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Highlights:

*  The proposed method helps to place drinking water sources in developing countries.
» Itis based on GPS data, survey data, and a water source choice model.

* The developed decision support tool is applied to a rural village of Burkina Faso.

» 8 times more people get drinking water with the tool than with random positioning.

*  Collecting data to apply the tool costs 2-10% of the cost of a pumping system.

Abstract:

Installing more drinking water sources is a promising way to achieve the 6% sustainable development goal “Clean water and
sanitation” in rural communities. A key parameter for the installation of new water pumps is geographical position, because the
number of people who could gain access to drinking water depends on the location of the pump. To improve the choice of the
most appropriate location, we propose a decision support tool to place a new drinking water source in a rural community. This
tool relies on four complementary maps, which are obtained from GPS data, survey data, and a water source choice model. The
first map shows the spatial distribution of the households and of the existing water sources in the village. The three remaining
maps present the following quantities as a function of the position of a new drinking water source in the village: the number of
users of the new drinking water source, the improvement of drinking water access, and the daily water demand per capita at the

new drinking water source. The decision support tool is applied to a village in Burkina Faso. Results indicate that using the
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proposed method could allow eight times more people to gain access to drinking water in comparison to a random positioning of
the new drinking water source. The original contribution of this work is, first, the consideration of existing water sources in the
village, as well as seasonality. Second, we base our analysis on a water source choice model, which accounts for water quality in
addition to the distance to the water source. Third, we consider the variability of the water volume collected by the households
throughout the village. The developed tool is generic, transferable to other villages and useful for various decision-making entities

(e.g. local authorities and non-governmental organizations).

1 Introduction

With the 6" sustainable development goal “Clean water and sanitation”, the United Nations aims at a universal and equitable
access to safe and affordable drinking water for all (UN, 2015). However, in 2017, 800 million of people still did not have access
to basic drinking water services (WHO, 2019), mostly in rural areas (Anthonj et al., 2020). The installation of drinking water
sources where water is extracted from aquifers through a hand pump or a motorized pump can contribute to tackling this challenge
(Carrard et al., 2019; WHO, 2008). But the number of people who gain access to drinking water depends on the location of these
new water sources in the village (Logan, 1987). Applying geographic information systems (GIS) is often used to place facilities
(Bruno and Giannikos, 2015; Church, 2002) and favours discussions with local decision-makers (de Palencia and Foguet, 2010;
Garriga et al., 2013). GIS is also considered useful to place new drinking water sources in underserved areas (de Palencia and
Foguet, 2008), scan the functionality of the current water points (de Palencia and Foguet, 2011a), and assess drinking water

coverage (de Palencia and Foguet, 2011b).

The literature indicates that a few authors have previously used maps to illustrate issues related to water source choice. Martinez-
Santos (2017) mapped distance and travel time from households to drinking water sources in a village in Mali. Chaudhuri and Roy
(2017) mapped drinking water access inequality in India by comparing the percentage of households with a drinking water access
in rural areas from the one in urban areas. However, Martinez-Santos (2017) and Chaudhuri and Roy (2017) did not consider the
population density. This represents a limitation because they do not show the areas where the number of people without drinking
water access is the highest. In addition, they did not propose to use the obtained maps to help place new drinking water sources,

which could be helpful to improve water access.

Although geographic information systems are applied at a large scale for water, sanitation and hygiene improvement (Ferrer et al.,
2009), it has been used, to our best knowledge, in only one study to help local authorities place new water points at the village
scale. Logan (1987) placed water sources to meet the water demand of two villages in Sierra Leone by minimizing the distance
between these sources and the households. Yet, the study contains several limitations. First, it does not account for the potentially
already existing sources in the village, which is often the case (Caplain, 2018; Gross and Elshiewy, 2019). A new source could
then be placed in an area where people already have access to drinking water, thus limiting its impact on socio-economic

development (Garriga et al., 2015). Second, it does not consider seasonality, although it can influence the choice of the water
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source position as certain sources may dry out during some months of the year (Kelly et al., 2018). Third, it places the new
drinking water sources considering that the households fetch water from their nearest water source. But the water source choice of
the households in low-income countries also depends on other attributes, such as water quality for example (Caplain, 2018;
Nauges and Whittington, 2010). Finally, it assimilates the water demand to the population density, although the volume of water

consumed may significantly vary from one household to another (Keshavarzi et al., 2006; Meunier, 2019).

