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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

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

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 highrisk 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

processes

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 samplingbased 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
•
•
•
•
•
•
•
•
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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 (MartínezBello 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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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,

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
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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
8

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

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

Figure 1. Dot map with dummy data of a disease outbreak in Bangkok, Thailand as an example of maps demonstrating case distribution and
density.

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

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
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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).

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,

10

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
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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 subindices, 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 subindices 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
12

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; SolanoVillarreal et al., 2019), random forest classifier
(Campbell et al., 2020), genetic algorithm for ruleset 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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Figure 4. Annual cholera incidence in sub-Saharan Africa modelled by Lessler et al., (2018).

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.
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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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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).
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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 WASHrelated 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

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
movement

autocorrelation

and

human

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
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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 laboratoryconfirmed 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 labourintensive 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.

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
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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 wellestablished disease-modelling alternative to the
classical associative models dominant throughout
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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,

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, agentbased models are increasingly used to explore
problems previously modelled by compartmental
models (Laubenbacher et al., 2013; Rahmandad &
Sterman, 2008). Both compartmental and agentbased 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
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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 lowand 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
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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 subcomponents 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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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.

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).

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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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
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