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The attainment of the United Nation’s Sustainable Development Goal 7 is significantly impeded by the slow pace
of clean cooking fuel adoption in Ghana and most parts of Sub-Saharan Africa. Despite continuous government
efforts, firewood and charcoal remain the dominant cooking fuel choice in Ghana, posing health risks to
households through indoor air pollution. Researchers have identified households’ economic status, family size,
the educational level of household heads, and access to fuel as factors that influence household cooking fuel
choices in rural and urban areas. However, there is a dearth of research on the determinants of household
cooking fuel choices in mining host communities despite the peculiarity of socio-economic, environmental and
cultural factors in these settings. Using descriptive statistics and a multinomial logit regression model of 426
randomly surveyed households in the Newmont Ahafo Mines catchment areas in Ghana, this study showed that
every unit increase in households’ income index was associated with a 65 % higher chance of choosing Liquified
Petroleum Gas (LPG) for cooking over charcoal. Conversely, larger families are less likely to choose electricity
over charcoal but more likely to choose firewood over charcoal for cooking. Notably, the study found that
households closer to the mine site were less likely to choose either LPG or kerosene over charcoal for cooking,
suggesting that host communities in closer proximity to mine sites might have limited access to clean fuel options
such as LPG. Based on these findings, the study suggests subsidies for clean fuels, and improving access to
infrastructure for LPG distribution as a means to advance the transition to clean cooking fuels in mining host
communities.

Introduction

Energy is an essential input for economic development. Domestic
cooking and heating constitute at least 20 % of the total energy use of
countries within the Organisation for Economic Co-operation and
Development (OECD) (Dongzala & Adams, 2022) and nearly 80 % of the
total primary energy consumption in sub-Sub-Saharan Africa (SSA)
(Ohimain, 2012). In SSA, a greater proportion of this energy (about 83
%) is still supplied by Firewoods, as compared to 43 % in developing
Asia, and 11.4 % in central and southern America (IEA, 2022). Biomass-
based cooking fuel sources contribute to climate change and depleting
forest covers (Beek et al., 2020; Bensch et al., 2021). Bensch et al. (2021)
projects that at this pace of slow clean cooking fuel transition in SSA,
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Greenhouse Gas (GHG) emissions from polluting fuel usage in the region
will match Germany’s 2015 total CO2-e emission level by 2050. The use
of biomass for cooking also poses respiratory health risk (Kumar et al.,
2023). Even with improved cooking stoves, the levels of particulate
matter resulting from cooking with Firewood are still above the WHO
health threshold (Quinn et al., 2018).

In Ghana, reforms in clean cooking have been tailored towards
increasing the use of fossil-based liquid fuels. One of the earliest of these
reforms was the National LPG Promotion Programme, launched in 1990
and aimed at achieving a 50 % LPG penetration for domestic cooking
and heating. Following the LPG promotion programme, the government
launched the Rural Kerosene Distribution Programme to improve access
to and promote the use of kerosene for domestic cooking in rural
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communities. Although these interventions have increased the adoption
of LPG, biomass-based fuels remain the primary means of cooking for
>75 % of Ghanaians (Karakara et al., 2019). To sustain community
adoption of cleaner and safer cooking fuels, it is important to understand
the socio-economic, cultural, and geographic drivers of household
cooking fuel choices to tailor policy interventions appropriately.
Accordingly, several studies have been conducted to explore the drivers
of household energy choices in Ghana and SSA. Most of these studies
identified income, education, and gender as key determinants of
households’ choices of cooking fuels (Amoah, 2019; Karakara et al.,
2019; Rahul et al., 2016). However, the literature is faint on the drivers
of household energy choices in mining communities.

Mining activities have varied impacts on the social, economic and
environmental well-being of host communities (Erdiaw-Kwasie et al.,
2014; European Parliament, 2022). Thus, it is plausible to posit that the
proximity of households to mining communities may influence their
energy choices, and their ability or willingness to adopt clean energy
technologies beyond the widely researched factors. Understanding the
nuanced array of factors that inform domestic cooking fuel choices,
including in mining catchment communities, is essential for policy in-
terventions to promote sustainable and inclusive energy transition.