In this article, we present a decision support tool to place new drinking water sources in rural communities. This tool addresses the
identified shortcomings in the literature. It considers the existing water sources in the village and seasonality. Additionally, it is
based on a water source choice model that can include other attributes, such as the water quality, in addition to the distance to the

source. Finally, it accounts for the fact that the volume of water consumed may vary from one household to another.

In Section 2, we present the scope of our study, how to build the four maps that are at the center of the decision support tool and
the procedure to use this tool. In Section 3, for illustration purposes, we apply the method to the rural village of Gogma, in
Burkina Faso, and we describe how local stakeholders could use the decision support tool to improve drinking water access in the

village.

2 Methodology

In this Section, we present the geographical setup of the targeted rural communities, we detail how to obtain the four maps of the

decision support tool and the procedure to use this tool for any case study.

2.1 Geographical setup

In this article, we focus on villages without access to piped water. We consider that there are two types of water sources in the
village: non-potable sources, such as open wells (Figure 1a), and drinking water sources, such as hand pumps (Figure 1b). This is
a common situation in rural communities of developing countries (Aberilla et al., 2020; Carlevaro and Gonzalez, 2015). In
addition, we assume that the households fetch water from these water sources for the following uses: drinking, cooking, personal

hygiene and laundering (Meunier, 2019).

Figure 1 —(a) Open well; (b) Hand pump.
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2.2 Mapping

First, we collect GPS coordinates and socio-economic data. The GPS coordinates list all the households and all the water sources

in the village. The socio-economic data are gathered through household surveys that are performed in the village before the

installation of the new drinking water source. It includes:

»  the number of inhabitants per household;

» the daily water consumption per household for drinking, cooking, personal hygiene and laundering;

* the water source used by each household for each season;

e attributes which influence the water source choice (e.g. perceived water quality at existing sources, see below for more
detail).

A random sample of households in the village is selected to be surveyed. In this article, we assume that the households which are

not surveyed fetch water from the same source and have the same characteristics (number of inhabitants, water consumption and

attributes which influence the water source choice), as the closest surveyed household (Meunier, 2019).

Second, we build a water source choice model, which predicts the water source choice of each household. This is done by

computing py, ¢ for each couple (household h, source s):

Prs = f (Xhs) (1)

where X}, are the predictors which influence the water source choice. These predictors can be related solely to the household (e.g.
the number of inhabitants in the household h) or to the household and the source (e.g. the distance between the household h and
the source s) (Meunier et al., 2019). f is a regression (e.g. linear, logistic) (Nauges and Whittington, 2010) trained with the
previously collected data. Depending on the selected regression, we assume that the household h goes to the water source s which
maximizes the utility or the probability p, ;. A practical implementation of the model is given in Section 3.1. In this article, ‘water
source choice’ refers to the water point that households choose to use, therefore ‘water demand’ refers to the demanded water

volume by the households.

Third, we build four maps:

*  Map 1, spatial distribution of the households and the water sources. In this map, we show all the households and existing
water sources in the village. The positions of the households and of the water points are obtained from the collected GPS data.
A grid is superimposed on the map, where each cell represents one possible location of the new drinking water source. The
cell size fits in with the area explored by a single geophysical test. The same grid is kept for the three other maps.

*  Map 2, number of users of the new drinking water source. In this map, we show the number of people who would go to the
new drinking water source for each possible location. We use the water source choice model to predict which household
would go to the new drinking water source. Then, we sum the number of people living in each of these households obtained

from the household surveys.
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2.3

Map 3, improvement of drinking water access. In this map, we show the number of people who would gain access to drinking
water for each possible location. This map is obtained by subtracting to the map 2 the number of people who already use a
drinking water source, according to the households surveys, and who would thus not gain drinking water access by going to
the new drinking water source.

Map 4, daily water demand per capita. In this map, we show the daily water demand per capita for each possible location.
We assume that each household that would go to the new drinking water source collects the same daily water quantity as it
used to at its previous source (Caplain, 2018; Meunier, 2019). For each possible location of the new drinking water source,
we use the water source choice model to predict which household would go there. Then, we sum the daily water volume
consumed by each of these households, obtained from the household surveys, to compute the water demand. Then, we divide

it by the number of people who would go there given by the map 2 to obtain the water demand per capita.

