
Determinants of renewable energy consumption in Madagascar:
Evidence from feature selection algorithms

Franck M. Ramaharo ∗and Fitiavana M. Randriamifidy

Département de Mathématiques et Informatique
Université d’Antananarivo

Antananarivo 101, Madagascar

October 27, 2023

Abstract

The aim of this note is to identify the factors influencing renewable energy consumption in
Madagascar. We tested 12 features covering macroeconomic, financial, social, and environmen-
tal aspects, including economic growth, domestic investment, foreign direct investment, financial
development, industrial development, inflation, income distribution, trade openness, exchange
rate, tourism development, environmental quality, and urbanization. To assess their significance,
we assumed a linear relationship between renewable energy consumption and these features over
the 1990–2021 period. Next, we applied different machine learning feature selection algorithms
classified as filter-based (relative importance for linear regression, correlation method), embed-
ded (LASSO), and wrapper-based (best subset regression, stepwise regression, recursive feature
elimination, iterative predictor weighting partial least squares, Boruta, simulated annealing, and
genetic algorithms) methods. Our analysis revealed that the five most influential drivers stem
from macroeconomic aspects. We found that domestic investment, foreign direct investment,
and inflation positively contribute to the adoption of renewable energy sources. On the other
hand, industrial development and trade openness negatively affect renewable energy consump-
tion in Madagascar.
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1 Introduction

The Malagasy government has adopted Madagascar’s New Energy Policy (NEP) for 2015–2030,
and aims to increase the household access rate to modern and affordable electricity from 15% to
70% by 2030 while increasing the share of renewable energies to 85% in the energy mix [57]. This
energy policy recognizes that rural electrification plays a crucial role in achieving the first target,
either by extending the power grid, building mini-grids, or providing individual off-grid solutions
[2, 42, 58, 59, 85]. The second target of the NEP takes into account the high potential for renewable
energy sources on the island (hydro, solar, wind, and biomass) and aims to fully harness these
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resources to supply clean and sustainable energy. Various projection scenarios and investment
plans have been proposed to assess the feasibility of such a project [23, 58, 61, 71, 72, 80, 81].

This note represents a modest but meaningful step toward identifying the primary factors influ-
encing the demand for renewable energy in Madagascar. These factors encompass macroeconomic,
financial, social, and environmental aspects as addressed by the NEP. For this purpose, we initially
identified 12 key drivers of renewable energy use that are commonly found in both theoretical and
empirical analyses [4, 5, 6, 10, 12, 27, 30, 33, 39, 40, 53, 63, 64, 83, 87], which include economic
growth (EG), domestic investment (DINV ), foreign direct investment (FDI ), financial develop-
ment (FDEV ), industrial development (IND), inflation (INFL), income distribution (INC ), trade
openness (TR), exchange rate (EXR), tourism development (TOUR), environmental quality (CO2)
and urbanization (URB). An empirical model for investigating how these factors affect renewable
energy demand in Madagascar can be defined as follows:

REC = f(CO2,DINV ,EG ,EXR,FDEV ,FDI , INC , IND , INFL,TOUR,TR,URB), (1)

where REC represents renewable energy consumption. Our strategy begins by assuming that the
model (1) follows a linear form. Next, we implement different popular machine learning algorithms,
namely feature selection algorithms, to determine which of these factors exert the greatest impact
on renewable energy consumption in Madagascar. The outcome of this process will yield insights
into which specific factors the government should prioritize to effectively stimulate the demand for
renewable energy.

2 Energy transition challenges and opportunities in Madagascar:
a focus on macroeconomic, financial, social, and environmental
factors

2.1 Macroeconomic factors

In general, developing countries have a strong dependence on imported fossil fuels, so their energy
supply is vulnerable to fluctuations in global oil and gas prices. When fossil fuel prices rise, it can
lead to energy supply disruptions and increased costs for consumers [88]. In Madagascar, inflation is
mainly driven by energy and food prices [1], which contribute 53% and 20% (in fact, the two largest
shares), respectively, to the consumer price index [21, 37, 38]. In response, households and small
and medium-sized enterprises (SMEs) seek more stable and cost-effective alternatives, including
renewable energy. The exchange rate also plays a crucial role because it can increase the cost of
importing renewable energy equipment and technology, making them more expensive for consumers
and businesses. However, exchange rate depreciation can also increase economic activity, which in
turn can lead to higher energy consumption and renewable energy penetration [27, 84].