The objectives of this study are therefore set as follows: (1) to
determine whether the widely cited drivers of household cooking fuel
choices such as household size and income levels are true for mining
host communities; (2) to determine if the proximity of a household to a
mine site affects their choice of cooking fuel choices; and (3) to make
practical policy proposals for reforms to promote clean energy use in
Ghana and similar contexts.

Theoretical and empirical literature review

Earlier attempts at explaining the drivers of cooking fuel choices
among households were hinged on traditional consumer behaviour
theory, which proposes that, as rational economic agents, households
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will abandon their traditional fuels and adopt more convenient, less-
polluting fuel choices as their standards of living improve (Ado & Dar-
azo, 2016; Arowolo et al., 2018). As such, the economic status of a
household had been perceived as the only determinant of a household’s
propensity to switch to cleaner cooking fuels. This hypothesis is known
as the energy ladder theory (Gyamfi et al., 2020). As depicted in Fig. 1,
the energy ladder theory assumes a scenario whereby households
climbed an energy ladder as they completely replaced primitive fuels
with transition fuels and subsequently switched to advanced fuels as
their standards of living improved (Safari et al., 2022).

However, an increasing body of literature has shown that cleaner
fuels do not always serve as perfect replacement for traditional fuels
irrespective of a household’s standard of living. This contrary school of
thought observes that households tend to use multiple fuel sources for
cooking instead of completely switching fuel choices irrespective of their
income levels (Perros, Allison, Tomei, & Parikh, 2022; Price et al., 2021;
Yadav et al., 2020). This observation is referred to as the energy stacking
model. Masera et al. (2000), one of the most cited critics of the energy
ladder models, has for instance, shown that households do not switch
between fuels as they become more affluent but rather tend to use
multiple fuel sources. Their study demonstrated an array of factors that
inform a household’s choice of cooking fuels amidst scarce resources
and supply uncertainty. Some of these driving factors include (a) eco-
nomics of fuel, stove type and access conditions to fuels; (b) technical
characteristics of cookstoves and cooking practices; (c) cultural prefer-
ences; and (d) health impacts. Furthermore, Tucho et al. (2022) found
that households continued to use Firewood alongside electricity due to
the unreliability of electricity supply in Ethiopia.

In line with the energy stack model, monetary factors do not
completely determine if a household transitions to cleaner cooking fuel
choices (Goswami et al., 2023). The foregoing introduces non-monetary
factors such as fuel accessibility (Oyeniran & Isola, 2024) and household
size (Amoah, 2019) as equally important determinants of whether a
household transitions to or includes cleaner cooking fuels in their fuel
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Fig. 1. Energy ladder versus energy stack models (based on Schlag & Zuzarte, 2008).
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options.

Notwithstanding contentions between the energy ladder and energy
stacking models, there is general consensus even in recent literature on
the strong correlation between a household’s choice of cooking fuel and
their income status as well as the educational level of household heads
(Bofah et al., 2022; Danlami et al., 2018; Debebe et al., 2023; Mper-
ejekumana et al., 2021 and Yonas et al., 2015). Cleaner cooking fuels are
often expensive, making them more accessible to wealthier households
(Nshimiyimana et al., 2024). Ang’u Cohen et al. (2023) found a strong
correlation between remittance receipts and the propensity of house-
holds to adopt modern forms of energy. The highly educated household
heads are able to engage in higher income ventures and therefore more
likely to choose cleaner cooking fuels such as LPG or electricity over
polluting fuels such as wood and charcoal for cooking (Cohen et al.,
2023; Dongzala & Adams, 2022).

