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by Weiyu Yu 

Drinking water is a basic necessity and plays a vital role in improving general health and 

wellbeing. Following recognition of the essential human right to drinking water, 

Sustainable Development Goals (SDGs) have included a dedicated Goal 6 (Target 6.1) for 

drinking water, which addresses a broad range of issues such as availability, accessibility, 

water quality, and inequalities in service. The expanded need for more sophisticated SDG 

monitoring therefore places high demands on data sources. By combining spatial 

analysis and modelling techniques with water point data sets, this study proposes 

several approaches to combine scarce information relating to drinking water services 

and thereby to facilitate national SDG monitoring. Specifically, spatial integration with 

water point data was found to be an effective way to add value to conventional data 

sources such as censuses for monitoring drinking water. In addition, MaxEnt-based 

predictive modelling method was employed to predict the potential geographical 

distribution of drinking water supply in the absence of completely surveyed national 

water point inventories; outputs for Cambodian and Tanzanian examples showed good 

discriminatory power based on AUCs (0.791 and 0.860 respectively). Although the 

MaxEnt modelled surface could not replace real water point surveys, it could reasonably 

give an indication of the potential distribution of water supply and thereby to be used to 

reveal hidden inequalities in drinking water services, or to investigate surrounding issues 

by combing with other geospatial data sets.  
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Chapter 1 General Introduction 

1.1 Background on drinking water 

1.1.1 Global issues in drinking water 

Water is a basic human necessity and plays a key role in sustainable development, and 

affects people’s lives in many ways, including household domestic use, industry, 

agriculture and irrigation; livestock and aquaculture, mining, public supply, etc. Drinking 

water refers to the water fetched and used by households for domestic purposes such 

as drinking, cooking, food preparation, bathing and other basic hygiene practices (WHO 

and UNICEF 2017a). Unsafe drinking water alongside inadequate sanitation and poor 

hygiene lead to risks of disease (Gundry et al. 2004, World Health Organization 2009, 

2014, Bain, Cronk, et al. 2014) and result in over one million deaths each year (Carlton 

et al. 2012), mainly among the poorest settings of the world. In low and lower-middle 

income countries, millions of people are still sharing water for domestic use with animals 

or using undeveloped sources; women walk on average six kilometres to fetch water; 

and water consumption is less than 10 litres in contrast with more than 100 litres in many 

major cities of most developed countries (United Nations n.d., International Water 

Association 2016). In 1977, access to drinking water was considered as human right for 

the first time in history (United Nations 1977) in the United Nations Water Conference 

for planning pre-1990 actions. By 1990, drinking water and sanitation were subsequently 

mentioned in the conventions on rights of woman and child respectively (United Nations 

General Assembly 1979, 1989). In 2010, access to safe and clean drinking water and 

sanitation services was recognised as an essential human right (United Nations General 

Assembly 2010), which specifically required consideration of sufficiency, safety, 

acceptability, physical accessibility, and affordability of water supply and sanitation 

service. 

The United Nations’ pre-2015 Millennium Development Goals (MDGs) proposed a target 

(7c) to ‘halve, by 2015, the proportion of the population without sustainable access to 

safe drinking water and basic sanitation’ (United Nations n.d.). This has now been 

replaced by a more ambitious target (6.1) in the Sustainable Development Goals (SDGs) 
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following the recognition of the essential human right to drinking water (United Nations 

General Assembly 2010), aiming for universal access to drinking water services for all. 

During the last few decades, huge progress has been reportedly made in improving 

access to drinking water services (WHO and UNICEF 2008, 2010a, 2012a, 2013, 2014a, 

2015a). By the end of the MDG period, over 70% of the global population had an 

improved drinking water service on premises with constant availability and no faecal and 

priority chemical contamination; and 181 countries had over 75% of population using 

basic or safely managed drinking water services (WHO and UNICEF 2017b). However, 

realisation of such human rights to universal safe drinking water access still remains a 

challenge today. According to the most recent Joint Monitoring Program (JMP) report 

(WHO and UNICEF 2017b), there were still over 800 million people globally that did not 

have access to a basic drinking water service today; over 150 million people did not have 

access to any reliable water supply facilities and were still fetching drinking water from 

surface water sources such as rivers and lakes. In addition, large disparities in coverage 

were found when data reporting drinking water coverage were disaggregated by urban 

and rural areas. Furthermore, based on the 2008 Sierra Leone Demographic and Health 

Surveys (DHS) data (where drinking water statistics can be disaggregated by wealth 

quintiles), large disparities in drinking water coverage were also found between the 

poorest and richest groups (WHO and UNICEF 2012a). In general, people in the poorest 

settings and most vulnerable population groups may have less opportunity to access 

services and meet basic human needs. Unfortunately, reliable disaggregated data to 

track these vulnerable groups are often at their scarcest in the poorest countries. It 

remains a challenge to pinpoint which parts of a country that the drinking water service 

deliveries are falling behind. 

Moreover, people that reportedly have access to drinking water source may not actually 

use the source constantly due to issues such as poor functionality of water supply 

facilities. There was evidence found that approximately one out of three water points in 

rural Sub-Saharan Africa had functionality issues (RWSN 2009); and all types of water 

supply facilities showed poor performance over time, with no more than 50% of water 
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points having a life span over 15 years without any functionality failures (Jiménez and 

Pérez-Foguet 2011a). Such functionality issues were found to be highly related to factors 

such as expenditure (Jiménez and Pérez-Foguet 2011a) and implementation of 

standardised design (Furey 2013), and may become another major challenge in 

achieving universal access to safe drinking water services. 

1.1.2 Current typical drinking water supply methods 

The main natural sources of drinking water (also referred to as ‘raw water’ or ‘source 

water’) include groundwater, surface water, and rainwater (Rickert et al. 2016). There 

are many different types of water supply methods developed to extract water from these 

natural sources according to the general environment and factors such as sufficiency, 

reliability, quality, accessibility and cost effectiveness (Pedley et al. 2011). Based on the 

nature of technology or facility used to extract, store and transport water to the point of 

use, drinking water supply methods can be classified into six major categories: piped 

water connections, water wells, springs, rainwater harvesting systems, surface water, 

and vended water.  

1.1.2.1 Piped water connections 

A piped water connection tends to be the most desirable source, which forms the top 

service level (see Section 1.1.3). These systems extract water from surface water or 

sometimes groundwater, usually provide water purification or treatment for quality 

protection (generally depending on the original source of water), and then store treated 

water in storage facilities (e.g. reservoirs, tanks, cisterns, pressure vessels, etc.) before 

delivering it directly to the point of use via connected pipelines. A household connection 

for tap water (namely ‘piped into dwelling’) could provide approximately 100 – 150 litres 

of water per capita per day; whilst a yard-tap (namely ‘piped to yard/plot ’) could provide 

approximately 50 – 100 litres of water per capita per day (Wurzel 2005). Such an amount 

of water is sufficient to meet basic consumption needs and could provide health benefits 

as other hygiene and domestic purposes could also be assured (Howard and Bartram 

2003, OHCHR 2010). Piped water sources are more commonly used in comparatively rich 

communities since they generally require high capital costs as well as operation and 
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maintenance (O&M) costs (with the exception of gravity schemes) to support material 

resources (e.g. fuel and chemical supplies) and human resources (e.g. competent 

operators). The main energy source of a piped water scheme could be gravity, electric, 

or diesel in general. 

  

Figure 1.1 Piped water scheme. 

Left: piped water scheme based on surface water; Right: piped water scheme based on 

groundwater. (Photo source: http://phed.bih.nic.in/WaterQuality.htm) 

  

Figure 1.2 Public tap/standpipe. 

Left: a communal tap in South Africa; Right: women queuing to collect water from public tap in 

south India. (Photo sources: Left: Africa Check, 2013; photo by Alexander Joe; Right: Kuttoor, 2012) 

Public taps or standpipes (Figure 1.2) are also considered as piped water, which similarly 

extract water from surface water or groundwater sources and deliver water through 

pipes in the areas where people do not have water supply to their dwellings or yards. As 

http://phed.bih.nic.in/WaterQuality.htm
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a public source, time spent on water collection and queuing is inevitable; possible water 

consumption from public taps/standpipes therefore ranges between approximately 10 

to 40 litres per capita per day, which could also provide enough water for basic 

consumption, but may only offer health benefits when the quantity is more than 20 litres 

per capita per day (OHCHR 2010). In addition, collected water may potentially be 

contaminated during its delivery to the user’s home. Besides gravity, electric, and diesel, 

the energy source of a public tap/standpipe could also be wind or solar.  

1.1.2.2 Water wells 

A water well is an excavated hole or a structure constructed to access groundwater from 

underground aquifers. Based on the main method of excavation, water wells can be 

classified into drilled wells and dug wells. 

  

Figure 1.3 Manual drilling method (left) and machine drilling method (right). 

(Photo sources: Left: Akvo, 2010; Right: UFUNDIKO, 2016) 

In general terms, some drilled wells are also called tube wells/boreholes, and are drilled 

by machine or manual methods (e.g. sludging, percussion drilling, auger drilling, etc.) to 

access deeper groundwater (Figure 1.3). The typical depth ranges from approximately 

5m to 25m for a manually drilled tube well/borehole; and from 25m to 200m for a 

machine drilled tube well/borehole (Baumann 2000). Drilled wells are generally installed 

with a water lifting device such as manual pump or mechanised pump. However, 

sometimes a deep well could be drilled in an area where groundwater under great 

pressure caused by surrounding impermeable layers could flow to the surface 

automatically without using any water lift device (usually called an artesian well, see 
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Figure 1.4). Water extracted from drilled wells in most instances is clean and potable, as 

the well is generally not exposed to outside contamination and the depth of well is very 

deep; a drilled well/borehole is therefore often considered as an improved drinking 

water source as its technical nature can generally protect water from the outside 

contamination. 

  

Figure 1.4 A borehole with Afridev pump (left) and an artesian well (right). 

(Photo sources: Left: Global Water Initiative, undated; Right: Dales Water Service Ltd, 2012) 

A dug well refers to a shallow well, which is excavated by hand digging. Based on the 

design for protecting water from contamination, dug wells can be classified into 

protected dug wells and unprotected dug wells. A protected dug well generally at least 

has a concrete slab or a cover to protect water from being exposed to outside pollution, 

and is therefore sometimes simply called a covered well. It is sometimes strengthened 

with a small drainage platform (concrete apron) and runoff channels. In contrast, an 

unprotected dug well is often called an ‘open well’ or ‘scoop hole’ (e.g. when the well is 

not lined) as it generally does not have a cover to protect water (Figure 1.5), and 

sometimes even does not have mouth built up to keep out the runoff. Water could 

therefore be easily contaminated by outside pollution such as mud, waste, vegetation, 

animals, bird droppings, and water lifting methods such as buckets and ropes. The typical 

depth of a dug well ranges from approximately 5m to 20m (Baumann 2000); hand dug 

wells are therefore often called ‘shallow wells’. Water lifting devices for a dug well could 

be manual pump, windlass, or simply a bucket and rope (see Figure 1.6 for examples). 

The main advantages of dug well include the simplicity of construction in terms of 
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required supervision, skills, and equipment, and the low cost of construction, operation 

and maintenance compared with drilled tube wells. However, the main disadvantages 

include the dependence on shallow aquifers and soft geological formations, 

comparatively long phase of construction, and potentially higher occurrence of 

contamination (especially in unprotected dug wells). 

  
Figure 1.5 An unprotected dug well (left) and a typical scoop hole (right). 

(Photo sources: Left: Jane Cohen/Human Rights Watch, 2012; Right: African Vision, undated) 

  

Figure 1.6 A protected dug well with hand pump (left) and a protected dug well with rope and 

bucket (right). 

(Photo sources: Left: Augustine N. Myers/Shout-Africa, 2013; Right: African Vision, undated) 

1.1.2.3 Springs 

A spring generally refers to a water hole or place where groundwater stored 

underground naturally flows to the surface, which is mainly found in mountainous areas 

(Smet and van Wijk 2002). As its original natural source is groundwater, spring water in 

most instances is less susceptible to microbial and chemical contaminants in comparison 

with surface water (Smet and van Wijk 2002, Hawley 2003, Stevenazzi et al. 2017). 

However, a spring box with a supply pipe and overflow drainage system is often installed 
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at the water collection area (Smet and van Wijk 2002), which acts as protection for the 

spring to ensure the spring water is safe and clean (namely protected spring). The major 

advantages of spring water include its comparatively high quality and low costs of 

construction (since pumping techniques are not required); whilst the main drawbacks 

include the limited opportunity for tapping spring water (which is highly dependent on 

geological and hydrogeological conditions), and the fact that spring locations may often 

be difficult to access. 

  
Figure 1.7 Natural (unprotected) spring (left) and protected spring (right). 

(Photo sources: Left: Glen Summit, 2016; Right: Water Charity/Ematende Protected Spring 

Project, undated) 

1.1.2.4 Rainwater harvesting systems 

Rainwater harvesting methods refer to the techniques used to collect, store and deliver 

rainwater to users for their intended purposes. There is a wide variety of rainwater 

collecting/harvesting methods being used for domestic consumption, which range from 

small scale simple rural rooftop rainwater harvesting systems used for individual houses 

to large scale sophisticated systems used in urban housing areas. A rainwater harvesting 

system generally consists of a catchment area or building roof surface for rainwater 

collection, gutters and pipes for water delivery, storage reservoirs or tanks for water 

storage, and a tap, pump, or other lifting device for water extraction. Some advanced 

systems may contain other devices such as a filter, recharge well, etc. The original 

rainwater source is generally clean; however, the quality of harvested rainwater may vary 

depending on several factors, such as the roof surface, the complexity of the device, and 

the season (Thomas and Martinson 2007). Although in some circumstance the quality of 

harvested rainwater may be poor (e.g. due to vegetation on the roof top, air pollution, 
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animal or bird droppings, etc.), a rainwater harvesting system can be considered as an 

improved water source (WHO and UNICEF 2006). Rainwater harvesting has many 

advantages, such as it could provide water at the point of use and therefore reduces the 

time spent for fetching water (Worm and Hattum 2006); and it could also save the costs 

of purchasing water from other sources such as water supply networks (Shrestha 2010). 

However, as its main disadvantage, rainwater harvesting systems are sensitive to 

droughts and may be of limited water quantity (Worm and Hattum 2006). In general, 

such systems could provide approximately 15 – 20 litres water per capita per day 

(Thomas and Martinson 2007).  

 

Figure 1.8 A rainwater harvesting system in rural Uganda. 

(Photo source: Sabrina Chesterman, 2015) 

1.1.2.5 Surface water 

A surface water source here refers to non-saline raw surface water that is open to the 

environment where people collect water directly for drinking. A surface water drinking 

source could be natural open water such as a river, stream, creek, lake, pond, etc.; or an 

artificial open water source, such as a dam, reservoir, canal or water channel, etc., which 

may initially be built for other purposes, such as goods transportation (by boat), 

agriculture irrigation, and producing energy (Sharip and Zakaria 2008, Krishna 2011). In 
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general terms, surface water sources require no cost (for natural surface water), are 

quickly and easily accessible; however, they suffer drawbacks such as potential conflicts 

between different uses, further efforts on treatment; potential seasonal changes, and 

most importantly poor water quality (e.g. contamination caused by discharging waste 

water and other pollutants).  

 
Figure 1.9 People fetching water from surface water source. 

(Photo source: Water Institute, UNC, undated) 

1.1.2.6 Vended water 

There is a variety of drinking water products and vending methods, such as vehicle-

delivered water; water vending machines; kiosks; bottled water; bagged water, etc. 

(Figures 1.10 – 1.12). In general, the raw source of vended water varies, and could be 

groundwater such as well water or springs, or treated surface water. The quality of 

vended water also varies, depending on many factors such as the raw natural source of 

water, treatment, delivery method, container or packaging, etc. For example, purchased 

water from a pump station may potentially be contaminated during transportation or 

storage with a plastic container. In general terms, some vended drinking water products 

such as bottled or sachet water may be safe and clean; they are considered improved 

drinking source when the consumers have access to other improved water supply for 
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other domestic uses. In recent years, the consumption of packaged water has been 

growing in low and lower-middle income countries, with associated concerns raised over 

quantity and sustainability issues, such as disposal of plastic waste (Wardrop et al. 2017). 

  
Figure 1.10 Tanker truck (left) and Cart with small drum (right). 

(Photo sources: Left: Lohita Turlapati/YKA, 2013; Right: Water Institute, UNC, undated) 

  
Figure 1.11 Water vending machine (left) and water recharge shop (right). 

(Photo sources: Left: Yu Ji/The Star, 2014; Right: Bagus Indahono/EPA, undated) 

  
Figure 1.12 Bottled water (left) and bagged water (right). 

(Photo sources: Left: Ricardo Bernardo, no date; Right: Michael G. Starkey, undated) 

1.1.3 Drinking water service levels 

The drinking water supply methods introduced above are often contextually referred to 

as ‘drinking water services’ in literature, as it sometimes considers not only the type of 
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hardware used for water delivery, but also corresponding accessible water quantity and 

quality by consumers. The World Health Organization (WHO) and United Nations 

Children's Emergency Fund (UNICEF) have been responsible for monitoring the progress 

towards the water-related target through the JMP program since the 1990, and have 

established standards (namely the water ladders) to describe the drinking water service 

levels during different period.  

1.1.3.1 Drinking water service levels during MDG period 

Typical drinking water supply methods were classified into two basic categories by the 

JMP based on their ability to protect water from outside contaminations by technical 

nature, namely ‘improved drinking water’ and ‘unimproved drinking water’ (WHO and 

UNICEF 2006). The improved drinking water service included any type of piped water 

connections, tube wells and boreholes, protected dug wells, protected springs and 

rainwater harvesting systems; whilst the unimproved drinking water service consisted of 

unprotected dug wells, unprotected springs, any other forms of vended or delivered 

water, and surface water sources (Table 1.1). This classification method of drinking water 

service levels was designed to be in line with the MDG drinking water monitoring 

strategy. After 2008, JMP reports of progress on drinking water introduced the concept 

of ‘water ladder’ following the ‘sanitation service ladder’ used in the sanitation sector 

(Moriarty et al. 2011), where drinking water supply methods were classified into three 

categories including ‘piped water on premises’, ‘other improved drinking water’ and 

‘unimproved drinking water’ (WHO and UNICEF 2008, 2010a), where ‘piped water on 

premises’ was specifically distinguished from other general improved services. Later JMP 

reports after 2010 also distinguished the poorest class – surface water from other 

general unimproved services (WHO and UNICEF 2012a, n.d.). In addition, bottled water 

was classified as improved drinking water service in later studies when the household 

had other improved water services for domestic uses other than drinking (WHO and 

UNICEF 2012a). 

1.1.3.2 Drinking water service levels during SDG period 

With continuous work on reporting international and national monitoring of WASH 
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services after the MDG period, the JMP has also modified their standards based on new 

visions to support drinking water monitoring for the SDGs (Figure 1.13). After 2015, JMP 

has extended their drinking water ladders for reporting of progress towards SDG targets, 

including the new categories: ‘safe management’, ‘basic service’, ‘unimproved service’ 

and ‘no service’. Based on previous water ladders for MDG monitoring, the ‘safely 

managed drinking water service’ include any ‘improved drinking water service’ that is 

located on premises, available when needed, and free from faecal and/or priority 

chemical contaminations; ‘basic drinking water service’ include any ‘improved drinking 

water service’ from which people can collect water with a roundtrip that costs less than 

30 minutes. The ‘unimproved drinking water service’ and ‘surface water’ remain similar 

to the MDG service levels, with the only exception that ‘improved drinking water services’ 

with poor accessibility (i.e. collection time exceeds 30 minutes for a roundtrip) are 

considered as ‘unimproved’ in this ladder. More recently, a new service class named 

‘limited drinking water service’ (Table 1.1) has been used to describe those ‘improved 

drinking water services’ with poor accessibility (WHO and UNICEF 2017c). Figure 1.13 

shows the evolution of JMP water ladder describing drinking water services during MDG 

and SDG periods. Moreover, a water ladder for services beyond households (e.g. schools) 

is also proposed (WHO and UNICEF 2017b).  

 
Figure 1.13 ‘Evolution’ of JMP drinking water ladder for global reporting of progress on 

drinking water.  

From left to right: earlier version (before 2012) of pre-2015 water ladder (WHO and UNICEF 2008, 
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2010a); later version (from 2012) of pre-2015 water ladder (WHO and UNICEF n.d.); 2015 version 

water ladder (WHO and UNICEF 2015b); and the new version water ladder (WHO and UNICEF 

2017c).  

Table 1.1 General JMP water ladder and definitions as proposed for international and national 

monitoring (WHO and UNICEF 2014b, 2015c, 2017c, n.d.). 

Domain Water ladder Definition 

MDG 

Improved 

One of the following facilities: piped water; public tap/ standpipe; 

tube well / borehole; protected dug well; protected spring; 

rainwater (harvesting system); and bottled or packaged water 

(only if the household have an improved water supply facility for 

other domestic uses). 

Unimproved 

One of the following facilities: unprotected dug well; unprotected 

spring; cart with small tank or drum; tanker truck; surface water 

(river, dam, lake, pond, stream, canal, irrigation channel); and 

bottled or packaged water (if the household do not have an 

improved water supply facility for other domestic uses). 

SDG 

Safely 

managed 

A water source at the household or plot which reliably delivers 

enough water to meet domestic needs, complies with WHO 

Guideline Values for Escherichia coli (E. coli), arsenic and fluoride, 

and is subject to a verified risk management plan, could be the 

following facilities: piped water; public tap/ standpipe; tube well 

/ borehole; protected dug well; protected spring; rainwater; and 

could potentially be delivered water (e.g. by truck, cart, in bottle 

or sachet). 

Basic 
An ‘improved drinking water’ with a total collection time of no 

more than 30 minutes for a roundtrip including queuing. 

Limited 
An ‘improved drinking water’ with a total collection time exceeds 

30 minutes for a roundtrip including queuing. 

Unimproved 

A water source that does not adequately protects the source 

from contamination (particularly faecal matter) or is not easily 

accessed (i.e. time for fetching water exceeds 30 minutes) 

No service 
Surface water (river, dam, lake, pond, stream, canal, irrigation 

channel). 

 

1.2 Monitoring of drinking water service 

1.2.1 A brief history of international drinking water monitoring 

Monitoring drinking water services is very important for improving drinking water 

services as it helps to track progress, identify potential issues and pinpoint which places 

are falling behind. The history of international actions concerning drinking water and 

sanitation can be traced back to the 1930s, when the League of Nations Health 
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Organisation (LNHO) firstly addressed drinking water alongside sanitation in its rural 

hygiene programme for social medicine (Bartram et al. 2014). The international drinking 

water and sanitation monitoring led by the United Nations (UN) was started from 1960s, 

and subsequently conducted through the 2nd UN Development Decade of the 70s; the 

International Drinking Water Supply and Sanitation Decade of the 80s (United Nations 

General Assembly 2003). However, the key milestones in terms of modern drinking water 

monitoring started with the establishment of MDG (Figure 1.14).  

 

Figure 1.14 Highlighted events regarding drinking water monitoring during the MDG to SDG 

period. 

The period of 1990-2015 is generally acknowledged as the MDG period in water sector, 

as the proposed water-related MDG target (7c) was to be achieved by 2015. The WHO 

and UNICEF were responsible for monitoring the progress towards the MDG water target 

through the JMP program based on the recognised indicator –‘proportion of population 

using an improved drinking water source’. Data were analysed using an ‘improved-

unimproved’ classification (see Section 1.1.3) which was firstly introduced by the JMP in 

2006 (WHO and UNICEF 2006). In 2008, the JMP also introduced the concept of service 

ladder into water sector which was initially used for sanitation service (Moriarty et al. 

2011), where the finest and poorest service levels (i.e. piped water on premises and 

surface water) were highlighted. The JMP also included these service levels in their 

annual progress reports, although the MDG indicator only require ‘improved services’ to 

be recognised to represent ‘safe water’ (WHO and UNICEF 2008, 2010a, 2012a, 2013, 
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2014a, 2015a).  

In fact, before the other drinking water service characteristics beyond the binary 

classification were highlighted by the JMP; there were several previous studies already 

proposed indicators for measuring drinking water service quality in the early period of 

MDG. In 1991, one of the earliest methods for monitoring water service was introduced 

in as study of service quality (Lloyd and Bartram 1991), where indicators including the 

‘coverage of population served’, ‘continuity of water supply’, ‘quantity and quality of 

water delivered’, ‘sanitary risk’, and ‘cost of service for domestic use’ were outlined. In 

addition, a later study (Howard and Bartram 2003) reassessed service quality from the 

perspective of health benefits, where ‘accessibility’ (distance to the point of water supply 

and time to fetch water) was brought into the indicators describing water service level.  

Another big event in the middle of the MDG timeline as well as the International Decade 

for Action ‘Water for Life’ (2005 – 2015) (United Nations General Assembly 2003) was 

the recognition of human rights to water and sanitation (HRtWS) (United Nations 

General Assembly 2010). A sufficient and safe water supply is recognised as an essential 

human right as it is a key for the realisation of many other recognised human rights; and 

since then, new parameters reflecting human rights such as affordability, accessibility 

and equality were becoming increasingly recognised as key elements in monitoring 

drinking water service levels. After 2010, the JMP also started to look into disparities in 

water and sanitation services hidden by averages (WHO and UNICEF 2012a). In 2011, the 

International Water and Sanitation Center (IRC) developed a ‘water ladder’ for water and 

sanitation service, and re-summarised four key water service indicators covering water 

quality, quantity, accessibility, and reliability (Moriarty et al. 2011). There were also 

several previous studies in recent years reviewed the global monitoring of drinking water 

and sanitation regarding the history, framework, and methodology (Flores Baquero et al. 

2013, Bartram et al. 2014), and made recommendations for implementation of 

international and national monitoring from different perspectives to highlight this 

human right to water. 

Following the early defined method, the MDG water target was declared to have been 
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met in 2012 (Kayser et al. 2013). This declaration caused a heated debate, and a number 

of studies (Clasen 2012, Bain, Cronk, et al. 2014) have found that the reported progresses 

made towards universal access to drinking water services may potentially overestimate 

the use of basic services that, recognised improved drinking water services may not be 

free of faecal contamination. In addition, the reported progress made towards universal 

access to drinking water services also did not reflect disparities in access (Bain, Cronk, et 

al. 2014). 

Following the expiry of the United Nations’ MDGs in 2015, new SDGs has been agreed 

for post-2015 international development agenda (United Nations General Assembly 

2014), which include a dedicated goal (Goal 6) for WASH. The WHO and UNICEF have 

organised a series of consultations working on post-2015 WASH-related targets and 

corresponding indicators and definitions (WHO and UNICEF 2011, 2012b). The new 

proposals (WHO and UNICEF 2015c) are built upon existing monitoring and shortcomings 

of the pre-2015 system and now take accessibility to basic services, water quality, 

reduction in inequality, levels of service, settings beyond household (e.g. schools and 

health centres), sustainability, and affordability into consideration as the linkage to other 

SDGs relating to e.g. health, climate, and ecological systems, etc. Four post-2015 WASH 

targets with corresponding indicators and definitions (Table 1.2) were first proposed in 

the second WHO/UNICEF consultation (WHO and UNICEF 2012b) and subsequently 

refined (WHO and UNICEF 2014a, 2014b, 2015c). For assessment of the MDG targets 

concerning drinking water, the JMP monitored the proportion of population using 

‘improved’ (water sources which are basically protected from potential contaminations 

or pollutants from open world, such as bird droppings and animal fallings) and 

‘unimproved’ water supplies. This distinction is still proposed as the basis of new post -

2015 definitions, but these now also incorporate safe management beyond basic access 

to services, covering dimensions of availability (‘available when needed’), accessibility 

(‘located on premises’) and quality (‘compliant with faecal and priority chemical 

standards’) for drinking water (WHO and UNICEF 2015c), and additionally add 

institutional services and inequalities, reflecting drinking water as human right alongside 
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sanitation and hygiene (United Nations General Assembly 2010).  

Table 1.2 Proposed post-2015 targets and corresponding indicators for national monitoring of 

drinking water during the transition from MDG to SDG (WHO and UNICEF 2014a, 2014b). 

TARGET INDICATOR 

1. To eliminate open defecation 1.1 Percentage of population practicing open defecation 

2. To achieve universal access to 

basic drinking water, sanitation 

and hygiene for households, 

schools, and health facilities 

2.1 Percentage of population using ‘basic’ drinking water 

2.2 Percentage of population using ‘basic’ sanitation 

2.3 Percentage of population with ‘basic’ hand-washing 

facilities with soap and water at home 

2.4 Percentage of pupils enrolled in primary and 

secondary schools providing basic drinking water, basic 

sanitation, hand-washing facilities with soap and water 

2.5 Percentage of beneficiaries using health facilities 

providing basic drinking water, basic sanitation, hand-

washing facilities with soap and water, and menstrual 

hygiene management facilities 

3. To halve the proportion of the 

population without access at 

home to safely managed drinking 

water and sanitation services 

3.1 Percentage of population using a ‘safely managed’ 

drinking water service 

3.2 Percentage of population using a ‘safely managed’ 

sanitation service 

4. To progressively eliminate 

inequalities in access 

No indicator specified. This target applies to population 

sub-groups (rich and poor, urban and rural, slums and 

formal urban settlements, disadvantaged groups and the 

general population) for all other targets. 

Indicators and targets for drinking water where population census are particularly relevant are 

highlighted in bold. 

1.2.3 Current methodology for drinking water monitoring 

1.2.3.1 Target, indicator, and core parameters 

The proposed Target 6.1 of SDGs Goal 6 is ‘By 2030, achieve universal and equitable 

access to safe and affordable drinking water for all’ (WHO and UNICEF 2015c, 2015d, 

Division for Sustainable Development of UN-DESA 2016, United Nations 2017). This 

target is very ambitious, and each term used in describing this target has a specific 

implication about a dimension of drinking water services: 

 The term ‘universal’ emphasises that the target will look into drinking water services 

in settings beyond households, such as institutional drinking water services in 

schools, healthcare facilities and other workplaces;  

 ‘Equitable’ refers to consideration of eliminating inequalities between different 
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population groups;  

 ‘Access’ implies the availability and accessibility of reliable drinking water service;  

 ‘Safe’ focuses on the general quality of drinking water provided at all times;  

 ‘affordable’ suggests that this basic human right to safe drinking water should not 

be prevented by service payment issues;  

 ‘Drinking water’ implies that the target is not for water used for industrial, 

commercial, agricultural and other purposes, but for main domestic purposes such 

as drinking, cooking, food preparation, and hygiene;  

 ‘For all’ re-emphasises the elimination of inequalities between population 

subgroups, with particular concerns on vulnerable groups in terms of gender, age, 

and disabilities, for example (WHO and UNICEF 2015b, 2015d). 

Currently, monitoring of progress towards SDG Target 6.1 focuses on the ‘proportion of 

population using safely managed drinking water services’, which is Indicator 6.1.1 

(United Nations 2017). This is currently defined as ‘the proportion of population using 

an improved basic drinking water source which is located on premises, available when 

needed, and free of faecal and priority chemical contamination’ according to the JMP-

defined definition of ‘safely managed drinking water’ (WHO and UNICEF 2015c, United 

Nations 2017). This indicator specifically looks into the dimensions of availability 

(‘available when needed’), accessibility (‘located on premises’), and quality (‘improved’; 

‘free of faecal and priority chemical contamination’) of drinking water services. For 

‘availability’ and ‘accessibility’, core parameters currently cover the sufficiency of water 

quantity provided, continuity of service such as any reported interruptions caused by 

functionality issues or seasonal changes, and on average the distance that people may 

walk or time people may spend to fetch water. In terms of water quality, the JMP initially 

defined improved and unimproved drinking water sources during the MDGs period 

based on how well the drinking water source could potentially protect water from 

outside contamination by its technology and design. This classification of drinking water 

source is considered to be the most basic level in monitoring drinking water quality 

(WHO and UNICEF 2010b), where drinking water fetched from improved sources could 
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be plausibly considered as safe. Following the proposal of SDG Indicator 6.1.1 and 

corresponding definitions, Escherichia coli bacteria (also known as E. coli) was selected 

as the parameter for measuring microbial water quality as it could reliably reflect faecal 

contamination; whilst geogenic contaminants such as arsenic and fluoride were selected 

as the nationally adapted priority chemical parameters for measuring water quality 

(WHO and UNICEF 2015c).  

The JMP is still working on updating the indicators and definitions to facilitate monitoring 

progress towards SDG WASH-related targets, not only attempting to adjust proposed 

parameters that may have different guidelines by country (e.g. different drinking water 

quality standard in Bangladesh (Rahman et al. 2003) due to high occurrence of arsenic 

and fluoride in groundwater sources), but also aiming to capture the dimensions which 

were proposed in the targets (e.g. Target 6.1 in this case). However, these could not be 

fully reflected in current indicators, such as monitoring affordability, inequalities in 

services, and institutional drinking water services (WHO and UNICEF 2015c). 

Monitoring affordability: There has not yet been an effective indicator developed for 

tracking how much a household could possibly afford or is willing to spend on WASH 

services without affecting other basic needs (WHO and UNICEF 2017d). The main 

challenges are defining a clear guideline, for example, drawing a line to distinguish to 

what extent the capital costs for a household can be defined when other costs such as 

rental costs are involved, as well as the scarcity of data which could actually capture such 

information (WHO and UNICEF 2017d). In a previous study (Hutton 2012), four major 

candidate indicators of affordability were examined for key criteria covering validity, 

relevance and uptake, data source requirement and availability, and resources and 

efforts required for global monitoring. However, no indicator was found perfect as each 

performed differently against different criteria. ‘Full economic household costs of WASH 

services as proportion of income or total expenditure’ was considered relatively superior 

to the other three candidates given its comprehensiveness. In the most recent JMP 

report (WHO and UNICEF 2017b), household expenditure on drinking water as a 

proportion of total expenditure was employed as a preliminary indicator to reflect the 
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affordability of drinking water services. 

Monitoring institutional drinking water services: The JMP technical working groups 

(WHO and UNICEF 2015c) identified three types (i.e. high use, high risk, and special case, 

see Table 1.3) of settings where people commonly use WASH services other than from 

their households (namely extra-household settings). Schools and healthcare facilities are 

chosen as recommended representatives of these settings. Dedicated water ladders 

were developed for healthcare facilities and schools respectively to facilitate SDGs 

monitoring within and beyond the WASH sector (WHO and UNICEF 2017b). For example, 

the ‘proportion of schools with access to basic drinking water’ which forms part of the 

SDGs Indicator 4.a.1 (United Nations 2017) is measured based on these definitions (i.e. 

service levels defined in WASH ladder for schools) to track progress towards SDGs Goal 

4 Target 4.a. 

Monitoring inequalities in drinking water services: This is a cross-sectoral task 

encompassing progress towards ‘ensuring availability and sustainable management of 

water and sanitation for all’ (Goal 6) and ‘reducing inequalities between and within 

countries’ (Goal 10) (United Nations 2017). Current approaches for international 

monitoring of inequalities in drinking water services focus on disaggregating data to 

reveal different service coverages between countries; whilst national monitoring 

prioritises revealing different service coverages between urban and rural areas; wealth-

defined groups; and subnational administrative units (WHO and UNICEF 2015b, 2017b, 

2017d). 

Table 1.3 Extra-household settings defined by JMP technical working groups. 

Type Definition Example 

High use Areas where large number of people 

gathered 

Schools, markets, etc. 

High risk Areas with comparatively high risk or 

occurrence of disease 

Healthcare facilities 

Special case Areas lack of controls over WASH services Refugee camps 

1.2.3.2 Data sources and computation method 

JMP methodology for monitoring drinking water services: 

Before 2000, the JMP monitoring method heavily relied on data sources from national 
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agencies or ministries providing drinking water services (WHO and UNICEF 2004). Such 

data from service providers had varied quality of information, and often did not cover 

water supply facilities constructed by users and other non-governmental parties; JMP 

therefore started to introduce user-based data sources to drinking water monitoring for 

better accuracy (WHO and UNICEF 2004, Bartram et al. 2014). Current main data sources 

concerning drinking water for international and national monitoring and WASH-related 

public health studies are generally formed as nationally representative report or areal 

statistics (at certain administrative levels), where household or population with access 

to certain type of (drinking) water is generally associated with administrative reference. 

One example is national population and housing censuses (population census or census 

for short). By 2014, there were 252 national population censuses included in the JMP 

database for estimating MDG progress (Bartram et al. 2014). Being based on near 

complete population enumeration, population census data are conducted with full 

population coverage and generally can be spatially disaggregated to a greater extent 

than household survey data (Yu et al. 2014) and enable drinking water access to be 

quantified even for small minority populations. However, as the main drawback, 

population censuses are generally conducted decadely with relatively coarse and non-

standardised items for drinking water (e.g. different countries use different classification 

systems of water source types), and limited public availability of small area statistics. In 

addition, in some areas the most recent population census data is very out of date, most 

often in low income countries where the disease burden or demand for relevant 

information is highest. For example, Democratic Republic of the Congo has only 

conducted three censuses in 1958, 1970 and 1984 but has no later censuses. Similarly, 

countries such as Somalia and Afghanistan also conducted very limited censuses mostly 

the MDG period, 1990 – 2015 (e.g. Somalia: 1975 and 1987; Afghanistan: 1979). 

Furthermore, evidence shows that population censuses in some countries such as 

Nigeria were poorly implemented, with inflated head counts and implausible statistics 

subject to political interference (Okolo 1999), which may lead to low reliability of 

population census data in certain countries. 
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Alongside population censuses, nationally representative household surveys are another 

key data source and have been widely employed in international  and national 

monitoring of progress towards WASH-related targets and other relevant public health 

studies. The most frequently used household surveys for WASH-related studies include 

the US Agency for International Development (USAID) funded Demographic and Health 

Surveys (DHS); Multiple Indicator Cluster Surveys (MICS) conducted by UNICEF; World 

Health Surveys (WHS) by WHO; and Living Standards Measurement Study (LSMS) by the 

World Bank’s Development Research Group, etc. Being administered at the household 

level, household surveys collect data from a proportion of the population (a sample) 

rather than every person in the country. The sampling frame generally identifies 

enumeration areas or clusters in accordance with the existing frame of most recent 

population census or surveys. Most modern household surveys are multi-stage cluster 

surveys; they randomly select enumeration areas first through probability proportional 

to size (PPS) sampling, and then randomly select households within these enumeration 

areas (Vanden Eng et al. 2007). In comparison with population censuses, household 

surveys have different concepts of sampling; they collect data from a representative 

sample of the population at relatively low level(s) of spatial disaggregation. However, 

they are often conducted more frequently; and can provide more detailed and 

standardised information on drinking water and sanitation. Household surveys apply the 

JMP defined water and sanitation categories, and also include additional information 

related to WASH, such as differentiated drinking source from other water sources, water 

treatment before use, seasonal sources, and interruption of water supply, of which most 

are beyond the capacity of population census. In addition, following the widely used 

Rapid Assessment of Drinking Water Quality (RADWQ) data sets in previous studies 

concerning water quality (Bain et al. 2012, Onda et al. 2012), the JMP has also developed 

a water quality testing module which has been incorporated in several nationally 

representative household surveys, including the Bangladesh (2012-13), Nepal (2014), 

and the Republic of Congo (2014) Multiple Indicator Cluster Surveys (MICS) (Johnston 

and Zheng 2011, Central Bureau of Statistics 2015, Institut National de la Statistique and 
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UNICEF 2015), and the 2012-13 Ghana Living Standards Survey (GLSS) (Ghana Statistical 

Service 2014). The module puts contamination of faecal coliform bacteria as top priority, 

collects water samples from households and water supply sources to measure the level 

of microbial contamination (UNICEF MICS 2016, Slaymaker 2017). Furthermore, 

household survey data has also been used to create geospatially disaggregated data sets 

for demographic indicators; for example, recent DHS data from 22 countries came with 

gridded surfaces of 11 demographic characteristics at a resolution of 5 x 5km (Gething 

et al. 2015) modelled via spatial interpolation. 

Both population censuses and household surveys can be considered as population or 

household-based data sources. Such data have inherent advantages since they are 

generally integrated with other demographic and socio-economic characteristics. 

However, based on the perceptions of end users, population/household-based data 

generally suffer issues such as lack of sufficient and reliable information regarding 

technical characteristics of service quality (WHO and UNICEF 2015c). 

Computation of indicators for SDG drinking water monitoring builds on the work during 

the MDG period, which measures the coverage of drinking water services by calculating 

the proportion of the population that report the use of each specific type of drinking 

water service. It is therefore highly reliant on data sources such as population and 

housing censuses or nationally representative household surveys (Bartram et al. 2014), 

where data on household-used drinking water sources can be disaggregated according 

to the JMP defined service level. For each country, the JMP estimates the coverage of 

different drinking water services both on a national scale and in urban/rural areas using 

simple linear regression lines fitted to the sample data derived from all existing 

population or household-based data, such as population and housing censuses and 

nationally representative household surveys. 

Other data and approaches for monitoring drinking water services 

Between MDG 7c and SDG 6, many more forms of data related to water and sanitation 

have become available. However, only some of these data sources could provide 

ancillary information for SDG monitoring of drinking water services in low and lower-
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middle income countries. One such form of data is water point data, which reports 

information about different aspects of water supply facility for individual water sources 

(water points). Such data are generally collected and stored by different entities 

including government, development partners, donor agencies and academia through 

different methods and for different practical purposes (depending on the specific 

projects). 

There are different forms of water point data. One typical example is the water well 

database, where groundwater-based water sources such as boreholes, tube wells, hand-

dug wells and springs are collected and archived. Such data are used to facilitate 

hydrogeological assessment, for example, regarding water quality issues. The 

characteristics of water points recorded therefore generally covers geographical location 

(e.g. GPS coordinates, administrative units); ownership; technical information regarding 

the specification of water supply facility (e.g. type of well, construction data, 

drilling/digging and pumping information, etc.); water quality (e.g. perceived water 

quality, micro-biological or chemical parameter tests, etc.); and sometimes additional 

information. There are many potential drawbacks of such water well databases. Firstly, 

data are only collected for groundwater-based sources, and often do not contain other 

water supply methods such as piped water, standpipe, rainwater harvesting system, etc. 

In addition, data collection is sometime undertaken by well drilling agencies without 

sufficient supervision from professional or well-trained/informed personnel, and 

therefore inevitably may have low data quality and insufficient coverage (National Water 

Resources Board 2004). This may be more common in developing or underdeveloped 

countries where skilled and qualified personnel is often limited. For example, the 

Philippines Groundwater Data Bank (LWUA Research Division 2003), developed by the 

Research Division of the Local Water Utilities Administration (LWUA), archives water well 

data reported by drilling agencies without professional supervision and therefore 

contains a considerable amount of missing data and inaccurate records (National Water 

Resources Board 2004). In addition, the data format varies from hard copy reports and 

maps to digital databases, due to reasons such as lack of access to computers and 
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internet connections (Shantz 2013). This may act as the main potential obstacle in the 

combination and harmonisation of multiple data sources. In 2010, the Ministry of Rural 

Development (MRD) of Cambodia developed a national well database (Ministry of Rural 

Development of Cambodia and World Bank 2010) with support from the Water and 

Sanitation Program (WSP) of the World Bank. This harmonised well data was derived 

from multiple sources including the Tonle Sap Rural Water Supply and Sanitation Project 

(TSRWSSP) database, the Resource Development International (RDI) water quality 

database, a UNICEF administered well database, a UNICEF arsenic database, and a World 

Vision International well database. However, due to the diversity of information 

coverage from the multiple sources (another drawback of water well database), the 

harmonised data contain a large amount of missing information. For example, only 1977 

out of the 59,759 well points have lithology data, whilst only 42,858 wells recorded water 

quality. Consequently, the practical value of the dataset is undermined due to the large 

amount of missing data. 

