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Understanding the community-specific values and needs of consumers is essential for effective targeting
and planning of energy services such as clean cooking. Many clean cooking programmes do not however
LMICs consider these values and needs in targeting, as they can be difficult and time-consuming to ascertain. This
Clean cooking work therefore explores whether community needs and values related to cooking can be predicted, using a
SaGlLse perception novel approach that understands the relationship between socioeconomic, demographic, and geospatial data.
Machine learning Specifically, this study investigates (i) which values are most closely linked to cookstoves in rural Uganda;

and (ii) whether it is possible to predict cookstove prioritisation and related values using openly-available
data. Using machine-learning approaches, user-perceived value data from 199 rural low-income households
in Uganda are mapped against socioeconomic, demographic, and geospatial data to identify correlations and
intersections. The values most closely related to cookstoves were found to be food security, time benefit,
accessibility to services, fixed costs, and being healthy. The most important parameters in predicting who
would hold these values were found to be: the number of people living in a house; age; quintile 2 of the
wealth index; annual accumulated precipitation; forest density; night time luminance; and distance to water
source, nearest forest within ten kilometers, and nearest road. This study takes a first step towards enabling
energy service providers to target areas with a greater likelihood of uptake based on open-source datasets.
While cooking in Uganda is analysed herein, the proposed method can be applied for different geographies
and energy services.

1. Introduction that household air pollution caused by inefficient kerosene, biomass,

and coal stoves was responsible for around 3.2 million deaths in

This study investigates why people in rural Uganda value cookstoves
and explores which geospatial, socioeconomic, and demographic pa-
rameters are predictive of cookstove prioritisation and related values.
Considering energy services to be “those functions performed using
energy which are means to obtain or facilitate desired end services or
states”, [1] the aim is to identify where the energy service of cooking
is most needed and valued based on open datasets to improve targeting
of clean cooking initiatives.

Approximately 2.6 billion people lack access to clean cooking ser-
vices [2], with 82% of people in sub-Saharan Africa [3] and 94% in
rural areas of this region [4] being affected. This research focuses on
Uganda, where approximately 45.5 million people rely on traditional
cooking technologies and fuels for cooking, of which 76% reside in
rural areas [5].

The use of traditional cooking methods in low- and middle-income
countries (LMICs) exacerbates societal problems relating to health,
safety, and gender equality. The World Health Organisation estimates
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2020 [6]. The smoke produced from traditional cooking methods
causes strokes, respiratory infections, obstructive pulmonary disease,
and lung cancer [6]. The most affected groups are women and children,
as women usually prepare food for their families and children help with
household chores [7,8]. This smoke also releases greenhouse gases:
every year, around one gigaton of carbon dioxide is produced by
burning firewood, representing around 2.1% of global emissions [9].
More than half of the black carbon (which is 460-1500 times more
polluting than carbon dioxide) generated by human activity comes
from burning wood fuels [9]. Wood collection degrades forests and
accelerates climate change; an estimated 34% of the firewood collected
for cooking is environmentally unsustainable [10]. Women and girls
spend around ten hours per week collecting firewood, and walk an
average of five kilometres per trip [11]. The journey to collection points
far from their communities puts them at risk for physical and sexual
violence [12].
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Nomenclature

Abbreviations

5TopVals Top 5 Values

Csv Comma-Separated Values

DT Decision Tree

ERA Electricity Regulatory Authority
FO-DS Final Observations Dataset

ID Identification

KNN K-Nearest Neighbours

LMICs Low and Middle Income Countries
LPG Liquefied Petroleum Gas

ML Machine Learning

PR Participation Rate

QGIS Quantum Geographical Information System
RF Random Forest

SVM Support Vector Machine

UPV-DS User-Perceived Values Dataset
UPVs User-Perceived Values
Notations/Symbols

n Correlation ratio

Yy Mean of category ‘x’

¥y Mean of the whole observations
ny Number of observations in category ‘x
x Value to be normalised

x' Normalised value

Xmax Maximum value

Xpin Minimum value

Vi Observation to be studied

These harms can be alleviated by replacing traditional stoves with
efficient “clean cooking” technologies which use cleaner fuels and
allow for better ventilation. By reducing smoke exposure, clean cook-
stoves can improve quality of life and health. They can help women
save time and protect the natural environment. Clean cookstoves are
seen by the Global Alliance for Clean Cookstoves to favour ten of the
Sustainable Development Goals, contributing to the effective achieve-
ment of the 2030 Agenda [13].

While the clean cooking sector has made progress — from 2010 to
2021, 400 million people have gained access to clean cooking fuels
and technologies [14] - initiatives are seeing low uptake or only short-
term effects [15,16]. A “failure to meet consumers needs” has often
been cited as “an impediment to cookstove adoption, especially in
those cases where cookstoves were subsidised for the end user but not
selected to best meet their needs” [7]. To overcome this challenge,
it has been proposed to focus on perceptions, needs, values [17,18],
and sociocultural [19] influences to maximise cookstove adoption in
rural communities. For instance, [20] found that when local artisans
participated in cookstove design and sale, dissemination programmes
achieved higher uptake rates, and production could be compatible with
consumer needs while stimulating local industry.

It is therefore important to look at how technologies match local
values when designing and distributing cookstoves. Local values can be
elicited through bottom-up processes such as pairwise ranking, matrix
ranking [21], the nominal group technique [22], observations during
field work [23], and the user-perceived values (UPV) approach [17].
While these approaches are effective, they can be costly and time-
consuming to replicate at scale. In addition, they often involve trav-
elling long distances to insecure places with poor infrastructure where
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villagers might be culturally hesitant to welcome foreign people [24].
It is therefore important to look for ways to accelerate targeting in less
labour-intensive and invasive ways. This is not to say that bottom-up
data collection is not needed once target areas have been identified.
Rather, it hypothesises that initial targeting can be accelerated using
scalable data sources at community-level resolution.

To do this initial targeting, parameters collected in large-scale geo-
tagged surveys which have been found to influence cookstove adoption
can be investigated. These include economic factors (e.g., family in-
come, cookstove price) and demographics (e.g., gender, age, level of
education, household composition) [18]. Geographic and contextual
parameters including fuel availability, location (rural or urban) [25],
deforestation rates, proximity to forests [26], vegetation density, land
cover, luminance, proximity to distribution and transmission substa-
tions, proximity to roads [27], and precipitation rates have also been
found to be related to the adoption of cookstoves. This is in line
with findings that geographic features do improve the accuracy of
development program targeting [28].

Computational methods are needed to explore the potential for
these data to enable predictive targeting at scale. Fortunately, machine
learning (ML) algorithms are designed specifically to identify these
prediction patterns in large datasets. They are receiving increasing
attention in the development sector, particularly in resource targeting
applications [29]. Early explorations of ML in development program
targeting show great promise, including in the targeting of aid towards
the ultra poor in Afghanistan [30] and COVID-19 relief aid targeting in
Togo [31]. So long as fairness and bias prevention are kept top of mind
in ML design for developing contexts [32], these tools can powerfully
accelerate and development program targeting. While early applica-
tions primarily explore ML-driven targeting based on poverty, this
study probes whether these methods could equally apply to targeting
based on value alignment.

Within this context, the main question of this work is: can the needs
and values related to the energy service of cooking be predicted from
scalable geospatial, socioeconomic, and demographic data to improve
technology deployment and uptake? We hypothesise that this can be
accomplished using openly available data and ML methods. To test
this hypothesis, this work first develops an approach to investigate
which values are most strongly related to cooking through analysis of a
case study value-perception dataset. Then, it investigates whether any
strong correlations exist between geospatial, demographic, or socioe-
conomic survey data and these values. Finally, it explores whether the
importance of cooking to communities can be reliably predicted using
these data and ML methods. This is, to our knowledge, the first time
a study intends to comprehend the relationships between geospatial,
socioeconomic, and demographic parameters, and the values associated
with energy services, particularly cooking.