The dependency of Madagascar’s economy on imported fossil fuels can be observed through its
industrial development and foreign trade structure. According to the estimation of the National
Institute of Statistics of Madagascar (INSTAT), the share of the industrial sector in Madagascar’s
gross domestic product in 2021 was 14.7%. Industry value added has recorded an annual average
percent growth rate of 3.7% from 2007 to 2021 and is largely dominated by mining and textiles [36]
(it should be noted that the mining and textile industries are responsible for around 69% of the
total volume of exports of goods [22]). During the same period, the industrial sector accounted for
approximately 65.3% of the total medium voltage electricity consumption [41, 79]. JIRAMA (Jiro
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sy Rano Malagasy), Madagascar’s national electric utility and water services provider, generates
electricity through thermal power plants fueled by diesel and heavy fuel oil, representing 20% of
the country’s total oil consumption.[67, 68]. The Ambatovy Project and QMM (QIT Madagascar
Minerals), which represent not only the two major industrial mining operations in Madagascar but
also the largest source of foreign direct investment for the country [51], contributed approximately
9.5% of the total oil consumption. About 22.1% of the total volume of imported goods is dedicated
to meeting these energy demands [22]. These observations suggest that Madagascar’s economic
development relies heavily on fossil energy. However, investments in cleaner energy alternatives
are also emerging, especially in the textile sector [14, 24]. The transition to renewable energy
sources clearly shows the commitment of the industrial sector to promote economic growth in
Madagascar, while addressing key issues related to access to energy and environmental protection.
These investments may originate from both domestic and foreign sources.

Domestic investment is manifested in the financing of key infrastructure projects such as hy-
droelectric dams, solar power plants, and wind turbines, thus increasing the country’s capacity
for renewable energy production. In addition, it facilitates research and development activities
that should lead to technological innovations that enhance the efficiency and cost-effectiveness of
renewable energy sources. [60]. Madagascar actively promotes private investment in clean and sus-
tainable energy, offering generous tax incentives such as exemptions from VAT and import duties for
solar panels, wind turbines, and batteries [73]. Moreover, Madagascar’s government recognizes that
public-private partnerships are crucial for advancing rural electrification projects and creating a
favorable legal framework for decentralized renewable energy. For example, “Volobe” and “Sahofika”
are two of the most important hydropower projects, which have a capacity of 120 MW and 192 MW
of renewable electricity, respectively [19, 20].

Initiating a shift toward renewable energy is a complex endeavor, and developing countries often
rely on foreign direct investments (FDIs) to kick-start their renewable energy sectors [15, 18, 70].
In fact, FDI can bring capital and technology transfer, and in the case of renewable energy, it
can introduce advanced technologies and expertise, making it easier to exploit renewable resources
efficiently. For example, Rio Tinto, the world’s leading mining and materials company, which owns
80% of QMM, has taken significant steps to reduce its carbon footprint in Madagascar by investing in
renewable energy sources. As part of a commitment of USD 7.5 billion to reduce carbon emissions
by 2023, the mining giant has launched the construction of solar and wind power plants on the
island. The solar power plant, together with an energy storage system equipped with lithium-ion
batteries, will enable Rio Tinto to cover up to 60% of its annual electricity consumption [91].

2.2 Financial factors

Financial development can positively impact renewable energy consumption through increased in-
vestment, risk mitigation, technology support, wider access to renewable solutions, and alignment
with government policies. National financial institutions with insurance and state guarantees should
participate in financing renewable energy, fostering a conducive environment for cleaner energy adop-
tion, and addressing energy access challenges. Two notable examples of financial initiatives in this
domain are the Off-Grid Market Development Fund (OMDF) and the Sustainable Use of Natural
Resources and Energy Finance (SUNREF). These programs focus on providing financial solutions
and support to promote sustainable and environmentally friendly projects, with a particular empha-
sis on renewable energy, energy efficiency, and environmental initiatives [74]. OMDF is dedicated
to expanding access to electricity through off-grid solar energy solutions. Supported by Madagas-
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car’s government and in partnership with the World Bank, this program is managed by Bamboo
Capital Partners. It offers a results-based financing grant program that serves as an incentive for
solar companies to expand their operations and achieve specific distribution targets. Furthermore,
OMDF extends credit solutions to assist distributors and financial institutions engaged in the off-
grid solar sector, facilitating working capital management and inventory control. The primary goal
of OMDF is to increase electricity access, particularly in underserved areas, by delivering solar
products such as solar lamps and solar home systems to households and small businesses, to reach
at least 300,000 households and SMEs by 2024 [66]. SUNREF is a financial and technical assistance
program initiated and funded by the French Development Agency (AFD). The primary mission of
this program is to promote green financing, reduce carbon emissions, and encourage sustainable
practices, ultimately contributing to economic and environmental sustainability in the countries
where it operates [89]. SUNREF provides partner banks with a favorable line of credit to finance
environmentally friendly investments, aids businesses and banks in identifying and implementing
sustainable projects, and is committed to improving energy security, enhancing business access to
bank financing, and reducing obstacles to the implementation of renewable energy, energy efficiency,
and environmental performance initiatives. SUNREF Madagascar plays a pivotal role in advancing
sustainable practices and projects while contributing to economic growth [52].

