observing disease vectors 
or infectious agents in the environment (Escobar 
et al., 2015; Johnson et al., 2017), or sampling-
based indices used to determine the presence 
and abundance of vectors such as the House and  
Breteau indices (Aziz et al., 2014). 

Frequencies

Common categories of frequencies used as 
measures of risk include ratios, proportions and 
rates (Box 1) (Dicker et al., 2006). A ratio compares 
two quantities, while a proportion is simply a  

Box 1: Examples of frequency measures in the WASH-related disease risk mapping literature

• Cases within a group of at-risk individuals over a fixed period (cumulative incidence) (Ali et al., 2017; 
Lessler et al., 2018).

• Cases within a group of at-risk individuals during an outbreak or an epidemic wave (incidence proportion) 
(Dunoyer et al., 2018; Wen et al., 2006).

• Deaths within a group of at-risk individuals over a fixed period (mortality rate) (Reiner et al., 2019).
• Deaths within a group of infected individuals over a fixed period (case fatality rate) (Harapan et al., 2019).
• Ratio of observed to expected cases within a group of at-risk individuals over a fixed period (Martínez-

Bello et al., 2018; Mwaba et al., 2020) (relative risk). 
• Outbreaks over a fixed period (Dunoyer et al., 2018).
• Days with at least one case over a fixed period (Galli & Chiaravalloti Neto, 2008; Khormi & Kumar, 2011; 

Wen et al., 2006).
• Cases reaching a threshold number over a fixed period (De Mattos Almeida et al., 2007).
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with the value of R0 being proportional to the 
expected size of the outbreak or epidemic. As such, 
transmission efficiencies can offer information on 
the probability of occurrence of disease risk events 
as well as their expected severity. Risk measures for 
mapping derived from transmission efficiencies can 
include the mean value of R0 or the EIR over fixed 
periods as a measure of transmission intensity and 
the frequency of days where R0>1 as a measure 
of the at-risk period during which outbreaks or 
epidemics can occur or persist (Y. Cheng et al., 
2020; Gemperli et al., 2006). For vector-borne 
diseases, field observations can also be used to 
estimate and map transmission efficiencies such as 
the EIR as well as drivers of transmission including 
vector abundance and the vector to host ratio (Aziz 
et al., 2014; Vanwambeke et al., 2011). 

Durations

Measures of duration used for risk mapping have 
included the length of a disease's transmission 
season and the duration of outbreaks and epidemic 
waves. Transmission season length is calculated 
using measures of transmission efficiency and is 
typically used in the study of vector-borne diseases 
to differentiate endemic regions where transmission 
persists year-long from epidemic regions 
characterised by shorter seasonal transmission 
(Caminade et al., 2014; Colón-González et al., 2021). 
The mean duration of outbreaks and epidemic 
waves have been used to identify disease hotspots 
or to describe the temporal risk characteristics 
of an epidemic (Dunoyer et al., 2018; Wen et al., 
2006). They are argued to offer a measure of the 
persistence of a disease and its potential for 
mutation (Wen et al., 2006). 

The risk measures identified in this section relate  
to disease incidence and mortality. Other outcomes  
of disease risk events, such as socioeconomic 
outcomes, are not studied in traditional 
epidemiology. However, they have been explored  
by risk frameworks as discussed in the  
following section.

Risk Frameworks

Frameworks of disease risk consider community 
characteristics that affect the propensity to be 
adversely affected by a hazard, a concept taken 
from the field of disaster risk management and 

type of ratio that compares a part to the whole. Rates 
introduce temporality and are calculated as a count 
of events in an area or group of at-risk individuals 
over a fixed period, expressed per unit time. The 
terminology describing frequency measures is 
often conflated, as some proportions are referred 
to as rates such as the case fatality rate. Frequencies 
can often be used to convey both probability and 
severity. For example, cumulative incidence can 
be interpreted as a measure of the probability of 
contracting a disease or as a measure of the severity 
of an epidemic. The same logic can be applied to 
the frequency of outbreaks as a measure of outbreak  
probability or epidemic severity.  

Explicitly defining frequencies as evaluating the 
probability or severity of a disease risk event can 
help avoid confounding both dimensions of risk. 
For example, rates can mask the temporality of risk 
events, which in turn obscures distinctions between 
different types of risk. In the case of outbreak-prone 
diseases, the use of cumulative incidence over a 
fixed period can conceal the frequency (measure of 
probability) and incidence (measure of severity) of 
individual outbreaks. The conflation of probability 
and severity into a single measure has been 
criticised because it does not distinguish between 
risk types with incomparable characteristics (e.g., 
low probability/high severity and high probability/
low severity) (Roeser, 2012). These distinctions 
can be useful when determining appropriate  
interventions. Strategies may, for example, prioritise 
addressing the drivers of outbreak occurrence over 
those affecting disease transmission efficiency.

Transmission efficiencies

Most measures of the transmission efficiency of 
disease are derived from the use of mechanistic 
models. The most established of these measures 
is the reproduction number (R0), although other 
closely related measures including the vectorial 
capacity, epidemic potential and entomological 
inoculation rate (EIR) are also commonly used in 
the study of vector-borne diseases (Liu-Helmersson 
et al., 2014; Martens et al., 1997; Patz et al., 1998). 
The reproduction number represents the number 
of secondary cases produced by a typical infected 
individual during the entire period of infectiousness 
in a fully susceptible population (Diekmann et al., 
1990). An outbreak or epidemic is expected to 
end (or not occur) if R0<1 and to continue if R0>1, 
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commonly referred to as ‘vulnerability’ (Brooks 
et al., 2005; Pachauri et al., 2014). Vulnerability 
can account for the range of potential adverse 
effects that a hazard could have on community 
health, social systems, and livelihoods. Although 
terminology varies significantly between 
frameworks, the analysis of community vulnerability 
to a disease accounts for its sensitivity and adaptive 
capacity. Independent of vulnerability is exposure 
to the disease. Exposure is defined as those 
conditions conducive to a pathogen’s presence and 
transmission within the environment (Dickin et al., 
2013). Risk is therefore understood as a function of  
vulnerability and exposure:

Disease Risk = Exposure X Vulnerability  Eq. 1

One example of this type of infectious disease 
risk framework is the Water Associated Disease 
Index (WADI) (Dickin et al., 2013), which was used 
to assess the risk of dengue, schistosomiasis and 
leishmaniasis. Another example is a risk framework 
proposed by Hagenlocher et al., (2013) for dengue.

There are two key limitations to these frameworks. 
First, unlike natural hazards such as floods and 
droughts, the occurrence and development of 
outbreaks and epidemics are intimately related 
to a community’s inherent characteristics. When 
the hazard is an infectious disease, vulnerabilities 
include the propensity of community members to 
contract the disease, which in turn drives disease 
occurrence and transmission (exposure). This leads 
to a conceptual overlap between the exposure and 
vulnerability framework components. For example, 
both frameworks employ housing quality as an 
indicator of dengue sensitivity. The justification for 
its use is that poor housing quality produces vector 
breeding sites and facilitates vector movement into 
households. However, these two arguments could 
also be used as a justification for the use of housing 
quality as an indicator of disease occurrence and 
transmission. Similar arguments can be made 
for adaptive capacity, as adapting to an ongoing 
outbreak affects disease transmission. The second 
limitation of these frameworks is that the exposure 
component obscures valuable distinctions between 
disease occurrence and transmission. Although 
their drivers may present significant overlap, if the 
risk event being analyzed is an outbreak, disease 
occurrence is understood as a measure of the 
probability dimension of risk and transmission as 

a measure of the severity dimension. Conflating 
probability and severity prevents distinctions 
between different types of disease risk, which may 
require different interventions.

Overall, risk measures:
• are typically used without reference to a 

conceptual definition of risk, which complicates 
their interpretation and can lead to misuse. 
They should be understood as measures of the 
probability or severity of a disease risk event.

• focus on disease incidence or mortality. 
Other outcomes of disease risk events 
such as socioeconomic outcomes are not  
considered as measures.

In contrast, risk frameworks:
• have focused on evaluating the propensity 

of a community to be adversely affected by 
disease, extending the analysis of risk beyond 
incidence and mortality. They disaggregate 
disease risk into disease exposure and  
community vulnerability.

• present conceptual overlap, as exposure to 
an infectious disease is inherently tied to 
community vulnerability.

• can obscure the distinction between the 
probability and severity dimensions of disease 
risk by grouping disease occurrence and 
transmission into a single component.

 
RISK MAPPING AND MODELLING

In the WASH-related disease literature, risk mapping 
methods can be categorised as i) observational, ii) 
index-based iii) associative/statistical modelling, 
and iv) mechanistic/process-based modelling.

Observational methods

These methods focus on communicating the 
spatial distribution of risk indicators and observed 
outcomes of risk events. Risk indicators refer 
to variables associated with risk events and 
can be disaggregated into risk factors and risk 
markers, where the former is defined as causally 
related to the event while the latter is only  
statistically related (Porta, 2014).

At their simplest, these methods create dot maps 
of known instances of a specific risk outcome, 
whether it be cases or deaths, whereby recorded 
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differentiate between the points, kernel smoothing 
methods can be used to produce density maps by 
converting discrete points into continuous data 
(Pfeiffer et al., 2008).