Despite the expansive literature on the various factors influencing
household cooking fuel choices in rural and urban settings, there is a
dearth of research on the specific context of mining host communities.
While mining contributes significantly to export earnings and govern-
ment revenues in mineral-rich economies (Yeboah et al., 2022), the
socio-economic and environmental impact of mining on host commu-
nities are well documented. For instance, mining has been associated
with depleting forest covers (Okyere et al., 2021) and declining stan-
dards of living of mining host residents (Mwakesi et al., 2020). The
existence of mining activities in a community therefore predisposes or
exposes residents to varied socio-economic, environmental and cultural
dynamics that might inform the propensity of a household to choose
cleaner cooking fuels as their main source of cooking.

In a novel attempt, this study investigates the effect of the proximity
of a household to a mine site on their choice of cooking fuel among other
widely cited factors such as household size and income index.

Materials and method
Study area and sampling

The study was conducted in the Ahafo Region of Ghana. The study
focused on catchment communities within a 20 km radius of the New-
mont Ghana Ahafo mine site. This approach of surveying communities
in close vicinity to mining operations takes precedence from the meth-
odology of Dikgwatlhe and Mulenga (2023) whose study on the per-
ceptions of mining impact on households only focused on towns and
settlements in the vicinity of the targeted mining areas. Furthermore,
twenty (20) km is considered the widest impact radius of mining ac-
tivities (Brugger et al., 2021).

The Asutifi North district specifically hosts the Newmont-Ahafo
mine. Google Earth Pro was used to identify the circumference around
the mining site and the catchment communities for household sampling.
Based on the population density, p, (people per square kilometre) and
average household size, S, of the Asutifi North district which are 78.4
people per squared kilometre and 3.6 people per household respectively
(GSS, 2021), the number of households within the 20 km radius of the
mine site, H;, was calculated using the formulae shown in Egs. (1) and

(2).

P
H=5 (€}
P=1254.64 xp (2)

where 1254.64 represents the Google Earth coverage area in square
kilometers of catchment communities within a 20 km radius of the
Ahafo mine site, and P is the total number of people within 20 km radius
of the mine site.

So P = 1254.64 km? x (78.4/km2), as given by Eq. (2).

Therefore, the total population, P, within a 20 km radius of the
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Newmont Ahafo mine site is about 98,363.776, and
H, equals 27,323.27, as given by Eq. (2) and Eq. (1) respectively. An
estimated household sample size was then calculated for a 95 % confi-
dence interval, and 5 % error margin for each mining catchment area as
illustrated in Eq. (3). A prevalence of 50 % (0.5) was assumed based on
recommendations from previous studies (Wassie et al., 2021).

2
(%) x p(1-p)
No 3)

e2

where:

N = the desired sample size.; p = 0.5 is the assumed population
proportion expected to use some form of cooking fuel; e = 5 % is the
margin of error; (Z,/2) = 1.96 is the critical value for the hypothesis test
at 95 % confidence interval (5 % significance level). Therefore,
N equals 384.16, as given by Eq. (3). This sample size was increased by
10 % to account for any non-responses. Accordingly, at least 426
households were surveyed, which falls within the sample size range used
in previous studies with similar objectives (see Ado & Darazo, 2016).

Household survey approach

A total of 14 villages, towns and settlements were identified to fall
within the 20 km radius of the Newmont Ahafo Mine site. These set-
tlements were clustered based on their proximities into households
within 5 km, 10 km, 15 km and 20 km radii of the mine site respectively.
Within a 5 km radius, one (1) community was identified: Ntorosoro. Six
(6) communities were found within a 10 km radius of the mine site,
namely Kenyasi number 1, Kenyasi number 2, Akyerensua, Hwidiem,
Wamahinso, and Gyedu. Within a 15 km radius of the mine, three (3)
communities were identified: Manfo, Dwenase, and Maabang. Finally,
four (4) communities fell within the terminal 20 km radius of the mine
site, thus Atroni, Nkaseim, Pobiso and Nkrafokrom. The total number of
surveys was distributed proportionally to the population of the towns,
villages and settlements. Households were then sampled in each com-
munity according to a random walk procedure. Enumerators identified a
random Geographic Positioning Systems (GPS) point within each village
or community and walked in opposite directions of the cardinal points;
North, South, East and West, selecting and surveying every 3rd house (or
cluster of houses belonging to the same family). In larger villages,
enumerators selected every 5th or 8th household, aiming to cover every
length and breadth of the village until the sample size for that village is
realized. The study area and surveyed catchment communities are
illustrated in Fig. 2.

