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Abstract

Introduction: Despite advances toward universal electricity access in Brazil, pockets of energy exclusion persist, particu-
larly in rural areas and in the Northern region. Accurately identifying these territories is essential to support more effecti-
ve, evidence-based public policies.

Objective: To propose and evaluate a machine learning model to estimate the percentage of households with access to
electricity in Brazil, using socioeconomic indicators from the Sustainable Cities Development Index (SCDI).

Methodology: The study employed a data science pipeline including preprocessing of SCDI indicators, feature selection,
and hyperparameter tuning. Different supervised learning algorithms were tested, with performance evaluated using error
metrics, especially RMSE and MAPE. XGBoost was selected as the most suitable model after comparative testing.

Results: XGBoost achieved the best predictive performance, with an average RMSE of 3.42 and a MAPE of 1.78%, indica-
ting high accuracy in estimating electricity access. The most relevant variables were income of the poorest population, the
proportion of forested and natural areas, and indicators related to youth education.

Conclusion: The results demonstrate the potential of machine learning as a tool to support territorial diagnostics and

the formulation of public policies aimed at universalizing electricity access. The proposed model helps identify structural
determinants of energy exclusion, providing technical evidence to guide more targeted and efficient interventions.
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Resumen

Introduccion: A pesar de los avances hacia el acceso universal a la electricidad en Brasil, persisten focos de exclusion energética, es-
pecialmente en zonas rurales y en la region norte. Identificar con precision estos territorios es fundamental para respaldar politicas
publicas mas efectivas y basadas en evidencia.

Objetivo: Proponer y evaluar un modelo de aprendizaje automatico para estimar el porcentaje de hogares con acceso a la electrici-
dad en Brasil, utilizando indicadores socioeconémicos del indice de Desarrollo de Ciudades Sostenibles (IDCS).

Metodologia: El estudio empled un proceso de ciencia de datos que incluyé el preprocesamiento de los indicadores del IDCS,

la seleccién de caracteristicas y el ajuste de hiperpardmetros. Se probaron diferentes algoritmos de aprendizaje supervisado, y su
rendimiento se evalué mediante métricas de error, en particular el RMSE y el MAPE. Tras una prueba comparativa, se seleccioné
XGBoost como el modelo méas adecuado.

Resultados: XGBoost obtuvo el mejor rendimiento predictivo, con un RMSE promedio de 3,42 y un MAPE de 1,78 %, lo que indica
una alta precision en la estimacién del acceso a la electricidad. Las variables mas relevantes fueron los ingresos de la poblacion mas
pobre, la proporcion de areas forestales y naturales, y los indicadores relacionados con la educacién juvenil.

Conclusion: Los resultados demuestran el potencial del aprendizaje automatico como herramienta para apoyar el diagnostico terri-
torial y la formulacion de politicas publicas orientadas a la universalizacién del acceso a la electricidad. El modelo propuesto ayuda a
identificar los determinantes estructurales de la exclusion energética, proporcionando evidencia técnica para orientar intervenciones
mas especificas y eficientes.

Palabras clave: Electricidad; Accesibilidad a los servicios de salud; Mejora de los algoritmos de aprendizaje automatico; Modelos teéricos;
Estudios transversales.
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Why was it done?

The study was conducted to address a clear and persistent gap: despite substantial progress toward universal electricity access in Bra-

zil, pockets of energy exclusion remain, particularly in rural and remote areas. In this context, the authors aimed to fill an important gap
in the literature, given the lack of robust predictive models tailored to the Brazilian setting. Accordingly, the study sought to develop a
model capable of estimating electricity access based on socioeconomic indicators, enabling the identification of vulnerable territories and
supporting the design of more effective, evidence-based public policies.

What were the most relevant results?