Decision support tool

The proposed decision support tool consists of the 9 steps shown in Figure 2, and relies on the four maps described above. A

practical implementation of the procedure is given in Section 3.2. Following these steps allows to suitably place a new drinking

water source by considering:

the purpose of the decision-maker (e.g. drinking water access, profitability), where the four maps provide a visual help to
select a position (a cell in the grid) for the new drinking water source.

the water resource, through a reconnaissance step to gather existing information about groundwater resources (e.g.
groundwater maps and data on existing boreholes), through geophysical tests to check the presence of water at the selected
position, and through pumping tests to evaluate the maximum flow rate (MacDonald et al., 2005; Meunier, 2019).

the factual water quality, by performing, before the installation, physico-chemical tests and, after the installation,
bacteriological tests to check if the international recommendations are satisfied (MIT, 2008; Senedak, 2008).

the size of the installation, based on the water demand to cover all the water uses and on the results of the pumping tests

(Meunier et al., 2020; Vezin et al., 2020).

It could be interesting, in future works, to study, through a cost-benefit analysis, if it would be relevant to perform further data

collection before choosing the position.



137
138

139

140

141

142

143

144

145

" Perform groundwater reconnaissance

v

Introduce the 4 maps to the decision maker and
the results of the groundwater reconnaissance step

W

. The decision maker selects a cell in the grid f——

v

The water demand is estimated in the cell with
the maps 2 and 4

—

Perform geophysical tests
in the cell. Satisfying ?

No—@

Yes
6 A 4
S Drill a borehole

Perform pumping tests
and physico-chemical
tests. Satisfying ?

No @

Yes
8 A 4

' Size the installation |

v

Perform bacteriological
tests. Satisfying ?

No @

Yes
10 v

» Open the installation for consumption

Figure 2 — Decision support tool to place a new drinking water source in a village.

3 Case study

In this Section, we apply the proposed method to the case of the rural village of Gogma in Burkina Faso for illustrative purposes.

3.1 Inputs

The village of Gogma (Lat: 11.73; Lon: -0.58) is in the “Center-East” region of Burkina Faso. The village counts
1100 inhabitants who live in 126 households (Figure 3). Most of them live with less than $1/capita/day. We gathered the GPS
coordinates and performed 90 household surveys in the village in 2019. People fetched water from 16 open wells and

5 hand pumps.
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Figure 3 — The village of Gogma.

According to equation (1), different regression functions and multiple sets of predictors can be used. For this case study, we

consider that household’s h utility from choosing source s, py, s, is written as (Caplain, 2018; Meunier, 2019):

Prs = Bo + Ba - Xa(h,s) + Bpwq - Xpwq (R, S) 2
where X; is the Euclidean distance (in m) between the household h and the water source s (Nesbitt et al., 2014). X, is the
perceived water quality (0 = high quality, 1 =low quality) at the water source s by the household h. By, B; and B, are the
regression coefficients. It is considered that each household will choose the source which provides the highest utility. Equation (2)
means that we consider only two attributes for the source choice of a household: its distance to the water sources and how it
perceives quality at the sources. In this case, the water cost was not included as a model variable as it has been demonstrated to
strongly correlate with the perceived water quality (Meunier, 2019); nonetheless, its inclusion could be relevant for other case

studies. Other attributes could be included if deemed necessary (Caplain, 2018; Kulinkina et al., 2016).

There are two seasons in Gogma. The dry season lasts for 7 months. The wet season lasts for 5 months. During the dry season,
5 open wells dry up; as a result, several households switch water source. Thus, we compute the regression coefficients of
equation (2) for both seasons. We summarize in Table 1 the regression coefficients, their corresponding p-values and the R? for
both seasons obtained with the Matlab ‘fitlm’ function (MATLAB, 2021a). Results indicate that both predictors have a high

statistical significance. In addition, the encountered low R2? is not uncommon for water source choice studies (Mu et al., 1990). To

obtain a yearly map, we add the results for the dry and the wet seasons respectively weighted by % and %

Table 1 — Values of the regression coefficients.

Season Bo Ba (m) Bpwa R?

Dry 0.28%*% -0.00015%*** -0.13%** (.16
(0.018) (0.000013) (0.015)

Wet 0.24 %% -0.00013%:** -0.09#** (.13
(0.016) (0.000011) (0.014)

*#k¥p < 0.01, #p < 0.05, *p < 0.1, no star p = 0.1.
Regression coefficients not in parentheses. Standard error in parentheses.
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3.2 Results

With the data collected in Gogma and equation (2), we use the geographic information system software Matlab Mapping Toolbox

(MATLAB, 2021b) to plot the four maps described in Section 2.2. They are shown in Figure 4:

Map 1, spatial distribution of the households and the water sources (Figure 4a): One road passes through the village. In the
east, there are two large groups of households. The first one is near two drinking water sources. The second one is far from
drinking water sources. In the northwest, there are two small groups of households which are close to drinking water sources.
For Gogma, we chose a grid resolution of 150 mx150 m as it corresponds to the area explored by a single geophysical tests
(Meunier, 2019). This resolution can of course be adapted to the needs of the considered case study.

