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Abstract 
In this paper, we construct and evaluate macroeconomic and transportation-
based indices to assess their predictive power in forecasting the Energy Consumer 
Price Index (CPI). We introduce three novel indices that incorporate global 
crude oil prices, industrial production, deep-sea freight, air transportation, and 
motor vehicle equipment. To assess their forecasting ability, we compare their 
performance against AR(1) and AR(2) benchmark models using rolling window 
approaches and two estimation methods: ordinary least squares and quantile re-
gression. The results demonstrate that our proposed indices consistently outper-
form the benchmarks across most model specifications and window lengths, 
with transportation-related indicators showing particularly strong and robust 
predictive performance for future energy price trends. 
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1. Introduction 

Gasoline, fuel oil, electricity, and natural gas are key components of household 
and industrial energy consumption. They represent distinct forms of energy used 
for transportation, heating, and power supply. Figure 1 presents the evolution of 
these energy resources in the United States from 1957 to 2025. It is evident that the 
consumption of each energy resource has increased significantly during this time 
period. One possible explanation, according to Wei et al. (2019), is the economic 
and population growth. 
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Figure 1. The evolution of U.S. energy consumption index. 
 

The significant increase in energy consumption across various resources clearly 
reflects the rapid growth in both the economy and population. This rise not only 
points to higher demand but also contributes to increased environmental pollu-
tion. Managing energy use effectively is crucial to addressing these challenges, and 
a key part of that is being able to accurately predict future energy consumption. 
Forecasting helps us understand patterns, identify how energy use relates to envi-
ronmental impacts and business activities, and optimize current systems and re-
sources to meet specific goals. Because of this, forecasting energy consumption is 
fundamental to successful energy management strategies aimed at improving ef-
ficiency and sustainability (Smith et al., 2007; Suganthi & Samuel, 2012; El Maghra-
oui et al., 2022). 

In this paper, we make a three-fold contribution. First, we examine how well a 
set of transportation variables can forecast future energy consumption using lead-
ing indices1. We construct three distinct leading indices that combine Brent Crude, 
industrial production, deep-sea freight transportation, air transportation, and mo-
tor vehicle equipment data. We then evaluate these indices as straightforward and 
effective tools for summarizing information about future energy consumption growth 
trends. Second, to test the robustness of our forecasts and enhance their forecast-
ing performance, we use the conventional AR(1) and AR(2) models as our base-
line benchmarks. Third, we implement different rolling window approaches to en-
hance robustness by emphasizing the most recent data. Our results are promising 
in incorporating these proposed indices into ARDLX models that improve fore-
casting performance, especially in terms of Mean Square Error (MSE) and Quan-
tile Regression (QR) approach, where we observe the greatest improvements com-

 
1For the successful use of leading indicators models in forecasting, see also Prokopos and Kyriazi (2025), 
Baimpos and Kyriazi (2025), and Guerard et al. (2020, 2023). 
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pared to the benchmark models. 
The rest of the paper is structured as follows: In Section 2, we present a brief rel-

evant literature; in Section 3, we delve into our methodology and forecast evaluation; 
Section 4 analyzes our results and finally, in Section 5, we conclude with some policy 
implications. 

2. Literature Review 

Early energy forecasting attempts, particularly before the 1970s, mostly relied on 
using historical data trends to predict future energy needs. However, the oil price 
shocks of the 1970s exposed the shortcomings of these approaches and revealed 
the necessity of including multi-factor data. Stratton (1979) reasoned that produc-
tive energy forecasting must be cross-disciplinary, including indicators from sec-
tors such as economics, engineering, political science, and environmental studies. 
Consequently, Hamilton (1983) established the foundational understanding of how 
energy prices affect economic performance, which is essential for accurate energy 
forecasting. Hamilton presented how the oil price increases have been instrumen-
tal in triggering economic downturns. More recent research has explored the im-
portance of energy price uncertainty. Punzi (2019) investigates the impact of en-
ergy price volatility on macroeconomic patterns in greater detail. Punzi concludes 
that increases in energy price uncertainty reduce GDP, consumption, investment, 
and labor supply in the United States. 

