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Abstract

This paper analyzes electricity consumption dynamics in Portugal between 2012
and 2024, a period marked by unprecedented energy transition, the COVID-19 pan-
demic, and the 2021–2022 energy crisis. Using three complementary Vector Autore-
gressive approaches, the analysis compares forecast performance and identifies the
main drivers of electricity consumption amid the rapid expansion of renewable capa-
city. All models achieve good forecasting accuracy, and impulse response functions
indicate that GDP shocks have significant and persistent effects on electricity con-
sumption, with long-run cumulative effects ranging from 0.31 to 0.59. At the same
time, renewable capacity penetration shows ambiguous effects, and price elasticity
is insignificant. The results suggest that economic forecasts will remain central to
electricity system planning. However, declining elasticities suggest a gradual de-
coupling between consumption and economic growth, driven by energy transition
factors such as energy efficiency and self-consumption.

Keywords: electricity consumption, income, renewable capacity, forecasting, VAR

1. Introduction

Electricity consumption is inherently influenced by a complex combination of factors,
including weather conditions, demographic trends, and economic activity (Csereklyei,
2020). Macroeconomic variables introduce a different dimension of variability, particu-
larly over medium and long-term horizons. For example, economic growth often correlates

1ISEG - Lisbon School of Economics and Management, ERSE - National Regulatory Authority for
Energy Services, Street Dom Cristóvão da Gama, nº1, 3rd floor, 1400-113 Lisbon. Email: scruz@erse.pt
or l58978@phd.iseg.ulisboa.pt. The views and opinions expressed in this paper are those of the author
and do not necessarily reflect the position of any affiliated institution.
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with increased industrial production and commercial activity, leading to higher electricity
consumption (Liddle and Hasanov, 2022). Conversely, economic downturns may suppress
consumption as businesses scale back operations and households tighten budgets. Emer-
ging evidence suggests that the income-consumption relationship has been changing due
to energy transition factors (Kunju Mol Raj et al., 2025; Cruz, 2025a; IRENA, 2024),
highlighting the importance of considering methodologies that reflect smooth changes in
elasticities and dynamics.

This paper extends the insights from (Cruz, 2025a) and (Cruz, 2025b) by shifting
the focus toward short and medium-term forecasting performance and by providing a
potential tool for energy planning. In contrast to previous work, which primarily ex-
amined short-run income elasticities and structural drivers of consumption in the context
of energy transition, this study evaluates how different VAR-based methodologies provide
operationally useful forecasts for the Portuguese electricity sector.

The key contributions of this paper are:

• Analyzing the dynamics of electricity consumption, prices, GDP, and renewable ca-
pacity for Portugal between 2012 and 2024, incorporating weather variables (heating
and cooling degree days) and demographic trends (population) as exogenous con-
trols.

• Employing three complementary VAR modeling approaches (VAR, BVAR, and
tvVAR) to capture different aspects of the data-generating process: constant para-
meters, Bayesian inference, and smooth time-variation in coefficients, respectively.

• Incorporating renewable capacity explicitly in the model to capture the supply-side
dynamics of the energy transition and its interaction with electricity consumption
and prices.

• Comparing in-sample fit and out-of-sample forecast performance across all three
models to assess their relative strengths.

• Analyzing impulse response functions to understand how shocks to GDP, renewable
capacity, and electricity prices propagate to electricity consumption, with particular
attention to time-varying elasticities that may reflect ongoing smooth changes in the
Portuguese electricity sector.

• Providing a robust forecasting framework that can inform decision-making and
policy planning by quantifying the evolving relationships between macroeconomic
conditions, renewable capacity penetration, and electricity consumption.

Results show that income is the most influential and statistically significant determ-
inant of electricity consumption across all models. Although in-sample accuracy is sim-
ilar across specifications, the tvVAR performs best for electricity consumption (RMSE -
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3.29%), followed by VAR (3.54%) and BVAR (3.57%). Out-of-sample, however, the BVAR
becomes the top performer (RMSE 2.99%), with VAR and tvVAR showing slightly higher
errors. Impulse responses confirm that GDP shocks have the strongest short-run as well
as cumulative long-run effects: a 1% increase in GDP raises electricity consumption by
0.308% (BVAR), 0.442% (VAR), and 0.587% (tvVAR).

2. Literature Review

This section presents the relevant literature regarding the dynamics between elec-
tricity consumption and main variables, as well as descriptions of VAR models in the
context of energy economics.

The first three sections present the main models found in the literature: i) classic
models, such as ARIMA, ii) machine learning models, and iii) structural models.

2.1 Classic Models in Energy Economics

In the broad field of time series forecasting, ARIMA models and their variants have
been widely applied for half a century due to their mathematical simplicity and flexibility
(Kontopoulou et al., 2023).

The ARIMA(p, d, q) model is a generalization of the ARMA (AutoRegressive Moving
Average) model, specifically designed for handling non-stationary time series. As indicated
by the method’s acronym, its structural components are the following (Box and Jenkins,
1976):

• AR(p): Autoregression. A regression model that exploits the dependence rela-
tionship between an observation and several lagged observations, where p denotes
the number of lag terms.

• I(d): Integration. The differencing operation applied to the series, where d rep-
resents the degree of differencing required to achieve stationarity.

• MA(q): Moving Average. A model that captures the relationship between an ob-
servation and a linear combination of past white noise error terms, where q specifies
the order of the moving average component.

The general form of an ARIMA(p, d, q) model can be expressed as:

ϕ(B)(1 −B)dyt = θ(B)εt (1)

where yt is the observed time series, B is the backshift operator defined by Byt = yt−1,
ϕ(B) = 1 − ϕ1B − ϕ2B

2 − · · · − ϕpB
p is the autoregressive polynomial of order p, θ(B) =

1 + θ1B + θ2B
2 + · · · + θqB

q is the moving average polynomial of order q, (1 − B)d
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represents the differencing operator applied d times, and εt is white noise with zero mean
and constant variance σ2.

According to Kontopoulou et al. (2023), the ARIMA methodology offers several
practical advantages: it is straightforward to implement and computationally efficient.
However, the technique has notable limitations. Model selection involves subjective judg-
ment and depends heavily on the forecaster’s expertise and experience 1. Additionally,
restrictions on parameter spaces and model classes can complicate the selection process,
making the identification of an optimal forecasting model challenging.

Another fundamental constraint of ARIMA models is their inherent linearity as-
sumption (Rubio and Alba, 2022). The basic formulation is designed to capture linear
relationships in the data. Nevertheless, the applicability of ARIMA can be substantially
extended through various transformations that enable the modeling of non-linear time
series. Logarithmic and power transformations are particularly widely used for this pur-
pose.

Despite their limitations, ARIMA models continue to serve as benchmark approaches
for electricity consumption forecasting across diverse regions. Given the rising electricity
consumption at both household and industrial levels, accurate forecasting has become
increasingly critical to ensuring adequate supply capacity. For example, Semekonawo and
Kam (2022) analyzed consumption in West African countries, while Parreño (2022) fo-
cused on the Philippines, and Sharma and Kumar Mishra (2023) examined Pennsylvania.
The reported mean absolute percentage errors (MAPE) in these studies ranged from
2.53% to 55.6%, reflecting considerable variation in model performance across different
contexts. To address these limitations and improve accuracy, ARIMA models are increas-
ingly combined with machine learning methods (Rubio and Alba, 2022).

Exponential smoothing methods represent another important class of classical fore-
casting techniques, offering a simpler alternative to ARIMA models (Hyndman and Ath-
anasopoulos, 2021). Simple Exponential Smoothing applies decaying weights exponen-
tially to past observations, making it suitable for stationary series. Holt’s method ex-
tends this approach by incorporating trend components, while the Holt-Winters method
further accommodates seasonal patterns through triple exponential smoothing. These
methods are computationally efficient and valued for their interpretability and ease of
implementation. However, they lack the theoretical depth and diagnostic framework of
the Box-Jenkins approach (Box and Jenkins, 1976), including stationarity tests, residual
analysis, and autocorrelation diagnostics.

1modern model selection follows information criteria that helps to minimize subjectivity
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2.2 Machine Learning Approaches in Energy Economics

In recent years, machine learning (ML) methods have gained significant traction in
time series forecasting, driven by advances in computational power and the availability
of large-scale datasets (Kontopoulou et al., 2023). Unlike classical statistical models that
rely on explicit assumptions about data structure and stationarity, ML approaches can
automatically learn complex patterns and non-linear relationships directly from data.

Among the most widely applied ML techniques for energy forecasting are (Konto-
poulou et al., 2023):

• Support Vector Machines (SVM): Originally designed for classification tasks,
SVMs have been adapted for regression problems (SVR) by mapping input data into
high-dimensional feature spaces where linear relationships can be identified. SVMs
are particularly effective for capturing nonlinear patterns through kernel functions.
Along with the hybrid approach of Rubio and Alba (2022) (application to stock
markets), the superiority of SVM models over classical ARIMA approaches for time
series forecasting has been identified by Atique et al. (2020) for solar energy fore-
casting from photovoltaic panels and by Al Amin and Hoque (2019) for power grid
load forecasting. However, SVM failed to forecast the magnitude of consumption
peaks.