Another typical form of water point data is Water Point Mapping (WPM) data. Mapping 

is being increasingly recognised as an effective approach in facilitating WASH-related 

studies (Dochartaigh et al. 2007, MacDonald et al. 2009). WPM activities involve 

collection, mapping, storage, processing and analysis of water point data, and these data 

sources are becoming more popular for researchers, practitioners and policy makers to 

gain insights and inform planning and decision making (Welle 2005, 2007, 2010a, 2010b, 

Liberia Ministry of Public Works and Liberia WASH consortium 2011, Shantz 2013, WASH 

Liberia Consortium 2013). In comparison with water well databases, WPM data are 

generally collected with particular regard to equity issues and functional sustainability in 

service delivery, and may cover a broader range of water source types beyond typical 

groundwater-based water sources (i.e. boreholes/tube wells, dug wells, and springs), for 

example, standpipes, rainwater harvesting systems, kiosks, etc. However, as they are 

generally project-specific and not publicly accessible, WPM data are not often optimally 

utilised after the project. In addition, the data coverage mainly depends on the purpose 

and priority of project and can be affected by constraints in data collection such as 
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accessibility issues (Gadain and Mugo 2009), therefore data coverage may be limited to 

a number of regions instead of having a complete coverage across the country. 

There are efforts such as the Water Point Data Exchange (WPDx) to gather water point 

data from multiple sources globally and establish data standards, facilitating 

harmonisation in order to expand the potential usability of water point data (Global 

Water Challenge 2014). As a global platform for exchange of water point data, WPDx 

gathers data sourced from different forms of user-uploaded water point inventories, 

covering national or subnational water well databases, WPM data sets, and other water 

point data from minor projects. The standardised data attribute fields include core 

information about geographic locations, date and source of inventory, original water 

source and technology of water extraction and transportation, alongside construction, 

management and operation data (WPDx 2015). 

All those different forms of data sets above could be considered as facility-based data 

sources and belong to the water point data family. In comparison with 

population/household-based data where drinking water information is often associated 

with administrative references but lacking certain spatial extent details, facility-based 

data often have an inherently superior spatial nature, as water supply facilities are 

associated with coordinate references and not subject to measures to protect personal 

data (as is the case with censuses and household surveys). In addition, such water point 

data may capture information beyond the general capacity of population censuses and 

household surveys, such as the payment status of water supply services, which may 

potentially reflect affordability, and the functionality of the source facility, which may 

reflect water supply interruptions and sufficiency of water quantity. Moreover, water 

quality tests of micro-biological or chemical parameters are generally considered 

expensive and are rarely captured in conventional data sources. In comparison, water 

point data often contain micro-biological or chemical tests to assess source safety (Coast 

Water Services Board 2013, Shantz 2013) or perceived, aesthetic water characteristics, 

such as colour, taste, and turbidity (Welle 2005, Liberia Ministry of Public Works and 

Liberia WASH consortium 2011), which may potentially be important information to 
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facilitate SDG monitoring of safely managed drinking water services. A previous study 

(de Palencia and Pérez-Foguet 2012) also developed an enhanced water point mapping 

(EWPM) approach to assess water contamination at a reduced cost, which may mean 

that the water quality characteristics could become routinely captured information in 

water point data in the future.  

However, water point data also suffer several drawbacks. One of the main common 

drawbacks from the perspective of SDG national monitoring is that water point data 

often do not capture information to distinguish water supplies serving schools, health 

facilities and other work places from residential houses. In addition to the place served, 

water point data also do not highlight the main purpose of the service nor the 

subsequent use of the water obtained from a given facility, for example, whether a water 

point is used for watering livestock, irrigation, or simply domestic purposes such as 

drinking and hygiene. Moreover, information about seasonality of water sources also 

tends to be scarce, with only a few exceptions such as the 2011 Liberian WPM project 

(Liberia Ministry of Public Works and Liberia WASH consortium 2011). Furthermore, 

water point data could capture the quality of water fetched from the point of water 

supply, however could not reflect the quality of water being used by people, since 

potential recontamination could happen between water source and point of use (Wright 

et al. 2004). 

Another form of data may contain ancillary information for SDG monitoring of drinking 

water services is OpenStreetMap (OSM) data. OSM is an open source online mapping 

project aiming to create a freely available and editable crowd sourced map of the world, 

where data are provided by volunteers globally based on GPS devices, visual 

interpretation of satellite imagery, and local knowledge (Kounadi 2009, Mooney et al. 

2010). It is currently the world’s largest spatial database of user-contributed content, 

provide vector data in point, polyline and polygon features. The point-based OSM data 

often contain infrastructures such as water wells, water towers and reservoirs. However, 

in contrast with water point data, OSM data were entered by volunteers without any 

cartographic knowledge nor other professional background relating to the mapping 
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targets, and therefore only contain very basic information such as name, type and 

location of the mapped objects. This is the major downside of OSM data in terms of its 

potential utility for SDG monitoring, since the tags could not help to identify the type of 

water service, and the data do not cover any useful information reflecting water quality, 

functionality of facility, and water supply continuity, but only the geographic location of 

the facility. In addition, as OSM is a freely editable crowd sourced geospatial database, 

it is therefore difficult to maintain consistent quality control. The accuracy and 

completeness of OSM data have been widely studied in developed countries (Kounadi 

2009, Mooney et al. 2010, Zielstra and Zipf 2010a, 2010b) and to a lesser extent in 

developing countries (Siebritz et al. 2012, Siebritz 2014). However, to the researcher’s 

knowledge, there has not been any data quality and completeness assessment of OSM 

data concerning water and sanitation infrastructure elements to date. This section 

discusses OSM data as a novel data source could potentially provide information for SDG 

monitoring of drinking water services, given that the location of service could be used 

to assess accessibility and coverage (Ntozini et al. 2015). However, OSM data on water 

and sanitation have not yet been applied in any previous study for estimating service 

coverage or enhancing national monitoring of service.  

In contrast to OSM data, water point data have been recommended as a potential useful 

source of information to facilitate SGD monitoring (Dickinson et al. 2017) and have been 

introduced to estimate drinking water coverage in several previous studies (Uganda 

Ministry of Health et al. 2009, Giné-Garriga et al. 2013, Ntozini et al. 2015). One classic 

example is the Ugandan subcounty level statistics of safe water coverage (World 

Resources Institute n.d.) generated by the Directorate of Water Development (DWD), 

Ministry of Water and Environment (MWE) of Uganda. This study combined the assumed 

population served by each type of safe water source with existing water source inventory 

data derived from a national survey and annual report to provide estimated safe water 

coverage for each subcounty (Uganda Ministry of Health et al. 2009). This study gave an 

example of using facility-based data to estimate service coverage when a national level 

demographic data concerning drinking water services was not available. The rationale 
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was based on converting water supply inventory to population served. It also illustrated 

the scope to use water point data as ancillary information for enhancing or evaluating 

census and household surveys data. In other previous studies (Giné-Garriga et al. 2013, 

Ntozini et al. 2015), water point data were also used to combine with demographic data 

to enhance monitoring of specific drinking water service level by providing information 

on water quality, seasonality, and accessibility (details of these methods are introduced 

in Section 1.3.1). These studies illustrated the ability of water point data for measuring 

service coverage, adding value to existing demographic data and characterising 

accessibility through its point-based spatial nature. However, due to reasons such as 

dependence on complete water point data coverage as well as complex procedures 

(Uganda Ministry of Health et al. 2009), they have not yet been employed for large scale 

national monitoring but only for regional studies. 

Beside water point data and OSM data, there are many national management 

information systems become available within the SDG period. Such information systems 

can also provide comprehensive data beyond the capacity of conventional demographic 

data and therefore potentially be of great value to drinking water monitoring (Giné-

Garriga and Pérez-Foguet 2016). One example is the Rural Water Supply and Sanitation 

Information System (SIASAR; http://www.siasar.org/en) adopted in several Latin 

American countries for monitoring and evaluation of rural water and sanitation 

sustainability (Giné-Garriga and Pérez-Foguet 2016, Requejo-Castro et al. 2016), where 

data are gathered from surveys on water supply system, community, service provider 

and technical assistance provider (SIASAR 2017). Form the SDG monitoring point of view, 

one of the greatest advantages of such large scale information systems is that, data on 

different dimensions are gathered in one database, which include scarce information (in 

conventional demographic data) reflecting water quality and affordability. In addition, 

such data often have a good spatial disaggregation which allows comparison at 

subnational levels. However, database of national management information systems 

also suffers several downsides. Firstly, although SIASAR represented a good example, 

such large scale information systems have limited coverage and can be less powerful in 

http://www.siasar.org/en
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many countries (Giné-Garriga and Pérez-Foguet 2016). In addition, some elements for 

SDG monitoring of drinking water services are rarely incorporated in the national 

management information systems. For example, although SIASAR collects data on some 

basic information such as ethnicity, there is still no direct focus on vulnerable groups and 

it therefore can be difficult to address inequality issues (Giné-Garriga and Pérez-Foguet 

2016, Requejo-Castro et al. 2016). Another example is the International Benchmarking 

Network for Water and Sanitation Utilities (IBNET; https://www.ib-net.org/), which 

covers a variety of water and sanitation-related indicators and has already been cited by 

the JMP as one of the potential data sources for tracking national level information on, 

for example, wastewater treatment (WHO and UNICEF 2017b).  

1.2.3.3 Current challenges in monitoring drinking water services 

Based on the definitions of safely managed and basic drinking water services (WHO and 

UNICEF 2017c), data sources used for drinking water monitoring should reflect at least 

the service continuity (availability), distance to water source or time for collecting water 

(accessibility), and the test results of faecal and priority chemical contaminants (water 

quality). This ensures the population could be characterised by the service level of their 

main drinking water sources. Unfortunately, these characteristics are often not captured 

in one single data source (Table 1.4). The JMP is currently working on introducing water 

quality test modules into household surveys which provides a potential solution for 

capturing water quality information; however, there are only a few household surveys 

which have incorporated this water quality test module to date. Monitoring drinking 

water service level therefore requires the integration of existing data from different 

sources to provide alternative solutions. 

As conventional demographic data sets such as population censuses and household 

surveys could provide basic information about population by drinking water source, the 

main challenge would be to identify and then link such information to appropriate 

ancillary data sets to complement their information coverage, adding whatever 

information (i.e. availability, accessibility, water quality) for identifying drinking water 

service level is missing. However, incorporating these ancillary data sets with  

https://www.ib-net.org/
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Table 1.4 Information coverage comparison between population/household-based data and water point-based data 

Terms in SDG Target 6.1 Implications 
Information coverage of raw data 

Population/household-based data Water point-based data 

By 2030, achieve universal Setting Household 
Household; school; health facilities; 

workplaces; agriculture; etc. 

and equitable Inequality 
Inequality between subnational small 

areas; urban/rural 
– # 

access 

Availability – Sufficient quantity 
Water supply interruption/continuity * 

Sometimes sufficiency of water supply 

Availability – Continuity of service Functionality; sometimes seasonality 

Accessibility – time/distance Collection time/distance * Location of source 

to safe Water quality 
Water treatment 

microbial/chemical tests * 

Mostly perceived quality, sometimes 

microbial/chemical tests of water quality $ 

and affordable Affordability – Payment; management 

drinking water Use of water 
Drinking/hygiene/other domestic 

uses* 
– 

for all Coverage of vulnerable groups – – 

* Currently only captured in a few population censuses or household surveys; # this table only considered the information covered by the raw data, therefore 

did not cover the cases when water point data are combined with other data or boundaries (e.g. water point data can be disaggregated at sub-village level 

and thus capture inequalities in services (Jiménez and Pérez‐Foguet 2010)); $ This generally considered the water quality at the water point rather than the 

point-of-use, although there are debates about the secondary contamination during the transportation of collected water (Wright et al. 2004). 

demographic data may also be a challenge: ancillary data may be project-specific (e.g. only focuses on a few types of water sources), region-

specific (e.g. not completely surveyed across the country), or having a different temporal coverage, for example.  Similarly, data limitation and 

scarcity also add challenges to monitoring institutional drinking water services as well as monitoring affordability. 

For monitoring inequalities in drinking water services, current methods focus on disaggregating data by urban/rural areas, wealth-defined groups,  
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and subnational areal units (WHO and UNICEF 2015b, 2017b, 2017d), since these 

characteristics are currently covered in existing demographic and other data sets. As the 

proposed SDG Target 6.1 also puts an emphasis on ensuring safe drinking water services 

for all, it is therefore necessary to identify inequalities in services with particular concern 

for the disadvantaged or vulnerable groups and informal urban settlements in future 

(WHO and UNICEF 2015b). The challenge will be identifying reliable data sources and 

potential approaches, which allow population data concerning drinking water services 

to be disaggregated by gender, age, health and disability of the water consumers, as well 

as by non-administrative geography. 

1.3 Geographic information concerning water services 

1.3.1 Using the geography of drinking water supply for monitoring service level 

Geographic location is an important characteristic, which not only describes the spatial 

distribution of data points, but can also be used to link together data from different 

sources. Current challenges in monitoring drinking water services place extremely high 

demands on data to capture information reflecting service levels, affordability, and 

institutional services. The use of geo-referenced drinking water service data may 

become increasingly important to link conventional data sets monitoring drinking water 

access together with other ancillary data sets to capture useful information for 

facilitating SDG monitoring of drinking water services. 

The typical geographic nature of currently existing data concerning drinking water 

services can be classified into three categories – area-based geo-reference; point-based 

geo-reference; and grid-based geo-reference (Table 1.5). Conventional data sets 

monitoring drinking water such as population census data often come with area-based 

geo-references, where statistics on population or household drinking water sources are 

organised by administrative units or enumeration areas. Such data are generally 

visualised through choropleth mapping, where areal statistics concerning drinking water 

services are associated with administrative or enumeration area boundaries to show the 

regional coverage of drinking water services (Figure 1.15 A). For drinking water data 

having a point-based geographic nature, such as water points, locations of individual  
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Table 1.5 Specification of typical geographic information of currently existing data concerning drinking water services 

Category Format of geographic information Geovisualisation Data format Example 

Area-based geo-reference 
Areal unit (e.g. administrative division unit 

or enumeration area) 

Choropleth map of areal 

statistics 

Tabular data;  

polygon vector data 

Population census data 

Household surveys data 

Point-based geo-reference 

GPS coordinate-defined location of each 

individual surveyed object (e.g. a water 

point or the centre location of a household 

survey cluster) 

Point map 
Tabular data;  

point vector data 

Water point mapping data 

Groundwater database 

OSM1 point data 

grid-based geo-reference 
A matrix of grid cells across the target area 

which is organised into rows and columns 
Continuous surface map Raster data 

DHS modelled surface 

GAP2 water quality maps 
1 OpenStreetMap (https://www.openstreetmap.org/); 2 Groundwater Assessment Platform (http://www.gapmaps.org/gap.protected/). 

water supply facilities are recorded in GPS coordinates. Such point-based data sets are generally plotted as point (dot) maps, which could be easily 

combined with ‘polygon-based’ demographic data sets and flexibly summarised by different boundaries in different scales (Figure 1.15 B). For grid-

based geo-reference, there are some novel data sets concerning WASH-related indicators provided in a continuous raster format, such as the DHS 

modelled surfaces (Gething et al. 2015), where data are neither summarised by regions nor reported by GPS locations, but are represented by a value 

for each individual grid cell across the landscape (Figure 1.15 C). Again, this could be flexibly combined with other geospatial data sets. 

The previous approach of international monitoring of progress towards the MDG drinking water target led by the JMP (WHO and UNICEF 2008, 2010a, 

2012a, 2013, 2014a, 2015a) focussed on improved drinking water coverage at the national level and in urban and rural areas. This did not optimally 

utilise the data’s geography to link together data from different sources to capture other information not fully covered in conventional data sources, 

such as the accessibility, water quality, and affordability of drinking water services. Following the expiry of the MDGs, the newly proposed SDGs required  

https://www.openstreetmap.org/
http://www.gapmaps.org/gap.protected/
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Figure 1.15 Examples of different geographical representations of data concerning drinking water 

services. 

A: choropleth map of percentage population using improved drinking water; B: point map of drinking 

water sources; C: spatial distribution of population with access to improved drinking water. (Data in 

the diagrams may be fictitious and are only for illustration purpose) 

the inclusion of these aspects in monitoring drinking water services (WHO and UNICEF 

2014b, 2015b, 2015c, 2017b). As currently existing data sources employed for drinking 

water monitoring still do not fully cover these aspects, the JMP is examining new 

approaches and appropriate data sources to capture information reflecting these 

elements (WHO and UNICEF 2015c, 2017b, 2017d). For example, using geographic 

information as a basis to combine data sets could provide information reflecting different 

aspects of service level. 

In a previous study (Giné-Garriga et al. 2013), data from WPM and a household survey 

have been combined at the local level in Kenya and Mozambique. Geographic 

information (i.e. administrative areas versus GPS coordinates) was used to link together 

information about households using improved/unimproved water supply and walking 

distance to water supply facility (covered in the household survey) with the information 

on water quality and seasonal interruption in water supply (covered in the WPM survey) 

for measuring JMP-defined drinking water indicators. The water service coverage of each 
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administrative area (i.e. percentage of households adequately covered by water points) 

was also estimated in this study, based on the geospatial integration of the two data sets, 

by calculating the number of surveyed water points per person within each 

administrative area. This study came in the early transition period from the MDGs to the 

SDGs, and could be considered as a classic example of integrating conventional 

household survey data with novel water point data to provide potential solutions for 

WASH monitoring. The only drawback of such data integration is that the reliability of 

estimates rely on the completeness of water point survey across the study area. It is 

therefore challenging to introduce such method for the large scale SDG national 

monitoring, given that water point data sets are still at their scarcest among the least 

developed countries, and currently there has not been any study testing or validating 

the completeness of water point survey coverage at the national level. 

 

Figure 1.16 Map illustrating the spatial coverage of water supply in Ntozini and colleagues’ (2015) 

study. 

Data Source: Sanitation Hygiene Infant Nutrition Efficacy (Ntozini et al., 2015) 

A recent study by Ntozini and colleagues (2015) assessed the coverage of household 

water services based on geographic information and geospatial analysis methods (Figure 

1.16). The spatial service coverage (of a district) was calculated based on the number of 

people living within defined distances of ‘optimal’ water points (i.e. water supply 

facilities that were functional, perennial, protected from outside contamination, and had 
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no restriction to the public) divided by the total population of that target district . Rather 

than being derived from conventional demographic data sets, population counts were 

calculated according to the average household size of each district reported in the 2012 

population census, and the number of household units identified through visual 

interpretation of Google Earth imagery. The water point locations were identified from 

a series of existing water point inventories and then geographical locations were 

recorded using field surveys. The distance between each household unit and its nearest 

optimal water point was computed using nearest neighbour analysis (Boots and Getis 

1988). The percentage of households located within 100m, 500m and 1500m buffer 

zones around the optimal water points was calculated for further investigation of water 

supply accessibility. In addition, service seasonality was also examined based on the 

changes in functional optimal water points between dry and rainy seasons in this study. 

This study suggests that whilst conventional data sets such as population censuses often 

lack information about service accessibility in terms of water collection time or distance 

to the point of use, processing geographic information with geospatial analysis methods 

concerning proximity (e.g. buffer, nearest neighbour analysis) can be used to 

characterise the accessibility of drinking water services. 

Although monitoring progress towards the SDG WASH-related targets is currently still 

relying on conventional data sets such as household surveys, the JMP is also calling for 

potential new data sources and approaches to complement current methods (WHO and 

UNICEF 2017b). Unfortunately, only limited studies have examined existing data sources 

in terms of their abilities for supporting SDG monitoring. A study systematically 

evaluating the potential of using existing (conventional and novel) data sources, 

integrated data sets, geospatial information and analysis techniques to capture scarce 

information such as water quality, seasonality (service interruptions), and accessibility 

therefore may be of value to SDG monitoring of drinking water services as well as other 

WASH-related indicators. 

1.3.2 Mapping the distribution of drinking water service to reveal inequalities 

Most existing studies (Yang, Bain, et al. 2013, Bain, Wright, et al. 2014, Fuller et al. 2016, 



 

38 
 

Tuyet-Hanh et al. 2016, WHO and UNICEF 2016, 2017b) concerning inequalities in access 

to drinking water and other WASH-related services are often based on the differences in 

service coverage between urban and rural areas, subnational areal units, or subgroups 

defined by wealth or other demographic characteristics (see Figure 1.17 for example). 

As the main drawback, these methods are highly dependent on the disaggregation of 

data – for example, measuring geographic inequalities in drinking water services is only 

possible when source data can be disaggregated by subnational areal units. 

Unfortunately, existing population census data sets are often conducted but not made 

publicly available at small area levels (e.g. village, enumeration area, etc.); whilst 

household surveys are generally based on a representative sample (e.g. cluster), and 

small areas are not completely surveyed across the country. Spatial disaggregation of 

demographic data is therefore often restricted to the second administrative levels. 

Further investigation of inequalities in drinking water services in small geographical 

areas (e.g. small rural villages) is likely impossible when relying on such conventional 

data sets. 

 

Figure 1.17 Example of illustrating geographic inequality in piped water on premises in Brazil 

based on regional coverage. 

Data Source: Joint Monitoring Programme (WHO and UNICEF, 2016) 
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Figure 1.18 Map of localised dissimilarity index revealing inequality in drinking water supply in 

Egypt. 

Data Source: (Yu et al., 2014) 

Previous studies on geographic inequalities in social services and demographic indicators 

(Simler and Nhate 2005, UNICEF Bangladesh 2010) generally employed various metrics 

to measure inequalities. Aside from the regional coverage, a previous study of Yu and 

colleagues (2014) used a variety of dissimilarity indices to measure the geographic 

inequalities in access to drinking water and sanitation at national level. A localised 

dissimilarity index was used to reveal geographic inequalities at subnational level. These 

metrics measured the dissimilarities between two population subgroups – the group 

with access to ‘preferred’ (a term used to distinguish higher level services following the 

JMP-defined ‘improved’ services, based on existing data content in the case study 

countries) drinking water and sanitation, and the group without access to ‘preferred’ 

drinking water and sanitation, and found that spatial inequality in service access was 

more pronounced at a more disaggregated scale. In another previous study by Chaudhuri 

and Roy (2017), a number of indices measuring dissimilarity and spatial association were 

employed to investigate the regional urban-rural differences of drinking water and 
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sanitation services, and found that urban-rural inequality in treated tap water was the 

most significant among the examined WASH parameters in India (i.e. treated tap water; 

improved water; water source on premises; latrine on premises; and open defecation). 

These studies introduced metrics to measure the spatial inequalities in drinking water 

services instead of looking at the regional coverage; however, computation of these 

indices still depended on the spatial disaggregation of existing source data. 

 
Figure 1.19 Predicted coverage of rural (A) and urban (B) population with access to improved 

drinking water in Pullan and colleagues’ (2014) study of spatial inequalities in WASH. 

Data Source: (Pullan et al., 2014) 

A previous study by Pullan and colleagues (2014) produced spatially continuous surfaces 

(detailed to the 2nd administrative levels) of WASH-related indicators (households with 

access to improved drinking water, improved sanitation, and open defecation) based on 

geo-statistical methods using cluster level nationally representative household survey 

data to examine geographical inequalities across Sub-Saharan Africa (Figure 1.19). 

Binomial regression models were developed and used for predicting the coverage of the 

drinking water and sanitation indicators. In contrast to the traditional JMP methodology, 

this study did not separately fit trend lines for each country, but considered all data 

derived from different countries together as one set coming in a continuous time series, 

and then fitted within a multi-level model. In so doing, countries for which there was 

limited temporal information or subnational disaggregation could have a regional mean 

to follow. The predictions could give a vivid illustration of the geographic inequalities in 
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coverage of drinking water and sanitation; however, it suffers several limitations, from 

the perspectives of current SDG monitoring as well as the progressive realisation of 

essential human rights to water and sanitation. Firstly, this study was also based on data 

derived from household surveys and came towards the end of the MDG period when 

current SDG indicators and definitions were not officially proposed. It therefore might 

have less utility in current SDG monitoring since the newly defined service levels might 

not be unambiguously identified through indicators in currently existing household 

surveys (e.g. not many existing household surveys currently incorporated a module 

testing water quality). In addition, the geospatial disaggregation of the output could not 

be undertaken below administrative level 2 down to small areas (e.g. villages). Although 

regional coverage currently may be sufficient for illustrating geographic inequalities in 

service, future development of service delivery and progressive realisation of human 

rights for all might require the disadvantaged population groups to be explicitly 

identified; a higher level of spatial disaggregation is therefore desired. 

 

Figure 1.20 Predicted spatial distribution of the absence of piped water source in Soares 

Magalhães and colleagues’ (2011) study of helminth infection risk. 

Data Source: (Soares Magalhães et al., 2011) 

There are a series of previous studies (Soares Magalhães et al. 2011, Gething et al. 2015, 

Jia et al. 2016), which produced geospatial models relevant to drinking water supply 
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based on spatial interpolation methods. Although they were not specifically developed 

to investigate geographic inequalities in drinking water services, their spatially explicit 

nature has potential to reveal geographic inequalities in drinking water service hidden 

by national averages. For example, in a previous study of infectious disease (Soares 

Magalhães et al. 2011), geo-statistical modelling methods (Diggle et al. 1998) were used 

to create geographic models of household WASH-related indicators including drinking 

water source (with/without piped water, Figure 1.20), toilet facility (with/without toilet 

facility), and main floor material (natural floor/other floor types, considered as a 

sanitation indicator in that study) at a 5km resolution. Based on DHS cluster data and a 

covariate set covering DHS-derived maternal age and education, household size, and an 

urban-rural classification derived from the Global Rural-Urban Mapping Project (GRUMP) 

urban extent grid, four models (quadratic, cubic, and spline-based trend surfaces, and a 

geostatistical model) were tested and the best fitted model was selected to make 

geographic predictions for each of the three WASH-related indicators. The output 

modelled surfaces were subsequently employed as part of the covariate set to predict 

the prevalence of helminth infection. 

 

Figure 1.21 Liberian DHS modelled surface for population living in households using an improved 

water source (Left) and uncertainty map based on 95% credible intervals (Right). 

Data Source: Demographic and Health Surveys Program (Gething et al., 2015) 
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In contrast to predicting the spatial distribution of water supply facilities, there were also 

several previous studies focussed on predicting the spatial distribution of population 

with access to certain drinking water and sanitation facilities. Gething and colleagues 

(Gething et al. 2015) developed gridded surfaces for a series of demographic indicators, 

based on Bayesian model-based geostatistical method (Diggle et al. 1998, Diggle and 

Ribeiro 2007) using cluster level DHS data to produce the DHS Program modelled 

surfaces dataset, detailed to 5 km spatial resolution. The DHS modelled surfaces 

included dedicated indicators for drinking water and sanitation, respectively showing the 

spatial distribution of population living in households using an improved water source 

(Figure 1.21), and population living in households without a toilet facility. The 

predictions also came with uncertainty surfaces based on 95% credible intervals.  In 

another previous study (Jia et al. 2016), a high resolution (100 m) gridded surface for 

access to sanitation was developed based on Inverse Distance Weighted (IDW) and 

Empirical Bayesian Kriging interpolation methods with cluster level DHS data in Kenya.  

These studies illustrate the potential to generate geospatially continuous predictions 

with high level of spatial disaggregation for either water supply sources or population 

with access to specific services. One potential limitation of these methodologies would 

be that they did not take advantage of many other existing geospatial data sets reflecting 

factors affecting the spatial distribution of drinking water services, for example, 

geological and hydrogeological data sets reflecting groundwater occurrence may be 

highly related to the siting of specific drinking water sources considering expected 

sufficient yield, construction feasibility, and water chemistry and quality (Carter et al. 

2014). 

A series of thematic population maps have also been produced by the Worldpop project 

using geostatistical methods (i.e. techniques that interpolate values for the locations 

with unknown values based on weights derived from measured samples) or dasymetric 

mapping methods (i.e. techniques that redistribute values from source data to the target 

landscape based on weights derived from relevant geospatial covariates). Here, the 

geographic distribution was predicted for specific population characteristics, such as 
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gender (Bosco et al. 2017) or age group (Alegana et al. 2015, Pezzulo et al. 2017). 

Although not directly related to WASH indicators, the rationale and methodology of 

these studies illustrated the potential of estimating the spatial distribution for 

population grouped by drinking water and sanitation indicators; and other geospatial 

data reflecting geological or hydrogeological characteristics could also be combined as 

predictive covariates in these models. 

These modelled surfaces come with a high level of spatial disaggregation which allows 

the examination of patterns within small areas. Also, the ‘grid-based’ geographic nature 

allows data outputs to be flexibly combined with other geospatial data sets. Their only 

potential limitation (in terms of their utilities for guiding future infrastructure 

development or realisation of human right to essential services) tends to their 

dependence on conventional demographic source data such as population censuses and 

household surveys, where WASH-related indicators are often standardised for some 

purposes and could not be flexibly disaggregated. For example, when vulnerability to 

climate changes and contamination affect access to drinking water services, 

distinguishability of specific water supply techniques would add value to data. Water 

wells excavated by manual and machine drilling methods are not distinguished in 

demographic data; however, manually drilled wells often have comparatively shallower 

depth (Baumann 2000, Baumann et al. 2010) and therefore may be more vulnerable to 

potential surface pollutants (Lapworth et al. 2017) in comparison with deep wells drilled 

by machines. The current classification system employed in conventional demographic 

data sets does not distinguish drinking water supply services according to their technical 

specifications (e.g. original natural source of water, extraction or lifting techniques, etc.); 

and novel data sets (e.g. water point data) often explicitly contain such technical 

information. Therefore, it might be worthwhile to examine the potential of building 

predictions of drinking water service access based on water point data, which could 

reveal geospatial disparities at highly disaggregated levels, be flexibly linked with other 

geospatial data sets, and may be conducted for any target drinking water supply 

technique of interest. However, this approach has not been widely applied in SDG 



 

45 
 

monitoring strategy nor in studying the role of climate changes and contamination 

affecting drinking water supply. 

1.4 Aims and objectives 

In the absence of solutions to guide sophisticated SDG monitoring of drinking water 

services, this thesis aims to find potential approaches for enhancing currently existing 

data sources through spatial integration and modelling. This will allow scarce 

information relevant to drinking water services to be captured, therefore facilitating SDG 

national monitoring as well as related public health studies, and ultimately providing a 

guide to infrastructure development to bring vital services such as drinking water to the 

people who need them the most. 

The primary objectives of this PhD study include: 

(1) To assess consistency in international use of WASH terminology in population 

censuses and assess the extent to which such censuses meet the expanded need for 

monitoring of drinking water services in the SDGs; 

(2) To propose a potential approach to examine the completeness of water point data 

sets in low and lower-middle income countries where suitable data exist; 

(3) To examine the potential integration of population and housing census data with 

water point data to provide useful information on water quality, accessibility and 

availability, and assess the extent to which such integrated data meet the expanded 

need for SDG monitoring of drinking water service levels; 

(4) To develop an approach to predicting the geography of drinking water supply 

services across a given country with a high level of geospatial disaggregation; 

(5) To assess the potential role of the approach developed in SDG drinking water 

monitoring. 

1.5 Research outline 

Chapter 1 gives a general introduction to the research background alongside literature 

reviews of conventional methodologies and data sources employed in international and 

national monitoring of drinking water services, as well as previous studies regarding the 

use of the geographic dimensions of drinking water service data for potentially guiding 
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SDG monitoring and infrastructure development. 

Within the broader context of current SDG monitoring of drinking water services relying 

on household surveys, Chapter 2 starts the main methodological body of the thesis by 

evaluating information on drinking water services and related household characteristic 

captured in population censuses with reference to the most recent international 

development policy changes. The results of this evaluation are subsequently used to 

identify case study countries where population census data are suitable for integration 

with water point data sets. 

Chapter 3 examines the potential spatial integration of population census and water 

point data sets for facilitating SDG monitoring of drinking water services through 

selected country case studies based on the work described in Chapter 2. It also proposes 

an approach to assess the completeness and spatial coverage of water point surveys at 

national level. 

For those case study countries where water point data coverage is identified as 

incomplete in Chapter 3, Chapter 4 takes a typical groundwater-based water supply 

technology (i.e. drilled tube wells /boreholes) as an example to present a methodology 

for ‘gap-filling’ these data for their utilities to facilitate SDG monitoring of drinking water 

services.  

Chapter 5 further examines the application of this predictive modelling methodology 

and gridded output surfaces depicting water service distribution. It assesses how the 

approach could be used to facilitate SDG drinking water monitoring and inequality 

assessment. 

Finally, Chapter 6, as the concluding chapter of this thesis, summarises the original 

contributions made in this research and discusses future research priorities. 

This thesis is represented in the form of a ‘Three-Paper PhD’ with two published peer-

reviewed papers (work described in Chapter 2 and Chapter 3) and one publishable paper 

(work described in Chapter 4). Figure 1.22 gives a graphical outline of the main 

methodological body (from Chapter 2 to Chapter 4) of this thesis. I led the study design, 

data acquisition, data pre-processing, data analysis, interpretation, manuscript-writing, 
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revision and submission of the three (two published and one publishable) papers.  

Although the work in Chapter 5 is not yet published, it formed the basis for a submission 

to the United Nations’ Unite Ideas #SDGinsights challenge, which is an in ternational 

competition judged by a panel of experts from the UN-DESA and USAID. My entry won 

this competition as described here: https://www.uniteideas.spigit.com/. In preparing 

the submission to this competition, I led the study design, data acquisition, data pre-

analysis preparation, data processing, coding and analysis, finding interpretation, 

website coding, writing of accompanying methodological worksheet, and material 

submission. 

 
Figure 1. 22 Outline of the main methodological chapters of this study. 

1.6 Ethics statement 

This PhD research involved use of aggregated population census data from openly 

accessible data sources; it did not entail any work with records concerning individual 

human subjects nor collect any primary data via questionnaires. The research proposal 

(ID 18551) was submitted to the University of Southampton’s Ethics and Research 

Governance Online (ERGO) system on 10th December 2015 and was reviewed and 

https://www.uniteideas.spigit.com/


 

48 
 

approved by the ethics committee on 15th January 2016. In addition, the work described 

in Chapter 2 only analysed the content of openly accessible historical census 

questionnaire forms; no new data were actively collected. Since it did not involve human 

subjects, it therefore did not require ethical approval. 
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Chapter 2 Evaluating Census for SDG Water Monitoring 

2.1 Introduction 

National population and housing censuses are one of the conventional data sources used 

for international monitoring of drinking water and sanitation alongside household 

surveys; 252 censuses were included in the JMP database by 2014 (Bartram et al. 2014). 

Being based on near complete population enumeration, they provide some advantages 

over nationally representative surveys. With their full population coverage, population 

census data can be spatially disaggregated to a greater extent than household survey 

data (Yu et al. 2014) and enable drinking water access to be quantified even for small 

minority populations. A global trend towards greater access to improved water sources 

and sanitation (WHO and UNICEF 2014a) means the proportion of those without safe 

water is becoming smaller in most countries. Simultaneously, there is an emerging policy 

emphasis on monitoring inequalities in access among minority population groups (WHO 

and UNICEF 2012b), reflected in target 4 in Table 1.2 (Chapter 1). Together, these 

developments mean it is likely to become increasingly expensive to statistically power 

household surveys to monitor inequalities in safe water and sanitation access, as larger 

sample sizes will be required. 

Whilst household surveys generally include core, standardised questions on drinking 

water (WHO and UNICEF 2006), population census questions on drinking water and 

sanitation are generally less standardised. The United Nations Department of Economic 

and Social Affairs issues recommendations on implementation of censuses (United 

Nations Department of Economic and Social Affairs 2010), including assessment of 

housing, but does not require inclusion of core questions on water and sanitation. 

Inconsistent census classification system and terminology, for example due to different 

national circumstances and priorities, may undermine its utility for international 

monitoring, such as monitoring the progress in universal basic drinking water. There are 

attempts to address this issue. The Integrated Public Use Microdata Series International 

(IPUMSI), developed by the Minnesota Population Center, University of Minnesota, 



 

50 
 

harmonises national population census data spatio-temporally to enable a universal 

classification system of variables across countries and time (Minnesota Population 

Center 2014). IPUMSI harmonisation differentiates piped water versus other types of 

water supply. Moreover, their experience suggests the harmonisation of terminologies 

in population census data can be challenging (Esteve and Sobek 2003), due to uncertain 

meanings caused by cultural differences, uneven data quality, and the large number of 

samples and variables which requiring standardisation. The JMP have also harmonised 

water-related terminology as part of international monitoring efforts. In many instances, 

the JMP apply adjustment corrections (Bartram et al. 2014) to water supply types that 

encompass both ‘improved’ and ‘unimproved’ supply types, for example to estimate the 

proportions of protected and unprotected wells within an undifferentiated category of 

‘wells’. International variation in population census questionnaire content has been 

studied for other population characteristics: for example, Morning (2008) analysed the 

2000 census round questionnaire content on ethnic classification systematically and 

found that the terminology for ethnicity varied by world region. However, to date there 

has been no study of the water-related content of population censuses. 

This chapter therefore aims to assess international and temporal variation in water-

related population census content within selected low and lower-middle income 

countries, within the context of post-2015 changes to international and national 

monitoring. Higher income countries are excluded, since they typically have more limited 

content on drinking water. The result is subsequently used to identify case study 

countries where population census data are informative and suitable for integrating with 

water point data. 

2.2 Methodology 

2.2.1 Study countries 

Study countries comprised the current 34 low income and 50 lower-middle income 

countries (World Bank 2014a). Of these, 34 countries were assessed as not having met 

2015 targets for drinking water (where data are available), according to the most recent 

JMP report (WHO and UNICEF 2015a). South Sudan was excluded because no population 
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census had been conducted since independence in 2011. 

2.2.2 Population census questionnaires and materials 

In this chapter, data sources used national population census questionnaire copies rather 

than population census data sets due to availability issues. Where possible, copies of 

census questionnaires were acquired from IPUMSI, which contained more than 1,000 

national population census questionnaire forms, and also provided supplementary 

documents (e.g. enumerator instruction manuals) via its subordinate portals, such as the 

African Integrated Census Microdata (AICMD) portal. For a minority of countries lacking 

population census materials from IPUMSI, questionnaire and related content was 

obtained from other international sources, such as the United Nations Statistics Division 

(UNSD), National Statistical Offices (NSOs), or other organisations, wherever available. 

For questionnaires in languages other than English, census content was characterised 

using questionnaires translated into English and provided by the IPUMSI, UNSD, or other 

sources such as NSOs wherever possible. For those population census questionnaires 

which were not available in English, content was translated by native speakers. In 

addition, long format questionnaires (when available) were used rather than short 

format questionnaires since they are likely to be more detailed in content. Population 

census questionnaires were supplemented by implementation manuals, enumerator 

instructions, and/or IPUMSI explanatory notes for harmonisation, alongside information 

from JMP country files, which contain tables of source data with detailed classifications 

for drinking water source and sanitation facility. In addition, JMP country files were used 

to guide the harmonisation of population census questionnaire content relevant to 

drinking water and sanitation. 

2.2.3 Content analysis framework 

2.2.3.1 Harmonisation of population census content for post-2015 monitoring 

A scoring system was developed to assess potential issues in harmonising population 

census questionnaire responses for monitoring progress towards post-2015 drinking 

water targets, as detailed in Tables 2.1. Questionnaires which contained no content on 

household water scored zero in the system. For all other questionnaires, harmonised  



 

52 
 

Table 2.1 Scoring system for assessing suitability of population census questionnaire content 

for monitoring progress towards post-2015 targets relating to water. 

Indicator (Table 2.1) definition of 

post-2015 targets 

Corresponding scoring of population census 

questionnaire content 

Indicator 2.1:  

Percentage of population using water 

from an improved source with a total 

collection time of 30 minutes or less 

for a roundtrip, including queuing 

Score W1: the proportion of water source categories 

that can be unambiguously distinguished as either 

improved or unimproved 

Score W2: the proportion of off-premises improved 

water source categories for which collection time or 

related information (e.g. distance to water source) is 

available 

Indicator 3.1:  

Percentage of population using a 

water source at the household or plot 

which reliably delivers enough water 

to meet domestic needs, complies 

with WHO Guideline Values for E. coli, 

arsenic and fluoride, and is subject to 

a verified risk management plan 

Score W1: the proportion of water source categories 

that can be unambiguously distinguished as either 

improved or unimproved 

Score W3: the proportion of improved water source 

categories that can be unambiguously distinguished 

as either on premises or off premises 

Score W4: the proportion of improved water source 

categories for which information about water supply 

interruptions (e.g. in days) is available 

Indicator components relevant to each criterion score are highlighted in bold.  

water supply service for each population census was assessed relative to the typology 

needed to monitor the proposed post-2015 indicators in Table 1.2 (Chapter 1). Four 

component of population census content were scored for water access (Table 2.1): 

content on improved water sources (W1); content relating to water collection times (W2); 

whether improved water sources were on a household’s premises (W3); and whether the 

population census covered supply interruptions (W4). Each component was scored as a 

proportion from zero to one. For W2, W3, and W4, which involved the proportion of 

improved source type categories, potentially ambiguous improved sources (typically 

wells and springs) were included in the denominator and also in the numerator for W3 

when calculating proportions. Any type of ‘delivered / vended water’ such as via bottle, 

barrel or tank, was considered as unimproved drinking water if unspecified. ‘Other(s)’, 

‘not stated’ and ‘don’t know’ were considered as ‘undistinguishable’ water supply types 

and were therefore not included as particular categories when calculating proportions. 

To reduce ambiguity in interpretation of questionnaire content, a detailed protocol was 

developed to support consistent interpretation of terminology and question wording 
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(Appendix A). Some post-MDG indicator elements, such as water quality or water safety 

plans, were not scored, as they are absent from all population censuses and require 

other data streams for monitoring. Where there was uncertainty or subjective 

judgements were required, these issues were recorded and discussed with supervisory 

team to reach an agreement. 

2.2.3.2 Analysis of water scores 

The resultant water (W) scores from the population census content scoring system were 

analysed spatio-temporally. Given that other population census content areas, for 

example ethnicity, were found to vary by world region (Morning 2008), the W-scores 

were aggregated by six world regions (World Bank 2014b) to explore inter-regional 

variation in the water items in population census content: East Asia and Pacific (EAP); 

Europe and Central Asia (ECA); Latin America and Caribbean (LAC); Middle East and 

North Africa (MENA); South Asia (SOA); and Sub-Saharan Africa (SSA). The W-scores 

were assessed by population census round to monitor progress in population census 

content development concerning drinking water over time. A population census round 

refers to those national population censuses carried out within ten year intervals; for 

instance, the 2000 round population census refers to population censuses conducted 

from 1995 to 2004. For those countries with more than one population census in a given 

round, the most recent one was selected. Since fewer countries were characterised in 

earlier population census rounds, T-test paired by country was used to test for significant 

increases in W-scores between successive population census rounds, alongside Cohen’s 

d to determine the effect size. T-test and Cohen’s d were also used to identify significant 

differences in scores between regions. Box plot by region were employed to examine the 

distribution of W-scores. 

2.2.3.3 Characterisation of other population census questionnaire content relating to 

water 

As another core WASH element, sanitation has always been monitored alongside water 

in relevant sectors (United Nations General Assembly 2003, Bartram et al. 2014). This 

study therefore also applied the same methodology for scoring the sanitation-related 
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items in population census content (namely ‘S-scores’) as well as the follow-up analysis 

of sanitation scores, in order to investigate the ability of population  census for SDG 

monitoring from the general ‘WASH’ perspective. 

Table 2.2 Scoring system for assessing suitability of population census questionnaire content 

for monitoring progress towards post-2015 targets relating to sanitation. 

Indicator (Table 2.1) definition of post-

2015 targets 

Corresponding scoring of population census 

questionnaire content 

Indicator 1.1:  

Percentage of population practicing 

open defecation. 

Score S1: those with no sanitation facility can be 

unambiguously distinguished from those with facilities 

(1 = true, otherwise 0). 

Indicator 2.2:  

Percentage of population using a 

sanitation facility that effectively 

separate excreta from human contact, 

and ensure that excreta do not re-

enter the immediate household 

environment, and the facility is shared 

among no more than 5 families or 30 

persons, whichever is fewer, and if the 

users know each other. 

Score S2: ‘basic’ sanitation categories can be 

unambiguously distinguished from ‘non-basic’ 

sanitation types (1 if true; 0.5 if true for some 

categories; otherwise 0). 

Score S3: ‘basic’ sanitation facilities can be 

unambiguously distinguished as private, shared (but 

not public), and public (1 if true for three categories: 

‘private’, ‘shared’ and ‘public’; 0.5 if true for two 

categories; otherwise 0). 