Despite the significance of energy prices in influencing macroeconomic condi-
tions, accurately forecasting energy values remains a complex task. Alquist and Kilian 
(2010) present the weaknesses of crude oil futures prices in predicting future spot 
prices. Their analysis showed that oil futures’ prices regularly underperformed no-
change forecasts when predicting future spot prices. In response to single-predic-
tor models, Baumeister and Kilian (2015) made advances in forecasting approaches, 
achieving significant results in forecasting oil prices by combining six different 
econometric models. Ferrari et al. (2019) propose a sparse dynamic factor model 
to predict global energy commodity prices, arguing that careful selection of mac-
roeconomic variables improves forecasting accuracy relative to traditional time 
series models and naive machine learning techniques. Billé et al. (2023) show that 
simple models focusing on macroeconomic fundamentals and exogenous funda-
mental variables present better forecasting accuracy than both traditional auto-
regressive models and more complex machine learning techniques. This is partic-
ularly true when predicting hourly day-ahead electricity prices. Recent research 
highlights the evolving role of machine learning approaches in energy price fore-
casting. Xu et al. (2025) develop a hybrid forecasting framework that combines 
both macroeconomic and financial market indicators with machine learning 
models such as LSTM, GRU, and MLP, producing promising results on crude oil 
prices. 

As referenced above, forecasting models utilizing multiple indicators such as 
industrial production, Brent crude oil prices, maritime, air, and vehicle transpor-
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tation can achieve propitious forecasting results. With that said, industrial pro-
duction is recognized as a vital macroeconomic indicator, linked to energy de-
mand. Kilian (2009) presents that global industrial production drives oil price fluc-
tuations. Volatility in industrial production can provide insight into energy con-
sumption. Consistent with this view, Baumeister et al. (2020) underline the supe-
riority of global industrial production for predicting real oil prices and petroleum 
consumption. Brent crude oil spot price remains at the center of determining con-
sumer energy costs, as it affects the prices of gasoline, heating oil, and other energy 
goods. Furthermore, transportation activities are among the most energy-inten-
sive sectors of the economy, affecting overall energy demand. Notteboom and Ro-
drigue (2008) display the challenges of forecasting shipping container flows given 
the volatility of macroeconomic indicators. They argue that container flows lead 
to industrial demand and energy consumption, indicating energy price trends. 
Small and Van Dender (2007) show that fuel efficiency improvements have a weaker 
effect on travel demand than previously thought. Graham and Glaister (2004) pro-
vide in-depth estimates of the elasticity of road traffic demand concerning fuel 
prices and income levels, further reinforcing the correlation between transporta-
tion, macroeconomic trends, and energy consumption. Baumeister et al. (2020) 
argue in favor of including transportation-related indicators to improve forecast-
ing ability. 

Despite the width of existing research, gaps remain. Few studies have combined 
solid macroeconomic and transportation-related variables to forecast energy prices. 
In addition, limited work has evaluated model performance against multiple bench-
marks in the context of consumer energy prices. In this study, we try to address these 
gaps by utilizing a diverse set of predictors and assessing the accuracy relative to 
two benchmark models. 

