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ABSTRACT 
The COVID-19 pandemic has negatively affected 

people living in vulnerable conditions around the 
world—especially rural communities with lack of access 
to basic services. Rural electrification can play a 
fundamental role in pandemic recovery by facilitating 
the provision of basic services and improving quality of 
life for poor rural communities. This study aims analyze 
this potential through understanding the correlation of 
multidimensional variables with electricity consumption. 
The dominant approach to rural electrification has been 
a for-profit model, which has hindered electricity access 
for the most vulnerable populations of the global South. 
Using multiple linear regression tools, this study confirms 
that a renewable energy generation model that 
considers social, economic and environmental factors, in 
addition to technical factors, is pivotal to increasing 
electricity consumption, and consequently facilitate 
greater energy access in developing countries.  

Keywords: energy access, electricity consumption 
growth, Global South, renewable energy, multivariable 
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NONMENCLATURE 

Abbreviations  

GDP Gross Domestic Product 
HDI Human Development Index 

LASSO Least Absolute Shrinkage and 
Selection Operator 

OLS Ordinary Least Squares 
SDG Sustainable Development Goals 
UN United Nations 
VIF Variance Inflation Factor 

1. INTRODUCTION 
In 2021, 10% of the world’s population still suffers 

from lack of access to electricity [1]. The COVID-19 
pandemic has exacerbated energy poverty around the 
world by eliminating some development achievements 
accomplished in the last decade and creating new 
barriers to accessing electricity [2]. Lack of or poor 
electricity access disproportionately affects rural 
communities. Resolving this inequality is one of the 
Sustainable Development Goals (SDG) established by the 
United Nations (UN). One challenge faced in rural 
electrification planning is determining the electricity 
consumption growth in communities. In rural contexts, it 
is common to find electrification projects with over-
consumption, meaning communities end up using more 
electricity that the project had been designed for [3]. This 
situation jeopardizes the electrical systems operation, 
and results in beneficiaries being dissatisfied with the 
project. In addition, energy utilities, which oversee rural 
electrification programs, base their decisions on 
standards or criteria that prioritize cheap projects and 
for-profit models [4]. To avoid these problems, rural 
electrification developers need to recognize that energy 
access is a multidimensional challenge and design 
projects with more diverse inputs in addition to the 
technical data. By including social, economic, 
demographic, and environmental data, rural 
electrification developments can achieve a more 
extended lifespan. 

Energy access researchers have taken a variety of 
approaches to understanding the energy poverty 
problem. Researchers have used three levels of 
assessment: macro, meso and micro level, and using 
methodologies such as multi-criteria decision-making 
tools, regression analysis, life cycle analysis, multiple 
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linear regression, uncertainty and sensitivity analysis [5]. 
Most of the literature in energy poverty, energy access 
or rural electrification applies a micro level analysis. A 
micro level assessment examines indicators such as: 
housing characteristics, energy efficiency of technologies 
used, socio-economic and demographic household 
characteristics, health indicators, or household income. 
Authors like [6], [7] and [8] examine energy poverty 
under a micro level assessment using multiple linear 
regressions. Their analysis includes comparisons 
between the efficiency performance of small-scale 
renewable energy technologies, solar photovoltaic, and 
socio-economic indicators in education, health and 
income. In contrast, energy poverty research using 
macro level assessment is not that common. Macro level 
assessment zooms out to view the entire problem and 
identifies the most significant challenges in combating 
energy poverty. Macro level assessments evaluate 
indicators such as greenhouse gas emissions, 
environmental energy policy actions, energy prices, 
energy consumption, energy balances, and social policy 
actions. This study uses a macro level assessment and a 
multiple linear regression methodology.  

To have a broader understanding of the energy 
poverty problem, the objective of this study is to analyze 
four socio-economic indicators, one environmental and 
one technical indicator to examine their behavior and 
correlation in terms of electricity consumption using a 
multivariable data analysis. This study works with three 
rural regions of Latin America: Alta Verapaz in 
Guatemala, Jinotega in Nicaragua, and Huánuco in Peru. 
These regions share two common characteristics for 
developing rural electrification projects. First, they have 
a low electrification access rate [9-11]. Second, they are 
in the mountains, having direct access to sources of 
water; in the energy context, this means that small-hydro 
power projects could be potentially developed. This 
study focuses on small-hydro technology because among 
the small-scale power sources, it is a substantially cost-
effective technology in the long term in comparison to 
other conventional technologies [12]. 