Through this investigation, this study develops a novel open-access
predictive model designed to accelerate energy services targeting. It is
implemented to be scalable to other geographic contexts and energy
service technologies. It could assist policy-makers, organisations, busi-
nesses, and donors in better targeting their energy service initiatives
towards people that are more likely to value and adopt them, saving
time and money while improving intervention effectiveness. This could
support LMICs as they craft clean cooking strategies in line with their
policy agendas. It is important to note that this work assumes that
need of a service and value of a service drive consumers to adopt it
and generate uptake. The model is made openly available online here:
https://github.com/Nocandidate/clean_cooking_values_Uganda.

This study is rooted in the case study context of Uganda. Uganda’s
government shows enthusiasm towards clean cooking, as it works
towards achieving Sustainable Development Goal 7 [33] and universal
access to modern cooking solutions by 2030 [34]. In December 2021,
Uganda’s Electricity Regulatory Authority (ERA), introduced a ‘cooking
tariff’ to encourage the replacement of biomass cooking fuel with elec-
tricity by making the “cost of electric cooking lower than cooking using
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charcoal in homes” [35]. Uganda’s third National Development Plan
incorporates an Energy Development Programme which aims to reduce
the use of biomass for cooking in homes to 50% by replacing it with
electricity, liquefied petroleum gas (LPG), and biogas [36]. The ERA
has piloted a programme called the ‘charcoal to power project,” which
aims to incentivise 500 institutions and eventually 50,000 households
to transition from biomass to electricity for cooking [37]. The Ugandan
government also undertakes awareness raising for greater penetration
of cleaner cooking appliances in the country [38]. With an existing
drive for clean cooking, Uganda is an ideal case study to determine
values linked to the energy service of cooking and identify parameters
that can aid in better targeting to increase clean cookstove uptake. It
is hoped that the Ugandan case study can generate insights applicable
in other LMICs, and that the developed method can translate to other
energy technologies and services.

This analysis proceeds as follows. Section 2 locates the definition
of value adopted in this work amongst existing definitions, and refines
this understanding of value in the context of cooking. Section 3 then
explains the methodology used to determine which parameters are most
correlated and predictive of cookstove prioritisation and related values.
The results of all analyses and their discussion are detailed in Sections 4
and 5 respectively. Finally, Section 6 presents the conclusions of this
study and future work.

2. Understanding user value of cookstoves
2.1. Energy service values

There are many definitions of ‘value’, ranging from the notion of
‘utility’ in economics [39] to moral connotations in philosophy [40].
However, in sociology and marketing, ‘values’ are connected to a ‘user’
as “culturally approved, internalised wishes that motivate our actions
[...] inspire our beliefs and attitudes and determine what we strive
for” [41], and the “consumer’s assessment of the ability of a product
or service to meet their needs” [42] respectively. This can be seen as
an applied collective version of the psychological definition of value
as “internalised cognitive structures that guide choices by evoking a
sense of basic principles of right and wrong, a sense of priorities, and a
willingness to make meaning and see patterns” [43]; or as [44] defines
it, “desirable trans-situational goals, varying in importance, that serve
as guiding principles in the life of a person or other social entity”.

This work uses Hirmer’s concept of User-Perceived Values (UPVs) to
understand value in the delivery of energy services: “the benefits, con-
cerns, feelings and underlying drivers that vary in importance and act
as the main motivators in the lives of the people — as perceived and de-
fined by the [people] themselves at a given time” [17]. Considering this
definition in concert with those previously discussed, and noting that
“individual values have a significant impact on consumers’ inclinations
to adopt new products”, [45], it becomes clear that understanding what
is important (valued) for people on the ground is necessary to ensure
that a product or service can address user needs and values effectively.
As [46] put it: “different stakeholders may have conflicting views on
the success of a delivery model; in other words, local communities may
have very different priorities from businesses, donors or government”.
Understanding local priorities and values is critical to the delivery of
energy services such as cooking.

UPVs can be determined through the ‘UPV game’, a method pro-
posed by Hirmer which uncovers what is important to people with-
out asking them directly [17]. This game “bypasses the interviewees’
predispositions and preconceptions by redirecting the focus of the
participants to the game itself”. It is based on methods used in product
design and market research and can be played by groups of people with
different backgrounds and abilities. The game requires participants
to select items they value most from a locally-appropriate visual list
and then explain why they value each one. Their reasoning is probed
through multiple layers of ‘why’ questioning. Their speech is collected
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verbatim and annotated against the UPV framework of 56 values
(i.e., the values related to the reasoning are annotated against the text
snippet) to extract meaning. For more information on this process, refer
to [47]. A socioeconomic survey is undertaken alongside the game
to understand people’s perceptions within the larger context of their
lives [48].

2.2. Cooking and values

There are several value-driven reasons why households may hesitate
to transition away from traditional cooking. These include high upfront
cookstove costs, safety concerns, and impacts on the taste of food.
Additionally, households may have reservations about investing time
to learn how to use a clean-cooking appliance [38,49] Clean-cooking
appliances also do not perform all of the same functions as traditional
cookstoves (e.g., heating on cold days [50]). Lastly, improved cook-
stoves that are currently available on the market may not be suitable for
large families: modern stoves tend to be too small too cook the amount
of food needed to feed a large family [38].

There is also however evidence of value-driven clean cookstove
adoption. Vigolo’s [18] thematic analysis of consumer perceptions of
improved cookstoves identified four main categories: convenience and
uses, aesthetics, health-related impacts, and environmental impacts.
Aesthetics are especially valued by cookstove users exposed to mass
media and located in urban and peri-urban areas [51]. For instance,
in Zimbabwe, women tended to value the ‘aesthetics’ of improved
cookstoves and thus the ‘social status’ involved in having an improved
cookstove [52]. Similarly, another study in Kenya mentioned that
the appearance of improved cookstoves pleased them as they were
‘stylish,” ‘well-designed,” and ‘beautiful’ [53]. As previously discussed,
health-related impacts of clean cookstoves include better health and
a reduction in child mortality rates, especially among women and
young girls. Finally, environmental impacts, though highlighted by
Vigolo [18], are rarely mentioned across studies in the field of user per-
ceptions and values. Reference is made to environmental sustainability
as an important factor when deciding to acquire clean cookstoves as
“less smoke means less respiratory infections for mothers and children”
and “[the] use of different fuels will help the environment in the com-
munity” [54]. Others mentioned that, although people knew about the
negative environmental effects of traditional cookstoves, this was not a
determining factor in their decision-making due to “a poverty-related
short term planning horizon” [55].

The cookstove-related values (e.g., ‘time-benefit, ‘safety’, ‘aesthet-
ics’, ‘social status’) identified in previous research (from e.g., [18,52])
align with the values annotated in Hirmer’s UPV dataset [17]. For
instance, the following phrases were recorded in discussions on the
item ‘stove’ (where annotated values are listed in brackets following
each quote): “I promise, if I had a stove my husband will be eating on
time thus saving time on cooking” (convenience), “it also produces less
smoke which is important for our environment” (environmental impact),
and “even the gas cooker is fast it will help me eat my food in time which
is health and even eases my work” (convenience and health benefits).
The consistency between the existing body of research on this topic
and the UPV data is encouraging. It suggests a significant cookstove-
related value patterns that could be indicative of a higher potential for
cooking uptake. Hereafter, this study aims to develop and test methods
to quantify this observation and predict values for improved targeting
of clean cooking interventions.

2.3. Spatial and demographic influences

The value of a cookstove to a family is also known to be linked
to their socioeconomic status and spatial context. With regard to so-
cioeconomic factors, the systematic review on the consumer behaviour
elaborated by [18] concluded that economic factors (e.g., income,
appliance upfront cost) are the most important elements influencing
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the adoption of improved cookstoves. Higher-income households tend
to acquire cookstoves more frequently than lower-income households.
The higher the upfront cost of a cookstove, the lower probability for a
household to purchase it, especially in rural areas of LMICs [56].