Unlike risk outcomes, point data for risk indicators 
are typically collected at spatially distributed 
points and can be turned into maps using spatial 
interpolation (Ostfeld et al., 2005). As an alternative 
to point data, aggregate values of risk outcomes 
or indicators at different administrative levels can 
also be used to create maps of aggregate risk 
measures (e.g., village-level cumulative incidence 
or percentage of district population with access 
to improved sanitation). Spatial smoothing of 

past events in the area are assumed to indicate 
past, current or future risk (Figure 1) (Ostfeld et 
al., 2005). The number of observations at each 
point can be conveyed by converting points into 
bubbles of proportional size and creating bubble 
maps. A well-known early example is John Snow’s 
mapping of cholera deaths during the 1854 cholera 
outbreak in London. Snow’s map showed the 
location of deaths and led to the identification of a 
cesspool-contaminated water pump as the source 
of the cholera outbreak (Rogers, 2013). In general, 
plotting recorded cases allows for easy visualization 
of the spatial extent of a public health problem 
when allocating resources (Louis et al., 2014). If 
the number of observations becomes too high to 

Figure 1. Dot map with dummy data of a disease outbreak in Bangkok, Thailand as an example of maps demonstrating case distribution and 
density.
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such as in the Global Cholera Task Force's global 
roadmap to ending cholera (WHO, 2017). Methods 
for the development of cluster maps are referred to 
as local methods of cluster detection and focus on 
defining the location and extent of clusters (Pfeiffer 
et al., 2008). These methods are based on rejecting 
the null hypothesis of complete spatial randomness 
of observations and can be used with both point 
and aggregate data. To illustrate, a country study 
on cholera transmission risk in India reported 
that case numbers led to the identification of 78 
districts as hotspots, and predicted case numbers 
from a model identified a further 33 hotspots  
(Ali et al., 2017) ( Figure 2).

Although these methods have proved useful, the use 
of historic risk outcomes as measures of risk has its 

aggregate data is done using Bayesian methods 
that estimate values as a weighted combination 
of local values and those in the surrounding area 
(Pfeiffer et al., 2008). This approach is often used to 
address problems of variability in rates associated 
with small population densities, as done by Jeefoo 
et al., (2011) in an analysis of dengue incidence 
rates in villages of Thailand.
 
A common objective of risk outcome mapping is 
to identify clusters defined as “a geographically 
or temporally bounded group of occurrences of 
sufficient size and concentration to be unlikely to 
have occurred by chance” (Knox & Elliott, 1989). 
Often referred to as hotspots, these clusters can play 
a critical role in the spread of diseases and are often 
targeted in large-scale disease control strategies, 

Figure 2. India district spatial patterns of cholera and the high-risk areas (hotspots) Blue circles are clusters based on reported cases while black 
circles are clusters based on predicted cases. The numbers indicate the number of outbreaks between 2010–2015. Source: (Ali et al., 2017).
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limitations. It assumes that past observed measures 
of risk are representative of current and future risk, 
and therefore that the presence and significance of 
underlying risk factors are not changing over time. 
This may not be applicable in contexts where drivers 
of risk show temporal variability. Furthermore, the 
use of historical data on risk outcomes is limited 
by the lack of surveillance and available data sets, 
especially in developing countries where disease 
monitoring programmes are subject to both data 
and resource constraints. These constraints can 
also limit capacity to confirm or appropriately 
report cases as well as the sensitivity and specificity 
of tests which can lead to poor quality data and 
underreporting. Data limitations are particularly 
pronounced for risk outcomes that are not based on 
disease incidence.  Although the severity of health 
outcomes is at times measured, socioeconomic 
outcomes are not captured by existing disease 
monitoring programmes. The spatial distribution 
mapping of individual risk indicators can help 
address these limitations but offers limited 
insight into their aggregate effect on risk  
outcomes of interest.

Index-based methods

The term ‘index’ refers to any measure that can be 
used for comparison to reveal relative positions. 
Composite indices can be used to produce 
measures of concepts that are difficult to model 
or measure (e.g., socioeconomic vulnerability) by 
combining indices into a single measure based 
on an underlying model. The underlying model 
is developed through the choice of an approach 
for normalization, weighting and aggregation 
of risk indicators. These can be divided into sub-
indices, in which case weighing and aggregation 
occur at multiple levels. Weighing indicators can 
be done using qualitative (e.g., expert weighing) 
or statistical methods (e.g., regression analysis, 
principal component analysis). Composite indices 
have been used to map cholera risk in an endemic 
community (Ali et al., 2002), the risk of outbreaks 
during a cholera epidemic (Kahn et al., 2019), and 
subnational and global disease vulnerability (Dickin 
et al., 2013; Fullerton et al., 2014) (Figure 3). 

As an alternative to composite indices, risk can be 
measured through jointly considered unaggregated 
indices. The separate consideration of indices 

Figure 3. Water Associated Disease Index dengue risk map for Malaysia. Source: Fullerton et al., (2014).
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allows for a multidimensional analysis of disease 
risk that circumvents problems associated with 
aggregation. Using this approach, risk types with 
incomparable characteristics (e.g., low probability/
high severity and high probability/low severity) can 
be clearly differentiated. This differentiation can 
create opportunities for developing interventions 
appropriate for specific types of risk.

Two examples of this approach are the Global 
Cholera Task Force (GCTF) hotspot classification 
algorithm (Dunoyer et al., 2018) and the temporal 
risk indices developed by Wen et al., (2006) 
for epidemic analysis. The GCTF classifies 
administrative areas as different types of hotspots 
based on the historic frequency, mean cumulative 
incidence and mean duration of their outbreaks. 
The classification is based on threshold values for 
the three indices used to group administrative 
areas into four types of hotspots with different 
characteristics. Wen et al. (2006) calculate three sub-
indices to characterise an epidemic based on the 
frequency, mean duration and mean incidence rate 
of its epidemic waves. Unlike the GCTF, the indices 
are jointly considered using statistical methods to 
identify areas that show statistically significant high 
values for indices. Although these methods have 
only been used with observed risk outcomes, they 
could also employ composite indices or modelled 
outcomes as indices for joint consideration.

Associative modelling methods

Associative modelling establishes a statistical 
relationship between a variable of interest and a 
set of hypothesised covariates or risk indicators 
related to the environment, population, and 
socioeconomic status. Although the variable of 
interest in disease risk mapping is typically a risk 
outcome (e.g., cumulative incidence or outbreak 
occurrence), it can also be a relevant disease risk 
factor. This practice is common in the study of 
vector-borne diseases, where the study of vector 
populations and their associated biting rates (e.g., 
vectorial capacity (Yamana & Eltahir, 2013) ) and 
vector distribution (M. U. G. Kraemer et al., 2015) 
may be analyzed independently of disease cases. 
After the relationship between the variable and its 
covariates has been established, the models make 
predictions by extrapolating this relationship to 
a future time point, or to locations where there is 
little empirical data thus filling an information data 

gap (Ali et al., 2017; Louis et al., 2014; Messina et 
al., 2015). Modelled variables can subsequently be 
used to create maps of current and future risk with 
short-term forecasting for early warning systems 
(Yu et al., 2011). For example, Lessler et al., (2018) 
mapped cholera incidence in Sub-Saharan Africa at 
a scale of 20 km x 20 km by using information on 
cholera incidence at selected administrative levels 
and known covariates (Figure 4).

Within the family of associative approaches, a 
distinction is made between classical statistical 
models and machine learning models. Classical 
statistical models have prevailed in the main 
body of epidemiological research throughout 
the 20th century and are based on inferences 
about significance based on statistical principles 
including p-values, confidence intervals and 
degrees of freedom (Baker et al., 2018; Lessler & 
Cummings, 2016). They establish the relationship 
between independent and dependent variables 
while conveying information about the main 
effects and interactions of different predictors 
on the outcome. Machine learning builds on 
classical statistics (Hastie et al., 2009) by improving 
predictions through the incorporation of flexible 
models such as boosted regression trees (M. U. G. 
Kraemer et al., 2015; Messina et al., 2019; Solano-
Villarreal et al., 2019), random forest classifier 
(Campbell et al., 2020), genetic algorithm for rule-
set prediction (Meynard & Quinn, 2007; Peterson et 
al., 2005; Stockwell, 1999), and maximum entropy 
(Arboleda et al., 2009; Escobar et al., 2015; Johnson 
et al., 2017; Phillips & Schapire, 2004; Porcasi et al., 
2012; Yu et al., 2011). The increase in complexity 
and relaxed assumptions of Machine Learning 
models improve their predictive accuracy but 
limit or prevent analysis of the effects of individual 
predictors on outcomes (Bzdok et al., 2018). This 
lack of transparency is why they are often referred 
to as "black box" models. Additionally, while 
the use of machine learning and similar artificial 
intelligence (AI) approaches show promise for 
enhancing disease modelling and advancing health 
equity globally, several ethical issues have been 
raised about these new approaches in both global 
and public health sectors. In particular, ethical 
concerns about data and algorithmic bias, privacy, 
trust (e.g., in interpretability of opaque automated 
decision processes), explainability/interpretability 
and accountability have been raised, especially with 
regard to low- and middle-income countries where 
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data is not systematically collected and is prone to 
bias, and there is both limited responsible AI and 
ethics data and literature (Cave et al., 2021; Murphy 
et al., 2021; Trocin et al., 2021; WHO, 2021). To 
address this knowledge gap, open and transparent 
consultation with stakeholders is needed during 
the development of responsible and ethical AI 
systems to address the range of disease risks and 
health benefits as understood and experienced by 
different groups (Cave et al., 2021).

Common classical statistical models used for 
malaria, dengue and cholera modelling tend to 
be used for city-wide or regional studies. These 
include:
• Poisson regression model (Ali et al., 2017; 

Hashizume et al., 2010; Huq et al., 2005),
• Logistic regression model (Buczak et al., 2009; 

Jutla et al., 2015; Machault et al., 2012; Shafie, 
2011; Wu et al., 2009),

• Negative Binomial regression model (Machault 
et al., 2012; Van den Bergh et al., 2008),

• Multinomial logistic regression model (Cordeiro 
et al., 2011; de Mattos Almeida et al., 2007),

• Other generalised linear models (GLM) (Sriprom 
et al., 2010)

• Spatial regression models such as weighted 
geographical regression (WGR) (Delmelle et al., 
2016; Jutla et al., 2015; Khormi & Kumar, 2011).

• Generalised additive models (Barbosa et al., 
2014; Cabrera & Taylor, 2019)

• Distributed lag linear and non-linear models (J. 
Cheng et al., 2021; Chuang et al., 2017; Van den 
Bergh et al., 2008) 

The choice of a model is largely dictated by the 
variable of interest. For example, logistic regression 
is suited to categorical variables while the Poisson 
model is used for count data. In situations where the 
Poisson model's restrictive assumption of equality 
of variance and mean does not hold, analogous 
models can be used, including the negative 
binomial and quasi-Poisson models. Similarly, the 
zero-inflated Poisson and zero-inflated negative 
binomial models are used to deal with datasets 
including an excess number of zero counts. 
Temporality is also an important consideration when 
selecting a model. For example, autoregressive 
models are used to model time dependency and 
distributed lag models are commonly employed 
to model the lagged effects of environmental  
variables on risk outcomes. 