2.3 Social and environmental factors

Income distribution plays a crucial role in adopting energy-related technologies and practices. Low-
income households and rural people who do not have access to electricity rely on firewood, charcoal,
oil, and batteries for their energy needs. In Madagascar, firewood and charcoal are the main sources
of cooking energy. Access to electricity through decentralized electrification is limited to just 6.5%
of the rural population [49]. For households lacking electricity access, kerosene lamps and candles
are commonly used for lighting. The majority of these households allocate a substantial portion
of their budgets to purchasing kerosene. Moreover, the existing technological solutions offered in
the market are typically beyond the financial reach of a significant portion of the population. As a
result, low-income consumers are unlikely to transition to a solution that lacks financial viability [65].
This situation often leads households to choose cost-effective rather than energy-efficient options,
potentially driving up the demand for forest resources. Therefore, a significant portion of greenhouse
gas emissions in Madagascar are due to anthropogenic activities, which include deforestation, slash-
and-burn agriculture, charcoal production, and land use change [17, 56]. Conversely, consumers
with higher incomes are more inclined to transition to cleaner energy sources and technologies.
This propensity is often driven by their greater financial capacity to invest in renewable energy
systems and energy-efficient appliances. Additionally, higher-income consumers are often more
environmentally conscious and willing to pay a premium for clean energy options [85].

In addition to income distribution, spatial distribution also determines energy use. Urbaniza-
tion in Madagascar has led to a significant increase in electricity demand; however, as of 2021,
the country still faces a severe electricity access problem, with only 72.6% of the urban population
having access to this essential service [92]. Load shedding, characterized by prolonged power cuts,
has become a common occurrence, affecting both households and businesses, particularly in large
cities. To address this issue, authorities are turning to renewable energy solutions [19, 20]. Further-
more, rapid urbanization in developing countries leads to elevated CO2 emissions in urban areas
[3, 25]. In the case of Madagascar, this circumstance is caused by transportation demands that
drive up the consumption of fossil fuels. Indeed, according to the Malagasy Office of Hydrocarbons,
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transportation-related fuel consumption constituted an average of 50.1% of total oil consumption in
the 2017-2021 period [38, 68, 79]. This situation highlights the urgency of implementing sustainable
transportation solutions and transitioning to cleaner energy sources .

In the field of ecotourism and sustainability, the use of renewable energy sources is also crucial
[10, 12]. The tourism sector in developing countries is heavily dependent on fossil fuels and has
harmful environmental consequences. As a result, energy use needs to be integrated into the debate
on sustainable tourism development [29]. This form of responsible travel promotes conservation
efforts, strengthens the economy and provides Malagasy with job opportunities. Renewable energy,
in particular solar and wind energy, plays a key role in reducing the environmental impact of tourism
activities, reducing the environmental impact of tourism on fragile ecosystems and protecting the
natural environment of the country. In addition, the use of renewable energies contributes to the
economic well-being of local communities and provides them with sustainable and environmentally
friendly energy sources [13]. As a result, a number of hotels in Madagascar are encouraged to imple-
ment sustainable practices, such as the exclusive use of renewable energy sources, which contributes
to the growing trend towards eco-tourism [35, 86].

3 Data and empirical methodology

We set an indicator for each factor defined in (1), see Table 1. Our data range from 1990 to 2021
and are mainly obtained from the National Institute of Statistics (INSTAT), the Central Bank of
Madagascar (BFM), the World Development Indicators (WDI), and Our World In Data (OWID).

Table 1: Variables description.

Variables Indicators description and measurement unit Source

REC Renewable energy consumption (% of total final energy consump-
tion)

WDI [93]

CO2 CO2 emission per capita (annual percent change) OWID [69, 82]
DINV Gross fixed capital formation (% of GDP) INSTAT [36, 38]
EG Real gross domestic product (annual percent change) INSTAT [36, 38]
EXR Period average exchange rate USD/MGA (annual percent change) BFM [8, 77]
FDEV Domestic credit to private sector (% of GDP) BFM [7, 9]
FDI Foreign direct investment, net inflows (% of GDP) BFM [7, 9]
INC Gross disposable private income (% of GDP) INSTAT [36]
IND Industry value added (annual percent change) INSTAT [36, 38]
INFL Period average consumer price index (annual percent change) INSTAT [37, 38]
TR Sum of exports and imports of goods and non-factor services (% of

GDP)
BFM [7, 9]

TOUR Number of tourist arrivals (annual percent change) INSTAT [38, 75]
URB Urban population (annual percent change) WDI [94]

In this study, all variables were centered and scaled. The statistical representation of (1) then
takes the following linear functional form:

REC t = β1CO2t + β2DINV t + β3EG t + β4EXRt + β5FDEV t + β6FDI t

+ β7INC t + β8IND t + β9INFLt + β10TOURt + β11TRt + β12URB t + εt,
(2)
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where βi, i = 1, . . . , 12 are unknown parameters of the regressors to be estimated, and εt is the
error term of the regression.