Demographics such as gender, age, education, and household size
have been highly studied as determinants of cookstove adoption. How-
ever, there is no general agreement about how they affect consumer
choices. Despite women being more likely to use cleaner cookstoves
than men, as the primary users of cooking appliances in many devel-
oping society households [55], they usually do not have the economic
power and authority to decide to purchase one [57]. Education may
also play an important role, as it is generally agreed that more educated
people are more likely to adopt cleaner forms of cooking. This is
supported by a recent study in Pakistan that demonstrates a positive
effect of primary or secondary education level on the appropriation
of improved cookstoves [58]. Some research has found that younger
people are more likely to use sustainable cooking systems. For exam-
ple, [59] identified a negative effect between a married woman’s age
and the rate of improved cookstoves adoption: the older the woman,
the greater the intention to keep with traditional cookstoves. However,
looking at UPV-DS, similar proportions of the oldest people (from
74 to 80 years old) and younger people (from 20 to 34) prioritised
cooking [17,60], conflicting with the previous research. The number
of people living in a household might also have a negative effect on
improved cookstove adoption because, as previously discussed, they
could be too small to feed a large family [50].

Some key geospatial features influencing cookstove adoption found
throughout the corpus of research in this area are proximity to forests,
density of forests, and land cover type. For instance, [61] suggested
that people with their own forest resources around them show more
interest in obtaining cleaner cookstoves because they want to conserve
their natural heritage. However, other studies found accessibility to
open forests is negatively correlated with improved cookstove acqui-
sition [62]; that is, the closer a person is to a forest, the less likely
they are to acquire one. A household’s location (urban or rural) may
also affect cookstove adoption. A study among cookstove consumers in
Malawi, Mali, South Africa, and Mozambique, found that households
in rural areas are less likely to pay for an improved cookstove than
urban consumers [51]. It also seems that people from rural areas are
less interested in adopting improved cookstoves because they have easy
access to firewood [63].

Deforestation rates also seem to have an impact on improved cook-
stove adoption — higher rates of deforestation might indicate extensive
use of firewood [27]. Proximity to roads (paved or unpaved) could
also influence the adoption of stoves since accessibility of roads affects
supply chains and ergo stove cost. Fuel availability is another geospatial
factor, as the location of petrol stations and LPG shops determine how
easily a person can get this fuel to keep using a cookstove [64]. It has
been found that “access to infrastructure and location are important
determinants for the use of electricity for [...] cooking” [65]. As such,
the proximity to distribution and transmission substations might also
be a geospatial determinant for adopting clean cooking systems. Night-
light data (i.e., luminance at night) might indicate access to electricity
and, therefore, the potential for clean cooking systems adoption [66].
Finally, the distance or time between a person’s location and the water
collection source is likely to influence the decision to adopt cleaner
cooking technologies [67].

3. Methods

This section outlines the methods employed to investigate:

(i) which values are most closely linked to cookstoves in a specified
study context; and

(ii) whether it is possible to predict cookstove prioritisation and
related values based on geospatial, socioeconomic, and demo-
graphic parameters.
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Statistical and machine learning techniques are used to analyse UPV
data, identify key parameters correlating to cookstove prioritisation and
related values, and develop a predictive model. Fig. 1 summarises this
approach.

3.1. UPV dataset

The baseline UPV dataset used in this analysis (hereafter UPV-
DS) was collected by Hirmer in rural Uganda and by Efficiency for
Access [68]. UPV-DS was produced using the UPV game described in
Section 2. The variables in UPV-DS are ‘Interview ID,” ‘Text,” ‘Item,” and
‘Annotations.” Each interviewee (Interview ID) selected 20 out of 40
items based on what was most important to them (Item). Subsequently,
they ranked them in order of importance and then gave reasons for
choosing that particular item (Text); these reasons were divided into
sentences that were tabulated in different cells. Finally, the value data
(Annotations) were determined by a large group of experts in the area.

3.2. Selecting parameters for correlation analysis and predictive modelling

UPV-DS is analysed alongside geospatial, socioeconomic, and de-
mographic data to determine value correlations and build a predictive
model. As many demographic and geographic parameters will have no
relation to cookstoves, the most relevant parameters to investigate were
identified based on a literature review. This can be understood as fea-
ture engineering for subsequent predictive modelling. From the review
conducted in Section 2.3, the following parameters are identified as key
to explore in terms of relationship to cookstove adoption:

Demographics: Age, sex, number of people in the household,
level of education;

Socioeconomic factors: Main type of fuel used for cooking in the
household, source of water used in the household, type of toilet
commonly used;

Distance to closest: Location to fetch water, river, lake, fuel
station, forest, smallest forest in a fixed land radius, distribution
and transmission substations, national and subnational roads, city
(travel time);

Other geospatial factors: Density of the forest, grade of de-
forestation, land cover, luminance at night, and precipitation
levels.

These parameters are hereafter referred to as the independent vari-
ables. Table 1 lists the sources from which the data on these variables
were collected. Note that the survey undertaken alongside the UPV
game is used as a data source. However, similar data can be extracted
from a number of national survey microdata sources to replicate this
process using only open data. It is important to note that the base year
of this study is 2016 based on the UPV-DS collection dates.

3.3. Data preparation and pre-processing

Data pre-processing was necessary to obtain a cleaned final ob-
servations dataset (hereafter FO-DS), wherein UPV-DS observations
(i.e., value-annotated text snippets) are attached to location-specific
independent variables. Pre-processing is undertaken using Python and
Quantum Geographic Information System (QGIS) software.

Datasets containing independent variables are extracted and ap-
pended to the UPV-DS observations considering the geographic coor-
dinates of each observation (i.e., where each UPV game took place).
Table B.9 in Appendix B describes the independent variables, their
keys, and their types in detail. To handle outliers, the box-plot method
(numeric outlier) was used, which is a simple non-parametric outlier
detection method using the interquartile range [82]. To handle missing
values, the mean imputation method [83] was used, as only the values
of two interviewees’ ages were missing.
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Fig. 1. Method structure for the analysis of UPV data and subsequent predictive modelling.

Numeric data were normalised to avoid biases in the predictive
modelling produced by very large or small values. The min-max scaling
method is used for this, defined as:

x = X = Xpin '6))
Xmax ~ Xmin

where x’ is the normalised value, x is the value to be normalised, x

is the minimum value, and x,,,,, is the maximum value.

Two additional columns are then added to Fo-DS for analysis. First,
FO-DS is filtered by ‘Interview ID’ and ‘Item’ to select only observations
from individuals who chose a ‘Stove’ as an important item. These
observations are assigned a value of 1 in a new categorical dependent
variable called ‘cookstove’. All other observations are assigned a value
of 0. Second, a new categorical dependent variable called ‘TopVals’ is
added to FO-DS to represent those who hold the top five values related
to the item stove. To do this, the values associated with the reasons
that people gave when choosing a ‘Stove’ (i.e., the ‘Annotations’ for
observations where ‘Item’ = ‘Stove’) are extracted from FO-DS. Then,
a count is made of all the repeated values to obtain a frequency. By
ranking these frequencies, the values most related to the selection of
‘Stove’ as a priority ‘Item’ are obtained. Values that represent more
than 9.5% of the total counted values are noted and collectively named
‘5TopVals’. A value ‘1’ is assigned to observations in the new column
‘TopVals’ for both individuals who had chosen ‘Stove’ as one of their
priority items, and individuals who did not choose ‘Stove’ as a priority
item but who hold the ‘5TopVals’ values. All other observations are
assigned the value ‘0’.

min

3.4. Correlation analysis

Correlation analysis is undertaken to understand any relationships
between variables in FO-DS. FO-DS contains both numerical and cat-
egorical (i.e., nominal or ordinal) data. Table 2 outlines the variables
belonging to each type. For the categorical variables, one-hot encoding
was used.