Figure 4. Annual cholera incidence in sub-Saharan Africa modelled by Lessler et al., (2018).
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and issues commonly associated with four 
classes of input covariates in associative models: 
i) environmental factors, ii) entomological and 
animal factors iii) infrastructure, demographic, and 
socioeconomic factors, and iv) spatiotemporal 
autocorrelation and human movement.
 
Environmental factors

Environmental factors are usually climatic or 
landscape-related, with the two most used 
covariates being temperature and precipitation. 
These records are easily obtained from weather 
stations or satellite data (Asadgol et al., 2020; Louis 
et al., 2014; Racloz et al., 2012). Environmental 
factors can affect disease risk through two main 
pathways: i) by influencing pathogen or vector 
ecology, or ii) by impacting human exposure to the 
pathogen vector.

Depending on the WASH-related disease, 
modelling studies may prioritise one pathway over 
another. For example, vector ecology tends to be 
the prioritised pathway for dengue and malaria, as 
temperature, precipitation, and landscape cover 
impact not only mosquito and pathogen physiology 
(such as reproduction and biting rate), but also 
the availability of water bodies for breeding and 
survival (Fullerton et al., 2014; Machault et al., 2012; 
Messina et al., 2019; NASA, 2017). In the case of 
cholera, a distinction is made between endemic and 
epidemic cholera. The former is linked to seawater 
intrusion and seasonal climatic patterns (Deen 
et al., 2020), and the latter is driven by extreme 
climatic conditions and population movement 
(Jutla et al., 2013). Modelling studies that consider 
variables relating to pathogen ecologies (Escobar 
et al., 2015) such as sea surface temperature or 
plankton concentration (a host of Vibrio cholerae), 
are most relevant to the study of endemic cholera. 
Alternatively, the study of environmental variables or 
climatic events (seasonal or sporadic) that increase 
disease exposure such as floods or droughts, is 
relevant to both forms of cholera.

An important dimension of the use of environmental 
variables as covariates in associative models is that 
their effects on risk outcomes are often delayed by 
periods ranging from days to over a year. This delay 
between exposure and outcome is referred to as 
the lag time and can show significant variability 
between studies (Asadgol et al., 2020). 

In many cases, classical statistical models are used 
simply as a first step in identifying significant risk 
indicators in areas of known high incidence without 
making predictions (Louis et al., 2014; Racloz et 
al., 2012). In recent decades, the application of 
statistics in modelling WASH-related diseases 
has evolved. Their use has evolved from the 
‘frequentist’ approach to the application of 
Bayesian approaches (Lessler et al., 2018; Lim 
et al., 2020). Bayesian inference follows Bayes 
theorem and uses a selected ‘prior’ distribution 
for model parameters based on available data to 
obtain ‘posterior’ estimates of model parameters. 
It can be used as an alternative to frequentist 
models. Some advantages of Bayesian methods 
include the precision of estimates and constant 
updates of estimates as new data comes forward 
(Fagbamigbe et al., 2021). It also allows estimates 
to be monitored continually as data accumulates 
and without any need to redefine the model  
(Wagenmakers et al., 2018).

Meanwhile, machine learning models are typically 
used to produce large-scale environmental 
suitability maps for vector/pathogen distributions 
(Campbell et al., 2020; Elith & Leathwick, 2009; 
Escobar et al., 2015; Johnson et al., 2017; Meynard 
& Quinn, 2007) or for disease occurrence among 
humans (Arboleda et al., 2009; Messina et al., 2019). 
Machine learning models typically model binary 
variables and output probabilities or quantities 
proportional to a probability. For both categories of 
associative models, observed and predicted values 
are often compared to test model fit by splitting 
the input data into training sets and validation sets 
(Louis et al., 2014).

The availability and quality of initial surveillance 
data determine the variable of interest that can 
be modelled. For example, when mapping is on 
a regional or global scale or has to accommodate 
poor or biased reporting, disease presence/
absence data is used instead of the number of 
cases to train the model to make further predictions 
about presence/absence (e.g. for dengue) (Bhatt 
et al., 2013; Messina et al., 2015, 2019). Similarly, 
due to poor data availability at local regional, and 
global scales, risk outcomes other than infection, 
such as the severity of disease or mortality, are only 
modelled in a small number of studies and not 
always mapped (Ali et al., 2002; Bhatt et al., 2013).
What follows is a discussion of modelling rationale 
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norms; and iii) socioeconomic details, such as 
population density, housing conditions, education 
and level of income (Eikenberry & Gumel, 2018; 
Louis et al., 2014; Racloz et al., 2012). Depending 
on the administrative scale, data availability differs 
and a variety of common data sources exist (Box 2).
The quality of the evidence relating human factors 
to disease risk varies significantly by disease. In 
the case of cholera, numerous meta-analyses have 
shown that specific WASH variables directly affect 
disease occurrence (Jones et al., 2020; Richterman 
et al., 2018; Wolfe et al., 2018), implying strong 
evidence for a causal relationship. Limitations in 
the quality of evidence for human risk factors are 
more pronounced for vector-borne diseases, which 
are driven by complex transmission dynamics. For 
example, a recent review highlighted that existing 
studies of the relationship between socioeconomic 
variables and vector-borne diseases show limited 
consistency (Whiteman et al., 2020).

The use of susceptibility factors that affect risk at 
the individual level (such as access to healthcare, 
the prevalence of malnutrition/comorbidities) 
and demographic variables including gender, 
race, ethnicity, disability or refugee or migrant 
status is limited. This is likely due to the focus on 
modelling incidence over other risk outcomes. 
However, these susceptibility factors could be 
used to evaluate risk while considering health 
and socioeconomic vulnerability and could help 
produce assessments of risk by gender and  
related intersectional categories.

Spatiotemporal autocorrelation and human 
movement

For most infectious diseases, the probability of 
transmission declines with increasing distance 
from an infected host (Ostfeld et al., 2005). In 
other words, an area close to another with high 
incidence is also likely to have a high incidence. 
This relationship between case rates (or other risk 
outcomes) is called spatial autocorrelation and 
underpins cluster analysis. Associated with this 
principle is the analysis of human movement as a 
driver of disease transmission. When evaluating 
the risk of disease occurrence, the proximity to an 
outbreak and the quantity of human movement 
between two areas are often considered. At their 
simplest, models can include disease presence in 
a neighboring administrative area as a covariate 

Entomological and animal factors

Entomological factors are used as covariates to 
model the occurrence and spread of vector-borne 
diseases (Louis et al., 2014). Indices are based on 
field samples of mosquitoes at immature or adult 
stages of their life and are meant to offer relative 
measures of the vector population. For example, 
the Breteau index is a widely used indicator 
calculated as the percentage of water-holding 
containers in inspected households that are 
infested with larva or pupae (WHO, 2009). Although 
the presence of vectors is a prerequisite to the 
transmission of vector-borne diseases, the use 
of entomological indices as covariates in disease 
models presents some limitations. For example, 
the traditional Stegomyia indices that include the 
House, Container and Breteau indices have been 
criticised because of their unrepresentativeness 
of vector abundance and by extension, of dengue 
transmission (Focks, 2004). More broadly, the 
relationship between vector indices and disease 
cases remains unclear and variable (Bowman et al., 
2014; Cromwell et al., 2017). 

Although less commonly discussed in the WASH-
related disease literature, the modelling of zoonotic 
diseases such as the Rift Valley Fever can make use 
of animal factors to model disease occurrence. 
The disease is spread to human beings through 
mosquito bites and exposure to the blood or 
organs of animals infected by mosquitoes. Factors 
including animal density have been used to model 
its spread and create risk maps (Mosomtai et al., 
2016). This inclusion of animal factors as covariates 
in disease risk mapping studies is emblematic of 
the "One Health" concept, which emphasises the 
need for disease risk analysis to consider that animal 
and human health are inextricably intertwined 
(Mackenzie & Jeggo, 2019). Consequently, risk 
mapping focused on the spatial distribution or 
health of animals can be used to help prevent the 
emergence or spread of human diseases.

Socioeconomic and demographic factors

Common covariates for socioeconomic and  
demographic factors include i) physical 
infrastructure factors such as WASH infrastructure; 
ii) demographic and behavioural factors, including 
age, gender, race, ethnicity, disability, refugee or 
migrant status, and WASH behaviours and social 
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community affects disease transmission. This 
property can be modelled statistically using time 
series models. Additionally, historical incidence can 
be used as an explanatory variable to estimate the 
probability of disease occurrence (Kahn et al., 2019). 

Mechanistic modelling methods

Mechanistic models are a more recent but well-
established disease-modelling alternative to the 
classical associative models dominant throughout 

of disease occurrence (Buczak et al., 2009). 
Alternatively, models of human movement can 
be used such as gravity and radiation models, 
which suggest that mobility between two areas 
is a function of population size and distance, and 
the impedance model inspired by the electric 
current model in physics (Bengtsson et al., 2015;  
Sallah et al., 2017).

Infectious disease cases also present temporal 
autocorrelation, as the size of the infected 

Box 2. Common data sources

Census data. Census data are a good source of information for city-wide to large-scale national studies. 
Delmelle et al. (2016) used national Columbian census data to show that population density and socioeconomic 
stratum are key determinants of dengue fever occurrence risk.

Satellite imagery. High-resolution satellite imagery can be used to identify neighbourhood characteristics. 
For example, Khormi & Kumar (2011) successfully identified neighbourhoods with poor housing conditions 
based on building characteristics such as street width, housing density and roof area, while Nkoko et al. (2011) 
found elevated cholera incidence in areas with roads.

Interviews and household surveys. Interviews and surveys can provide data on variables preselected by the 
researcher, for neighbourhood and city studies. For example,  Cordeiro et al., (2011) interviewed all laboratory-
confirmed dengue patients during a dengue outbreak for household information and living conditions in 
and around their homes. They found that low family head income was associated with an increased risk of 
dengue. While this method allows for the analysis of variables that have a high level of specificity, it is labour-
intensive and less suitable for large-scale studies.