Initially, we applied both multiple linear regression and principal component regression to esti-
mate the model, incorporating all available features. We then run different algorithms to select the
optimal features and re-estimate the model with the selected features. Feature selection algorithms
can be classified as filter-based (relative importance for linear regression, correlation method), em-
bedded (LASSO), and wrapper-based (best subset regression, stepwise regression, recursive feature
elimination, iterative predictor weighting partial least squares, Boruta, simulated annealing, and
genetic algorithms) methods. Except for the LASSO model, each model is estimated using ordinary
least squares (OLS). We use the R programming language, which already includes packages that
implement these algorithms. Because of the small size of our sample, the entire dataset will serve
as the training set for our models. When dealing with a model that has hyperparameters that need
to be set, our preferred method is the k-fold cross-validation, which helps us evaluate the model’s
performance under different hyperparameter configurations. The dataset, along with the R script,
is available for download on the Open Science Framework platform [76].

4 A feature selection problem

4.1 Fitting a full model

4.1.1 Multiple linear regression

We build the first model by estimating (2) with ordinary least squares.

Mod1 : R̂EC t = −0.119419
(0.13561)

CO2t + 0.374359
(0.14309)∗∗

DINV t + 0.0478255
(0.27362)

EG t − 0.0303502
(0.15094)

EXRt

+ 0.352481
(0.16190)∗∗

FDEV t + 0.553816
(0.20506)∗∗

FDI t − 0.101220
(0.11670)

INC t − 0.307435
(0.18947)∗∗

IND t

+ 0.269445
(0.12920)∗

INFLt + 0.262536
(0.21919)

TOURt − 0.618646
(0.19683)∗∗∗

TRt + 0.0133764
(0.17221)

URB t

T = 32 R̄2 = 0.7063 F (12, 19) = 7.2127∗∗∗ σ̂ = 0.54194 DW = 1.411028

(standard errors in parentheses; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01).

4.1.2 Principal component regression

Principal component regression (PCR) is a machine learning algorithm that combines dimensionality
reduction using principal component analysis (PCA) with linear regression. First, PCA is applied to
the feature space, transforming the original features into a set of orthogonal “principal components”
that capture the most significant variance in the data while eliminating multicollinearity. Then, it
performs linear regression on these principal components to build a predictive model. The linear
combination property of these principal components ensures that the obtained predictive model can
be interpreted in terms of the original features [78].

We applied k-fold cross-validation to determine the optimal number of principal components ℓ
to retain in the PCR model. The value ℓ = 6 corresponds to the minimum root mean square error
of cross-validation (RMSECV). This value of ℓ accounts for 86.30% of the total variability.
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Mod2 : R̂EC t = −0.110714CO2t + 0.325094DINV t − 0.158226EG t − 0.013973EXRt

+ 0.013010FDEV t + 0.114446FDI t + 0.037417 INC t − 0.132716 IND t

+ 0.255160 INFLt + 0.056763TOURt − 0.243690TRt + 0.411719URB t.

4.2 Correlation method

This method simply computes the Pearson correlation matrix, which allows us to filter out redundant
variables. We set the pair-wise absolute correlation cutoff to 0.75 such that if two variables have a
higher correlation than the cutoff, then the variable with the largest mean absolute correlation is
removed.

Table 2: Pearson correlation matrix.

REC CO2 DINV EG EXR FDEV FDI INC IND INFL TOUR TR URB

REC 1
CO2 −0.344 1
DINV 0.502 −0.200 1
EG −0.395 0.460 0.168 1
EXR −0.010 0.142 −0.042 −0.130 1
FDEV 0.107 0.000 −0.463 −0.272 0.076 1
FDI 0.153 0.010 0.274 0.035 −0.275 −0.087 1
INC −0.112 0.150 −0.272 −0.169 0.055 0.164 −0.092 1
IND −0.449 0.496 −0.003 0.818 −0.046 −0.188 0.094 −0.036 1
INFL 0.369 −0.135 0.181 −0.184 0.549 −0.056 −0.234 0.033 −0.133 1
TOUR −0.124 0.439 0.270 0.745 0.092 −0.412 −0.145 −0.111 0.655 0.076 1
TR −0.428 0.135 0.071 0.468 −0.012 −0.112 0.591 −0.200 0.398 −0.215 0.119 1
URB 0.490 −0.082 0.171 −0.081 −0.270 0.326 0.359 −0.229 −0.017 −0.040 0.042 −0.090 1

As shown in Table 2, EG and IND are the only pairs whose correlation coefficient, equal to
0.818, exceeds the cut-off value. The mean absolute correlation of EG is 0.321, whereas that of
IND is 0.203. Therefore, EG is removed.