From a technical approach, the study analyses the 
electricity consumption rates per capita (kWh/year) of 
the countries of interest and renewable energy 
generation (%). The demographic and socio-economic 
data examine: i) population growth (%); ii) GDP per 
capita (US dollars); iii) rural population (%); iv) school 
enrollment, tertiary level (%) and the environmental data 

examines v) carbon dioxide emissions per capita (metric 
tons per capita) [13].  

Data for these specific three regions in Latin 
America is being collected and to date is not yet 
available. Therefore, this study leverages data from the 
macro-level, examining national indicators instead of 
specific regional indicators, to have a baseline for 
understanding the relationship between these indicators 
and electricity consumption growth. The countries are 
chosen based on their similar Human Development 
Indices (HDI) to the rural regions in Guatemala, 
Nicaragua and Peru. This index consists of three major 
dimensions, long and healthy life, knowledge, and a 
decent standard of living [14].  

2. METHODS 
This study examines technical, environmental and 

socio-economic data using a multivariable linear 
regression. The aim is to run a multivariable linear 
regression and identify (1) whether variables are 
correlated, and (2) the statistical significance of the 
correlation of such variables to the dependent variable, 
electricity consumption growth. The basic form of the 
proposed model used in the regression is: 
𝐸𝐶 = 	𝛽! +	𝛽"𝑃𝐺 +	𝛽#𝐺𝐷𝑃 +	𝛽$𝑅𝑃 +	𝛽%𝑆𝐸 +	𝛽&𝐶𝑂2 +	𝛽'𝑅𝐸 (1) 

In equation 1, the dependent variable EC (electricity 
consumption per capita) is the value in kWh per capita of 
electricity consumption per year in each country. The 
electricity consumption per capita was obtained dividing 
the total electricity consumption (billion kWh) by the total 
population of each country. The independent variables 
are: i) PG (population growth %), ideally, the greater the 
population the higher the energy consumption will be, 
providing a positive relationship with EC; ii) GDP (gross 
domestic product per capita) represents, in theory, the 
income per person per year. This varies between 
countries depending on their economic inequality. In this 
study, it is expected that the greater the income the 
higher the quality of life and EC; iii) RP (rural population) 
is the percentage of the country population living in 
remote areas with more limited basic services relative to 
urban areas. Because rural populations tend to be 
socioeconomically marginal and have lower incomes, this 
study expects that countries with higher rural populations 
will have lower energy consumption rates; iv) SE (school 
enrollment, tertiary) is the percentage of the population 
that has satisfactorily concluded high school and is 

ISSN 2004-2965 Energy Proceedings, Vol. 20, 2021



 3 Copyright © 2021 ICAE 

enrolled in a university level. The expectation is that the 
greater the SE the higher EC will be [15]. Ideally, a society 
with more access to education has opportunities to 
achieve higher salaries and therefore consume more 
electricity. In the environmental context, this study 
analyzes v) CO2 (carbon emissions per capita). Due to the 
diversity of sources for electricity generation and energy 
use in the Global South is not clear if higher the CO2 
emissions per capita will correlate to higher EC. In the 
technical context, this study assesses vi) RE (% of 
renewable energy consumption). This study examines RE 
because in 2021 renewable energy is an important vehicle 
to reduce the emissions of CO2 into the atmosphere and 
combat climate change. The UN, through the 
Intergovernmental Panel on Climate Change, urges 
governments to invest in clean energy sources instead of 
fossil fuels [16, 17]. At this stage of the study, it is not clear 
if higher the RE investment will correlate to higher EC.  

The selection of these variables was influenced by 
availability of data for the most recent years. The World 
Bank, the U.S. Energy Information Administration and the 
International Energy Agency possess all the data for these 
variables for the year 2018 [18-25]. To organize the data, 
several countries that have similar HDI to remote areas in 
Guatemala, Nicaragua, and Peru were examined. In the 
case of the studied regions in Guatemala, Nicaragua, and 
Peru, their HDI fit in the Medium Human Development 
and Low Human Development groups [9-11]. The HDI 
range varies between 0.7 and 0.39, encompassing 75 
countries, mostly from Africa, Latin America, and South 
Asia.  