Health data. Electronic patient records and other administrative health data can offer information on patient 
health, place of residence and the severity of disease outcome. Hospitalization records were used by Venkat 
et al. (2019) to create dot maps of cholera occurrence in India.

Curated online databases. Publicly available online curated databases including the National Center 
for Biotechnology Information's numerous databases, the World Health Organization's Global Health 
Observatory, the Institute for Health Metrics and Evaluation's Global Burden of Disease, and the CIA's World 
Factbook database for demographic data have become increasingly available to WASH researchers. The 
Factbook database was used by Liebig et al. (2019) to obtain median population ages by country as an input 
to their global dengue model. 

Big data sources. Curated databases can be supplemented by big data sources such as Twitter, Google 
health trends or mobility data and Facebook Data for Good, which was used as a source for population size 
estimates by Kahn et al. (2019) to model human movement between two cities in Mozambique (Beira and 
Pemba) during a cholera outbreak. Additionally, the OIE World Animal Health Information System offers 
information on the animal health situation worldwide. This type of database is a fundamental instrument in 
the prevention and monitoring of emerging zoonotic diseases.  

Citizen generated data This source of data encapsulates a broad range of methods to obtain data that 
can range from installing sensors to analyzing cellphone data and participatory approaches that source data 
directly from citizens. These sources show significant potential to address data gaps in developing countries, 
as discussed in the World Bank's World Development Report on Data (World Bank, 2021). For example, Lwin 
et al., (2014) used a cellphone application to allow citizens to submit information on dengue symptoms, 
mosquito bites and breeding sites in real-time with GIS coordinates to create risk maps.



Mapping WASH-related disease risk: A review of risk concepts and methods 17

age, gender, or time of day and running detailed 
simulations over a defined period (Chen et al., 
2019; Rahmandad & Sterman, 2008). Spurred 
by an increase in computational power, agent-
based models are increasingly used to explore 
problems previously modelled by compartmental 
models (Laubenbacher et al., 2013; Rahmandad & 
Sterman, 2008). Both compartmental and agent-
based models can be deterministic (where the 
model's output is determined by its inputs and 
initial conditions) or stochastic (where randomness 
is accounted for in the model) (Laubenbacher et 
al., 2013; Rahmandad & Sterman, 2008). Stochastic 
models are typically used when the number of 
infectious individuals is small or when variability in 
individual dynamics or the environment impacts 
the epidemic outcome (Allen, 2017). The temporal 
resolution or time step depends on data availability 
and modelling assumptions and can be annual, 
monthly, weekly, daily, or even every minute (e.g. 
for agent-based simulations) (Y. Cheng et al., 2020; 
Crooks & Hailegiorgis, 2014; Hartemink et al., 2009).

In terms of application, mechanistic models can 
be used in the same way as associative models to 
produce estimates of risk outcomes. In contrast with 
associative models, they can be applied in a broad 
range of settings due to their causal nature but are 
limited by their inability to capture locally specific 
transmission dynamics (Messina et al., 2015). They 
have been used to simulate cases in real-time 
during epidemics, although the requirement for 
rapid data input and parameterization makes the 
approach challenging (Kahn et al., 2019). For this 
reason, short-term forecasting models are usually 
only available during high-profile epidemics (e.g. 
Haiti's 2011 cholera epidemic (Andrews & Basu, 
2011; Bertuzzo et al., 2011)), or for areas where an 
endemic disease receives high policy priority (e.g. 
recurring malaria epidemics in Botswana (Thomson 
et al., 2006)). Mechanistic models can also be used 
to derive and map estimates of the reproductive 
number R0 (Y. Cheng et al., 2020) and the related 
epidemic potential (Jetten & Focks, 1997; Martens 
et al., 1997; Patz et al., 1998). The most common use 
of mechanistic models is to explore hypothetical 
scenarios such as the effectiveness of alternative 
control strategies for cholera (Sun et al., 2017), 
the assessment of vector elimination strategies 
for malaria (Smith et al., 2012) or ways in which 
changes in ambient temperature will affect the 
reproduction and biting behaviour of vectors and 

the history of epidemiological modelling (Lessler et 
al., 2016; Lessler & Cummings, 2016). Mechanistic 
models are built from first principles and known 
processes and parameters. They simulate what 
Ronald Ross famously referred to as “dependent 
happenings” by which a change in one part of 
a system affects other parts (Ross, 1911). While 
associative models are inductive and predict by 
extrapolating from past data, mechanistic models 
are deductive and make predictions based on 
logical principles and known processes and 
parameters to arrive at conclusions and derive 
patterns not found in historical data in a manner 
similar to models used in physics (Baker et al., 2018; 
Lessler et al., 2016). Input parameters and model 
structure are derived from field and laboratory 
experiments (Messina et al., 2015) and although 
they may be influenced by statistically-related 
environmental, social and economic covariates 
(Grad et al., 2012), the covariates themselves are not  
used as model inputs.

There are broadly two categories of mechanistic 
models in epidemic modelling: compartmental 
models and agent-based models (Y. Cheng 
et al., 2020; Rahmandad & Sterman, 2008). In 
a compartmental model, agents are grouped 
into compartments (e.g., susceptible, infected, 
recovered). This can be done for one population 
for whom homogenous mixing between individuals 
is assumed, or for multiple sub-populations that 
move between and interact with each other, 
also known as a ‘metapopulation’ model (Chen 
et al., 2019). Sub-populations can, for example, 
include age groups or comorbidities, allowing 
models to produce disaggregated estimates of 
health outcomes for vulnerable groups within a  
population. Compartmental models have an 
explicit analytical form (although not necessarily 
analytical solutions), in the form of a set of 
nonlinear differential equations that describe the 
relationship between compartments, parameters 
and processes. Because agents are grouped into 
a relatively small number of states, compartmental 
models have relatively low computational overhead 
(Chen et al., 2019; Rahmandad & Sterman, 2008).

In contrast, agent-based models do not have an 
explicit analytical form (Keeling and Rohani 2008). 
They account for heterogeneity in individuals 
by assigning behaviour rules to each agent 
according to factors such as species, location, 
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consequently the disease incidence (Messina et al., 
2015). They can produce conditional risk maps to 
showcase the spatial distribution of risk measures  
under different scenarios.

In summary:
• Observational approaches focus on 

communicating the spatial distribution of 
risk indicators and observed outcomes of risk 
events. They are limited by the lack of available 
historical data sets and the assumption that 
historical outcomes are representative of 
current and future risks.

• Index-based approaches can be divided into 
composite indices and jointly considered 
unaggregated indices, which can both be based 
on observed or modelled risk indicators and 
outcomes. Composite indices can be used to 
produce measures of concepts difficult to model 
or measure such as socioeconomic vulnerability. 
Jointly considered unaggregated indices offer 
a multidimensional measure of disease risk that 
avoids conflation of different risk types, which 
could require distinct interventions.

• Associative models can be divided into classical 
statistical models and machine learning models. 
They establish a statistical relationship between 
a risk variable of interest and covariates which 
can be extrapolated to map current risk, future 
risk (short term for early warning systems), or 
risk in areas with low data availability. Classical 
statistical models are suited to structured 
datasets and can be used to infer the relationship 
between inputs and outputs. Machine learning 
models can be used with large unstructured 
data sets and focus on the accuracy of 
prediction over inference of relationships 
between variables. The use of machine learning 
and artificial intelligence has raised concerns 
about bias, privacy, trust and accountability, 
especially with regard to applications in low- 
and middle-income countries. Open and 
transparent consultation with stakeholders is 
needed during the development of responsible 
and ethical AI systems.

• Mechanistic models can be divided into 
compartmental and agent-based models. 
They are deductive and predict a risk variable 
based on known principles and parameters. In 
compartmental models, agents are grouped 
into compartments, while agent-based models 
treat them as heterogenous individuals. These 

models can be used to model the progression 
of a disease through a population to estimate 
its transmission efficiency or study hypothetical 
scenarios. They are limited by their inability to 
capture locally specific transmission dynamics.

CONCLUSIONS AND RECOMMENDATIONS

Most risk mapping studies do not refer to an 
explicit conceptualization of disease risk and this 
limits their comparability and interpretability. 
Those that do, present risk as a function of disease 
exposure and community vulnerability (Dickin 
& Schuster-Wallace, 2014; Hagenlocher et al., 
2013). However, grouping disease ‘occurrence’ 
and ‘transmission’ into ‘exposure’ can obscure 
valuable distinctions between types of risk with 
incomparable characteristics (e.g., low probability/
high severity and high probability/low severity). 
Furthermore, community characteristics associated 
with vulnerability are inherently linked to disease 
occurrence and spread and produce conceptual 
overlap between the exposure and vulnerability 
components of risk. To address these limitations, 
we recommend that ‘disease risk’ be defined as a 
function of the probability and severity of the impact 
of a disease risk event. This simple framework can 
assimilate measures of risk found in the literature 
and can be expanded to include distinct sub-
components of the probability and severity of 
different disease risk events. For example, if an 
outbreak is chosen as a risk event, probability can 
be measured by a likelihood component, while 
severity can be disaggregated into a transmission 
component measuring transmission efficiency, 
and a sensitivity component measuring health and 
socioeconomic outcomes of infections. Sensitivity 
is then defined as independent of disease 
transmission. In this framework, adaptive capacity 
is no longer an explicit component but affects  
both sensitivity and transmission. In practice, 
different dimensions of risk should not be  
aggregated into a single measure if the process 
obscures distinctions between types of risk with 
incomparable characteristics.