• Random Forest (RF): RF is an ensemble learning method that makes forecasts
by building multiple decision trees on random subsets of data and features, then
combining their outputs through voting (classification) or averaging (regression).
Studies have demonstrated RF’s superiority over traditional forecasting methods:
Zhao et al. (2024) achieved higher accuracy for electricity consumption forecasting
in an urban North African context while (Marzak et al., 2024) reported improved
performance for Australian electricity load forecasting.

• Deep Learning Methods:

– Artificial Neural Networks (ANN). Inspired by biological neural systems,
ANNs consist of interconnected layers of nodes that can approximate com-
plex nonlinear functions. Their flexibility makes them suitable for a range of
forecasting horizons and data characteristics.

– Long Short-Term Memory (LSTM) Networks. A specialized type of
recurrent neural network designed to capture long-term dependencies in se-
quential data. LSTMs address the vanishing gradient problem of traditional
RNNs, making them particularly effective for time series with extended tem-
poral patterns.

In this context, El-Azab et al. (2025) proposes four deep learning methods, including
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LSTM and ANN, to forecast hourly electricity consumption in the New England Control
Area. Additionally, Qureshi et al. (2024) employs LSTM at the building management
systems level to forecast electricity consumption, reporting accuracy gains of 95% against a
baseline LSTM through hyperparameter optimization (number of hidden layers, neurons,
and activation functions) aimed at maximizing R-squared and minimizing mean absolute
loss.

Machine learning approaches offer several advantages over classical methods: they
can handle high-dimensional feature spaces, automatically detect nonlinear relationships,
and often achieve superior forecasting accuracy when sufficient training data is avail-
able (Kontopoulou et al., 2023). Despite these advantages, these methods also present
challenges. They typically require larger datasets for training, lack the interpretability
of classical models, are more computationally intensive, and provide limited statistical
inference tools for uncertainty quantification.

The growing popularity of hybrid approaches that combine classical statistical meth-
ods with ML techniques reflects an emerging consensus: rather than viewing these paradigms
as competing alternatives, their complementary strengths can be leveraged to improve
forecasting accuracy and robustness (Rubio and Alba, 2022; Grandón et al., 2024). For
instance, ARIMA models may capture linear trends and seasonality, while neural networks
handle residual non-linear patterns.

2.3 Multivariate Models in Energy Economics

First developed by Sims (1980), vector autoregressive (VAR) models are suitable
tools for analyzing electricity market dynamics because they capture interdependencies
and simultaneity among multiple time series without requiring strong a priori theoretical
restrictions. For example, Entezari and Fuinhas (2024) used a VAR model to assess and
rank the linear interdependencies between weather conditions (temperature, humidity,
solar radiation) and electricity prices in Portugal.

The VAR framework treats all variables as endogenous. It allows the data to reveal
dynamic relationships, proving particularly valuable in electricity consumption analysis
where causality directions may not be clear ex ante. Standard VAR models with constant
parameters provide useful baselines for understanding average relationships. At the same
time, VAR-X specifications allow for the incorporation of exogenous influences such as
weather conditions and demographic trends.

In this context, Carrasco-Gutierrez and Ehrl (2023) used a Vector Error Correction
Model (VECM), an extended version of the VAR that incorporates long-run information,
to conclude that in Brazil, price and income elasticities of residential electricity consump-
tion are significant, particularly in the long run. Meanwhile, Anser et al. (2024), using
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a GMM panel VAR, found "a strong positive relationship with economic growth, indic-
ating that economic expansion in these nations remained heavily reliant on energy use".
Nevertheless, the link between energy consumption and the environment was found to
be negligible. Overall, there is a debate between authors who find evidence of a strong
relationship between electricity consumption and GDP (Narayan et al., 2008; Saidi, 2025)
and those who contend that energy transitions and sectoral shifts have decoupled these
variables in advanced economies (Kunju Mol Raj et al., 2025).

However, the assumption of constant parameters may prove restrictive when analyz-
ing electricity markets undergoing structural transformation driven by energy transition,
technological change, and regulatory reforms. Time-varying parameter VAR (tvVAR)
models explicitly allow coefficients to evolve, providing a flexible framework for capturing
structural change without imposing discrete breaks. Esmaeili and Rafei (2021) combined a
SVAR model and a TVP-VAR model (with regimes identified via a Markov-switching ap-
proach) to demonstrate that the drivers of electricity consumption are regime-dependent.
Their findings reveal that while inflation shocks exert a dominant and negative influ-
ence, the responsiveness of electricity consumption to GDP and oil revenue shocks is not
constant: it is more pronounced during periods of economic stability and weaker under
international sanctions. Other examples of the application of tvVAR models to electricity
and energy markets include Sikorska-Pastuszka and Papież (2023), which finds that in-
tegration of European electricity markets is occurring but remains stronger within regions
than across distant regions. Meanwhile, in the same context, (Lyu et al., 2024; Li et al.,
2021) show that carbon prices have become highly endogenized, showing time-varying
sensitivity to fluctuations to oil, gas, and electricity prices.

Bayesian approaches to VAR estimation offer additional advantages, particularly rel-
evant to electricity consumption analysis: they incorporate prior information to improve
estimates when sample sizes are limited, naturally quantify parameter uncertainty through
posterior distributions, and allow hierarchical structures in which data inform the degree
of shrinkage applied. The Minnesota priors (Litterman, 1986) implement this shrinkage
by centering coefficients around a random walk specification, where each variable’s best
predictor is its own first lag, while assuming cross-variable effects and higher-order lags
have zero mean with variance decreasing as lag length increases. This structure is con-
trolled by hyperparameters λ (overall tightness), α (lag decay), and ψ (residual variance
scale) (Koop et al., 2010; Kuschnig and Vashold, 2021).

2.4 Review Findings

The progression from classical econometric models to machine learning methods
reveals a fundamental trade-off in electricity consumption forecasting: between accuracy
and interpretability. Traditional VAR and ARIMA models offer transparent parameter es-
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timates with clear economic interpretations, though their linear structure may limit their
ability to capture complex nonlinearities. Machine learning approaches frequently achieve
superior forecasting performance but at the cost of reduced transparency (Kontopoulou
et al., 2023), complicating policy analysis and causal inference. This paper adopts a mul-
tivariate structural econometric approach, seeking to provide interpretability alongside
reasonable accuracy to reconcile forecasting and policy objectives in electricity consump-
tion analysis.

3. Data Analysis

Table 1 presents the descriptive statistics for the main variables used in the ana-
lysis between 2012 and 2024, including electricity consumption (ELEC_c) from Eurostat
(2024a), electricity prices (ELEC_p) from DGEG (2025), renewable capacity (REN) from
Redes Energéticas Nacionais (2025), gross domestic product (GDP) from INE (2025),
cooling degree days (CDD) and heating degree days (HDD) from Eurostat (2024b), and
population (POP) from Eurostat (2024c).

Population (POP) was converted to a monthly frequency through linear interpol-
ation. At the same time, GDP was disaggregated from quarterly to monthly frequency
using the Chow-Lin transformation (chow-lin-maxlog) with the monthly industrial pro-
duction index from Banco de Portugal (2024) as reference, implemented in R (Chow and
Lin, 1971; Sax and Steiner, 2025). Electricity prices (ELEC_p) were converted to monthly
data using the Denton-Cholette transformation without auxiliary series. These variables
considered are the most common in the literature for macro analysis (Liddle et al., 2023;
Csereklyei, 2020), and thus exclude other variables that are more natural for survey stud-
ies, such as housing/building square meters, number of persons in the household, number
of rooms, appliances, or energy efficiency of buildings.

Table 1: Summary statistics of key variables
Variable Unit Source Frequency N Min Q1 Median Mean Q3 Max SD Skewness Kurtosis
ELEC_c GWh Eurostat Monthly 156 3124.0 3870.8 4007.8 4021.1 4242.9 4851.0 341.5 -0.40 3.48
ELEC_p EUR/MWh DGEG Half-yearly 156 171.6 202.2 209.5 210.3 220.6 237.1 13.3 -0.46 3.12
REN MW REN Monthly 156 4233.0 4964.3 5654.5 5897.7 6375.0 9293.0 1207.3 0.82 3.06
GDP Million EUR INE Quarterly 156 14739.0 16649.8 17648.1 17827.3 18815.7 20752.4 1337.8 0.31 2.01
CDD Days Eurostat Monthly 156 0.0 0.0 0.0 17.8 22.8 139.8 30.5 1.95 6.23
HDD Days Eurostat Monthly 156 0.0 4.3 53.7 94.1 171.9 290.9 94.9 0.53 1.80
POP Thousands Eurostat Yearly 156 10321.2 10354.6 10396.4 10432.8 10496.7 10723.1 100.9 1.04 3.24

Note: Sample period: January 2012 - December 2024 (N=156 observations). Q1 and Q3 represent
the first and third quartiles, respectively. Skewness measures the asymmetry of the distribution, and
Kurtosis measures the tail heaviness. Sources: DGEG - National Directorate for Energy and Geology;
INE - National Statistics Institute; REN - National Energy Grid.