To estimate correlation among pairs of numerical data, Pearson’s
correlation coefficient is used with a statistical significance level (p-
value) of 0.05. This coefficient has a range between —1 and 1, with 1
meaning that the relationship between a pair is positively correlated
and —1 that it is negatively correlated. To estimate the strength of
correlation among categorical data, the Cramer’s V coefficient is used.
This coefficient has a range between 0 (no association) and 1 (strong
association). Again, a threshold of a p-value of 0.05 is considered.
Finally, if a correlation between numerical and categorical data is
desired, the correlation ratio (i) is used:

_ [ZnG-p o
" Zx,i(y xi T ﬂZ
where n, is the number of observations in category ‘x’, y,; is each
observation, y, is the mean of category x’, and y is the mean of the
whole population [84]. The value of 5 can vary between 0 and 1. When
a category cannot be determined by a continuous measurement, 5 is 0
(no association), and if it can,  is 1 (strong association).
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Table 1
The geospatial, socioeconomic, and demographic datasets containing independent variables analysed for correlations with cookstove prioritisation and related values as drawn from
UPV data.

Dataset Description Availability Source

Demographic and
Health Surveys

Socioeconomic/demographic data from more than
90 countries.

Available upon request, with
institutional email addresses.

United States Agency for
International Development [69]

Socioeconomic &
demographic data

CSV file containing personal information,
water-related data, and energy-related data, among

Restricted for the use of this study. Hirmer [17], [60]

other data.

Precipitation Raster map of annual accumulated precipitation Publicly available, worldwide scope. National Aeronautics and Space
measured in (mm) with spatial resolution of 0.1° Administration [70]

Luminance Raster map of Night lights in colour scale (3 Publicly available, worldwide scope. National Aeronautics and Space
bands) with a resolution of 500 m x 500 m and a Administration [71]
value range from 3 to 255.

Deforestation Raster map of forest loss from 2000 to 2021 with Publicly available, worldwide scope. Hansen et al. [72]
resolution of 30 m X 30 m and values range from
0 to 20.

Land Cover Raster map of 23 types of land fractions with a Publicly available, worldwide scope. Buchhorn et al. [73]

resolution of 100 m x 100 m.

Forest Density Raster map of the ‘forest’ type with a resolution of

100 m x 100 m and with a range from O to 100.

Publicly available, worldwide scope. Buchhorn et al. [73]

Travel Time Raster map of time in minutes to access cities of
more than 50,000 inhabitants with a resolution of

1 km x 1 km.

Publicly available, worldwide scope. Malaria Atlas Project [74]

Protected Areas Vector map depicting the aerial extension of

protected areas.

Publicly available, worldwide scope. United Nations Environment Program
- World Conservation Monitoring

Centre [75]

Fuel Station Vector map showing the location of fuel stations.

Publicly available, worldwide scope. OpenStreetMap [76]

Substations Vector map describing the location of distribution Publicly available. ENERGYDATAL.INFO [77], [78]
and transmission substations.
Roads Vector map describing de-sealed and un-sealed Publicly available, Uganda only. Data.ug [79]
(national and subnational) roads.
Rivers Vector map describing the rivers or streams in the Publicly available. ENERGYDATA.INFO [80]
country.
Lakes Vector map describing the lakes present in the Publicly available. ENERGYDATA.INFO [81]
country.
Table 2 calculated. These indicators are based on the elements of the confusion
Variable types considered in this analysis. matrix and the foundational indicators of precision, recall, sensitivity,
Data type Variables and specificity [85]. The performance indicators are averaged across
Numerical Age; Household size; Distance to the closest: river, lake, the three rounds of cross-validation. These averages are compared, and
(continuous) fuel station, forest, smallest forest within a determined . . o . i
T ) . . the best-performing algorithm is identified.
radius, distribution substation, transmission substation, K K K
road (national or subnational), road (national); Density After selecting the algorithm with the best performance, several
of forests (including and without reserves); Grade of analyses are carried out to see which independent variables are most
deforestation; Luminance; Travel Time; Accumulated important in making predictions. Twelve basic analyses are employed.
Precipitation; Wealth Indices: Quintile 1, 2, 3, 4, 5. These use six different subsets of the independent variables for pre-
Categorical Sex; Education level; Distance to fetch water; Main type

(nominal or ordinal) of fuel used for cooking; Source of water; Type of toilet

used; Land Cover Type

3.4.1. Predictive modelling

Various ML algorithms are available which can perform prediction
of ‘cookstove’ or ‘TopVals’ based on independent variables. Four ML
algorithms — namely, Random Forest (RF), Decision Tree (DT), Support
Vector Machine (SVM), and K-Nearest Neighbours (KNN) — are there-
fore trained and tested on FO-DS to identify the highest performing
algorithm for this task. The best performing algorithm is taken forward
in subsequent analysis.

For each algorithm, three rounds of ten-fold cross-validation are
applied with FO-DS randomly split into 80% training and 20% testing
data. Each algorithm is used with its default settings in the sci-kit learn
implementation. At the end of each cross-validation round, the per-
formance indicators of accuracy, balanced accuracy, and F1 score are

diction of each of the two elements to predict (i.e., ‘cookstove’ and
‘TopVals’). The variable subsets are based on data type (i.e., geospatial,
socioeconomic/demogarphic, or all) and correlation (i.e., most corre-
lated to the variable being predicted or all). The analyses are described
in Table 3.

Ideally, when using all of the independent variables in the predictive
model, the most important ones should match those that are most
highly correlated with the predictor variables (‘cookstove’ or ‘TopVals’)
in the correlation matrices. Careful analysis is necessary in case of the
contrary. Ultimately, in this predictive model stage, the independent
variables that could have the greatest impact on an individual’s de-
cision to prioritise the adoption of a cookstove or the acquisition of
certain UPVs related to the prioritisation of cookstoves are obtained.

4. Results

Through the initial analysis of FO-DS, it was discovered that only
26 out of 199 people interviewed (13%) considered a ‘stove’ in their
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Table 3
Definitions of the 12 core predictive analyses conducted.
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Analysis Predicting Variables considered

1 TopVals All independent variables

2 TopVals Independent variables most correlated to Topvals

3 TopVals Geospatial independent variables only

4 TopVals Geospatial independent variables most correlated to Topvals

5 TopVals Socioeconomic and demographic independent variables only

6 TopVals Socioeconomic and demographic independent variables most correlated to Topvals

7 cookstove All independent variables

8 cookstove Independent variables most correlated to cookstove

9 cookstove Geospatial independent variables only

10 cookstove Geospatial independent variables most correlated to cookstove

11 cookstove Socioeconomic and demographic independent variables only

12 cookstove Socioeconomic and demographic independent variables most correlated to cookstove

Table 4
Top five values related to prioritisation of cookstoves in descending frequency. Definitions from [17].

Value Definition Count Percent

Food security A reliable and continuous supply of a diverse variety of foods. 16 15.2%

Time benefit Being able to accomplish a task with the least waste of time 15 14.3%
or minimum expenditure of time.

Accessibility to services The ability to access certain services and regions as well as the 14 13.3%
ability to be easily reached. It holds five value categories:
access to area, banking access, mobile phone access, mobility
and transportation, water, energy, and health.

Fixed costs Fixed one-time expenditure incurred through the purchase of 11 10.5%
an item or service.

Being healthy Practices performed to prevent illness or injury. 10 9.5%

five most important items. Further analysis was conducted to under-
stand the reasons behind their selection. The top five values that most
commonly influenced their decision to select a ‘Stove’ were ‘food secu-
rity,” ‘time benefit,” ‘accessibility to services,” ‘fixed costs,” and ‘being
healthy.” These values are defined as ‘5STopVals’ and Table 4 lists them
and contains their definitions. As mentioned in Section 3, these five
values were selected as they represent more than 9.5% of the total
counted values.

Individuals who expressed all ‘5TopVals’ values but did not select a
‘Stove’ as important were next identified. There were 116 individuals
in this group. These observations were combined with observations
from those individuals who had chosen a stove. This resulted in 142
individuals (out of the 199 interviewed) who were identified as likely
to desire a cookstove based on their priority items or values. Their
observations were assigned a value of ‘1’ for variable ‘TopVals’ as
explained in Section 3.