As an alternative to aggregation, risk can be mapped 
using jointly considered unaggregated indices, 
where each component of risk is represented 
by a separate index. Strategies used for joint 
consideration can include the choice of threshold 
values or the use of statistical analysis to determine 
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identify appropriate interventions and priority 
levels for different types of risk, while ensuring 
methods are socially responsible and ethical. If 
possible, this collaborative development should be 
complemented by integrating demographic and 
behavioural variables that allow for the estimation of 
risk by gender and related intersectional categories 
to offer a more detailed account of risk. Novel 
sources such as big data and unstructured datasets 
can be used to obtain more granular data and 
improve the accuracy of these risk mapping tools. 
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different risk types (e.g. for outbreaks, Type 1: High 
frequency/Long Duration/Low Intensity; Type 2: 
Low Frequency/Short Duration/High Intensity). 
Although observed risk outcomes are commonly 
used as indices of risk, they are limited by the 
lack of available data sets, the assumption that 
historical outcomes offer a measure of current 
and future risk and, the inability of observed 
outcomes to measure risk in hypothetical or future 
scenarios or to capture measures of vulnerability 
independent of incidence. These limitations can be 
addressed by using composite indices, associative 
models, and mechanistic models to model 
indices for different components of risk. These 
alternative methods can be used in different ways 
to produce risk measures associated with specific 
components of the proposed framework under 
current, projected, and hypothetical conditions. 
Referring to the earlier example of an outbreak risk 
framework, an associative model could be used to 
estimate outbreak probability as a likelihood index, 
a mechanistic model to estimate a reproduction 
number as a transmission index and a composite 
index to estimate health and socioeconomic 
vulnerability as a sensitivity index (Figure 5).

The development of categories of risk types for 
different diseases (or gender and other society 
stratifiers) and of their associated risk mapping tools 
represents an important future research pathway. 
This research offers an opportunity for greater 
collaboration among and between modellers, public 
health officials, development organizations and 
other stakeholders, including local communities, to 

Figure 5. Proposed framework applied to measure outbreak risk based on the probability and severity of a risk event. The probability component 
is represented by a Likelihood Index measured as a modelled probability. The Severity component is disaggregated into a Transmission Index 
measured as the reproduction number and a Sensitivity Index measured as a composite index of health and socioeconomic vulnerability.



Mapping WASH-related disease risk: A review of risk concepts and methods20

REFERENCES

Ali, M., Emch, M., Donnay, J. P., Yunus, M., & Sack, R. B. (2002). The spatial epidemiology of cholera in an endemic area of Bangladesh. 
Social Science and Medicine, 55(6), 1015–1024. https://doi.org/10.1016/S0277-9536(01)00230-1

Ali, M., Sen Gupta, S., Khasnobis, P., Venkatesh, S., Sur, D., Nair, G. B., Sack, D. A., & Ganguly, N. K. (2017). Identification of burden 
hotspots and risk factors for cholera in India: An observational study. PLoS One, 12(8), e0183100.

Allen, L. J. (2017). A primer on stochastic epidemic models: Formulation, numerical simulation, and analysis. Infectious Disease 
Modelling, 2(2), 128–142.

Andrews, J. R., & Basu, S. (2011). Transmission dynamics and control of cholera in Haiti: An epidemic model. The Lancet, 377(9773), 
1248–1255. https://doi.org/10.1016/S0140-6736(11)60273-0

Arboleda, S., Jaramillo-O., N., & Peterson, A. T. (2009). Mapping environmental dimensions of dengue fever transmission risk in the 
Aburrá Valley, Colombia. International Journal of Environmental Research and Public Health, 6(12), 3040–3055. https://doi.org/10.3390/
ijerph6123040

Asadgol, Z., Badirzadeh, A., Niazi, S., Mokhayeri, Y., Kermani, M., Mohammadi, H., & Gholami, M. (2020). How climate change can affect 
cholera incidence and prevalence? A systematic review. Environmental Science and Pollution Research, 27(28), 34906–34926. https://
doi.org/10.1007/s11356-020-09992-7

Aziz, S., Aidil, R. M., Nisfariza, M. N., Ngui, R., Lim, Y. A. L., Yusoff, W. W., & Ruslan, R. (2014). Spatial density of Aedes distribution in 
urban areas: A case study of breteau index in Kuala Lumpur, Malaysia. Journal of Vector Borne Diseases, 51(2), 91.

Baker, R. E., Peña, J. M., Jayamohan, J., & Jérusalem, A. (2018). Mechanistic models versus machine learning, a fight worth fighting for 
the biological community? Biology Letters, 14(5), 1–4. https://doi.org/10.1098/rsbl.2017.0660

Barbosa, G. L., Donalísio, M. R., Stephan, C., Lourenço, R. W., Andrade, V. R., Arduino, M. de B., & Lima, V. L. C. de. (2014). Spatial 
distribution of the risk of dengue and the entomological indicators in Sumaré, State of São Paulo, Brazil. PLoS Neglected Tropical 
Diseases, 8(5), e2873.

Bengtsson, L., Gaudart, J., Lu, X., Moore, S., Wetter, E., Sallah, K., Rebaudet, S., & Piarroux, R. (2015). Using Mobile Phone Data to 
Predict the Spatial Spread of Cholera. Scientific Reports, 5, 1–5. https://doi.org/10.1038/srep08923

Bertuzzo, E., Mari, L., Righetto, L., Gatto, M., Casagrandi, R., Blokesch, M., Rodriguez-Iturbe, I., & Rinaldo, A. (2011). Prediction of the 
spatial evolution and effects of control measures for the unfolding Haiti cholera outbreak. Geophysical Research Letters, 38(6), 1–5. 
https://doi.org/10.1029/2011GL046823

Bhatt, S., Gething, P. W., Brady, O. J., Messina, J. P., Farlow, A. W., Moyes, C. L., Drake, J. M., Brownstein, J. S., Hoen, A. G., & Sankoh, 
O. (2013). The global distribution and burden of dengue. Nature, 496(7446), 504–507.

Bowman, L. R., Runge-Ranzinger, S., & McCall, P. J. (2014). Assessing the relationship between vector indices and dengue transmission: 
A systematic review of the evidence. PLoS Negl Trop Dis, 8(5), e2848.

Brooks, N., Adger, W. N., & Kelly, P. M. (2005). The determinants of vulnerability and adaptive capacity at the national level and the 
implications for adaptation. Global Environmental Change, 15(2), 151–163.

Buczak, A. L., Chretien, J.-P., Lewis, S. H., Philip, T. L., & George, D. (2009). Prediction of Cholera Epidemics in Africa. Presentation at the 
8th Annual International Society for Disease Surveillance Conference.

Bzdok, D., Altman, N., & Krzywinski, M. (2018). Statistics versus machine learning. Nature Methods, 15(4), 233–234. https://doi.
org/10.1038/nmeth.4642

Cabrera, M., & Taylor, G. (2019). Modelling spatio-temporal data of dengue fever using generalized additive mixed models. Spatial and 
Spatio-Temporal Epidemiology, 28, 1–13.

Caminade, C., Kovats, S., Rocklov, J., Tompkins, A. M., Morse, A. P., Colón-González, F. J., Stenlund, H., Martens, P., & Lloyd, S. J. (2014). 
Impact of climate change on global malaria distribution. Proceedings of the National Academy of Sciences, 111(9), 3286–3291.

Campbell, A. M., Racault, M. F., Goult, S., & Laurenson, A. (2020). Cholera risk: A machine learning approach applied to essential climate 
variables. International Journal of Environmental Research and Public Health, 17(24), 1–24. https://doi.org/10.3390/ijerph17249378

Cave, S., Whittlestone, J., Nyrup, R., & Calvo, R. A. (2021). Using AI ethically to tackle covid-19. Bmj, 372.

Chen, S., Lanzas, C., Lee, C., Zenarosa, G. L., Arif, A. A., & Dulin, M. (2019). Metapopulation Model from Pathogen’s Perspective: A 
Versatile Framework to Quantify Pathogen Transfer and Circulation between Environment and Hosts. Scientific Reports, 9(1), 1–11. 
https://doi.org/10.1038/s41598-018-37938-0

Cheng, J., Bambrick, H., Frentiu, F. D., Devine, G., Yakob, L., Xu, Z., Li, Z., Yang, W., & Hu, W. (2021). Extreme weather events and 
dengue outbreaks in Guangzhou, China: A time-series quasi-binomial distributed lag non-linear model. International Journal of 
Biometeorology, 1–10.

 



Mapping WASH-related disease risk: A review of risk concepts and methods 21

Cheng, Y., Tjaden, N. B., Jaeschke, A., Thomas, S. M., & Beierkuhnlein, C. (2020). Deriving risk maps from epidemiological models of 
vector borne diseases: State-of-the-art and suggestions for best practice. Epidemics, 100411.

Chuang, T.-W., Chaves, L. F., & Chen, P.-J. (2017). Effects of local and regional climatic fluctuations on dengue outbreaks in southern 
Taiwan. PLoS One, 12(6), e0178698.

Colón-González, F. J., Sewe, M. O., Tompkins, A. M., Sjödin, H., Casallas, A., Rocklöv, J., Caminade, C., & Lowe, R. (2021). Projecting 
the risk of mosquito-borne diseases in a warmer and more populated world: A multi-model, multi-scenario intercomparison modelling 
study. The Lancet Planetary Health, 5(7), e404–e414.

Cordeiro, R., Donalisio, M. R., Andrade, V. R., Mafra, A. C., Nucci, L. B., Brown, J. C., & Stephan, C. (2011). Spatial distribution of the risk 
of dengue fever in southeast Brazil, 2006-2007. BMC Public Health, 11(1), 1–10.

Cromwell, E. A., Stoddard, S. T., Barker, C. M., Van Rie, A., Messer, W. B., Meshnick, S. R., Morrison, A. C., & Scott, T. W. (2017). The 
relationship between entomological indicators of Aedes aegypti abundance and dengue virus infection. PLoS Neglected Tropical 
Diseases, 11(3), e0005429.

Crooks, A. T., & Hailegiorgis, A. B. (2014). An agent-based modeling approach applied to the spread of cholera. Environmental 
Modelling and Software, 62, 164–177. https://doi.org/10.1016/j.envsoft.2014.08.027

De Mattos Almeida, M. C., Caiaffa, W. T., Assunção, R. M., & Proietti, F. A. (2007). Spatial vulnerability to dengue in a Brazilian urban area 
during a 7-year surveillance. Journal of Urban Health, 84(3), 334–345. https://doi.org/10.1007/s11524-006-9154-2

de Mattos Almeida, M. C., Caiaffa, W. T., Assunçao, R. M., & Proietti, F. A. (2007). Spatial vulnerability to dengue in a Brazilian urban area 
during a 7-year surveillance. Journal of Urban Health, 84(3), 334–345.