Map 2, number of users of the new drinking water source (Figure 4b): The brighter the colour, the more people would go to
the new drinking water source if it were installed in that cell. We distinguish two zones on the map. The cells in the eastern
zone are brighter than the ones in the northwest, which reflects the higher population density.

Map 3, improvement of drinking water access (Figure 4c): The brighter the colour, the more people would gain access to
drinking water if the new source were installed in that cell. We distinguish three zones on the map. The first one is located in
the northeast of the village where the cells are dark. There, the population density is high, but many people already fetch
water from a drinking water source. Consequently, the installation of a new water source in that area would not much improve
the water access. The second zone is located in the southeast of the village, where the cells are the brightest. There, the
population density is high and the only neighbouring sources are non-potables, explaining why the potential drinking water
improvement is high. In the third zone, located in the northwest of the village, the cells are darker than in the second zone
because the population density is lower and people fetch water from both drinking and non-potable water sources.

Map 4, daily water demand per capita (Figure 4d): The brighter the colour, the higher the per capita water quantity demanded
at the new water source if it were installed in that cell. We observe some slight variations of this quantity across populated
areas of the village. The mean and the standard deviation of the non-zero cell values are respectively ~46 L/cap/day and
~9 L/cap/day. For comparison, the mean water quantity demanded is more than twice the quantity required for basic water

access (20 L/cap/day), according to international recommendations (Howard and Bartram, 2003).
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192 We assume here that a decision-maker wants to install a new drinking water source in Gogma. We illustrate here how the nine

193 steps of the decision support tool would apply for the case of Gogma.
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Step 1: The four maps are introduced to the decision-maker. With the map 1, the decision-maker can have an overview of the
position of households and water sources. The map 2 is useful to identify the areas where many people would fetch water from the
new drinking water source. The map 3 is useful to identify where the new water source would improve drinking water access the

most. At last, the decision-maker can use the map 4 to estimate the water quantity demanded.

Step 2: For the sake of the example, we assume that the decision-maker would like to place the new drinking water source on K10

(in the southeast), where the most people would gain access to drinking water.

Step 3: The maps 2 and 4 are used to compute the daily water demand at the new drinking water source. On K10, the daily water

demand is estimated to 11,300 L/day.

Step 4 to 6: Geophysical tests are performed to check the presence of water on K10. If confirmed, a borehole is drilled and
pumping tests are performed to determine the maximum flow rate that can be pumped from the borehole. Then, physico-chemical
tests are undertaken. If one of the previously mentioned tests is not satisfying on K10 (e.g. geophysical tests do not detect the

presence of water, pumping tests reveal that the water demand cannot be met), the decision-maker selects another cell on the grid.

Step 7 to 9: The new drinking water source is sized. Finally, bacteriological water tests are performed on the water flowing out of
the fountain. If the bacteriological water quality is satisfying, the water source can be opened for consumption. Otherwise, the

decision-maker selects another cell on the grid.

4 Discussion

The application of the decision support tool in Gogma enables to provide drinking water access to 181 villagers. This is 8 times
higher than the average result of a random positioning of the water source in this village (22 villagers), which is obtained by
averaging the values of all cells of map 3. Random positioning corresponds to plan a project with poor on-field data on water use

and available sources (MacDonald et al., 2005).

Regarding the influence of seasonality, for Gogma, maps 2 and 4 for the dry and wet seasons are similar as the yearly average
maps shown in Figure 4b and Figure 4d. Regarding map 3, the number of people who gain access to drinking water is, for most
locations, higher for the wet season than for the dry one. Indeed, more people were going to open wells during the wet season,
according to the household surveys, as these wells were less dry (see Section 3.1). However, the location of most relevant areas is
the same for the dry and wet season maps as for the yearly map shown in Figure 4c. Thus, we believe that this should not
influence the choice of location by the decision maker, which is the main focus of this article. Finally, it is important to keep in

mind that results regarding the influence of seasonality could differ for other villages.

Actually, in Gogma, a photovoltaic water pumping system, which is a drinking water source, was installed on K9 (Meunier, 2019;
Meunier et al., 2019). This position was set by the village council without using a decision support tool. If the decision-making

entity had used the decision support tool, more inhabitants would have improved their drinking water access in this village.