Indicator 3.2:  

Percentage of population who (a) use 

a ‘basic’ sanitation facility, and (b) 

whose excreta is safely transported to 

a designated disposal / treatment site, 

or treated in situ before being re-used 

or returned to the environment.  

Score S2: ‘basic’ sanitation categories can be 

unambiguously distinguished from ‘non-basic’ 

sanitation types (1 if true; 0.5 if true for some 

categories; otherwise 0). 

Score S3: ‘basic’ sanitation facilities can be 

unambiguously distinguished as private, shared (but 

not public), and public (1 if true for three categories: 

‘private’, ‘shared’ and ‘public’; 0.5 if true for two 

categories; otherwise 0). 

Score S4: sanitation facilities have information about 

the elimination or disposal of excreta (1 if true; 0.5 if 

true for some categories; otherwise 0). 

Indicator components relevant to each criterion score are highlighted in bold.  

Four components of census content were scored for sanitation (Table 2.2), including: 

open defecation (S1); ‘basic’ sanitation categories (S2); use of shared sanitation (S3); and 

excreta removal from household or disposal (S4). We assumed for S3 when both ‘shared’ 

and ‘public’ sanitation were used as response options, ‘shared’ referred to ‘limited 

sharing’ (e.g. a sanitation facility shared by more than one family but less than five 

families or 30 persons); whilst ‘public’ sanitation referred to a sanitation facility shared 
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by more than 5 families or 30 persons. Initial piloting of the content analysis framework 

suggested sanitation-related census content was typically more complex and entailed 

multiple questions, leading to inconsistent interpretation of proportions. Therefore, a 

simpler scoring system was used whereby each criterion scored one if fully met, 0.5 if 

partially met, and zero if not met. In interpreting content concerning wastewater 

disposal, we assumed the same arrangements applied to both grey water and sewage, 

but ignored solid waste disposal arrangements. 

Table 2.3 Other unscored population census characteristics of relevance to water targets. 

Characteristics Detailed information 

Questionnaire section Whether water-related items were contained in 

household section of questionnaire or individual section 

Actual usage of facility Whether the terms in questionnaire could capture the use 

of facility rather than the existence of facility (e.g. asking 

‘access’ or ‘use’) 

Multiple sources / facilities Whether the questionnaire asked ‘main’ water source 

Whether the questionnaire distinguished different (e.g. 

dry and wet) seasonal sources 

Purposes of water use Whether the questionnaire distinguished water source for 

drinking (and probably alongside cooking) purpose from 

source for other domestic purposes 

Water information relating to 

hygiene 

Whether the questionnaire contained e.g. hand-washing 

facilities, bath / shower, etc. 

Additional questionnaire response categories and other characteristics (Table 2.3) of 

relevance to international monitoring were recorded but not scored. Characterisation 

assessed whether the following common categories could be distinguished: piped water, 

tube well / borehole, well, spring, rainwater, tanker-truck / cart with small tank or drum, 

bottled water, and surface water for drinking water; and flush / pour-flush, ventilated 

improved pit (VIP) latrine, pit latrine, composting toilet, bucket, hanging toilet, and open 

defecation for sanitation. Where these categories were combined in a single response 

option (e.g. protected well and spring, spring and surface water, water vender, etc.), they 

were not considered distinguishable. 
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2.3 Results 

Overall, 247 questionnaires (68.6% of the 360 population censuses conducted in total in 

the 83 countries) were analysed (Figure 2.1). Exclusions were mainly due to population 

census questionnaires being unavailable (56 censuses), having ambiguous or incomplete 

census documentation (49 censuses), or there were language restrictions (8 censuses) 

in some cases. Questionnaires shared by different countries for example due to sub-

division of former national entities are counted only once in the analysis. 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1 Population census questionnaire availability for 83 low and lower-middle income 

countries. 

Colours indicate the number of population census rounds with accessible questionnaire materials.  

The world map is sourced from Natural Earth vector map data.  

Supplementary Document A lists detailed drinking water question and answer systems 

(alongside items for other characteristics such as sanitation and hygiene) acquired and 

used in this chapter. This document is not attached in this PhD thesis due to its size (255 

pages); a digital (.pdf) version of this supplementary document (8.54 MB) can be 

accessed from the following link: 

https://github.com/geoterry/TerryStorage/blob/master/Acquired%20Census%20Questi

onnaires.pdf 

https://github.com/geoterry/TerryStorage/blob/master/Acquired%20Census%20Questionnaires.pdf
https://github.com/geoterry/TerryStorage/blob/master/Acquired%20Census%20Questionnaires.pdf
https://github.com/geoterry/TerryStorage/blob/master/Acquired%20Census%20Questionnaires.pdf
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2.3.1 Analysis of W/S-scores 

Overall, the W-scores ranged from 0 to 3 with an average value of 1.21 (median value = 

1.25); whilst S-scores ranged from 0 to 3 with an average value of 1.26 (median value = 

1.5). Detailed resultant scores of W and W1 are shown in Figures 2.2 – 2.6. The water 

collection time (W2) and water supply interruption (W4) scores are low for the 247 

included population censuses; most (90.3% and 99.6% respectively) scored zero for 

these components. In comparison, only 14.2% and 24.3% of censuses scored zero for 

having distinguishable improved / unimproved water source classes (W1) and 

distinguishable on/off-premises improved water source classes (W3) respectively. For 

sanitation (Figures 2.7 – 2.11), most (72.9%) of the questions identify open defecation. 

However, with regard to ‘basic’ sanitation categories (S2), use of shared sanitation (S3), 

and excreta elimination or disposal (S4), most census questionnaires generally lack 

sufficient information: 83.8%, 57.9% and 61.9% of the total observed questionnaires 

scored zero for S2, S3, and S4 respectively. 

2.3.1.1 Changes in population census content over time 

Table 2.4 Table of p-value for paired (by country) T-test and Cohen’s d for significant changes 

in water and sanitation scores between population census rounds. 

 W S W1 W3 S1 S3 

R1vsR2 
p-value 0.057 0.027 0.072 0.055 0.083 0.096 

Cohen’s d 0.419 0.429 0.447 0.412 0.344 0.426 

R2vsR3 
p-value 0.004 0.090 0.003 0.173 0.134 0.358 

Cohen’s d 0.864 0.373 0.875 0.254 0.319 0.097 

R3vsR4 
p-value 0.011 0.009 0.006 0.017 0.048 0.067 

Cohen’s d 0.343 0.622 0.527 0.286 0.435 0.371 

R4vsR5 
p-value 0.099 0.029 0.013 0.411 0.092 0.331 

Cohen’s d 0.240 0.297 0.434 0.041 0.231 0.062 

R5vsR6 
p-value <0.001 <0.001 <0.001 <0.001 0.017 0.162 

Cohen’s d 0.634 0.768 0.680 0.590 0.434 0.123 

R1vsR4 
p-value 0.001 0.001 <0.001 0.001 0.004 0.052 

Cohen’s d 1.705 1.058 1.656 1.368 1.035 0.641 

R4vsR6 
p-value <0.001 <0.001 <0.001 0.035 0.052 0.132 

Cohen’s d 0.817 0.781 1.021 0.456 0.393 0.186 

R1vsR6 
p-value <0.001 0.001 <0.001 0.004 0.006 0.052 

Cohen’s d 1.808 1.314 2.989 1.220 1.319 0.549 

P-values < 0.05 highlighted in bold; R refers to population census round (e.g. R1vsR2 represents  

paired T-test between population census round 1 and round 2). 
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Figure 2.2 Resultant scores of population census questionnaire content concerning drinking water by country and the year when census was conducted (1). 

Bar in dark blue colour represents the total W-score; whilst bar in light blue colour represents the W1-score (the proportion of water source categories that can be 

unambiguously distinguished as either improved or unimproved). 
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Figure 2.3 Resultant scores of population census questionnaire content concerning drinking water by country and the year when census was conducted (2). 

Bar in dark blue colour represents the total W-score; whilst bar in light blue colour represents the W1-score (the proportion of water source categories that can be 

unambiguously distinguished as either improved or unimproved). 
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Figure 2.4 Resultant scores of population census questionnaire content concerning drinking water by country and the year when census was conducted (3). 

Bar in dark blue colour represents the total W-score; whilst bar in light blue colour represents the W1-score (the proportion of water source categories that can be 

unambiguously distinguished as either improved or unimproved). 
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Figure 2.5 Resultant scores of population census questionnaire content concerning drinking water by country and the year when census was conducted (4). 

Bar in dark blue colour represents the total W-score; whilst bar in light blue colour represents the W1-score (the proportion of water source categories that can be 

unambiguously distinguished as either improved or unimproved). 
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Figure 2.6 Resultant scores of population census questionnaire content concerning drinking water by country and the year when census was conducted (5). 

Bar in dark blue colour represents the total W-score; whilst bar in light blue colour represents the W1-score (the proportion of water source categories that can be 

unambiguously distinguished as either improved or unimproved). 
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Figure 2.7 Resultant scores of population census questionnaire content concerning sanitation by country and the year when census was con ducted (1). 

Bar in dark green colour represents the total S-score; whilst bar in light green colour represents the S1-score (households with no sanitation facility can be 

unambiguously distinguished from those with facilities). 
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Figure 2.8 Resultant scores of population census questionnaire content concerning sanitation by country and the year when census was con ducted (2). 

Bar in dark green colour represents the total S-score; whilst bar in light green colour represents the S1-score (households with no sanitation facility can be 

unambiguously distinguished from those with facilities). 
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Figure 2.9 Resultant scores of population census questionnaire content concerning sanitation by country and the year when census was conducted (3). 

Bar in dark green colour represents the total S-score; whilst bar in light green colour represents the S1-score (households with no sanitation facility can be 

unambiguously distinguished from those with facilities). 
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Figure 2.10 Resultant scores of population census questionnaire content concerning sanitation by country and the year when census was con ducted (4). 

Bar in dark green colour represents the total S-score; whilst bar in light green colour represents the S1-score (households with no sanitation facility can be 

unambiguously distinguished from those with facilities). 
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Figure 2.11 Resultant scores of population census questionnaire content concerning sanitation by country and the year when census was conducted (5). 

Bar in dark green colour represents the total S-score; whilst bar in light green colour represents the S1-score (households with no sanitation facility can be 

unambiguously distinguished from those with facilities). 

(Details of other resultant scores are shown in Appendix B) 
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In general, the paired (by country) t-test suggested that there were significant increases 

over time for both water (excluding that between rounds 1 and 2; 4 and 5) and sanitation 

(excluding that between rounds 2 and 3) (Table 2.4). Detailed scores were also separately 

tested for W1, W3, S1, and S3 (for which >50% of censuses scored over zero): most were 

not significantly changed in earlier rounds (1 and 2); W1 showed significant changes over 

all rounds after round 2; S3 was found to have no significant changes over time. 

2.3.1.2 Regional variability in population census content 

In terms of spatial patterns, the regional results generally did not display any significant 

differences, only except the small sampled ECA (in total 12 censuses of 7 countries; most 

of them were independent from the Soviet Union) which had lower scores relative to 

other regions (Figures 2.12 and 2.13). The regions of ECA and LAC interpreted large mean 

effect sizes (Table 2.5) in comparison with other regions for the mean scores of both 

water and sanitation. 

Table 2.5 Table of p-value of T-test and Cohen’s d between regions in W/S-scores. 

Region A versus Region B Water Sanitation 

Region A Region B p-value Cohen’s d p-value Cohen’s d 

EAP 

ECA 0.002 0.22 0.003 0.23 

LAC 0.133 0.33 <0.001 0.94 

MENA 0.456 0.23 0.481 0.21 

SOA 0.831 0.06 0.255 0.30 

SSA 0.444 0.14 0.881 0.03 

ECA 

LAC <0.001 2.16 <0.001 2.59 

MENA 0.012 1.05 0.041 0.83 

SOA 0.002 1.21 0.003 1.17 

SSA <0.001 1.11 0.001 1.03 

LAC 

MENA 0.012 0.82 <0.001 1.28 

SOA 0.335 0.30 0.112 0.50 

SSA 0.359 0.12 <0.001 0.94 

MENA 
SOA 0.368 0.31 0.174 0.46 

SSA 0.222 0.33 0.467 0.20 

SOA SSA 0.709 0.09 0.217 0.36 

Significant differences (p-values < 0.05) and large effect size (Cohen’s d values > 0.5) highlighted 

in bold. 
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Figure 2.12 Box plots of W-scores by regions. 

The bottom (light blue) and top (dark blue) of the box represent the 25th and 75th percentiles 

respectively. 

 
Figure 2.13 Box plots of S-scores by regions. 

The bottom (light green) and top (dark green) of the box represent the 25th and 75th percentiles 

respectively. 

2.3.2 Other water-related content 

Just over a quarter (25.9%) of the 247 census questionnaires included contained 

sewerage-related questions; 32.0% contained questions about hygiene (mostly about 
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bath or shower facilities); and 24.3% contained questions about solid waste. In terms of 

the general questionnaire format, 19.0% asked more than one question about water and 

17.8% about sanitation; 10.5% and 25.1% of censuses contained questions about use of 

facilities, as opposed to access, for (drinking) water and sanitat ion respectively. 

Questions concerning ‘use’ were worded differently depending on the census and 

country. For example, sometimes questions concerned the nature of the facility present 

within the home alongside the use of facility (e.g. The Gambia 1983), but sometimes 

respondents were asked about the main facility used by household members, regardless 

of its location (e.g. Liberia 2008). Questions asked about the ‘main’ facility more for 

water (37.7%) than for sanitation (10.9%). ‘Other(s)’, ‘not stated’ and  ‘don’t know’ are 

widely used for water-related census content (68.4%), in comparison with sanitation 

(38.1%). Only 37.3% of the census questionnaires specified if the water was for drinking 

or other domestic uses. In addition, 11.3% of sanitation questions involved the location 

of sanitation (e.g. inside the house or outside). Malawi (census 1987, 1998 and 2008) is 

the only country that mentioned seasonal change when asking about drinking water. 

There were very few (2.8%) of the observed questionnaires included different sections 

or forms for different population groups, including urban population versus rural 

population, and sedentary population versus nomadic population. Water and sanitation 

questions appeared in the household section of census questionnaires rather than the 

section about individuals in all cases. 

Figures 2.14 and 2.15 show the proportion of censuses in each round for which the JMP-

defined categories for drinking water and sanitation can be clearly identified. Although 

it is difficult to detect patterns in earlier census rounds due to small sample sizes, the 

results suggest that the JMP defined categories can be classified as two groups in terms 

of their use in census content: high-use categories and low-use categories. High-use 

categories include piped water, well, and surface water for drinking water, which have 

been used in >50% of censuses since round 3; and flush/pour-flush, open defecation, 

and pit latrine for sanitation, used in >50% of censuses since round 4. The other 

categories of both drinking water and sanitation are classified as low-use categories,  
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Figure 2.14 Proportion of questionnaires using common drinking water categories in included 

population census questionnaires by round. 

Y-axis represents the percentage (%) of included population censuses; x-axis is the population 

census round with corresponding number of included population censuses in brackets; Round 1: 

1956-1965; Round 2: 1966-1975; Round 3: 1976-1985; Round 4: 1986-1995; Round 5: 1996-2005; 

Round 6: 2006-2015; error bars show standard errors. 

 

Figure 2.15 Proportion of questionnaires using common sanitation categories in included 

population census questionnaires by round. 

Y-axis represents the percentage (%) of included population censuses; x-axis is the population 

census round with corresponding number of included population censuses in brackets; Round 1: 

1956-1965; Round 2: 1966-1975; Round 3: 1976-1985; Round 4: 1986-1995; Round 5: 1996-2005; 

Round 6: 2006-2015; error bars show standard errors. 
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given their low percentage of usage in census (less than 50% over six rounds). 

‘Tubewell/borehole’ lies between these two groups, and may have been classified under 

‘well’ in earlier censuses, but has been increasingly distinguished as a category in its own 

right over time (over 50% in round 6). 

2.4 Discussions 

2.4.1 Findings 

This study evaluated drinking water and sanitation classification systems within 

population census content based upon a scoring system developed to assess suitability 

for monitoring progress towards post-2015 WASH targets. In general, temporally, the 

resultant water and sanitation scores increased over the six census rounds; however, 

spatially, there was no evidence of significant differences between the six world regions, 

although previous evidence suggests that other content areas, such as terminology 

concerning ethnicity, do vary by world region (Morning 2008). For water-related content, 

censuses generally distinguish improved from unimproved drinking water (W1) and 

improved sources that are on or off premises (W3), but few capture water collection time 

(W2) or water supply interruptions (W4). For sanitation, census questionnaires usually 

distinguish households practicing open defecation (S1), but fewer census questions 

assess ‘basic’ sanitation (S2), sharing of facilities (S3) and elimination or disposal of 

excreta (S4). Given that populations lacking improved drinking water sources are 

increasingly concentrated in an ever smaller number of settings (WHO and UNICEF 

2014a), reaching the unserved will require focussed effort and greater monitoring of 

minority groups. The use of conventional household surveys for this purpose tends to be 

expensive, because of the need for oversampling. Although household survey designs 

can be modified without incurring excessive costs (O. Flores et al. 2015), for example by 

oversampling minority populations, relative to conventional household survey designs 

that currently predominate, censuses are better able to distinguish differences in service 

provision among minority groups, given that they seek to fully enumerate populations. 

Population censuses will become even more dominant in the estimates, should the JMP 

adopt proposals to weight data sources by a source quality metric and sample size (WHO 
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and UNICEF 2014c). The JMP will continue to report on water and sanitation ladders with 

population censuses and household surveys forming the cornerstone for reporting on 

higher levels of service such as ‘safely managed’. In addition, population census data can 

be used to triangulate information from regulators and utilities and to determine which 

population groups are covered by these new data sources for the JMP. 

There has been discussion of the role of international monitoring arrangements as a 

normative influence informing national monitoring practice (Kayser et al. 2013). The 

post-2015 indicators may result in more widespread use of population census questions 

concerning water collection times, shared sanitation, and excreta elimination or disposal. 

Although historically, population censuses have increasingly been able to differentiate 

the categories used by the JMP (Figures 2.14 and 2.15), the extent to which this can be 

attributed to international monitoring arrangements post-2015 is unclear. There is no 

obvious step-change in the differentiation of these categories and W/S-scores for 

individual countries fluctuate over time, likely reflecting changing national priorities and 

pressure to reduce population census questionnaire length. Similarly, the rapid growth 

in the use of some water categories, notably packaged or bottled water, may reflect their 

growing importance as water sources (Stoler et al. 2012). 

Aside from the water and sanitation categories used, several other aspects of the WASH-

related content of censuses are noticeable in these findings. Firstly, although there has 

been a long history of inclusion of water and sanitation questions in censuses, questions 

about hygiene and solid waste disposal are seldom included, though post-2015 hygiene-

related targets have been proposed (WHO and UNICEF 2014b). In addition, despite intra-

household inequalities being recognised as important (WHO and UNICEF 2012c), water 

and sanitation questions (alongside hygiene if available) universally appear in the 

household sections of population censuses, which cannot reach beyond household level, 

such as schools, health centres, and other working places or facilities. Moreover, there 

is growing recognition that households often use different water sources depending on 

season and for different purposes (van Koppen, Moriarty, Boelee, et al. 2006), yet few 

censuses capture seasonal variation in water and sanitation use or the use of different 
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water sources for different purposes. Whilst capturing such components of water and 

sanitation access in population censuses would appear to be desirable, longer 

population census questionnaires are more expensive to implement and monitoring 

costs need to be commensurate with budgets for programmatic delivery. There are 

however now several reports (Romilly et al. 2015) that call for greater investment in data 

and monitoring in lower income countries. 

2.4.2 Limitations 

There are a series of limitations, assumptions and uncertainties affecting this study, 

which relate to the scoring system, the census materials used, underlying assumptions, 

and the broader international policy environment. Firstly, the scoring system measures 

the ‘distinguishability’ of sanitation or drinking water types via a proportion of the 

response categories used for a census question, so as to avoid complications from 

specific categories which are not relevant in some countries. As a consequence, when a 

larger number of more detailed response categories are developed for a new round, the 

score can sometimes decrease because the denominator is larger, despite the richer 

question content. Secondly, since the W-scores are calculated as proportions but S-

scores on a coarser two or three-point scale, it may not be appropriate to aggregate the 

two into a single composite score. Thirdly, the eight score components are weighted 

equally; however, their significance might be quite different. Fourthly, the scoring system 

used is only an approximation of international monitoring requirements embodied in 

post-2015 proposals, so for example, distance to water source may not reflect water 

collection time including queuing time. 

There are three main types of material that can be used for assessing the drinking water 

and sanitation classification systems in censuses: census data (either micro -data or 

aggregated by area), census reports (readily accessible, but presenting aggregated 

findings), and census questionnaires and manuals. This study examined questionnaire 

and manual content, but this may not reflect the water and sanitation categories used 

in summary reports or data, since aggregation across categories may take place prior to 

release of both. Similarly, where multiple water and sanitation questions are used in 
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censuses, cross-tabulations of these questions (e.g. water source type versus distance to 

source) may not be directly accessible in geographically aggregated data and reports, 

due to for example identifiable individual protection. 

The resultant scores are subject to a series of assumptions (documented in S1 Text), 

which are necessarily made for the interpretation of specific terminology across 

observers (both in interpreting words such as ‘public’ and in interpreting water and 

sanitation categories such as ‘tank’). In addition, the subjective interpretation of the 

water and sanitation items in census content is generally also dependent on question 

wording (e.g. ‘no toilet’ could refer to ‘open defecation’ or ‘no toilet available in dwelling’ 

given different context), language or translation, and the availability of supporting 

information in contextual materials such as manuals or additional documentation in 

IPUMS etc., may vary by country and individual census case. 

Finally, given that proposals for post-2015 targets, indicators and corresponding 

definitions for international monitoring of WASH are yet to be adopted, the underlying 

framework for scoring used here may not reflect eventual post-2015 monitoring 

arrangements. 

2.5 Conclusions 

Population census questionnaires generally distinguish between those households with 

improved versus unimproved drinking water supply types; however, key elements 

regarding drinking water service are comparatively less standardised than the contents 

of household surveys. In addition, there are important SDG indicator elements such as 

water quality that are not present in population census questions. Whilst there was 

limited regional variation in content, there is evidence that the information content of 

census-based water questions (a well as some other WASH-related items such as 

sanitation) has increased since earlier census rounds, though how far this trend has been 

influenced by international monitoring requirements is unclear. In other respects, these 

findings also suggest that there are many WASH elements that population census data 

seldom capture, such as intra-household and seasonal variations in service access, 

hygiene, and sharing of sanitation. Post-2015 international monitoring targets may 
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provide a new impetus to assess such components. Despite the infrequent 

administration of population censuses relative to household surveys (with population 

censuses generally taking place every decade), it is expected that all those low and 

lower-middle income study countries would conduct at least one population census 

during the 2020 census round (2016–2025). As the definitions underpinning monitoring 

for the SDGs have recently been finalised (WHO and UNICEF 2015c), by this stage there 

should be potential for harmonisation of water terminology in national population 

census taking worldwide through the normative role of international monitoring 

arrangements. As evidenced by the limited or non-existent water quality and supply 

interruption components within population census data, some components of proposed 

indicators for international monitoring such as water safety (‘free of faecal and priority 

chemical contamination’) and availability (‘available when needed’) will be difficult to 

capture via a single data source. Since collaboration of water quality test module might 

be too expensive to be an option for population censuses due to their much greater 

sample sizes in comparison with household surveys, it is likely to become increasingly 

important for population census data to be used integrating with other data streams. 
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Chapter 3 Spatial Integration of Population Census and 

Water Point Data Sets 

3.1 Introduction 

As discussed in previous chapters, the international focus on drinking water has been 

shifted to a broader agenda through the new SDGs. The newly defined indicators for 

monitoring progress towards the SDG targets have raised further concerns regarding 

appropriate datasets, which require broader information coverage (i.e. availability, safety, 

accessibility, sustainability, affordability, etc.) as well as higher level of spatial 

disaggregation (e.g. in terms of issues such as spatial inequality). If used in isolation, 

existing conventional data sources such as population censuses and household surveys 

may not be able to meet the expanded needs for more sophisticated international and 

national monitoring; this suggests a need to integrate conventional data on household 

drinking water with other data concerning water service levels related to the Human 

Right to Water and Sanitation (United Nations General Assembly 2010). 

In this chapter, population censuses are selected as the representative of the 

conventional data on household drinking water since they generally contain vital 

information about population/household-based inequalities and socio-economic 

characteristics and may be spatially disaggregated to a greater extent than household 

surveys. In comparison, water point data as the novel data could provide supplementary 

information concerning water quantity and quality issues. As introduced in Chapter 1, 

there are different forms of water point data, such as the national water well databases 

and WPM data sets, of which the information generally varies according to the purposes 

of original projects however mostly consist of key characteristics such as locational 

information, type of water point, status or functionality of water point, construction 

information, water quality (including both perceived/aesthetic characteristics (e.g. 

colour, taste, etc.) and chemical/micro-biological parameters (e.g. E.coli, fluoride, arsenic, 

etc.)), service continuity and other information (e.g. lithology). Examples could range 

from the data generated from WPM activities led by WaterAid, which was first carried 
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out in Malawi in 2002, and then in other countries such as Tanzania, Uganda and Ethiopia 

in later years (Welle 2005, 2007) to the other forms of point-based databases for certain 

type(s) of groundwater source, such as the Cambodia Well Map by the Ministry of Rural 

Development (MRD) of Cambodia and Water and Sanitation Program (WSP) of the World 

Bank (2010), and the Groundwater Data Bank by the Local Water Utilities Administration 

(LWUA) of Philippine (LWUA Research Division 2003).  

The main advantage of water point data is that it can provide accurate spatial 

representation showing the detailed locations where people obtain water as well as the 

characteristics of the water source, based on water supply information rather than 

population or household information. This can also enable the capture of information 

such as water quality, status of payment, maintenance, and the functionality of water 

sources, which are highlighted in SDG targets however cannot be measured by 

conventional data used for international monitoring (population census and household 

surveys). However, water point data from different sources can have inconsistent 

formats, indicators, definitions and terminologies, leading to problems in harmonisation. 

For example, even though both WPM data from Tanzania and Liberia are measuring 

‘improved water points’, Tanzania WPM data only considered publicly accessible 

improved water points in rural areas, and excluded improved water points within private 

households or in urban areas, while Liberia WPM data contained those located in private 

households and in urban areas, but excluded piped water sources with the exception of 

standpipes. As a drawback, the clearly described but not internationally standardised 

definitions would still challenge the utility of water point data for international 

comparison, or integration with other data sets such as population census. 

Being restricted to specific type(s) of water source and/or subnational areas, water point 

data in practice has other limitations, such as the poor quality; low public accessibility; 

and difficulty in re-use for other purposes after the original projects. However, there are 

attempts to overcome the drawbacks, such as the efforts by the Water Point Data 

Exchange (WPDx) working group to define standards for harmonisation (Jewell 2015), 

and provide the WPDx platform for sharing water point data globally.  
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In general, point-based spatial information on water sources is of limited utility for 

understanding patterns and supporting decision making without being related to 

population-based information. As both population census and water point data have 

their advantages and limitations, they could be supportive of each other so as to meet 

the expanded demands for more sophisticated international monitoring of water access. 

This chapter therefore aims to (1) quantify the apparent differences in population served 

by specific water source types, based on population census versus water point data; (2) 

examine potential barriers to integrating population census and water point data to 

meet SDG monitoring needs; (3) evaluate the potential insights into household water 

use and monitoring that may be gained from integrating these two data sets; and (4) 

examine spatial coverage of water point that matching population census data for 

subsequent studies which aim to model spatially disaggregated population estimates by 

certain types of drinking water access. 

3.2 Methodology 

3.2.1 Study countries and data 

Three case study low income countries including Cambodia, Liberia, and Tanzania are 

chosen for their relatively detailed population census content on water source 

categories according to the analysis in Chapter 2 and availability of extensive water point 

data sets. Geo-referenced Cambodian population census 2008 data were obtained from 

a Southeast Asian open data website named Open Development Cambodia (ODC) 

(http://www.opendevelopmentcambodia.net/). These data consist of administrative 

levels 1-3 (namely province, district, and commune levels) as vector polygons and 

administrative level 4 (namely village level) as vector points. Water point data for 

Cambodia were obtained from the national water well databased named Cambodia 

WellMap (http://cambodiawellmap.com/) which includes 59,759 records of drilled, dug 

and combination well points, originally sourced from a series of non-governmental 

organisations (NGOs) and government entities.  

http://www.opendevelopmentcambodia.net/
http://cambodiawellmap.com/
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Figure 3.1 Cambodian, Liberian and Tanzanian water point data sets overlaying with 

population census boundaries. 

Liberian 2011 water point data were acquired from WASH Liberia (https://wash-

liberia.org/) which consists of 10,001 improved water points, with associated 

demographic data (i.e. population and household numbers) from the 2008 Liberian 

population census at administrative level 1 (namely county level). Tabular data of 

households by main source of drinking water were derived from the Liberian population 

census 2008 analytical report on housing conditions and housing facilities (Liberia 

Institute of Statistics and Geo-Information Services 2011). For Tanzania, 2012 population 

census were obtained from the Tanzania National Bureau of Statistics portal 

(http://www.nbs.go.tz/); water information at administrative level 2 (namely district level) 

was derived from regional basic demographic and socio-economic profiles. Tanzanian 

water point data were derived from the WPDx (https://www.waterpointdata.org/) 

database, covering 23,352 records which were contributed by different sources with the 

exclusion of water points contain inexact or missing GPS coordinates.  

3.2.2 Water point data pre-analysis preparation 

In order to match water point data with population census data, the initial database was 

https://wash-liberia.org/
https://wash-liberia.org/
http://www.nbs.go.tz/
https://www.waterpointdata.org/
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filtered to remove disused non-domestic water points and those constructed following 

census enumeration. Water points that met any of the following criteria were therefore 

removed: 

(1) The water point was recorded as disused facility (e.g. abandoned, not functional, 

closed due to lack of payment, etc.); 

(2) The recorded water point was installed after the time of census enumeration; 

(3) The water point was recorded as serving a facility, workplace (e.g. school, health 

centre, police station, factory, etc.), and place of worship (e.g. church, temple, etc.) 

rather than households; 

(4) The water point could be ambiguously identified as water source for other purposes 

rather than drinking (e.g. a cattle trough would be considered as for watering animals 

rather than providing water for household members to drinking); 

(5) The water point could be ambiguously identified as secondary source rather than 

main source. 

For some information which was generally ambiguous, water points were identified and 

removed as far as possible. For example, some water points reported having 

functionality issue(s) may have other characteristics (e.g. perceived water quality) 

indicating that they were actually being used; take groundwater-based technologies (e.g. 

hand dug wells, boreholes) as an example, the reason may be: 

(a) The functionality data were reporting issue(s) or damage(s) of any component of the 

water supply facility; some components do not directly affect the use of facility for 

providing water, such as the concrete apron or the drainage channel (see Figure 3.2);  

(b) The core component such as the well head (e.g. windlass, pump, etc.) went non-

functional, however people may remove the pump and well cover and fetch water 

directly from the well (in which case the facility could still provide water for people, 

however should be considered as unimproved open well). 
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Figure 3.2 Components of a protected dug well installed with windlass and well cover at the 

head. 

Source: (UNHCR 1992) 

Therefore, water points reported having functionality issues were considered as disused 

only if there were no other characteristics such as perceived water quality or service 

continuity that indicating they were potentially being used. In addition, ‘functional’ 

water point may not be ‘in-use’ if specified, for example, abandoned due to water quality 

issues. Missing data were not excluded when they cannot be unambiguously identified 

as meeting any of the criteria above. 

3.2.3 Locational matches between population census and water point data sets 

In consideration of frequent changes of administrative division systems, GPS coordinate 

was used as the basis of location identifier in this study. The water points with missing 

GPS coordinates or unreasonable location (e.g. in the sea or outside the national 

boundaries) were therefore removed from the original data, considered as unusable or 

missing data. Where there was a mismatch between GPS coordinates and recorded 

administrative area, the administrative area information (i.e. name, ID) was corrected 

according to the GPS location. The target administrative level for Cambodia was set at 

the commune level rather than village level, given that water points with mismatched 

geo-information are more easily to be found in commune boundaries, in comparison to 
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using village points. 

3.2.4 Definitional matches between population census and water point data sets 

Besides the location details, another key linkage between population census and water 

point data sets was the definitional matches of the drinking water supplies. For water 

point data, information was generally more detailed on water supply facilities.  For 

example, Tanzania water point data contained information such as the original source of 

water (e.g. groundwater, surface water, spring, rainwater), type of water point (e.g. 

standpipe, hand pump, etc.), and water extraction or lifting system (e.g. Afridev hand 

pump, electrically driven mechanised pump, gravity scheme, etc.); whilst Liberia water 

point data provided information on water point type, alongside hand pump type for dug 

well or drilled well, number of tap for kiosk, and tank capacity for kiosk with elevated 

tank. In comparison, the water source categories in population census data were user-

based and generally less detailed.  

 
Figure 3.3 Components of central combined well (A) and lateral combined well (B). 

Source: (Veyrenche et al. 2005) 

In this study, the Cambodian water point data contain three well water point categories, 

namely drilled well, dug well, and combination well (e.g. an open well constructed above 

or next to an tube well in order to be refilled by the water lifted by the tube well from 

confined and deep aquifer, see Figure 3.3 for example), whilst the Cambodian population 
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census differentiates protected dug wells, unprotected dug wells and tube wells. Since 

water point data do not distinguish protected dug wells from tube wells and since 

combination wells could not be unambiguously placed into the tube well or dug well 

category, these three categories were collapsed together in both data sets to facilitate 

comparison.  

Similarly, the Liberian WPM data denomination includes only improved water points 

excluding piped source, consists of ‘standpipe’, ‘automatic pump’, ‘manual pump on 

borehole’, ‘manual pump on hand-dug well’, ‘protected spring’, ‘water kiosk with 

elevated tank’, and ‘water kiosk without elevated tank’; whilst the Liberian population 

census denomination for improved drinking water covers ‘pipe or pump indoors’, ‘pipe 

or pump outdoors’, ‘public tap’, and ‘closed well or protected spring’. Since population 

census data do not distinguish pump indoors/outdoors from pipe indoors/outdoors and 

since water kiosk could not be unambiguously placed into public tap or other source, the 

target water source type for Liberia in this study was set as ‘protected dug well and 

spring’, which was matched to the sum of ‘manual pump on hand -dug well’ and 

‘protected spring’ in the WPM data. 

For Tanzania, water point data differentiates most of the water source categories in 

population census data (only with the exception of ‘cart with small tank/drum’) as it 

contains very detailed information on original water source, water extraction system, 

and water point type. However, for some categories such as piped water into dwelling 

or into yard, open water (e.g. dam, river, etc.), tanker truck, and bottled water, only very 

few water points in those types were recorded (e.g. only two ‘piped into dwelling’ and 

only one ‘bottled water’), they were therefore excluded in this study. In addition, ‘other’ 

and ‘not recorded’ were also excluded, given they could not be unambiguously placed 

into any category in census data. The final target water point types of Tanzania include 

standpipe, tube well or borehole, dug well, and spring. 

3.2.5 Measuring water point data coverage for matching population census data 

Water point data were generally collected for specific subnational areas in keeping with 

project priorities or donor interests. Currently, existing national level water point 
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databases were normally generated by consolidating water point records from several 

different sources into single, integrate databases, which inevitably lead to mismatches 

of unharmonised characteristics crossing original data sources, and incomplete spatial 

coverage of water points at the national level. In addition, for some cases such as WPDx 

database, water points with inexact or missing location information were excluded from 

the database for ensuring data quality. Therefore, in consideration of integrating with 

population census data and enabling applications for international monitoring at 

national level, the spatial coverage of water point needs to be determined.  

To identify gaps in water point coverage in each administrative area, the ratio of census-

based population using the water source to the maximum population potentially served 

by the recorded water points was calculated as the index of water point shortage: 

Ix(A)=
∑[Nxi(A)Sxi]

Px(A)
  [Equation 3.1] 

where Px(A) represents the total census population using water source type x (e.g. tube 

well, dug well, spring, etc.) as main drinking source within administrative area A; when 

Px(A)=0 (no record of certain water source user), Ix(A)=1; Nxi(A) is the number of water 

point type x with the water extraction/lifting method i (e.g. hand pump, powered pump, 

etc.) within administrative area A; and Sxi refers to the maximum population served by 

water point type x with the water extraction/lifting method i, as all water points are 

assumed serving the maximum design capacity population. 

The index of areal water point shortage Ix(A) measures the completeness of water point 

data coverage for an administrative areal unit A. When Ix(A) is less than 1, it suggests 

incomplete water point data coverage in area A, since the maximum capacity of recorded 

water points could not serve the headcount reported in the population census for that 

area. Ix(A) greater than 1 is harder to interpret, but suggests more complete water point 

data coverage, potentially that water point data features represent seasonal, secondary 

drinking water sources or water supply for other purposes, or potentially that individual 

water points served fewer population than suggested by the sources in Tables 3.1-3.4. 

When Ix(A) equals to 1 because the census has no household using water source type i 

within administrative area A, any water points recorded within A are likely to be 
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secondary household drinking water sources or used for other purposes.  

Tables 3.1-3.4 show the detailed maximum population served (Sxi) of different types of 

water point and extraction/lifting techniques in Cambodian, Liberian and Tanzanian 

water point data sets. To estimate the maximum number of people theoretically being 

served for each water point, plausible numbers were assumed based on the type of 

water point and the type of water extraction or lifting method following technical 

information and experiences from previous studies (Jordan 1984, Baumann 2000, 2011, 

Smet and van Wijk 2002, Mwakali 2006, Baumann et al. 2010). For groundwater point 

such as tube well or drilled borehole, dug well, the assumed maximum number of people 

served was based on the pump or water lifting method (detailed in Tables 3.1-3.3). 

Where technical data could not be obtained (e.g. ‘other’ pump model), different 

assumptions were made based on logical inferences, for example, examining possible 

type(s) of pump being used according to the depth range of well, so to estimate the 

maximum population served in theory based on technology guidelines (Baumann 2000, 

Baumann et al. 2010).  

Basically, a general manual pump installed well point (generally deeper than 7m) without 

technical data was assumed to be capable of serving 300 people, as water points 

(especially groundwater sources) are generally assumed to serve 250 or 300 people in 

most previous studies (Welle 2005, Rabbani 2009, Uganda Ministry of Health et al. 2009, 

WASH Liberia Consortium 2013), and most hand pumps designed for medium or heavy 

duty could serve up to 300 people sustainably (Baumann 2000, Baumann et al. 2010). 

For dug wells without data on pump model, different assumptions were considered, for 

example, a dug well point was capable of serving 300 people when the depth was found 

greater than 7m and a hand pump was installed; or serving 150 people when the depth 

was found less than 7m and a suction hand pump was installed; or serving 50 people in 

maximum when there was no pump installed and people extract water with bucket and 

rope or windlass. The assumed maximum population served by water points other than 

groundwater points were listed in Table 3.4, however were not distinguished by water 

extraction/lifting method due to lack of sufficient information. 
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Table 3.1 Maximum population served for different types of pump in Cambodia. 

Pump type ‘PUMP_MODEL’ ‘WELL_TYPE’ ‘DRI_TOT_DE’ ‘PUMP_TYPE’ ASI ASII ASIII 

Afridev Afridev - - - 300 300 300 

Dragon * Dragon - - - 300 100 300 

Giant * Giant - - - 300 100 300 

INALSA * INALSA AF - - - 300 300 300 

India Mark India / India 1 - - - 300 300 300 

India Mark II India 2 / M II - - - 300 300 300 

India Mark III In. III / India 3 / M III - - - 300 300 300 

Indonesia * Indonesia - - - 300 300 300 

MALAISIE * MALAISIE - - - 300 50 300 

No. 6 NO 6 - - - 100 100 300 

PAT * PAT - - - 100 100 300 

Rope Pump Rope Pump - - - 70 70 300 

Submersible SUBMERSIB - - - 5000 500 300 

Tara Tara - - - 100 100 300 

Unknown * WATER TAP - - - 5000 300 300 

Unknown Other No data ≤ 25 (m) - 300 50 300 

Unknown Other  > 25 (m) Handpump Well / Combined Well 300 300 300 

Unknown Other  > 25 (m) No data 5000 300 300 

Unknown No data Drilled Well / No data ≤ 25 (m) - 300 50 300 

Unknown No data Drilled Well / No data > 25 (m) Handpump Well / Combined Well 300 300 300 

Unknown No data Drilled Well / No data > 25 (m) No data 5000 300 300 

Unknown No data Dug Well - - 300 50 300 

Field names in single quotation marks represent the corresponding field names used in Cambodia WellMap data; fields ASI - ASIII refer to the numbers of maximally
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served population based on assumptions I, II, III respectively. Hand pump models without obtained technical data were marked with *; corresponding assumptions 

were made based on well type and depth, alongside information in obtained historical documents (The World Bank 1985, UNICEF 1997, Mwakali 2006). 

Table 3.2 Maximum population served for different types of pump in Liberia. 

‘WP_TYPE’ ‘HP_TYPE’ ASI ASII ASIII 

Manual pump on hand-dug well Afridev 300 300 300 

Manual pump on hand-dug well Consallen 300 300 300 

Manual pump on hand-dug well Elephant pump * 150 150 300 

Manual pump on hand-dug well India Mark 300 300 300 

Manual pump on hand-dug well Kardia * 300 300 300 

Manual pump on hand-dug well Vergnet 300 300 300 

Manual pump on hand-dug well Other handpump model 300 50 300 

Manual pump on hand-dug well Unknown or Unclear (e.g. head missing/stolen) 300 50 300 

Field names in single quotation marks represent the corresponding field names used in Liberia 2011 Water Point Mapping data; fields ASI - ASIII refer to the numbers 

of maximally served population based on assumptions I, II, III respectively. Hand pump models without obtained technical data were marked with *; corresponding 

assumptions were made based on well type and depth, alongside information in obtained historical documents (Arlosoroff et al. 1984, USAID 2016). 

Table 3.3 Maximum population served for different types of pump in Tanzania. 

Water source Extraction method Water point type ASI ASII ASIII 

Shallow well Aflewell pump Hand pump 300 50 300 

Shallow well / Hand-drilled tube well / Machine-drilled borehole Afridev Hand pump 300 300 300 

Machine-drilled borehole Cemo Hand pump 5000 500 300 

Shallow well / Machine-drilled borehole Climax Other 5000 1000 300 

Shallow well / Machine-drilled borehole Gravity Hand pump 300 150 300 

Shallow well / Hand-drilled tube well / Machine-drilled borehole India Mark II Hand pump/Other 300 300 300 

Machine-drilled borehole India Mark III Hand pump 300 300 300 
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Water source Extraction method Water point type ASI ASII ASIII 

Shallow well / Hand-drilled tube well Kangaroo Hand pump 300 300 300 

Machine-drilled borehole KSB Hand pump 5000 500 300 

Shallow well Mkulima/Shinyanga Hand pump 300 50 300 

Shallow well / Machine-drilled borehole Mono Hand pump/Other 5000 500 300 

Shallow well / Hand-drilled tube well / Machine-drilled borehole Nira/Tanira Hand pump/Other/Not recorded 300 300 300 

Hand-drilled tube well / Machine-drilled borehole Play pump Hand pump 200 200 300 

Shallow well / Hand-drilled tube well Rope pump Hand pump 70 70 300 

Shallow well / Hand-drilled tube well / Machine-drilled borehole Submersible Other/Hand pump 5000 500 300 

Shallow well / Hand-drilled tube well / Machine-drilled borehole SWN 80 Hand pump 300 300 300 

Shallow well / Hand-drilled tube well / Machine-drilled borehole SWN 81 Hand pump 300 300 300 

Hand-drilled tube well / Machine-drilled borehole Walimi Hand pump 250 250 300 

Shallow well Windlass Hand pump/Other 70 50 300 

Machine-drilled borehole Windmill Hand pump/Other/Windmill 2000 500 300 

Shallow well / Hand-drilled tube well Other Hand pump/Other 300 50 300 

Machine-drilled borehole Other Hand pump 300 50 300 

Machine-drilled borehole Other Other 5000 50 300 

Shallow well / Hand-drilled tube well / Machine-drilled borehole None Hand pump/Other 50 50 300 

- - Borehole or tubewell 5000 50 300 

- - Protected dug well 300 50 300 

- - Unprotected dug well 50 50 300 

Fields ASI - ASIII refer to the numbers of maximally served population based on assumptions I, II, III respectively. Assumptions for pump models without obtained 

technical data were made based on (Arlosoroff et al. 1984, DHV 1984, International Development Research Centre 1984, Jordan 1984, Jiménez and Pérez-Foguet 

2011b). 
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Table 3.4 Maximum population served for different types of water point. 