The findings indicate that the XGBoost model outperformed all other tested algorithms, achieving superior predictive accuracy, with an
average RMSE of 3.42 and a MAPE of 1.78%, alongside strong explanatory capacity. Beyond model performance, the results highlight that
electricity access is closely linked to structural socioeconomic factors, particularly the income of the poorest population, youth educational
attainment, and the extent of forested and natural areas—reflecting challenges associated with geographic isolation. The SHAP analysis
further enhanced these insights by identifying not only the most influential indicators but also the direction and magnitude of their effects
across municipalities.

What do they contribute?

The study makes relevant contributions at multiple levels. Scientifically, it advances the literature by integrating machine learning tech-
niques with sustainable development indicators at a national scale. Methodologically, it offers a robust, reproducible, and interpretable
analytical pipeline that combines predictive performance with model explainability. From a practical standpoint, the proposed model ser-
ves as a territorial intelligence tool, supporting public decision-making by identifying priority areas and enabling more efficient allocation
of resources. Ultimately, the study translates complex data into actionable insights, contributing to the formulation of policies aimed at
achieving universal electricity access in Brazil.

Graphical Abstract
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Introduction

The universalization of electrification in Brazil represents one of the pillars of the country’s social,
environmental, and economic development. Electricity is a fundamental input for the promotion
of basic social rights, such as health, education, and food security, in addition to being a driver of
productivity and social inclusion. In the Brazilian context, where pockets of energy exclusion still
exist—especially in remote areas of the Legal Amazon, as well as in Indigenous and quilombola
communities—ensuring universal access to electricity is essential to overcoming historical and
regional inequalities (1-3).

Empirical studies demonstrate the positive effects of electrification on income, education,
employment, and health. For example, Lipscomb, Mobarak, and Barham (4) showed that, between
1960 and 2000, the expansion of the electricity grid in Brazil had significant effects on per capita
income growth, poverty reduction, and the appreciation of housing assets. These findings reinforce
that electrification goes beyond a basic right; it is an instrument of structural and multifactorial
transformation. Despite the advances observed in recent decades, pockets of energy exclusion still
exist in the country. It is estimated that in 2021 up to 200,000 households did not have regular
access to electricity (5).

In this context, the development of an electrification estimator—that is, a predictive model capable
of estimating, based on socioeconomic and structural variables, the proportion of households with
access to electricity—is important. A robust estimator can help map vulnerable areas, guide public
policies and investments, and provide a tool for continuous monitoring, with potential applications
in indicator dashboards and territorial intelligence platforms.

Although there are studies focused on analyzing access to energy in specific contexts—such as

the works of Khandker, Barnes, and Samad (6) in India; Santillan, Cedano, and Martinez (7) in Latin
America; and Wang et al. (8) in China—predictive models applied specifically to the Brazilian context
remain scarce. National studies, such as that by Freitas and Oliveira (9), predominantly focus on
qualitative analyses or impact evaluations of programs such as Luz para Todos, but do not address
the construction of estimators based on machine learning.

The Sustainable Cities Development Index (SCDI) was created by the Instituto Cidades Sustentdveis,
based on the Sustainable Development Goals (SDGs) of the 2030 Agenda, and provides data
organized into 17 dimensions, including education, health, infrastructure, sanitation, income, and
access to energy (10-11). By encompassing multiple spheres of urban and rural development,
SCDI indicators indirectly capture structural conditions that influence access to electricity, thereby
allowing greater predictive robustness of the model. This justifies the choice of SCDI indicators as
predictor variables of the electrification rate, given their thematic breadth and territorial relevance.

The integration of machine learning models with composite indicators such as the SCDI represents
a novel approach to estimating, monitoring, and understanding the distribution of electrification

in Brazil. This approach contributes to the formulation of more effective public policies and to the
advancement of scientific knowledge on the socioeconomic determinants of the energy transition in
the country.
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This article aims to fill a gap by developing a predictive model for the percentage of households
with access to electricity in Brazilian municipalities, using supervised regression techniques.