The target respondent for each household was the household head.
Household heads were asked, “What type of fuel does your household
mainly use for cooking.” Respondents chose one option among “Elec-
tricity”, “LPG”, “kerosene”, “Charcoal”, “Timber”, “Crop residue”,
“other”, “Don’t Know” and “Rather not say”. Enumerators then vali-
dated responses by physically inspecting where the cooking is usually
done. The Kobo collect tool was used to administer the survey and
automatically record survey responses.

Estimation of household income level and status

Household’s possession of assets (cars, TV, etc.) and the education
level of household heads were used as proxies for the economic status
(income index) of the respondent households. This is because it was
impracticable to ascertain the income earnings of households due to the
unformalized nature of the occupations of most households in the study
area and the erratic nature of their income flows. In such situations,
Cabrera et al. (2018) recommended the use of multiple indicators.
Indeed, the use of single variables such as income earnings of households
as a measure of Socio Economic-Status (SES) is subject to self-reporting
information bias (Cabrera et al., 2018). Yet there is no single measure
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that best reflects SES (Galobardes et al., 2006). As a result, a weighted
combination of education and income is increasingly being used as a Ta]?le 1 .
. s . . . ST Weights of education levels.

proxy for gauging the subjective socio-economic status of individuals
(Galobardes et al., 2006; Lindberg, Chen, Olsen, & Abelson, 2022). Education level Weight

In fact, the impact of education on household income levels has been Primary 0.03
widely researched. The income levels of households generally increase JHS 0.07
in direct proportion to the education level of the household head, with Secondary 0.10

. . . . . Vocational training diploma 0.2
an additional year of education reportedly associated with a 4 % in- Techni .
R R T . o echnical Diploma 0.2

crease in households’ income. (Vu, 2020). Similarly, Bilenkisi et al. Tertiary (university) 0.4
(2015) showed that households’ risk of poverty decreased as the level of
education of the household head increased. A strong consensus therefore
emerges in the literature on the positive correlation between the Table 2
educational level of a household head and the household’s income status Weights of income index proxy variables.
(Pham et al., 2024). p o o

Given the demonstrated strong collinearity between educational fndex proxy variable Weight
level and income status of households, level of education was ascribed a Education 0.5
weight of 50 % (0.5) in the income index. This weight is in consonance gar . 8?5

. . . . . omputer .

with the findings of Lindberg, Chen, Olsen, & Abelson (2022) which Refrigerator 0.06
reported that education had the highest weight on the socio-economic Satellite 0.05
position of households. The proxy income index variables and their v 0.04

respective weights used in this study are shown in Tables 1 and 2.
This study suggests a maximum achievable income index of 0.7,
which is then multiplied by 10 to minimize scaling issues. Accordingly, a
household with the maximum level of education (university) and pos-
sessing a car, TV, computer, refrigerator, and satellite will have an in-
come index of 7.0. For instance, consider a household with a tertiary
(university education) who also possesses a car, computer, refrigerator,
satellite and a television. Tertiary (university) education carries a

weight of 0.4 (Table 1), and education carries an index weight of 50 %
(Table 2). Thus, the effective income index for tertiary education is 0.2
(50 % of 0.4). The total income index for such a household becomes 0.2
+0.25.0.1 + 0.06 + 0.05 + 0.04, summing up to 0.7 and scaled up to 7.

Subsequently, an income status class is computed as a function of the
income index threshold which bins households into low-income, middle-
income, and high-income brackets. We classify households with an
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income index between 0 and 2 as low income, an index >2 but <5 as
middle income and an income index >5 as high income.