Mod3 : R̂EC t = −0.113828
(0.12855)

CO2t + 0.383126
(0.13072)∗∗∗

DINV t − 0.0421862
(0.13159)

EXRt + 0.359177
(0.15344)∗∗

FDEV t

+ 0.543191
(0.19104)∗∗

FDI t − 0.104448
(0.11240)

INC t − 0.288703
(0.15242)∗

IND t + 0.268723
(0.12596)∗∗

INFLt

+ 0.281359
(0.18623)

TOURt − 0.601845
(0.16755)∗∗∗

TRt + 0.00718235
(0.16439)

URB t

T = 32 R̄2 = 0.7205 F (11, 20) = 8.2663∗∗∗ σ̂ = 0.52864 DW = 1.446916

(standard errors in parentheses; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01).

4.3 Least absolute shrinkage and selection operator

The least absolute shrinkage and selection operator (LASSO) is a technique that can select vari-
ables based on their importance through shrinkage to simplify linear regression models and prevent
overfitting. It imposes a penalty to reduce the absolute value of the magnitude of the regression
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coefficients, meaning that some of the coefficients will exhibit values close to zero or set to zero if
they are deemed to be less important [90]. The optimization problem for the LASSO is given by
the Lagrangian form

argmin
β=(β1,...,βp)


T∑
i=1

yi −
p∑

j=1

βjxij

2

+ λ

p∑
j=1

|βj |

 , (3)

where λ denotes the penalty or hyperparameter optimization that controls the amount of shrinkage.
Note that if λ = 0, then the problem is reduced to ordinary least squares.

We use k-fold cross-validation to tune λ and the resulting value for λ is 0.07686471.

Mod4 : R̂EC t = 0.358126DINV t + 0.051462FDEV t + 0.113563FDI t − 0.230040 IND t

+ 0.175139 INFLt − 0.282611TRt + 0.270503URB t.

4.4 Best subset regression

This procedure is a model selection approach that consists of testing all possible combinations of the
regressors and then selecting the best subset according to some statistical criteria, usually adjusted
R-squared, Mallows’ Cp, Akaike information criterion (AIC), and Bayesian information criterion
(BIC) [95].

We performed k-fold cross-validation to select the best subset. This process involves system-
atically evaluating various subsets of input features and selecting the subset that offers the best
model performance while accounting for cross-validation errors. This approach allows the identi-
fication of the subset of input features that maximizes the model’s predictive performance during
cross-validation and helps prevent overfitting by assessing how well the model generalizes to unseen
data.

Mod5 : R̂EC t = 0.454109
(0.11902)∗∗∗

DINV t + 0.346965
(0.11099)∗∗∗

FDEV t + 0.519819
(0.13191)∗∗∗

FDI t − 0.320693
(0.14303)∗∗

IND t

+ 0.243405
(0.099191)∗∗

INFLt + 0.231586
(0.14942)

TOURt − 0.575813
(0.12763)∗∗∗

TRt

T = 32 R̄2 = 0.7360 F (7, 24) = 13.349∗∗∗ σ̂ = 0.51377 DW = 1.393969

(standard errors in parentheses; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01).

4.5 Stepwise regression

Stepwise regression is a feature selection technique used in machine learning and statistical mod-
eling and is characterized by its iterative approach to building a predictive model. It operates by
systematically adding or removing input features from the model based on specific criteria, often
optimizing goodness-of-fit metrics such as AIC or BIC [95]. In forward selection, the method starts
with an empty model and adds features one by one, selecting those that contribute the most to
improving the chosen criterion. Conversely, backward elimination begins with a model having all
features and removes them one at a time, selecting those whose removal enhances the criterion the
most.
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We apply both forward and backward selection and use AIC for our analysis, which quantifies
the trade-off between model complexity and goodness-of-fit.

Mod6 : R̂EC t = −0.144917
(0.11518)

CO2t + 0.407550
(0.12328)∗∗∗

DINV t + 0.359284
(0.11010)∗∗∗

FDEV t + 0.549217
(0.13242)∗∗∗

FDI t

− 0.287367
(0.14379)∗

IND t + 0.235756
(0.098196)∗∗

INFLt + 0.297807
(0.15674)∗

TOURt − 0.591782
(0.12675)∗∗∗

TRt

T = 32 R̄2 = 0.7423 F (8, 23) = 12.162∗∗∗ σ̂ = 0.50764 DW = 1.309463

(standard errors in parentheses; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01).