Water point type ASI ASII ASIII 

Standpipe single tap 150 70 300 

Standpipe multiple taps 500 300 300 

Standpipe (Unknown) 500 70 300 

Protected spring 300 150 300 

Fields ASI - ASIII refer to the numbers of maximally served population based on assumptions I, II, 

III respectively. 

Tree assumptions were calculated in this study, detailed as follow: 

Assumption I (ASI) – the maximally served population for groundwater point (e.g. drilled 

borehole, dug well, etc.) was based on the capacity of pump or other lifting method 

being used; when technical data of certain water point was unavailable, the possible 

technique with the largest capacity was assumed to be used. For example, for a water 

point less than 15m without technical data, we assumed that a deep well hand pump 

was installed and it therefore was capable of serving 300 people; 

Assumption II (ASII) – the maximally served population for groundwater point was based 

on the capacity of pump or other lifting method being used; when technical data of 

certain water point was unavailable, the possible technique with the smallest capacity 

was assumed to be used. For example, for a water point less than 15m without technical 

data, we assumed that a light duty low cost hand pump (e.g. EMAS Flexi pump) was 

installed, or simply rope and bucket or windlass was used for collecting water, and it 

therefore was capable of serving 50 people; 

Assumption III (ASIII) – regardless which extraction or lifting method was used, the type 

of water point (e.g. standpipe, drilled well, dug well, etc.) were used as a basis to 

estimate the population being served; therefore we assumed that any drilled well or dug 

well point could serve 300 people. 

Water point coverage was measured for the three study countries at different available 

administrative levels based on the assumptions above. Although Liberian water point 

data were collected through a government-coordinated campaign which reportedly had 

a complete coverage of water point for non-piped improved water points (standpipes 

not excluded), water point coverage is also measured in this study in order to determine 



 

89 
 

the gap between the actual complete water point coverage and assumed basic 

requirement of water point coverage for integrating population census data. 

3.2.6 Analysis of Ix(A) values 

In contrast to Liberia, water point exercises in Tanzania and Cambodia were undertaken 

by multiple organisations, and the data collection and mapping approaches therefore 

might potentially vary depending on the responsible organisation. In this study, Ix(A) 

values of Cambodian communes were aggregated by groups according to the original 

water point inventory source (as direct information on data collection institution was not 

reported) to explore the inter-group variation in data quality: Resource Development 

International (RDI) Drinking Water Quality Index (DWQI) Database; RDI Rope Pump Table; 

Tonle Sap Rural Water Supply and Sanitation Sector Project (TSRWSSP) Hard Copies; 

TSRWSSP Well Database; UNICEF Arsenic Database; UNICEF/Cambodia Ministry of Rural 

Development (MRD) Well Database; and World Vision Hard Copies. Boxplots were used 

to examine the distribution of Ix(A) values for the groups. Since the covered communes 

varied by different groups, one-way ANOVA was then used to test for significant 

differences in data coverage (Ix(A)) between different original water point inventory 

sources, alongside Scheffé’s method as Post Hoc test. 

For Tanzania, Ix(A) values could be aggregated by groups according to the data collection 

institutions: AMREF Health Africa; Concern Worldwide; Ingeneras sin Fronteras 

(Engineers without Borders, ISF); Plan International; SNV Netherlands Development 

Organisation; WaterAid; and other (e.g. for water points in WPDx data which were not 

sourced from initial Tanzanian WPM campaign). However, for many groups (e.g. AMREF, 

Concern, ISF, etc.), there were only small numbers of covered districts; Tanzanian Ix(A) 

values were therefore not tested in this study. 

3.2.7 Data integration 

To illustrate the potential benefits of integrating population census and water point data, 

this study focussed on Liberia where WPM was centrally coordinated and the index 

values were all greater than 1. In each county, census-based proportion of population 

was adjusted using protected wells downwards to exclude source with three types of 
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problem identified through water point data. These problems included user-reported 

water quality issues (e.g. salty taste; rust-coloured water); water points whose 

functionality was described as ‘working but with problems’; and point sources that were 

unable to provide sufficient water all year round according to users. In doing so, each 

water point was assumed served the same number of population within each county. 

Coverage figures were therefore adjusted to take account of perceived water quality, 

impaired source functionality, and user-reported sufficiency of water supply. 

3.3 Results 

Table 3.5 Indicators used to identify water points for exclusion, based on available information 

in water point data sets. 

Exclusion 

criteria 
Field in WPM data Indicator 

Disused 

KHM: ‘CONDITION’ 

LBR: ‘QUANTITY’ 

TZA: ‘#status’ 

KHM: ‘abandoned wells’ and ‘dry wells’ 

LBR: ‘Dry (permanently)’ 

TZA: could be recognised as abandoned 

water points (e.g. ‘…|Reason Not 

Functioning: Abandoned|Quantity:Dry|…’) 

Installed after 

census date 

KHM: ‘DRI_END_DATE’ 

LBR: ‘AGE’ 

TZA: ‘#install_year’ 

KHM: after March 2, 2008 

LBR: after 2008 

TZA: after 2012 

Not for 

serving 

household 

KHM: ‘FACILITY’ 

‘OWNER_NAME’ 

‘VILLAGE’ 

LBR: ‘COMMUNITY’ 

TZA: ‘installer’ 

KHM: (1) ‘FACILITY’ recorded as ‘school’, 

‘health centre’, or ‘wat’ (Buddhist temple); 

(2) ‘OWNER_NAME’ shown as a school or 

health centre name; (3) field ‘VILLAGE’ 

recorded a school or health centre name 

rather than village name. 

LBR: recorded a workplace, school, health 

centre, police station, etc. 

TZA: recorded a school or primary school 

Not for 

drinking 

KHM: -- 

LBR: ‘USE’ 

TZA: ‘#water_tech’ 

KHM: Not identifiable 

LBR: ‘No abandoned for drinking’ 

TZA: ‘cattle trough’ 

KHM: Cambodia; LBR: Liberia; TZA: Tanzania 

Table 3.5 shows the main indicators used in this study for identifying water points for 

exclusion, based on information provided directly in water point data sets. Figures 3.4 

show the number of water points excluded during pre-processing for the three study 

countries based on these indicators. More than half (55.5%) of Liberian water points 
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were abandoned (8.7%), installed after the 2008 population census (24.6%), serving 

workplaces or facilities (2.4%), not used for drinking (11.5%), having implausible 

coordinates (<0.1%), or without census equivalent (8.3%) and therefore excluded. In 

comparison, only 3.3% and 9.8% of the water points were excluded from Cambodian and 

Tanzanian data sets respectively. Table 3.6 provides summary information for the water 

points included for each study country. 

 

 

Figure 3.4 Numbers of water points excluded when linking Cambodian (KHM), Liberian (LBR) 

and Tanzanian (TZA) water point data sets during each stage of pre-processing. 

Raw data 

KHM 59,759 

LBR 10,001 

TZA 23,352 

Excluded as: 

Disused 

(KHM 81; LBR 867; TZA 249) 

Installed after census date 

(KHM 242; LBR 2,463; TZA 0) 

Not serving households 

(KHM 1,294; LBR 237; TZA 11) 

Not used for drinking purposes 

(KHM 0; LBR 1,151; TZA 608) 

Installed household 

drinking water point in use 

KHM 58,142 

LBR 5,283 

TZA 22,484 

Excluded as: 

Lacking coordinates 

(KHM 340; LBR 0; TZA 0) 

Implausible coordinates 

(KHM 1; LBR 3; TZA 111) 

Locational matching 

KHM 57,801 

LBR 5,280 

TZA 22,373 

Definitional matching 

KHM 57,801 

LBR 4,446 

TZA 21,164 

Excluded WPM categories with no 

census equivalent 

 KHM 0 

LBR 834 

TZA 1,209 

Excluded categories with few WPM 

records 

KHM 0 

LBR 0 

TZA 102 

Definitional matching 

KHM 57,801 

LBR 4,446 

TZA 21,062 
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Table 3.6 Characteristics of water points included in Cambodia, Liberia and Tanzania. 

Characteristics Cambodia Liberia Tanzania 

Year of installation 

Pre-1990 
3,180  

(5.50%) 

95  

(2.14%) 

7,426 (35.26%) 

1990-1999 
18,801 

(32.53%) 

270 

 (6.07%) 

5,860 (27.82%) 

2000-2009 (and after) 
32,426 

(56.10%) 

3,601 

(80.99%) 

7,507 (35.64%) 

Unknown 
3,394  

(5.87%) 

480  

(10.80%) 

269  

(1.28%) 

Water point type 

Drilled well 
21,622 

(37.41%) 

0  

(0%) 

2,540 (12.06%) 

 Auto-pump (500-5000) 
1 

 (<0.01%) 

0 

 (0%) 

102 

 (0.48%) 

 Heavy duty hand-pump (250-300) 
7,151 

(12.37%) 

0 

 (0%) 

2,029 

 (9.63%) 

 Median duty hand-pump (150-200) 
0 

 (0%) 

0 

 (0%) 

4 

 (0.02%) 

 Light duty hand-pump (70-100) 
4,516 

 (7.81%) 

0 

 (0%) 

70 

 (0.33%) 

 Hand-pump (other/unknown) 
4 

 (<0.01%) 

0 

 (0%) 

242 

 (1.15%) 

 Other/unknown 
9,950 

(17.21%) 

0 

 (0%) 

93 

 (0.44%) 

Dug well 
955 

 (1.65%) 

4,438 

(99.82%) 

5,833 (27.69%) 

Heavy duty hand-pump (250-300) 
0 

 (0%) 

4,401 

(98.99%) 

4,273 (20.29%) 

Median duty hand-pump (150-200) 
0 

 (0%) 

1 

 (0.02%) 

0 

 (0%) 

Light duty hand-pump (70-100) 
287 

 (0.50%) 

0 

 (0%) 

3 

 (0.01%) 

Rope & bucket/windlass (50-70) 
0 

 (0%) 

0 

 (0%) 

566 

 (2.69%) 

Hand-pump (other/unknown) 
0 

 (0%) 

2 

 (0.04%) 

423 

 (2.01%) 

Other/unknown 
668 

 (1.16%) 

42 

 (0.94%) 

568 

 (2.70%) 

Protected dug well 
287 

 (0.50%) 

4,396 

(98.88%) 

5,833 (27.69%) 
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Characteristics Cambodia Liberia Tanzania 

Water point type 

Other/unknown well 
35,224 

(60.94%) 

0 

 (0%) 

0 

 (0%) 

Improved spring 
Not 

 applicable 

8 

 (0.18%) 

614 

 (2.92%) 

Standpipe 
Not 

 applicable 

0 

 (0%) 

12,075 

(57.33%) 

 Standpipe – single tap 
Not 

 applicable 

0 

 (0%) 

8,129 (38.60%) 

 Standpipe – multiple taps 
Not 

 applicable 

0 

 (0%) 

3,940 (18.71%) 

 Standpipe – unknown 
Not 

 applicable 

0 

 (0%) 

6 

 (0.03%) 

Total included water point 
57,801 

 (100%) 

4,446 

 (100%) 

21,062 

 (100%) 

 

Table 3.7 summaries the measured Ix(A) index by census administrative level and 

country, based on the three different assumptions about water point capacity. Based on 

ASI (highest capacity estimates), 43.3% of the communes in Cambodia had incomplete 

water point coverage when compared with population census 2008 data, and this 

number increased to 61.8% when based on ASII (lowest capacity estimates). There were 

42.0% and 37.5% respectively of Cambodian districts and provinces with incomplete 

coverage based on ASI, increasing to 63.2% and 54.2% based on ASII. For Tanzania, most 

regions (administrative level 1) and districts had incomplete water point coverage of 

public taps/standpipes, tube wells/boreholes, protected dug wells, and protected 

springs in comparison with population census 2012 data. At administrative level 2, water 

point coverage appeared greater for standpipes (77.5% – 85.2% of districts with 

incomplete coverage, depending on assumptions) than for springs (91.7% of districts 

with incomplete coverage). At administrative level 1, over 90% of regions had incomplete 

coverage for all source types. None of the 15 counties in Liberia had apparently 

incomplete water point coverage. Figure 3.5 shows coverage measure derived from 

water point data versus household drinking water source use in population census by 

country and source type, based on a moderate assumption about population served by  
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Table 3.7 Descriptive statistics for the ratio of census-based population using different water sources to the maximum population potentially served by the 

recorded water points (Ix(A)) for Cambodia (KHM), Liberia (LBR) and Tanzania (TZA) by census administrative level. 

 KHM 

adm1 

KHM 

adm2 

KHM 

adm3 

LBR 

adm1 

TZA-p 

adm1 

TZA-t 

adm1 

TZA-d 

adm1 

TZA-s 

adm1 

TZA-p 

adm2 

TZA-t 

adm2 

TZA-d 

adm2 

TZA-s 

adm2 

N 24 193 1621 15 30 30 30 30 169 169 169 169 

ASI (largest capacity-based assumption) 

Ni  9 81 702 0 27 24 27 28 131 135 141 155 

Pi  37.5% 42.0% 43.3% 0.0% 90.0% 80.0% 90.0% 93.3% 77.5% 79.9% 83.4% 91.7% 

Max 35.30 178.89 2093.7 27.98 1.76 3.54 1.56 1.00 8.19 35.29 13.27 10.04 

Min 0.00 0.00 0.00 1.38 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Avg 5.13 7.60 23.46 8.06 0.41 0.57 0.35 0.20 0.67 0.80 0.50 0.30 

SD 7.73 18.38 110.47 6.22 0.49 0.82 0.41 0.29 1.35 3.01 1.35 1.16 

ASII (smallest capacity-based assumption) 

Ni  13 122 1002 0 30 28 28 28 144 152 145 159 

Pi  54.2% 63.2% 61.8% 0.0% 100.0% 93.3% 93.3% 93.3% 85.2% 89.9% 85.8% 94.1% 

Max 9.42 22.59 342.21 27.77 0.97 2.26 1.51 1.00 4.83 8.14 13.14 5.02 

Min 0.00 0.00 0.00 1.35 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Avg 1.57 2.00 4.87 8.03 0.23 0.27 0.32 0.13 0.36 0.36 0.46 0.16 

SD 2.36 3.96 19.12 6.19 0.27 0.47 0.39 0.25 0.74 1.11 1.32 0.59 

ASIII (empirical number-based assumption) 

Ni  11 109 848 0 26 28 26 28 132 148 141 155 

Pi  45.8% 56.5% 52.3% 0.0% 86.7% 93.3% 86.7% 93.3% 78.1% 87.6% 83.4% 91.7% 

Max 16.63 53.22 402.29 27.98 2.87 5.20 1.97 1.00 14.83 13.29 14.72 10.04 
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 KHM 

adm1 

KHM 

adm2 

KHM 

adm3 

LBR 

adm1 

TZA-p 

adm1 

TZA-t 

adm1 

TZA-d 

adm1 

TZA-s 

adm1 

TZA-p 

adm2 

TZA-t 

adm2 

TZA-d 

adm2 

TZA-s 

adm2 

ASIII (empirical number-based assumption) 

Min 0.00 0.00 0.00 1.38 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Avg 2.40 3.37 7.53 8.06 0.46 0.41 0.42 0.20 0.78 0.51 0.60 0.30 

SD 3.78 7.46 27.72 6.22 0.62 0.95 0.51 0.29 1.76 1.68 1.59 1.16 

N represents the number of administrative units; Ni and Pi represent the number and percentage of administrative units that have incomplete water point 

coverage (in relation to census data); Max, Min, Avg, and SD respectively are maximum, minimum, mean values, and standard deviations of measured Ix(A)s; 

p, t, d, s following TZA represent data on public tap/standpipe, tube well/borehole, protected dug well, and protected spring respectively. 

 

 

 

 

 

Figure 3.5 Scatter plot using base-10 log scale showing census-based 

population using different types of drinking water source (X) versus 

maximum population potentially served by the recorded water points 

(Y) for the study countries and types of water supply based on ASIII. 

Each dot represents an administrative unit; dot shapes represent 

different administrative levels; KHM, LBR, and TZA represent Cambodia, 

Liberia, and Tanzania respectively; areal units without record were 

excluded in this figure. 
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Figure 3.6 Ratio of census-based population using different water sources to the maximum 

population potentially served by recorded water points (Ix(A)) for <A> Cambodian districts, <B> 

Liberian counties, and <C> to <F> Tanzanian districts (standpipe, tube well, protected dug well and 

protected spring respectively), based on ASIII. 

water points (ASIII). The two measures were strongly correlated for Liberian counties 

(r=0.87, p<0.01, n=15) and Tanzania regions for protected springs (r=0.74, p<0.01, n=30), 

but weakly correlated for Cambodian districts and communes (r=0.21, p<0.01, n=193, 

and r=0.09, p<0.01, n=1,621, respectively), Tanzanian regions for tube wells (r=0.06, 

p=0.76, n=30) and districts for standpipes (r=-0.04, p=0.62, n=169), tube wells (r=0.04, 

p=0.61, n=169), and protected dug wells (r=0.21, p<0.01, n=169). Figure 3.6 shows the 

geographic patterns in the index measuring the ratio of census-based to source coverage 

derived from water point data. Water point coverage appeared incomplete in most parts 
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(56.5% of the districts) of Cambodia, primarily distributed in Cardamom and Elephant 

Mountains and North-western regions, with the exception of Pailin province; and also 

incomplete in most parts of Tanzania (78.1%, 87.6%, 83.4% and 91.7% for standpipes, 

tube wells, protected dug wells and protected springs, respectively); however, water-

point-derived coverage of all the four water source types are close to census-based 

figures in Bukoba, Chemba, Iramba, Kisarawe, Manyoni, and Missenyi districts. 

Agreement between population census and water point data changes with scales, as 

shown in Figure 3.7 for example. 

 

Figure 3.7 Example of cross-scale changes in water point-census agreement in Prey Veng 

Province, Cambodia. 

When Ix(A) index values were disaggregated by the predominant data source used to 

compile the Cambodian water point database in each commune (Figure 3.8), index 

values for two data sources, namely the RDI Rope Pump Table and World Vision Hard 

Copies, suggest complete water point coverage for all such communes. The one-way 

ANOVA found statistically significant differences in mean Ix(A) values between 

predominant data sources at α=0.05 (F =234.519; P-value<<0.001; F-critical=2.105); 

Scheffé’s test and boxplots suggested that communes where data from the RDI Rope 

Pump Table predominant had statistically higher mean index values at α=0.05 than other 

communes. 
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Figure 3.8 Boxplots of Cambodian commune-level Ix(A) by original data sources. 

The bottom (light blue) and top (dark blue) of the box represent the 25th and 75th percentiles 

respectively. Y-axis represents the Ix(A) value; x-axis is the name of original water point inventory 

source with corresponding number of communes with Ix(A)<1 and the total number of communes 

in brackets. 

 
Figure 3.9 Liberian integrated data showing respectively the percentage of users by county 

with protected wells/springs that were (A) fully functioning, (B) without perceived water 

quality issues, and (C) sufficient for year-round needs. 

Following integration of population census and water point data, most of protected dug 

well users were found served by water points without perceived quality issues that the 

percentages by county ranged from 76.2% to 95.4% (Figure 3.9 B). Grand Kru had the 

highest percentage (93.6%) of protected dug well/spring users using fully functioning 

sources, whilst Grand Bassa had the lowest (55.2%) (Figure 3.9 A). Maryland and River 
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Gee had the highest percentages (82.4% and 83.5%, respectively) of protected dug 

well/spring users using water sources reported sufficient for year-round needs, whilst 

the percentages dropped to lower than 50% in Nimba, Grand Cape Mount, and Gbarpolu 

(Figure 3.9 C). Overall, only 36.9% of protected dug well and spring users in Liberia were 

served by water points without functionality, sufficiency or quality issues; more than half 

of users were affected by one or more of these issues in most counties (Figure 3.10), 

with the exceptions of River Gee (71.6%), Grand Kru (64.2%), and Maryland (61.9%). 

 

Figure 3.10 Liberian integrated data showing the percentage of protected well/spring users by 

county using water sources that were fully functioning, without perceived water quality issues, 

and reportedly sufficient for year-round needs. 

3.4 Discussions 

This study suggests that for some countries, in this instance for Cambodia and Tanzania, 

available water point data have incomplete coverage at national and/or sub-national 

levels. Where water point data requires coordination of field activities by multiple 

agencies with scarce data collection resources, the approach presented here could help 

inform future planning of WPM activities by identifying gaps in data set coverage and 

prioritising areas for future surveys. Spatial representation of the ratio of census-based 

population using different water sources to the maximum population potentially served 
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by recorded water points (Figure 3.6) highlighted areas in Cambodia and Tanzania where 

many households reported using point groundwater sources, yet there were insufficient 

water points recorded in the water point data sets to account for such household use. 

Working towards comprehensive water point coverage in terms of potential applications 

for facilitating international and national monitoring of drinking water services, these 

areas could be considered priority areas for follow-up water point surveys.  

In Cambodia, the values of Ix(A) relative to the predominant source of water point data 

in each commune was examined, which suggested that there was coverage of water 

points more consistent with population census data in communes where data were 

predominantly drawn from the RDI Rope Table. The reasons for the apparently greater 

coverage require further investigation, but could reflect RDI’s involvement as the project 

partner in the development of the Cambodian rope pump version and perhaps detailed 

knowledge of their implementation in these communes. Such an approach could be 

expanded to assess other potential influences on census-water-point data comparison, 

such as the time lag between WPM field work and census enumeration dates. It would 

also be possible to examine whether census-derived measures of household use of a 

particular source type are correlated with measures derived via water point data sets.  

This study highlights several potential barriers to the spatial integration of water point 

data and population census data. A fundamental issue is that population censuses in 

general only record a household’s (main) drinking water source, whereas water point 

data typically records sources used for any purpose. In Liberia, for example, according to 

the 2014-15 Household Income and Expenditure Survey, closed wells were reportedly 

used by 6.0% of household for drinking, but 25.0% of households for cooking and 26.4% 

for washing (The World Bank 2016). Relative to these differences, seasonal variation in 

source use is less pronounced with, for example, reported closed well use for drinking 

only increasingly marginally to 6.6% in the dry season in Liberia. In contrast, water source 

use in Cambodia varies substantially by season, with 40.8% of rural households using 

rainwater in the wet season, but merely 10.1% in the dry season (National Institute of 

Statistics et al. 2015). In some parts of Cambodia (districts coloured blue in Figure 3.6 A), 
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and to a lesser extent in parts of Liberia and Tanzania, there were apparently large 

numbers of water points relative to the population reporting groundwater source use 

for drinking via the population census (see also Figure 3.5). This may indicate that many 

of the recorded water points are used for non-domestic purposes such as watering 

animals or irrigation. Recent studies have emphasised multiple use water services (van 

Koppen, Moriarty, and Boelee 2006, van Koppen et al. 2014), recognising that 

households often use different types of water source for different purposes. Water point 

data implicitly capture multiple use water services, whereas population census data 

generally only capture the main domestic or drinking water sources, thereby under-

estimating such multiple uses of water sources. Water point data may thus better reflect 

a wider range of water uses. 

Methodological work on spatial database integration highlights several general issues 

that affect the way that such databases can be combined (Devogele et al. 1998). These 

issues affect integration of water point data and population census data. Exact 

equivalence of entities in two spatial databases is rare and it is more common for entities 

in one database to include or intersect with entities in a second database (i.e. entities in 

one database are a subset, super-set, or only partially overlap with those in a second 

database). In this instance where water point data coverage is complete, water points 

implicitly captured by population census data are included in water point data: among 

the set of all water sources appearing in water point data (regardless of their usage or 

functionality), population census data only relate to the subset of these that are 

household domestic drinking water sources constructed before the census date. 

Conversely, census data capture piped connections, delivered water (e.g. tanker-truck, 

small cart with tank/drum) and packaged water (e.g. bottled water, sachet water), but 

these seldom feature in WPM data. One-to-one relationships between entities in 

different databases are similarly rare in spatial data aggregation. It is more common to 

find one-to-many (‘aggregation-fragmentation’) relationships because databases 

capture entities at different scales. This also occurs when integrating population census 

and water point data sets, since a single census area and water source type typically 
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relates to multiple water points and source types. Water source categories in several 

cases are collapsed to solve the conflict when undertaking integration, which can result 

in merged improved and unimproved water source types. In this situation, given that 

improved sources are no longer distinguishable in integrated data, their utility for 

international monitoring of drinking water consequently would be undermined.  

In addition, temporal mismatches between databases and the accuracy of both 

databases can affect their integration (Flowerdew 1991). Alongside seasonal source use 

as noted above, it is often difficult to establish from water point data when water points 

were abandoned or became operational, and thus unclear which sources were used on 

a given census enumeration date. Moreover, water points lacking plausible locations or 

source type information could not be matched to population census data. 

This section built a bridge between the two types of information by converting water 

point data to plausible numbers of population served per water point, based on technical 

information and experiences from previous studies; however, where technical data are 

missing or unclear, assumptions must be made in accordance with logical inferences. 

This may also impact the accuracy of the integration between population census and 

water point data sets, as the difference can be significant between assumptions. 

Furthermore, integration of the two data sets will be affected by population census data 

quality issues, such as under- or over-enumeration and misreporting by households of 

the drinking water source types that they use. 

In addition, the results confirm the value of collecting GPS coordinates for water points, 

as required under the WPDx standard (Global Water Challenge 2014). They also highlight 

several ways that water point data protocols could be modified to facilitate their 

subsequent integration with population census data. Firstly, collecting data on water 

point usage (e.g. where they serve a health care facility or school, or are used for 

agriculture) would enable removal of non-domestic water points prior to integration 

with population census data. If such data are not available, non-domestic water points 

could potentially be identified through map overlap with for example school and health 

care facility locations recorded in OpenStreetMap (OSM). Secondly, the government-
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coordinated WPM exercise in Liberia produced data that were more consistent with 

population census outputs than in Tanzania and Cambodia (Figures. 3.5 and 3.6), where 

water point survey was undertaken by multiple organisations. This highlights the data 

quality benefits of coordinated data collection. Finally, there is a need to better quantify 

the populations served by different water points. The number of users and different uses 

of water points could be quantified by introducing direct observation of users at a 

sample of water points, or else by interviewing a sample of community leaders or supply 

managers. 

Cross-scale comparison indicates that the agreement between population census and 

water point data is greater for larger areal units (e.g. Figure 3.7), which may be because 

proportionately more of the imprecisely georeferenced water points will be displaced 

across district or commune boundaries. Compared to provinces, more people may cross 

district or commune boundaries to reach water sources, with for example 2.1% of rural 

Cambodian households travelling long distances (more than 30 minutes round trip) to 

obtain drinking water in the wet season and 7.1% in the dry season (National Institute 

of Statistics et al. 2015). 

In Tanzania, the only country where multiple water source types were investigated in 

this study, the degree of inconsistency between population census and water point-

derived coverage varied by water source type (Figure 3.6 C – F). Almost all (99.89%) of 

the Tanzanian water points in the WPDx database were originally sourced from a 

previous WPM exercise which targeted Improved Community Water Points (ICWPs) but 

excluded private water points (Welle 2005) that are more numerous, sometimes 

inaccessible in household compounds, and thus harder to enumerate. In contrast, the 

population census covers both communal and private sources. Non-enumeration of 

privately owned wells and to lesser extent boreholes in Tanzanian WPM may explain the 

apparently better agreement with census data for standpipes relative to these other 

source types (Figure 3.6 C – F). More generally, the comparison of water point data and 

census-derived populations served depends on capacity estimates for each water point 

type (Arlosoroff et al. 1984, DHV 1984, International Development Research Centre 1984, 
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Jordan 1984, The World Bank 1985, UNICEF 1997, Baumann 2000, 2011, Mwakali 2006, 

Baumann et al. 2010, Jiménez and Pérez-Foguet 2011b, USAID 2016). These may vary by 

country and be much lower than the numbers assumed for privately owned water points. 

Water point data received considerable attention during the MDGs period (Welle 2005) 

and has been discussed as a potential candidate to support SDG monitoring. SDG  

monitoring focuses on availability (‘available when needed’), accessibility (‘located on 

premises’), and quality (‘free from micro-biological and priority chemical contamination’) 

as key criteria in national systems. Since some water point datasets cover water quality 

and sufficiency of sources (WHO and UNICEF 2015c), their combination with population 

census data on accessibility could support monitoring of progress towards SDG target 

6.1. This section illustrates a potential method for combining populat ion census and 

water point data (Figure 3.10) in this way for Liberia, where suitable data are available. 

Currently, water point data mainly facilitates studies on improved rural water supplies 

and their functionality, operation and maintenance; limited data exist on actual numbers 

of population or households served by individual water sources as opposed to their 

maximum technical capacity. An exception is the Ethiopian National WASH Inventory 

(NWI) which combined information from water supply scheme inventories (e.g. water 

quality, functionality, population served) with a household survey on service use and 

water quantity, and has been used to estimate the population served by improved 

drinking water sources (WHO and UNICEF 2015a). Another previous study (Giné-Garriga 

et al. 2013) also combined water point data with household survey at local level in 

Tanzania, Kenya and Mozambique and produced reliable estimates of water coverage 

and service level. Household surveys are more frequently conducted, have a more 

internationally standardised water classification system and can capture characteristics 

such as collection time, supply interruption, seasonality, etc. which are generally beyond 

the reach of population censuses. As evidenced by greater improved water source 

coverage in many countries, a large number of water points have been installed in recent 

years; however, population censuses are generally conducted every ten years. In contrast, 

household surveys are often conducted more frequently and sometimes even annually, 
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providing data more likely to be contemporaneous with water point data. Some 

household surveys also capture water use for purposes other than drinking (e.g. cooking 

and hygiene) and may therefore more closely match the multiple-use sources have not 

been mapped as part of household survey fieldwork, such surveys’ lack of full population 

coverage remains a barrier to integration with water point datasets. This is because it 

makes spatially disaggregated estimation of source coverage challenging. 

To incorporate issues such as water quality, affordability and availability into monitoring 

of household water access, some more recent household surveys have included water 

quality modules (Wright et al. 2016). When genuinely integrated household surveys data 

are likely becoming increasingly important source of data for SDG monitoring, 

integration of WPM with population censuses or household surveys may be an 

alternative means of addressing these issues. 

3.5 Conclusions 

Many water point data sets are designed for small scale studies, collected through 

different methods, and stored and shared by different entities; for such reasons, even a 

water point data collection combining data gathered from different available sources 

such as the WPDx often could not guarantee a complete spatial coverage over the 

country. This pattern would undermine their utilities when data are to be integrated with 

other large scale data sets for a national level analysis. Converting water supply facility 

information to population served based on the technical capacity of each type of water 

point gives a plausible and conservative approach to examine the spatial coverage (or 

saying the completeness) of water point data at national level. This analysis highlights 

variation over space and by water source type in existing water point data coverage could 

be investigated further, for example through follow-up field surveys; or could be brought 

together to an open platform if data exist but remain inaccessible.  

Several other technical challenges were identified in integrating population census and 

water point data sets as well, including difficulties in identifying and excluding water 

sources not used for drinking by households; matching of drinking water source types 

described in population census and water point data sets; temporal mismatches 
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between data sources, reflected in seasonality of source use and water point 

functionality; data quality issues such as missing or implausible data values. Some of 

these issues may be addressed as government, international bodies, and NGOs 

coordinate water point data collection and adopt data standards to address incomplete 

or inconsistent data capture. For Liberia, where water point data was centrally 

coordinated, this analysis suggested consistency between population census and water 

point data for protected dug wells and springs by county. Here, information on 

functionality, sufficiency and quality of drinking water derived from water point data 

were combined with population census to refine county-level measures of these drinking 

water services. The Liberian results demonstrate the potential for census-WPM 

integrated data to support monitoring progress towards drinking water-related SDGs. 
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Chapter 4 Spatial Distribution Modelling for Drinking 

Water Service 

4.1 Preamble 

Although SDG monitoring of drinking water services is often based on national level 

indicators, sub-nationally and geospatially disaggregated indicators may become 

increasingly important as they could effectively reveal inequalities in services between 

different geographic locations and population groups. In addition, as more recent 

concerns are raised about issues such as water quality, functionality of water supplies, 

and continuity of service, it may also become increasingly important to disaggregate data 

by the type of drinking water supply in order to specifically investigate their vulnerability 

to climate change and contamination, and to identify barriers that prevent people from 

meeting the essential human right to safe water. Among currently available data sets 

concerning drinking water service, water point data has a spatial nature superior to the 

other data and enables data to be flexibly disaggregated by geographic location and 

service type. However, in many instances, currently available water point data in least 

developing countries do not have a complete coverage at national level, as previous 

chapter has confirmed the incomplete spatial coverage of obtained Cambodian and 

Tanzanian water point data.  

With particular focus on filling the coverage gaps in unsurveyed or unreported areas, this 

chapter therefore attempts to generate modelled surface outputs to give a brief 

indication of the potential distribution of specific type of drinking water service across 

country when available geospatial data concerning drinking water service is limited, in 

order to facilitate future SDG national monitoring with regard to spatial inequalities and 

other water-related public health researches. As the major original contribution  to 

knowledge, it introduces the predictive modelling methods to the WASH sector to 

predict the potential occurrence of drinking water service across space when available 

geospatial data source reporting water services is limited. Based on water point data, 

this method enables predicting the geography of specific drinking water supply type(s), 
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which could add value in studies assessing the vulnerability of water supply technique 

due to climate change or pollution and ultimately guiding the development of 

infrastructure and bringing drinking water services to the people who need them the 

most. 

4.2 Methodology 

4.2.1 Case study countries 

4.2.1.1 Case study countries 

This chapter focuses on two case study countries – Cambodia and Tanzania, where 

obtained water point data have incomplete spatial coverage at the nation-wide scale 

according to the measures in Chapter 3, and their other relevant physical geospatial (e.g. 

climate, hydrology, elevation, etc.) and socio-economic geospatial (e.g. settlements, 

population, poverty, etc.) data have comparatively good availability and quality. 

4.2.1.2 Target spatial extent and resolution 

Initially, national boundary (administrative level 0) vector data are used to define the 

national boundaries of the study countries. For Cambodia, national boundary data is 

directly derived from the Global Administrative Areas (GADM) database 

(http://www.gadm.org) version 2.0; whilst for Tanzania, national boundary is dissolved 

from the Wards (administrative level 3) shapefile of the 2012 Tanzanian Population and 

Household Census (PHC) provided by Tanzania National Bureau of Statistics 

(http://www.nbs.go.tz/). Within the boundaries, large water bodies and sea areas 

defined in any predictive covariate layer are removed (water points located within such 

water areas are also excluded). All layers (i.e. the predictive covariate layers as well as 

the bias file) used in each study country are clipped to a consistent target spatial extent, 

calculated and analysed at a spatial resolution of 30 arc-seconds (approximately 1km at 

the equator) and projected to the same coordinate system (Geographic, WGS84). The 

cell size is chosen because it allows representation of the comparatively short distances 

(according to possible water quantity collected and potential health benefits; see Table 

4.1) that consumers may walk to fetch water, and it preserves individual sampled water 

points by reducing the probability of having multiple water points within one pixel cell. 

http://www.gadm.org/
http://www.nbs.go.tz/
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For geospatial data sets obtained with coarser spatial resolution than 1km, data are 

recreated at 1km resolution following the same methodologies used to generate those 

data but with source data sets of finer spatial resolution. 

Table 4.1 Possible walking distances from housing to water source. 

Class Distance Service level Quantity Description 

Very Close <100m Intermediate 

access 

50 l/c/d Very good distance that basic 

water consumption and most 

hygiene purposes can be 

satisfied 

Close 100-

500m 

Basic access ≤ 20 l/c/d A reasonable distance (approx. 

no more than 5 minutes 

walking) that offers health 

benefits and sometimes is 

considered as minimum 

standard 

Intermediate 500-

1,000m 

Basic access ≤ 20 l/c/d At this distance, quantity of 

water collected is unlikely to be 

enough for hygiene purposes 

Far 1,000-

6,000m 

No access < 5 l/c/d At this distance, quantity of 

water collected is often not 

enough for basic consumption 

Very Far >6,000m No access < 5 l/c/d Farther than the average 

walking distance for 

African/Asian women to fetch 

water 

Data referenced from (The Sphere Project n.d., Howard and Bartram 2003, OHCHR 2010) 

4.2.2 Water point locations 

4.2.2.1 Selection of target water point type 

For illustration purposes, this chapter only selects the typical groundwater-based water 

well sources – drilled tube well/borehole in Cambodia and Tanzania as target objects. 

These groundwater-based water services are considered as the principal water supply 

services in these case study countries, in many other least developed countries, and 

especially in rural Sub-Saharan Africa (MacDonald and Davies 2000, Division of Malaria 

control, Ministry of Public Health and Sanitation et al. 2011, National Bureau of Statistics 

(NBS) Tanzania and ICF Macro 2011, Alam et al. 2012, Ministry of National Planning and 

Development and UNICEF Somalia 2014, UNICEF Somalia and Ministry of Planning and 
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International Cooperation 2014). In contrast to other water supply points such as 

standpipes, tube wells/boreholes extract water from the single original natural water 

source – groundwater, rather than multiple sources; they are therefore comparatively 

easier to model since neither disaggregation of water point samples by their original 

source nor corresponding multiple predictive covariate layer sets are needed. For some 

water supply types such as piped water connections, public taps or standpipes, other 

delivered or packed water and venders like kiosks, water may be originally extracted 

from different types of natural source (e.g. groundwater, surface water, rainwater) but 

delivered to the consumers via the same technique (Table 4.2). Predicting such types of 

water supply points therefore requires information about their original water sources so 

as to separate the water point data to subsamples accordingly and build separate models 

with corresponding predicting covariates. 

Table 4.2 Typical water source types being used as the main drinking water sources and 

potential relevant predictive covariates for MaxEnt model. 

Type of water supply Original source Potential predictive covariates 

Piped water 

Groundwater Hydrogeology; geology; socio-economy 

Surface water Hydrology; socio-economy 

Spring water Hydrogeology; geology; socio-economy 

Public tap/standpipe 

Groundwater Hydrogeology; geology; socio-economy 

Surface water Hydrology; socio-economy 

Spring water Hydrogeology; geology; socio-economy 

Tube well/borehole Groundwater Hydrogeology; geology; socio-economy 

Hand dug well Groundwater Hydrogeology; geology; socio-economy 

Spring Spring water Hydrogeology; geology; socio-economy 

Rainwater harvesting Rainwater Topography; rainfall; socio-economy 

Surface water Surface water Hydrology; socio-economy 

Vended/packed Any Socio-economy 

4.2.2.2 Data sources and preparation 

Water point data sets of these two case study countries are derived from the same 

sources described in Chapter 3. To reduce the heterogeneity in water point locations, 

analysis is still restricted to household drinking sources which exclude those providing 

drinking water for healthcare facilities, schools and other workplaces, or for other uses 

such as irrigation or watering animals; disused water points (e.g. abandoned; in 
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construction; permanently non-functional; etc.) are also excluded. It is noteworthy that, 

exclusion of such non-household water services in Chapter 3 is for definitional matching 

with water service categories surveyed in population census; in contrast, these water 

points representing non-household water services are excluded in this chapter mainly 

due to the consideration of potential different standards in water point design and 

planning which may affect the selection of predictive covariates. For example, in 

comparison with household-used boreholes, favourable siting of water service for school 

does not necessarily require proximity to households but the schools; using predictive 

covariates representing likely locations of households (e.g. settlements, residential 

buildings) would therefore mislead the prediction. 

Since the water point data-reported functionality may cover issues such as apron slab 

damaged, pump stolen, etc. where the systems are considered ‘broken down’ but could 

still provide water to community or private users (e.g. water points ID 1048457, 1092259, 

1122618, 1019787, etc. in Liberian 2011 WPM data), temporary status and functionality 

are not considered as the indicators of use. In addition, water points located outside the 

spatial extent of study areas are also excluded. There are in total 21,622 and 2,528 drilled 

tube wells/boreholes remained for Cambodia and Tanzanian respectively after these 

exclusions. 

 

Figure 4.1 Cambodian drilled well sample overlaying with population census boundaries. 
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Furthermore, for multiple water point samples located in the same pixel cell, duplicates 

are removed and only one water point is used as training or test sample for the model. 

In final, 6,906 out of the 21,622 drilled wells (Figure 4.1) are selected as input sample 

data for Cambodia, whilst 1,959 boreholes out of the 2,528 drilled wells (Figure 4.2) are 

selected for Tanzania. 

 

Figure 4.2 Tanzanian drilled well sample overlaying with population census boundaries. 

4.2.3 Predictive covariates 

4.2.3.1 Conceptual framework 

Based on the considerations for water well site determination (Carter et al. 2014), a 

conceptual framework is created to identify potential factors that may be important 

determinants of the spatial distribution of water well (Figure 4.3), considering both the 

technological and socio-economic aspects. 

The technological factors focus on the feasibility of technology in the geological and 

hydrogeological environments as well as any technological avoidance of unintended 

impacts on existing systems (UNICEF n.d., Lemecha 2007, Danert et al. 2010, Kane et al. 

2013, Carter et al. 2014). 
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Figure 4.3 Conceptual framework of technological and socio-economic factors influencing the 

spatial distribution of water well. 

In general, planning water wells should require a review of geological and 

hydrogeological maps alongside drilling logs (where drilling success rates are recorded), 

and when necessary, a field survey that identify features on the ground that may be 

favourable for groundwater occurrence (Carter et al. 2014). From groundwater 

availability aspect, previous studies (UNICEF n.d., Lemecha 2007, Kane et al. 2013) 

identified parameters that may be important determinants of groundwater occurrence 

and feasibility for water well siting in terms of expected sufficient yield , depth to 
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groundwater level, and groundwater chemistry and quality. From other technological 

aspect, planning water well should consider the technical preferences in terms of 

accessibility and feasibility for selected construction method, and avoid any risk and 

negative impact and consider the accessibility for construction and maintenance teams. 

Firstly, it is preferred for water well site to have good accessibility for construction and 

maintenance teams. When shallow groundwater (i.e. <25mbgl) could be reached by 

manual drilling methods (Baumann 2000), deep groundwater requires advanced 

machine-drilling techniques which therefore needs access to road for the transportation 

of heavy machinery. In addition, although equipment for digging methods may be light, 

lining materials (e.g. concrete rings for concrete lined dug wells; or masonry bricks or 

galvanised iron rings) and other materials (e.g. cement, gravel, and rebar) are heavy to 

carry and therefore also require good accessibility for their delivery. In addition, as 

manual drilling methods are generally preferred over machinery drilling methods 

considering the cost, the hardness of subsurface layers should be taken into account as 

they may pose challenges to manual drilling methods. Moreover, a good water well site 

should avoid proximity to natural groundwater discharges (i.e. derogation) and other 

groundwater-derived water sources (i.e. interference), as this may potentially reduce the 

groundwater level and consequently cause failure to the existing water sources (Danert 

et al. 2010, Carter et al. 2014). In addition, it is also considered essential to avoid 

proximity to any potential contamination sources such as a latrine, cemetery, waste 

dump, etc. These codes for water well siting are employed in this study to estimate the 

potential spatial distribution of water wells based on the plausible assumption that the 

water wells were planned, constructed, and supervised by professional and competent 

personnel, and these issues were already considered for all existing water wells.  

In contrast with technological factors, the socio-economic factors focus on the 

compatibility of technology with the socio-economic environments. Social factors 

considered in this framework basically consist of the demand of water, community or 

user accessibility, and local preference.  

First of all, water wells (as well as any other water supply services) are constructed to 
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serve people for any intended purposes, their appearance therefore could be recognised 

by the demand of water – where people (i.e. potential end users of water) are and if they 

demand a water well to fetch water (i.e. do not have access to other water service which 

is technologically same or superior to a water well). In addition, accessibility is one 

among other important factors to be considered in water well siting. Water service needs 

to be close to end users for frequent use and proper maintenance. Besides, water 

collection time should also be taken into account alongside the physical distance to 

water service, as this may involve other issues beyond the measure of distance. For 

example, within communities with high population density, queuing time is likely to be 

longer; additionally, water delivery by different individual and method may also affect 

the collection time – a young adult male tends to be more capable in comparison with 

elder people, children or disabled individual. Moreover, a logical approach to water well 

siting involves identification of land ownership during the consultation with end users, 

as the planned water well should be accessible for all end users.  