The distinguishing feature of this work is the integrated application of a data science pipeline,
encompassing steps from data cleaning and normalization to the selection and tuning of
hyperparameters across multiple regression models. The approach includes the treatment of
missing data and collinear variables, cross-validation, and the ability to explain results through SHAP
(SHapley Additive exPlanations) values, ensuring statistical rigor and model interpretability.

The paper is organized as follows: the Methodology section presents the data used, the
preprocessing steps, and the modeling pipeline. The Results and Discussion section reports on the
performance metrics of the tested models and provides a comparative analysis of the algorithms.
Finally, the Conclusion summarizes the main findings, discusses the limitations, and proposes
directions for future studies.

Methodology

The study used the 100 component indicators of the SCDI for 5,565 Brazilian municipalities with
available values for the target variable, as provided by the Instituto Cidades Sustentaveis (12) under
the name SCDI-BR_2024. One of these indicators was selected as the target variable: the percentage
of households with access to electricity (SDG7_2_ENRG). The remaining 99 indicators were used as
predictor variables.

Six models were analyzed: Ridge Regression (13), Lasso Regression (14), Random Forest (15),
XGBoost (16), Support Vector Regression (SVR) (17), and MLP (18-19).

The study was organized into four stages: (i) treatment of missing data and collinear variables; (ii)
hyperparameter selection criteria for the models; (iii) selection of the best-performing model; and
(iv) analysis of feature importance and SHAP values for the selected model.

All analyses were implemented in Python (version 3.13.0), using the libraries pandas and NumPy
for data manipulation, scikit-learn for preprocessing, model training, hyperparameter tuning, and
validation procedures, XGBoost for gradient boosting modeling, and SHAP for model explainability
analysis. Statistical tests were conducted using SciPy, and data visualizations were generated with
Matplotlib and Seaborn.

The computational workflow included preprocessing, missing data imputation, multicollinearity
diagnostics, cross-validation, and model comparison under a reproducible pipeline.

Treatment of missing data and collinear variables

Missing values were imputed using the Multivariate Imputation by Chained Equations (MICE)
method. This approach iteratively fits regression models for each indicator with missing values,
using the remaining indicators as predictors, until convergence of the imputed values is achieved.
The method was chosen for its ability to preserve multivariate relationships, thereby avoiding biases
introduced by simplistic imputations such as mean or median substitution (20-22).
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To assess the plausibility of the imputations, the Kolmogorov-Smirnov (KS) test was applied,
comparing the distributions of observed and imputed values for each indicator. Indicators whose
KS distance exceeded 0.2 with statistical significance (p < 0.05) were removed, as they indicated
inconsistent imputations (23-25).

The reduction of multicollinearity was carried out in two stages: (a) redundant indicators in pairs with
strong absolute linear correlation (|r| > 0.9) were removed (26), always retaining the one with the
highest correlation with the target variable; (b) Variance Inflation Factor (VIF) analysis was applied,
iteratively removing indicators until all presented VIF < 10 (27). Figure 1 illustrates the reduction
process down to 89.

Figure 1. Indicator reduction process. Source: The authors

Hyperparameter selection criteria for the models

To avoid overfitting while still capturing complex patterns in the indicators, hyperparameters were
selected based on the lowest mean value of the mean squared error (MSE) criterion, using k-fold
cross-validation (k = 10) (28), with a random split of the data into 80% for training and 20% for
testing. The selected hyperparameters are shown in Table 1.

Table 1. Model hyperparameters

Model Hyperparameters
Lasso Alpha = 0.01
Ridge Alpha = 1,000
Random Number of trees = 300, Maximum depth of each tree = 20, Minimum
Forest number of samples required to split an internal node = 5
Number of trees = 100, Maximum depth of each tree = 6, Learning rate =
XGBoost
0.1
SVR C =10, epsilon = 1, kernel = linear
MLP Alpha = 1074, Hidden layer sizes = (50, 50, 50, 50), Initial learning rate =

0.1
Source: The authors.

Selection of the best-performing model

The mean root mean square error (RMSE) values from 100 independent simulations were compared
for each model, following verification of result normality using the Shapiro-Wilk test (29) and
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application of the Kruskal-Wallis statistical test (30) at a 5% significance level. The model with the
lowest mean RMSE was selected as the best-performing model.