Results and discussions
Data and descriptive statistics

Modal analysis of the 426 households surveyed (summary in Table 3)
revealed that most households surveyed lived within 10 km of the mine
i.e., a total of 157 households. The prevalent energy choice was charcoal
with a total of 172 observations. As well, the highest level of education
of many households surveyed was the secondary level of education.
Most importantly, a household size of 2 was greatly observed among the
respondents. It is worthy of note that the distribution of household size is
exponential, stemming from a greater number of respondents residing in
smaller-sized households and fewer respondents residing in larger
families. About 379 respondents reported not owning any cars, 336 re-
spondents owned TVs, and 370 households reportedly did not own any
computers, and 221 respondents owned a fridge.

Chi-square test and multinomial logit regression modelling

The extent to which household energy choice is informed by the
combination of Proximity to the mine, Income Index, and Household
Size was first assessed using a Chi-squared test, and subsequently a
Multinomial Logit Regression model. The predictor variable is nominal
and categorical with 6 categories (‘Charcoal’, ‘Crop residue/manure’,
‘Electricity’, ‘Firewood’, ‘LPG’, and ‘Kerosene’). The nominality of the
predictor variable makes it a classification problem for this analysis.
Another advantage is that the data is not ordered which makes drawing
inferences using chi-square and multinomial logistic regression
appropriate.

Chi-square test of independence

A chi-square test of independence (at alpha = 0.05) was conducted to
assess whether proximity to the mine, income status, and household size
together influence household energy choice. This test helps identify a
relationship between the variables and the chosen energy source, but it
doesn’t reveal the individual impact of each factor. The test produced a
statistic of 135.315017191022 (degrees of freedom: 72) and a p-value of
9.274171805691725e-06 (highly significant). Since the p-value is much
lower than our chosen significance level (alpha = 0.05), we fail to reject
the null hypothesis. These results strongly suggest that a combined effect
of proximity to the mine, income status, and household size likely in-
fluences the energy choices of households in mining communities.

Multinomial logistic regression using MLOGIT

The relationship between household characteristics and energy

Table 3
Modal analysis of categorical variables.
Mode Number of observations

Predictor variables
Proximity 10 km 157
Education level Secondary 254
Household size 2 123
Possession of car No 379
Possession of TV YES 336
Possession of satellite YES 238
Possession of computer NO 370
Possession of refrigerator YES 221
Response variable
Household energy choice Charcoal 172
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choices was assessed using a Multinomial Logit (MNL) model. The modal
energy choice (charcoal) was used as a reference fuel in the MNL model.
This model offers a significant advantage over the chi-square test by
providing insights into the individual and combined effects of proximity
to the mine, income status, and household size on the likelihood of
choosing specific energy sources.

This analysis thus reveals not only whether these variables collec-
tively influence energy choices (similar to the chi-square test) but also
how each variable specifically affects the likelihood of choosing
different energy sources (e.g., LPG, firewood, etc.). The model returned
the test statistics presented in Table 4.

The results show a Likelihood Ratio test (LRT) p-value of 1.48e-31. In
statistical terms, this indicates a very high level of significance (p-value
<0.05). This finding strongly suggests that the combined effect of these
independent variables is highly unlikely to be due to chance, and they
play a significant role in predicting household energy choice. A detailed
analysis of the effects of the various factors on household energy choices
(Table 5) is presented in the subsequent chapters.

Income effect

The results (Table 5) show that household income increases, there’s a
clear trend towards a cleaner energy source like LPG, while traditional
options such as crop residue/manure and firewood become less popular.
This pattern is backed by strong statistical evidence, indicating a sig-
nificant positive correlation between income level and the likelihood of
selecting LPG as an energy source (coefficient = 0.5034, z-statistic =
6.399, p-value <0.001). The odds ratio of 1.65 (anti-log of the log odds
ratio of 0.5034) indicates that any unit increase in the household income
index results in a 65 % higher chance of the household choosing LPG
over charcoal. However, the income effect on electricity (coefficient =
—0.4013, z-statistic = —1.112, p-value = 0.266) and kerosene (coeffi-
cient = —0.6163, z-statistic = —1.345, p-value = 0.179) remains un-
certain, with statistically insignificant p-values for the chosen
confidence interval of 95 %.