4.6 Recursive feature elimination

Recursive feature elimination (RFE) is a feature selection method that enhances the performance
of a model by systematically identifying and selecting the most relevant features from a dataset
while eliminating less important ones [16, 34]. It is a recursive process that starts with all the
features in the dataset and computes an importance score for each regressor. Then, the selection
process iteratively prunes the least important features from the current set until it has achieved the
optimum number of features to keep. RFE trains the model during each iteration and evaluates its
performance using a cross-validation strategy.

Mod7 : R̂EC t = 0.428158
(0.12909)∗∗∗

DINV t + 0.155942
(0.20497)

EG t + 0.224403
(0.12615)∗

FDEV t + 0.407696
(0.16794)∗∗

FDI t

− 0.313252
(0.17675)∗

IND t + 0.275180
(0.10499)∗∗

INFLt − 0.547871
(0.16372)∗∗∗

TRt + 0.165951
(0.12892)

URB t

T = 32 R̄2 = 0.7267 F (8, 23) = 11.306∗∗∗ σ̂ = 0.52274 DW = 1.495053

(standard errors in parentheses; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01).

4.7 Partial least squares regression

Partial least squares (PLS) regression consists of extracting a set of latent factors that explain as
much of the covariance as possible between the response and the regressors, then performing least
squares regression on these factors instead of on the original data [28]. There are three categories
for the PLS-based feature selection method: filter, wrapper, and embedded methods [54, 55].

We used iterative predictor weighting partial least squares (IPW-PLS), which is an iterative
elimination procedure in which a measure of regressor importance is computed after fitting a PLS
regression model. It offers practical benefits in regression problems by eliminating useless predictors
and producing acceptable regression models with a reduced number of relevant regressors [26]. IPW-
PLS is a wrapper method available within the plsVarSel package [50] and has relatively modest
computational time requirements.

Mod8 : R̂EC t = −0.00688632
(0.12866)

CO2 + 0.424348
(0.12157)∗∗∗

DINV − 0.0720370
(0.20940)

EG − 0.254519
(0.19641)

IND

+ 0.208158
(0.11321)∗

INFL− 0.241568
(0.12269)∗

TR + 0.393072
(0.11045)∗∗∗

URB

T = 32 R̄2 = 0.6520 F (7, 24) = 9.2967∗∗∗ σ̂ = 0.58993 DW = 1.573470

(standard errors in parentheses; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01).
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4.8 Boruta

The Boruta algorithm is an all-relevant feature selection wrapper algorithm built around the random
forest classification algorithm [45]. Boruta takes features from the original dataset and creates a
permuted copy of them by randomly shuffling each feature (the so-called “shadow features”). Then,
it runs a random forest classifier on these old and new feature sets to determine their importance
using a statistical test. If the real feature has a higher importance than the maximum importance
of shadow features, then the feature is considered significant and thus retained; otherwise, it is
considered insignificant and is removed from the dataset in iteration. The algorithm is available
within the Boruta package [46].

Mod9 : R̂EC t = 0.323922
(0.12010)∗∗

DINV t + 0.119914
(0.21296)

EG t + 0.344490
(0.17138)∗

FDI t − 0.341631
(0.18379)∗

IND t

+ 0.273522
(0.10962)∗∗

INFLt − 0.489998
(0.16754)∗∗∗

TRt + 0.281320
(0.11634)∗∗

URB t

T = 32 R̄2 = 0.7021 F (7, 24) = 11.437∗∗∗ σ̂ = 0.54580 DW = 1.356606

(standard errors in parentheses; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01).

4.9 Simulated annealing

This is a metaheuristic approach inspired by the annealing metallurgical process [47]. The simulated
annealing algorithm takes an initial random subset of features and specifies the number of iterations.
Then, for each iteration, a small perturbation is applied to the current feature subset (some features
are randomly kept or removed), a model is fitted, and the predictive performance is calculated. If
the performance improves, then the new subset is accepted and is updated as the current state.
Otherwise, an acceptance probability is calculated, and a random number uniformly in the range
[0, 1] is generated. If the random number is greater than the acceptance probability, then the new
feature set is rejected and the previous feature set is used. If the random number is larger than the
acceptance probability, then the new subset is rejected and the current subset is kept; otherwise,
the new subset is accepted and is updated as the current state.

In our analysis, we used simulated annealing feature selection (safs) which is available within
the caret package [43, 44].