Analysis of feature importance and SHAP values for the selected model

The 10 most relevant indicators were identified based on the standardized coefficients of the best-
performing model, allowing the assessment of the most robust determinants of the target variable.
In addition, an explainability analysis was conducted using the SHAP method (31), applied to the
selected model. This method provides both the direction and the magnitude of each indicator’s
contribution, enabling a transparent explanation of the results.

Results and Discussion

The XGBoost model presented the best average values of the performance metrics obtained from
100 simulations, as shown in Table 2.

Table 2. Mean values of the performance metrics obtained from 100 simulations

RZ
Model MSE RMSE MAE R? i MAPE (%)
Adjusted
Ridge 17.08 412 2.29 0.49 0.45 2.63
Lasso 16.83 4.09 2.35 0.50 0.45 2.68
Random
11.83 343 1.54 0.65 0.62 1.82
Forest
XGBoost 11.81 342 1.51 0.66 0.63 1.78
SVR 19.13 4.36 1.94 043 0.38 2.33
MLP 18.55 428 2.46 0.44 0.39 2.77

Source: The authors.

Although the Random Forest model presented performance metrics very close to those of XGBoost,
the latter was selected as the final model because it achieved the best overall predictive results, as
shown in Table 2, particularly in terms of lower mean RMSE (3.42), lower MAPE (1.78%), and higher
adjusted R2 (0.63).

XGBoost (Extreme Gradient Boosting) is an ensemble learning algorithm based on gradient
boosting decision trees. The method builds predictive trees sequentially, where each new tree is
trained to minimize the residual errors produced by the previous trees. Its main advantages include
regularization mechanisms to reduce overfitting, efficient handling of nonlinear relationships,
robustness to multicollinearity, and high computational scalability.

Figure 2 shows the mean RMSE value and the corresponding 95% confidence interval after 100
simulations for each model. XGBoost presented the lowest mean RMSE value (3.42).
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Figure 2. Mean value and 95% confidence interval of the RMSE for each model, obtained
from 100 simulations. Source: The authors

Table 3 presents the RMSE statistics for each model, obtained from 100 simulations. XGBoost
achieved the lowest mean RMSE (3.42 + 0.30), while Random Forest showed the lowest standard
deviation (0.25).

Table 3. Statistical description of RMSE for 100 simulations

Standard . :
Model Mean o Minimum 25% 50% 75% Maximum

deviation
Ridge 412 0.32 3.39 3.91 413 432 4.96
Lasso 4.09 0.29 3.39 3.92 413 4.29 4.69
Random

343 0.25 2.78 3.29 343 3.59 4.00

Forest
XGBoost 342 0.30 2.78 3.19 3.40 3.66 415
SVR 436 0.36 3.40 414 4.35 4.61 5.05
MLP 4.28 0.50 3.31 3.97 4.19 4.46 6.21

Source: The authors.

Table 3 shows that Random Forest presented a lower standard deviation of RMSE (0.25) compared
with XGBoost (0.30), indicating slightly greater stability across the 100 simulations. However, the
difference in standard deviation was small and did not compromise the superiority of XGBoost in
terms of average performance.

Ingenieria y Competitividad, 2026 vol 28(1) e-21315506/ Jan-Aph

7 /16

doi: 10.25100/iyc.v28i1.15506



Prediction of electricity access in Brazilian households using machine learning

Figure 3 shows the variability of the RMSE after 100 simulations for each model. Random Forest
and XGBoost exhibited similar RMSE values and were significantly different from the other models,
according to the Kruskal-Wallis test.