Deen, J., Mengel, M. A., & Clemens, J. D. (2020). Epidemiology of cholera. Vaccine, 38, A31–A40.

Delmelle, E., Hagenlocher, M., Kienberger, S., & Casas, I. (2016). A spatial model of socioeconomic and environmental determinants of 
dengue fever in Cali, Colombia. Acta Tropica, 164, 169–176. https://doi.org/10.1016/j.actatropica.2016.08.028

Dicker, R. C., Coronado, F., Koo, D., & Parrish, R. G. (2006). Principles of epidemiology in public health practice; an introduction to 
applied epidemiology and biostatistics.

Dickin, S. K., & Schuster-Wallace, C. J. (2014). Assessing changing vulnerability to dengue in northeastern Brazil using a water-associated 
disease index approach. Global Environmental Change, 29, 155–164.

Dickin, S. K., Schuster-Wallace, C. J., & Elliott, S. J. (2013). Developing a vulnerability mapping methodology: Applying the water-
associated disease index to dengue in Malaysia. PLoS One, 8(5), e63584.

Diekmann, O., Heesterbeek, J. A. P., & Metz, J. A. (1990). On the definition and the computation of the basic reproduction ratio R 0 in 
models for infectious diseases in heterogeneous populations. Journal of Mathematical Biology, 28(4), 365–382.

Doms, C., Kramer, S. C., & Shaman, J. (2018). Assessing the Use of Influenza Forecasts and Epidemiological Modeling in Public Health 
Decision Making in the United States. Scientific Reports, 8(1), 12406. https://doi.org/10.1038/s41598-018-30378-w

Dong, E., Du, H., & Gardner, L. (2020). An interactive web-based dashboard to track COVID-19 in real time. The Lancet Infectious 
Diseases, 20(5), 533–534.

Drake, J. M., & Richards, R. L. (2018). Estimating environmental suitability. Ecosphere, 9(9), e02373.

Dunoyer, J., Moore, S., Valingot, C., Rebaudet, S., Gaudart, J., Piarroux, R., & Sudre, B. (2018). Epidemiological study of cholera hotspots 
and epidemiological basins in East and Southern Africa -In-depth cholera epidemiological report for South Sudan. Prospective 
Cooperation.

Eikenberry, S. E., & Gumel, A. B. (2018). Mathematical modeling of climate change and malaria transmission dynamics: A historical 
review. Journal of Mathematical Biology, 77(4), 857–933. https://doi.org/10.1007/s00285-018-1229-7

Elith, J., & Leathwick, J. R. (2009). Species distribution models: Ecological explanation and prediction across space and time. Annual 
Review of Ecology, Evolution, and Systematics, 40, 677–697. https://doi.org/10.1146/annurev.ecolsys.110308.120159

Escobar, L. E., Ryan, S. J., Stewart-Ibarra, A. M., Finkelstein, J. L., King, C. A., Qiao, H., & Polhemus, M. E. (2015). A global map of 
suitability for coastal Vibrio cholerae under current and future climate conditions. Acta Tropica, 149, 202–211.

Fagbamigbe, A. F., Salawu, M. M., Abatan, S. M., & Ajumobi, O. (2021). Approximation of the Cox survival regression model by MCMC 
Bayesian Hierarchical Poisson modelling of factors associated with childhood mortality in Nigeria. Scientific Reports, 11(1), 1–18.
Focks, D. A. (2004). A review of entomological sampling methods and indicators for dengue vectors.

Fullerton, L. M., Dickin, S. K., & Schuster-Wallace, C. J. (2014). Mapping Global Vulnerability to Dengue using the Water Associated 
Disease Index. United Nations University, 16–29.

Galli, B., & Chiaravalloti Neto, F. (2008). Temporal-spatial risk model to identify areas at high-risk for occurrence of dengue fever. Revista 
de Saude Publica, 42, 656–663.



Mapping WASH-related disease risk: A review of risk concepts and methods22

Gemperli, A., Vounatsou, P., Sogoba, N., & Smith, T. (2006). Malaria mapping using transmission models: Application to survey data 
from Mali. American Journal of Epidemiology, 163(3), 289–297.

Grad, Y. H., Miller, J. C., & Lipsitch, M. (2012). Cholera modeling: Challenges to quantitative analysis and predicting the impact of 
interventions. Epidemiology, 23(4), 523–530. https://doi.org/10.1097/EDE.0b013e3182572581

Hagenlocher, M., Delmelle, E., Casas, I., & Kienberger, S. (2013). Assessing socioeconomic vulnerability to dengue fever in Cali, 
Colombia: Statistical vs expert-based modeling. International Journal of Health Geographics, 12(1), 1–14.

Haining, R. (1998). Spatial statistics and the analysis of health data. In A. C. In A.C. Gatrell & M. Löytönen (Eds.), GIS and health, 
GISDATA Series 6. Taylor & Francis.

Harapan, H., Michie, A., Mudatsir, M., Sasmono, R. T., & Imrie, A. (2019). Epidemiology of dengue hemorrhagic fever in Indonesia: 
Analysis of five decades data from the National Disease Surveillance. BMC Research Notes, 12(1), 1–6.

Hartemink, N. A., Purse, B. V., Meiswinkel, R., Brown, H. E., de Koeijer, A., Elbers, A. R. W., Boender, G. J., Rogers, D. J., & Heesterbeek, 
J. A. P. (2009). Mapping the basic reproduction number (R0) for vector-borne diseases: A case study on bluetongue virus. Epidemics, 
1(3), 153–161. https://doi.org/10.1016/j.epidem.2009.05.004

Hashizume, M., Faruque, A. S. G., Wagatsuma, Y., Hayashi, T., & Armstrong, B. (2010). Cholera in Bangladesh: Climatic components of 
seasonal variation. Epidemiology, 21(5), 706–710. https://doi.org/10.1097/EDE.0b013e3181e5b053

Hastie, T., Tibshirani, R., & Friedman, J. (2009). The Elements of Statistical Learning. Springer-Verlag.

Huq, A., Sack, R. B., Nizam, A., Longini, I. M., Nair, G. B., Ali, A., Morris, J. G., Khan, M. N. H., Siddique, A. K., Yunus, M., Albert, M. 
J., Sack, D. A., & Colwell, R. R. (2005). Critical factors influencing the occurrence of Vibrio cholerae in the environment of Bangladesh. 
Applied and Environmental Microbiology, 71(8), 4645–4654. https://doi.org/10.1128/AEM.71.8.4645-4654.2005

Jeefoo, P., Tripathi, N. K., & Souris, M. (2011). Spatio-temporal diffusion pattern and hotspot detection of dengue in Chachoengsao 
province, Thailand. International Journal of Environmental Research and Public Health, 8(1), 51–74. https://doi.org/10.3390/ijerph8010051

Jetten, T. H., & Focks, D. A. (1997). Potential changes in the distribution of dengue transmission under climate warming. The American 
Journal of Tropical Medicine and Hygiene, 57(3), 285–297.

Johnson, T. L., Haque, U., Monaghan, A. J., Eisen, L., Hahn, M. B., Hayden, M. H., Savage, H. M., McAllister, J., Mutebi, J.-P., & Eisen, R. 
J. (2017). Modeling the environmental suitability for Aedes (Stegomyia) aegypti and Aedes (Stegomyia) albopictus (Diptera: Culicidae) 
in the contiguous United States. Journal of Medical Entomology, 54(6), 1605–1614.

Jones, N., Bouzid, M., Few, R., Hunter, P., & Lake, I. (2020). Water, sanitation and hygiene risk factors for the transmission of cholera in a 
changing climate: Using a systematic review to develop a causal process diagram. Journal of Water and Health, 18(2), 145–158.

Jutla, A., Akanda, A., Unnikrishnan, A., Huq, A., & Colwell, R. (2015). Predictive time series analysis linking Bengal cholera with terrestrial 
water storage measured from Gravity Recovery and Climate Experiment sensors. American Journal of Tropical Medicine and Hygiene, 
93(6), 1179–1186. https://doi.org/10.4269/ajtmh.14-0648

Jutla, A., Whitcombe, E., Hasan, N., Haley, B., Akanda, A., Huq, A., Alam, M., Sack, R. B., & Colwell, R. (2013). Environmental factors 
influencing epidemic cholera. The American Journal of Tropical Medicine and Hygiene, 89(3), 597–607.

Kahn, R., Mahmud, A. S., Schroeder, A., Aguilar Ramirez, L. H., Crowley, J., Chan, J., & Buckee, C. O. (2019). Rapid Forecasting of 
Cholera Risk in Mozambique: Translational Challenges and Opportunities. Prehospital and Disaster Medicine, 34(05), 557–562. https://
doi.org/10.1017/S1049023X19004783

Khan, R., Anwar, R., Akanda, S., McDonald, M. D., Huq, A., Jutla, A., & Colwell, R. (2017). Assessment of risk of cholera in Haiti following 
Hurricane Matthew. The American Journal of Tropical Medicine and Hygiene, 97(3), 896.

Khormi, H. M., & Kumar, L. (2011). Modeling dengue fever risk based on socioeconomic parameters, nationality and age groups: GIS and 
remote sensing based case study. Science of the Total Environment, 409(22), 4713–4719. https://doi.org/10.1016/j.scitotenv.2011.08.028

Kirch, W. (2008). Encyclopedia of Public Health: Volume 1: A-H Volume 2: I-Z. Springer Science & Business Media.

Knox, E. G., & Elliott, P. (1989). Methodology of enquiries into Disease Clustering. Detection of Clusters, 17–20.