Mod10 : R̂EC t = −0.232931
(0.13895)

CO2t + 0.702008
(0.15359)∗∗∗

FDI t − 0.167100
(0.12545)

INC t

+ 0.327332
(0.12478)∗

INFLt + 0.130484
(0.14071)

TOURt − 0.789605
(0.15536)∗∗∗

TRt

T = 32 R̄2 = 0.5642 F (6, 25) = 7.6887∗∗∗ σ̂ = 0.66016 DW = 0.717327

(standard errors in parentheses; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01).

4.10 Genetic algorithms

Genetic algorithms (GAs) are heuristic search algorithms inspired by biological evolution, natural
selection principles, and the survival of the fittest [48, 62]. Similar to evolution theory, a GA
begins by initializing a population of potential solutions that represent various subsets of features
in the context of feature selection. The quality of these feature subsets are assessed using a fitness
function similar to natural selection in biology. Subsequently, GAs employ selection, crossover, and
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mutation to evolve the feature subsets over successive generations, with promising subsets having a
higher chance of passing on to the next generation. Termination criteria determine when the GA’s
search process concludes, and the best-performing feature subset is ultimately selected for use in
constructing a machine learning model.

We used genetic algorithm feature selection (gafs), also available within the caret package,
which conducts a supervised binary search of the regressor space using a genetic algorithm [43, 44].

Mod11 : R̂EC t = −0.604142
(0.23704)∗∗

EG t + 0.0771758
(0.16942)

FDI t + 0.320353
(0.23947)

TOURt + 0.399564
(0.16615)∗∗

URB t

T = 32 R̄2 = 0.3182 F (4, 27) = 4.6177∗∗∗ σ̂ = 0.82568 DW = 0.724634

(standard errors in parentheses; ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01).

5 Summary

5.1 Relative importance for linear regression

Here, we assess the relative importance of each regressor for the linear model in (2). This method
estimates the proportion of the linear model’s R-squared (R2) contributed by each individual re-
gressor. We use the relaimpo package and use the “lmg” metrics which is a R2 partitioned by
averaging sequential sums of squares over all orderings of the regressors [31, 32]. As shown in Fig-
ure 1, domestic investment (DINV ) contributes the most to the linear model’s R2, followed by trade
openness (TR) and urbanization (URB). Exchange rate (EXR) has the least contribution among
the regressors.

Figure 1: Bar plots of the relative importance for REC using lmg metrics (R2 = 82%, metrics are
normalized to sum 100%).
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We note that in our analysis, the features selected by the Boruta algorithm (Mod4) match
the six most prominent features, as determined by the lmg metrics. These features, listed in order
of importance, include domestic investment (DINV ), trade openness (TR), urbanization (URB),
industry development (IND), inflation (INFL), and foreign direct investment (FDI ).

5.2 Evaluation of linear models

To evaluate the performance of each linear least squares model, we apply metrics such as adjusted R-
squared (R̄2), Mallows’ Cp, AIC, and BIC (see Table 3). For the LASSO model (Mod4) particularly,
we apply post-LASSO OLS, which involves performing ordinary least squares on the selected features
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[11]. In both terms of Mallows’ Cp and BIC, the best subset regression model (Mod5) emerges
as the top-performing model, with the key features being domestic investment (DINV ), financial
development (FDEV ), foreign direct investment (FDI ), industrial development (IND), inflation
(INFL), tourism development (TOUR), and trade openness (TR). These same features, along
with environmental quality (CO2), are selected in the stepwise regression model (Mod6), which is
characterized by the lowest R̄2 and AIC values among all models. We note that in our results, the
GA model (Mod11) is the least efficient model.

Table 3: Comparison of R̄2, Mallows’ Cp, AIC, and BIC for all models.

Models Nb. of regressors R̄2 Mallows’ Cp AIC BIC

Mod1 12 0.7063 13.0000 62.9236 83.4439
Mod2 11 0.7205 11.0306 60.9750 80.0296
Mod4 7 0.7315 5.9383 57.5250 70.7166
Mod5 7 0.7360 5.5700 56.9833 70.1749
Mod6 8 0.7423 6.1809 56.8532 71.5105
Mod7 8 0.7267 7.3997 58.7297 73.3870
Mod8 7 0.6520 12.4390 65.8299 79.0215
Mod9 7 0.7021 8.3438 60.8544 74.0460
Mod10 6 0.5642 19.0973 72.3350 84.0609
Mod11 4 0.3182 40.6754 85.1166 93.9110

5.3 Models summary

Table 4 provides a summary of the signs and statistical significance of the parameters associated
with each model. Domestic investment (DINV ), foreign direct investment (FDI ), industrial de-
velopment (IND), price inflation (INFL), and trade openness (TR) are the most selected features
that significantly impact renewable energy consumption (REC ) in Madagascar. Note that, with the
exception of the PCR, LASSO, and IPW-PLS models (Mod2, Mod4, and Mod8, respectively),
TR consistently exhibits the largest coefficients among the other models.