Figure 3. Variability of RMSE obtained from 100 simulations. Source: The authors.

The 10 most important indicators are shown in Table 4 and are mainly related to education and
inequalities, as indicated by their respective SDGs (32).
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Table 4. Description of the most important indicators

Code SDG Indicator

10 — Reduced Municipal income appropriated by the
SDG10_1_PREN20 .

Inequalities poorest 20% (%)

SDG15_2_FLOR

SDG4_17_JV_EM
SDG10_2_GINI

SDG7_3_VNLENER

SDG6_6_SERV_AG

SDG4_3_TDI_EF_RP

SDG10_6_RND_NGR

SDG16_3_M_ARM_FG

SDG4_27_R_M_D_EF

15 - Life on Land

4 - Quality Education

10 — Reduced

Inequalities
7 — Affordable and

Clean Energy
6 — Clean Water and
Sanitation

4 - Quality Education

10 — Reduced
Inequalities

16 — Peace, Justice, and
Strong Institutions

4 - Quality Education

Hectares of forested and natural areas

per capita
Youth who completed upper secondary

education by age 19 (%)
Gini coefficient (IN)

Energy vulnerability

Total population served by water
supply (%)

Age—grade distortion rate in primary
education — public system

Ratio of average real income between
PP and BA

Firearm-related deaths (per 100,000
inhabitants)

Ratio between the number of
enrollments and teachers in primary
education

Source: The authors.

The values of the relative importances for the 10 main indicators are shown in Figure 4. Indicators
related to the income of the poorest population (SDG10_1_PRENZ20), forested and natural areas
(SDG15_2_FLOR), and youth education (SDG4_17_JV_EM) stand out.

Figure 4. Top 10 Indicator Importances (XGBoost). Source: The authors.
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Table 5 shows the 10 indicators with the highest SHAP values, highlighting those related to
education and inequalities. Among the main indicators is the one related to energy vulnerability
(SDG7_3_VNLENER), which is directly associated with access to energy.

Table 5. Description of the indicators with the highest SHAP values.

Code SDG Indicator

. Hectares of forested and natural areas
SDG15_2_FLOR 15 — Life on Land

per capita
10 — Reduced Municipal income appropriated by the
SDG10_1_PREN20 .
Inequalities poorest 20% (%)

i _ Youth who completed upper secondary

SDG4 17 JV_EM 4 — Quality Education .
education by age 19 (%)

Population with income up to 1/4 of the

SDG1_4 R_1_4.SM 1-No Poverty

minimum wage (%)
Illiteracy rate among the population aged

SDG4_5_T_AN_15A 4 — Quality Education
15 years or older (%)

7 — Affordable and .
SDG7_3_VNLENER Energy vulnerability
Clean Energy

) ) Age—grade distortion rate in primary
SDG4_3_TDI_EF_RP 4 — Quality Education

education — public system

Percentage of PPI (Black, Brown, and
SDG10_PVCM_ 10 — Reduced

. Indigenous) city councilors in Municipal
NNN Inequalities

Councils (%)

SDG13_3 FCCLR 13 - Climate Action Concentration of wildfire hotspots

8 — Decent Work and  Employed population aged 10 to 17
SDG8_2_OCP_INF .
Economic Growth years (%)

Source: The authors.

The SHAP values (Figure 5) complemented the findings by indicating both the magnitude and the
direction of the impact of each indicator. It is observed that larger forested and natural areas per
capita (SDG15_2_FLOR) are negatively associated with the target variable (SDG7_2_ENRG), while
municipal income appropriated by the poorest 20% (SDG10_1_PRENZ20) is positively associated with
the target variable. This demonstrates that energy deprivation is concentrated in remote regions
and among poorer populations, corroborating the findings of Galindo (1), Leduchowicz-Municio et
al. (2), Pereira et al. (3), and Lipscomb, Mobarak, and Barham (4).
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Figure 5. Top 10 SHAP values (XGBoost). Source: The authors.