The statistical insignificance of the effect of income on electricity
usage even among high-income earners might be explained by the un-
reliability electricity supply in Ghana and most part of sub-Saharan
Africa. While Rubinstein et al. (2022) found that higher-income
earners in Cameroon were twice as likely to use electricity than lower-
income earners, their findings agree that frequent power outages and
unstable power supply dissuaded electricity usage for cooking purposes.
However, the effect of income on incentivizing a transition away from
polluting fuels such as wood and crop residues as reported in this study is
generally in consonance with the postulation by Arowolo et al. (2018)
and Ado and Darazo (2016) who linked the drivers of cooking fuel
choices to the traditional consumer behaviour theory which relies
absolutely on income levels. This is true in the context of this result as far
as the selection of LPG over charcoal is concerned.

Policy interventions aiming to promote the use of LPG and dissuade
the use of Firewood would therefore have to focus on uplifting

Table 4
MLOGIT regression results.

Dep. variable Household energy choice

Model MNLogit
Method MLE

Date Thu, 28 Mar 2024
Time 20:21:30
Converged TRUE
Covariance Type nonrobust
No. Observations 426

Df Residuals 412

Df Model 10
Pseudo R-squ. 0.1561
Log-Likelihood —463.06
LL-Null —548.72
LLR p-value 1.48e-31
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Table 5
Full summary statistics of MLOGIT inference test.
coef stderr  z P> |z| [0.025 0.975]

Household energy choice = Crop residue
Proximity —0.0174 0.032 —0.546 0.585 —0.080 0.045
Household size —0.3803 0.176 —2.163 0.031 —0.725 —0.036
Income index —1.6299 0.503 —3.243 0.001 —2.615 —0.645
Household energy choice = Electricity
Proximity —0.0382 0.055 —0.695 0.487 —0.146 0.070
Household size —1.041 0.430 —2.423 0.015 —1.883 —0.199
Income index —0.4013 0.361 -1.112 0.266 -1.109 0.306
Household energy choice = Firewood
Proximity 0.0061 0.014 0.428 0.669 —0.022 0.034
Household size 0.0885 0.049 1.809 0.071 —0.007 0.184
Income index —0.6342 0.122 —5.188 0.000 —0.874 —0.395
Household energy choice = LPG
Proximity —0.0478 0.019 —2.559 0.01 —0.084 —0.011
Household size —0.3072 0.082 —3.744 0.00 —0.468 —0.146
Income index 0.5034 0.079 6.399 0.00 0.349 0.658
Household energy choice = Kerosene
Proximity -0.1775 0.07 —2.524 0.012 —0.315 —0.040
Household size —0.2909 0.247 -1.176 0.239 —0.776 0.194
Income index —0.6163 0.458 —1.345 0.179 —1.515 0.282

household income levels as opposed to sensitization and education on
the negative impacts of biomass fuels. It is therefore plausible to pri-
oritise economic interventions over awareness campaigns in the bid for
mining communities to transition to clean cooking fuels.

Proximity effect

An analysis of the effect of proximity on household energy choices is
shown in Table 5. For crop residue/manure and electricity, proximity
does not exhibit significant influence (coefficients = —0.0174, —0.0382
respectively, with non-significant p-values) as shown in Table 5. Simi-
larly, households closer to the mine do not demonstrate a statistically
significant inclination towards choosing firewood (coefficient = 0.0061,
z-statistic = 0.428, p-value = 0.669). On the other hand, proximity to
the mine negatively affects LPG usage (coefficient = —0.0478, z-statistic
= —2.559, p-value <0.01), suggesting a preference for LPG among
households farther from the mine. Specifically, every kilometre farther
away from the mine site results in a 4.7 % (log odds ratio of —0.0478)
chance of the household choosing LPG over charcoal. Conversely,
households closer to the mine site are less likely to choose LPG over
charcoal. Similarly, kerosene usage is negatively impacted by proximity
(coefficient = —0.1775, z-statistic = —2.524, p-value <0.05), indicating
that households farther from the mine are [16 %] more likely to opt for
kerosene over charcoal.