3. Data and Methodology 
Data and Forecast Evaluation 

Our variables were collected from the official Federal Reserve Economic Data (FRED) 
system. They are monthly time series covering the period from January 1993 to 
March 2025. The independent variables in our analysis include the global price of 
Brent Crude, industrial production, deep-sea freight transportation, air transpor-
tation, and motor vehicle equipment. The dependent variable is the Energy Con-
sumer Price Index. The magnitude of the selected variables stems from their fun-
damental role in forecasting energy prices, specifically the Energy Consumer Price 
Index. More specifically, the oil price shocks have a direct and asymmetric effect 
on retail energy consumer prices (Huang, Hwang, & Peng, 2005; Baumeister & 
Peersman, 2013; Gao, Kim, & Saba, 2014; Valadkhani, 2014). Empirical studies 
underline the impactful link between industrial production and energy demand, 
both in the short and the long term (Kümmel, 1982; Kilian, 2009; Zachariadis, 2007; 
Baumeister et al., 2020). Fluctuations in maritime freight transportation are asso-
ciated with energy demand volatility, where disruptions in shipping efficiency and 
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port congestion influence energy inflation trends (Notteboom & Rodrigue, 2008; 
Karamperidis, Melas, & Michail, 2024; Tiwari et al., 2024). Similarly, air transpor-
tation activity guides jet fuel consumption and contributes to energy price spikes, 
ultimately passed on to consumers (Wadud, 2015; Lin & Zhu, 2020; Emami Ja-
vanmard, Tang, & Martínez-Hernández, 2024). Lastly, energy price spikes—partic-
ularly gasoline—shift vehicle purchasing behavior to more fuel-efficient solutions, 
altering overall energy usage and hence retail energy prices (Graham & Glaister, 
2004; Li, Timmins, & von Haefen, 2009; Kaufmann, 2023). 

To evaluate the accuracy and forecasting capability of our models, we employ 
two widely used measures, the Mean Squared Error (MSE) and the Mean Absolute 
Error (MAE). When we split our sample into two components, namely the rolling 
window 0n  and the evaluation window 1n , we define the MSE and MAE for each 
model as follows: 

( )
0

def 1 ,2
1 1  1

ˆMSE , n m
tt nm n n−

= +
= ∑   

 ( )
0

def 1
1 1  1M ˆAE , n m

tt nm n n−
= +

= ∑   (1) 

In the results tables, we report relative performance metrics, calculated as the 
ratio of each model’s MSE or MAE to the corresponding measure obtained from 
a benchmark model that uses the sample mean as the forecast. 

4. Methodology 

This study implements a rolling-window Quantile Regression (QR) and Ordinary 
Least Squares (LS) approach to forecast2 the monthly growth rate of the energy 
consumption index, denoted as ENIt . The purpose is to examine how lagged values 
of newly introduced indices affect the predictive power of the energy consumption 
variable. The analysis covers a rolling sample of data, allowing the forecasting model 
to adapt over time. 

Let ty  be our dependent variable defined as: ( )12log ENI ENIt T ty −= , where 
ENI represents the energy consumption index at time t, and 12ENIt−  corresponds 
to its value 12 months earlier. This transformation captures the annualized growth 
rate of ENI, ensuring comparability across time periods while accounting for sea-
sonal variations: For our analysis, we consider five energy-related time series: in-
dustrial production ( INDt ), global price of Brent Crude ( BREt ), deep-sea freight 
transportation ( SETt ), air transportation ( ARTt ), and motor vehicle equipment 
( VETt ). We selected Brent crude oil, industrial production, and transportation 
indices based on their direct and empirically validated influence on energy con-
sumption and prices. Industrial production is a proxy for broad economic activity 
and energy demand (Kilian, 2009). Crude oil prices affect energy costs through 
fuel pass-through effects (Baumeister & Peersman, 2013). Transportation vari-
ables—sea, air, and vehicle—represent highly energy-intensive sectors with strong 

 
2For other methodological contributions you can refer to Guerard et al. (2024), Kyriazi and Thomakos 
(2020a, 2020b), and Kyriazi (2024). 
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links to demand-side price pressure. To normalize the variables, we start by scal-
ing each series relative to its initial observation, converting each value into a ratio 
of that starting point. We then compute the growth rates by taking the seasonal 
difference of their logarithms. This transformation promotes stationarity and fa-
cilitates a clearer interpretation of the data. The resulting variables serve as explan-
atory inputs in the forecasting exercise. 