Although Figure 5 indicates a negative association between the indicator of forested and natural
areas per capita (SDG15_2_FLOR) and the target variable, it should be emphasized that SHAP
values capture conditional statistical relationships (given the set of covariates in the model) and do
not identify causality. Thus, the negative sign means that, holding the other indicators constant,
higher values of forested and natural areas per capita are associated with lower values of the target
variable; this does not imply that reductions in forested and natural areas lead to an increase in the
percentage of households with access to electricity, or vice versa.

The indicators presented in the importance plot (Figure 4) and those shown in the SHAP plot (Figure
5) do not fully coincide because each technique addresses different questions. The importance

plot was constructed from the average values of the coefficients of the selected regression model,
reflecting the global contribution of each indicator according to traditional linear metrics. In
contrast, SHAP values consider the marginal impact of each indicator on the model’s predictions for
each municipality, indicating both the magnitude and the direction of the effects.

Thus, the sets of indicators may differ because importance measures prioritize stability, whereas
SHAP values exclusively reflect the internal logic of the best-performing model selected (in this
case, XGBoost). This difference should be interpreted in a complementary manner: the importance
ranking indicates which indicators are consistently relevant, while SHAP shows how these indicators
influence the target variable—positively or negatively—at the individual (municipal) level.

To enhance the territorial interpretability of the predictive model, Figure 6 presents the geographic
distribution of predicted electricity access across Brazilian municipalities. This spatial representation
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allows the identification of clusters of vulnerability, particularly in remote regions and areas with
higher socioeconomic deprivation.

Figure 6. Spatial distribution of predicted electricity access across Brazilian municipalities.
Source: The authors.

Conclusion

This study developed a predictive model to estimate the percentage of households with access
to electricity in Brazilian municipalities, based on socioeconomic variables extracted from the
Sustainable Cities Development Index (SCDI). Through a robust data science pipeline, the work
involved multivariate data imputation, reduction of predictor multicollinearity, selection of
regression models, hyperparameter tuning, and explainability analysis using SHAP.

Among the six evaluated models—Ridge, Lasso, Random Forest, XGBoost, SVR, and MLP—

XGBoost achieved the best average performance in terms of RMSE (3.42), adjusted R? (0.63), and
MAPE (1.78%), demonstrating effectiveness in estimating the target variable. Statistical analysis
confirmed significant differences among the tested models. Although Random Forest showed similar
performance, the superior average predictive results of XGBoost favored its selection.

The analysis of predictor importance revealed that the most relevant indicators were income of

the poorest population, forested and natural areas, and youth education. The 10 most important
indicators are related to inequality and education, showing consistency with the literature on energy
exclusion and structural inequalities. The SHAP analysis corroborates these findings, providing both
local and global model explainability, which is particularly useful for the formulation of targeted
public policies.
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The main contribution of this study is the proposal of a replicable and scalable tool for territorial
diagnosis of access to electricity, based on machine learning and public secondary data. By
employing SCDI indicators, the model allows the prediction of municipal electrification levels and
the understanding of structural factors associated with this phenomenon. This approach represents
an advance over previous, more qualitative, or localized studies.

As a limitation, the use of municipality-level aggregated data may mask intra-urban inequalities, in
addition to the lack of validation with empirical field data. The study also relied on cross-sectional
data, which may limit the model’s ability for long-term forecasting.

Future studies may integrate geospatial data, time series, or energy consumption sensor data to
increase the accuracy and granularity of the estimates. Longitudinal data may enhance the model’s
predictive capacity over the long term.

It is therefore concluded that the predictive modeling proposed in this work constitutes a relevant
and innovative contribution to the field of electricity access analysis in Brazil, with potential
applications in monitoring, prioritizing public policies, and studies on multidimensional energy
poverty.
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