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Abstract

Our study predicts fuel poverty risk by grouping house-
holds based on data from a survey in England. The 
analysis reveals important differences between house-
hold groups, helping policymakers to better understand 
which factors contribute most to fuel poverty and sug-
gesting targeted interventions to address the issue. 

1. Introduction

Fuel poverty has garnered significant attention 
from both academics and policymakers in the EU 
(Castaño-Rosa et al. 2019). Despite numerous govern-
ment-proposed solutions, such as the Winter Pay-
ment and Warm Home Discount, the fuel poverty rate 
continues to rise, with current solutions only reaching 
10% of affected households (Charlier and Legendre 
2021). Enhancing energy efficiency in housing requires 
substantial funding (Rzetelska and Combrinck 2022). 
Access to basic household energy services—heating, 
cooling, lighting, and such from appliances—is critical 
to welfare in the EU and UK. The EU Energy Poverty 
Observatory (EPOV) focuses on ensuring equitable en-
ergy access without imposing financial strain. Despite 
the UK being one of the world’s leading economies, 
fuel poverty remains widespread due to socioeconomic 
factors, substandard housing, rising energy costs, and 
inefficient energy use (Boardman 2013). Vulnerabili-
ty studies highlight that low-income households and 
disabled individuals are disproportionately affected 
by fuel poverty in the UK (Snell, Bevan, and Thomson 
2015). 

Current research attempts to address energy vulner-
ability by integrating social, political, and techno-eco-
nomic perspectives [6]. However, these approaches 
often fail to account for unobserved heterogeneity 
within household characteristics and energy consump-
tion patterns. Traditional regression-based models and 
spatial interpolation techniques lack the ability to cap-
ture the complex dynamics of fuel poverty (Abbas et al. 
2020; Liu et al. 2021; Qurat-ul-Ann and Mirza 2021). Re-
cent studies have utilized machine learning algorithms 
for more accurate predictions, but many still overlook 
important household features (Wong et al. 2018we can 
use spatial interpolation (SI; Robinson 2019; Puttanap-
ong et al. 2022).

Unlike previous methodologies, our study introduces 
a novel cluster-based method that groups households 
based on socioeconomic and energy-related character-

istics, allowing for a more nuanced analysis and target-
ed policy interventions (Dejkam and Madlener 2023). 
Using England as a case study provides an opportunity 
to apply this cluster-based method, given its large 
and diverse population that reflects many of the fuel 
poverty challenges seen across the UK. By focusing on 
England, where more comprehensive data is available, 
our approach captures more detailed patterns of fuel 
poverty, enabling policymakers to develop strategies 
to mitigate fuel poverty more effectively (Xu et al. 2021; 
Wang, Maruejols, and Yu 2021).

Our study addresses key gaps in the literature by 
offering a novel machine learning-based approach to 
fuel poverty prediction, helping to identify the most 
vulnerable households and the factors that contribute 
most to their energy struggles.

2. Methodology 

This study employs a multi-step methodology to 
analyze fuel poverty in England using data from the 
English Housing Survey (EHS). Data was collected from 
April 2018 to March 2020, with April 2019 serving as 
the midpoint. The dataset includes 11,974 households 
and covers variables such as energy costs, household 
income, dwelling type, and heating characteristics. The 
methodology begins with data preprocessing, where 
missing values are removed, and categorical data that 
is converted to numerical form using one-hot encod-
ing. The features for analysis were chosen based on a 
combination of literature review and a Pearson Cor-
relation Coefficient analysis to remove irrelevant fea-
tures. Households were grouped using a k-prototypes 
clustering algorithm, which combines both categorical 
and numerical data, making it ideal for mixed datasets. 
The optimal number of clusters was identified using 
the “elbow method”, ensuring that households with 
similar characteristics were grouped together (see be-
low). Microsoft Power BI was employed to visualize the 
clusters, helping to identify patterns within the data. 
In a next step, the fuel poverty risk within each cluster 
was predicted using a modeling algorithm. Finally, the 
contribution of each feature to the model’s predictions 
was determined, providing insights into the factors that 
most influence fuel poverty. 

3. Results 

The study identified three distinct household groups 
in England that are most at risk of fuel poverty, using 
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a method that helps to categorize homes based on 
shared characteristics. By applying the elbow method, 
which helps determine the optimal number of groups, 
it was found that splitting the households into three 
clusters offered the best balance between complexity 
and insight (cf. Figure 1). Figure 2 illustrates the three 
clusters, each representing different types of house-
holds and facing unique challenges when it comes to 
energy costs and affordability.

Figure 1: Optimal number of clusters determined by the elbow 
method

The first group (Cluster 0) consists of households 
with moderate energy costs, mostly living in detached 
homes with relatively good health and manageable 
expenses. The second group (Cluster 1) includes young-
er households that tend to have higher lighting and 
appliance costs, often due to more active household 
members and larger homes. The final group (Cluster 
2) represents the most vulnerable households—older, 
low-income individuals struggling to meet their energy 
needs, especially for essential services like heating and 
lighting.

Figure 2: K-prototypes clustering of English households into three 
clusters

4. Discussion

This study shows the importance of tailored inter-
ventions for different household groups. Cluster 2, in 
particular, would benefit from direct financial aid and 
energy-saving measures, such as better insulation or 
energy-efficient appliances. In contrast, Cluster 1 would 
benefit from programs that help to reduce energy con-
sumption for lighting and appliances, such as energy 
efficiency grants or appliance replacement programs.

Additionally, this study highlights the critical features 
contributing to fuel poverty, offering a clearer pathway 
for policymakers to design targeted interventions. Ta-
ble 1 shows the key predictive features in each cluster; 
for instance, water heating costs and household in-
come were significant predictors in Cluster 0, while age 
and lighting costs were more important in Cluster 2.

In conclusion, this study underscores the importance 
of tailored, data-driven interventions to effectively 
address fuel poverty. The combination of clustering 
analysis and machine learning provides a powerful tool 
for identifying at-risk households and guiding policy-
makers in designing targeted solutions. The insights 
gained from this research offer a clear path forward for 
combating fuel poverty, ensuring that the most vul-
nerable populations receive the support they need to 
improve their quality of life.

Table 1: Key predictive features in fuel poverty models 

Cluster Predictive Features 
Cluster 0 Water Heating Cost, Floor Area, Income
Cluster 1 Lighting Costs, Household Composition
Cluster 2 Age, Income, Energy Costs
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