The descriptive statistics reveal substantial variation across the series, with Gross
Domestic Product (GDP) and Renewable Capacity (REN) exhibiting the largest absolute
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ranges. Electricity consumption (ELEC_c) shows relatively moderate variability, with a
coefficient of variation of 8.5%. Its slight negative skewness (-0.40) suggests occasional
periods of below-average consumption.

Regarding final electricity prices (ELEC_p), the series exhibits a negative skewness
of -0.46 and a kurtosis of 3.12. These values indicate that retail prices remained relatively
stable around the sample mean of 210.3 EUR/MWh. The near-mesokurtic distribution
suggests a lack of extreme price outliers in the residential/commercial sector during the
analyzed period, pointing toward a steady pass-through of costs despite wholesale market
volatility. REN demonstrates positive skewness (0.82), reflecting the accelerated expan-
sion of renewable deployment over the sample period, with capacity increasing from 10
836 MW to 20 777 MW2 (DGEG, 2024). The climate variables show pronounced seasonal
patterns: CDD displays extreme positive skewness (1.95) and high kurtosis (6.23), with
a median of zero reflecting the concentration of cooling needs in summer months. In con-
trast, HDD shows a more symmetric distribution across the year. While still positively
skewed (0.53), its higher mean (94.1) compared to CDD (17.8) underscores that heating
remains a more persistent energy driver in the Portuguese context than cooling. POP
increases gradually over the sample period, from 10.3 to 10.7 million inhabitants between
2012 and 2024. As population data is linearly interpolated to monthly observations, no
strong interpretation is assigned to its distributional moments.

The time series evolution of the four endogenous variables reveals distinct patterns
over the 2012-2024 period, presented in Appendix V. Electricity consumption displays
pronounced seasonal fluctuations around a relatively stable mean of approximately 4 000
GWh, with notable drops during the pandemic period (2020-2021) and recovery thereafter
(also reported by Cerqueira and da Silva (2023)). Electricity prices remained relatively
stable between 200 and 240 EUR/MWh until the end of 2022. The 2022 energy crisis
(ACER, 2022) was subsequently counterbalanced by several factors, most notably the
implementation of the Iberian gas price cap and the negative cost differentials from special
regime production. These factors allowed for a significant drop in 2023, with prices falling
below 180 EUR/MWh before gradually stabilizing toward pre-crisis levels. GDP exhibits
a clear upward trend from around 16 000 million EUR to over 20 000 million EUR,
interrupted by a sharp contraction during the COVID-19 pandemic in 2020, followed by a
robust recovery. Renewable capacity shows the most consistent growth pattern, increasing
steadily and nearly monotonically from approximately 4 233 MW in 2012 to over 9 293
MW by 2024, with an acceleration in the expansion rate after 2020, reflecting Portugal’s
commitment to the renewable energy transition and the positive trend in the skewness
statistics.

2REN includes only expansion of solar and wind capacity given that those are the two technologies
that better reflect the energy transition. Hydro power has remained relatively stable in the sample period.
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The correlation matrix, presented in Appendix B, reveals that the strongest pos-
itive correlation is observed between REN and GDP (0.895), suggesting that economic
growth and renewable capacity expansion have moved closely together over the sample
period. HDD shows a moderate positive correlation with electricity consumption (0.460),
reflecting increased energy consumption during colder months, while CDD shows a a neg-
ligible correlation (-0.042), as expected given the opposing seasonal patterns. Electricity
prices display modest positive correlation with consumption (0.239), but negative with
renewable capacity (-0.446) and GDP (-0.488), suggesting that price dynamics are linked
to both consumption and supply-side factors. As for the main effect of interest, GDP has
a positive correlation with electricity consumption (0.244).

To address the scale differences, reduce skewness, and facilitate elasticity inter-
pretation, logarithmic transformations are applied to ELEC_c, ELEC_p, REN, GDP,
CDD, HDD, and POP, allowing coefficients to be interpreted as percentage changes3 Sub-
sequently, first differences of the logged variables are computed to remove potential unit
root processes, transforming the analysis from levels to growth rates and enabling the
examination of short-run dynamics in the relationships between electricity consumption,
prices, and their determinants.

To assess the stationarity properties of the time series, I conduct the Augmented
Dickey-Fuller (ADF) test (Dickey and Fuller, 1979) and the KPSS test (Kwiatkowski
et al., 1992) for all variables in the dataset. The results are presented in Appendix C.
For the ADF, all variables exhibit test statistics exceeding the 5% critical value, leading
to rejection of the null of a unit root. Nevertheless, REN and ELEC_p in the KPSS
test show the presence of non-stationarity. Given the conflicting results, I assume that all
series are stationary in their first-differenced logarithmic form. This approach assumes
valid inference in the VAR framework without requiring cointegration analysis.

In summary, all transformations conducted on the data include adjustments for in-
flation, interpolation to convert to monthly frequency (electricity prices, GDP and POP),
deseasonalization, logarithmization, and first differentiation4.

3For CDD and HDD, one unit is added before applying the logarithmic transformation to handle zero
values present in the data.

4While the Bayesian VAR is mostly used in levels and can accommodate non-stationary data through
appropriate prior specifications and handle unit roots within its framework, I maintain the logarithmic
first difference transformation. BVAR framework’s flexibility allows it to effectively model the stationary
transformed data while capturing time-varying volatility through its stochastic volatility component. This
uniform data treatment ensures that differences in results across models reflect methodological distinctions
rather than disparities in data specification, facilitating meaningful comparison of the estimated dynamics
and impulse responses.

10



4. Methodology

In the search for rich economic models that can also provide valuable forecasting abil-
ity, Vector Autoregressive (VAR) models emerge as natural candidates. These frameworks
address endogeneity and simultaneity among variables (Sims, 1980), enable the calculation
of dynamic multipliers, and facilitate the identification and interpretation of structural
shocks (Lütkepohl and Krätzig, 2004). Traditional VAR models assume constant para-
meters, which may be restrictive when analyzing transforming electricity markets. To
address this limitation, I employ three distinct VAR specifications: a standard VAR with
exogenous variables and robust errors (VAR) as a baseline, a hierarchical Bayesian VAR
(BVAR) (Kuschnig and Vashold, 2021; Giannone et al., 2015) to provide robust para-
meter estimation through Bayesian shrinkage, and a Time-Varying VAR (tvVAR) (Casas
and Fernández-Casal, 2022; Primiceri, 2005) that explicitly allows for capturing smooth
changes in the relationships among variables.

This comparative approach allows for evaluating whether the added complexity
of time-varying and Bayesian methods provides meaningful improvements over standard
VAR specifications, both in terms of forecast accuracy and economic interpretation. The
results offer insights into the changing nature of electricity consumption drivers during a
period marked by significant renewable capacity expansion, economic volatility, including
the COVID-19 pandemic and subsequent recovery, and the 2021-2022 energy crisis.

Appendix D summarizes the empirical strategy from data preprocessing to model
estimation, forecast evaluation, and diagnostic testing.

4.1 VAR Models with Exogenous Variables

I estimate three VAR specifications to analyze the dynamic relationships between
electricity consumption, prices, GDP, and renewable capacity, incorporating exogenous
controls for climate (CDD, HDD) and demographics (POP). The general structure can
be written as (Sims, 1980):

Yt = c+ A1Yt−1 + . . .+ ApYt−p +BXt + εt (2)

where Yt is an N×1 vector of endogenous variables, Xt is a K×1 vector of exogenous
variables, c is an N × 1 vector of constants, Ai are N × N coefficient matrices, B is an
N ×K coefficient matrix, and εt represents innovation terms.

Table 2 summarizes the key characteristics of each approach.
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Table 2: Comparison of VAR model specifications

Model Parameters Coefficents Estimation Key Feature
VAR c, Ai, B Constant OLS/Robust Er-

rors
Baseline spe-
cification

BVAR c, Ai with priors Constant Bayesian with Min-
nesota priors

Handles para-
meter uncer-
tainty

tvVAR Time-varying ct,
Ai,t, Bt

Coefficients
change with
time. Variance
is constant

Local Linear -
Kernel-weighted
least squares

Captures
smooth struc-
tural changes
nonparametric-
ally

Note: All models include 4 endogenous variables (electricity consumption, prices, GDP, and
renewable capacity) and 3 exogenous variables (CDD, HDD, POP), except BVAR with 2
lags.

The baseline VAR model assumes constant parameters with εt ∼ N(0,Σ) estimated
via ordinary least squares and robust errors. The BVAR employs hierarchical Bayesian es-
timation(Kuschnig and Vashold, 2021) and Minnesota priors with data-driven hyperpara-
meter selection (Giannone et al., 2015), addressing parameter uncertainty. The tvVAR
captures smooth structural changes through time-varying coefficient matrices Ai,t and
Bt estimated via kernel-weighted least squares (Casas and Fernández-Casal, 2022; Ca-
sas et al., 2021; Primiceri, 2005), where observations receive weights based on temporal
proximity to adapt nonparametrically to evolving dynamics.