To continue with our forecast exercise, we construct three composite indices from 
normalized levels of the original variables. The first index 1tI  is constructed as a 
composite indicator that aggregates five standardized level series–obtained from 
the previous step: INt , BR t , SEt , AR t , and VEt . The index is defined as a sim-
ple arithmetic average: 

( )1
1 IN BR SE AR VE
5t t t t t tI = + + + +  

This formulation imposes equal weights on each component under the assump-
tion that each series contributes symmetrically to the underlying latent construct. 
In this context, the first index mitigates multicollinearity by summarizing infor-
mation from several correlated predictors into a single regressor. It reduces dimen-
sionality—particularly valuable in forecasting settings with limited sample sizes or 
rolling windows—and captures common co-movements among the constituent 
series, effectively serving as a proxy for an underlying latent factor. 

The second index 2tI  is defined as the equally weighted average of the stand-
ardized series BR t , SEt , AR t , and VEt , each receiving a weight of 0.25: 

( )2
1 BR SE AR VE
4t t t t tI = + + +  

reflecting their joint influence on the broader energy-related transportation envi-
ronment. By excluding industrial production (IN), this index focuses specifically 
on the mobility and fuel-related dimensions of economic activity, serving as a proxy 
for transportation-linked energy demand3. 

The third index, denoted as 3tI , is constructed to reflect the relative intensity 
of sea transportation in comparison to air and vehicle transportation combined. 
It is defined as: 

3
SE

AR VE
t

t
t t

I =
+

 

where SE  denotes the sea transportation index, AR  the air transportation in-
dex, and VE  the vehicle transportation index. This ratio serves as an indicator 
of modal substitution effects, capturing the extent to which maritime transport 
dominates or lags behind other transport modes in the energy-related transporta-
tion sector. 

We construct a comprehensive forecasting model that incorporates all explan-
 

3The equal weighting scheme was chosen for transparency and to avoid overfitting given the sample 
size. While this imposes symmetry, it reflects the assumption that each indicator carries comparable 
predictive information. 
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atory variables and falls within the class of ARDLX models. Specifically, we consider 
the following formulation: 

 
2 2 2 2

0 ,1 ,2 ,3
1 1 1 1

t i t i i t i i t i i t i t
i i i i

y y x x xβ β γ δ θ ε− − − −
= = = =

= + + + + +∑ ∑ ∑ ∑  (2) 

where: 
• ty  denotes our dependent variable using both LS and QR techniques. 
• t iy −  represents the -thi  lag of the dependent variable. In our specification, we 

include two lags to capture potential autoregressive dynamics. 
• ,1t ix −  corresponds to the -thi  lag of the first composite index, with 1, 2i = . 
• ,2t ix −  denotes the -thi  lag of the second index with 1,2i = . 
• ,3t ix −  represents the -thi  lag of the third index with 1,2i = . 

The choice of two lags for all variables is based on a combination of empirical 
precedent and preliminary model selection using the Bayesian Information Criterion 
(BIC). This lag structure captures short-term dynamics without overfitting and 
is consistent with prior ARDL literature in macroeconomic forecasting (Baumeister 
& Kilian, 2015). Our empirical exercise then proceeds as follows: We estimate the 
parameters of our models, including the AR(1) and AR(2) traditional benchmark 
models, using both LS and QR approaches. For the estimation of the models, we 
also use rolling windows of 36, 40, and 60 months. Once the models are estimated, 
we generate forecasts and repeat this process iteratively until the full dataset has been 
utilized. We then evaluate our forecasts by applying the widely used measures of 
mean absolute error and mean squared error, highlighting the top-performing mod-
els across all different combinations. 

5. Discussion of Results 

In this section, we present the results of our empirical exercise across four distinct 
time periods: 1993:12-2025:3, 2000:12-2025:3, 2004:12-2025:3 and 2008:12-2025:3. 
Our findings are illustrated in the following four tables that include the newly in-
troduced indices used to evaluate the forecasting models. The estimation is carried 
out exclusively via rolling windows, with adequate sizes of 36, 40 and 60 observa-
tions, in order to maintain dynamic monitoring of the evolution of the forecast 
over time. We use the AR(1) and AR(2) models as our benchmark models to eval-
uate the performance of our newly introduced indices: AEI-ARDLX(2, 2), TEI-
ARDLX(2, 2), and MTI-ARDLX(2, 2). All models are evaluated using the Quantile 
Regression and Ordinary Least Squares methods. For evaluating the predictions, 
two key metrics are used that facilitate direct comparison of the relative Mean 
Squared Error (MSE) and the relative Mean Absolute Error (MAE). 