For water well siting, when a comparatively large area is found suitable for construction 

in terms of technological feasibility and community/user demands, another important 

consideration should be the local preference. Sometimes, there could be places with 

historical, cultural, architectural, memorable or religious significance to the local people. 

Theoretically, water well siting should avoid interference with such places of local 

importance, as the follow-up frequent use by water consumers may bring potential 

issues such as improper disposal of solid waste or dirty water and consequently cause 

damage to environment of such places and harm or discomfort to the local people. Other 

local preference issues in terms of aesthetic and comfort may also be taken into account 

in determination of water well site; planning water well generally involves consultation 

with end users in field surveys, which allows understanding where the users would like 

the water well to be (Carter et al. 2014). 

For financial aspect, a water well could be invested by government, donor, community, 

or individuals, and any factors indicating the potential financial source for water well 

development could be taken into consideration in this conceptual framework. For 
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example, the public expenditure specifically concerning water sector development; 

information derived from donor profiles on aid to water supply; and local economy or 

poverty in cases where communities and individuals are encouraged to develop water 

supply themselves. Furthermore, other financial aspects such as cost effectiveness 

issues are also included in this framework, as low cost comparing with lifespan and 

number of beneficiaries (rather than simply affordability) may be the reason why a water 

well such as drilled borehole is chosen over other water supply techniques.  

4.2.3.2 Identifying feasible predictive covariates 

Based on the conceptual framework described above, this study identified 20 predictive 

covariates (Table 4.3) that may be important determinants of the spatial distribution of 

drilled boreholes/tube wells, consist of 10 technological factors and 10 socio-economic 

factors. Some predictive covariates are selected based on different aspects in the 

framework. Some aspects shown in the framework are not covered by the selected 

predictive covariates due to reasons such as lack of available geospatial data source. 

Lineament density 

Lineament refers to the linear features of a landscape surface that may be an expression 

of subsurface geologic structure such as joints, faults, folds or fractures (Prabu and 

Rajagopalan 2013). As an important parameter of groundwater potential determination 

(Lemecha 2007), lineament is found closely related to groundwater flow and production 

capacity and helps to identify areas of highly fractured rocks and increased porosity and 

permeability (Mabee et al. 1994, Magowe and Carr 1999, Fernandes and Rudolph 2001, 

Prabu and Rajagopalan 2013). Lineament maps can be derived from satellite imageries, 

aerial photographs, DEMs, or topographic maps by (manually or automatically) 

identifying, for example, textures, colours, patterns, etc. (Hung et al. 2005, Lemecha 

2007, Abdullah et al. 2010, Bruning et al. 2011, Prabu and Rajagopalan 2013, Šilhavý et 

al. 2016). Besides lineament itself, a previous study also found associations between 

lineament density and groundwater production capacity (Hardcastle 1996). Lineament 

density is therefore selected as one of the predictive covariates in this study from 

technological perspective since it reflects groundwater potential. 
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Table 4.3 Identified predictive covariates based on technological and socio-economic factors. 

Perspective Principle Covariate Code Covariate Name Covariate Type 

Technological factor Hydrogeological / geological condition LnDen Lineament density Continuous 

Technological factor Hydrogeological / geological condition AqP Aquifer productivity Categorical 

Technological factor Hydrogeological / geological condition DrDen Drainage density Continuous 

Technological factor Hydrogeological / geological condition GwS Groundwater storage Categorical 

Technological factor Hydrogeological / geological condition Slp Slope Continuous 

Technological factor Hydrogeological / geological condition Ele Elevation Continuous 

Technological factor Hydrogeological / geological condition Dtw_a Depth to groundwater table Categorical 

Technological factor Hydrogeological / geological condition Dtw_b Depth to groundwater table Continuous 

Technological factor Hydrogeological / geological condition LC Land cover Categorical 

Technological factor Technical avoidance Dst_InWat Euclidean distance to natural discharges Continuous 

Socio-economic factor Demand; technical avoidance; cost effectiveness Pop Gridded population Continuous 

Socio-economic factor Demand for technology Dst_PeWat Euclidean distance to perennial rivers Continuous 

Socio-economic factor Demand for technology RF_Anl Precipitation (annual) Continuous 

Socio-economic factor Demand for technology RF_Wet Precipitation (wet season) Continuous 

Socio-economic factor User accessibility Dst_Plc Euclidean distance to settlements Continuous 

Socio-economic factor User accessibility Dst_Bld Euclidean distance to buildings Continuous 

Socio-economic factor User accessibility; technical preference Dst_Rd Euclidean distance to roads Continuous 

Socio-economic factor Local preference Dst_Hlth Euclidean distance to healthcare sites Continuous 

Socio-economic factor Local preference Dst_PtA Euclidean distance to protected areas Continuous 

Socio-economic factor Financial condition Pvt % resident living in MPI-defined poverty Continuous 
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Aquifer productivity and storage 

Aquifer productivity shows the expected yield from an aquifer, and can be employed as 

a proxy of the rock permeability characteristics to determine the hydrogeological 

feasibility of well drilling or digging; whilst groundwater storage shows the amount of 

water stored in the ground. With available data source, these two parameters are 

directly selected as technological predictive covariates. 

Drainage density 

Drainage density could reflect the infiltration capacity and permeability and therefore 

helps to find favourable areas with higher groundwater potentials for water well point 

siting (Lemecha 2007). In general, high groundwater potential can be expected where 

drainage density is low.  

Slope and elevation 

Topographic parameters – slope and elevation are also employed as input covariates, 

since steepness could reflect the potential for groundwater recharge (Lemecha 2007, 

Kumar et al. 2016), and since elevation may reflect areas of natural recharge and 

discharge, as recharge areas are commonly located at relatively higher altitude such as 

hills, mountain fronts with alluvial fans, etc., whilst discharge areas are generally located 

in areas of low elevations such as stream valleys, swamps, etc. (Rose 2009). In addition, 

previous studies suggest that groundwater storage potential is generally greater in lower 

topography (Ramu and Vinay 2014, Aneesh and Deka 2015); and some lowest areas such 

as valley bottoms or depressions of closed drainage networks are generally preferable 

for drilling wells (Dijon 1982).  

Depth to groundwater 

Depth to groundwater is a key parameter that controls the accessibility of groundwater 

and therefore also controls the cost, as it affects the choice of drilling method and 

equipment (Danert et al. 2010) as well as the water lifting technique (Baumann 2000). 

Generally, groundwater level shallower than 50m could be easily reached by a common 

hand pump (e.g. Afridev; India Mark II; etc.) for water extraction (Bonsor and MacDonald 

2011, Hiscock and Bense 2014); whilst deeper groundwater requires more advanced 
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techniques for both drilling and water lifting and therefore would significantly increase 

the cost (Hiscock and Bense 2014). As drilling feasibility studies always take depth to 

groundwater as an important parameter (UNICEF n.d., Kane et al. 2013), this study also 

employs depth to groundwater as a covariate to predict the potential distribution of 

drilled borehole/tube well. 

Land cover 

Land cover is employed as one of the input layers under multiple considerations: firstly, 

different natural and artificial cover may have different impacts on the amount of 

rainwater to reach the land surface for recharging groundwater; secondly, when 

groundwater is widely used as main drinking sources in rural Africa (MacDonald and 

Davies 2000), certain land cover or land use could indicate rural areas (e.g. croplands) 

alongside urban built-up areas; thirdly, certain land use may also (in some degree) reflect 

risks and potentials of drinking water contamination, for example, groundwater may be 

contaminated by pesticides in some agricultural areas (and sometimes forest and urban 

areas), or by urban runoff and industrial effluents in built-up areas. 

Distance to inland water 

 

Figure 4.4 Diagram showing relationship between the success well and inland water. 

Well A in the diagram is drilled close to the river and successfully reached the water table; Well 

B is drilled far away from the river and did not reach the water table. 

Distance to inland water is employed as a covariate input layer under multiple 

considerations: firstly, groundwater-based water supply development should avoid 
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proximity to natural groundwater discharges or other groundwater-based sources, as 

this may potentially reduce the groundwater level (Danert et al. 2010); secondly, 

distance to inland water should correlate with the presence of groundwater (Figure 4.4) 

and people are often able to drill or dig wells near surface water (Gehrels 2004); thirdly, 

water supply development should avoid to be too close to inland water as the facilities 

could be washed away and difficult to maintain (Andersson 1982). 

Population 

As mentioned in the previous framework, water supply services are developed to 

provide water for people to consume for intended purposes and therefore the presence 

of water point should correlate with the presence of people. Surely, the population 

distribution could not be directly interpreted as the distribution of potential end users 

of target water service, as some may have access to other types of water services. 

However, as the distribution map of population with access to a specific type of water 

service tends to be scarce (and that is why we predict the likely distribution of the water 

service at the first place), the population distribution could be plausibly employed as a 

predictive covariate for the following three reasons:  

(1) Since water services were installed to service people, areas that are not populated 

could reflect where household drinking water services are absent;  

(2) Population map could also reflect the density of people, which may affect the choice 

of water supply technology when planning water service development. For example, 

from technical avoidance perspective, high population density is one of the major 

cause of environmental pollution and increases the opportunity to contaminate 

groundwater (Carter et al. 2014); in addition, from other perspectives such as cost 

effectiveness, high population density may also mean large number of potential 

beneficiaries when a selected water supply facility is constructed; 

(3) Currently, creating gridded population products (e.g. Worldpop) generally do not 

involve use of water point data; such spatially disaggregated population data 

therefore could be employed as an explanatory variable in predicting the potential 

distribution of water points. 
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Distance to perennial rivers/streams 

Water supply facilities are installed for consumers without other reliable source to 

provide sufficient water for intended purposes. Therefore, water points should present 

at the locations where people do not have access to any other better (i.e. closer, cleaner, 

cheaper, more sufficient, etc.) water sources. Since water point inventories often do not 

have complete spatial coverage at national scale, they are not used to produce covariate 

layers in order to avoid misleading. This study therefore examined original water sources 

other than groundwater (i.e. surface water and rainwater) to indicate potential existence 

of other types of water supply facilities. 

Distance to perennial or permanent rivers/streams can be employed to indicate 

potential access to surface water sources and roughly reflect no demand for 

boreholes/tube wells and protected dug wells. This strategy is based on an assumption 

that the accessible surface water is more acceptable for the consumers in some way (i.e. 

regardless the aesthetic tolerance and health concerns) and people therefore prefer to 

use surface water as their main drinking sources in such locations (e.g. no payment 

needed, easy to access, reliable sufficiency, etc.). 

Precipitation 

Precipitations are employed with multiple considerations. Firstly, precipitation is a key 

source of groundwater recharge. In addition, when distance to perennial rivers/streams 

is used to indicate potential surface water sources, precipitation can be used to reflect 

the potential access to rainwater-based water sources. For example, people generally fill 

up rainwater harvesting container for domestic consumptions in rainy season (Gadain 

and Mugo 2009), then precipitation in wettest season as well as annual precipitation 

could be employed as predictive covariates in this case. This is based on an assumption 

that sufficient precipitation could reflect potential use of rainwater instead of other 

water sources (i.e. regardless other condition such as topography – rainwater collections 

may be commonly used in hilly areas where other water sources are difficult to reach 

(Alam et al. 2012)).  
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Distance to settlements and buildings 

Water supply facilities should be located at a convenient and reasonable distance to the 

households and users in order to be frequently used and properly maintained (Brikké 

and Bredero 2003). A close distance enables greater water quantity to be fetched to 

satisfy intended purposes and offers potential health benefits (Table 4.1); whilst further 

distance would take long time to reach and therefore decrease the total amount of water 

fetched for basic consumptions (Howard and Bartram 2003). This study considered using 

settlements (populated places such as villages) and residential buildings to reflect 

housing areas. 

Distance to roads 

Alongside proximity to settlements and buildings, distance to road networks is also 

considered as a factor of accessibility, both from the perspectives of community and 

individual end users, as well as fieldwork engineers constructing and maintaining the 

services – to be specific, as the target drinking water service may potentially involve 

delivery of heavy machines for drilling as well as materials for construction, proximity to 

roads is therefore required. 

Distance to healthcare facilities 

Healthcare facilities may contain hospitals, health centres, dispensaries, private clinics, 

medical centres, other institutional health facilities, etc., which could be considered as 

one of the most important covariates that correlate with population presence (Stevens 

et al. 2015) and therefore may also be correlate with the presence of drinking water 

sources. Distance to healthcare facilities therefore is also included in this study as a 

predictive covariate to model the potential spatial distribution of target water services.  

Distance to protected areas 

The socio-economic factors of the conceptual framework contains avoidance of 

interference with places of local importance. Unfortunately, geospatial data reflect 

places with such historical, cultural, architectural, memorable or religious significance 

tend to be scarce. Therefore, protected area is selected as a representative of local 

importance in this study to reflect the local preference aspect, and distance to protected 
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areas is calculated to be used as a predictive covariate.  

Poverty 

Previous selected covariates considered geological and hydrogeological feasibilities, 

local demands and preferences; however, the determinant of water supply technique is 

not reflect among those covariates; for example, people might not afford the technique 

when the general environment is suitable for its installation. Unfortunately, geospatial 

data reflecting such aspects tend to be scare. As the poor households are more likely 

burdened with expenses on basic WASH services (WHO and UNICEF 2017b), this study 

therefore employed a poverty indicator to reflect the economic status, considering that 

people live in certain economic status would be more likely to prefer tube well/borehole 

or protected dug well as their main drinking water sources (i.e. assuming that the poorer 

groups would prefer surface water, whilst the wealthier groups might have access to 

advanced water supplies such as piped water). 

4.2.3.3 Data sources and pre-analysis preparation 

Selected data sources for generating predictive covariate layers follow three basic 

criteria: (1) complete or near-complete spatial coverage is necessary; otherwise, the 

corresponding covariate should not be considered although it is listed in the conceptual 

framework; (2) when multiple data sources are available, the one with better data 

quality and spatial details in terms of spatial resolution and inclusion of detailed features 

(e.g. road data including trails rather than only major roads) is preferred; (3) data with 

temporal coverage match or close to the target water point sample’s date  are preferred. 

All acquired geospatial data are projected to the same coordinate system (Geographic, 

WGS84). All input covariate layers based on these data are calculated or resampled up 

(but not scaled down) to the target spatial resolutions and clipped to a consistent spatial 

extent for each study country. Table 4.4 shows a list of the data sets used to generate 

the covariate layers in this study. Detailed data acquisition and pre-processing of each 

predictive covariate layer are described as follow: 
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Table 4.4 Datasets used to create covariate input layers in this study. 

Name Source Data type Data format Resolution Coverage 

Groundwater Productivity 

Map 

British Geological Survey (BGS) 

(MacDonald et al. 2012) 

Groundwater productivity, categorical 

(ordinal) raster 

XYZ ASCII 5 km Africa 

Groundwater Storage 

Map 

British Geological Survey (BGS) 

(MacDonald et al. 2012) 

Groundwater storage, categorical 

(ordinal) raster 

XYZ ASCII 5 km Africa 

Depth to Groundwater 

Map 

British Geological Survey (BGS) 

(MacDonald et al. 2012) 

Depth to groundwater, categorical 

(ordinal) raster 

XYZ ASCII 5 km Africa 

Equilibrium Water Table 

Africa Model version 2 

Fan et al. (Fan et al. 2013) Water table depth, continuous raster NetCDF 1 km Africa 

Surficial Geology of Africa 

version 2.0 

U.S. Geological Survey (USGS), Central 

Energy Resources Team (Persits et al. 

2002) 

Geology, categorical vector polygon 

shapefile 

500 m Africa 

WorldClim Global Climate 

Data version 1.4 (~1960-

1990) 

Museum of Vertebrate Zoology, 

University of California (Hijmans et al. 

2005) 

Precipitation, continuous raster Geotiff 1 km Global 

MODIS Land Cover Type 

(MCD12Q1) version 5.1 

University of Maryland & the Pacific 

Northwest National Laboratory (Friedl et 

al. 2010) 

Land cover, categorical raster Geotiff 500 m Global 

ASTER GDEM Version 2 Ministry of Economy, Trade, and Industry 

(METI) of Japan and the United States 

National Aeronautics and Space 

Administration (NASA) 

Elevation, continuous raster Geotiff 30 m Global 
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Name Source Data type Data format Resolution Coverage 

Digital Chart of the World 

(DCW) 

Environmental Systems Research 

Institute, Inc. (ESRI) 

Inland water, categorical vector polyline; 

polygon 

shapefile 

- Global 

Open Street Map (OSM) OpenStreetMap Foundation (OSMF) & 

Contributors (OpenStreetMap 

contributors 2015) 

Places; roads; buildings, categorical 

vector 

point; 

polyline; 

polygon 

shapefile 

- Global 

Worldpop Population Worldpop Project, University of 

Southampton (Stevens et al. 2015) 

Population count, continuous raster Geotiff 100 m Global 

Worldpop Poverty Worldpop Project, University of 

Southampton (Tatem, Gething, et al. 

2013) 

% resident live in MPI-defined 

poverty, continuous raster 

Geotiff 1 km Global * 

The World Database on 

Protected Areas (WDPA) 

United Nations Environment 

Programme's World Conservation 

Monitoring Centre (UNEP-WCMC) (UNEP-

WCMC 2014) 

Protected areas, categorical vector polygon 

shapefile 

- Global 

Cambodian location of 

health facilities 

Ministry of Health (MoH), Cambodia Healthcare facility locations, 

categorical vector 

point 

shapefile 

- Cambodia 

Healthsite Data Global Healthsites Mapping Project 

(Global Healthsites Mapping Project 

2017) 

Healthcare facility locations, 

categorical vector 

point 

shapefile 

- Global 
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Lineament density 

In this study, lineaments are extracted from DEM-derived shaded relief maps using 

automatic method (Abdullah et al. 2010, Šilhavý et al. 2016). The Advanced Spaceborne 

Thermal Emission and Reflection Radiometer (ASTER) Global Digital Elevation Model 

(GDEM) Version 2 data released by the Ministry of Economy, Trade, and Industry (METI) 

of Japan and the United States National Aeronautics and Space Administration (NASA) 

were obtained from https://earthexplorer.usgs.gov/ (accessed May 29, 2016) and used 

to create shaded relief maps with multiple illumination directions (solar azimuths of 0°, 

45°, 90°, and 135°; with solar altitude of 30°). After combined shaded rel ief maps, 

automatic lineament extractions are carried out using PCI Geomatica 2016 with  

parameters in Table 4.5. Derived lineament features (Figures 4.5 and 4.6) are polyline 

vectors, which are then used to calculate the lineament density (Figures 4.7 and 4.8), 

which is the summed total lengths of lineaments fall within a search radius from each 

pixel cell of the study area. 

 

Figure 4.5 Extracted lineaments in Cambodia. 

 

 

https://earthexplorer.usgs.gov/
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Table 4.5 Specification used for automatic lineament extraction in PCI Geomatica. 

Parameter Value 

Filter radius (in pixels) 10 

Edge gradient threshold 100 

Curve length threshold (in pixels) 30 

Line fitting error threshold (in pixels) 3 

Angular difference threshold (in degrees) 30 

Linking distance threshold (in pixels) 20 

 

 
Figure 4.6 Extracted lineaments in Tanzania. 

 
Figure 4.7 Lineament density map of Cambodia. 
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Figure 4.8 Lineament density map of Tanzania. 

Aquifer productivity and storage 

Groundwater productivity and storage covariate layers were created using the Surficial 

Geology of Africa data developed by U.S. Geological Survey (USGS), Central Energy 

Resources Team (Figure 4.9) as geological base map (nominally at 1:5,000,000), where 

detailed aquifer types, groundwater productivity and storage maps were defined with 

reference to 5 km resolution quantitative digital groundwater maps of Africa (Macdonald 

et al. 2010, MacDonald et al. 2012) (Figures 4.10 and 4.11), and data for ‘sliver polygons’ 

of small areas were identified by visual comparison according to the hydrogeology data 

published on the British Geological Survey (BGS) channel (http://earthwise.bgs.ac.uk, 

namely Earthwise). This recreation also fixed the hydrogeological profiles in Kaskazini 

Unguja, Kusini Unguja, Mjini Magharibi, Kaskazini Pemba, and Kusini Pemba Regions 

which were not included in the raw obtained BGS digital groundwater maps. 

http://earthwise.bgs.ac.uk/
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Figure 4.9 Surficial geology map of Tanzania used as base map for 1km remake of BGS aquifer 

productivity and groundwater storage. 

GLG: geologic age of surficial outcrops 

 

Figure 4.10 5km resolution aquifer productivity map derived from BGS quantitative digital 

groundwater maps of Africa. 
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Figure 4.11 5km resolution groundwater storage map derived from BGS quantitative digital 

groundwater maps of Africa. 

 

 

Figure 4.12 Recreated 1km resolution aquifer productivity map based on BGS quantitative 

digital groundwater maps of Africa and Earthwise data. 
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Figure 4.13 Recreated 1km resolution groundwater storage map based on BGS quantitative digital groundwater maps of Africa and Earthwise d ata. 
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Figure 4.14 Example of differences between original 5km resolution BGS Quantitative Digital 

Groundwater Maps and recreated 1km resolution surfaces for Tanzania. 

<A> original 5km resolution BGS aquifer productivity surface; <B> recreated 1km resolution 

aquifer productivity surface; <C> original 5km resolution BGS groundwater storage surface; <D> 

recreated 1km resolution groundwater storage surface. Large water bodies are excluded and 

shown in white colour. 
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Drainage density 

The Digital Chart of the World (DCW) data derived drainage map (Figures 4.15 and 4.16) 

were used to calculate the drainage density (Figures 4.17 and 4.18) for each study 

country. The density is the summed total lengths of drainages fall within a search radius 

from each pixel cell of study area. 

 

Figure 4.15 Cambodian drainage map. 

 

Figure 4.16 Tanzanian drainage map. 
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Figure 4.17 Drainage density map of Cambodia. 

 

Figure 4.18 Drainage density map of Tanzania. 

Slope and elevation 

The same 30m ASTER GDEM Version 2 data (NASA and METI 2011) used for lineament 



 

135 
 

extractions were resampled to 1km resolution for predictive covariates representing 

elevation (Figures 4.19 and 4.20). 

 

Figure 4.19 1km resolution elevation map of Cambodia. 

 

Figure 4.20 1km resolution elevation map of Tanzania. 
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Slopes (Figure 4.21 and 4.22) are directly calculated from the resampled DEM data. Z-

factors were calculated using Equation 4.1 and according to the extent of the national 

boundaries of Cambodia (0.000009208728) and Tanzania (0.0000090371): 

Z‐factor =
1

111320* cos (L)
  [Equation 4.1] 

where L is the mid-latitude of the target dataset. 

 
Figure 4.21 1km resolution slope map of Cambodia. 

 
Figure 4.22 1km resolution slope map of Tanzania. 
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Depth to groundwater 

Alongside aquifer productivity and groundwater storage, depth to groundwater data was 

also derived from the BGS quantitative digital groundwater maps of Africa (Macdonald 

et al. 2010, MacDonald et al. 2012) for Tanzania (denote by Dtw_a). In addition, depth 

to groundwater level derived from the 1km resolution Equilibrium Water Table Africa 

Model version 2 developed by Fan and colleagues (2013) were also employed in this 

study as predictive covariates (denote by Dtw_b). These two depth to groundwater data 

are based on different methodologies and therefore show significant differences in their 

spatial patterns (see visual comparisons in Figure 4.23). Both of these two types of 

groundwater depth data are employed in this study, in order to examine the scope to 

use covariate contribution analysis to validate the groundwater products. In order to 

obtain finer spatial resolution, the raw 5km BGS depth to groundwater map of Tanzania 

is recreated based on the experimental rules-based methodology described in the study 

of Bonsor and MacDonald (2011): 

 

Figure 4.23 5km resolution predictive covariates of depths to groundwater. 

Left: depth to groundwater surface derived from 5km resolution BGS Quantitative Digital 

Groundwater Maps (MacDonald et al., 2012); Right: 1km resolution groundwater table surface 

derived from Equilibrium Water Table Model (Fan et al., 2013). 
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Rule-1: 

Initial depth to groundwater surface can be defined with accordance to average annual 

precipitation that shallower depths to groundwater levels can be expected in areas of 

heavier average annual precipitation in the broadest sense. WorldClim Clobal Climate 

Data version 1.4 (bio12) data (Figure 4.24 Left) is derived for Tanzania as the annual 

precipitation layer to generate the ‘Rule-1’ surface (Figure 4.24 Right) based on the 

specifications list in Table 4.6. 

Table 4.6 Rule-1 to estimate depth to groundwater layer. 

Class I Average annual rainfall (mm/year) Depth to groundwater (mbgl) 

5 >1000 0-25 

4 500-1000 25-50 

3 250-500 50-100 

2 50-250 100-250 

1 <50 >250 

 

 

Figure 4.24 Tanzanian mean annual precipitation (Left) and Rule-1 depth to groundwater layer 

(Right). 
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Rule-2: 

Geological characteristics in terms of the weathering profile of basement is related to 

depth to groundwater. Rule-2 depth to groundwater layer (Figure 4.25 Right) is 

generated by identifying basement geology (Figure 4.25 Left) and reassigning depth to 

groundwater according to the specifications list in Table 4.7. 

Table 4.7 Rule-2 to estimate depth to groundwater layer. 

Class I 
Average annual rainfall 

(mm/year) 
Area 

Depth to groundwater 

(mbgl) 
Class II 

5 >1000 
Other 0-25 5 

Basement 0-25 5 

4 500-1000 
Other 25-50 4 

Basement 0-25 5 

3 250-500 
Other 50-100 3 

Basement 25-50 4 

2 50-250 
Other 100-250 2 

Basement 25-50 4 

1 <50 
Other >250 1 

Basement 25-50 4 

 
Figure 4.25 Tanzanian basement geology map (Left) and Rule-2 depth to groundwater layer 

(Right). 

Tanzanian basement geology is identified with reference to the USGS Surficial Geology of Africa 

and Earthwise data published by BGS. 
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Rule-3: 

Shallowest depths to groundwater are generally found close to perennial rivers/streams. 

By identifying areas within 5km of perennial rivers/streams (Figure 4.26 Left), the final 

Rule-3 depth to groundwater layer (Figure 4.26 Right) can be calculated following the 

specifications listed in Table 4.8. 

Table 4.8 Rule-3 to estimate depth to groundwater. 

Class II Location Depth to groundwater (mbgl) Class III 

5 
≤5km from perennial river 0-7 6 

>5km from perennial river 0-25 5 

4 
≤5km from perennial river 0-7 6 

>5km from perennial river 25-50 4 

3 
≤5km from perennial river 0-7 6 

>5km from perennial river 50-100 3 

2 
≤5km from perennial river 0-7 6 

>5km from perennial river 100-250 2 

1 
≤5km from perennial river 0-7 6 

>5km from perennial river >250 1 

 

 

Figure 4.26 Tanzanian map of areas close to perennial rivers/streams (Left) and Rule-3 (final) 

depth to groundwater layer (Right).
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Figure 4.27 Final 1km resolution predictive covariates of depths to groundwater. 

Left: Rules-based (Bonsor and MacDonald, 2011) depth to groundwater; Right: modelled depth to groundwater level (Fan et al., 2013). 
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Figure 4.28 Example of differences in Tanzanian depth to groundwater covariate layers. 

<A> original 5km resolution depth to groundwater surface derived from BGS Quantitative Digital 

Groundwater Map (MacDonald et al., 2012); <B> recreated 1km resolution depth to 

groundwater surface based on rules method (Bonsor and MacDonald, 2011); <C> resampled 5km 

resolution groundwater table surface (only for comparison); <D> original 1km resolution 

groundwater table surface derived from Equilibrium Water Table Africa Model (Fan et al., 2013). 

Large water bodies are excluded and shown in white colour. 
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Land cover 

MODIS Land Cover Type (MCD12Q1) version 5.1 data (Collins and Emanuel 2014) were 

acquired from Global Land Cover Facility (GLCF) (http://www.landcover.org) at a spatial 

resolution of 500m (Figures 4.29 and 4.30) for Cambodia (2008) and Tanzania (2012). 

The initial 16 land cover classes were reclassified to 9 classes shown in Table 4.9, where 

water bodies (code 0) were excluded from the target spatial extent of each study country. 

The reclassified land cover layers were then resampled to the target resolutions (Figures 

4.31 and 4.32). 

Table 4.9 Land Cover Classification 

Class MODIS data raw value New land cover value 

Water 0 0 

Forest 1; 2; 3; 4; 5 1 

Shrubland 6; 7 2 

Grassland 8; 9; 10 3 

Wetland 11 4 

Cropland 12; 14 5 

Urban and built-up area 13 6 

Snow and ice 15 7 

Barren or sparsely vegetated area 16 8 

 
Figure 4.29 MODIS-derived Land cover map of Cambodia. 

http://www.landcover.org/
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Figure 4.30 MODIS-derived Land cover map of Tanzania. 

 

 

Figure 4.31 Cambodian 8-class general land cover surface. 
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Figure 4.32 Tanzanian 8-class general land cover surface. 

Distance to inland water and perennial rivers 

Digital Chart of the World (DCW) inland water data (Figures 4.33 and 4.34) by 

Environmental Systems Research Institute, Inc. (ESRI), acquired from DIVA-GIS 

(http://www.diva-gis.org) were used to calculate the Euclidean distance to inland water 

(Figures 4.35 and 4.36) for the study countries, where water line and water area features 

were merged with the exclusion of land areas subject to inundation. 

Perennial/permanent water lines were derived from DCW water line features (i.e. rivers 

and streams) to calculate the Euclidean distance to perennial or permanent 

rivers/streams (Figures 4.37 – 4.38); perennial/permanent water areas (i.e. lakes, ponds) 

were not included. 

http://www.diva-gis.org/
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Figure 4.33 Cambodian DCW inland water data. 

 

 

Figure 4.34 Tanzanian DCW inland water data. 
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Figure 4.35 Cambodian surface of Euclidean distance to inland water. 

 

 

Figure 4.36 Tanzanian surface of Euclidean distance to inland water. 
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Figure 4.37 Cambodian surface of Euclidean distance to perennial rivers. 

 

 

Figure 4.38 Tanzanian surface of Euclidean distance to perennial rivers. 
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Population 

High (approximately 100m) resolution gridded population data were acquired from 

Worldpop (http://www.worldpop.org.uk) and aggregated to target spatial resolutions in 

order to be used as input predictive covariates. 

 

Figure 4.39 1km resolution population grid of Cambodia. 

 

Figure 4.40 1km resolution population grid of Tanzania. 

http://www.worldpop.org.uk/
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Precipitation 

Precipitation data were obtained from WorldClim Global Climate Data version 1.4 at 1km 

resolution. Bioclimatic variable BIO16 data were used to indicate the precipitation of the 

wettest season, whilst BIO12 data were also used to indicate the annual precipitation. 

 

Figure 4.41 1km Cambodian rainfall surfaces (Left: annual; Right: wettest quarter). 

 

Figure 4.42 1km Tanzanian rainfall surfaces (Left: annual; Right: wettest quarter). 



 

151 
 

Distance to settlements and buildings 

Settlement features (point vectors) including villages, hamlets, towns and cities as well 

as buildings (polygon vectors) were derived from OpenStreetMap (OSM) 

(http://www.openstreetmap.org) data sets (Figures 4.43 – 4.46) with an assumption that 

they did not change significantly over time. As this case study did not target institutional 

water services, buildings identified as schools, health facilities, and any workplaces (e.g. 

police station, office, food factory, etc.) were excluded. Buildings with missing 

information but could not be identified as any type of the above were included, assuming 

that they were potentially household buildings. 

However, OSM-derived buildings may be biased recorded. As it plotted in Figures 4.45 

and 4.46, buildings were found densely distributed in north-west areas but 

comparatively sparse in other areas in both countries. In order to determine the 

completeness of the spatial coverage of OSM-derived building data, identified 

residential building polygons in both countries were converted to line features and used 

to compute Kernel density at 1km resolution. Theoretically, the density of residential 

buildings is expected to be correlated with population map, as the appearance of people 

could also reflect where they potentially live, which should be captured in the residential 

building maps; a low correlation will therefore indicate that the building features may 

not be completely recorded across the country. For Tanzania, the building density surface 

and population distribution were moderately correlated (Pearson coefficient r=0.573); 

however, the building density surface and population distribution in Cambodia were not 

correlated (Pearson coefficient r=0.246); the distance to residential buildings covariate 

layer was only applied for Tanzania, assuming that the OSM-derived data could roughly 

reflect the distribution of all residential buildings in Tanzania. Euclidean distance to 

settlements and buildings (Figures 4.47 – 4.49) were calculated at 1km resolution and 

extracted by the target spatial extent as input covariate layers. 

http://www.openstreetmap.org/
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Figure 4.43 OSM-derived settlement points in Cambodia. 

 

 

Figure 4.44 OSM-derived settlement points in Tanzania. 
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Figure 4.45 OSM-derived residential buildings in Cambodia. 

 

 

Figure 4.46 OSM-derived residential buildings in Tanzania. 
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Figure 4.47 Euclidean distance to settlements surface of Cambodia. 

 

 

Figure 4.48 Euclidean distance to settlements surface of Tanzania. 
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Figure 4.49 Euclidean distance to residential buildings surface of Tanzania. 

Distance to roads 

OSM road data were selected because of their comparatively better temporal coverage 

and greater coverage of minor roads and tracks in comparison with other openly 

available data sources (see Figure 4.50 for example).  

 
Figure 4.50 Example of differences in available road network data sources. 
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This strategy is based on assumptions that the road networks were not significantly 

changed overtime, and obtained data have a comparatively complete spatial coverage 

across the study countries. Euclidean distance surfaces (Figures 4.51 and 4.52) were 

then calculated for the study countries and extract by target spatial extent. 

 
Figure 4.51 Euclidean distance to roads surface of Cambodia. 

 
Figure 4.52 Euclidean distance to roads surface of Tanzania. 
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Distance to healthcare facilities 

For Cambodia, 1,121 geo-referenced health facilities (Figure 4.53) sourced from 

Cambodia Ministry of Health were obtained from the Humanitarian Data Exchange (HDX; 

previously the Humanitarian Response; https://data.humdata.org/), including 956 

referral hospitals, 76 health centres and 89 health posts.  

 

Figure 4.53 Derived health care facilities in Cambodia. 

 

Figure 4.54 Derived health care facilities in Tanzania. 

https://data.humdata.org/
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For Tanzania, 7,759 health care facilities (Figure 4.54) sourced from the Healthsite 

database (https://healthsites.io/) by the Global Healthsites Mapping Project (Global 

Healthsites Mapping Project 2017) were also acquired from HDX platform. Euclidean 

distances (Figures 4.55 and 4.56) were calculated based on these health facility points 

of the two study countries to reflect the distance to general health care facilities. 

 

Figure 4.55 Euclidean distance to health care facilities surface of Cambodia. 

 

Figure 4.56 Euclidean distance to health care facilities surface of Tanzania. 

https://healthsites.io/
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Distance to protected areas 

Protected area data for both Cambodia and Tanzania were acquired from the Protected 

Planet (https://www.protectedplanet.net/) – the online interface of the World Database 

on Protected Areas (WDPA) developed from the United Nations Environment 

Programme's World Conservation Monitoring Centre (UNEP-WCMC 2014). For both 

countries, obtained WDPA data contain point and polygon features representing 

protected areas. Only polygon features (Figures 4.57 and 4.58) were employed to 

generate the predictive covariate layers, since there were only few points features 

derived and were mostly covered inside the polygon areas. Both designated and 

proposed protected areas were included. Euclidean distance to these polygons (Figures 

4.59 and 4.60) were then calculated and extracted to the target spatial extent. 

 

 

Figure 4.57 Euclidean distance to health care facilities surface of Cambodia. 

 

https://www.protectedplanet.net/
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Figure 4.58 Euclidean distance to health care facilities surface of Tanzania. 

 

 

Figure 4.59 Euclidean distance to protected areas surface of Cambodia. 
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Figure 4.60 Euclidean distance to protected areas surface of Tanzania. 

Poverty 

 

Figure 4.61 MPI-defined poverty surface of Tanzania. 

Tanzanian 1 km resolution gridded poverty maps (Tatem, Gething, et al. 2013) based on 

the Multidimensional Poverty Index (MPI) (Alkire et al. 2015) was used to reflect the 

economic aspect which may potentially affect the affordability or preference of water 

technologies among local communities. Unfortunately, no openly available geospatial 
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data similarly reflecting highly disaggregated local poverty of Cambodia was obtain and  

applied in this study. There are alternative data sources such as DHS modelled surfaces 

which (Gething et al. 2015) may also potentially reflect socio-economic aspects but were 

not employed in this study due to reasons such as coarse spatial resolution. 

4.2.3.4 Correlations 

To reduce collinearity, predictive covariates that had strong correlation (correlation 

coefficient > 0.7 or < -0.7) in a pairwise matrix were identified; and those that were 

strongly correlated with other predictive covariates were considered redundant in the 

analysis and were therefore excluded, retaining those most obviously related to water 

point distribution. For each study country, Pearson’s correlation (Snedecor and Cochran 

1968) was calculated between continuous predictive covariates; Polychoric correlation 

(Drasgow 1986) was calculated between ordinal categorical predictive covariates; and 

Polyserial correlation (Drasgow 1986) was calculated between continuous and ordinal 

categorical predictive covariates. Calculation of Pearson correlation was carried out 

using ArcMap 10.4.1; whilst Polychoric and Polyserial correlations were computed using 

R 3.4.0 with the polycor package (Fox 2016). For Cambodia, strong correlations were 

found between elevation (Ele) and lineament densify (LnDen) (0.771), annual 

precipitation (RF_Anl) and precipitation of wettest quarter (RF_Wet) (0.961), and 

distance to settlements (Dst_Plc) and distance to health care facilities (Dst_Hlth) (0.753). 

Lineament density, rainfall of wettest quarter and distance to health care facilities were 

excluded in this study. For Tanzania, distance to inland water (Dst_InWat) and distance 

to perennial rivers/streams (Dst_PeWat), as well as annual rainfall (RF_Anl) and rainfall 

of the wettest quarter (RF_Wet) were found to be strongly correlated (0.803 and 0.884 

respectively). Dst_InWat and RF_Wet were therefore excluded in this study. Detailed 

values of correlation coefficients were listed in Appendix C.  

4.2.4 Model design 

The design of model method starts from understanding the nature of water well sample 

data. In comparison with species sample used in ecological studies, water point data only 

reports the locations of surveyed water supply facilities, which makes it ‘presence’ data 
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(i.e. reporting the geographic locations where the target object is observed). True 

absence data (i.e. reporting the observed geographical locations where the target object 

is not present) were never recorded in any water point survey. In addition, even the 

presence of other water service types in the same survey should not be interpreted as 

the absence of target water point, since there may be multiple types of water sources 

being used by the same consumers (known as seasonal source or secondary source); or 

there may be multiple types of water sources being used by different consumers but 

living within the same 1km x 1km grid cell defined in this study. For example, a surface 

water source may be used in the dry season in a place where it will be replaced by a 

drilled well in the wet season; but for some reason the drilled well was not reported in 

the water point survey (e.g. the survey was carried out in the dry season asking about 

current primary source); in this case, the presence of surface source is definitely not 

equivalent to the absence of drilled well. This point was also reflected in the water point 

data given that different water point types were found recorded in a single 1 x 1 km grid. 

 

Figure 4.62 Map of pre-processed dug wells, drilled wells, and combined wells in Cambodia. 

n is the number of water point after the removal of duplicates within the same gird cell as shown 

on the map; N is the initial number after the removal of disused, unconstructed, non-domestic 

and non-household used water sources but included duplicates. 
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In addition, water point survey sometimes could be project-specific and biased for 

certain type of water source, especially since many forms of water point data were not 

collected in one water point survey campaign but originally sourced from a variety of 

different projects. For example, the Cambodian WellMap database used in this study was 

harmonised from RDI DWQI database, RDI rope pump table, TSRWSSP Well database, 

TSRWSSP had copies, UNICEF Arsenci database, UNICEF/MRD well database, and World 

Vision Hard copies, which reportedly consisted of three types of water wells (i.e. dug 

wells, drilled wells, and combined wells), however was dominated by unidentifiable 

water wells (35,085 out of the 57,801 target samples) and identifiable drilled wells 

(21,622). In this case, ignoring the possibility of being seasonal or secondary source, it 

would still be problematic to use these dug wells and combined wells as an absence 

sample of drilled well, given their much smaller sample sizes and biased spatial 

distribution in comparison with drilled wells (Figure 4.62). Accordingly, the predictive 

modelling method in this case should be based on methodology which only requires 

presence data for calculation. 

Table 4.10 Prevalent spatial predictive modelling algorithms. 

Algorithm Rationale Sample Covariate Key reference 

BIOCLIM Profile-based PO Q (Nix 1986, Busby 1991) 

DOMAIN Profile-based PO Q (Carpenter et al. 1993) 

GLM Statistical-based PA Q; C (McCullagh and Nelder 1989) 

GAM Statistical-based PA Q; C (Hastie and Tibshirani 1990) 

MARS Statistical-based PA Q; C (Friedman 1991) 

CART Machine learning PA Q; C (Breiman et al. 1984) 

GARP Machine learning PB Q; C (Stockwell and Peters 1999) 

BRT Machine learning PA Q; C (Friedman et al. 2000) 

RF Machine learning PA Q; C (Breiman 2001) 

MaxEnt Machine learning PB Q; C (Phillips et al. 2006) 

PO: presence-only; PA: presence-absence; PB: presence-background; Q: quantitative; C: 

categorical. 

Spatial predictive modelling methods have been widely applied in Ecological Niche 

Modelling (ENM) studies to assess distributional patterns of species, can generally be 

classified as ‘presence-only’ methods, ‘presence-absence’ methods, and ‘presence-

background’ (or ‘presence-pseudo-absence’) methods, where ‘background’ (or ‘pseudo-
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absence’) data refers to a randomly selected (or specified) sample set of unobserved 

locations from the landscape where presence or absence is unknown. ‘Presence-only’ 

methods are the most simple profile algorithms such as BIOCLIM (Nix 1986, Busby 1991) 

and DOMAIN (Carpenter et al. 1993) which make predictions without using absence or 

background (pseudo-absence) data; whilst ‘Presence-absence’ methods include 

statistical regression methods such as Generalised Linear Model (GLM; McCullagh and 

Nelder 1989), Generalised Additive Model (GAM; Hastie and Tibshirani 1990), and 

Multivariate Adaptive Regression Splines (MARS; Friedman 1991), as well as machine 

learning methods such as Classification and Regression Trees (CART; Breiman et al. 1984), 

Boosted Regression Trees (BRT; Friedman et al. 2000), and Random Forest (RF; Breiman 

2001), etc.; and prevalent ‘presence-background’ methods are machine learning 

algorithms such as Genetic Algorithm for Rule-set Production (GARP; Stockwell and 

Peters 1999) and Maximum Entropy (MaxEnt; Phillips et al. 2006). A short review of the 

prevalent spatial predictive modelling methods is given in Appendix D. Among the most 

prevalent predictive modelling methods (Table 4.10), MaxEnt modelling method is 

considered comparatively optimal in this study as it only requires presence locations, 

accepts both continuous and categorical predictive covariates, can perform with limited 

data and effectively make predictions with better model performance. In addition, 

MaxEnt has a dedicated user-friendly software package embedded with multiple ways 

to investigate the relative importance of predictive covariates, which made the 

prediction as well as contribution analysis much easier. This study therefore selected 

MaxEnt as a representative method to perform the modelling of drilled tube 

well/borehole service distribution. It is noteworthy that, other predictive methods may 

still also be used as alternatives, even including presence-absence based methods 

(where background or pseudo-absence data will be used to replace the true absence 

data, and resultant probability surface therefore should be interpreted as relative 

probability surface).  

