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Will Data Science and Artificial intelligence Significantly Impact

Eliminating Energy Poverty?

BY KABIRAT NASIRU

Data science and artificial intelligence are crucial in
tackling energy poverty by enabling precise identification
of energy-vulnerable households, optimizing energy use,
and fostering sustainable practices. This article explores
how Al-driven insights can guide energy poverty allevia-
tion, offering potential socio-economic benefits for both
developed and developing nations.

The focus on ensuring universal access to modern
energy is a global conversation on energy poverty, es-
pecially as international organizations like the IEA, UN,
and World Bank present it. It is also generally agreed
that to lessen the effects of climate change, the global
energy system must be decarbonized (Samarakoon,
2019). Scientists and entrepreneurs are focusing on
carbon markets and renewable fuel solutions, amongst
other things. Beckmann et al. (2020) explained how it
is imperative to discern multiple pathways of associa-
tion, particularly in oil exporting nations, with exchange
rates to oil prices, keeping in mind how ethanol blend-
ing may or may not influence the uniformity of oil
prices. The necessity to develop only supporting mech-
anisms within the net zero energy transition defeats
the fact that energy poverty is a severe challenge in
many countries and that energy poverty is prevalent all
contribute to our growing capacity to anticipate homes
and countries that are energy susceptible.

The Adoption of Data Science Techniques and
Artificial Intelligence for Socio-economic Benefits

Lately, Artificial intelligence has been the talk of
many fields, businesses, and organizations; it makes it
possible to employ different types of machine learn-
ing algorithms for data analysis and other day-to-day
assistance. Al can carry out tasks including data clas-
sification, pattern recognition, and predictions; it is a
valuable tool for many industries and, lately, energy
and sustainability (Chamola et al., 2020; Thamik et al.,
2022). Regardless of the application areas, it will be
highly relevant in solving problems considering the
current trend. According to Allam and Dhunny (2019),
metro areas have begun to employ new technology
more frequently to address problems such as big data
via the Internet of Things.

Recent research has focused on improving energy
poverty schemes by applying artificial intelligence
and machine learning techniques. This will ensure the
prediction of energy-vulnerable homes using various
objectives and publicly accessible data. However, what
do we do when we cannot easily access data? | revel at
the thought of treating instances of energy not just as a
whole but on a need basis.

It is general knowledge that some countries highly
depend on fossil fuels, and some have diverse sources
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based on several socio-eco-
nomic factors. Will our models
be based on standard variables
that affect both, or will there be
some wiggle room? (Roberts et
al. 2015, Spandagos et al. 2023)
Explained that no widely ac-
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knowledged criterion exists for
identifying whether a person
or household is energy-poor.
Energy poverty measurements are divided into prima-
ry, secondary, and relative or absolute categories (et al.,
2022; Spandagos et al., 2023). While secondary mea-
sures use aggregated data from utilities and weighted
scoring of specific indices, primary metrics directly use
consumer-level data. Moreover, relative measures offer
comparison data across several households, nations,
or regions, whereas absolute metrics quantify energy
poverty through rigid thresholds.

There are a few examples of using Al methods, such
as machine learning methods, to precisely guide the
reduction of energy poverty (Lépez-Vargas et al., 2022).
Some research endeavors focus on pinpointing the
most significant energy poverty indicators in one or
more nations. The study on energy poverty predictors
in the Netherlands conducted by Dalla Longa et al.
(2021) is a recent example of work focusing on devel-
oped countries. The study's authors used machine
learning to divide Dutch families into four risk groups
for energy poverty. They found that factors like home
ownership, value, age, income, and household size
were significant predictors.

The machine learning techniques explored by Span-
dagos et al. 2023 offer promising directions for a better
understanding of alleviating energy poverty. They sug-
gest expanding the research to include additional data
that could reveal more profound insights into factors
like household supplier changes, which takes us to our
questions. Keeping in mind that the focus is mostly
on global potential, improvements should be focused
on where the impact varies significantly to achieve a
positive impact.

Since a growing trend of research is being done in
that area, this increasing interest should be embraced
and instead used effectively to solve the problems
at the top level and the root. We want to start think-
ing outside the box and consider other variables and
dependencies, such as the occupation of a farmer with
arenewable energy plant that caters to its running
cost and rural communities. In essence, do poverty
alleviation schemes in both developed and underdevel-
oped countries follow up with practices? What do they
do with the data and the project’s success? Is there a
follow-up with the recipients, and how does that fit
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into the larger perspective? These are the questions we
should be asking.
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