10
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Indeed, according to Figure 4c, if the photovoltaic water pumping system had been installed on K10, the number of people who

would have gained access to drinking water would have increased by 14%.

Using the measured water consumption at the photovoltaic water pumping system in Gogma (Meunier, 2019; Meunier et al.,
2018), we are able to estimate the error when predicting the water demand. The estimated daily water consumption on K9 and the
measured daily water consumption at the photovoltaic water pumping system for both seasons are shown in Table 2. We observe
that the error is significant for both seasons. This might have two causes. The first one might be that the water source choice
model (equation (2)) does not fully capture the behaviour of the inhabitants. However, this prediction error is low, which makes
this reason unlikely. Indeed, we predicted that 241 people would go to the photovoltaic water pumping system on K9. At the
moment, 259 people go there, according to the household surveys performed after the installation (Meunier, 2019). The second
reason might be that the surveyed households had not accurately enough estimated their daily water volume consumed. Nauges
and Whittington (2010) and Otter et al. (2020) underlined such discrepancies on households water consumption reported in
surveys. In all cases, as the predicted water consumption is overestimated in comparison with the real water consumption, this is
less of a problem as this leads to an oversizing of the photovoltaic water pumping system, which therefore allows to meet the

water demand.

Table 2 — Estimated and measured daily water consumption during the dry and the wet seasons in Gogma

Season Daily water consumption

Estimated (L/day) Measured (L/day) (Meunier, 2019) Relative error
Dry 10,600 8,600 23%
Wet 10,600 6,400 66%

The cost of applying the decision support tool must remain moderate to be applicable. We estimated that the data collection costs
$160/day (Meunier, 2019). Five days were required to gather GPS coordinates and perform the 90 household surveys in Gogma.
Consequently, these maps cost ~$800, which represents about ~2% of the lifecycle cost of the photovoltaic water pumping system
installed in Gogma (Meunier, 2019) or 10% of the capital cost of a borehole equipped with a hand pump (Jeuland and
Whittington, 2009). Thus, using the decision support tool in Gogma can be considered as economically reasonable in comparison

with the cost of a water pumping installation.

For the case study, we assumed that the decision-maker uses the maps to maximize the number of people who would gain access
to drinking water. This use of the decision support tool could be relevant for non-governmental organizations, policy makers or
associations which aim at improving drinking water access. Another objective could be to maximize the economic profitability of
the new drinking water source, which could be particularly interesting for companies. Indeed, as economies of scales usually
occur for drinking water sources due to the high share of fixed costs (Harvey and Reed, 2004; Soenen et al., 2021), the
profitability of the new source will likely increase along with the water demand at this source. Therefore, companies could use the

maps 2 and 4 to identify the position where the water consumption at the new drinking water source would be the highest.

11
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In Gogma, the budget that inhabitants can allocate to water is low, which is highlighted by the fact that the water cost at hand
pumps is $1/year. Thus, additional stakeholders (in this case crowdfunders and two associations) had to be involved in order to
cover the installation costs of the photovoltaic water pumping system. Independently of this particular case, public authorities and
non-governmental organizations could be interested to use the decision support tool to plan the budget of aid programs, as it

provides information about the number of users at future improved water sources, which influences the water cost.

5 Conclusion

In this article, we used GPS data, survey data and a water source choice model to build a decision support tool to help place new
drinking water sources in rural communities. We then considered a case study in which the decision-maker uses the decision

support tool to improve drinking water access in a rural village of Burkina Faso.

The decision support tool:

* includes four complementary maps that make it visual for the decision-maker;

*  helps the decision-maker to place any type of drinking water source (e.g. hand pumps, photovoltaic water pumping systems);
* can be used for different objectives such as improving drinking water access or increasing economic profitability;

*  could be economically reasonable in comparison with the cost of a water pumping installation.

Even though the tool has been applied to a specific village in this article, it is generic and transferable to other villages. In
addition, this decision support tool can be of interest to local authorities, governments, non-governmental organizations, and

companies.
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The decision-maker wants
« to place a new drinking
water source in the village

O What is the purpose of the decision-maker ?
O Is there water at the selected position ?
O Is the water quality satisfying ?

O What should be the size of the installation ?

Q{? The decision support

e tool is introduced to the
decision-maker

GPS and survey data are gathered.

The water source choice model is applied.

Four maps are used to select a position.

Geophysical and water quality tests are
performed.

3 The decision-maker has

« found a suitable position for
the drinking water source

M The purpose of the decision-maker is met.

M Drinkable water flows out of the borehole.

M The installation fulfils the water demand.