MaxEnt is developed for SDM applications and has been firstly introduced from a 

machine learning viewpoint (Phillips et al. 2004, 2006), and then characterised using 
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statistical terminology in later study (Elith et al. 2011). It has been widely applied in a 

variety of biological and ecological studies regarding the impacts of climate changes 

(Hijmans and Graham 2006, Fitzpatrick et al. 2008), richness and invasion (Graham and 

Hijmans 2006, Ficetola et al. 2007, Ward 2007). In addition, previous public health 

studies also applied MaxEnt for tracking disease vectors (Moffett et al. 2007, Masuoka 

et al. 2010). More recently, MaxEnt has started to be introduced to make predictions for 

target objects beyond species, for example, several previous studies employed MaxEnt 

model to predict the potential risk of wildfire (Renard et al. 2012, Arnold et al. 2014, 

Devisscher et al. 2016), given that the ‘absence’ in a fire event cannot be clearly defined. 

Additionally, a current working project at the Brigham Young University (Pearce et al. 

2016) attempts to make prediction of soil phosphorus with MaxEnt modelling, where a 

threshold (sodium bicarbonate extractable phosphorus above 30 mg/kg in that case) 

was applied to define the presence of phosphorus in soil. 

To make prediction of the spatial distribution of water point, MaxEnt calculates the 

conditional probability Pr(x=1|V) – the probability of presence conditioned on a set of 

covariates (V) based on Bayes’ theorem: 

Pr(x=1|V)=
fx=1(V)∙Pr(x=1)

f(V)
  [Equation 4.2] 

where x=1 represents presence event of the target water point; f(V) is the density of 

covariates across the study area; fx=1(V) is the density of covariates across the locations 

(within the study area) where the target water point is present; Pr(x=1) represents the 

probability of presence at typical locations, which is the ratio of presence locations to 

the total location points (often named as ‘occurrence probability’ or ‘prevalence’ in the 

SDM literature (Elith et al. 2011, Royle et al. 2012, Merow et al. 2013)). 

In SDM studies, Pr(x=1) is always unknown (Merow et al. 2013), as this requires the 

knowledge about the population density of species. Although the population of target 

water point can be estimated according to the technical data of water supply facilities 

and population census-derived statistics, Pr(x=1) is still unknown since it requires the 

knowledge about the actual water point occupancy and the total number of pixels in the 

grid of study area. Therefore, a ‘raw output’ of MaxEnt model is used to represent the 
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relative rate of presence R(x=1|V), formed as: 

R(x=1|V)=
fx=1(V)

f(V)
  [Equation 4.3] 

Previous studies (Phillips et al. 2006, Elith et al. 2011) explained that: 

f
x=1

(V)=f(V)e(C+r∙F(V))   [Equation 4.4] 

where C is a normalisation constant (which ensures that the sum of fx=1(V) is 1); r is a 

vector of regression coefficients that satisfies Vi*r=∑j[vij*rj] (where vij is the value of 

covariate j at the location (pixel) i); F(V) represents the vector of features corresponding 

to the covariate set V. Features refer to those converted from raw covariates in order to 

examine complicated relationships. The MaxEnt raw output therefore is equal to: 

R(x=1|V)=e(C+r∙F(V))   [Equation 4.5] 

MaxEnt model originally targets the probability distribution Pr(i|x=1), which is the 

probability of that the given presence is found in location i (Phillips et al. 2006). 

According to the maximum entropy principle, model is fitted by selecting the one with 

the maximum entropy of the probability distribution Pr(i|x=1), which is equal to 

selecting the model with the minimum relative entropy of fx=1(V) from f(V) (Elith et al. 

2011). 

One issue with the raw output R(x=1|V) is that, it is valued extremely small, since the 

sum of the values across all pixels in the study area should be 1; the relative differences 

therefore cannot be properly visualised in linear scale. A transformation of R(x=1|V) is 

therefore applied (namely logistic output (Elith et al. 2011)) to handle this issue and gives 

a monotonically related distribution with identical relative probability ranking: 

L(x=1|V)=
Pr(x=1)∙e(C+r∙F(V)-E)

(1-Pr(x=1)+Pr(x=1)∙e(C+r∙F(V)-E))
  [Equation 4.6] 

where E represents the relative entropy of fx=1(V) from f(V). 

When Pr(x=1) is often unknown, it is often arbitrarily assigned 0.5 as default in SDM 

studies (Elith et al. 2011, Merow et al. 2013). 

To the researcher’s knowledge, no previous literature has endeavoured to apply MaxEnt 

model for predicting the spatial distribution of infrastructure objects such as water 

supply; the specification therefore basically references the experiences of conventional 

SDM study designs (Phillips et al. 2006, Wang et al. 2010, Howard et al. 2012, Saupe et 
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al. 2012, Sobek-Swant et al. 2012, Yang, Kushwaha, et al. 2013, Norris 2014) and practical 

guides (Phillips 2005, Merow et al. 2013), assuming that water points can be treated in 

the same way as ‘plant species’. For each country, 70% of the drilled tube well/borehole 

presence samples were randomly selected and used for model training, whilst the 

remainders were set aside for testing the model performance; 50 sets of 10,000 

background (pseudo-absence) points were randomly selected from the target spatial 

extent for 50 replicated runs. All available computational features (i.e. Linear; quadratic; 

product; threshold; hinge; and discrete) were employed to calculate the constraints in 

order to capture the most complicated relationships between the covariates and target 

water points. 

In contrast to most SDM studies where prevalence of species is unknown, the prevalence 

of water point could be plausibly estimated based on nationally representative 

household surveys or population censuses as well as technical data of water supply 

facilities. According to obtained Cambodian population census 2008 data, there were 

approximately 3,441,740 people in Cambodia were served by drilled tube 

wells/boreholes. Following the similar concept in Chapter 3, assuming that a tube 

well/borehole could roughly serve 300 people, then there should be at least 

approximately 11,472 tube wells/boreholes in Cambodia to provide drinking water for 

these people. The target spatial extent of Cambodia in this study consisted of 207,993 

1km x 1km grid cells; assuming these 11,472 tube wells/boreholes ideally were all 

located in different grid cells, then the maximum possible prevalence of drilled tube 

well/borehole in Cambodia would be 0.055. Similarly, the target spatial extent of 

Tanzania in this study consisted of 1,034,427 1km x 1km grid cells; and there were 

approximately 3,490,240 tube well/borehole users according to obtained Tanzanian 

2012 population census data (requiring at least 11,634 tube wells/boreholes); the 

prevalence of tube well/borehole in Tanzania therefore was calculated to be 0.011. 
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Figure 4.63 Bias surface for Cambodia (Left) and Tanzania (Right). 

Kernel density values were rescaled to 1-10 with the same ranking between pixel cells in order to 

be used in MaxEnt 3.3.3k. 

Kernel density surfaces (Figure 4.63) were calculated based on employed target drilled 

tube well/borehole samples to be used as bias files in order to handle the potential 

sampling bias. A pixel with higher density value indicates that it received a greater survey 

effort. Such bias file could reflect variation in survey effort and MaxEnt therefore uses it 

as a weighting layer to ensure that the target water points are observed in locations with 

particular covariate conditions is due to such conditions are favourable, rather than due 

to these locations received greater survey efforts (background sample will be randomly 

selected based on this weighting layer). 

MaxEnt version 3.3.3k software (https://www.cs.princeton.edu/~schapire/maxent/) 

developed by Steven J. Phillips and colleagues (Phillips et al. 2006) was used to perform 

the Maxent modelling. As it embedded in the software, evaluation of model 

performance was carried out using Area Under the Receiver Operator Curve (AUROC, or 

AUC for short) analysis (DeLong et al. 1988) based on Monte Carlo cross-validation 

(Dubitzky et al. 2007) that the averaged AUC over 50 replicated runs was used to reflect 

https://www.cs.princeton.edu/~schapire/maxent/
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the predictive accuracy. The AUC should be a value between 0.5 and 1.0, where 1.0 

means that prediction has perfect discrimination; and 0.5 indicates prediction is no 

better than a random distribution. Intermediate values closer to 1.0 can be considered 

as a signal of better discriminatory power; and values closer to 0.5 indicate worse 

predictive power. 

In addition, a follow-up validation was carried out for Tanzania since there was an 

independent dataset obtained from the Tanzanian Ministry of Water via the Taarifa 

platform (http://taarifa.org/). In total, 5,489 boreholes installed with hand pump were 

identified according to their ‘source’, ‘source_group’ and ‘wp_type’ fields. After the 

removal of potential non-household use drinking source, water points located in 

implausible locations, duplicates within the same grid cells, as well as duplicates covered 

by WPDx data, 4,731 tube well/borehole points were employed as validation sample.  

The predicted potential distribution of drilled tube well/borehole was represented by 

relative probability of presence, by which the area of each study country was classified 

into three groups: (a) ‘High’: the relative probability predicted was higher than the 

defined prevalence (i.e. 0.055 for Cambodia and 0.011 for Tanzania); and it therefore 

would be very likely for a tube well or borehole to be found in such areas; (b) ‘Moderate’: 

this highlights the areas where the predicted relative probability was higher than the 

average of logistic output over background sites (i.e. the calculated ‘prevalence’), but 

lower than the defined prevalence; and (c) ‘Low’: the relative probability predicted was 

below the average of logistic output over background sites; this therefore suggests a very 

low potential for a tube well or borehole to be found in such areas. 

4.3 Results 

4.3.1 Model results and performance evaluations 

Predictive performance of the MaxEnt models was good based on test AUC values (Table 

4.11) for both Cambodia and Tanzania. The average of logistic output over background 

sites was 0.0268 for Cambodia, and 0.005 for Tanzania. The potential distribution 

predictions (Figures 4.64 and 4.65) were slightly more diffuse and cover broader areas 

than the realistic tube well/borehole locations, which suggested that approximately 18.1% 

http://taarifa.org/
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and 26.8% of the geographical areas in Cambodia and Tanzania respectively had 

potential to have tube well/borehole installed as the main household drinking water 

service.  

Table 4.11 AUC statistics of the Cambodian and Tanzanian potential distribution models. 

 Training AUC Test AUC 

Maximum Minimum Mean Maximum Minimum Mean 

Cambodia 0.794 0.791 0.793 0.797 0.785 0.791 

Tanzania 0.874 0.869 0.870 0.873 0.844 0.860 

 

For Tanzania, the average test AUC derived from the independent validation data was 

0.860, which suggests reasonable performance of the Tanzanian MaxEnt model. With a 

specific focus on unsurveyed areas, Table 4.12 gives the statistics of validation tube 

well/borehole points located in areas with ‘High’, ‘Moderate’, and ‘Low’ values of relative 

probability in Iringa, Katavi, and Tanga Regions, in which no water point was initially 

obtained from WPDx data for model building; Figures 4.66 – 4.68 show output MaxEnt 

prediction surfaces in these three regions. Most of the validation tube well/borehole 

points were located in areas with ‘High’ or ‘Moderate’ relative probability, with few 

exceptions (located in areas with ‘Low’ relative probability) which were not captured by 

the MaxEnt prediction. 

 

Table 4.12 Statistics of Taarifa-derived tube well/borehole validation points located in areas 

with ‘High’, ‘Moderate’ and ‘Low’ probability respectively in Iringa, Katavi and Tanga Regions. 

 Iringa Katavi Tanga Tanzania 

High 
Number 125 298 11 2,612 

Percentage 34.2% 55.2% 61.1% 55.2% 

Moderate 
Number 155 175 5 1,530 

Percentage 42.5% 32.4% 27.8% 32.3% 

Low 
Number 85 67 2 589 

Percentage 23.3% 12.4% 11.1% 12.4% 

Total 
Number 365 540 18 4,731 

Percentage 100.0% 100.0% 100.0% 100.0% 
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Figure 4.64 Potential distribution of tube wells/boreholes in Cambodia. 

A: potential distribution of tube well/borehole based on predicted relative probability; B: 

uncertainty surface for predicted relative probability. 
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Figure 4.65 Potential distribution of tube wells/boreholes in Tanzania. 

A: potential distribution of tube well/borehole based on predicted relative probability; B: 

uncertainty surface for predicted relative probability. 
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Figure 4.66 Potential distribution of tube wells/boreholes in Iringa Region, Tanzania. 

A: Taarifa-derived tube well/borehole validation points in Iringa Region; B: potential distribution 

of tube well/borehole in Iringa Region based on predicted relative probability. 
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Figure 4.67 Potential distribution of tube wells/boreholes in Katavi Region, Tanzania. 

A: Taarifa-derived tube well/borehole validation points in Katavi Region; B: potential distribution 

of tube well/borehole in Katavi Region based on predicted relative probability. 
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Figure 4.68 Potential distribution of tube wells/boreholes in Tanga Region, Tanzania. 

A: Taarifa-derived tube well/borehole validation points in Tanga Region; B: potential distribution 

of tube well/borehole in Tanga Region based on predicted relative probability. 
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4.3.2 Covariate importance evaluation 

Overall, socio-economic covariates provided comparatively greater contributions than 

technological covariates, and information contribution to the model was always 

dominated by one or two socio-economic predictive covariates. For Cambodia, 

population distribution (Pop) was found to have the most information which was not 

presented in the other predictive covariates according to most of the covariate 

importance tests, with the only exception of percent contribution where distance to 

settlements (Dst_Plc, which was the second most important predictive covariates in 

most of the tests) was suggested to be the most useful predictive covariate (Table 4.13). 

For Tanzania, population distribution (Pop) was found to have the most useful 

information according to all the covariate importance tests, whilst the second most 

useful predictive covariates was distance to roads (Dst_Rd). All response curves averaged 

from 50 duplicated runs were listed in Appendix E, showing how each predictive 

covariate affects the MaxEnt prediction.  

Table 4.13 Percent contribution and permutation importance. 

 Percent contribution Permutation importance 

KHM TZA KHM TZA 

Lineament density 0.3 0.9 0.1 1.5 

Aquifer productivity –– 0.2 –– 0.3 

Drainage density 1.0 1.7 0.0 3.8 

Groundwater storage –– 0.4 –– 1.7 

Slope 0.0 5.4 0.0 8.2 

Elevation 0.3 0.5 0.0 1.0 

Depth to groundwater (a) –– 0.2 –– 0.2 

Depth to groundwater (b) 0.8 0.1 2.3 0.3 

Land cover 0.2 0.2 0.0 0.2 

Distance to inland water 0.2 –– 0.0 –– 

Population 33.4 52.2 63.5 60.5 

Distance to perennial rivers 0.0 0.1 0.0 0.4 

Rainfall (annual) 4.1 2.8 0.0 3.4 

Rainfall (wettest quarter) –– –– –– –– 

Distance to settlements 53.7 0.6 26.6 0.4 

Distance to buildings –– 1.0 –– 1.7 

Distance to roads 5.6 27.7 7.4 6.0 

Distance to health facilities –– 3.5 –– 4.5 

Distance to protected areas 0.4 0.5 0.0 0.0 
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 Percent contribution Permutation importance 

KHM TZA KHM TZA 

MPI-defined poverty –– 2.1 –– 6.0 

Covariates excluded due to pairwise correlation or no data are recorded as ‘––’ in this table; 

values indicate the most important covariates are highlighted in bold. 

Table 4.14 Jackknife test using training gain. 

 Training gain without the 

covariate 

Training gain with only 

the covariate 

KHM TZA KHM TZA 

Lineament density 0.314 0.555 0.069 0.023 

Aquifer productivity –– 0.557 –– 0.003 

Drainage density 0.313 0.541 0.006 0.035 

Groundwater storage –– 0.556 –– 0.006 

Slope 0.314 0.539 0.047 0.052 

Elevation 0.313 0.554 0.122 0.016 

Depth to groundwater (a) –– 0.557 –– 0.007 

Depth to groundwater (b) 0.313 0.557 0.055 0.006 

Land cover 0.314 0.557 0.131 0.025 

Distance to inland water 0.314 –– 0.002 –– 

Population 0.295 0.487 0.259 0.365 

Distance to perennial rivers 0.314 0.557 0.003 0.002 

Rainfall (annual) 0.304 0.547 0.044 0.020 

Rainfall (wettest quarter) –– –– –– –– 

Distance to settlements 0.299 0.555 0.258 0.170 

Distance to buildings –– 0.552 –– 0.041 

Distance to roads 0.306 0.524 0.159 0.305 

Distance to health facilities –– 0.547 –– 0.237 

Distance to protected areas 0.313 0.552 0.078 0.101 

MPI-defined poverty –– 0.550 –– 0.128 

Covariates excluded due to pairwise correlation or no data are recorded as ‘––’ in this table; 

values indicate the most important covariates are highlighted in bold. 

Table 4.15 Jackknife test using test gain. 

 Test gain without the 

covariate 

Test gain with only the 

covariate 

KHM TZA KHM TZA 

Lineament density 0.736 0.922 0.223 0.052 

Aquifer productivity –– 0.930 –– 0.009 

Drainage density 0.736 0.911 0.006 0.078 

Groundwater storage –– 0.922 –– 0.021 

Slope 0.735 0.901 0.149 0.077 

Elevation 0.737 0.921 0.375 0.058 
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 Test gain without the 

covariate 

Test gain with only the 

covariate 

KHM TZA KHM TZA 

Depth to groundwater (a) –– 0.930 –– 0.014 

Depth to groundwater (b) 0.734 0.930 0.156 0.010 

Land cover 0.735 0.930 0.408 0.044 

Distance to inland water 0.735 –– 0.001 –– 

Population 0.688 0.840 0.729 0.616 

Distance to perennial rivers 0.735 0.931 0.012 0.001 

Rainfall (annual) 0.745 0.906 0.162 0.050 

Rainfall (wettest quarter) –– –– –– –– 

Distance to settlements 0.712 0.926 0.677 0.319 

Distance to buildings –– 0.922 –– 0.082 

Distance to roads 0.728 0.894 0.377 0.475 

Distance to health facilities –– 0.916 –– 0.428 

Distance to protected areas 0.739 0.934 0.232 0.211 

MPI-defined poverty –– 0.917 –– 0.226 

Covariates excluded due to pairwise correlation or no data are recorded as ‘––’ in this table; 

values indicate the most important covariates are highlighted in bold. 

Table 4.16 Jackknife test using AUC on test data. 

 Test AUC without the 

covariate 

Test AUC with only the 

covariate 

KHM TZA KHM TZA 

Lineament density 0.791 0.858 0.683 0.599 

Aquifer productivity –– 0.860 –– 0.544 

Drainage density 0.791 0.857 0.527 0.609 

Groundwater storage –– 0.858 –– 0.540 

Slope 0.791 0.856 0.650 0.582 

Elevation 0.791 0.858 0.717 0.617 

Depth to groundwater (a) –– 0.860 –– 0.533 

Depth to groundwater (b) 0.790 0.860 0.620 0.544 

Land cover 0.791 0.860 0.715 0.564 

Distance to inland water 0.791 –– 0.512 –– 

Population 0.777 0.848 0.802 0.790 

Distance to perennial rivers 0.791 0.860 0.522 0.508 

Rainfall (annual) 0.793 0.855 0.641 0.587 

Rainfall (wettest quarter) –– –– –– –– 

Distance to settlements 0.788 0.859 0.782 0.711 

Distance to buildings –– 0.858 –– 0.611 

Distance to roads 0.789 0.854 0.691 0.764 

Distance to health facilities –– 0.857 –– 0.752 

Distance to protected areas 0.792 0.861 0.686 0.649 
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 Test AUC without the 

covariate 

Test AUC with only the 

covariate 

KHM TZA KHM TZA 

MPI-defined poverty –– 0.858 –– 0.682 

Covariates excluded due to pairwise correlation or no data are recorded as ‘––’ in this table; 

values indicate the most important covariates are highlighted in bold. 

4.4 Discussions 

The high AUC values in Cambodian and Tanzanian models suggest that the MaxEnt 

predictions successfully captured the patterns of relationships between drilled tube 

well/borehole data and corresponding predictive covariates. All AUCs above 0.75 may 

indicate potentially useful discriminatory power of the models (Elith 2000, Phillips and 

Dudík 2008); and small differences between each pair of training AUC and test AUC 

indicate that the models may not be overfitted. The high AUC value derived from the 

Tanzanian independent validation data also confirms that the MaxEnt prediction could 

give a brief indication of where water point may potentially be distributed across 

landscape where available water point data is limited. Although such output prediction 

surfaces may not directly replace real water point surveys, the predicted potential 

geography of water service could be used to link together data from different sources 

and identify where the most disadvantaged population live and reveal issues such as the 

inequalities hidden by national averages.  

This study identified ten predictive covariates from technological perspectives and ten 

from socio-economic perspectives; and found that comparatively useful information in 

explaining the spatial distribution of drilled tube well/borehole was generally found in 

socio-economic covariates, specifically those reflecting where people have settled (i.e. 

population, distance to settlements, and distance to roads). The apparent greater 

predictive potential of socio-economic over technological data may simply reflect the 

differing spatial resolutions and data quality issues of current available socio-economic 

and technological geospatial data. Whilst generally data on human settlement patterns 

were available at detailed scales, only very coarse resolution hydrogeological data were 

used in this study. Alternative proxy measures, such as lineaments derived from terrain 
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models, may poorly reflect groundwater availability. In addition, another potential 

reason of this finding may be that, some factors such as the groundwater chemistry and 

interference with human activities were barely captured in this study; and drilled tube 

well or borehole as the target water service in this study actually have a broad range of 

different technical features, for example, a manually drilled well would generally be 

much shallower than a machine drilled wells. In this situation, the actual presence of 

tube wells/boreholes may not be explained by these selected technological factors as 

there may be a broad range of landscape within the study countries have favourable 

conditions for general drilled tube well or borehole. In other words, technological 

covariates may provide more useful information in modelling a specific type of water 

supply facility (e.g. hand drilled wells installed with India Mark II pump) rather than a 

general (aggregated) class of water service (such as drilled tube well/borehole in this 

case).  

There have been several attempts to validate the outputs of large-scale groundwater 

models using independent data such as the distribution of wetlands (Döll et al. 2003). 

The use of groundwater model outputs as input covariates to model the distribution of 

certain types of groundwater-based water points (e.g. hand dug wells) could provide a 

further means of validating such models. However, the use of two groundwater model 

outputs in this study proved inconclusive, as only Tanzanian prediction employed both 

of the two groundwater models but they all proved little contributions to the prediction 

in this case. 

With regard to the potential sampling bias, water point data generally contains technical 

information which enables pre-analysis of sampling bias. For example, checking the 

depths of boreholes/tube wells recorded in the water point data indicates if the sample 

was biased towards certain depths. However, this inevitably will significantly increase 

the workload when a large number of covariates were considered, and also requires 

strong knowledge about the selected covariates (e.g. knowing that depth exceeds 200 

m is not suitable thus no borehole/tube well recorded in such areas does not indicate 

biased sample). The relationships between water point distribution and some correlated 
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parameters may be easily informed by previous experiences, such as the possible depth 

to extract groundwater (Baumann 2000, Baumann et al. 2010), the possible walking 

distance to fetch water (The Sphere Project n.d., Howard and Bartram 2003, OHCHR 

2010), etc.; however, relationships between water point distribution and some 

potentially correlated parameters may be difficult to find out and it therefore would be 

difficult to pre-investigate the potential sampling bias towards such parameters. As an 

example, lineament density and drainage density are often used to determine the 

groundwater potential (Lemecha 2007); however, there is scarce knowledge or 

experience about the boundaries of lineament density where tube well or borehole is 

often installed. Instead of using separate predictive covariates reflecting different 

dimensions of groundwater potential, employing an aggregated covariate might be an 

optimal alternative (e.g. combining these lineament density, drainage density, land cover, 

etc. to create a groundwater potential surface to be used as one input predictive 

covariate layer). 

In terms of the limitations, the application of ‘presence-only’ ecological niche model to 

predict potential drinking water source distribution depends on both the water point 

sample and relevant covariates. In regard to socio-economic covariates, there remain 

few geospatial data that may reflect choice of water point technology such as 

neighbourhood characteristics (i.e. density, type of building, etc.) and local economic 

conditions (Purshouse et al. 2017). Those that are available, such as the MPI-defined 

gridded poverty map, may not fully reflect such local conditions. In addition, obtained 

geospatial data sets may have temporal gaps and therefore require the assumption that 

they (e.g. buildings, road networks, inland water, etc.) were not significantly changed 

over time. Moreover, some covariates were derived from coarse spatial resolution data 

sources, which may not reflect precise local conditions at high spatial resolution as well. 

Any errors in water point capture (e.g. misclassification of disused water points as 

drinking sources due to lack of information) and therefore in input data will also be 

reflected in the MaxEnt output. Furthermore, the prediction is based on different 

geological and hydrogeological products where groundwater chemistry is not taken into 
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account (Bonsor and MacDonald 2011); therefore, determination of potentially feasible 

sites for water supply infrastructure development based on the prediction of relative 

suitability ranking requires further investigation on issues such as groundwater quality. 

Some other types of drinking water service such as piped water and vended water may 

not be largely captured by water point inventories and therefore would be difficult to 

model via this method. Additionally, this study only considered one drilled 

borehole/tube well in the analysis, which was only groundwater-based. Some drinking 

water services such as standpipe or public tap may be captured by water point data with 

or without knowing their original sources where water was extracted from (e.g. 

groundwater, surface water, and rainwater). It would be therefore difficult to find a valid 

predictive covariate set universally capturing them at the same time. For example, 

rainfall data as a potential predictive covariate may not explain the distribution o f 

groundwater-based standpipe and rainwater-based standpipe in the same way. Due to 

the dependence on corresponding predictive covariates, different types of drinking 

water supply facility as well as the same type of drinking water supply facility but with  

different original sources should be modelled separately. This may be the major issue 

which could potentially undermine its utility in SDG monitoring of subnational level 

drinking water service coverage since the drinking water service such as ‘basic’ and 

‘safely managed’ contains multiple types of water source which could be very difficult to 

explain by one set of predictive covariates, and it therefore could be very challenging to 

make prediction of them in a single model. 

4.5 Conclusions 

While spatially explicit information of drinking water is often restricted to coarse spatial 

resolution (e.g. at certain administrative level), this study heuristically proposed a 

potential approach for national level high spatial resolution mapping of information 

about drinking water service using regionally recorded water point data. The areas 

predicted as relatively suitable, if not occupied by the target or other advanced water 

supply technology, could be the potential candidate areas to be considered for 

development of this water supply technology. In addition, the prediction may also be 
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used to reflect where people with access to such drinking water source are likely to be 

distributed when spatially explicit information is not (or only partially) available. With 

follow-up field validation, mapping the detailed number of population with access to 

certain types of drinking water source may also be possible when combining with 

population census or nationally representative household surveys data. Moreover, the 

continuous feature of MaxEnt prediction allows diverse applications such as looking at 

the potential impacts of climate change, exposure to geogenic contaminants, and also 

may help to find unsurveyed areas for follow-up water point survey. There is also scope 

to use the prediction as an ancillary data for enhancing or evaluating census and 

household surveys data from spatial perspectives. In addition, covariate importance may 

provide insights into the factors affect the ‘niche’ occupied by water points. In this regard, 

it might also be used to validate different hydrogeological products. 
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Chapter 5 Revealing geographic inequalities in drinking 

water services 

5.1 Introduction 

5.1.1 Preamble 

This chapter gives an example application of the MaxEnt modelling method and output 

surface described in the previous chapter to introduce how they could potentially lead 

to useful insights on the advancement of SDGs monitoring. This example application will 

focus on revealing geographic inequalities by predicting the potential distribution of 

disadvantaged populations concerning drinking water services based on the MaxEnt 

model. The illustration of such application shows the fulfilment of the last objective set 

out in Chapter 1 and demonstrates ‘the potential role of the approach in SDG drinking 

water monitoring’. 

5.1.2 Background 

Achieving universal and equitable access to safe and affordable water for all requires 

evidence-based assessments to identify disadvantaged groups and prioritise those with 

the most needs accordingly. In this regard, previous studies (WHO and UNICEF 2008, 

Pullan, et al. 2014) monitoring sanitation often have a particular focus on disadvantaged 

populations concerning services, for example, by measuring the prevalence of open 

defecation alongside access to improved sanitation facilities. Similarly, to improve 

drinking water service delivery to ultimately deliver safe and sustainable water supply 

services for all, it is also necessary to locate the people still using inadequate water 

services and pinpoint which parts of the country are falling behind.  

In general terms, using ‘surface water’ refers to fetching water directly from open 

sources such as a river, stream, lake, pond, dam, canal or irrigation channel for drinking, 

which is considered as the most disadvantaged drinking water service at the bottom of 

the JMP’s water ladder and is often labelled ‘no service’ (WHO and UNICEF 2017b). 

Drinking water collected directly from open surface water sources may contain 

contaminants and pathogens, which can cause serious health effects without proper 
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treatment before use. There were over 90 million people still fetching drinking water 

directly from surface water in Sub-Saharan Africa in 2015 (WHO and UNICEF 2017b). 

With a particular focus on surface water, the section illustrates a novel  approach to 

measure the geographic inequalities in drinking water service availability based on a 

modelled MaxEnt surface.  

5.2 Method 

5.2.1 Case study area 

This chapter will focus on Bomi County in Liberia, which is one of the 15 counties that 

comprise the first administrative level of Liberia (Figure 5.1). According to the 2008 

Liberian population census, the total population of Bomi County was 84,119; 

approximately 49.8% of households in Bomi County had access to piped water (indoor; 

outdoor; or public tap); 21.2% were relying on water wells (protected or unprotected); 

and 25.6% were using surface water sources. 

 

Figure 5.1 Geographic location of Bomi County in Liberia. 

5.2.2 Distribution of surface water drinking sources 

Among currently available Liberian demographic data, the 2008 population census has 
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the highest level of spatial disaggregation, with areal statistics on household drinking 

water supply published at county level (administrative level 1). It is therefore difficult to 

examine geographic inequalities in drinking water service below county level through 

conventional data and methods (Figure 5.2). 

 

Figure 5.2 Liberian map of subnational level coverage of households drinking surface wate r 

respectively at county level (left) and clan level (right). 

In addition, to the researcher’s knowledge, existing Liberian water point data sets (i.e. 

WPDx; Liberia 2011 Improved Water Point data; 2016 WASH in Schools data; 2017 WASH 

inventory data) do not cover any water points representing surface water drinking 

sources within Bomi County. This chapter will (1) predict the potential geography of 

surface water drinking sources (i.e. the sources where people directly extract surface 

water (such as river, lake, creek, see Section 1.1.2.5) for drinking as well as other main 

domestic use) across Liberia using a MaxEnt model with available surface water points 

in other counties; and (2) extract the Bomi County area from the modelled surface for 

analysis. 

The model building used in this chapter is similar to the methodology described in the 

previous chapter (Section 4.2). The county level (administrative level 1) boundary 
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shapefile data embedded within the Liberian 2011 Water Point Mapping database is 

used to derive the national boundary of Liberia as well as the county boundary of Bomi 

County. All covariate and bias layers are clipped to a consistent target spatial extent and 

calculated/analysed at 30 arc-seconds (approximately 1km) spatial resolution and 

projected to the same coordinate system (Geographic, WGS84). 

In total, 95 water points representing surface water sources in Liberia (located outside 

of Bomi County) were derived from the WPDx database; and 86 surface water points 

were used after the removal of duplicates within the same grid cell and those located 

outside the target spatial extent (Figure 5.3 Top left). 

Based on the same rationale described in Chapter 4, 11 covariates that might explain the 

spatial distribution of surface water drinking sources were selected (Figure 5.4, following 

processing of the raw data in Figure 5.3). These included the topography (slope, 

elevation, and topographic wetness index), depth to groundwater table, land cover, 

distance to inland water, annual precipitation, distance to places (villages, towns, 

hamlets, etc.), distance to roads, distance to healthcare facilities, distance to protected 

areas, and distance to other known water points. ‘Other known water points’ refers to 

all the other alternative forms of water service apart from surface water (e.g. piped water, 

borehole, dug well, spring, rainwater harvesting, tanker truck, bottled water, etc.), 

considered as one type of drinking water source (i.e. the opposite category of surface 

water drinking sources). These were used to create a distance-based covariate since no 

other geospatial data reflecting the choice of drinking water service was available at a 

high resolution (e.g. DHS modelled surfaces at 5km resolution were too coarse for 

investigating the spatial patterns at clan level). This was based on a series of assumptions: 

(1) the other known water points were completely surveyed across the country as 

reported (Liberia Ministry of Public Works and Liberia WASH consortium 2011, Liberia 

Ministry of Public Works 2017); (2) presence of these water points was not significantly 

changed over time; and (3) people served by a known water point would not collect 

surface water for drinking and other main domestic purposes due to seasonal changes 

and functionality issues. The other known water points were derived from the 
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combination of two Liberian WPM databases (see Table 5.1) which captured piped water 

(to dwelling or public, including kiosk), borehole, protected dug well, protected spring, 

unprotected dug well, unprotected spring, and rainwater harvesting system. Water 

points potentially used for other purposes were not excluded, assuming that peo ple 

living in these places were served by other uncaptured water sources such as bottled 

water rather than surface water (i.e. it is not likely that people have access to water 

supply techniques for other purposes such as irrigation or watering animals, bu t still 

choose to collect surface water for more vital uses such as drinking). Raw data and 

sources are shown in Figure 5.3 and Table 5.1. 

The model building is similar to the methodology described in the previous chapter 

(Section 4.2.4), 70% of the presence samples of surface water drinking sources were 

randomly selected and used for model training, whilst the remainders were set aside for 

model testing; 50 sets of 10,000 background (pseudo-absence) points were randomly 

selected from the target spatial extent for 50 replicated runs. All available computational 

features (i.e. Linear; quadratic; product; threshold; hinge; and discrete) were used to 

calculate the constraints so as to capture the complex relationships between the 

covariates and target water points. According to the Liberian population census data 

obtained for 2008 (described in Chapter 3), approximately 803,945 people were fetching 

water from surface water sources. Assuming that on average a surface water point could 

roughly serve 300 people (assuming that the number is similar to the average population 

served by surface water points in Tanzania according to the Taarifa database 

(http://taarifa.org/) reported by the Tanzanian Ministry of Water); there should be at 

least 2,680 surface water points in existence to match the population reported in 

population census. The target spatial extent of Liberia in this study consisted of 84,441 

1km x 1km grid cells; the prevalence (the ratio of presence locations to the total location 

points) of surface water in Liberia therefore was calculated to be approximately 0.032. 

The kernel density surface (Figure 5.5) was calculated based on derived surface water 

samples, and was rescaled to 1-10 to be used as bias files for handling the potential 

sampling bias. Evaluation of model performance was also carried out using AUC analysis  

http://taarifa.org/
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Table 5.1 Datasets used to create covariate input layers for MaxEnt model in this case study. 

Name Source Data type Data format Resolution 

Equilibrium Water Table 

Africa Model version 2 

Fan et al. (Fan et al. 2013) Water table depth, 

continuous raster 

NetCDF 1 km 

WorldClim Global Climate 

Data version 1.4 (~1960-

1990) 

Museum of Vertebrate Zoology, University of California 

(Hijmans et al. 2005) 

Precipitation, continuous 

raster 

Geotiff 1 km 

MODIS Land Cover Type 

(MCD12Q1) version 5.1 

University of Maryland & the Pacific Northwest National 

Laboratory (Friedl et al. 2010) 

Land cover, categorical raster Geotiff 500 m 

ASTER GDEM Version 2 METI of Japan and United States NASA Elevation, continuous raster Geotiff 30 m 

Digital Chart of the World 

(DCW) 

Environmental Systems Research Institute, Inc. (ESRI) Inland water, categorical 

vector 

Polyline; polygon 

shapefile 

- 

Open Street Map (OSM) OpenStreetMap Foundation (OSMF) & Contributors 

(OpenStreetMap contributors 2015) 

Places; roads, categorical 

vector 

Point; polyline 

shapefile 

- 

The World Database on 

Protected Areas (WDPA) 

United Nations Environment Programme's World 

Conservation Monitoring Centre (UNEP-WCMC 2014) 

Protected areas, categorical 

vector 

Polygon shapefile - 

Healthsite Data Global Healthsites Mapping Project (Global Healthsites 

Mapping Project 2017) 

Healthcare facility locations, 

categorical vector 

Point shapefile - 

Liberian 2011 Improved 

water points 

National Water Sanitation and Hygiene Promotion 

Committee, Liberia 

Water point locations, 

categorical vector 

Point shapefile - 

Liberian 2017 WASH 

inventory 

National Water Sanitation and Hygiene Promotion 

Committee, Liberia 

Water point locations, 

categorical vector 

Point shapefile - 
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Figure 5.3 Raw input data used in modelling the distribution of surface water sources in Liberia.  

From top left to bottom right: (1) WPDx-derived surface water point sample; (2) Liberian county 

boundaries; (3) ASTER-derived DEM; (4) Equilibrium Water Table Africa Model; (5) MODIS land 

cover; (6) DCW inland water; (7) WorldClim-derived annual precipitation; (8) OSM-derived places 

(e.g. towns, villages, hamlets, etc.); (9) OSM-derived roads; (10) healthcare facilities from Global 

Healthsites Mapping Project; (11) WDPA-derived protected areas; (12) Derived other water 

points. 
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Figure 5.4 Derived predictive covariate layers used in modelling the distribution of surface 

water sources in Liberia. 

From top left to bottom right: (1) slope; (2) elevation; (3) topographic wetness index; (4) depth 

to groundwater table; (5) land cover; (6) Euclidean distance to inland water; (7) annual 

precipitation; (8) Euclidean distance to villages/towns/hamlets; (9) Euclidean distance to roads; 

(10) Euclidean distance to healthcare facilities; (11) Euclidean distance to protected areas; (12) 

Euclidean distance to other water points. 
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(DeLong et al. 1988) based on Monte Carlo cross-validation (Dubitzky et al. 2007). The 

average AUC over 50 replicated runs would indicate a perfect discriminatory power of 

the model if equals to 1.0, and no discriminatory power (i.e. no better than a random 

distribution) if equals to 0.5. 

 

Figure 5.5 Derived bias layers used in modelling the distribution of surface water sources in 

Liberia. 

5.2.3 Measuring geographic inequality in surface water drinking source 

Since no available national data set reports surface water drinking sources at highly 

disaggregated levels (e.g. administrative level 2, known as district; administrative level 3, 

known as clan, etc.), this section uses a new indicator (Ps(A); Equation 5.1). This 

measures local inequalities in surface water drinking source based on the proportion of 

‘reachable area’ having surface water drinking sources within a subnational area: 

Ps(A)=
Asurface(A)

Areachable (A)
  [Equation 5.1] 

where Areachable(A) is the total reachable area within administrative areal unit A; whilst 

Asurface(A) represents the total reachable area within A that has surface water drinking 

sources. The ‘reachable area’ refers to the settlement area with a buffer zone set at a 
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reasonable walking distance (e.g. 1.5km), considering that people sometime may walk 

away from the settlement area to collect surface water. 

In this case, the calculation is performed based on raster grid; this equation therefore 

can be replaced by: 

Ps(A)=
Nsurface(A)

Nreachable(A)
  [Equation 5.2] 

where Nreachable(A) is the total number of grid cells within A that are identified as 

reachable areas; whilst Nsurface(A) represents the total number of grid cells identified as 

reachable areas within A where the probability of the presence of surface water drinking 

source defined by the MaxEnt model is also high. 

The MaxEnt model of surface water distribution comes in a gridded format, where each 

grid cell across the landscape represents the predicted probability of the presence of 

surface water drinking sources at that geographic location. However, given that only 

some of these locations are occupied by people, the two equations therefore do not 

consider the proportion of surface water present across the entire geographic area of 

administrative areal unit A, but only the areas where people may live or walk to collect 

surface water within A. 

In this study, the urban settlement areas (Figure 5.6) were derived from the 84m 

resolution Global Urban Footprint (GUF) settlement data (Esch et al. 2011, 2017), 

provided by the Earth Observation Center (EOC), German Aerospace Center (DLR). Rural 

settlement areas were derived from the 2008 populated places data (Figure 5.7) 

provided by the Liberia Institute of Statistics & Geo-Information Services (LISGIS; 

https://www.lisgis.net/). The reachable areas were derived based on 1.5km buffer zones 

for the polygon-based urban settlement areas and 2km buffer zones for the point-based 

rural settlement areas. These buffers were used to reflect the reasonable distances that 

people may walk to collect enough water quantity for the very basic daily use (The 

Sphere Project n.d., Howard and Bartram 2003, OHCHR 2010), which also roughly 

correspond to a 30 minute roundtrip to collect water without queuing. They were then 

rasterised (cell centre method) to a 1km x 1km grid layer (Figure 5.8). In total, 86.9% of 

the land area in Bomi County was considered reachable area. 

https://www.lisgis.net/
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Figure 5.6 GUF-defined urban settlement areas in Bomi County. 

 

 

Figure 5.7 Populated places in Bomi County. 

 



 

196 
 

 
Figure 5.8 Reachable areas in Bomi County. 

In addition, Liberian 2008 population census district boundaries (administrative level 2) 

were acquired from the HDX portal (https://data.humdata.org/), provided by the United 

Nations Office for the Coordination of Humanitarian Affairs (OCHA) country office in 

Liberia; whilst clan boundaries (administrative level 3) were acquired from the Famine 

Early Warning Systems Network (FEWS NET; http://www.fews.net/). 

5.3 Results 

Predictive performance of the Liberian MaxEnt model of surface water drinking source 

(Figure 5.9) was good based on an average test AUC value (0.900). In general, the 

distribution pattern broadly complied with the regional coverage reported in the 2008 

population census whereby the predicted occurrence of surface water drinking sources 

was comparatively higher in southwestern areas, including Bomi County. Within the 

county boundary of Bomi (Figure 5.10), the settlement areas with an obviously high 

probability of the presence of surface water drinking sources appeared in the central 

areas of Bomi, whilst the southwestern coastal zone and northeastern areas including 

Tubmanburg City (which is the capital city of Bomi County) showed low probabilities 

(Figure 5.11). 

https://data.humdata.org/
http://www.fews.net/


 

197 
 

 

 
Figure 5.9 Predicted potential distribution of surface water drinking source in Liberia. 

A: potential distribution of surface water drinking source based on predicted relative probability; 

B: uncertainty surface for predicted relative probability (measured using the standard deviation 

of 50 replicated runs). 
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Figure 5.10 Extracted MaxEnt prediction of surface water drinking sources in Bomi County. 

 

 

Figure 5.11 Extracted MaxEnt prediction of surface water drinking sources in Bomi County with 

area type code. 
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Figure 5.12 Extracted reachable area cells within each district that have high (red) and low 

(blue) probability of the presence of surface water drinking sources respectively. 

Each (red/blue) dot on the map represents a 1km x 1km grid cell of reachable area. 

 

Figure 5.13 Extracted reachable area cells within each clan that have high (red) and low (blue) 

probability of the presence of surface water drinking sources respectively. 

Each (red/blue) dot on the map represents a 1km x 1km grid cell of reachable area. 
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Figure 5.14 Map showing the local differences of surface water drinking source coverage 

between each district in Bomi County. 

 

Figure 5.15 Map showing the local differences of surface water drinking source coverage 

between each clan in Bomi County. 
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Detailed reachable areas that potentially had surface water drinking source within each 

district and clan are shown in Figures 5.12 and 5.13. The final outputs (Figures 5.14 and 

5.15) showed that regional inequalities varied depending on scale. For example, Dowein 

District on the south coast had the highest predicted surface water drinking source 

coverage (27.73%) in reachable areas at the district level, but Deygbo Clan and Moifeh 

Clan within Dowein District had comparatively low coverages at the clan level (13.11% 

and 17.65% respectively). Similarly, Suehn Mecca District had the lowest coverage 

(20.89%) at the district level, but the coverages of Gboor Clan (27.21%) and Gbojay Clan 

(26.56%) within Suehn Mecca District were much higher than Deygbo Clan and Moifeh 

Clan within Dowein District. 

5.4 Discussions 

Based on the predicted distribution of surface water drinking sources, this section 

illustrated a novel approach to examine geographic inequalities in drinking water 

services by measuring the ‘geographical coverage’ (as defined by Equations 5.1 and 5.2) 

of ‘reachable’ areas within which people were likely using surface water as their drinking 

sources. The concept is similar to a previous study (Ntozini et al. 2015) where spatial 

coverage of water supply was calculated using population count living within defined 

distance to water points divided by the total population within the target region (i.e. only 

the people has been replaced by area here). In a manner different from the conventional 

method that measures ‘population/household coverage’ – the proportion of 

populations or households with access to drinking water based on demographic data 

sources (Pullan et al. 2014, WHO and UNICEF 2016, 2017b), this approach reflects the 

geographical prevalence of surface water drinking sources within each subnational unit. 