The results show that proximity to the mine site is indeed, a driving
factor in the propensity of a household to adopt LPG or kerosene usage,
even though proximity does not affect biomass (Firewood or crop res-
idue/manure) usage. This finding may be explained in terms of the
general remoteness of mining operations (Cole & Broadhurst, 2020)
which affects the ability of households in close proximity to mine op-
erations to access LPG, thus suggesting a higher accessibility for these
fuels as a community is located farther away from the mine. Unlike
biomass which is locally available, petroleum products such as kerosene
and LPG require transport infrastructure to make them accessible to
remote communities, where mining operations mostly happen. Clean
cooking policies with the objective of promoting LPG usage in leu of
charcoal or Firewood in mining communities must therefore address
accessibility barriers.
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Household size effect

A study of household size’s effect on energy choices reveals varied
correlations across different fuel sources. For crop residue/manure,
household size demonstrates a statistically significant correlation (co-
efficient = —0.3803, z-statistic = —2.163, p-value = 0.031), suggesting
that larger households are less likely to use crop residues as their main
source of cooking fuel. This might be explained in terms of the low en-
ergy density of crop residues (Havrysh et al., 2021), making them un-
suitable for the cooking needs of larger families. However, larger
households are [64 %] less likely to choose electricity (coefficient =
—1.0410, z-statistic = —2.423, p-value <0.05) over charcoal.
Conversely, larger households are [9 %] more likely to choose firewood
over charcoal (coefficient = 0.0885, z-statistic = 1.809, p-value =
0.071). Also, smaller households are [26 %] more likely to choose LPG
over charcoal (coefficient = —0.3072, z-statistic = —3.744, p-value
<0.001). A household’s decision to choose kerosene is not affected by
the size of the household (coefficient = —0.2909, z-statistic = —1.176, p-
value = 0.239).

This result reveals that larger households would prefer firewood as
cooking fuel as opposed to cleaner options like electricity and LPG. It is
worth noting the cultural undertone to the choice of firewood for larger
households in Ghana due to its suitability for large-scale cooking.
Culturally, large households prepare food on large-scale basis and
distribute to household members as opposed to individual household
members preparing food separately. This therefore requires the use of
larger and heavier utensils which can be supported better by the three-
stone stoves fueled by firewood. The result therefore indicates that
[larger] households in mining host communities are no different in this
regard and would relegate options such as LPG and electricity for fire-
wood. This is in line with the findings of Amoah (2019) and Masera et al.
(2000) who accounted for factors such as cultural preferences and
technicalities of cooking practice as influencers of the choice of fuel for
cooking. The results highlight policy implications for clean cooking in-
terventions with respect to the cooking practice of large household sizes.
Such interventions should therefore prioritise innovative cooking stove
technologies that can support the large and heavy nature of utensils
typically used in large households.

Relative importance of predictor variables

Analysis using decision tree classifiers and random forests confirmed
significant interactions between household characteristics (income
index, household size, proximity to mine) and their choice of energy
source. A feature importance analysis of the random forest model

Feature Importance Plot
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Fig. 3. Feature importance plot.
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(Fig. 3) revealed the relative influence of these variables as follows:
income index has the strongest impact (importance: 0.432602) on en-
ergy choice, followed by household size (importance: 0.347218) and
proximity to mine (importance: 0.220180). These findings suggest that
income plays the most crucial role in determining household energy
choices.

Conclusions and policy recommendation

The foregoing analysis revealed the collective and individual influ-
ence of income, household size and proximity of households to mine
operations on cooking fuel choices. The feature importance analysis
adds more insight to the interrelation between these determinants in
terms of their relative contributions to the choice. For the data employed
in this study, the income level of households emerged as the most
important determinant while proximity to mine emerged as the least
important. While literature is widely published on the impact of income
levels and household sizes on the choice of cooking fuel, this study
introduced the perspective of proximity to a mine site to understanding
the dynamics of mining activities in host communities. The findings
hence reveal the importance of proximity to the mine as a driver of
household cooking fuel choices (especially LPG and other fossil-based
fuels that require infrastructure networks).