Comparing results across these specifications enables robust inference about the
dynamics among electricity consumption, prices, GDP, and renewable capacity expansion.

A brief note on accuracy metrics used in the literature: Mean Absolute Devi-
ation (MAD), Mean Absolute Percentage Error (MAPE), and Root Mean Squared Error
(RMSE) are the most common measures to assess forecast accuracy, with most papers
presenting at least two metrics (see, for example (El-Azab et al., 2025; Rubio and Alba,
2022)).

I evaluate model performance using three standard forecast accuracy metrics:

Root Mean Squared Error (RMSE): Measures the square root of the average
squared differences between forecasted and observed values, penalizing larger errors more
heavily.

RMSE =

√√√√ 1
T

T∑
t=1

(Yt − Ŷt)2

Mean Absolute Error (MAE): Measures the average absolute differences between
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forecasted and observed values, providing a linear penalty for all errors.

MAE = 1
T

T∑
t=1

|Yt − Ŷt|

Theil’s U Statistic: Compares forecast accuracy relative to a naive no-change
benchmark, with values below 1 indicating superior performance.

U =

√
1
T

∑T
t=1(Yt − Ŷt)2√

1
T

∑T
t=1 Y

2
t +

√
1
T

∑T
t=1 Ŷ

2
t

4.2 Model Specification

Based on information criteria and diagnostic tests, the final specification for all three
models is a VAR(2) structure selected by the AIC lag length criterion (as per informa-
tion in Appendix E). The endogenous variables, ordered by their degree of exogeneity,
are: renewable capacity, gross domestic product, electricity prices, and electricity con-
sumption. This ordering reflects the assumption that renewable capacity developments
and macroeconomic conditions are relatively more exogenous, while electricity prices and
consumption are more responsive to contemporaneous shocks.

Three exogenous variables are included to control for external factors: cooling de-
gree days (CDD), heating degree days (HDD), and population (POP). These variables
account for weather-related consumption patterns and demographic trends that influence
electricity consumption.

The general model specification for the VAR is expressed as:


RENt

GDPt

ELEC_pt

ELEC_ct

 =


c1

c2

c3

c4

 + A1


RENt−1

GDPt−1

ELEC_pt−1

ELEC_ct−1

 + A2


RENt−2

GDPt−2

ELEC_pt−2

ELEC_ct−2

 +B


CDDt

HDDt

POPt

 + εt (3)

While the BVAR does not include exogenous variables, for the tvVAR model, the
specification remains identical to the VAR except that the constant vector and all coeffi-
cient matrices (c, A1, A2, and B) become time-varying, denoted as ct, A1,t, A2,t, and Bt,
allowing the relationships among variables to evolve smoothly over the sample period.

13



5. Results

Table 3 presents the reduced-form coefficient estimates for the electricity consump-
tion equation across the three VAR specifications, providing a basis for comparing the
models’ characterization of consumption dynamics.

Table 3: Comparison of coefficient estimates for ELEC_c equation across models

VAR BVAR tvVAR
(OLS) (Posterior Median) (Mean)

Endogenous Variables
Const 0.006 0.005 0.004
RENt−1 −0.957 −0.687 −1.473
GDPt−1 0.424 0.326 0.491
ELEC_pt−1 0.904 0.551 1.738
ELEC_ct−1 −0.351 −0.267 −0.446
RENt−2 0.174 0.073 −0.033
GDPt−2 0.018 −0.018 0.172
ELEC_pt−2 −0.226 0.011 −0.809
ELEC_ct−2 −0.140 −0.098 −0.204
Exogenous Variables
CDD 0.003 — 0.003
HDD 0.006 — 0.007
POP −3.067 — −2.091
Model Specification
Observations 153 153 153
Lags 2 2 2
Exogenous variables 3 0 3
Method OLS Bayesian MCMC Local Linear

(Minnesota priors) (time-varying)
Model Fit
R2 / Pseudo R2 0.162 — 0.274
Adjusted R2 0.097 — —
λ (shrinkage) — 1.936 —
Bandwidth — — 1.834
Significance codes of the VAR model can be found in Appendix F
BVAR excludes exogenous variables as BVAR models are designed for closed systems
tvVAR coefficients represent mean values across time.

5.1 In-Sample Fit Comparison

Figure 1 presents the in-sample fit for all four endogenous variables across the three
modeling approaches. The models demonstrate strong overall performance in capturing
the observed dynamics, with RMSE consistently below 4%. For electricity consumption,
the tvVAR model provides the best fit, with a 3.29% RMSE, followed closely by the VAR
(3.54% RMSE) and the BVAR (3.57% RMSE). For the remaining variables, a clear pattern
emerges: tvVAR provides a slightly higher fit than both VAR and BVAR, although the
in-sample fits are very similar across all models.
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All three models adapt well to periods of high volatility compared to the beginning
of the dataset. This is particularly visible in the post-2020 period due to the COVID-19
outbreak and the subsequent energy crisis. Although electricity consumption exhibits the
largest RMSE in absolute terms, it should be noted that it also has the largest standard
deviation among the endogenous variables, suggesting that the relative fit quality remains
reasonable.

Figure 1: In-Sample fit comparison across models

To further assess forecasting accuracy and concerns about overfitting, the next sec-
tion presents the models’ out-of-sample forecasting performance.

5.2 Out-of-Sample Forecast Performance

Figure 2 presents the out-of-sample forecast performance for all four endogenous
variables over the test period from mid-2024 to late 2024 (6 observations). It is important
to note that this is a pseudo-out-of-sample test, as the models were trained only up to
mid-2024 using parameters estimated from the in-sample exercise.

The vertical dashed line marks the separation between the training period and the
forecast horizon. Overall, the three models demonstrate reasonable forecasting accuracy
compared to the in-sample metrics, which mitigates overfitting concerns, though perform-
ance varies across variables and time periods.

Unlike the in-sample models, the best-performing model depends heavily on the vari-
able being forecasted: for i) REN, the most accurate model is the tvVAR (RMSE=1.25%),
followed closely by the VAR (RMSE=1.41%) and BVAR (RMSE=1.44%); for ii) GDP,
tvVAR is also superior (RMSE=1.12%), followed by BVAR (RMSE=1.20%) and tradi-
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tional VAR (RMSE=1.25%). For iii) electricity prices, BVAR shows the best ability to
capture the general trend (RMSE=0.16%). For the variable of interest, electricity con-
sumption, iv) BVAR outperforms VAR and tvVAR (RMSE=2.99% vs 3.05% and 3.34%),
but remains the variable with the largest forecasting error. Overall, all models success-
fully track the underlying dynamics and variations throughout the forecast period, with
little variation among models, though capturing dynamics in certain periods of market
distress remains challenging.

Figure 2: Out-of-Sample forecast comparison across models

Table 4 presents out-of-sample fit statistics across the three modeling approaches.
All models demonstrate strong performance, with RMSE consistently below 3.2% across
all variables and Theil’s U statistics below 1 throughout, confirming that all specifica-
tions substantially outperform naïve random walk forecasts.As shown above, the model
superiority varies by variable: tvVAR achieves the lowest RMSE for GDP (1.16%) and
renewable capacity (1.25%), while BVAR excels in forecasting electricity consumption
(2.99%). For electricity prices, all models perform well, with BVAR reaching the lowest
overall RMSE (0.16%), although tvVAR effectively captures the evolving dynamics with
a competitive Theil’s U (0.235). BVAR delivers the lowest average Theil’s U (0.137)
across all variables. The traditional VAR model provides a strong baseline, particularly
for renewables and consumption, where its performance is closely aligned with the more
complex specifications. The traditional VAR model performs close to BVAR and tvVAR
models for all variables renewable capacity, demonstrating strong baseline results without
added complexity. The results show that BVAR, VAR, and tvVAR consistently outper-
form the naive method, achieving reductions of 9%-86%. de Mattos et al. (2021) and
Nyoni (2019) estimate the reduction to be between 4% and 51% for ARIMA models de-
pending on the variable. This systematic improvement over the naive baseline suggests
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that the models provide reasonable and reliable forecasts for the energy-macroeconomy
system. Overall, differences across models are modest, suggesting all three specifications
provide adequate in-and-out-sample fit for the Portuguese electricity system.

Table 4: Out-of-Sample forecasting performance metrics for 6 month horizon

Model Variable MAE (%) RMSE (%) Theil’s U

BVAR

REN 0.942 1.444 0.602
GDP 1.112 1.202 0.915
ELEC_p 0.132 0.156 0.137
ELEC_c 2.550 2.988 0.809

VAR

REN 0.941 1.409 0.544
GDP 1.178 1.254 0.837
ELEC_p 0.325 0.414 0.424
ELEC_c 2.657 3.053 0.809

tvVAR

REN 0.960 1.246 0.431
GDP 1.056 1.158 0.792
ELEC_p 0.272 0.344 0.235
ELEC_c 2.802 3.362 0.838

Notes: Out-of-sample fit statistics for h = 6 months (2012M1-2024M6).
Theil’s U < 1 indicates model outperforms naïve random walk forecast.
Lower values indicate better fit. MAE and RMSE in percentage terms over growth rates.