Specifically, a low ‘geographical coverage’ of surface water drinking sources in a given 

‘reachable’ area may imply that people lacking access to water supply facilities within 

the area were geographically concentrated (i.e. there were fewer grids corresponding to 

surface drinking water sources within the area). Conversely, a high ‘geographical 

coverage’ may indicate that the distribution of people lacking access to drinking water 

supply facilities were likely scattered. This may be one of the strengths of this approach, 
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since it concerns ‘the locations where drinking water services are lacking’ instead of ‘the 

number (or proportion) of people without access to drinking water supply facilities’, 

which gives a different perspective on using the output to imply the potential efforts to 

introduce new drinking water supplies based on location, and facilitate the attainment 

of achieving universal access to drinking water, especially for areas with nomadic peoples 

where ensuring supplies are available by location will be key to achieving access. 

In fact, the main drinking water sources in Liberia were boreholes, hand dug wells and 

surface water such as creeks (Liberia Institute of Statistics and Geo-Information Services 

2008). A lack of functioning infrastructure (e.g. due to functional failures, technical 

obstacles to delivery of water services, or low household incomes making water tariffs 

unaffordable) was the main reason that people choose to fetch water from surface water 

sources for their basic needs (WASH Liberia Consortium 2013). According to the 

Norwegian Refugee Council (NRC) Needs Assessment Survey 2007 (County Development 

Committee et al. 2012), there were 104 functioning hand pumps used in Klay and 30 in 

Suehn Mecca. This means that approximately 780 and 541 people would need to have 

been served per hand pump respectively to cover the full populations in these two 

districts, numbers considerably higher than the designed capacity of a hand pump (up 

to 300 people per hand pump; Baumann 2000, Baumann et al. 2010). This suggests that 

more water points should be installed in Klay District than Suehn Mecca District in order 

to achieving universal access to drinking water, in agreement with the results (Figure 

5.13) of this study. 

As another key strength of this approach, it enables examination of patterns in small 

areas where demographic statistics concerning drinking water services are often absent, 

since it is conducted based on water point data and spatial predictive modelling. It 

therefore makes it possible to gain insights into the status in a country where 

demographic data sources concerning drinking water supply infrastructure were absent  

or outdated, when locational data such as water point data are available. In addition, 

since the predicted surface has a powerful geographic nature (i.e. spatial continuity), 

subnational level administrative boundaries can be replaced by any other boundaries 
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reflecting different geographic areas. This allows us to investigate the inequalities in 

drinking water services according to a range of geographies, such as the informal 

settlements highlighted in the recent JMP task force on SDG monitoring of inequalities 

in services (WHO and UNICEF 2017d). Given that more geospatial data sources reflecting 

demographic indicators are becoming available (Tatem, Garcia, et al. 2013, Tatem, 

Gething, et al. 2013, Gething et al. 2015), it should also become possible to investigate 

inequalities in services among demographic groups marginalised on the basis of, for 

example, ethnicity, or education by combining the MaxEnt modelled surface with such 

demographic areas defined by corresponding geospatial data. 

For the main drawbacks, firstly, it suffers all the limitations of MaxEnt prediction 

discussed in the previous chapter and outlined in (Phillips and Dudík 2008, Devisscher et 

al. 2016). These include the assumptions employed, potential overfitting, bias issues, as 

well as the predicted relative (rather than absolute) presence probability (Yackulic et al. 

2013), which would all affect the measure of geographical inequality. Secondly, the 

choice of predictive covariates also affect the result. In the absence of neighbourhood 

characteristics (i.e. density, type of building, etc.) and local household income conditions 

that potentially explain the choice or preference of water supply techniques (Purshouse 

et al. 2017), this study included the Euclidean distance to all other known alternative 

forms of water service apart from surface water as a covariate. This was based on a series 

of assumptions (i.e. the completeness of data, no temporal changes, no effects of 

seasonal change and dysfunctionality, and the presence of water points for purposes 

other than drinking may reflect the potential use of uncaptured minor water sources 

such as water vender, bottled water) that could all affect the uncertainty of the result. 

Another alternative approach could be using a multinomial logit model of use of several 

different types of water service based on a ‘not-so-realistic’ requirement that the surface 

water was chosen as the main drinking source over a specific type of water supply 

technique (say dug well) should be irrespective of the presence or characteristics of 

other alternative water supply techniques (e.g. standpipes, rainwater harvesting systems, 

etc.), referred as to the independence of irrelevant alternatives (IIA) (Ben-Akiva and 
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Lerman 1985). Thirdly, since water point data generally do not capture the use of service 

(although information on functionality and service continuity may be included) but the 

availability of service (Yu et al. 2014), the predicted relative probability of presence can 

imply the access to drinking water service, however could not reflect the actual use of 

service. In this regard, predictions based on demographic data (if made public) would be 

a better option. In addition, from the perspective of data analysis and processing, this 

approach has complex procedures, and requires a number of other geospatial map layers 

for predicting the distribution, defining the settlement areas, and measuring the 

inequalities: these factors may limit its application in other contexts. The calculation of 

geographical coverage is also sensitive to the spatial resolution as well as the quality of 

source data defining the settlement areas. Furthermore, since the approach is based on 

the coverage of geographical area, it would be difficult to validate using the output of 

existing studies (Pullan et al. 2014, Gething et al. 2015) that demonstrate the percentage 

of households/populations having access to specific services. 

5.5 Conclusions 

In summary, by using the MaxEnt modelled surface, this chapter measured geographical 

inequalities in drinking water services without the use of small area demographic data 

on water supply, and provided a new perspective to look into the disparities of drinking 

water service between geographical areas. This approach could be used as an effective 

tool to investigate inequality when explicit data of drinking water services at high spatial 

disaggregated levels are absent. The MaxEnt modelled surface has been demonstrated 

to be capable of supporting the sophisticated SDG monitoring, particularly in measuring 

geographic inequalities in this case. The result illustrates a localised index of 

‘geographical coverage’ which reflect the amount of investment of resources required to 

achieve universal access (e.g. higher density of water services will likely be required for 

sparsely populated areas in comparison with for areas with concentrated population 

(Giné and Pérez-Foguet 2008)), and thus may potentially be helpful for planning future 

drinking water supply infrastructure development.  
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Chapter 6 Conclusions and Future Works 

6.1 Summary and conclusions 

This research was intended to identify potential approaches for enhancing currently 

existing data sources relating to drinking water services, to support SDG monitoring. 

Ultimately, these outputs can facilitate planning and targeting of infrastructure 

development, helping to bring vital drinking water services for all. The overall aim has 

been achieved through (1) integrating conventional demographic data with novel data 

sets to provide valuable supplementary information such as availability and water quality; 

and (2) predicting the potential geography of drinking water services to develop a basis 

for spatial analysis and data integration. The objectives listed in Section 1.5 have been 

achieved: 

 ‘To assess consistency in international use of WASH terminology in population 

censuses and assess the extent to which such censuses meet the expanded need for 

monitoring of drinking water services in the SDGs’ – achieved in Chapter 2, where 

the census contents relating to service level, availability, accessibility and water 

quality were assessed using a scoring system based upon the most recent 

international policy changes. With regional variation, the census content concerning 

household drinking water could generally distinguish improved versus unimproved 

services and had upward trend in information coverage regarding the SDG 

monitoring requirement. However, components of SDG indicators such as water 

quality and availability (e.g. water supply interruption) were found difficult to 

capture in census. 

 ‘To propose a potential approach to examine the completeness of water point data 

sets in low and lower-middle income countries where suitable data exist’ – achieved 

in Chapter 3, where the coverage of water point data was assessed by comparing 

the census-derived count of water consumer to the estimated population served 

based on the technical capacity of water point. The results suggested that obtained 

Cambodian and Tanzanian water point data had incomplete coverage, and 

highlighted subnational areas where insufficient water points recorded to account 
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for census-derived household use of drinking water services. The results also found 

that none of the Liberian counties had apparently incomplete water point coverage, 

and therefore were feasible to integrate census data. 

 ‘To examine the potential integration of population and housing census data with 

water point data to provide useful information on water quality, accessibility and 

availability, and assess the extent to which such integrated data meet the expanded 

need for SDG monitoring of drinking water service levels’ – achieved in Chapter 3, 

where potential barriers to integrating population census and water point data to 

meet SDG monitoring needs were examined, and Liberian WPM-census data were 

integrated to illustrate an example of measuring advantaged service level by adding 

availability and water quality information to census data. 

 ‘To develop an approach to predicting the geography of drinking water supply 

services across a given country with a high level of geospatial disaggregation’ – 

achieved in Chapter 4, where MaxEnt-based predictive modelling method was used 

to predict the potential distribution of drinking water service using available 

incompletely surveyed water point data and other existing geospatial data sets 

conceptually relating to the siting criteria of drinking water supply. 

 ‘To assess the potential role of the approach developed in SDG drinking water 

monitoring’ – achieved in Chapter 5, where an example application was given to 

illustrate the use of MaxEnt modelled surface for revealing geographical inequalities 

in drinking water services. 

In conclusion, this thesis described the novel geo-information-based approaches to 

empower currently existing data for sophisticated SDG monitoring. The re-use of water 

point data is recommended to add value to existing demographic data monitoring 

drinking water service to capture valuable information which is not easily available 

elsewhere. For countries where currently existing water point data do not have complete 

national coverage, predictive modelling method that based on regionally available water 

point data and geospatial covariate data sets provides an option to look into the 

potential geography of drinking water services and therefore to extend the scope of SDG 
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monitoring. 

6.2 Original contributions and practical significances 

6.2.1 Original contributions and practical significances 

In the absence of data sources that comprehensively capture information for the 

sophisticated SDG monitoring of drinking water service, the significant original 

contribution of this study is the re-use of existing water point data sets (both for 

integration with population census data and for development of geospatially 

disaggregated model) to provide novel approaches to empowering SDG monitoring of 

drinking water service. This may also support surrounding public health studies, such as 

assessing the vulnerability of water supply technique due to climate change or pollution. 

There are a number of separate original contributions to knowledge made as parts of 

this PhD study:  

(1) A score-based assessment of currently existing population censuses regarding their 

ability to capture drinking water (and sanitation) availability, accessibility, and safety 

was conducted during the transition period from the MDGs to the SDGs (Chapter 2), 

which provided supporting information for statistics and monitoring specialists to 

examine potential data sources and useful information. 

(2) A database of WASH-related census content came alongside the score-based 

assessment (Chapter 2), which could be used as supporting information to guide 

further refinements and harmonisation of future population census to reflect  

ambitions for SDG monitoring. 

(3) A plausible approach to examine the national coverage of currently existing water 

point data sets using technical information was proposed (Chapter 3), which also 

highlighted areas that could be investigated further through follow-up field surveys 

or could be brought together to an open platform if data exist but remain 

inaccessible. 

(4) An evaluation of potential barriers to integrating population census and water point 

data to meet SDG monitoring needs (Chapter 3), which also provide supporting 

information to empower the design or to guide further refinements and 
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harmonisation of future water point data surveys to reflect ambitions for SDG 

monitoring as well as other WASH-related studies. 

(5) For the first time, MaxEnt-based spatial modelling method was introduced to WASH 

sector (Chapter 4), which examined the utility and feasibility of using predictive 

modelling method to estimate the geography of infrastructure objects beyond 

species. When the prevalence is often unknown and assumed to be 0.5 as default in 

most species distribution modelling studies based on MaxEnt model, this study 

employed empirical and technical information on possible capacity of water supply 

technique to estimate the population served and therefore to calculate the 

prevalence. 

(6) By using water point data as input sample, the output of MaxEnt model can be 

created for specific type of water supply technique which even may not be 

distinguishable in demographic data (Chapter 4). 

(7) Embedded covariate contribution analysis could gain knowledge and help to find 

important parameters that better explaining the geospatial distribution of drinking 

water service (Chapter 4). 

(8) Although the two depth to groundwater models used in this study proved in 

conclusive due to little contributions, the covariate contribution analysis still remains 

a potential approach to validate large-scale groundwater models (Chapter 4). 

(9) Beyond regional coverage and dissimilarity indices, this study proposed a novel 

approach to measure geographic inequalities in drinking water service, which can be 

calculated without having small area statistics (Chapter 5). 

6.2.2 Research impact on practice 

This is a topical study coming in the transition period from the MDG to the SDG, of which 

some research impacts on practice can be summarised as follow:  

 The database of water and sanitation related population census content created in 

Chapter 2 is currently being used by the WHO/UNICEF Joint Monitoring Programme 

for Water Supply, Sanitation and Hygiene (https://washdata.org/) for research 

underpinning monitoring of SDG Goal 6. 

https://washdata.org/
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 The works described in Chapter 3 have been proposed to Water Point Data Exchange 

(WPDx; https://www.waterpointdata.org/) for their first revision to the current data 

standard. 

 A case study combining water point data and machine learning to predict the 

geographic distribution of disadvantaged drinking water supply in Liberia was 

entered into the Unite Ideas’ #SDGinsights Challenge 

(https://sdginsights.uniteideas.spigit.com/). This is a data challenge organised by 

United Nations’ Unite Ideas, in collaboration with United States Agency for 

International Development (USAID) DHS Program (https://dhsprogram.com/) and 

Development Policy and Analysis Division (DPAD) of the United Nations Department 

of Economic and Social Affairs (UN DESA). The challenge sought a solution of 

‘combining household survey data with other georeferenced datasets to provide 

insights into the status and progress of the SDGs’, and the entry based on the works 

described in Chapter 4 and Chapter 5 have been recognised as the 1st place winner. 

6.3 Strengths and limitations 

The detailed limitations of each methodological chapter have been stressed in 

corresponding discussion sections. A few general strengths and limitations of using 

water point date to integrate with demographic data and to predict the geography of 

drinking water service can be summarised here: 

For integration of demographic data and water point data sets, the main strengths are: 

 Cost effectiveness: When water point data collected for other projects can be 

effectively re-used for SDG monitoring and can provide necessary information that 

is not present in other standard data sources, it avoids the need for extra modules 

(e.g. water quality test) being conducted within demographic surveys, and would 

result in cost and time savings. This also means that population census data would 

not be replaced by household surveys in SDG monitoring if the scarce information 

can be added by combining with water point data. 

 Use of point-based geography: The point-based geographic nature not only allows 

data to be aggregated by various boundaries, but also provides the potential to  

https://www.waterpointdata.org/
https://sdginsights.uniteideas.spigit.com/
https://dhsprogram.com/
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evaluate the accessibility in terms of the distance from households to drinking water 

source. 

 Measure of data completeness: Matching the demographic data with water point 

data by converting water supply facility to population served based on the technical 

capacity enables to triangulate and identify areas where datasets may not be 

complete. 

 Potential of tracking temporal changes: There is scope to incrementally add data 

points to the water point data whereas the demographic surveys (e.g. census or 

cross-sectional survey) tend to be one-off events. This would in theory enable 

tracking temporal changes. 

The main limitations are: 

 Dependence on complete national coverage: This data integration solution for 

national level analysis is feasible when obtained water point data set has a complete 

national coverage. 

 Difficulties in matching drinking water source types:  The terminologies used in 

population censuses and water point data sets to describe the type of drinking water 

supply techniques are often not standardised; some categories such as kiosk, gravity 

scheme therefore could not be unambiguously placed into any JMP-defined 

category.  

 Dependency on technical information: When the majority of water point data sets 

do not collect data about the exact population served by the facility, this method  

assumes the number of population served based on the technical information about 

the capacity of water point. This may lead to heavy workloads to identify scarce 

technical information, and a number of assumptions and inferences are required 

when issues such as functionality are taken into account. 

For using MaxEnt-based predictive modelling method to predict the potential spatial 

distribution of drinking water service with regional water point data, the main strengths 

are: 

 High level of geospatial disaggregation: The modelled surface can illustrate the 
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potential geographic distribution of target drinking water source with a high level of 

geographic disaggregation, and allows data to be flexibly summarised by various 

non-administrative boundaries for analysis. 

 Potential use of geographic nature: Based on its continuous spatial nature, the 

modelled surface can be readily combined with other geospatial data sets for 

relevant analyses such as measuring inequalities in drinking water services persist 

between different population groups defined by characteristics of interest (e.g. 

wealth, age, area reflecting informal settlements, etc.), assessing population 

exposure to water-borne pollutants and contamination, and examining water supply 

vulnerability to climate change. 

 Flexible for different type of water supply: The modelled surface can be built for a 

specific type of drinking water supply technique which may not be distinguishable 

in conventional demographic data source. This would be beneficial to undertake 

analyses concerning specific characteristics of water supply techniques/facilities, for 

example, examining the arsenic risks of deep boreholes versus shallow boreholes in 

Bangladesh. 

The main limitations of such approach are: 

 Indication of ‘potential’ distribution: Although the prediction indicates the 

potential spatial distribution of drinking water service, it does not represent the 

actual distribution, or the level of population use. This means that areas with high 

relative probability may not have the service, and areas with relative low probability 

may also have the service. Therefore this modelled surface cannot replace water 

point survey, but can add value when other data showing detailed geography of 

drinking water service is not available or not completely surveyed in the target area. 

 Relative probability: The prediction theoretically represents a relative ranking 

rather than the true probability, it therefore should be interpreted with caution. For 

example, the probability of having a drinking water service is comparatively higher 

for a site with a prediction of 0.6 than for a site with a prediction of 0.4; however it 

does not mean that for them the probabilities of presence are precisely 60% and 40% 
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respectively.  

 Sample bias: water point data may be region-specific for some reason and may 

therefore lead to sample bias issues – areas with presence of drinking water supply 

may due to that they received greater survey effort, rather than due to the general 

environmental conditions there are more feasible.  

6.4 Future work priorities and recommendations 

In the context of Sustainable Development Goals, this thesis gleaned scarce information 

from diverse existing data with spatial modelling and integration methodologies to 

empower current international and national monitoring of drinking water service, and 

also provided some insights and directions for future research. 

First, from the contextual aspects, future work should focus on establishing standards 

reflecting ambitions for SDG monitoring for data collection and harmonisation. This 

could help to bring together diverse data sets to give a deeper understanding of water 

services. In this regard, it may be worth undertaking exercises that systematically analyse 

the terminology used in currently existing data sources concerning drinking water 

services, since they generally vary to a certain extent, even between different nationally 

representative household surveys (Günther et al. 2010). In addition, there would be 

scope to expand the range of population census and water point data content 

characterised under this study, for example, by documenting potential stratifiers in 

population census questionnaires that might be suitable for examining inequalities in 

water and sanitation access, such as ethnicity or disabilities. Furthermore, given the 

variation in water supply categories evident in this study, the impact of definitional 

ambiguities and harmonisation assumptions on conventional (e.g. census-based) 

international comparisons of water access could also be explored.  

A few recommendations for future population census can be summarised as follow: 

 The classification system of drinking water (as well as sanitation and hygiene) in 

future population census should comply with the JMP standard; 

 It would be beneficial for future population census to cover items reflecting 

availability (e.g. water supply interruption or water quantity) and accessibility (e.g. 
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time spend for water collection or distance to water source) of drinking water 

supply, which can be conducted by simply questioning the respondents; 

 If possible, it would also be beneficial for the census content identifying 

improved/unimproved water source, accessibility and availability to be published in 

a cross-tabulation format (e.g. not reporting statistics of regional improved water 

coverage and regional accessible water coverage separately, but distinguishing in 

each region how many are accessible/inaccessible among the 

improved/unimproved water sources); 

 Going forwards, publication of geographically disaggregated water and sanitation 

census data is likely to become increasingly important for international and national 

monitoring if population census data are to be integrated with other data streams 

such as water point data. 

A few recommendations for future water point surveys can be summarised as follow: 

 It would be beneficial to develop harmonised and standardised category system for 

water supply techniques which could also unambiguously fall into JMP-defined 

water service categories; 

 If water point data is being published, it is also necessary to publish an instruction 

document describing the project background, study design, sampling methodology, 

and technical information; 

 It would be beneficial to collect data on number of population being served by water 

point; 

 It would also be beneficial to add attributes looking at the use of water point, for 

example, categorised by the main purpose of use (e.g. domestic use, watering 

animals, irrigation, industrial purposes, etc.) or by the place being served (e.g. 

residential area; school; health care facilities; etc.); 

 Comparatively large scale water point data collected through government-

coordinated campaigns, if possible, should attempt to take water quality test of 

faecal and priority chemical contaminations at a reduced cost, for example, 

following the methodology described in a previous study (de Palencia and Pérez-
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Foguet 2012). 

Another area for potential future work is to improve the spatial modelling method 

predicting the potential geography of drinking water service. There could be 

considerable scope to expand the range of feasible algorithms for modelling drinking 

water service, for example, to include presence-absence methods. In so doing, 

prediction based on presence-absence data would represent true probability and 

therefore could be used as covariate or dasymetric weighting to produce gridded model 

of population with specific drinking water service. Similarly, there would also be scope 

to employ such predictive modelling methods to predict the geography of other 

infrastructure (non-species) object, or to investigate site feasibility for infrastructure 

development (e.g. selecting suitable sites for borehole drilling). Moreover, there could 

also be scope to use the covariate contribution analysis as a novel approach to validate 

large-scale groundwater model products. 

Finally, to address the key issue of simplicity for SDG monitoring (WHO and UNICEF 

2014c), future work could also focus on creating a user-friendly software where data 

analysis and modelling described in this thesis could be performed automatically after 

the input data sources are set up, which will make this work easily replicable by non-

specialists and decision makers. 
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Appendices 

Appendix A Protocol for interpretation of questionnaire content 

Drinking water 

(1) Neighbour (piped water) 

 ‘Piped to neighbour(s)’: improved drinking water, off premises; 

 ‘Shared with neighbour(s)’: improved drinking water, on premises or off premises. 

(2) Drilled well: improved drinking water, on premises or off premises. 

(3) Hand pump: improved drinking water, on premises or off premises. 

(4) Artesian well: improved or unimproved drinking water, on premises or off premises. 

(5) Tank: improved or unimproved drinking water, on premises or off premises. 

(If unspecified, a ‘tank’ could be the storage tank of a rainwater harvesting system; a 

water tank which pumped water from underground into tank above ground and then 

deliver water through pipe (e.g. city water supply); or a water tank filled by water from 

a tanker-truck via a pipe, etc.; the original source and water extraction and 

transportation techniques are therefore unclear.) 

(6) ‘Private / individual / household’ equipment 

 Network system (original source of piped water): on premises or off premises; 

 Well (or any other ground water): on premises; 

 Tank (no matter water tank or rainwater harvesting system): on premises. 

(7) ‘Shared’ equipment 

 Tap: on premises or off premises; 

 Well (or any other ground water): on premises or off premises; 

 Tank (no matter water tank or rainwater harvesting system): on premises or off 

premises. 

(8) ‘Public’ / ‘communal’ / ‘village’ equipment 

 Network system (original source of piped water): on premises or off premises; 

 Tap / standpipe / fountain: off premises; 

 Well (or any other ground water): off premises; 

 Tank (no matter water tank or rainwater harvesting system): off premises. 

(9) Purchased water / vended water / water vendor: improved or unimproved drinking 

water, off premises. 
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(It could be purchased water from mobile seller or vending machine; tanker-truck; cart 

with small tank / drum; or could also be water refilling station.) 

(10) Other ambiguous water sources without available definitions or any clear 

information were roughly considered as ‘undistinguishable’, which could be improved or 

unimproved drinking water, could be on premises or off premises. 

Sanitation 

(1) Sanitation & Sewerage Disposal question sets 

When multiple questions (sanitation & sewerage disposal) were applied, we assumed 

that 'sewage disposal' was also applied for toilet water if unspecified, and combined the 

sewage disposal categories with flush or pour-flush toilets. Therefore, generally 

‘sewerage disposal’ does not provide any elimination / disposal related information for 

those toilets without flushing systems, such as pit latrines, bucket toilets, etc. 

(2) Other ambiguous / non-standard categories of toilet without available definitions or 

any clear information were roughly considered as ‘undistinguishable’ sanitation.  
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Appendix B Detailed W/S-scores 

Country Year Round source W1 W2 W3 W4 W-total S1 S2 S3 S4 S-total 

Afghanistan 1979 3 IPUMSI 0.60  0.00  0.00  0.00  0.60  0.00  0.00  0.00  0.00  0.00  

Afghanistan 2011 6 IPUMSI 1.00  0.00  0.50  0.00  1.50  1.00  1.00  0.00  0.50  2.50  

Armenia 1989 4 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Armenia 2001 5 UNSD 0.50  0.00  0.40  0.00  0.90  0.00  0.00  0.50  0.00  0.50  

Armenia 2011 6 IPUMSI 0.50  0.00  0.40  0.00  0.90  0.00  0.00  0.50  0.50  1.00  

Bangladesh 1974 2 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Bangladesh 1981 3 IPUMSI 0.75  0.00  0.00  0.00  0.75  0.00  0.00  0.00  0.00  0.00  

Bangladesh 1991 4 IPUMSI 0.80  0.00  0.00  0.00  0.80  1.00  1.00  0.00  1.00  3.00  

Bangladesh 2001 5 IPUMSI 0.80  0.00  0.00  0.00  0.80  1.00  1.00  0.00  1.00  3.00  

Bangladesh 2011 6 IPUMSI 0.80  1.00  1.00  0.00  2.80  1.00  1.00  0.00  1.00  3.00  

Benin 1979 3 IPUMSI 0.60  0.00  0.25  0.00  0.85  0.00  0.00  0.00  0.00  0.00  

Benin 1992 4 IPUMSI 0.67  0.00  0.40  0.00  1.07  1.00  0.00  0.00  0.50  1.50  

Benin 2002 5 UNSD 0.88  0.00  0.50  0.00  1.38  1.00  0.50  0.00  0.50  2.00  

Benin 2013 6 IPUMSI 0.88  0.00  0.71  0.00  1.59  1.00  0.50  0.00  0.50  2.00  

Bhutan 2005 6 UNSD 0.80  0.00  0.40  0.00  1.20  1.00  0.00  0.50  0.00  1.50  

Bolivia 1976 3 IPUMSI 0.50  0.00  0.40  0.00  0.90  1.00  0.00  0.50  0.50  2.00  

Bolivia 1992 4 IPUMSI 0.50  0.00  0.33  0.00  0.83  1.00  0.00  0.50  0.50  2.00  

Bolivia 2001 5 IPUMSI 0.71  0.00  0.40  0.00  1.11  1.00  0.00  0.50  0.50  2.00  

Bolivia 2012 6 UNSD 0.71  0.00  0.40  0.00  1.11  1.00  0.00  0.50  0.50  2.00  

Burkina Faso 1996 5 IPUMSI 1.00  0.00  0.25  0.00  1.25  1.00  0.50  0.00  0.50  2.00  



218 

 

 

Country Year Round source W1 W2 W3 W4 W-total S1 S2 S3 S4 S-total 

Burkina Faso 2006 6 IPUMSI 1.00  0.00  0.25  0.00  1.25  1.00  0.50  0.50  0.50  2.50  

Burundi 1990 4 IPUMSI 1.00  0.00  0.60  0.00  1.60  1.00  0.00  0.50  0.00  1.50  

Burundi 2008 6 IPUMSI 1.00  0.00  0.75  0.00  1.75  1.00  0.00  0.50  0.50  2.00  

Cabo Verde 1960 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  1.00  0.00  0.00  0.00  1.00  

Cabo Verde 1970 2 IPUMSI 0.00  0.00  0.00  0.00  0.00  1.00  0.00  0.50  0.00  1.50  

Cabo Verde 1980 3 IPUMSI 0.50  0.00  0.33  0.00  0.83  1.00  0.00  0.00  0.50  1.50  

Cabo Verde 1990 4 IPUMSI 0.63  0.00  0.50  0.00  1.13  1.00  0.00  0.00  0.00  1.00  

Cabo Verde 2000 5 UNSD 0.57  0.00  0.00  0.00  0.57  1.00  0.00  0.00  0.50  1.50  

Cabo Verde 2010 6 INE (CV) 1.00  0.00  1.00  0.00  2.00  0.00  0.00  0.00  0.00  0.00  

Cambodia 1998 5 IPUMSI 0.60  0.00  0.00  0.00  0.60  1.00  0.00  0.00  0.00  1.00  

Cambodia 2008 6 IPUMSI 0.86  0.00  1.00  0.00  1.86  1.00  0.50  0.00  0.50  2.00  

Cameroon 1976 3 IPUMSI 0.60  0.00  0.25  0.00  0.85  0.00  0.00  0.00  0.00  0.00  

Cameroon 1987 4 IPUMSI 0.83  0.00  0.60  0.00  1.43  0.00  0.00  0.50  0.00  0.50  

Cameroon 2005 6 IPUMSI 1.00  0.00  0.75  0.00  1.75  1.00  0.50  0.50  0.50  2.50  

Central African Republic 1988 4 IPUMSI 1.00  0.00  0.33  0.00  1.33  0.00  0.00  0.00  0.00  0.00  

Central African Republic 2003 5 IPUMSI 1.00  0.00  0.43  0.00  1.43  1.00  1.00  0.00  0.50  2.50  

Chad 1989 4 IPUMSI 1.00  0.00  0.33  0.00  1.33  1.00  0.00  0.00  0.00  1.00  

Chad 2009 6 IPUMSI 1.00  0.00  0.50  0.00  1.50  1.00  0.00  0.00  0.50  1.50  

Comoros 1958 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Comoros 1980 3 IPUMSI 0.50  1.00  0.63  0.00  2.13  1.00  0.00  0.50  0.00  1.50  

Comoros 1991 4 IPUMSI 0.43  1.00  0.71  0.00  2.14  1.00  0.00  0.00  0.00  1.00  

Congo, Dem. Rep. 1958 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
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Congo, Dem. Rep. 1984 3 UNSD 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Congo, Rep. 1974 2 IPUMSI 0.67  0.00  0.60  0.00  1.27  1.00  0.00  0.00  0.00  1.00  

Congo, Rep. 1984 3 IPUMSI 0.75  0.00  0.75  0.00  1.50  0.00  0.00  0.00  0.00  0.00  

Congo, Rep. 2007 6 IPUMSI 0.70  0.00  0.38  0.00  1.08  1.00  0.00  0.00  0.50  1.50  

Côte d'Ivoire 1988 4 IPUMSI 0.50  0.00  0.25  0.00  0.75  0.00  0.00  0.00  0.00  0.00  

Côte d'Ivoire 1998 5 IPUMSI 0.71  0.00  1.00  0.00  1.71  1.00  0.50  0.00  0.50  2.00  

Djibouti 1983 3 IPUMSI 0.80  0.00  0.75  0.00  1.55  1.00  0.00  0.00  0.00  1.00  

Djibouti 2009 6 IPUMSI 0.86  0.00  0.60  0.00  1.46  1.00  0.50  0.50  0.50  2.50  

Egypt, Arab Rep. 1976 3 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.50  0.00  0.50  

Egypt, Arab Rep. 1996 5 IPUMSI 0.67  0.00  0.33  0.00  1.00  1.00  0.00  0.50  0.00  1.50  

Egypt, Arab Rep. 2006 6 IPUMSI 0.67  0.00  0.33  0.00  1.00  1.00  0.00  0.50  0.50  2.00  

El Salvador 1979 3 IPUMSI 0.00  0.00  1.00  0.00  1.00  1.00  0.00  0.50  0.00  1.50  

El Salvador 1992 4 IPUMSI 0.40  0.00  0.75  0.00  1.15  1.00  0.00  0.50  0.50  2.00  

El Salvador 2007 6 IPUMSI 0.67  0.00  0.75  1.00  2.42  1.00  0.50  0.50  0.50  2.50  

Eritrea 1998 5 IPUMSI 0.80  0.00  0.67  0.00  1.47  1.00  0.00  0.50  0.50  2.00  

Ethiopia 1970 2 IPUMSI 0.67  0.00  0.60  0.00  1.27  1.00  0.00  0.00  0.00  1.00  

Ethiopia 1984 3 IPUMSI 1.00  0.00  0.83  0.00  1.83  1.00  0.00  0.50  0.00  1.50  

Ethiopia 1994 4 CSA (ET) 1.00  0.00  0.80  0.00  1.80  1.00  0.00  0.50  0.00  1.50  

Ethiopia 2007 6 IPUMSI 1.00  0.00  0.80  0.00  1.80  1.00  0.00  0.50  0.00  1.50  

Gambia, The 1983 3 IPUMSI 0.67  0.00  1.00  0.00  1.67  1.00  0.00  0.50  0.00  1.50  

Gambia, The 1993 4 IPUMSI 0.67  0.00  1.00  0.00  1.67  1.00  0.00  0.50  0.00  1.50  

Gambia, The 2003 5 IPUMSI 0.67  0.00  1.00  0.00  1.67  1.00  0.00  0.50  0.00  1.50  
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Georgia 2002 5 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Ghana 1960 1 IPUMSI 0.67  0.00  1.00  0.00  1.67  1.00  0.00  0.50  0.00  1.50  

Ghana 1970 2 IPUMSI 0.75  0.00  1.00  0.00  1.75  1.00  0.00  0.50  0.00  1.50  

Ghana 1984 3 IPUMSI 0.67  1.00  0.00  0.00  1.67  0.00  0.00  0.00  0.00  0.00  

Ghana 2000 5 IPUMSI 0.75  0.00  0.40  0.00  1.15  1.00  0.50  0.50  0.50  2.50  

Ghana 2010 6 IPUMSI 1.00  0.00  0.43  0.00  1.43  1.00  0.50  0.50  0.50  2.50  

Guatemala 1964 1 IPUMSI 0.67  0.00  0.50  0.00  1.17  1.00  0.00  0.50  0.50  2.00  

Guatemala 1981 3 IPUMSI 0.60  0.00  0.60  0.00  1.20  1.00  0.00  0.50  0.00  1.50  

Guatemala 1994 4 IPUMSI 0.78  0.00  0.75  0.00  1.53  1.00  0.00  0.50  0.50  2.00  

Guatemala 2002 5 IPUMSI 0.67  0.00  0.60  0.00  1.27  1.00  0.00  0.50  0.50  2.00  

Guinea 1983 3 IPUMSI 0.50  0.00  0.25  0.00  0.75  0.00  0.00  0.00  0.00  0.00  

Guinea 1996 5 IPUMSI 0.83  0.00  0.40  0.00  1.23  1.00  0.00  0.00  0.50  1.50  

Guinea-Bissau 1979 3 IPUMSI 1.00  0.00  0.33  0.00  1.33  1.00  0.00  0.00  0.50  1.50  

Guinea-Bissau 2009 6 IPUMSI 1.00  0.00  0.80  0.00  1.80  1.00  0.00  0.50  0.50  2.00  

Guyana 1980 3 IPUMSI 0.83  0.00  1.00  0.00  1.83  1.00  0.00  0.50  0.50  2.00  

Guyana 2002 5 UNSD 1.00  0.00  0.43  0.00  1.43  1.00  0.00  0.50  0.50  2.00  

Guyana 2012 6 BoS (GY) 1.00  0.00  0.50  0.00  1.50  1.00  1.00  0.50  0.50  3.00  

Haiti 1971 2 IPUMSI 0.67  0.00  0.80  0.00  1.47  1.00  0.00  0.00  0.00  1.00  

Haiti 1982 3 IPUMSI 0.67  0.00  0.80  0.00  1.47  1.00  0.00  0.00  0.00  1.00  

Haiti 2003 5 IPUMSI 0.75  0.00  0.40  0.00  1.15  1.00  0.00  0.00  0.00  1.00  

Honduras 1961 1 IPUMSI 0.75  0.00  0.75  0.00  1.50  1.00  0.00  0.50  0.50  2.00  

Honduras 1974 2 IPUMSI 0.60  0.00  0.60  0.00  1.20  1.00  0.00  0.50  0.50  2.00  
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Honduras 1988 4 IPUMSI 0.88  0.00  0.33  0.00  1.21  1.00  0.00  0.50  0.50  2.00  

Honduras 2001 5 IPUMSI 0.83  0.00  0.33  0.00  1.17  1.00  0.50  0.50  0.50  2.50  

Honduras 2013 6 IPUMSI 0.86  0.00  0.50  0.00  1.36  1.00  0.50  0.50  0.50  2.50  

India 1981 3 IPUMSI 0.60  0.00  1.00  0.00  1.60  0.00  0.00  0.00  0.00  0.00  

India 2001 5 IPUMSI 0.57  0.00  1.00  0.00  1.57  1.00  0.00  0.00  0.50  1.50  

India 2011 6 IPUMSI 0.78  0.00  1.00  0.00  1.78  1.00  1.00  0.00  1.00  3.00  

Indonesia 1961 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Indonesia 1971 2 IPUMSI 0.67  0.00  1.00  0.00  1.67  0.00  0.00  1.00  0.00  1.00  

Indonesia 1980 3 IPUMSI 0.67  0.00  0.00  0.00  0.67  0.00  0.00  0.50  0.50  1.00  

Indonesia 1990 4 IPUMSI 0.67  0.00  0.00  0.00  0.67  0.00  0.00  0.50  0.50  1.00  

Indonesia 2000 5 IPUMSI 0.00  0.00  0.00  0.00  0.00  1.00  0.00  0.00  0.00  1.00  

Indonesia 2010 6 UNSD 1.00  0.00  0.40  0.00  1.40  1.00  0.00  1.00  0.50  2.50  

Kenya 1989 4 IPUMSI 0.75  0.00  0.00  0.00  0.75  1.00  0.50  0.00  0.50  2.00  

Kenya 1999 5 IPUMSI 0.67  0.00  0.00  0.00  0.67  1.00  0.50  0.00  0.50  2.00  

Kenya 2009 6 IPUMSI 0.93  0.00  0.14  0.00  1.07  1.00  1.00  0.00  0.50  2.50  

Kiribati 1978 3 IPUMSI 0.80  0.00  0.50  0.00  1.30  1.00  0.00  0.00  0.00  1.00  

Kiribati 2000 5 IPUMSI 1.00  0.00  0.00  0.00  1.00  0.00  0.00  0.00  0.00  0.00  

Kiribati 2010 6 Gov (KI) 1.00  0.00  0.00  0.00  1.00  1.00  0.00  0.00  0.00  1.00  

Korea, Dem. Rep. 2008 6 IPUMSI 1.00  0.00  0.40  0.00  1.40  1.00  0.00  0.50  0.00  1.50  

Kosovo 2011 6 DEMOBALK 0.80  0.00  0.40  0.00  1.20  0.00  0.00  0.00  0.50  0.50  

Kyrgyz Republic (Kyrgyzstan) 1999 5 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Kyrgyz Republic (Kyrgyzstan) 2009 6 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
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Lao PDR 1961 1 IPUMSI 0.75  0.60  0.71  0.00  2.06  1.00  0.00  0.00  0.00  1.00  

Lao PDR 1973 2 IPUMSI 0.71  0.60  0.67  0.00  1.98  1.00  0.00  0.00  0.00  1.00  

Lao PDR 1995 5 IPUMSI 1.00  1.00  1.00  0.00  3.00  1.00  0.00  0.00  0.00  1.00  

Lao PDR 2005 6 IPUMSI/UNSD 0.83  1.00  1.00  0.00  2.83  1.00  0.00  0.00  0.00  1.00  

Lesotho 1986 4 IPUMSI 0.63  1.00  0.57  0.00  2.20  1.00  0.50  0.00  0.50  2.00  

Lesotho 1996 5 IPUMSI 0.63  0.00  0.57  0.00  1.20  1.00  0.50  0.00  0.50  2.00  

Lesotho 2006 6 IPUMSI 0.70  1.00  0.67  0.00  2.37  1.00  0.50  0.00  0.50  2.00  

Liberia 1974 2 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Liberia 1984 3 IPUMSI 0.80  0.00  0.40  0.00  1.20  1.00  0.00  0.50  0.00  1.50  

Liberia 1991 4 IPUMSI 0.80  0.00  0.50  0.00  1.30  1.00  0.00  0.50  0.00  1.50  

Liberia 2008 6 IPUMSI 1.00  1.00  1.00  0.00  3.00  1.00  0.00  0.50  0.00  1.50  

Madagascar 1975 3 IPUMSI 0.75  0.00  0.17  0.00  0.92  1.00  0.00  0.50  0.00  1.50  

Madagascar 1993 4 IPUMSI 0.57  0.00  0.17  0.00  0.74  0.00  0.00  0.50  0.00  0.50  

Malawi 1961 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Malawi 1977 3 IPUMSI 1.00  0.00  0.67  0.00  1.67  0.00  0.00  0.00  0.00  0.00  

Malawi 1987 4 IPUMSI 0.75  0.00  0.50  0.00  1.25  1.00  0.00  0.50  0.00  1.50  

Malawi 1998 5 IPUMSI 0.90  0.00  0.43  0.00  1.33  1.00  0.00  0.00  0.00  1.00  

Malawi 2008 6 IPUMSI 0.92  0.00  0.43  0.00  1.35  1.00  0.00  0.00  0.00  1.00  

Mali 1987 4 IPUMSI 0.50  0.00  0.25  0.00  0.75  0.00  0.00  0.00  0.00  0.00  

Mali 1998 5 IPUMSI 0.80  0.00  0.25  0.00  1.05  0.00  0.00  0.50  0.00  0.50  

Mali 2009 6 IPUMSI 1.00  0.00  0.25  0.00  1.25  1.00  0.00  0.50  0.50  2.00  

Mauritania 1988 4 IPUMSI 0.67  0.00  0.25  0.00  0.92  1.00  0.00  0.50  0.50  2.00  
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Mauritania 2000 5 UNSD 0.60  0.00  0.50  0.00  1.10  1.00  0.00  0.50  0.50  2.00  

Mauritania 2013 6 ONS (MR) 1.00  0.00  0.57  0.00  1.57  1.00  1.00  0.00  0.50  2.50  

Micronesia, Fed. Sts. 2000 5 IPUMSI 0.50  0.00  0.29  0.00  0.79  0.00  0.00  0.00  0.50  0.50  

Micronesia, Fed. Sts. 2010 6 IPUMSI 0.75  0.00  0.20  0.00  0.95  1.00  0.50  0.00  0.50  2.00  

Moldova 2004 5 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Moldova 2014 6 IPUMSI 0.80  0.00  0.80  0.00  1.60  1.00  0.00  0.00  0.50  1.50  

Mongolia 1989 4 IPUMSI 0.50  0.00  0.50  0.00  1.00  0.00  0.00  0.00  0.00  0.00  

Mongolia 2000 5 IPUMSI 0.50  0.00  0.00  0.00  0.50  0.00  0.00  0.50  0.00  0.50  

Mongolia 2010 6 IPUMSI 0.88  1.00  0.40  0.00  2.28  1.00  0.00  0.50  0.50  2.00  

Morocco 1970 2 IPUMSI 0.25  0.00  1.00  0.00  1.25  0.00  0.00  0.00  0.50  0.50  

Morocco 1982 3 IPUMSI 0.25  0.00  1.00  0.00  1.25  0.00  0.00  0.00  0.00  0.00  

Morocco 1994 4 IPUMSI 0.25  0.00  1.00  0.00  1.25  1.00  0.00  0.50  0.00  1.50  

Morocco 2004 5 IPUMSI 0.60  0.00  1.00  0.00  1.60  1.00  0.00  0.50  0.50  2.00  

Mozambique 1980 3 IPUMSI 0.75  0.00  0.67  0.00  1.42  1.00  0.00  0.00  0.00  1.00  

Mozambique 1997 5 IPUMSI 0.67  0.00  0.60  0.00  1.27  1.00  0.00  0.00  0.00  1.00  

Mozambique 2007 6 IPUMSI 0.88  0.00  0.50  0.00  1.38  0.00  1.00  0.00  0.00  1.00  

Myanmar 2014 6 IPUMSI 1.00  0.00  0.00  0.00  1.00  1.00  0.00  0.00  0.00  1.00  

Nepal 2001 5 IPUMSI 0.60  0.00  0.00  0.00  0.60  1.00  0.00  0.00  0.00  1.00  

Nepal 2011 6 IPUMSI 0.83  0.00  0.00  0.00  0.83  1.00  0.00  0.00  0.50  1.50  

Nicaragua 1963 1 IPUMSI 0.40  0.00  0.40  0.00  0.80  1.00  0.00  0.50  0.50  2.00  