3. THEORY 
Having several variables with different units required 

the standardization of values. Equation 2 depicts the 
typical standardizing equation [26]: 

𝑍 = 	 !"	µ
s

    (2) 

Where Z is the normalized score, x the observed 
value, µ the mean of the sample, and s the standard 
deviation. With standardized data an ordinary least 
squares (OLS) regression is used to determine which 
values are more correlated to electricity consumption per 
capita. A prediction model is used to calculate the root 
mean squared error (RMSE). To corroborate the 
correlation of covariances, the study calculates a variance 
inflation factor (VIF) to quantify the multicollinearity in 
the OLS and identify inflation of the standard error [27]. 

To decrease complexity and prevent over-fitting 
from OLS, this study implements Ridge and LASSO 
regression to penalize the function [28]. After calculating 
OLS, Ridge and LASSO fitted regression coefficients, the 
study compares coefficient values of the independent 
variables. Energy access literature using multiple linear 
regression mostly implement OLS analyses. Approaches 
to reduce multicollinearity like Ridge and LASSO are not 
very common. This study explores LASSO and Ridge 
approaches to show a different perspective of 
multivariable analysis in energy access literature.    

4. RESULTS 
The OLS results show that r squared has a value of 

0.7716, meaning that approximately 77% of EC can be 
explained by our model. Table 1 depicts the behavior of 
independent variables in terms of EC.  

Table 1. Coefficients OLS Regression 

 Estimate  Standard Error t value Pr (>|t|) 

RE 0.15665 0.08514 1.840 0.07870* 

PG 0.07512 0.09474 0.793 0.43598 

GDP 0.45799 0.24309 1.884 0.07226* 

RP 0.19350 0.13782 1.404 0.17366 

SE 0.15577 0.11106 1.403 0.17412 

CO2 0.36206 0.10067 3.597 0.00152** 

According to the OLS regression, the only three 
predictors significant at the 10% level are RE, GDP and CO2. 
CO2 is the only predictor significant at the 1% level. This 
result is compared in the next regressions with LASSO and 
Ridge. Table 1 also displays that EC increases when also PG, 
GDP, RP, SE and CO2 are higher. The root mean square 
error (RMSE) is calculated to understand how spread the 
data is around the line of best fit. The RMSE in this study is 
0.3383, as Figure 1 shows the data for the most part is 
concentrated. An explanation for obtaining this RMSE 
could be the number of independent variables. This spread 
of data would impact the outcome of the analysis since it 
would be more predictable to make a theoretical 
confirmation.  

The analysis of the variance inflation factor (VIF) for 
each covariate identified that the largest VIF is GDP with a 
value of 6.2719. Having small VIFs indicate that the values 
have low correlation among independent variables and 
confirms that redundant information does not exist among 
them.  
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Figure 1. Predicted Power Consumption vs. 
Observed Power Consumption 

To reduce collinearity in the linear model analysis and 
allocated weights more precisely, LASSO and Ridge 
regressions are also used in this analysis. LASSO and Ridge 
compares the mean cross-validated error values in terms 
of lambda values. Table 2 presents a fitted regression 
coefficient for the OLS, LASSO and Ridge regression models 
using the studied covariates.  

Table 2. OLS, LASSO and Ridge Regressions and Covariates Fitted 
Regression Coefficients 

 
 
 
 
 
 
 

 
In Table 2, contrary to OLS regression, LASSO 

allocates more weight to RE and reduces to zero the 
values considered with more collinearity or the covariates 
with higher VIF values. In Ridge, the coefficient value of 
RE is also larger than the rest of covariates, this means 
Ridge assigns more weight to RE relative to the other 
independent variables. Instead of assigning zero values to 
covariates with less weight, in Ridge regression smaller 
values are assigned to the other covariates. These results 
confirm that Ridge is in some sense in agreement with 
LASSO regression coefficients.  