Table 5 details the out-of-sample forecasting performance across different models
and time horizons. The results reveal a heterogeneous landscape where model superi-
ority is dependent on the specific variable and horizon analyzed. The tvVAR model
demonstrates notable accuracy in forecasting Renewable Capacity (REN), consistently
providing the lowest RMSE in all horizons (between 0.96% and 2.34%), suggesting that
capturing time-varying parameters is crucial for the dynamics of renewables’ capacity. In
contrast, the BVAR model proves to be the most robust for GDP and Electricity Prices
(ELEC_p), particularly as the horizon extends, as its prior-driven shrinkage likely mit-
igates overparameterization. For Electricity Consumption (ELEC_c), the competition is
more balanced: while BVAR excels at the shortest (h = 1 and h = 3) horizon, the tradi-
tional VAR achieves superior accuracy in the intermediate stages (h = 9 and h = 12 with
3.12% and 3.25% of RMSE, respectively). Additionally, tvVAR shows the lowest MAE
(2.88%) in the longest horizon. A critical finding is that the RMSE remains below 5%
across all specifications and variables. This low error margin across the board confirms
the predictive reliability of the framework, with no single model universally dominating,
but rather complementing each other depending on the forecasting objective.

Formal forecast accuracy comparisons using Diebold-Mariano tests (Diebold and
Mariano, 1995) fail to reject the null hypothesis of equal forecasting performance across
all pairwise model comparisons (Appendix G). All tests yield p-values close to 1, indic-
ating that the out-of-sample forecast accuracy of the BVAR, VAR, and tvVAR models is
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Table 5: Out-of-Sample forecast performance by horizon

h = 1 month h = 3 months h = 9 months h = 12 months

Variable Metric BVAR VAR tvVAR BVAR VAR tvVAR BVAR VAR tvVAR BVAR VAR tvVAR

REN MAE 3.03 3.14 2.34 1.10 1.20 1.23 0.71 0.69 0.94 0.74 0.77 0.81
RMSE 3.03 3.14 2.34 1.69 1.70 1.48 1.17 1.17 1.02 1.13 1.18 0.96

GDP MAE 0.94 0.97 0.53 1.32 1.37 1.77 0.90 1.03 2.35 0.85 0.89 1.01
RMSE 0.94 0.97 0.53 1.33 1.38 2.06 1.07 1.17 2.70 0.99 1.03 1.28

ELEC_p MAE 0.03 0.03 0.45 0.28 0.42 1.08 0.11 0.24 0.44 0.13 0.37 0.33
RMSE 0.03 0.03 0.45 0.28 0.42 1.12 0.13 0.34 0.53 0.17 0.43 0.37

ELEC_c MAE 3.77 3.90 4.58 3.30 3.49 3.50 3.02 2.85 3.11 3.02 2.97 2.88
RMSE 3.77 3.90 4.58 3.72 3.74 4.03 3.34 3.12 3.76 3.33 3.25 3.42

Notes: MAE and RMSE values expressed as percentages (%). Bold indicates best-performing
model for each variable-horizon combination. Out-of-sample forecasts evaluated on: 1 ob-
servation (h=1), 3 observations (h=3), 9 observations (h=9), and 12 observations (h=12).

statistically equivalent. This result reflects the modest absolute differences in RMSE doc-
umented earlier and the limited test power inherent in small out-of-sample periods (1-12
observations depending on horizon). Given these limitations, the absence of statistically
significant differences reinforces that all three modeling approaches are equally capable of
capturing the energy-macroeconomy dynamics, with model selection depending primar-
ily on computational preferences and specific variable characteristics rather than overall
forecasting superiority5.

5.3 Impulse Response Functions

Next, the Impulse Response Functions (IRFs) are presented, which represent condi-
tional forecasts that trace how electricity consumption responds dynamically to a one-time
shock over future periods. It examines both standard IRFs, which show period-by-period
responses, and cumulative IRFs, which measure the total accumulated impact over time.
Because models produce similar in-sample and out-of-sample forecasts, and for simplicity,
I show only the IRF for the BVAR and tvVAR models.

Figures 3 and 4 present the standard and cumulative IRF from the BVAR model,
showing how electricity consumption (ELEC_c) responds to one standard deviation shocks
in the other endogenous variables over a 6-month horizon.

A positive shock to GDP increases electricity consumption. The standard IRF (Fig-
ure 3) shows an immediate positive response of approximately 0.5% that is also observed
in the next period before gradually declining but remaining positive throughout the fore-
cast horizon(similar to the findings of Narayan et al. (2008), who document a statistically
significant positive impact on real GDP over short horizons for G7 countries). The shocks

5Residual analysis is presented in Appendix H. Although heteroskedasticity and autocorrelation con-
cerns may exist, this paper adopts several safeguards: VAR models are estimated with robust standard
errors, tvVAR estimations employ bootstrap methods, and BVAR uses data-driven automatic hyper-
parameter selection, an approach more objective than relying on researcher discretion, even if it involves
robust standard errors. While statistical inference is important, the analysis prioritizes robustness and
transparency in model specification.

18



from the first two periods are significant at the 68% confidence level. The cumulative
response (Figure 4) reveals that the total accumulated effect reaches approximately 1%
by the end of the horizon, indicating that GDP shocks have a sustained positive impact
on electricity consumption. The relatively narrow credible intervals suggest high confid-
ence in this relationship, consistent with the expected procyclical nature of electricity
consumption.

These results are consistent with Saidi (2025), where electricity consumption has a
positive but transitory effect on GDP, significant only in the immediate term and dissip-
ating after 2-3 periods. On the other hand, Kunju Mol Raj et al. (2025) finds that the
unidirectional relationship between GDP and electricity consumption is weak or negligible
in Western European countries. While the results indicate that economic growth supports
electricity consumption in Portugal, policies must prioritize expanding renewable capa-
city to balance consumption with environmental sustainability, in contrast to the view of
(Kunju Mol Raj et al., 2025) that there is full decoupling between electricity consumption
and GDP.

The response of electricity consumption to renewable capacity (REN) shocks shows
a slightly negative impact in the first period after the schock, though the effect hovers
close to zero, and the wide credible intervals indicate substantial uncertainty. This sug-
gests a weak or ambiguous relationship between renewable capacity penetration and over-
all electricity consumption levels in the short run. Shocks to electricity prices (ELEC_p)
initially generate a small positive response in consumption, contrary to standard consump-
tion theory expectations. However, the effect converges toward zero, with considerable
uncertainty reflected in the credible bands. These results are consistent with the literat-
ure, which states that electricity consumption is relatively price-inelastic in the short-run
(for example, Carrasco-Gutierrez and Ehrl (2023)). The own-shock response of electricity
consumption shows the expected pattern: a strong initial impact of approximately 4%
that decays rapidly, with the cumulative effect stabilizing around 3%, indicating moderate
persistence in consumption dynamics.

Next, it is presented the IRFs for the tvVAR model.

Figures 5 and 6 present the bootstrap-estimated impulse response functions from
the tvVAR model, based on 500 successful bootstrap replications along with 68% and
95% confidence intervals. The time-varying nature of the tvVAR means these responses
represent averages across all time points in the sample.

Similar to the BVAR results, the most pronounced and economically significant ef-
fect on electricity consumption comes from GDP shocks. The tvVAR bootstrap estimates
(Figure 5) corroborate this finding, showing an initial positive response of approximately
0.7% that decays toward zero in the following periods, with the cumulative response (Fig-
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Figure 3: BVAR standard impulse response functions: response of electricity consumption
to shocks

Figure 4: BVAR cumulative impulse response functions: response of electricity consump-
tion to shocks
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ure 6) stabilizing around 0.8%, close to the BVAR estimate. This persistent positive
elasticity confirms that economic expansion drives sustained increases in electricity con-
sumption and is consistent with the largest portion of the literature (Csereklyei, 2020;
Liddle and Hasanov, 2022; Saidi, 2025).

Renewable capacity shocks exhibit ambiguous effects in the tvVAR: the standard
IRF displays a very small initial positive response, followed by a negative swing that
reverts once again to a slight positive value before ultimately converging to zero. However,
the wide confidence bands indicate substantial uncertainty throughout the horizon. This
corroborates somewhat the findings of the BVAR model, which show a small negative
cumulative effect with similarly large uncertainty. The tvVAR response to electricity
price (ELEC_p) shocks displays an initial positive effect of approximately 0.3% that
decays rapidly toward zero, mirroring the BVAR’s counterintuitive short-run positive price
response. However, both models suggest this effect is economically small and statistically
uncertain. The own-shock response of electricity consumption in the tvVAR shows the
expected strong initial impact of approximately 3% with rapid decay, with the cumulative
effect stabilizing around 3% similarly to the BVAR model.