4.1. Correlations

An analysis was undertaken to determine the independent vari-
ables which correlate with ‘cookstove’ and ‘TopVals’. Table C.10 in
Appendix C shows the full results set using the correlation ratio ().
The Pearson’s coefficients (between numeric variables), Cramer’s V
coefficients (between categorical variables), and » matrices can be seen
in Figs. D.9-D.11 in Appendix D. As 5 can vary between 0 and 1, the
correlations are generally low, with the highest at 0.27. To identify the
most important correlations, here, values with # > 0.1 are considered.
Tables 5 and 6 present these correlations separately for ‘TopVals’ and
‘cookstove’. Common variables in these tables are the density of forest
around a point (‘forest’), density around a point without consider-
ing protected areas (‘forest_no_res’), accumulated annual precipitation
(‘precipitation’), distance to collect water between 500 and 1000 meters
(‘Dist_500-1000m’), and river or stream as a water collection source
(‘Water_river_stream’).

Table 5

Most correlated independent variables with ‘TopVals’ and their participation rates (PR)
in the predictive analyses. Variables shaded in green are also correlated with ‘cookstove’
(see Table 6). PR values shaded in darker blue show the variables that participate the
most in the analyses (PR > 75%). PR values shaded in lighter blue show the variables
with a medium-high participation rate in the analyses (50% < PR < 75%).

Variable n with TopVals PR
precipitation 0.25 80%
Dist_500-1000m 0.17 50%
g2 0.15 100%
members_house 0.14 100%
Water _river-stream 0.14 33%
small_forest 0.14 60%
nat_sub_road_dist 0.14 40%
forest_no_res 0.13 0%
luminance 0.13 20%
forest 0.12 20%
close_forest 0.1 20%
age 0.1 100%

4.2. Prediction

The RF, DT, SVM, and KNN ML methods were evaluated for their
performance on this prediction problem. Using all the variables in
FO-DS (i.e., analyses 1 and 7 in Table 3), the best algorithm for
predicting both ‘TopVals’ and ‘cookstove’ is RF. Figs. 2 and 3 compare
the performance indicators of the different algorithms for predicting
‘TopVals’ and ‘cookstove’ respectively, while Tables 7 and 8 show the
numerical results. Note that Fig. 3 and Table 8 do not include the F1
score since the values obtained were very low, which did not allow a
perceptible differentiation in magnitude.

4.3. Variable importance
Using the RF algorithm, the twelve analyses outlined in Table 3

are undertaken to determine which variables are most important in
predicting ‘TopVals’ and ‘cookstove’. First, all independent variables



M. Flores Lanza et al. R ble and S ble Energy R 192 (2024) 114199
1.0 1.0 -
0.9 » 09
o
>
3 08 2 08
2 T =
© 07 o 07
=
M = E ; —
£ 1 i
x fosf ——
£ g 1
@ 04 Z 04
= g
g 03 g o3
- o
3 <
g 02 © 02
< ]
0.1 & o4
[
o
0.0 0.0
RF svC KNN DT RF svc KNN DT
ML Algorithms ML Algorithms
1.0
0.9
»n 08
o
>
f o
" |
o
8
g 05 T
]
£t 04
o
o
@ 03
]
@
502
o
0.1
0.0
RF KNN DT
ML Algorithms

Fig. 2. Performance of each ML algorithm in predicting if a person has the five top values related to cookstoves (‘TopVals’). The location of ‘x’ represents the mean and the white

line represents the median.

«| - =

05
04
0.3

0.2

Accuracy performance - cookstove

0.1

0.0

RF sve KNN DT
ML Algorithms

0.9
0.8
0.7 -~

[
0.5 J-

s
F

04 J.

0.3

0.2

Balanced Accuracy performance - cookstove

0.0
RF svC KNN DT

ML Algorithms
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were considered in prediction (i.e., analyses 1 and 7). After three
rounds of 10-fold cross-validation, the average results for predicting
‘TopVals’ in analysis 1 show an accuracy of 0.66, a balanced accuracy of
0.55, and an F1 score of 0.77. The most relevant variable for predicting
‘TopVals’ for analysis 1 is ‘age’, with a participation rate of 12%, as
shown in Fig. 4. The results of analysis 7 for predicting ‘cookstove’ show
an accuracy of 0.84, a balanced accuracy of 0.51, and an F1 score of

0.07 with, again, ‘age’ as the most relevant variable in the prediction,
with a 13% in importance.

The relevance of ‘age’ in the predictions is surprising. In Table 5,
it can be seen that the correlation that ‘age’ has with ‘TopVals’ is 0.1;
meanwhile, ‘age’ is not included in the group of variables most corre-
lated with the variable ‘cookstove’ as its # is less than 0.1 (Table 6). As
such, a deeper analysis was undertaken.
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Fig. 4. Variable importance for the prediction of ‘TopVals’ (analysis 1) and ‘cookstove’ (analysis 7).

To determine the nature of the relationship between ‘age’ and
‘cookstove’, the value of the overlap coefficient between normalised
bell distributions of these variables was calculated. Figs. 5 and 6 show
histograms of normalised distributions were created considering 10-
year age bins for the entire FO-DS, for those in FO-DS with ‘cookstove’
=1, and for those in FO-DS with ‘cookstove’ = 0. The resulting overlap
coefficient is 62%. According to [86], an overlap coefficient of more
than 90% would indicate that the normalised distributions are strongly
similar, meaning an insignificant relationship. Therefore, an overlap co-
efficient of 62% indeed suggests that there is a significant relationship.
However, looking at Fig. 6, the most noticeable difference is between

the 70-80 age range, which may be the reason that ‘age’ correlates
somewhat with ‘cookstove’ and ‘TopVals.” This result is supported by
other studies in this field [67].

Two analyses were therefore added to avoid biased results due to
the apparent influence of ‘age’ in the predictions, and to create a model
that fits the rest of the variables. Analysis 2.2 considers all independent
variables that seem to be more correlated with ‘TopVals’ (not including
age), and analysis 6.2 considers only the socioeconomic/demographic
independent variables that seem to be more correlated with ‘TopVals’
(not including age). Details on the results of all analyses are provided
in Appendix A.
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Table 6

Most correlated independent variables with ‘cookstove’ and their participation rates
(PR) in the predictive analyses. Variables shaded in green are also correlated with
‘TopVals’ (see Table 5). PR values shaded in darker blue show the variables that
participate the most in the analyses (PR > 75%). PR values shaded in lighter blue
show the variables with a medium-high participation rate in the analyses (50% < PR

< 75%).
Variable n with cookstove PR
Dist_100-500m 0.27 75%
LC_cropland 0.23 0%
forest 0.18 50%
Dist_>1000m 0.18 25%
Dist_50-100m 0.15 25%
Dist_500-1000m 0.15 50%
travel_time 0.15 25%
precipitation 0.14 25%
distribution 0.14 25%
Water_river-stream 0.13 50%
LC_built-up 0.13 0%
Water_piped_internal 0.11 0%
Water_piped_public_paid 0.11 25%
transmission 0.11 0%
forest_no_res 0.11 50%
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The participation of each of the most correlated variables in the
predictive analyses was determined, considering the top five most
important variables. To illustrate, if ‘small_forest’ was included in five
analyses but was only present in the top five most important vari-
ables in three analyses, its participation was 60%. Table 5 shows that
the variables with the highest participation in predicting ‘TopVals’
were ‘g2’, ‘age’, ‘members_house’, ‘precipitation’, ‘small forest’, and
‘Dist_500-1000m’. Thus, these variables could be the most influential in
the predictions. Definitions of these variables can be seen in Appendix
B.9.
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5. Discussion

These results allow a rich discussion on how geospatial, demo-
graphic, and socioeconomic factors may influence the prioritisation of
cookstoves at household level, the values related to this, and how this
can influence targeting of clean cooking programmes.