Initially, the AR(1) and AR(2) models serve as benchmark models for compar-
ison purposes. The AEI-ARDLX(2, 2) model, one of the three novel specifications 
we test, incorporates all five independent variables with equal weighting for fore-
casting purposes. The second model, TEI-ARDLX(2, 2), uses equal weights for the 
four independent variables (excluding INDPRO) and focuses on the transport sec-
tor. Finally, the MTI-ARDLX(2, 2) specification incorporates a mobility energy 
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intensity ratio, defined as the share of sea transportation (SE) relative to the com-
bined transportation of air and vehicle equipment (AR + VE), designed to reflect 
structural shifts in transport modal efficiency. A thorough analysis of the perfor-
mance by period with a benchmark comparison of the three models in both MAE 
and MSE terms is presented below. 

 
Table 1. Forecast performance of AR and ARDLX models with composite indicators: rela-
tive MSE and MAE (1993:12-2025:3). 

 Models QR Roll QQ LS Roll 

Relative MSE 

AR(1) 0.130 40 0.5 0.130 36 

AR(2) 0.124 40 0.5 0.117 40 

AEI-ARDLX(2, 2) 0.082 40 0.5 0.085 40 

TEI-ARDLX(2, 2) 0.090 60 0.5 0.092 40 

MTI-ARDLX(2, 2) 0.099 60 0.5 0.097 36 

Relative MAE 

AR(1) 0.322 40 0.5 0.320 36 

AR(2) 0.330 40 0.5 0.345 60 

AEI-ARDLX(2, 2) 0.269 40 0.5 0.275 40 

TEI-ARDLX(2, 2) 0.282 40 0.5 0.284 40 

MTI-ARDLX(2, 2) 0.298 60 0.5 0.288 36 

LS and QR columns show relative MSE and MAE, computed as the ratio to the sample 
mean forecast. Roll is the rolling window size used in the estimation. QQ corresponds to 
the quantile that yields optimal forecasting performance. The forecasting models correspond 
to those specified in Equation (2). 

 
The results of the study demonstrate that ARDLX-based models exhibit im-

proved accuracy over the conventional benchmarks in both the QR and LS meth-
odologies, in terms of MSE and MAE, for the initial period in Table 1 (1993:12-
2025:3). The AEI-ARDLX(2, 2) model exhibits optimal performance with a rela-
tive MSE of 0.082 in the QR method and 0.085 in the LS method, utilizing a rolling 
window of 40 observations. In concrete terms, AEI-ARDLX(2, 2) model consist-
ently yields lower forecast errors than both benchmark models, particularly under 
QR, where improvements reach up to 59% over the AR(1) and 51% compared to 
the AR(2) and from 36% to 53% in the LS method, respectively. Subsequently, in 
terms of relative MAE, the AEI-ARDLX(2, 2) model preserves its superiority over 
the benchmarks, demonstrating explicitly better efficiency among the ARDLX-based 
models. Specifically, the relative MAE value of 0.269 for the QR method exceeds 
that of traditional benchmark models by 20% to 23% accordingly. Furthermore, 
in terms of MAE, the AEI-ARDLX(2, 2) model demonstrates its superiority over 
the conventional benchmarks by 16% to 25% in the LS method, respectively. The 
results of the other two ARDLX-based models are also important, as they consist-
ently outperform over the benchmarks. We observe that the TEI-ARDLX(2, 2) model 
outperforms the benchmark models in terms of MSE under the QR method, achiev-
ing a 44% improvement over AR(1) and a 38% improvement over AR(2) with a 
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rolling window of 60 observations. Similarly, under the LS method and utilizing a 
40-observation window, the TEI-ARDLX(2, 2) model shows a 41% improvement 
over AR(1) and a 27% improvement compared to AR(2). Likewise, in relative MAE 
terms, the TEI-ARDLX(2, 2) model also outperforms the conventional benchmarks 
in the QR method by 14% to 17% and 13% to 21% in the LS method, using a 40-
observation window. MTI-ARDLX(2, 2) maintains a remarkable lead over the bench-
marks with an improved yield ranging from 34% over the AR(1) in the LS method, 
in terms of MSE, to 8% over AR(1) in the QR method, in MAE terms. It is notable 
that the relative MSE prediction measure shows enhanced returns across the set 
of models. 