Figure 5: tvVAR bootstrap standard impulse response functions: response of electricity
consumption to shocks

The impulse response functions reveal important insights for electricity consumption
forecasting in the Portuguese context. GDP shocks exhibit strong and persistent effects
on electricity consumption (0.5% peak impact, accumulating to 1% over six months),
consistent with Portugal’s service-oriented economy, where tertiary sector activity, par-
ticularly tourism, commerce, and digital services, drives substantial commercial electri-
city consumption (Cruz, 2025a). The counterintuitive positive response of electricity
consumption to price shocks, though statistically insignificant, merits economic interpret-

21



Figure 6: tvVAR bootstrap cumulative impulse response functions: response of electricity
consumption to shocks
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ation. This finding likely reflects Portugal’s electricity market structure, where: (1) retail
prices partially follow wholesale market dynamics with regulatory lags, creating periods
where both prices and consumption rise simultaneously during economic expansion; (2)
the essential nature of electricity services limits short-run substitution possibilities; and
(3) price-inelastic industrial consumers and regulated tariffs for residential consumers
dampen behavioral responses.

The weak and uncertain effects of renewable capacity penetration on aggregate
consumption present a critical policy puzzle. While renewable capacity has expanded
substantially (DGEG, 2023; Robaina et al., 2025), this supply-side transformation has not
yet been fully matched with demand-side electrification. In this context, further renewable
capacity expansion faces several challenges: renewable deployment may reduce electricity
prices (stimulating consumption), but intermittency concerns and grid constraints may
limit reliability for industrial and residential users, while residential electrification requires
complementary policies (EV subsidies, heat pump adoption).

5.4 Model Selection and the Complexity-Stability Trade-off

The comparative performance across VAR, BVAR, and tvVAR models illuminates
fundamental trade-offs in forecasting electricity consumption during volatile periods. The
results align with Koop (2013) in demonstrating that Bayesian shrinkage (BVAR) provides
stable forecasts by regularizing parameter estimates, particularly valuable when structural
breaks threaten overfitting. The BVAR’s superior performance for electricity prices and
consumption forecasting (lowest RMSE) confirms that shrinkage priors effectively handle
the COVID-19 disruption and the energy crisis, mitigating Cerqueira and da Silva (2023)
concerns.

However, the tvVAR’s marginal advantage in RMSE for electricity consumption,
in the in-sample fit (3.29% vs. 3.57%), suggests that time-varying parameters capture
declining income elasticities and changing seasonal patterns that fixed-parameter models
miss. This finding extends Primiceri (2005) to energy markets, demonstrating that struc-
tural change in electricity consumption warrants flexible specifications despite increased
parameter uncertainty.

The VAR model’s close forecasting performance for all variables reveals an important
insight: simpler models can match complex alternatives when underlying processes are
relatively stable and driven by observable exogenous factors (weather patterns, policy
mandates). This echoes Stock and Watson (2007) argument that shrinkage methods
excel in high-dimensional unstable environments, while classical approaches suffice for
stable relationships. For policymakers, this implies that model selection should match
the variable’s characteristics: flexible models (tvVAR) for evolving consumption patterns,
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shrinkage (BVAR) for volatile macroeconomic variables, and classical methods (VAR) for
stable policy-driven variables.

No single model dominates across all variables and periods, consistent with fore-
cast combination literature (Timmermann, 2006). This suggests energy regulators should
maintain diverse modeling frameworks rather than commit to a single methodology, par-
ticularly as the energy transition introduces unprecedented gradual transformations. The
ensemble approach, combining forecasts across models, emerges as the optimal strategy.

5.5 Total Effects

Table 6 presents the long-run effects, calculated as the sum of all lagged coefficients
for each variable. These cumulative effects measure the total impact on ELEC_c from
a permanent one-unit change in each endogenous variable after all dynamic adjustments
have occurred. The income elasticity of electricity consumption is inelastic, notably pos-
itive and economically significant across all three models, ranging from 0.308(BVAR) to
0.587 (tvVAR). This indicates that a permanent 1% increase in GDP leads to a long-run
increase in electricity consumption of approximately 0.31% to 0.59%, confirming electri-
city as a normal good.

These estimates are consistent with findings in the literature: Csereklyei (2020)
report long-run income elasticities of 0.3-0.5 for developed economies. This may reflect
Portugal’s economic structure and energy-efficiency improvements over the sample period.

Electricity prices show small heterogeneous long-run effects (-0.49 to 0.678), con-
sistent with the relatively inelastic nature of electricity consumption. Csereklyei (2020)
indicate residential and industrial short-run price elasticities between -0.07 and -0.10,
which may reach -1.01 in the long run, though our aggregate estimates suggest more
modest price sensitivity. The own-effect for electricity consumption is negative across all
models (-0.365 to -1.112), reflecting strong corrective dynamics in consumption growth
rates.

Table 6: Total cumulative effects: effect on ELEC_c from permanent 1-unit change

Variable BVAR VAR tvVAR (Last)
REN -0.614 -0.783 0.911
GDP 0.308 0.442 0.587
ELEC_p -0.649 0.678 -0.473
ELEC_c -0.365 -0.491 -1.112

Note: Long-run effects are calculated as the sum of all lagged coefficients for each variable.
Values represent the cumulative effect on ELEC_c from a permanent 1-unit change in each
variable without system feedback. VAR coefficients are from OLS estimation, BVAR from
posterior medians (Minnesota priors), and tvVAR represents last period coefficients.

A key finding from the tvVAR estimation reveals temporal variation in the income

24



elasticity of electricity consumption. The mean time-varying coefficients suggest that a
1% increase in GDP drives a 0.66% rise in electricity consumption; however, by 2024 (last
period), this elasticity settles at a lower value of 0.59%. This gradual decoupling between
economic growth and electricity consumption is consistent with structural changes in
the Portuguese economy, including energy efficiency improvements, sectoral shifts toward
less energy-intensive activities, and the deployment of distributed generation technologies
(Cruz, 2025a). However, this partial decoupling warrants deeper investigation into the
evolving relationship between income and contracted capacity. While consumption exhib-
its declining income sensitivity, contracted capacity, which reflects households’ and firms’
ex-ante expectations of peak consumption, for example, to charge electric vehicles (Turk
et al., 2025), may follow a different trajectory. Understanding this distinction is crucial for
tariff design optimization: if the income elasticity of contracted capacity remains stable or
increases while consumption elasticity declines, this would provide empirical support for
shifting network cost recovery from volumetric (consumption-based) to fixed (capacity-
based) tariff components. Such tariff restructuring would better align revenue stability
with cost causation principles and reduce allocative inefficiencies arising from declining
consumption volumes under current regulatory frameworks. In this context, van Mont-
foort (2025) highlights that "current tariffs often fail to encourage efficient capacity use,
but redesigning them to reflect capacity expansion costs could promote more efficient grid
use".

Model stability analysis is performed in Appendix I and all eigenvalues lie within
the unit circle (max modulus 0.882), confirming system stability and valid VAR inference.
Furthermore, according to the Granger causality analysis in Appendix J, GDP Granger-
causes electricity consumption (p=0.0419) but not vice versa, supporting the conservation
hypothesis where energy efficiency policies can be implemented without constraining eco-
nomic growth (Costa-Campi et al., 2018).

Given these results, the policy recommendations for the Portuguese energy policy
and electricity market design are presented next.

6. Policy Recommendations

The findings in this paper support several policies. The strong relationship between
GDP and electricity consumption underscores the importance of integrating and further
developing macroeconomic forecasts into electricity system planning and renewable ca-
pacity deployment strategies, namely in network investment plans, tariff design, and the
sustainability of the electricity sector, as well as in other analyses that proxy for electri-
city consumption. These conclusions are consistent with what is found at the European
level (Csereklyei, 2020; Costa-Campi et al., 2018) and developed countries (Narayan et al.,
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2008), even though the discussion on the full decoupling remains active (Kunju Mol Raj
et al., 2025).

Reliable electricity consumption forecasts are fundamental to multiple policy and
regulatory decisions in Portugal’s energy transition. Overall, the findings carry specific
implications across four policy domains.

Network Planning and Investment: The strong GDP-electricity linkage (cumu-
lative effects of 0.31-0.59) implies that transmission and distribution network operators
must integrate macroeconomic forecasts into infrastructure planning. However, the declin-
ing elasticity over time, captured by tvVAR parameters, suggests that historical relation-
ships may overestimate future consumption growth, potentially leading to overinvestment.
Regulators should adjust load and consumption forecasts downward to account for energy
efficiency improvements and structural economic shifts, while maintaining flexibility for
potential electrification surges if transport and heating policies materialize (Liddle et al.,
2023).