The study confirms earlier research on the positive correlation be-
tween household income and their propensity to adopt cleaner fuels,
specifically LPG. This study further confirms earlier studies to the effect
that larger households are less likely to choose electricity and less likely
to choose LPG over charcoal for cooking, but are more likely to choose
Firewood over charcoal. This can be explained in terms of the unsuit-
ability of electric stoves for cooking for large families, and the higher
costs of electricity and LPG compared to Firewood. In a novel attempt,
this study reveals that the proximity of households to the mine site
significantly affects the choice of two cooking fuel sources: Kerosene and
LPG. It is observed that households closer to mine sites are less likely to
use LPG and less likely to use kerosene. It is material to note that the only
statistically significant predictor of a household’s decision to use kero-
sene is the Proximity of the household to the mine site. Neither Income
nor Household size easily predicts a household’s usage of kerosene with
95 % confidence. A possible cause for this is limited access of mining
host communities to petroleum products such as LPG and kerosene, due
to the remote nature of mining sites.

Based on the foregoing conclusions, the study recommends that the
government should subsidize the cost of LPG for mining communities
and also improve the accessibility of such communities to LPG. This can
be done by exploring innovative approaches such as an LPG Pay-As-You-
Go' model in mining and other rural communities. Under the PAYG
model, subscribed households are given free, smart and pre-filled LPG
cylinders. The households are then able to buy (through a simple USSD
code) the smallest amount of LPG to meet their current cooking needs,
thus relieving them of the cost burden often associated with bulk pur-
chases of LPG. The PAYG model would also help address any possible
challenge of limited access of host mining communities to LPG infra-
structure in the short term since the PAYG LPG service providers would
be able to track the cooking needs of subscribers and refill empty cyl-
inders en masse. In the long term, however, the government should
incentivize the private sector to establish LPG filling stations in rural
areas, especially mining host communities to improve access to cleaner
cooking fuel for all.

! Modern Energy Cooking Services (2021). MECS Behaviour Change Project
Report (public version). Retrieved from: https://mecs.org.uk/wp-content/up
loads/2021/04/Understanding-Pay-As-You-Go-LPG-Customer-Behaviour.pdf.
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Limitations of the study

A limitation of this study is the Independence of Irrelevant Alterna-
tives (ITA) assumption inherent in Multinomial Logit Models. This
assumption is to the effect that the odds of a household choosing be-
tween any two fuel choices over the base fuel is unaffected by the
presence of other alternatives. This may not completely reflect the real-
world decision-making process where the introduction or removal of an
alternative can influence the relative attractiveness of the other choices.
However, this limitation is significantly mitigated by the fact that this
study explored a nearly exhaustive list of cooking fuel options currently
prevalent in Ghana. This notwithstanding, future studies should explore
households’ response to emerging clean cooking fuel options such as
ethanol. Furthermore, the scope of this study did not include variations
in cooking fuel preferences across different gender groups. Given the
gender dynamics in mining host communities, it would be interesting to
investigate whether the prevailing literature on gendered cooking fuel
preferences holds true in mining catchment communities.

Nomenclature

Symbols

H, Number of households within the 20 km radius of the mine
site

km? Squared kilometers

Zq/2 Critical value for the hypothesis test at 95 % confidence
interval

Margin of error

Desired sample size

Assumed population proportion

Total population of people within 20 km radius of mine site
Population density

‘b"u"uzm

List of abbreviations

ACEP Africa Centre for Energy Policy

GHG Greenhouse Gases

IIA Independence of Irrelevant Alternatives
LPG Liquefied Petroleum Gas

LRT Likelihood Ratio Test
MNL Multinomial Logit

OECD Organisation for Economic Co-operation and Development
PAYG Pay-As-You-Go

SES Socio Economic Status

SSA Sub-Saharan Africa

UENR  University of Energy and Natural Resources

WHO World Health Organisation
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