Kraemer, M. U. G., Sinka, M. E., Duda, K. A., Mylne, A. Q. N., Shearer, F. M., Barker, C. M., Moore, C. G., Carvalho, R. G., Coelho, G. E., 
Van Bortel, W., Hendrickx, G., Schaffner, F., Elyazar, I. R., Teng, H. J., Brady, O. J., Messina, J. P., Pigott, D. M., Scott, T. W., Smith, D. L., 
… Hay, S. I. (2015). The global distribution of the arbovirus vectors Aedes aegypti and Ae. Albopictus. ELife, 4(JUNE2015), 1–18. https://
doi.org/10.7554/eLife.08347

Kraemer, M. U., Hay, S. I., Pigott, D. M., Smith, D. L., Wint, G. W., & Golding, N. (2016). Progress and challenges in infectious disease 
cartography. Trends in Parasitology, 32(1), 19–29.

Laubenbacher, R., Hinkelmann, F., & Oremland, M. (2013). Agent-Based Models and Optimal Control in Biology: A Discrete Approach. 
In Mathematical Concepts and Methods in Modern Biology (pp. 143–178). Elsevier Inc. https://doi.org/10.1016/B978-0-12-415780-
4.00005-3



Mapping WASH-related disease risk: A review of risk concepts and methods 23

Lessler, J., Azman, A. S., Grabowski, M. K., Salje, H., & Rodriguez-Barraquer, I. (2016). Trends in the Mechanistic and Dynamic Modeling 
of Infectious Diseases. Current Epidemiology Reports, 3(3), 212–222. https://doi.org/10.1007/s40471-016-0078-4
 
Lessler, J., & Cummings, D. A. T. (2016). Mechanistic models of infectious disease and their impact on public health. American Journal 
of Epidemiology, 183(5), 415–422. https://doi.org/10.1093/aje/kww021

Lessler, J., Moore, S. M., Luquero, F. J., McKay, H. S., Grais, R., Henkens, M., Mengel, M., Dunoyer, J., M’bangombe, M., & Lee, E. C. 
(2018). 

Mapping the burden of cholera in sub-Saharan Africa and implications for control: An analysis of data across geographical scales. The 
Lancet, 391(10133), 1908–1915.

Liebig, J., Jansen, C., Paini, D., Gardner, L., & Jurdak, R. (2019). A global model for predicting the arrival of imported dengue infections. 
PloS One, 14(12), e0225193.

Lim, J. T., Dickens, B. S., Haoyang, S., Ching, N. L., & Cook, A. R. (2020). Inference on dengue epidemics with Bayesian regime switching 
models. PLoS Computational Biology, 16(5), e1007839.

Liu-Helmersson, J., Stenlund, H., Wilder-Smith, A., & Rocklöv, J. (2014). Vectorial capacity of Aedes aegypti: Effects of temperature and 
implications for global dengue epidemic potential. PloS One, 9(3), e89783.

Louis, V. R., Phalkey, R., Horstick, O., Ratanawong, P., Wilder-Smith, A., Tozan, Y., & Dambach, P. (2014). Modeling tools for dengue risk 
mapping—A systematic review. International Journal of Health Geographics, 13(1), 1–15. https://doi.org/10.1186/1476-072X-13-50

Lwin, M. O., Vijaykumar, S., Fernando, O. N. N., Cheong, S. A., Rathnayake, V. S., Lim, G., Theng, Y.-L., Chaudhuri, S., & Foo, S. (2014). A 
21st century approach to tackling dengue: Crowdsourced surveillance, predictive mapping and tailored communication. Acta Tropica, 
130, 100–107.

Machault, V., Vignolles, C., Pagès, F., Gadiaga, L., Tourre, Y. M., Gaye, A., Sokhna, C., Trape, J. F., Lacaux, J. P., & Rogier, C. (2012). Risk 
Mapping of Anopheles gambiae s.l. Densities Using Remotely-Sensed Environmental and Meteorological Data in an Urban Area: 
Dakar, Senegal. PLoS ONE, 7(11). https://doi.org/10.1371/journal.pone.0050674

Mackenzie, J. S., & Jeggo, M. (2019). The One Health approach—Why is it so important? Multidisciplinary Digital Publishing Institute.

Martens, W. J., Jetten, T. H., & Focks, D. A. (1997). Sensitivity of malaria, schistosomiasis and dengue to global warming. Climatic 
Change, 35(2), 145–156.

Martínez-Bello, D., López-Quílez, A., & Prieto, A. T. (2018). Spatiotemporal modeling of relative risk of dengue disease in Colombia. 
Stochastic Environmental Research and Risk Assessment, 32(6), 1587–1601.

Messina, J. P., Brady, O. J., Golding, N., Kraemer, M. U., Wint, G. W., Ray, S. E., Pigott, D. M., Shearer, F. M., Johnson, K., & Earl, L. (2019). 
The current and future global distribution and population at risk of dengue. Nature Microbiology, 4(9), 1508–1515.

Messina, J. P., Brady, O. J., Pigott, D. M., Golding, N., Kraemer, M. U. G., Scott, T. W., Wint, G. R. W., Smith, D. L., & Hay, S. I. (2015). The 
many projected futures of dengue. Nature Reviews Microbiology, 13(4), 230–239. https://doi.org/10.1038/nrmicro3430

Meynard, C. N., & Quinn, J. F. (2007). Predicting species distributions: A critical comparison of the most common statistical models 
using artificial species. Journal of Biogeography, 34(8), 1455–1469. https://doi.org/10.1111/j.1365-2699.2007.01720.x

Mosomtai, G., Evander, M., Sandström, P., Ahlm, C., Sang, R., Hassan, O. A., Affognon, H., & Landmann, T. (2016). Association of 
ecological factors with Rift Valley fever occurrence and mapping of risk zones in Kenya. International Journal of Infectious Diseases, 46, 
49–55.

Murphy, K., Di Ruggiero, E., Upshur, R., Willison, D. J., Malhotra, N., Cai, J. C., Malhotra, N., Lui, V., & Gibson, J. (2021). Artificial 
intelligence for good health: A scoping review of the ethics literature. BMC Medical Ethics, 22(1), 1–17.

Muscatello, D. J., Chughtai, A. A., Heywood, A., Gardner, L. J., Heslop, D. J., & Macintyre, C. R. (2017). Translating real-time infectious 
disease modeling into routine public health practice. Emerging Infectious Diseases, 23(5), e1–e6. https://doi.org/10.3201/eid2305.161720

Mwaba, J., Debes, A. K., Shea, P., Mukonka, V., Chewe, O., Chisenga, C., Simuyandi, M., Kwenda, G., Sack, D., & Chilengi, R. (2020). 
Identification of cholera hotspots in Zambia: A spatiotemporal analysis of cholera data from 2008 to 2017. PLoS Neglected Tropical 
Diseases, 14(4), e0008227.

Naish, S., Dale, P., Mackenzie, J. S., McBride, J., Mengersen, K., & Tong, S. (2014). Climate change and dengue: A critical and systematic 
review of quantitative modelling approaches. BMC Infectious Diseases, 14(1), 1–14.

NASA. (2017, July 24). Using Satellite and Ground-based Data to Develop Malaria Risk Maps. Scientific Visualization Studio.

Nkoko, D. B., Giraudoux, P., Plisnier, P.-D., Tinda, A. M., Piarroux, M., Sudre, B., Horion, S., Tamfum, J.-J. M., Ilunga, B. K., & Piarroux, R. 
(2011). Dynamics of cholera outbreaks in Great Lakes region of Africa, 1978–2008. Emerging Infectious Diseases, 17(11), 2026.

Ostfeld, R. S., Glass, G. E., & Keesing, F. (2005). Spatial epidemiology: An emerging (or re-emerging) discipline. Trends in Ecology and 
Evolution, 20(6 SPEC. ISS.), 328–336. https://doi.org/10.1016/j.tree.2005.03.009
 
 



Mapping WASH-related disease risk: A review of risk concepts and methods24

Pachauri, R. K., Allen, M. R., Barros, V. R., Broome, J., Cramer, W., Christ, R., Church, J. A., Clarke, L., Dahe, Q., & Dasgupta, P. (2014). 
Climate change 2014: Synthesis report. Contribution of Working Groups I, II and III to the fifth assessment report of the Intergovernmental 
Panel on Climate Change. Ipcc.

Patz, J. A., Martens, W. J., Focks, D. A., & Jetten, T. H. (1998). Dengue fever epidemic potential as projected by general circulation 
models of global climate change. Environmental Health Perspectives, 106(3), 147–153.

Peterson, A. T., Martínez-Campos, C., Nakazawa, Y., & Martínez-Meyer, E. (2005). Time-specific ecological niche modeling predicts 
spatial dynamics of vector insects and human dengue cases. Transactions of the Royal Society of Tropical Medicine and Hygiene, 99(9), 
647–655. https://doi.org/10.1016/j.trstmh.2005.02.004

Pfeiffer, D., Robinson, T. P., Stevenson, M., Stevens, K. B., Rogers, D. J., & Clements, A. C. (2008). Spatial analysis in epidemiology (Vol. 
142, Issue 10.1093). Oxford university press Oxford.

Phillips, S. J., & Schapire, R. E. (2004). A Maximum Entropy Approach to Species Distribution Modeling.

Porcasi, X., Rotela, C. H., Introini, M. V., Frutos, N., Lanfri, S., Peralta, G., De Elia, E. A., Lanfri, M. A., & Scavuzzo, C. M. (2012). An 
operative dengue risk stratification system in Argentina based on geospatial technology. Geospatial Health, 6(3 SUPPL.). https://doi.
org/10.4081/gh.2012.120

Porta, M. (2014). A dictionary of epidemiology. Oxford university press.

Portier, J. C., Thigpen Tart, K., Carter, S. R., Dilworth, C. H., Grambsch, A. E., Gohlke, J., Hess, J., Howard, S. N., Luber, G., Lutz, J. T.,  
 
Maslak, T., Prudent, N., Radtke, M., Rosenthal, J. P., Rowles, T., Sandifer, P. A., Scheraga, J., Schramm, P. J., Strickman, D., … Whung, 
P. (2010). A Human Health Perspective On Climate Change: A Report Outlining the Research Needs on the Human Health Effects of 
Climate Change. Environmental Health Perspectives, 5, 80.