Tariff Design: While very short-term dynamic pricing may enable load-shifting,
particularly among industrial consumers (Hirth et al., 2022), these temporal reallocations
do not translate into reduced monthly consumption. In contrast, the long-run elasticity
reflects genuine consumption reductions driven by capital stock adjustments—equipment
upgrades, efficiency investments, and technology adoption (Csereklyei, 2020). This U-
shaped elasticity pattern of high intraday flexibility, low monthly responsiveness, and
high long-run sensitivity suggests that tariff design should combine intraday price signals
for load management with sustained long-term price trajectories to incentivize efficiency
investments. Furthermore, future tariff reforms should be informed by empirical analysis
of the diverging income elasticities of consumption and contracted capacity to ensure
cost-reflective pricing.

Renewable Capacity Integration: The ambiguous effects of renewable penetra-
tion on consumption underscore a critical policy gap. Supply-side renewable expansion
must be complemented by consumption-side electrification policies to achieve climate ob-
jectives. Forecasting models should explicitly incorporate planned policy interventions,
for example, EV adoption targets, heat pump subsidies, and industrial electrification in-
centives, as scenario variables rather than assuming historical consumption patterns per-
sist. Furthermore, intermittency challenges (Cosgrove et al., 2023) require probabilistic
forecasts that quantify tail risks for system adequacy assessments.

Cost Recovery of Infrastructure: Portugal’s economic projections indicate 1.90%
annual GDP growth (2027-2040, central scenario) with electricity consumption growing
at 1.41%, yielding a 0.74 consumption-to-GDP ratio that reflects structural economic
transformation and energy efficiency improvements (DGEG, 2025). The commercial sec-
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tor’s share is projected to rise from 65% (2020) to 78.8% by 2025 (DGEG, 2023). This
moderate consumption growth may facilitate a combination with the planned renewable
penetration (an increase of 18.5 GW in solar and wind capacity). Still, it may spread its
fixed infrastructure and cost recovery across a slower-growing base.

Despite declining consumption-GDP elasticity over time (Cruz, 2025a), economic
growth still requires adequate capacity investments. However, Liddle et al. (2023) attrib-
utes this decline to saturation in electrification, suggesting that fully electrifying trans-
port through policies such as subsidies for electric vehicles or vouchers for consumers
to transition from gas to electricity could rapidly increase electricity consumption. The
ambiguous effects of renewable penetration on aggregate consumption reveal a critical
policy gap: supply-side expansion (DGEG, 2023) must be complemented by targeted
demand-side electrification in transport, heating, and industry, while addressing intermit-
tency challenges and potential cost increases (Cosgrove et al., 2023). Policies promoting
energy efficiency in industry, buildings, and appliances should be intensified further to
decouple economic growth from electricity consumption, supporting decarbonization ob-
jectives while maintaining economic competitiveness. Weak short-run price responsiveness
indicates that policies such as carbon pricing alone may prove insufficient for behavioral
change. Policy should instead combine long-term price signals with regulatory standards
and technology subsidies (Csereklyei, 2020). For forecasting, regulators should adopt
probabilistic approaches that quantify uncertainty from geopolitical tensions, weather
extremes, and energy transition dynamics, incorporating electrification incentives, fuel
switching, economic structural shifts, and self-generation trends. Model diversity and
ensemble approaches prove essential, as no single model dominates across all periods, and
non-linear information may improve accuracy.

7. Conclusions

This paper examined the dynamic relationships between electricity consumption,
prices, GDP, and renewable capacity in Portugal (2012-2024) using three complementary
VAR modeling approaches during a period marked by renewable capacity expansion, the
COVID-19 pandemic, and the 2021-2022 energy crisis. All three models demonstrated
strong in-sample fit (RMSE consistently below 5%) and reasonable out-of-sample forecast
accuracy.

Successful energy transitions may require coordinated supply-consumption policies,
integrated macroeconomic planning, and probabilistic forecasting. Economic growth re-
mains the primary driver of electricity consumption, but declining elasticities (Cruz,
2025a) signal opportunities for efficiency-led decoupling strategies. However, saturation
in electrification (Liddle et al., 2023) may require intensified consumption-side policies.
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Second, renewable capacity expansion (DGEG, 2023) alone does not transform consump-
tion patterns. Active electrification policies are essential for energy transition, while
intermittency challenges (Cosgrove et al., 2023) require coordinated storage investment.
Third, electricity’s price-inelastic nature requires policy frameworks extending beyond pri-
cing to include regulatory standards and long-term structural interventions (Csereklyei,
2020).

This study’s focus on aggregate national data limits insights into sector-specific dy-
namics and regional heterogeneity. Future research should explore: (1) sector-disaggregated
models capturing differential electrification patterns; (2) explicit modeling of energy ef-
ficiency as an investment variable; (3) incorporation of demand-side flexibility and self-
generation trends; (4) regional forecasting models for localized grid planning; (5) machine
learning approaches with larger datasets to capture non-linear interactions; and (6) re-
fined price variables distinguishing regulated and market components. Extending the time
series beyond 2024 will enable more robust analysis of long-term smooth transformations.
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Appendix V

Figure 7: Evolution of the main variables

Appendix B

Table 7: Correlation matrix of key variables

ELEC_c ELEC_p REN GDP CDD HDD POP
ELEC_c 1.000 0.239 0.255 0.244 -0.042 0.460 -0.034
ELEC_p 0.239 1.000 -0.446 -0.488 0.036 0.055 -0.505
REN 0.255 -0.446 1.000 0.895 0.047 -0.095 0.558
GDP 0.244 -0.488 0.895 1.000 0.041 -0.078 0.473
CDD -0.042 0.036 0.047 0.041 1.000 -0.567 -0.001
HDD 0.460 0.055 -0.095 -0.078 -0.567 1.000 -0.034
POP -0.034 -0.505 0.558 0.473 -0.001 -0.034 1.000

Note: Pearson correlation coefficients for the sample period January 2012 - December 2024 (N=156).
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Appendix C

Table 8: Unit root test results

Variable ADF p-value KPSS p-value Result
ELEC_c −11.293 < 0.01 0.054 > 0.10 Stationary
ELEC_p∗∗ −3.504 < 0.01 0.225 < 0.05 Mixed
GDP −8.753 < 0.01 0.025 > 0.10 Stationary
CDD −7.140 < 0.01 0.011 > 0.10 Stationary
REN∗∗ −3.760 < 0.01 0.345 < 0.05 Mixed
HDD −7.924 < 0.01 0.012 > 0.10 Stationary
POP −5.009 < 0.01 0.121 > 0.10 Stationary

Note: ADF and KPSS tests are conducted on first-differenced logarithmic-transformed variables using
the urca package in R. The ADF test specification excludes deterministic components ("none" option),
since variables have been previously detrended, and AIC selects the lag length. The KPSS test uses a
5% critical value of 0.146. For ADF, rejection of the null hypothesis indicates stationarity; for KPSS,
failure to reject indicates stationarity. All variables reject the unit root hypothesis in the ADF test at
the 1% level. ELEC_p and REN show conflicting results between tests (marked with ∗∗), with KPSS
statistics exceeding the 5% critical value (0.225 and 0.345, respectively), suggesting potential residual

non-stationarity that warrants cautious interpretation.
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Appendix D

Figure 8: Methodological framework and analysis pipeline
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Appendix E

Table 9: VAR lag length selection criteria

Criterion p=1 p=2 p=3 p=4 p=5 p=6
AIC −35.79 −35.85 −35.79 −35.75 −35.74 −35.69
HQ −35.56 −35.49 −35.30 −35.13 −34.99 −34.80
SC −35.22 −34.96 −34.58 −34.22 −33.89 −33.51
FPE 2.87e-16 2.71e-16 2.86e-16 3.00e-16 3.04e-16 3.23e-16
Notes: AIC = Akaike Information Criterion; HQ = Hannan-Quinn Criterion;
SC = Schwarz Criterion; FPE = Final Prediction Error. Bold indicates optimal lag.
AIC and FPE select p = 2; HQ and SC select p = 1.
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Appendix F

Table 10: VAR coefficient estimates with robust standard errors

REN GDP ELEC_p ELEC_c
Endogenous Variables
RENt−1 0.118 0.122 0.004 −0.957

(0.089) (0.252) (0.040) (0.495)
GDPt−1 0.006 0.243** −0.021 0.424*

(0.030) (0.086) (0.014) (0.169)
ELEC_pt−1 −0.053 0.157 1.073*** 0.904

(0.177) (0.504) (0.080) (0.992)
ELEC_ct−1 −0.008 −0.003 −0.001 −0.351***

(0.015) (0.043) (0.007) (0.084)
RENt−2 0.111 0.008 0.024 0.174

(0.090) (0.256) (0.041) (0.504)
GDPt−2 0.040 −0.149. 0.048*** 0.018

(0.031) (0.087) (0.014) (0.171)
ELEC_pt−2 0.225 −0.264 −0.206* −0.226

(0.177) (0.502) (0.080) (0.989)
ELEC_ct−2 −0.010 0.035 −0.003 −0.140.