As illustrated in Table 2: 2000:12-2025:3, the performance of the ARDLX-based 
models is further enhanced during this period. The AEI-ARDLX(2, 2) and TEI-
ARDLX(2, 2) models once again exhibit the lowest relative MSE (0.081) using a 
40-observation rolling window and (0.088) using a 60-observation rolling win-
dow. The MTI-ARDLX(2, 2) model follows with an MSE of 0.095 utilizing a 60-
observation window, consistently confirming the superiority of the models over 
the traditional benchmark models with differences ranging between 26% and 62% 
for both the QR and LS methods. In terms of MAE, the performance of the ARDLX-
based models is similar for both the QR and the LS methods. However, the predic-
tion measures are slightly lower, yet the ARDLX-based models still outperform the 
benchmarks with a better performance ranging from 7% to 21%. 

 
Table 2. Forecast performance of AR and ARDLX models with composite indicators: rela-
tive MSE and MAE (2000:12-2025:3). 

 Models QR Roll QQ LS Roll 

Relative MSE 

AR(1) 0.131 40 0.5 0.134 40 

AR(2) 0.120 60 0.5 0.116 40 

AEI-ARDLX(2, 2) 0.081 40 0.5 0.085 40 

TEI-ARDLX(2, 2) 0.088 60 0.5 0.091 60 

MTI-ARDLX(2, 2) 0.095 60 0.5 0.092 60 

Relative MAE 

AR(1) 0.318 40 0.5 0.321 36 

AR(2) 0.328 40 0.5 0.321 40 

AEI-ARDLX(2, 2) 0.270 40 0.5 0.278 40 

TEI-ARDLX(2, 2) 0.286 40 0.5 0.288 40 

MTI-ARDLX(2, 2) 0.298 60 0.5 0.295 40 

LS and QR columns show relative MSE and MAE, computed as the ratio to the sample 
mean forecast. Roll is the rolling window size used in the estimation. QQ corresponds to 
the quantile that yields optimal forecasting performance. The forecasting models correspond 
to those specified in Equation (2). 

 
In the third period displayed in Table 3: 2004:12-2025:3, we observe that the 

performance of the ARDLX-based models continues to surpass the benchmarks 
in all performance metrics. In further detail, the performance of the ARDLX-
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based models exceeds the benchmarks in the QR method in MSE terms within the 
range of 56% to 22%. In the LS method, both the AEI-ARDLX(2, 2) with a rolling 
window of 40 observations and the TEI-ARDLX(2, 2) using a 60-observation win-
dow consistently outperform the benchmarks by 52% to 24%, in MSE terms, in-
dicating stable performance. Similarly, the MTI-ARDLX(2, 2) model surpassed 
the conventional benchmarks by a margin of 21% to 34% in terms of MSE, using 
a rolling window of 60 observations. In terms of MAE, we observe close similari-
ties to Table 2 for both the QR and the LS methods. Furthermore, we note an im-
provement in performance ranging from 2% to 20% when employing the QR method 
and from 7% to 14% when utilising the LS method. 

 
Table 3. Forecast performance of AR and ARDLX models with composite indicators: rela-
tive MSE and MAE (2004:12-2025:3). 