5.1. Values associated to cookstove prioritisation

Several of the values found to be related to cookstove prioritisation
in this analysis agree with previous studies. Obtaining ‘food security’
as a top value confirms the conclusions of [87,88], which agree that
villagers find it easier to reheat prepared foods or boil liquids with
a cookstove, making them appreciate food security. Interviewees who
chose ‘Stove’ as an important item in the Hirmer UPV dataset [17]
highlighted the importance of food in phrases such as “this is used to
cook food to overcome hunger” or “it helps us to cook our food in homes
so as not to starve”. The value ‘time benefit’ being related to cook-
stoves also corroborates previous findings, since having a cookstove
can save time for other activities. For example, in surveys conducted
in national parks in western Uganda, it was found that the most
significant perceived advantages of improved cookstoves were cooking
more than one food simultaneously (perhaps implying fuel stacking)
and cooking quickly [89]. Obtaining ‘fixed costs’ as a value related
to cookstoves supports several findings from previous studies [56,67].
Finally, ‘being healthy’ is not a surprising top value. Numerous studies
mention that the smoke emitted by burning firewood has harmful
effects on health [6]. This is reflected in observations in Hirmer’s UPV
dataset [17]: e.g., “This helps us to get rid of smoke caused by firewood
because charcoal does not emit smoke hence keeping health”, “When I have
a gas cooker in my house [...] I will not suffer from smoke like that from
the firewood”.

Other values found here to be related to cookstove prioritisation
are not directly supported by existing research. For instance, there is
minimal explicit support ‘accessibility to services’ as a value related
to cookstoves. Still, [57] concluded that “access to electricity and to
modern and clean cooking facilities [...] may contribute to improve-
ments in several domains of development”. In other words, if people
have access to modern clean cooking facilities, it might mean that they
could live in more economically adequate conditions, since owning
a cookstove would generate greater economic productivity (possibly
due to maybe time-saving). Additionally, the reasons associated with
the value ‘fixed costs’ of people who chose ‘Stove’ in Hirmer UPV
dataset [17] do not explicitly describe the cost of the cookstove as
a barrier. They mention that firewood is “scarce and expensive”, so it
could be implied that the cost of maintaining a traditional cooking
technology would be high. Therefore, this research also relates the
value ‘fixed costs’ with another value proposed by [17]: ‘continuous
costs.” Indeed, the cost of firewood and charcoal has been increasing
in recent years in Sub-Saharan Africa due to declining forests and high
urban demand [90], so it could be evident that people who prefer a
cookstove value a cheaper maintenance cost.

5.2. Variables most predictive of cookstove prioritisation and related values

The most important parameters in predicting ‘cookstove’ and ‘Top-
Vals’ were found to be: age; household size; quintile 2 of the wealth
index; precipitation; forest density; night time luminance; and distance
to water source, nearest forest within ten kilometres, and nearest
road. These are discussed hereafter with an emphasis on the results of
prediction for ‘TopVals’.

+ Age: ‘Age’ is the most important variable in all the analyses in
which it was included, even though its # values with ‘TopVals’ and
‘cookstove’ were low. The normalisation distributions in Fig. 6
suggest that people between 70 and 80 years old tend to prioritise
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Table 7
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Numeric results used to create the box-plots for the comparison of the models’ performance to predict if a person
can have the 5 top values related to cookstoves (‘TopVals’). It can be seen that Random Forest (RF) is the model

best suited for the data considered in this work.

Accuracy Balanced Accuracy F1 score

RF SvC KNN DT RF SvC KNN DT RF SvC KNN DT
Mean 0.66 | 0.60 | 0.59 0.47 | 0.61 | 0.57 | 0.51 050 | 0.72 | 0.70 | 0.69 0.57
Min 0.55 0.50 | 0.50 0.25 | 0.50 | 0.45 | 0.45 0.40 | 0.60 | 0.50 | 0.60 0.45
Q1 0.61 0.55 | 0.55 0.45 | 0.55 | 0.51 0.46 0.45 | 0.66 | 0.66 | 0.61 0.51
Med 0.65 0.60 | 0.58 0.48 | 0.63 | 0.60 | 0.50 0.50 | 0.73 | 0.70 | 0.68 0.55
Q3 0.70 0.65 | 0.64 0.54 | 0.65 | 0.64 | 0.55 055 | 0.75 | 0.74 | 0.74 0.64
Max 0.75 0.70 | 0.70 0.60 | 0.70 | 0.65 | 0.60 0.55 | 0.80 | 0.80 | 0.80 0.70

Table 8

Numeric results used to create the box-plots for the comparison of the models’
performance to predict if a person can appreciate a cookstove more than other
appliances (‘cookstove’). It can be seen that Random Forest (RF) is the model
best suited for the data considered in this work.

Accuracy Balanced Accuracy
RF svc KNN DT RF SvC KNN DT
Mean | 0.80 | 0.76 | 0.74 0.68 | 0.61 | 0.58 | 0.58 0.45
Min 0.70 | 0.65 | 0.60 0.55 | 0.50 | 0.45 | 0.45 0.35
Q1 0.75 | 0.71 | 0.70 0.65 | 0.55 | 0.51 | 0.51 0.41
Med 0.78 | 0.75 | 0.75 0.68 | 0.63 | 0.58 | 0.58 0.45
Q3 085 | 0.79 | 0.79 0.70 | 0.69 | 0.60 | 0.64 0.54
Max 0.90 | 0.90 | 0.85 0.75 | 0.70 | 0.75 | 0.70 0.60

a cookstove more than the other age groups, which contradicts
findings of previous studies: namely that the older women are,
the more they tend to prefer traditional cooking methods due to
the difficulty of changing behaviours [59] and the less they accept
improved cookstoves [67]. This discrepancy might be because the
sample data was too small to make representative predictions.
» Household size: The number of people living in a certain house
(‘members_house’) was in the top five most important variables
for all prediction analyses in which it was included (see Ap-
pendix A). The participation of ‘members_house’ in the predic-
tions ranged from 10% to 43%. The influence of this variable
on the predictions is high because ‘members_house’ has one of
the highest n with ‘TopVals’ (0.14). These results suggest that
the greater the number of people in the household, the greater
the possibility (even if it is weak) that they hold the top five
values related to cookstoves. A study carried out in Ouagadougou,
Burkina Faso supports this point: it found that the largest families
are usually the poorest ones and tend to use firewood more
continuously, while richer families are less numerous and tend to
use more LPG [91]. Therefore, a positive correlation between the
number of members of a household and the acquisition of values
related to the prioritisation of a cookstove (‘TopVals’) could be
driven by the needs and values (‘5TopVals’) resulting from having
a large family.
Quintile 2 of wealth index: The proportion of people belonging
to quintile 2 of the wealth index (‘g2’) was in the top five
variables in all the prediction analyses in which it was consid-
ered. This result aligns with previous findings that, in general, a
person’s wealth determines the choice of one fuel over another
for cooking [67].
Precipitation: Our findings suggest that people are more likely
to hold the top cookstove-related values where there are higher
precipitation rates. This suggests that the greater the annual
rainfall experienced, the more a person may prioritise a cookstove
due to their values. One could theorise that rain may preclude
continuous use of firewood for cooking due to humidity [92]. This
could make people tend to appreciate a cookstove to meet their
needs, especially that of ‘food security,” as less availability of dry
wood might mean less food to eat.
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+ Distance to forests: The importance rates of the predictive anal-
yses also suggest that people that live the longest distances from
the smallest forest within a ten kilometre radius are more likely
to hold the top cookstove-related values. ‘Food security’ and ‘time
benefit’ could be the most relevant values here, as it might be
difficult to provide a household with food because more time is
spent collecting firewood in these forested areas. These concerns
might cause a person to consider purchasing a cookstove. How-
ever, the acquisition of this appliance also relates to the value of
‘fixed costs’ since there may be the possibility that these people
cannot afford the initial cost. Therefore, the generation of one
value could be determined by the presence of two others.
Forest density: The findings suggest that that the higher the
forest density around an observation, the greater the likelihood of
holding cookstove-related values. However, this relationship may
be biased, since few people chose a cookstove when the forest
density in their location was high, implying that this same set
of ‘5TopVals’ values could be addressed by acquiring a different
item. In any case, the forest density around a point could influ-
ence the value of ‘food security’ based on availability (or lack
thereof) of natural and imported food resources. Moreover, ‘time
benefit’ could be related to forest density as highly forested areas
might prevent people from accessing regions where they could
effectively access firewood, making them appreciate a cookstove.
Distance to water source: The distance to the water source also
appears to influence the prediction of ‘TopVals.’ The time spent on
collecting water has been previously found to have a large impact
on the selection of the type of fuel used for cooking [67], in the
sense that if less time were spent in collecting water (i.e., shorter
distances to travel for collection), the wealth from performing
other tasks would make people consider using cleaner fuels for
cooking. This would theoretically then lead them to adopt cleaner
technologies.