(0.015) (0.042) (0.007) (0.082)
Exogenous Variables
CDD −0.000 0.000 0.000 0.003

(0.001) (0.002) (0.000) (0.003)
HDD 0.000 −0.001 −0.000 0.006

(0.002) (0.005) (0.001) (0.009)
POP 1.445 1.899 −0.325 −3.067

(1.012) (2.875) (0.456) (5.657)
Model Specification
Constant 0.004*** 0.000 −0.000 0.006

(0.001) (0.002) (0.000) (0.004)
Observations 153
Variables (endogenous) 4
Variables (exogenous) 3
Lags 2
Standard Errors Heteroskedasticity-Robust (HC3)
Model Fit
R2 (REN) 0.116
R2 (GDP) 0.074
R2 (ELEC_p) 0.814
R2 (ELEC_c) 0.162
Adj. R2 (REN) 0.047
Adj. R2 (GDP) 0.002
Adj. R2 (ELEC_p) 0.799
Adj. R2 (ELEC_c) 0.097
Notes: Robust standard errors (HC3) in parentheses.
Significance codes: *** p<0.001; ** p<0.01; * p<0.05; . p<0.1
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Table 11: BVAR coefficient estimates (posterior medians)

REN GDP ELEC_p ELEC_c
Constant 0.003 0.001 0.001 0.001
RENt−1 0.271 −0.044 −0.087 0.075
GDPt−1 0.026 0.306 −0.003 0.317
ELEC_pt−1 −0.060 −0.065 0.777 −0.041
ELEC_ct−1 0.028 −0.017 −0.008 −0.261
RENt−2 0.047 0.065 0.032 0.198
GDPt−2 0.011 −0.107 0.018 −0.050
ELEC_pt−2 0.105 0.055 −0.051 −0.016
ELEC_ct−2 −0.009 0.023 0.034 −0.093
Model Specification
Observations 153
Variables 4
Lags 2
Estimation Details
Method Bayesian VAR with Minnesota priors
MCMC draws 1,000,000
Burn-in 100,000
Thinning 5
λ (optimized) 1.971
Computation time 5.7 mins

Table 12: tvVAR coefficient estimates across time for electricity consumption

First (t=1/153) Middle (t=76/153) Last (t=153/153)
Endogenous Variables
RENt−1 −0.514 −0.053 0.421
GDPt−1 0.568 0.496 0.423
ELEC_pt−1 −0.448 0.093 0.646
ELEC_ct−1 −0.165 −0.440 −0.723
RENt−2 0.862 0.618 0.364
GDPt−2 −0.030 0.019 0.069
ELEC_pt−2 1.652 0.321 −1.044
ELEC_ct−2 −0.078 −0.225 −0.377
Exogenous Variables
CDD 0.001 0.004 0.006
HDD 0.001 0.010 0.018
POP −15.207 −1.814 11.834
Model Specification
Observations 153
Variables (endogenous) 4
Variables (exogenous) 3
Lags 2
Estimation Details
Method Time-Varying VAR (local linear)
Bandwidth (REN) 2.11
Bandwidth (GDP) 20.00
Bandwidth (ELEC_p) 20.00
Bandwidth (ELEC_c) 20.00
Note: Table shows ELEC_c equation coefficients at three time points.
Use bootstrap confidence intervals for inference
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Appendix G

Table 13: Diebold-Mariano test: BVAR vs VAR (h = 6)

Variable DM Statistic p-value Sig Winner
REN 0.0000 1.0000 — No difference
GDP −0.0000 1.0000 — No difference
ELEC_p 0.0000 1.0000 — No difference
ELEC_c −0.0000 1.0000 — No difference

Note: H0: Models have equal forecast accuracy; H1: Mod-
els have different forecast accuracy.
*** p<0.01, ** p<0.05, * p<0.10.

Table 14: Diebold-Mariano test: BVAR vs tvVAR (h = 6)

Variable DM Statistic p-value Sig Winner
REN 0.0000 1.0000 — No difference
GDP −0.0000 1.0000 — No difference
ELEC_p 0.0000 1.0000 — No difference
ELEC_c −0.0000 1.0000 — No difference

Note: H0: Models have equal forecast accuracy; H1: Mod-
els have different forecast accuracy.
*** p<0.01, ** p<0.05, * p<0.10.

Table 15: Diebold-Mariano test: VAR vs tvVAR (h = 6)

Variable DM Statistic p-value Sig Winner
REN 0.0000 1.0000 — No difference
GDP −0.0000 1.0000 — No difference
ELEC_p 0.0000 1.0000 — No difference
ELEC_c −0.0000 1.0000 — No difference

Note: H0: Models have equal forecast accuracy; H1: Mod-
els have different forecast accuracy.
*** p<0.01, ** p<0.05, * p<0.10.
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Appendix H

Figure 9: Residuals analysis I

Figure 10: Residuals analysis II
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Figure 11: Residuals analysis III
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Table 16: Ljung-Box test for residual autocorrelation

Variable Lag Q-statistic p-value Result
Lag 1 month
REN 1 6.76 0.0093 Autocorrelation∗∗∗

GDP 1 0.64 0.4219 No autocorrelation
ELEC_p 1 3.93 0.0475 Autocorrelation∗∗

ELEC_c 1 0.73 0.3919 No autocorrelation
Lag 3 months
REN 3 10.46 0.0150 Autocorrelation∗∗

GDP 3 1.19 0.7555 No autocorrelation
ELEC_p 3 4.88 0.1807 No autocorrelation
ELEC_c 3 4.76 0.1903 No autocorrelation
Lag 6 months
REN 6 14.07 0.0288 Autocorrelation∗∗

GDP 6 13.51 0.0356 Autocorrelation∗∗

ELEC_p 6 7.05 0.3161 No autocorrelation
ELEC_c 6 6.14 0.4080 No autocorrelation
Lag 12 months
REN 12 17.65 0.1266 No autocorrelation
GDP 12 22.18 0.0356 Autocorrelation∗∗

ELEC_p 12 13.82 0.3123 No autocorrelation
ELEC_c 12 15.37 0.2216 No autocorrelation
Notes: H0: No autocorrelation in residuals. Significance levels:
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. Despite REN showing persistent autocorrelation,
this reflects the structural dependence of renewables on autocorrelated climatic
conditions and COVID-19 impacts. Bootstrap methods ensure robust inference.

Appendix I

Figure 12 presents the eigenvalue stability diagnostic for the BVAR model. All
eigenvalues lie strictly within the unit circle (maximum modulus of 0.882), confirming
that the estimated system is stable and that impulse responses converge to zero, satisfying
the stationarity conditions required for valid inference in VAR models.
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Figure 12: BVAR stability diagnostic: eigenvalue plot

Appendix J

Table 17 presents the Granger causality test results (Granger, 1969) for the VAR
model, with p-values indicating whether past values of one variable (row) help predict
another variable (column) beyond its own lags. The results reveal several significant
relationships: GDP Granger-causes electricity consumption (p = 0.0419), confirming
that past economic activity contains useful information for forecasting electricity con-
sumption. GDP strongly Granger-cause electricity prices (p = 0.0017), suggesting that
economic activity influence price dynamics significantly, possibly through an increase in
consumption. The direction of causality has critical implications for the design of en-
ergy policy. Portugal’s results support the conservation hypothesis (Costa-Campi et al.,
2018), where GDP drives electricity consumption but not vice versa, implying that while
economic growth increases electricity consumption, reducing consumption through effi-
ciency measures does not constrain economic expansion. This unidirectional relationship
provides policymakers with strategic flexibility: energy efficiency policies can be imple-
mented aggressively6 without risking economic competitiveness, decoupling becomes feas-
ible through targeted efficiency interventions, and more ambitious reduction targets can
be pursued safely.

Notably, electricity consumption does not Granger-cause GDP, electricity prices, or
any other variable in the system at conventional significance levels, consistent with its
positioning as primarily responding to rather than driving macroeconomic and energy
market conditions. Similarly, renewable capacity does not Granger-cause GDP or electri-
city prices, suggesting that renewable penetration, does not yet have significant predictive

6as is the example of the EU efficiency energy Directive - (European Union, 2023) - that simultaneously
establishes binding obligations and enforcement mechanisms with increases in annual energy savings
requirements of 0.8% up to 1.9% by 2030 with reference to average consumption between 2016 to 2018

39



Table 17: Pairwise granger causality tests (p-values)

From → To REN GDP ELEC_p ELEC_c

REN — 0.7839 0.8030 0.3145
GDP 0.5064 — 0.0017∗∗∗ 0.0419∗∗

ELEC_p 0.3113 0.8232 — 0.4073
ELEC_c 0.9236 0.6690 0.9167 —

Notes: The table reports p-values from Wald tests of the null hypothesis that variable in row does NOT Granger-cause
variable in column. VAR model with optimal lag length and exogenous variables (CDD, HDD, POP). Significance levels:

∗∗∗ p<0.01, ∗∗ p<0.05, ∗ p<0.10.

power for broader economic or price dynamics in Portugal during this period.
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