 Models QR Roll QQ LS Roll 

Relative MSE 

AR(1) 0.106 60 0.5 0.107 60 

AR(2) 0.106 60 0.5 0.097 40 

AEI-ARDLX(2, 2) 0.068 40 0.5 0.070 40 

TEI-ARDLX(2, 2) 0.076 40 0.5 0.078 60 

MTI-ARDLX(2, 2) 0.087 60 0.5 0.080 60 

Relative MAE 

AR(1) 0.291 40 0.5 0.291 36 

AR(2) 0.297 40 0.5 0.293 40 

AEI-ARDLX(2, 2) 0.248 40 0.5 0.256 40 

TEI-ARDLX(2, 2) 0.262 40 0.5 0.267 40 

MTI-ARDLX(2, 2) 0.286 60 0.5 0.271 36 

LS and QR columns show relative MSE and MAE, computed as the ratio to the sample 
mean forecast. Roll is the rolling window size used in the estimation. QQ corresponds to 
the quantile that yields optimal forecasting performance. The forecasting models correspond 
to those specified in Equation (2). 

 
In the final period, as demonstrated in Table 4: 2008:12-2025:3, we perceive that 

the ARDLX-based models continue to exhibit superior performance in terms of 
both MSE and MAE to the established benchmarks. A more detailed investigation 
reveals that the AEI-ARDLX model continues to exhibit superior performance 
compared to the traditional benchmarks utilizing the QR method, by 32% and 
using the LS by 29% to 32%, in terms of relative MSE. Furthermore, in MAE terms, 
we observe performance enhancements of all the ARDLX-based models in com-
parison to the traditional benchmarks, ranging from 9% to 12% increase using the 
LS method, and improvements ranging from 1% to 16% using the QR method. 

Overall, we conclude that the results demonstrate a stable pattern of ARDLX-
based models outperforming the benchmarks across periods when utilizing the 
QR method in relative MSE terms. In a similar pattern, the outcomes derived from 
the LS method manifest a less robust pattern in terms of MAE compared to the 
QR method. The superior performance of the AEI-ARDLX(2, 2) model likely re-
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flects the advantage of equal weighting. The TEI-ARDLX(2, 2) model is followed 
in terms of improved performance against benchmarks, with the INDPRO indi-
cator excluded and the same weight applied to the remaining four indicators. More-
over, the MTI-ARDLX(2, 2) model, which is a mobility ratio, demonstrates relatively 
weaker performance in comparison to the other two models, yet it surpasses the 
traditional benchmarks. 

 
Table 4. Forecast performance of AR and ARDLX-based models with composite indica-
tors: relative MSE and MAE (2008:12-2025:3). 

 Models QR Roll QQ LS Roll 

Relative MSE 

AR(1) 0.096 36 0.5 0.095 36 

AR(2) 0.096 60 0.5 0.093 40 

AEI-ARDLX(2, 2) 0.073 40 0.5 0.072 40 

TEI-ARDLX(2, 2) 0.078 40 0.5 0.076 36 

MTI-ARDLX(2, 2) 0.088 36 0.5 0.077 60 

Relative MAE 

AR(1) 0.280 36 0.5 0.280 36 

AR(2) 0.294 36 0.5 0.286 36 

AEI-ARDLX(2, 2) 0.254 40 0.5 0.256 40 

TEI-ARDLX(2, 2) 0.261 40 0.5 0.256 36 

MTI-ARDLX(2, 2) 0.277 36 0.5 0.257 36 

LS and QR columns show relative MSE and MAE, computed as the ratio to the sample 
mean forecast. Roll is the rolling window size used in the estimation. QQ corresponds to 
the quantile that yields optimal forecasting performance. The forecasting models correspond 
to those specified in Equation (2). 