Other variables and results are also worth considering. For example,
the association value of 0.13 between ‘TopVals’ and luminance could
indicate that when people have more access to electricity, they are in
a better position to prioritise a cookstove. Furthermore, despite the
belief that women value a cookstove more than men, gender does not
show any association (n = 0) with either ‘TopVals’ or ‘cookstove.” It
only appears in the top five variables in two prediction analyses with
participation percentages of around 4.5%. This might confirm some
conclusions made by [48] when they mention that “men and women
in rural Uganda held largely the same high-priority underlying values
focused on basic human needs such as income, healthcare, information
services, food security, and water security”.

5.3. Implications

The statistical and predictive ML method developed here to under-
stand the relationship between energy services and values using open
spatial data can be used to improve the cooking and energy sectors in
a number of ways.
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Fig. 7. Availability of Multiple Indicator Cluster Survey data including energy appliances. Countries where data are available are shown in dark blue. This includes 89 low- and
middle-income countries. This data source can be used to extend the method applied in this study. Data from [93].

This method can allow faster and cheaper prediction of local val-
ues using existing data. By leveraging geospatial, socioeconomic, and
demographic data available openly online via existing national surveys
to map values, money and time can be saved in preliminary project
scoping. Sources such as national census data, Multiple Indicator Clus-
ter Surveys conducted by the United Nations, and Demographic and
Health Surveys conducted by the United States Agency for International
Development can be used to run this analysis. These data can be found
for LMICs throughout sub-Saharan Africa and globally. To illustrate,
Fig. 7 shows the availability of Multiple Indicator Cluster Survey data
where energy appliances are captured — this includes 89 LMICs [93].
These data could be used within the methodology proposed here to
predict the uptake of the energy appliances studied in the survey.

These results can be processed in less time than on-the-ground
survey transcription and post-processing. That said, it is still necessary
to undertake on-the-ground value data collection and socioeconomic
surveys to keep predictive model training data up-to-date. On-the-
ground data collection is also still needed prior to implementing energy
service programmes; this model just reduces the data collection burden
to perform initial value-informed targeting of energy services.

In practice, this method can be used to improve distribution pro-
grams for cookstoves or other energy services across LMICs. Under-
standing which parameters influence the prioritisation of cleaner cook-
ing technologies could help governments and organisations in LMICs
improve marketing for their cookstove distribution programs. This
aligns with on-the-ground experience, for instance in the Room to
Breathe programme on cookstove marketing in India [94], where a key
lesson learned is listed to be: “Once you have identified the triggers and
barriers you need to tightly match your communications messaging to
them” [p. vi].

Understanding values related to cooking can help programme man-
agers to effectively communicate cookstove benefits in a way that
speaks to the users’ daily life. This can help to drive greater acceptance
and uptake of clean cooking. It could translate into greater lasting
demand based on continued desire to adopt larger (‘food security,” ‘time
benefit’), modern (‘aesthetics’), cleaner (‘environmental sustainability,’
‘being healthy’) cookstoves, where these values are found to be present.
By understanding why and where cookstoves are prioritised, last mile
cookstove distribution can be improved to create maximum uptake with
minimum investment. The resources saved through effective targeting
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could allow increased focus on those people living in small, remote,
under-serviced communities.

Third, the eventual consequences of improved targeting and dis-
tribution are more funding and higher rates of clean cooking access.
Higher adoption rates over time could attract more funding to sup-
port more cookstove distribution programs in a virtuous cycle. With
more successful cookstove distribution programs that reach the last
mile, receive increasing financial support for their continuation, and
constantly innovate, current low rates of access to clean cooking in
sub-Saharan Africa can increase. This could help to not only reach
Sustainable Development Goal 7 faster, but other goals closely tied to
clean cooking. These include 3 (good health and well-being), 4 (quality
education), and 13 (climate action), among others [13].

5.4. Study limitations

This study has some limitations. First, this study is limited by the
size of the UPV-DS dataset. There are only 199 individuals represented,
which is insufficient to generate a robust and precise predictive model.
In addition, these observations are geotagged by village — as there
are multiple observations per village, the geospatial data attached to
multiple interviewees is often the same. That is why not only more
observations but also greater geographic diversity of observations is
required to build a more robust model. Second, this study is limited
to considering the importance of people towards cookstoves at a given
time. A certain society can experience changes over time, and values
can change due to any event. That is why a continuous collection
of values over time, including moments that can generate a sudden
change, such as COVID, would allow for improved dynamic modelling.
Third, this study considers geospatial and socio-economic/demographic
datasets from sources that are often not up-to-date or do not correspond
to the year in which values data may be collected. Complete and up-to-
date data are required to obtain more representative results. Therefore,
this study should be seen as a first step towards developing a method-
ology for the prediction of value-driven need via socioeconomic and
geospatial modelling. The specific results should not be extrapolated
beyond the case study context.
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6. Conclusions

This work has proposed a method to predict the value-driven pri-
oritisation of the energy service of clean cooking using geospatial, so-
cioeconomic, and demographic parameters. Correlations between these
parameters and the values associated with cookstove prioritisation
were analysed using a User-Perceived Value dataset collected in rural
Uganda (labelled UPV-DS) [17,60]. Then, through machine learning
(ML) methods, it was determined which parameters are most predictive
of cookstove prioritisation and related values.

Of the 199 individuals in the case study dataset, only 26 chose a
cookstove as an important item. The values most frequently related
to the prioritisation of a cookstove in the dataset were found to be
‘food security,” ‘time benefit,” ‘accessibility to services,” ‘fixed costs,’
and ‘being healthy.” Another 142 individuals in the dataset who did
not choose a cookstove still held this group of values in their records.
Thus, there is the possibility that about 71% of the people in this dataset
would be willing to adopt a cookstove to satisfy their value-driven
needs.

In the correlation analysis, it was found that correlation ratios
between each of potential predictor parameters and either (a) prioriti-
sation of a cookstove or (b) holding values related to cookstoves were in
the range 0 to 0.27. The overall weakness of correlations was attributed
to the low number of observations. Variables with a correlation ratio
greater than or equal to 0.1 were considered as possible predictors in
subsequent analyses.

Moving to predictive modelling, it was determined that Random
Forest (RF) was the best performing algorithm for predicting both
cookstove prioritisation and holding cookstove-related values. Using RF
across 12 different analyses, age was found to be the most determining
variable in prediction whenever it was included. Other important vari-
ables for predicting the cookstove-related values were the number of
people living in a house, quintile 2 of the wealth index, annual accu-
mulated precipitation, distance to the nearest forest within a radius of
ten kilometres, forest density, distance to the water source, luminance,
and distance to the nearest road. These parameters were consistent with
what had been found in previous studies as determinants for cookstove
adoption.

Through this investigation, this study develops a novel open-access
predictive model designed to accelerate energy services targeting. It
is implemented to be scalable to other geographic contexts and en-
ergy service technologies. This method can be used to improve value-
driven targeting programs for cookstoves or other energy services
across LMICs. It demonstrates how the combination of ML and openly
available data can allow improved development program targeting
aligned not only with economic factors such as poverty levels but with
deeper values and needs.

6.1. Future work

This research aims to ignite interest in mapping deep value-driven
needs against geospatial, socioeconomic, and demographic parameters
for better energy service targeting. There are a number of opportunities
for future work in this area.