Nicaragua 1971 2 IPUMSI 0.67  0.00  0.67  0.00  1.33  1.00  0.00  0.50  0.50  2.00  

Nicaragua 1995 5 IPUMSI 0.60  0.00  0.60  0.00  1.20  1.00  0.50  0.00  0.50  2.00  
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Nicaragua 2005 6 IPUMSI 0.56  0.00  0.86  0.00  1.41  1.00  0.00  0.50  0.50  2.00  

Niger 1988 4 IPUMSI 0.60  0.00  0.00  0.00  0.60  1.00  0.00  0.00  0.00  1.00  

Niger 2001 5 IPUMSI 0.86  0.00  0.33  0.00  1.19  1.00  0.00  0.00  0.00  1.00  

Nigeria 2006 6 IPUMSI 0.75  0.00  0.33  0.00  1.08  1.00  0.00  0.50  0.00  1.50  

Pakistan 1961 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Pakistan 1973 2 IPUMSI 0.67  0.00  0.67  0.00  1.33  1.00  0.00  0.00  0.50  1.50  

Pakistan 1981 3 IPUMSI 0.25  0.00  0.67  0.00  0.92  1.00  0.00  0.50  0.00  1.50  

Pakistan 1998 5 IPUMSI 0.75  0.00  1.00  0.00  1.75  1.00  0.00  0.50  0.00  1.50  

Pakistan 2012 6 IPUMSI 0.90  0.00  1.00  0.00  1.90  1.00  0.50  0.00  0.50  2.00  

Paraguay 1962 1 IPUMSI 1.00  0.00  1.00  0.00  2.00  1.00  0.00  0.50  0.50  2.00  

Paraguay 1972 2 IPUMSI 0.67  0.00  1.00  0.00  1.67  1.00  0.00  0.50  0.50  2.00  

Paraguay 1982 3 IPUMSI 0.50  0.00  1.00  0.00  1.50  1.00  0.00  0.50  0.50  2.00  

Paraguay 1992 4 IPUMSI 0.67  0.00  1.00  0.00  1.67  1.00  0.00  0.00  0.50  1.50  

Paraguay 2002 5 IPUMSI 0.67  0.00  1.00  0.00  1.67  0.00  0.00  0.00  0.00  0.00  

Philippines 1960 1 IPUMSI 0.71  0.00  0.00  0.00  0.71  1.00  0.00  0.00  0.00  1.00  

Philippines 1970 2 IPUMSI 0.71  0.00  0.00  0.00  0.71  1.00  0.00  0.00  0.00  1.00  

Philippines 1980 3 IPUMSI 1.00  0.00  0.58  0.00  1.58  1.00  0.50  0.50  0.50  2.50  

Philippines 1990 4 IPUMSI 0.75  0.00  0.29  0.00  1.04  1.00  0.50  0.50  1.00  3.00  

Philippines 2000 5 IPUMSI 0.78  0.00  0.29  0.00  1.06  1.00  0.50  0.50  1.00  3.00  

Rwanda 1978 3 IPUMSI 0.88  0.00  0.60  0.00  1.48  1.00  0.00  0.00  0.00  1.00  

Rwanda 1991 4 IPUMSI 1.00  0.00  0.75  0.00  1.75  1.00  0.00  0.50  0.00  1.50  

Rwanda 2002 5 IPUMSI 1.00  0.00  0.60  0.00  1.60  1.00  0.00  0.50  0.00  1.50  
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Country Year Round source W1 W2 W3 W4 W-total S1 S2 S3 S4 S-total 

Rwanda 2012 6 IPUMSI 1.00  0.00  0.60  0.00  1.60  1.00  0.00  0.50  0.50  2.00  

Samoa 1981 3 IPUMSI 0.80  0.00  0.25  0.00  1.05  0.00  0.00  0.50  0.50  1.00  

Samoa 2001 5 IPUMSI/UNSD 0.80  0.00  0.00  0.00  0.80  0.00  0.00  0.00  0.00  0.00  

Samoa 2011 6 SBS 0.88  0.00  1.00  0.00  1.88  1.00  0.00  0.00  0.50  1.50  

São Tomé and Principe 1981 3 IPUMSI 0.80  0.00  0.75  0.00  1.55  1.00  0.00  0.00  0.50  1.50  

Senegal 1955 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Senegal 1976 3 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Senegal 1988 4 IPUMSI 0.50  0.00  0.67  0.00  1.17  1.00  0.00  0.00  0.50  1.50  

Senegal 2002 5 IPUMSI 0.57  0.00  0.67  0.00  1.24  1.00  0.00  0.00  0.50  1.50  

Senegal 2013 6 IPUMSI 1.00  0.00  0.50  0.00  1.50  1.00  0.50  0.00  0.50  2.00  

Sierra Leone 1985 4 IPUMSI 0.80  0.00  0.50  0.00  1.30  1.00  0.00  0.50  0.00  1.50  

Sierra Leone 2004 5 IPUMSI 1.00  1.00  1.00  0.00  3.00  1.00  0.00  0.50  0.00  1.50  

Solomon Islands 1999 5 IPUMSI 0.83  0.00  0.60  0.00  1.43  1.00  0.00  0.50  0.00  1.50  

Solomon Islands 2009 6 UNSD 1.00  0.00  0.67  0.00  1.67  1.00  0.00  0.50  0.00  1.50  

Somalia 1975 3 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Somalia 1987 4 IPUMSI 1.00  0.00  0.50  0.00  1.50  1.00  0.00  0.50  0.00  1.50  

Sri Lanka 1971 2 IPUMSI 0.60  0.00  0.60  0.00  1.20  1.00  0.00  0.50  0.00  1.50  

Sri Lanka 1981 3 IPUMSI 0.83  0.00  0.80  0.00  1.63  1.00  0.00  0.50  0.00  1.50  

Sri Lanka 2001 5 IPUMSI 0.88  0.00  0.67  0.00  1.54  0.00  0.00  1.00  0.00  1.00  

Sri Lanka 2012 6 IPUMSI 0.92  0.00  0.67  0.00  1.58  1.00  0.00  1.00  0.00  2.00  

Sudan 1956 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Sudan 1973 2 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
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Country Year Round source W1 W2 W3 W4 W-total S1 S2 S3 S4 S-total 

Sudan 1983 3 IPUMSI 0.80  0.00  0.67  0.00  1.47  1.00  0.00  0.00  0.00  1.00  

Sudan 1993 4 IPUMSI 1.00  0.00  0.67  0.00  1.67  1.00  0.00  0.50  0.00  1.50  

Sudan 2008 6 IPUMSI 0.92  0.00  0.25  0.00  1.17  1.00  0.00  0.50  0.00  1.50  

Swaziland 1966 2 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Swaziland 1976 3 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Swaziland 1986 4 IPUMSI 0.50  0.00  0.00  0.00  0.50  1.00  0.00  0.00  0.00  1.00  

Swaziland 1997 5 IPUMSI/UNSD 0.90  1.00  0.43  0.00  2.33  1.00  0.00  0.00  0.00  1.00  

Swaziland 2007 6 IPUMSI 1.00  1.00  1.00  0.00  3.00  1.00  0.00  0.00  0.00  1.00  

Syrian Arab Republic (Syria) 2004 5 IPUMSI 0.50  0.00  0.75  0.00  1.25  0.00  0.00  0.00  0.00  0.00  

Tajikistan 2000 5 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Tajikistan 2010 6 IPUMSI 0.60  0.00  0.20  0.00  0.80  1.00  0.00  0.00  0.50  1.50  

Tanzania 1978 3 IPUMSI 0.33  0.00  1.00  0.00  1.33  1.00  0.00  0.50  0.00  1.50  

Tanzania 1988 4 IPUMSI 0.33  0.00  1.00  0.00  1.33  1.00  0.00  0.00  0.00  1.00  

Tanzania 2002 5 IPUMSI 1.00  0.00  0.00  0.00  1.00  1.00  0.00  0.00  0.00  1.00  

Tanzania 2012 6 IPUMSI 1.00  0.00  0.43  0.00  1.43  1.00  1.00  0.00  0.50  2.50  

Timor-Leste 2004 5 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Timor-Leste 2010 6 IPUMSI 0.90  0.00  0.50  0.00  1.40  1.00  1.00  0.50  0.50  3.00  

Togo 1970 2 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Togo 1981 3 IPUMSI 0.60  0.00  0.25  0.00  0.85  1.00  0.00  0.00  0.50  1.50  

Togo 1993 4 IPUMSI 0.83  0.00  0.50  0.00  1.33  1.00  0.00  0.00  0.50  1.50  

Togo 2010 6 IPUMSI 0.71  0.00  0.33  0.00  1.05  1.00  0.00  0.50  0.50  2.00  

Uganda 1969 2 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  
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Country Year Round source W1 W2 W3 W4 W-total S1 S2 S3 S4 S-total 

Uganda 1980 3 IPUMSI 0.50  1.00  0.00  0.00  1.50  1.00  0.00  0.00  0.00  1.00  

Uganda 1991 4 IPUMSI 1.00  0.00  0.50  0.00  1.50  1.00  0.00  0.50  0.00  1.50  

Uganda 2002 5 IPUMSI 1.00  1.00  1.00  0.00  3.00  1.00  0.50  0.50  0.00  2.00  

Uganda 2014 6 IPUMSI 1.00  1.00  1.00  0.00  3.00  1.00  0.50  0.50  0.00  2.00  

Ukraine 2001 5 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Vanuatu 1989 4 IPUMSI 0.50  0.00  0.43  0.00  0.93  1.00  0.00  0.50  0.00  1.50  

Vanuatu 1999 5 IPUMSI 0.50  0.00  0.57  0.00  1.07  1.00  0.00  0.50  0.00  1.50  

Vanuatu 2009 6 UNSD 0.67  0.00  0.57  0.00  1.24  1.00  0.00  0.50  0.00  1.50  

Vietnam 1960 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Vietnam 1989 4 IPUMSI 0.67  0.00  0.67  0.00  1.33  1.00  0.00  0.00  0.00  1.00  

Vietnam 1999 5 IPUMSI 1.00  0.00  0.00  0.00  1.00  1.00  0.00  0.00  0.00  1.00  

Vietnam 2009 6 IPUMSI 1.00  0.00  0.33  0.00  1.33  1.00  0.00  0.00  0.00  1.00  

West Bank and Gaza (Palestinian territories) 1967 2 LEIBC 0.50  0.00  1.00  0.00  1.50  1.00  0.00  0.50  0.00  1.50  

West Bank and Gaza (Palestinian territories) 1997 5 IPUMSI 0.00  0.00  0.00  0.00  0.00  1.00  0.00  0.00  0.00  1.00  

West Bank and Gaza (Palestinian territories) 2007 6 IPUMSI 0.40  0.00  0.00  0.00  0.40  1.00  0.00  0.00  0.50  1.50  

Yemen, Rep. 1994 4 IPUMSI 0.56  0.00  0.33  0.00  0.89  0.00  0.00  0.00  0.00  0.00  

Yemen, Rep. 2004 5 IPUMSI 0.56  0.00  0.50  0.00  1.06  0.00  0.00  0.00  0.00  0.00  

Zambia 1963 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Zambia 1969 2 IPUMSI 0.75  0.00  0.33  0.00  1.08  1.00  0.00  0.00  0.00  1.00  

Zambia 1980 3 IPUMSI 0.80  0.67  0.75  0.00  2.22  1.00  0.00  0.00  0.00  1.00  

Zambia 1990 4 IPUMSI 0.80  0.67  0.75  0.00  2.22  0.00  0.00  0.50  0.00  0.50  

Zambia 2000 5 IPUMSI 1.00  0.00  0.50  0.00  1.50  1.00  0.00  0.50  0.00  1.50  
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Zambia 2010 6 IPUMSI 1.00  0.00  0.43  0.00  1.43  1.00  0.50  0.50  0.00  2.00  

Zimbabwe 1961 1 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Zimbabwe 1969 2 IPUMSI 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Zimbabwe 1982 3 IPUMSI 0.75  1.00  0.67  0.00  2.42  1.00  0.00  0.00  0.00  1.00  

Zimbabwe 1992 4 IPUMSI 1.00  1.00  1.00  0.00  3.00  1.00  0.00  0.00  0.00  1.00  

Zimbabwe 2002 5 IPUMSI 1.00  1.00  1.00  0.00  3.00  1.00  0.00  0.00  0.00  1.00  

Zimbabwe 2012 6 IPUMSI 1.00  1.00  1.00  0.00  3.00  1.00  0.00  0.00  0.00  1.00  

Abbreviations: BoS (GY): Bureau of Statistics, Guyana; CSA (ET): Central Statistical Agency, Ethiopia; DEMOBALK: Demography of the Balkans; Gov (KI): Government Ministry 

of the Republic of Kiribati; INE (CV): Instituto Nacional de Estatística, Cabo Verde; IPUMSI: Integrated Public Use Microdata Series International; LEIBC: Levy Economics Institute 

of Bard College; ONS (MR): Office National de la Statistique (National Statistics Office), Mauritania; SBS: Samoa Bureau of Statistics; UNSD: United Nations Statistics Division. 

For each population census, ‘Year’ refers to the year when it was conducted; ‘Round’ refers to the census round (i.e. 1: 1955-1964; 2: 1965-1974; 3: 1975-1984; 4: 1985-1994; 

5: 1995-2004; 6: 2005-2014). 
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Appendix C Table of correlations (Chapter 4) 

Table C.1 Pearson correlations between the continuous covariates of Cambodia. 

Layer LnDen DrDen Slp Ele Dtw_b Dst_InWat Pop Dst_PeWat RF_Anl RF_Wet Dst_Plc Dst_Bld Dst_Rd Dst_Hlth Dst_PtA 

LnDen 1.000 0.227 0.569 0.771 0.501 -0.125 -0.103 0.013 0.613 0.563 0.491 0.289 0.394 0.410 -0.344 

DrDen 0.227 1.000 0.179 0.234 0.131 -0.398 -0.034 -0.439 0.049 -0.018 0.061 0.008 -0.015 0.057 -0.344 

Slp 0.569 0.179 1.000 0.637 0.628 -0.022 -0.068 -0.040 0.314 0.248 0.29 0.176 0.229 0.291 -0.240 

Ele 0.771 0.234 0.637 1.000 0.536 -0.071 -0.103 0.038 0.400 0.341 0.478 0.249 0.419 0.428 -0.345 

Dtw_b 0.501 0.131 0.628 0.536 1.000 0.008 -0.067 0.004 0.319 0.273 0.281 0.145 0.210 0.253 -0.208 

Dst_InWat -0.125 -0.398 -0.022 -0.071 0.008 1.000 -0.024 0.554 -0.078 -0.067 0.004 -0.035 -0.034 -0.020 0.180 

Pop -0.103 -0.034 -0.068 -0.103 -0.067 -0.024 1.000 -0.036 -0.103 -0.116 -0.145 -0.158 -0.083 -0.169 0.120 

Dst_PeWat 0.013 -0.439 -0.040 0.038 0.004 0.554 -0.036 1.000 0.100 0.164 0.226 0.054 0.253 0.165 0.126 

RF_Anl 0.613 0.049 0.314 0.400 0.319 -0.078 -0.103 0.100 1.000 0.961 0.410 0.337 0.289 0.334 -0.228 

RF_Wet 0.563 -0.018 0.248 0.341 0.273 -0.067 -0.116 0.164 0.961 1.000 0.449 0.372 0.346 0.370 -0.284 

Dst_Plc 0.491 0.061 0.290 0.478 0.281 0.004 -0.145 0.226 0.410 0.449 1.000 0.355 0.684 0.753 -0.296 

Dst_Bld 0.289 0.008 0.176 0.249 0.145 -0.035 -0.158 0.054 0.337 0.372 0.355 1.000 0.267 0.483 -0.190 

Dst_Rd 0.394 -0.015 0.229 0.419 0.210 -0.034 -0.083 0.253 0.289 0.346 0.684 0.267 1.000 0.617 -0.226 

Dst_Hlth 0.410 0.057 0.291 0.428 0.253 -0.020 -0.169 0.165 0.334 0.370 0.753 0.483 0.617 1.000 -0.293 

Dst_PtA -0.344 -0.344 -0.240 -0.345 -0.208 0.180 0.120 0.126 -0.228 -0.284 -0.296 -0.190 -0.226 -0.293 1.000 

Numbers indicating strong and median correlations were highlighted in red and yellow colours respectively; covariate layers highlighted in pink colour were 

excluded to reduce collinearity; covariate layers in purple colour were excluded due to other reasons (e.g. incomplete spatial coverage). 

 



230 

 

 

Table C.2 Pearson correlations between the continuous covariates of Tanzania. 

Layer LnDen DrDen Slp Ele Dtw_b Dst_InWat Pop Dst_PeWat RF_Anl RF_Wet Dst_Plc Dst_Bld Dst_Rd Dst_Hlth Dst_PtA Pvt 

LnDen 1.000 0.222 0.455 0.289 0.213 -0.182 0.016 -0.171 0.38 0.304 -0.103 -0.239 -0.089 -0.218 0.199 -0.145 

DrDen 0.222 1.000 0.109 -0.403 -0.037 -0.449 -0.048 -0.456 0.354 0.500 0.06 0.022 0.016 -0.064 -0.007 -0.108 

Slp 0.455 0.109 1.000 0.248 0.368 -0.086 0.008 -0.071 0.194 0.154 -0.055 -0.109 -0.038 -0.121 0.017 -0.040 

Ele 0.289 -0.403 0.248 1.000 0.280 0.147 0.006 0.158 -0.177 -0.228 -0.085 -0.129 -0.031 -0.078 0.143 -0.003 

Dtw_b 0.213 -0.037 0.368 0.280 1.000 0.018 -0.010 0.002 -0.103 -0.083 0.032 0.025 0.030 -0.024 0.044 0.059 

Dst_InWat -0.182 -0.449 -0.086 0.147 0.018 1.000 -0.008 0.803 -0.133 -0.185 0.027 0.027 0.033 0.077 -0.068 0.071 

Pop 0.016 -0.048 0.008 0.006 -0.010 -0.008 1.000 0.009 0.058 0.009 -0.163 -0.147 -0.123 -0.132 0.059 -0.206 

Dst_PeWat -0.171 -0.456 -0.071 0.158 0.002 0.803 0.009 1.000 -0.119 -0.201 0.027 -0.002 0.046 0.076 -0.085 0.032 

RF_Anl 0.380 0.354 0.194 -0.177 -0.103 -0.133 0.058 -0.119 1.000 0.884 -0.047 -0.164 -0.036 -0.016 -0.095 -0.177 

RF_Wet 0.304 0.500 0.154 -0.228 -0.083 -0.185 0.009 -0.201 0.884 1.000 0.059 0.002 0.060 0.068 -0.108 -0.170 

Dst_Plc -0.103 0.060 -0.055 -0.085 0.032 0.027 -0.163 0.027 -0.047 0.059 1.000 0.480 0.533 0.603 -0.279 0.413 

Dst_Bld -0.239 0.022 -0.109 -0.129 0.025 0.027 -0.147 -0.002 -0.164 0.002 0.480 1.000 0.501 0.477 -0.148 0.346 

Dst_Rd -0.089 0.016 -0.038 -0.031 0.030 0.033 -0.123 0.046 -0.036 0.060 0.533 0.501 1.000 0.651 -0.207 0.370 

Dst_Hlth -0.218 -0.064 -0.121 -0.078 -0.024 0.077 -0.132 0.076 -0.016 0.068 0.603 0.477 0.651 1.000 -0.315 0.355 

Dst_PtA 0.199 -0.007 0.017 0.143 0.044 -0.068 0.059 -0.085 -0.095 -0.108 -0.279 -0.148 -0.207 -0.315 1.000 -0.140 

Pvt -0.145 -0.108 -0.040 -0.003 0.059 0.071 -0.206 0.032 -0.177 -0.170 0.413 0.346 0.370 0.355 -0.140 1.000 

Numbers indicating strong and median correlations were highlighted in red and yellow colours respectively; covariate layers highlighted in pink colour were 

excluded to reduce collinearity. 
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Table C.3 Polyserial correlations between the continuous and ordinal categorical covariates of Tanzania. 

Layer LnDen DrDen Slp Ele Dtw_b Dst_InWat Pop Dst_PeWat RF_Anl RF_Wet Dst_Plc Dst_Bld Dst_Rd Dst_Hlth Dst_PtA Pvt 

AqP 0.059 0.210 -0.034 -0.282 -0.180 -0.118 -0.012 -0.068 0.169 0.170 0.024 -0.008 -0.096 -0.010 0.017 -0.128 

GwS -0.160 0.179 -0.132 -0.449 -0.272 -0.090 0.010 -0.046 0.278 0.291 0.075 0.089 -0.019 0.107 -0.001 -0.042 

Dtw_a 0.141 0.369 0.038 -0.171 -0.049 -0.621 0.009 -0.604 0.232 0.276 -0.002 -0.018 0.004 -0.038 0.020 -0.052 

Numbers indicating median correlations were highlighted in yellow colour; covariate layers highlighted in pink colour were excluded to reduce collinearity. 

 

Table C.4 Polychoric correlations between the ordinal categorical covariates of Tanzania. 

Layer AqP GwS Dtw_a 

AqP 1.000 0.696 -0.060 

GwS 0.696 1.000 -0.086 

Dtw_a -0.060 -0.086 1.000 

Numbers indicating median correlations were highlighted in yellow colour. 
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Appendix D Prevalent spatial predictive modelling methods 

D.1 Profile methods 

D.1.1 BIOCLIM 

As a typical and representative example of envelope-based algorithms, BIOCLIM (Nix 

1986, Busby 1991) is the earliest algorithm developed for species distribution modelling 

(SDM) which is based on bioclimatic envelope. BIOCLIM predicts the distribution of 

species using a set of (up to 35) bioclimatic parameters based on temperature, 

precipitation, radiation and moisture, alongside the locations (latitude, longitude and 

elevation) of the target species. The basic idea of BIOCLIM is to identify areas with a 

similar climate condition to the locations where the species are observed. It finds the 

range of values where the target species is observed (so called bioclimatic envelope) for 

each bioclimatic parameters; and suggests that locations where values of all bioclimatic 

parameters fit within the corresponding envelopes are suitable for the target species. A 

high probability of containing the species thus will be assigned to a pixel that falls within 

the bioclimatic envelope. BIOCLIM algorithm has advantages such as its simplicity and 

only requires locations of observed events (‘presence’ data). However, it also suffers 

several drawbacks such as it gives equal weight to all covariates; does not address any 

potential correlations among the covariates; sensitive to outliers/sampling bias; cannot 

use categorical covariates; and its assumption could potentially lead to over-predicting.  

BIOCLIM is suitable when the presence data have a small number of record, therefore it 

is considered particularly helpful algorithm when being applied for studying threatened 

species. However, its downsides also undermine its application in certain SDM studies, 

such as the assumption that species could tolerate the extreme climatic conditions may 

be implausible since they may not have the potential to maintain evolutionarily stable in 

extreme climatic conditions (Xu et al. 2015); the equal weighting of predictor variables 

(Franklin 2009), and the implementation in investigating the movements highly mobile 

species may be problematic (Doran and Olsen 2001). 
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D.1.2 DOMAIN 

Another profile-based example is DOMAIN (Carpenter et al. 1993), which is a distance-

based algorithm used for modelling the distribution of species. The algorithm computes 

the Gower similarity (Legendre and Legendre 1998) between the covariates at the 

locations within the study area and those at the locations of presence, and assigns values 

to the locations according to the proximity of the most similar record. Distance-based 

algorithms work better in SDM applications when the target species are well sampled 

across the environmental conditions and are not dynamic, similar to BIOCLIM (Franklin 

2009). As the disadvantages of DOMAIN, which again are mainly similar to BIOCLIM that, 

categorical predictor variables cannot be used, and the general performance tends to be 

poor in comparison with the novel regression or machine learning based algorithms 

(Franklin 2009). 

D.2 Statistical methods 

D.2.1 Generalised Linear Model (GLM) and Generalised Additive Model (GAM) 

GLM (McCullagh and Nelder 1989) is an algorithm based on parametric regression, 

where the shape of curve can be explained by a function. GLM model can be fitted for a 

variety of distributions such as Gaussian, Poisson, Binomial, etc., and is generally applied 

when the response shape of the data is likely to be complied with a parametric (pre-

defined) form. Its extension, Generalised Additive Model (Hastie and Tibshirani 1990), is 

designed to flexibly calibrate GLM as it is not based on parametric regression but applies 

local smoothing functions along the gradients of predictor variables to fit the model. 

GAM may be preferred over GLM when the response shape of the data is not complied 

with a parametric form, for example, if a certain number of data located outside the GLM 

distribution curve are true data behaviours rather than errors, then GAM could be 

applied to calibrate the model. However, in a situation when data is derived from a 

limited sampling, GLM may be relatively more preferable, as GAM tends to be sensitive 

to data gaps.  

D.2.2 Multivariate Adaptive Regression Splines (MARS) 

MARS (Friedman 1991) is another regression-based non-parametric algorithm, which 
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finds the relationships between the response variables and predictor variables by using 

piecewise basis functions which use ‘knots’ (inflection points) along the ranges of the 

predictor variables to form reflected pairs (e.g. the blue and light blue features in Figure 

D.1). The procedure of MARS consists of two stages: the first stage is an initial model 

building procedure which includes initialization of basis set, then repeatedly forming the 

candidate set of linear splines, determining the best-fit basis pair and adding to the basis 

set; the second stage is a backward deletion procedure which reduces the model size to 

handle the over-fitting from the first stage. MARS has both better performance and 

computational efficiency in comparison with conventional regression-based algorithms 

such as GAM and therefore is practical for spatial predictive modelling with large 

observation sample size and large number of predictor variables (Franklin 2009). In 

addition, MARS enables the consideration of interactions between variables at a local 

scale (i.e. between the sub-regions of the basis functions) (Muñoz and Felicísimo 2004). 

 

Figure D.1 Example of the piecewise basis function. 

k is the knot location; x-axis represents the value of a predictor variable; whilst y-axis is 

the response. 

D.3 Machine learning methods 

D.3.1 Trees-based algorithms 

The decision trees family include a variety of widely applied algorithms such as 

Classification and Regression Trees (CART; Breiman et al. 1984), Boosted Regression 

Trees (BRT; Friedman et al. 2000), and Random Forest (RF; Breiman 2001), etc. The basic 

principle of decision tree algorithms is to partition the feature space recursively 
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according to the input data (Figure D.2) and regress/classify independently in each sub-

space. Decision tree learning finds the most appropriate condition (i.e. based on the so-

called impurity measure which defines how well the classes are separated) to split down 

until it stops when there is no improvement possible in the purity. The typical example 

is CART, which as the name implies, consists of regression trees and classification trees. 

Regression tree is applied to make prediction when response variable is continuous; 

whilst classification tree is applied to make classification when response variable is 

categorical. Decision trees have many advantages such as they can well handling 

categorical predictor variables; graphically illustrate the patterns hidden in data; and 

have good ability to handle missing values (Breiman et al. 1984, Franklin 2009), etc. The 

main issue of such decision tree algorithm is that the trees could grow very large by 

reducing the impurity measure, which may potentially lead to over-fitting. In addition, 

decision tree algorithms such as CART tend to be sensitive to training data; therefore 

training on a subset of the obtained data may result quite different predictions. 

Furthermore, it ideally requires the size of obtained observation data to be relatively 

large since the splits will reduce the number of observation data then the patterns 

detected from much fewer observations might be less reliable (Franklin 2009).  

Ensemble methods have been applied to combine the predictions from multiple tree 

models to handle over-fitting and receive more accurate predictions than any individual 

tree. The general ensemble methods for trees include bagging (bootstrap aggregation), 

boosting, and random forest. Bagging (Breiman 1996) is a simple but very powerful 

technique applied to handle the potential over-fitting and reduce the variance of 

decision tree algorithms such as CART. The idea is to train a CART model on each 

subsample of the obtained data with replacement (i.e. data can be selected in multiple 

times) and then compute the average prediction from each model. With bagging, the 

individual decision trees can grow deeply without pruning and will have high variance 

between each individual prediction. Another typical ensemble method for decision tree 

algorithms is boosting (Freund and Schapire 1996), of which the basic idea is to generate 

a strong classifier by aggregating weak classifiers. The boosting procedure starts by 
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selecting a random subset of training data without replacement to train a weak classifier; 

it subsequently selects another random subset with the inclusion of previously 

misclassified samples to train another weak classifier; then it finds the training samples 

on which those weak classifiers disagree to train another weak classifier; and eventually 

it combines all weak classifiers via a majority voting. In comparison, bagging fits multiple 

trees to bootstrap-resampled sets of the training data and classifies by majority vote; 

whilst boosting fit multiple trees to reweighted sets of the training data and classifies by 

weighted majority vote. 

 

Figure D.2 Example of binary recursive partitions. 

The ensemble techniques such as bagging perform better when the sub-models have 

weakly correlated predictions. However, the downside of CART algorithm is that it 

‘greedily’ selects the most optimal ‘point’ to split on across all variables and variable 

values to minimise the error (Breiman et al. 1984), and therefore the sub-models may 

have strong correlations due to the structural similarities caused by the large search 

range of learning algorithm. Therefore, a cleverer version of bagging is developed as an 

extension of CART, which is the RF algorithm (Breiman 2001). RF changes the way that 

the sub-models are trained which limits the search range to a random sub-sample, and 

therefore can result less correlations between the predictions of sub-models. Similar to 

bagging, RF provides more stable and accurate prediction by averaging predictions of 

sub-models to reduce variance. In addition, outliers are less likely to exert signifi cant 

influence on individual prediction of sub-models for the overall prediction. The major 

drawback of RF and the other algorithms from the decision tree family is that the 

absence data is required.  

Algorithms from decision trees family have been widely applied in a variety of study 
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fields, for example, in medical diagnosis for search information and patterns from large 

data sets (Franklin 2009). For SDM applications, the earliest trees-based study can be 

tracked back to late 80s (Michaelsen et al. 1987) where decision trees is employed for 

ecological data analysis of hierarchical responses. Predictive mapping of species with 

decision trees family methods ranges from the earlier 90s (Walker 1990) to the recent 

studies based on evolved trees methods such as RF (Benito Garzón et al. 2008, Lawler et 

al. 2009). Recent GIS and remote sensing-based studies also applied trees-based 

algorithms for spatial interpolation, for example, using RF to derive the weighting layer 

and dasymetrically redistribute the demographic data to create high resolution gridded 

population products (Stevens et al. 2015). 

D.3.2 Genetic Algorithm for Rule-set Production (GARP) and Maximum Entropy (MaxEnt) 

GARP (Stockwell and Peters 1999) is an algorithm that specifically developed for SDM. It 

starts by dividing the presence data into training and testing sets; the first rule is 

generated by applying one of the atomic, range, negated range, and logistic regression 

(logit) algorithms and assessing the commission and omission errors. Then it resamples 

the presence data repeatedly applying another one of the four algorithms to derive 

another rule and subsequently assesses the changes and determines whether the rule 

should be incorporated or disregarded, until there is no better model to be generated or 

the repeat reaches the specified maximum iteration number.  

One of the advantages of GARP is that, the prediction (should) have relatively better 

performance in comparison with the algorithms it employed, as it determines and only 

applies the most appropriate rules. In addition, it does not require absence for the 

prediction. Also, GARP has its stand alone software Desktop GARP developed by R. 

Scachetti-Pereira (2002), which makes it more easily to be implemented. However, it 

suffers the downsides such as not allowing the use of obtained true absence for 

prediction (since it uses pseudo-absence points); non-deterministic output predictions 

between different model runs (even with the same presence data); tendency for 

commission errors; and the difficulty of interpretation.  

MaxEnt algorithm (Phillips et al. 2006), as the name implies, is based on the maximum 
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entropy principle, which suggests to make prediction of the unknown probability 

distribution by looking for the probability distribution of maximum entropy (i.e. which is 

most diffused and closest to uniform distribution where the probability for each 

individual locality within the area of interests tends to be equally likely) bounded by the 

constraints derived from the obtained presence data and the known environmental 

conditions across the area of interests (Phillips et al. 2004, 2006, Elith et al. 2011, Merow 

et al. 2013). MaxEnt is a relatively novel algorithm and there are a variety of recent 

studies explain its basic rationale from different perspectives (Elith et al. 2011, Merow 

et al. 2013) and examine relevant key parameters such as sample size (Pearson et al. 

2007, Wisz et al. 2008), sampling bias (Phillips et al. 2009, Kramer-Schadt et al. 2013, 

Syfert et al. 2013, Fourcade et al. 2014), regularization and other parameters (Merow et 

al. 2013, Radosavljevic and Anderson 2014). MaxEnt has several advantages over other 

algorithms, such as the use of presence data only; capability of using both continuous 

and categorical covariates; consideration of interactions between covariates; potential 

to investigate the impact each covariate has on the predicted distribution; relatively 

better performance especially working with small sizes of presence data; and stand-

alone software for the calculation (Phillips et al. 2004, 2006, Elith et al. 2006, 2011, 

Merow et al. 2013). As one of the main downsides, MaxEnt uses pseudo-absence 

(namely background data) instead of absence data, and consequently it would be an 

‘awkward’ situation when the true absence data is obtained but not being used; in 

addition, although having a stand-alone software for calculation, MaxEnt involves 

complicated parameter settings for the prediction, where parameters such as the 

prevalence (i.e. the probability of presence at ordinary occurrence points) are generally 

unknown and arbitrarily use of the default value may be implausible (Phillips 2005).  

There are many examples that GARP and MaxEnt algorithms have been employed for 

SDM studies, for example, evaluating the climate change impacts on the spatial 

distribution of species using GARP (Peterson et al. 2002, Thomas et al. 2004) and MaxEnt 

(Hijmans and Graham 2006, Fitzpatrick et al. 2008); studying invasive species based on 

GARP (Peterson and Robins 2003, Peterson et al. 2003, Mohamed et al. 2006) and 
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MaxEnt (Ficetola et al. 2007, Ward 2007); conservation assessment using GARP 

(Anderson et al. 2003, Ortega-Huerta and Peterson 2004, Peterson et al. 2006) and 

species richness using MaxEnt (Graham and Hijmans 2006), etc. The two algorithms are 

always been employed together to make comparison (Wang et al. 2010, Sobek-Swant et 

al. 2012) as they are both novel machine learning algorithms based on presence-only 

(i.e. presence-pseudo-absence) data. Generally speaking, MaxEnt could provide 

relatively better model performance than GARP (Phillips et al. 2006, Franklin 2009) and 

may be superior in other aspects such as the interpretation of output and efficiency 

(Moffett et al. 2007).  

In addition to biological and ecological concerns, both GARP and MaxEnt have also been 

applied in public health studies, for example, for tracking disease vectors. A study of 

Moffett and colleagues (2007) developed African risk models of malaria based on 

MaxEnt predictions, where the relative probability prediction is superior to the output 

of other algorithms (e.g. GARP) for determining the relative risks of malaria posed to 

population. Masuoka and colleagues (2010) applied MaxEnt to predict the distribution 

of Culex tritaeniorhynchus for tracking the disease Japanese encephalitis. There are also 

several previous studies applied GARP to investigate the spatial distribution of disease 

vectors (Costa et al. 2002, Beard et al. 2003, Peterson and Shaw 2003, Levine et al. 2007).  
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Appendix E Response curves 

Cambodia 

 

Figure E.1 Response curve of lineament density presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

Figure E.2 Response curve of lineament density presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.3 Response curve of drainage density presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.4 Response curve of drainage density presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.5 Response curve of slope presented as means (red) of 50 replicates with standard 

deviation in blue; model built with other predictive covariates being kept at their averag e 

sample values. 

 

 

Figure E.6 Response curve of slope presented as means (red) of 50 replicates with standard 

deviation in blue; model built without other predictive covariates. 
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Figure E.7 Response curve of elevation presented as means (red) of 50 replicates with standard 

deviation in blue; model built with other predictive covariates being kept at their average 

sample values. 

 

 

Figure E.8 Response curve of elevation presented as means (red) of 50 replicates with standard 

deviation in blue; model built without other predictive covariates. 
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Figure E.9 Response curve of depth to groundwater (Fan et al., 2013) presented as means (red) 

of 50 replicates with standard deviation in blue; model built with other predictive covariates 

being kept at their average sample values. 

 

 

Figure E.10 Response curve of depth to groundwater (Fan et al., 2013) presented as means (red) 

of 50 replicates with standard deviation in blue; model built without other predictive 

covariates. 
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Figure E.11 Response curve of land cover presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.12 Response curve of land cover presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.13 Response curve of distance to inland water presented as means (red) of 50 

replicates with standard deviation in blue; model built with other predictive covariates being 

kept at their average sample values. 

 

 

Figure E.14 Response curve of distance to inland water presented as means (red) of 50 

replicates with standard deviation in blue; model built without other predictive covariates.  
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Figure E.15 Response curve of population presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.16 Response curve of population presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.17 Response curve of distance to perennial rivers/streams presented as means (red) 

of 50 replicates with standard deviation in blue; model built with other predictive covariates 

being kept at their average sample values. 

 

 

Figure E.18 Response curve of distance to perennial rivers/streams presented as means (red) 

of 50 replicates with standard deviation in blue; model built without other predictive 

covariates. 
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Figure E.19 Response curve of annual rainfall presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.20 Response curve of annual rainfall presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.21 Response curve of distance to settlements presented as means (red) of 50 replicates 

with standard deviation in blue; model built with other predictive covariates being kept a t 

their average sample values. 

 

 

Figure E.22 Response curve of distance to settlements presented as means (red) of 50 replicates 

with standard deviation in blue; model built without other predictive covariates. 

 



 

251 
 

 

Figure E.23 Response curve of distance to roads presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.24 Response curve of distance to roads presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.25 Response curve of distance to protected areas presented as means (red) of 50 

replicates with standard deviation in blue; model built with other predictive covariates being 

kept at their average sample values. 

 

 

Figure E.26 Response curve of distance to protected areas presented as means (red) of 50 

replicates with standard deviation in blue; model built without other predictive covariates.  
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Tanzania 

 

Figure E.27 Response curve of lineament density presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

Figure E.28 Response curve of lineament density presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.29 Response curve of aquifer productivity presented as means (red) of 50 replicates 

with standard deviation in blue; model built with other predictive covariates being kept at 

their average sample values. 

 

 

Figure E.30 Response curve of aquifer productivity presented as means (red) of 50 replicates 

with standard deviation in blue; model built without other predictive covariates. 
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Figure E.31 Response curve of drainage density presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.32 Response curve of drainage density presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.33 Response curve of groundwater storage presented as means (red) of 50 replicates 

with standard deviation in blue; model built with other predictive covariates being kept at 

their average sample values. 

 

 

Figure E.34 Response curve of groundwater storage presented as means (red) of 50 replicates 

with standard deviation in blue; model built without other predictive covariates. 
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Figure E.35 Response curve of slope presented as means (red) of 50 replicates with standard 

deviation in blue; model built with other predictive covariates being kept at their average 

sample values. 

 

 

Figure E.36 Response curve of slope presented as means (red) of 50 replicates with standard 

deviation in blue; model built without other predictive covariates. 
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Figure E.37 Response curve of elevation presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.38 Response curve of elevation presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.39 Response curve of depth to groundwater (MacDonald et al., 2012) presented as 

means (red) of 50 replicates with standard deviation in blue; model built with other predictive 

covariates being kept at their average sample values. 

 

 

Figure E.40 Response curve of depth to groundwater (MacDonald et al., 2012) presented as 

means (red) of 50 replicates with standard deviation in blue; model built without other 

predictive covariates. 
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Figure E.41 Response curve of depth to groundwater (Fan et al., 2013) presented as means (red) 

of 50 replicates with standard deviation in blue; model built with other predictive covariates 

being kept at their average sample values. 

 

 

Figure E.42 Response curve of depth to groundwater (Fan et al., 2013) presented as means (red) 

of 50 replicates with standard deviation in blue; model built without other predictive 

covariates. 
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Figure E.43 Response curve of land cover presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.44 Response curve of land cover presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.45 Response curve of population presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.46 Response curve of population presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.47 Response curve of distance to perennial rivers/streams presented as means (red) 

of 50 replicates with standard deviation in blue; model built with other predictive covariates 

being kept at their average sample values. 

 

 

Figure E.48 Response curve of distance to perennial rivers/streams presented as means (red) 

of 50 replicates with standard deviation in blue; model built without other predictive 

covariates. 
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Figure E.49 Response curve of annual rainfall presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.50 Response curve of annual rainfall presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.51 Response curve of distance to settlements presented as means (red) of 50 replicates 

with standard deviation in blue; model built with other predictive covariates being kept at 

their average sample values. 

 

 

Figure E.52 Response curve of distance to settlements presented as means (red) of 50 replicates 

with standard deviation in blue; model built without other predictive covariates. 
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Figure E.53 Response curve of distance to residential buildings presented as means (red) of 50 

replicates with standard deviation in blue; model built with other predictive covariates being 

kept at their average sample values. 

 

 

Figure E.54 Response curve of distance to residential buildings presented as means (red) of 50 

replicates with standard deviation in blue; model built without other predictive covariates. 
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Figure E.55 Response curve of distance to roads presented as means (red) of 50 replicates with 

standard deviation in blue; model built with other predictive covariates being kept at their 

average sample values. 

 

 

Figure E.56 Response curve of distance to roads presented as means (red) of 50 replicates with 

standard deviation in blue; model built without other predictive covariates. 
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Figure E.57 Response curve of distance to health care facilities presented as means (red) of 50 

replicates with standard deviation in blue; model built with other predictive covariates being 

kept at their average sample values. 

 

 

Figure E.58 Response curve of distance to health care facilities presented as means (red) of 50 

replicates with standard deviation in blue; model built without other predictive covariates.  
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Figure E.59 Response curve of distance to protected areas presented as means (red) of 50 

replicates with standard deviation in blue; model built with other predictive covariates being 

kept at their average sample values. 

 

 

Figure E.60 Response curve of distance to protected areas presented as means (red) of 50 

replicates with standard deviation in blue; model built without other predictive covariates.  
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Figure E.61 Response curve of MPI-defined poverty presented as means (red) of 50 replicates 

with standard deviation in blue; model built with other predictive covariates being kept at 

their average sample values. 

 

 

Figure E.62 Response curve of MPI-defined poverty presented as means (red) of 50 replicates 

with standard deviation in blue; model built without other predictive covariates. 
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Appendix F Table of correlations (Chapter 5) 

Table F.1 Pearson correlations between the continuous covariates of Liberia. 

Layer Slp Ele TWI Dtw_b Dst_InWat RF_Anl Dst_Plc Dst_Rd Dst_Hlth Dst_PtA Dst_WP 

Slp 1.000 0.353 -0.425 0.455 0.040 -0.118 0.075 0.014 0.056 -0.105 0.086 

Ele 0.353 1.000 -0.258 0.298 0.100 -0.589 0.159 0.035 0.095 -0.044 0.172 

TWI -0.425 -0.258 1.000 -0.235 -0.121 0.079 -0.078 -0.025 -0.038 0.043 -0.058 

Dtw_b 0.455 0.298 -0.235 1.000 0.047 -0.096 0.076 0.018 0.050 -0.076 0.076 

Dst_InWat 0.040 0.100 -0.121 0.047 1.000 -0.113 0.187 0.181 0.029 0.023 0.120 

RF_Anl -0.118 -0.589 0.079 -0.096 -0.113 1.000 -0.126 -0.037 -0.163 -0.351 -0.108 

Dst_Plc 0.075 0.159 -0.078 0.076 0.187 -0.126 1.000 0.488 0.497 -0.259 0.649 

Dst_Rd 0.014 0.035 -0.025 0.018 0.181 -0.037 0.488 1.000 0.332 -0.281 0.557 

Dst_Hlth 0.056 0.095 -0.038 0.050 0.029 -0.163 0.497 0.332 1.000 -0.178 0.614 

Dst_PtA -0.105 -0.044 0.043 -0.076 0.023 -0.351 -0.259 -0.281 -0.178 1.000 -0.285 

Dst_WP 0.086 0.172 -0.058 0.076 0.120 -0.108 0.649 0.557 0.614 -0.285 1.000 

Numbers indicating median correlations were highlighted in yellow colour; no covariate layer was excluded to reduce collinearity. 
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