Financial development (FDEV ), tourism development (TOUR), and urbanization (URB) pos-
itively influence REC . Conversely, environmental quality (CO2) and exchange rate (EXR) have a
negative impact on REC . Economic growth (EG) and income distribution (INC ) exhibit mixed
effects depending on the model and do not display statistical significance.

On the basis of the results in Table 4, we infer the following remarks.

(i) Increases in greenhouse gas emissions are mainly due to unsustainable energy practices, such as
dependance on non-renewable energy sources and overdependence on fossil fuels for transport.
Therefore, the corresponding negative impact can be clearly observed.

(ii) The positive impact of domestic and foreign investment shows the effectiveness of investment in
renewable energy generation. It also reflects the government and private sector’s commitment
to promote clean energy sources.

(iii) The mixed signs associated with EG indicate that a full energy transition has not yet been
achieved during economic growth. It is important to recognize that countries often use a
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Table 4: Models summary.

Models CO2 DINV EG EXR FDEV FDI INC IND INFL TOUR TR URB

Mod1 − +∗∗ + − +∗∗ +∗∗ − − +∗ + −∗∗∗ +
Mod2 − + − − + + + − + + − +
Mod3 − +∗∗∗ − +∗∗ +∗∗ − −∗ +∗∗ + −∗∗∗ +
Mod4 + + + − + − +
Mod5 +∗∗∗ +∗∗∗ +∗∗∗ −∗∗ +∗∗ + −∗∗∗

Mod6 − +∗∗∗ +∗∗∗ +∗∗∗ −∗ +∗∗ +∗ −∗∗∗

Mod7 +∗∗∗ + +∗ +∗∗ −∗ +∗∗ −∗∗∗

Mod8 − +∗∗∗ − − +∗ −∗ +∗∗∗

Mod9 +∗∗ + +∗ −∗ +∗∗ −∗∗∗ +∗∗

Mod10 − +∗∗∗ − +∗∗ + −∗∗∗

Mod11 −∗∗ + + +∗∗

∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01

combination of energy sources during periods of economic growth, and the extent to which
they transition to renewable energy can vary depending on several factors, including policy,
technology, and availability of resources.

(iv) Exchange rates negatively impact the adoption of renewable energy sources, particularly by
affecting the prices of imported equipment. If the exchange rate increases the cost of imported
renewable energy equipment, it may discourage their adoption because higher costs may limit
the affordability of such technologies. Exchange rate fluctuations also create uncertainty in
energy planning and can lead to a lack of consistency in renewable energy policies and projects.

(v) The two-fold impact of income distribution reflects consumer choice of energy sources. When
individuals experience an increase in income, they have two options: they may choose polluting
energy sources that are often more affordable and accessible, thereby reducing their immediate
costs, or they may see an opportunity to invest in more sustainable renewable energy sources.

(vi) Considering the negative impact of industry development, it is clear that industry-initiated
energy transition is still ongoing and is not yet sufficiently observable on the basis of our data.
This result also suggests that industrial development significantly increases energy demand,
in particular in energy-intensive sectors such as manufacturing, which may lead to a greater
dependence on conventional energy sources such as fossil fuels.

(vii) Rising global oil prices have led to increased energy prices, which is one of the main inflation
drivers in Madagascar. Therefore, individuals and businesses are more likely to invest in
renewable energy technologies to reduce costs and take advantage of government incentives.

(viii) The positive effect of financial development indicates that the availability of funding programs
and credits to promote renewable energy sources is effective.

(ix) The influx of tourists to Madagascar has driven investment in sustainable energy solutions.
Therefore, tourism is an efficient catalyst for the adoption of sustainable energy in Madagas-
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car because it raises awareness of renewable energy and creates demand for environmentally
responsible practices.

(x) The magnitude and negative sign of the coefficient associated with the trade openness variable
indicates the extent to which Madagascar’s economy relies on imports to meet its energy
requirements. In terms of exports, this can be explained by the fact that the infrastructure
and transport systems used for the production of export goods, such as minerals, are not yet
fully aligned with energy-efficient or renewable energy technologies.

(xi) Urbanisation in Madagascar has a positive impact on the adoption of renewable energy sources,
mainly due to the increasing demand for electricity in urban areas. Because of the challenges
associated with frequent power cuts, the urban population, the government, and the private
sector have begun to seek sustainable solutions, with increasing emphasis on renewable energy
sources.
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