» Expand sample size and geography. As discussed in Section 5.4,
this study is limited by the small sample size of the case study
dataset. As such, future work could collect additional values data
across diverse geographies. This would allow for the development
of a more robust, precise, and generlisable predictive model.
Study a broader array of energy services and technologies.
Future work should analyse which geospatial, socioeconomic, and
demographic variables influence the acquisition of values related
to the prioritisation of other items which provide energy services
(e.g., television, radio, computer, fridge, computers, generators,
water pumps). This could allow the design of initiatives or pro-
grammes that address several problems or needs simultaneously
with sets of technologies.
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» Move beyond analysis which is instantaneous in time. As dis-
cussed in Section 5.4, this study uses a dataset which represents
a particular snapshot in time. This work therefore cannot account
for changes in values across a society over time. Future work
should therefore collect panel data on values to consider changes
in the values of societies.

Improve data availability. As discussed in Section 5.4, this type
of analysis is dependent on complete and up-to-date open data.
Therefore, as more up-to-date data is made available, this analysis
can be repeated to generate more accurate results.
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Appendix A. Results of all analyses

Fig. A.8 shows the top five variables that most influence the predic-
tive model of each analysis and their performance indicators.

Appendix B. Variables definitions, keys, and types

Table B.9 lists the independent variables that were considered in
this study, their keys, and their types.

Appendix C. Correlation ratios with ‘TopVals’ and ‘cookstove’

Table C.10 lists the correlation ratios for each independent variable
with ‘TopVals’ and ‘cookstove’.

Appendix D. Correlation matrices

Figs. D.9, D.10, and D.11 show the Pearson’s coefficients (between
numerical variables), Cramer’s V coefficients (between categorical vari-
ables), and correlation ratios (between categorical and numerical vari-
ables) as matrices.
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Table B.9
Variables definitions, keys, and types. Note that distances are taken from the recorded location of the interviewee.
Variable Value description Key Data type
Age Interviewee age Age Numerical
0 = Female ]
Sex 1 = Male Sex Nominal
No. people in household Number of people with whom the interviewee lives in the same house members_house Numerical
0 = Not completed/Never enrolled Edu_no_education Ordinal
1 = Completed primary school Edu_primary Ordinal
Education level 2 = Completed secondary school Edu_secondary Ordinal
3 = Completed tertiary school Edu_tertiary Ordinal
4 = Completed bachelor’s degree Edu_bachelor Ordinal
1 = Less than 20 meters Dist_<20m Ordinal
2 =20 m - less than 50 m Dist_20-50m Ordinal
Distance to fetch water 3 =50 m - less than 100 m Dist_50-100m Ordinal
Wi
4 = 100 m - less than 500 m Dist_100-500m Ordinal
5 = 500 m - less than 1 km Dist_500-1000m Ordinal
6 = More than 1km Dist_>1000m Ordinal
1 = Wood Fuel_wood Nominal
Main type of fuel used 2 = Coal/charcoal Fuel_coal-charcoal Nominal
for cooking in the 3 = Gas Fuel_gas Nominal
household 4 = Dung Fuel_dung Nominal
5 = electricity (grid or solar) Fuel_grid-solar Nominal
1 = Piped public tap/kiosk (free) Water_piped_public_free Nominal
2 = Piped public tap/kiosk (paid for) Water_piped_public_paid Nominal
3 = Piped internal Water_piped_internal Nominal
Source of water mostly 4 = Piped tap outside Water_piped_tap_outside Nominal
used in the household 5 = Well (non borehole) Water_non_borehole Nominal
for drinking, bathing, 6 = Borehole/ hand pump Water_borehole Nominal
and washing clothes 7 = Flowing river/stream Water_river-stream Nominal
8 = Dam/stagnant water Water_dam-stagnent Nominal
9 = Protected spring Water_protected_spring Nominal
10 = Others ‘Water_others Nominal
1 = Flush toilet Toilet_flush Nominal
2 = Pit latrine Toilet_pit_latrine Nominal
f toilet used _pit |
Type of toilet use 3 = Community toilet Toilet_community Nominal
4 = None/use fields etc. Toilet_none-fields Nominal
Closest river Straight line distance to the closest river (km). closest_river Numerical
Closest lake Straight line distance to the closest lake (km). closest_lake Numerical
Closest fuel station Straight line distance to the closest fuel station (km). fuel_station Numerical
Closest forest Straight line distance to the edge of the nearest forest reserve (km). small_forest Numerical
Closest smallest forest within Straight line distance to the edge of the smallest forest reserve within ten km radius. close_forest Numerical
a radius
Density of forests Average forest density in a range from O to 100 considering a radius of ten km from interviewee location. Forest Numerical
Density of forests (without Average forest density, excluding forest reserves, in a range from O to 100 considering a radius of ten km forest_no_res Numerical
reserves) from interviewee location.
Grade of deforestation Average degree of deforestation from O (no loss) to 20 (total loss) from 2000 to 2021 considering ten km deforestation Numerical
from interviewee location.
Closest distribution Straight-line distance to the closest distribution substation (km). distribution Numerical
substation
Closest transmission Straight line distance to the closest transmission substation (km). transmission Numerical
substation
Closest road Straight-line distance to the closest national or subnational road (km). nat_sub_road_dist Numerical
Closest road (national) Straight-line distance to the closest national road (km). nat_road_dist Numerical
LC_built-up Nominal
LC_cropland Nominal
Land Cover Type of land cover present in the location of the interviewee. LC_herbaceous_vegetation Nominal
LC_shrubland Nominal
LC_unknown_open Nominal
Luminance Luminance value between 3 and 255 perceived in the location of the interviewee. Luminance Numerical
Travel Time Time in minutes that it takes to reach an urban conglomeration of more than 50,000 inhabitants according travel_time Numerical
to the location of the interviewee.
Precipitation (mm) Accumulated annual rainfall in mm at the location of the interviewee. precipitation Numerical
Wealth Ind intile 1 1 Ni ical
ca ncex (Qufn l e 1) Once the cluster of the DHS survey belonging to the location of each interviewee 8 umerfca
Wealth Index (Quintile 2) N . ) L. g2 Numerical
L is determined, the number of people (in percentage) that belong to each quintile .
Wealth Index (Quintile 3) . " N g3 Numerical
L of the Wealth Index in that cluster is calculated; then, these values are assigned .
Wealth Index (Quintile 4) to each interviewee. g4 Numerical
Wealth Index (Quintile 5) . g5 Numerical
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Table C.10

Correlation Ratios (CR) with ‘TopVals’ and ‘cookstove’.

Variable

n with ‘TopVals’

n with ‘cookstove’

closest_river
closest_lake
fuel_station
forest_no_res

forest

deforestation
small_forest
close_forest
distribution
transmission
nat_sub_road_dist
nat_road_dist
luminance
travel_time
precipitation

gl

g2

g3

g4

g5

age

members_house

sex

LC_built-up
LC_cropland
LC_herbaceous_vegetation
LC_shrubland
LC_unknown_open
Edu_bachelor
Edu_no_education
Edu_primary
Edu_secondary
Edu_tertiary
Dist_10-50m
Dist_100-500m
Dist_50-100m
Dist_500-1000m
Dist_<20m
Dist_>1000m
Fuel_coal-charcoal
Fuel dung

Fuel_gas
Fuel_grid-solar
Fuel_wood
Water_borehole
Water_dam-stagnent
Water_non_borehole
Water_others
Water_piped_internal
Water_piped_public_free
Water_piped_public_paid
Water_piped_tap_outside
Water_protected_spring
Water_river-stream
Toilet_community
Toilet_flush
Toilet_none-fields
Toilet_pit_latrine

0.03
0.02
0.04
0.13
0.12
0.01
0.14
0.1
0.08
0.09
0.14
0.02
0.13
0.07
0.25
0.02
0.15
0.05
0.01
0.05
0.1
0.14
0

0
0.01
0.08

0.05
0.09
0.08
0.11
0.18
0.04
0.05
0

0.14
0.11
0.06
0.02
0.06
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0.14
0.05
0.02
0.02
0.01
0.09
0.01
0.01
0
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0.23
0.03
0
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