Prüss-Ustün, A., Wolf, J., Bartram, J., Clasen, T., Cumming, O., Freeman, M. C., Gordon, B., Hunter, P. R., Medlicott, K., & Johnston, R. 
(2019). Burden of disease from inadequate water, sanitation and hygiene for selected adverse health outcomes: An updated analysis 
with a focus on low- and middle-income countries. International Journal of Hygiene and Environmental Health, 222(5), 765–777. https://
doi.org/10.1016/j.ijheh.2019.05.004
 
Racloz, V., Ramsey, R., Tong, S., & Hu, W. (2012). Surveillance of dengue fever virus: A review of epidemiological models and early 
warning systems. PLoS Negl Trop Dis, 6(5), e1648.

Rahmandad, H., & Sterman, J. (2008). Heterogeneity and network structure in the dynamics of diffusion: Comparing agent-based and 
differential equation models. Management Science, 54(5), 998–1014. https://doi.org/10.1287/mnsc.1070.0787

Ratnayake, R., Finger, F., Azman, A. S., Lantagne, D., Funk, S., Edmunds, W. J., & Checchi, F. (2021). Highly targeted spatiotemporal 
interventions against cholera epidemics, 2000–19: A scoping review. The Lancet Infectious Diseases, 21(3), e37–e48.

Reiner, R. C., Welgan, C. A., Casey, D. C., Troeger, C. E., Baumann, M. M., Nguyen, Q. P., Swartz, S. J., Blacker, B. F., Deshpande, A., & 
Mosser, J. F. (2019). Identifying residual hotspots and mapping lower respiratory infection morbidity and mortality in African children 
from 2000 to 2017. Nature Microbiology, 4(12), 2310–2318.

Richterman, A., Sainvilien, D. R., Eberly, L., & Ivers, L. C. (2018). Individual and household risk factors for symptomatic cholera infection: 
A systematic review and meta-analysis. The Journal of Infectious Diseases, 218(suppl_3), S154–S164.

Rivers, C., Chretien, J. P., Riley, S., Pavlin, J. A., Woodward, A., Brett-Major, D., Maljkovic Berry, I., Morton, L., Jarman, R. G., Biggerstaff, 
M., Johansson, M. A., Reich, N. G., Meyer, D., Snyder, M. R., & Pollett, S. (2019). Using “outbreak science” to strengthen the use of 
models during epidemics. Nature Communications, 10(1), 9–11. https://doi.org/10.1038/s41467-019-11067-2

Roeser, S. (2012). Handbook of risk theory: Epistemology, decision theory, ethics, and social implications of risk (Vol. 1). Springer Science 
& Business Media.

Rogers, S. (2013, March 15). John Snow’s data journalism: The cholera map that changed the world | Cholera | The Guardian. The 
Guardian. https://www.theguardian.com/news/datablog/2013/mar/15/john-snow-cholera-map

Romanello, M., McGushin, A., Di Napoli, C., Drummond, P., Hughes, N., Jamart, L., Kennard, H., Lampard, P., Rodriguez, B. S., & Arnell, 
N. (2021). The 2021 report of the Lancet Countdown on health and climate change: Code red for a healthy future. The Lancet.

Rosenfeld, L. A., Fox, C. E., Kerr, D., Marziale, E., Cullum, A., Lota, K., Stewart, J., & Thompson, M. Z. (2009). Use of computer modeling 
for emergency preparedness functions by local and state health officials: A needs assessment. Journal of Public Health Management 
and Practice, 15(2), 96–104. https://doi.org/10.1097/01.PHH.0000346004.21157.ef

Ross, R. (1911). Some quantitative studies in epidemiology. Nature, 87(2188), 466–467.

Sallah, K., Giorgi, R., Bengtsson, L., Lu, X., Wetter, E., Adrien, P., Rebaudet, S., Piarroux, R., & Gaudart, J. (2017). Mathematical models 
for predicting human mobility in the context of infectious disease spread: Introducing the impedance model. International Journal of 
Health Geographics, 16(1), 1–11. https://doi.org/10.1186/s12942-017-0115-7

Shafie, A. (2011). Evaluation of the spatial risk factors for high incidence of Dengue Fever and Dengue Hemorrhagic Fever using GIS 
application. Sains Malaysiana, 40(8), 937–943.



Mapping WASH-related disease risk: A review of risk concepts and methods 25

Smith, D. L., Battle, K. E., Hay, S. I., Barker, C. M., Scott, T. W., & McKenzie, F. E. (2012). Ross, Macdonald, and a theory for the dynamics 
and control of mosquito-transmitted pathogens. In PLoS Pathogens (Vol. 8, Issue 4, p. e1002588). Public Library of Science. https://doi.
org/10.1371/journal.ppat.1002588

Solano-Villarreal, E., Valdivia, W., Pearcy, M., Linard, C., Pasapera-Gonzales, J., Moreno-Gutierrez, D., Lejeune, P., Llanos-Cuentas, A., 
Speybroeck, N., Hayette, M. P., & Rosas-Aguirre, A. (2019). Malaria risk assessment and mapping using satellite imagery and boosted 
regression trees in the Peruvian Amazon. Scientific Reports, 9(1), 1000. https://doi.org/10.1038/s41598-019-51564-4

Sriprom, M., Chalvet-Monfray, K., Chaimane, T., Vongsawat, K., & Bicout, D. J. (2010). Monthly district level risk of dengue occurrences 
in Sakon Nakhon Province, Thailand. Science of the Total Environment, 408(22), 5521–5528.

Stockwell, D. (1999). The GARP modelling system: Problems and solutions to automated spatial prediction. International Journal of 
Geographical Information Science , 13(2), 143–158. https://doi.org/10.1080/136588199241391

Sun, G.-Q., Xie, J.-H., Huang, S.-H., Jin, Z., Li, M.-T., & Liu, L. (2017). Transmission dynamics of cholera: Mathematical modeling and 
control strategies. Communications in Nonlinear Science and Numerical Simulation, 45, 235–244.

Thomson, M. C., Doblas-Reyes, F. J., Mason, S. J., Hagedorn, R., Connor, S. J., Phindela, T., Morse, A. P., & Palmer, T. N. (2006). Malaria 
early warnings based on seasonal climate forecasts from multi-model ensembles. Nature, 439(7076), 576–579.

Trocin, C., Mikalef, P., Papamitsiou, Z., & Conboy, K. (2021). Responsible AI for digital health: A synthesis and a research agenda. 
Information Systems Frontiers, 1–19.

Van den Bergh, F., Holloway, J., Pienaar, M., Koen, R., Elphinstone, C., & Woodborne, S. (2008). A comparison of various modelling 
approaches applied to Cholera case data. ORiON, 24(1). https://doi.org/10.5784/24-1-57

Vanwambeke, S. O., Bennett, S. N., & Kapan, D. D. (2011). Spatially disaggregated disease transmission risk: Land cover, land use and 
risk of dengue transmission on the island of Oahu. Tropical Medicine & International Health, 16(2), 174–185.

Venkat, A., Falconi, T. M. A., Cruz, M., Hartwick, M. A., Anandan, S., Kumar, N., Ward, H., Veeraraghavan, B., & Naumova, E. N. (2019). 
Spatiotemporal patterns of cholera hospitalization in Vellore, India. International Journal of Environmental Research and Public Health, 
16(21), 4257.

Versteirt, V., Alten, B., Balenghien, T., Medlock, J., & Schaffner, F. (2017). VectorNet: A pan-European approach towards a standardized 
data collection on distribution and abundance of vectors of medical and veterinary importance.

Wagenmakers, E.-J., Marsman, M., Jamil, T., Ly, A., Verhagen, J., Love, J., Selker, R., Gronau, Q. F., Šmíra, M., & Epskamp, S. (2018). 
Bayesian inference for psychology. Part I: Theoretical advantages and practical ramifications. Psychonomic Bulletin & Review, 25(1), 
35–57.

Wen, T.-H., Lin, N. H., Lin, C.-H., King, C.-C., & Su, M.-D. (2006). Spatial mapping of temporal risk characteristics to improve environmental 
health risk identification: A case study of a dengue epidemic in Taiwan. Science of the Total Environment, 367(2–3), 631–640.

Whiteman, A., Loaiza, J. R., Yee, D. A., Poh, K. C., Watkins, A. S., Lucas, K. J., Rapp, T. J., Kline, L., Ahmed, A., & Chen, S. (2020). Do 
socioeconomic factors drive Aedes mosquito vectors and their arboviral diseases? A systematic review of dengue, chikungunya, yellow 
fever, and Zika Virus. One Health, 100188.

WHO. (2009). Dengue: Guidelines for diagnosis, treatment, prevention and control. World Health Organization.

WHO. (2012). Rapid risk assessment of acute public health events. World Health Organization.

WHO. (2017). Ending cholera a global roadmap to 2030. In Ending cholera a global roadmap to 2030 (pp. 32–32).

WHO. (2021). Ethics and governance of artificial intelligence for health: WHO guidance.

Wolfe, M., Kaur, M., Yates, T., Woodin, M., & Lantagne, D. (2018). A systematic review and meta-analysis of the association between 
water, sanitation, and hygiene exposures and cholera in case–control studies. The American Journal of Tropical Medicine and Hygiene, 
99(2), 534–545.

World Bank. (2021). Data for Better Lives (World Development Report). https://wdr2021.worldbank.org/the-report/

Wu, P. C., Lay, J. G., Guo, H. R., Lin, C. Y., Lung, S. C., & Su, H. J. (2009). Higher temperature and urbanization affect the spatial patterns 
of dengue fever transmission in subtropical Taiwan. Science of the Total Environment, 407(7), 2224–2233. https://doi.org/10.1016/j.
scitotenv.2008.11.034

Yamana, T. K., & Eltahir, E. A. (2013). Projected impacts of climate change on environmental suitability for malaria transmission in West 
Africa. Environmental Health Perspectives, 121(10), 1179–1186.

Yu, H.-L., Yang, S.-J., Yen, H.-J., & Christakos, G. (2011). A spatio-temporal climate-based model of early dengue fever warning in 
southern Taiwan. Stochastic Environmental Research and Risk Assessment, 25(4), 485–494.



© United Nations University Institute for Water, Environment and Health (UNU-INWEH)
204 - 175 Longwood Road South, Hamilton, Ontario, Canada, L8P 0A1 

Tel: +905 667-5511 Fax: +905 667 5510