Even though the study has a small number of 
covariates, the multivariable statistics approach 
emphasizes that renewable energy covariate possesses 
more weight than other covariates. According to this 
result the more renewable energy generation a country 

has, the more electricity consumption per capita exists 
(Figure 2). This statement poses the question of whether 
(i) a country with a high percentage of renewable energy 
generation tends to consume more electricity because 
their environmental impact is less than a fossil fuel-based 
model, (ii) since the country has a high electricity 
consumption, they need to invest more in renewable 
energy generation to fulfill the electricity demand 
requirements, or (iii) countries that are in rapid growth of 
EC have more RE because they were developing in an era 
that RE was more affordable, or of higher climate 
awareness.   

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2. Renewable Energy Output vs. Electricity Consumption 

This data demonstrates that energy policy makers at 
the national and international level need to consider that 
solving the problem of energy access requires a holistic 
examination of multiple factors (e.g., social, economic, 
environmental, technical).  

5. DISCUSSION 
The multivariable statistical approach to energy 

access confirms how a penalized regression, such as 
LASSO and Ridge, assigns more weight to the renewable 
energy generation covariate in terms of electricity 
consumption per capita in countries with medium and low 
HDI. Contrary to OLS, LASSO and Ridge regressions 
reduced to zero the coefficients attempting to avoid 
values with high collinearity.  

According to this model, renewable energy has the 
potential to contribute to the increase of electricity 
consumption in the countries of the Global South, and 
thus increase energy access rates. Responsible renewable 
energy initiatives can be instrumental to promote new job 
opportunities, combat climate change, and increase 

 OLS LASSO Ridge 

RE 0.157 0.892 0.885 

PG 0.075 0.000 -0.031 
GDP 0.458 0.000 -0.039 

RP 0.194 0.000 0.021 
SE 0.156 0.000 -0.003 
CO2 0.362 0.000 -0.004 
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energy access rates [29]. The increase of energy access 
rates helps to reduce gender inequality, dynamize rural 
local economies, and achieve better education and health 
systems [30]. As this study shows, investing in renewable 
energy projects could help in reducing energy poverty 
rates in the countries of the Global South.   

Having a robust renewable energy mix that 
harnesses local sources is beneficial for the countries of 
the Global South, since this energy mix could help these 
countries to achieve a certain degree of energy 
autonomy. Moreover, having energy autonomy would 
enable countries to invest more in electrical infrastructure 
thus achieving a higher energy access rate. By 
transitioning to renewable energy, the countries of the 
Global South that rely on fossil fuels to generate 
electricity could reduce their dependency on 
international oil markets. Conventional renewable energy 
technologies are more affordable than a decade ago. 
Despite this economic opportunity, the countries of the 
Global South have difficulties making an energy transition 
towards these clean technologies. 

For the extended version of this study, it is 
recommended to examine more socio-economic and 
environmental variables. A dataset with more covariates 
would strengthen the LASSO and Ridge covariate weights.  

6. CONCLUSSION 
From an energy perspective, this study is relevant 

because it demonstrates the correlation between 
electricity consumption and renewable energy output in 
a Global South scenario. The model shows that the higher 
the presence of renewable energy generation, the higher 
the electricity consumption.  

Achieving greater energy access rates in rural 
communities of the Global South requires a multi-
dimensional approach. Using an OLS helps to examine 
different variables, and determine which values are more 
correlated to electricity consumption per capita. To 
reduce complexity and prevent over-fitting from OLS, this 
study employed LASSO and Ridge regressions obtaining 
that RE has more weight than the other independent 
variables.  

The use of multi-dimensional variables such as 
socioeconomic, environmental, technical, enriched the 
scope of the analysis. A macro level assessment of 
socioeconomics, environmental and energy variables 
helped to understand the behavior of electricity 
consumption within a more comprehensive context. This 

study could be a tool for energy planners in grasping the 
importance of renewable energy installations in the 
countries of the Global South.  

The installation of more renewable energy projects 
around the world, especially with a rural electrification 
emphasis, is important because such projects improve the 
quality of life for the world’s most vulnerable people. 
Renewable energy is pivotal to reduce the effects of 
global warming and to combat climate change. The 
promotion of renewable energy with an energy justice 
emphasis is vital for a post-pandemic recovery.   
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