6. Conclusion and Policy Implications 

In our research, we examine the predictive power of composite indices that com-
bine multiple indicators—such as industrial production, Brent crude oil prices, and 
maritime, air, and vehicle transportation—to achieve improved forecasting of the 
Energy Consumer Price Index. We construct three composite indices, which we in-
corporate into ARDLX models, applying both Quantile Regression (QR) and Least 
Squares (LS) methods using rolling windows. Our results show that ARDLX-based 
models consistently outperform traditional benchmark models, AR(1) and AR(2), 
as well as both estimation methods across all examined forecast periods. The AEI-
ARDLX(2, 2) model consistently outperforms the other ARDLX-based models. 
Moreover, the superiority of all three ARDLX-based models is most pronounced 
when assessed using relative MSE compared to relative MAE. These forecasting 
models can inform targeted energy policy interventions. For instance, accurate 
short-term CPI forecasts could guide the timing of strategic petroleum reserve re-
leases, help design responsive energy subsidies, or support inflation-targeting de-
cisions by central banks. Additionally, transportation-based signals may assist in 
planning for fuel supply allocation during high-demand seasons or disruptions. 
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Our analysis highlights the significance of integrating data related to oil prices, 
industrial production, and operations in the maritime, air, and road transport sec-
tors. 

From a policy perspective, our research demonstrates that energy policy-mak-
ing benefits from the use of high-frequency leading indicators with strong predic-
tive power. The use of such indicators by competent authorities contributes to the 
design of targeted interventions, both during periods of stability and in conditions 
of uncertainty or crisis. Future research could explore the integration of machine 
learning techniques—such as LSTM or ensemble methods—to capture potential 
nonlinearities and enhance predictive accuracy. This would complement the exist-
ing framework and provide a broader toolkit for energy policy planning and eco-
nomic forecasting. Overall, our study proposes a practical and robust approach to 
forecasting the Energy Consumer Price Index, with direct applications in energy and 
macroeconomic policy-making. 

Conflicts of Interest 

The authors declare no conflicts of interest regarding the publication of this paper. 

References 
Alquist, R., & Kilian, L. (2010). What Do We Learn from the Price of Crude Oil? Journal of 

Economic Literature, 48, 365-403. 

Baimpos, G., & Kyriazi, F. (2025). Nonlinear GDP Forecasting: A Threshold-Ardlx Approach 
with Leading Macroeconomic Indicators. Theoretical Economics Letters, 15, 446-460.  
https://doi.org/10.4236/tel.2025.152024 

Baumeister, C., & Kilian, L. (2015). Forecasting the Real Price of Oil in a Changing World: 
A Forecast Combination Approach. Journal of Business & Economic Statistics, 33, 338-
351. https://doi.org/10.1080/07350015.2014.949342 

Baumeister, C., & Peersman, G. (2013). Time-Varying Effects of Oil Supply Shocks on the 
US Economy. American Economic Journal: Macroeconomics, 5, 1-28.  
https://doi.org/10.1257/mac.5.4.1 

Baumeister, C., Korobilis, D., & Lee, T. K. (2020). Energy Markets and Global Economic Con-
ditions. The Review of Economics and Statistics, 104, 828-844.  
https://doi.org/10.1162/rest_a_00977 

Billé, A. G., Gianfreda, A., Del Grosso, F., & Ravazzolo, F. (2023). Forecasting Electricity Prices 
with Expert, Linear, and Nonlinear Models. International Journal of Forecasting, 39, 570-
586. https://doi.org/10.1016/j.ijforecast.2022.01.003 

El Maghraoui, A., Ledmaoui, Y., Laayati, O., El Hadraoui, H., & Chebak, A. (2022). Smart En-
ergy Management: A Comparative Study of Energy Consumption Forecasting Algorithms 
for an Experimental Open-Pit Mine. Energies, 15, Article 4569.  
https://doi.org/10.3390/en15134569 

Emami Javanmard, M., Tang, Y., & Martínez-Hernández, J. A. (2024). Forecasting Air Trans-
portation Demand and Its Impacts on Energy Consumption and Emission. Applied Energy, 
364, Article ID: 123031. https://doi.org/10.1016/j.apenergy.2024.123031 

Ferrari, D., Ravazzolo, F., & Vespignani, J. (2019). Forecasting Energy Commodity Prices: A 
Large Global Dataset Sparse Approach. SSRN Electronic Journal.  
https://doi.org/10.2139/ssrn.3507158 

https://doi.org/10.4236/tel.2025.154050
https://doi.org/10.4236/tel.2025.152024
https://doi.org/10.1080/07350015.2014.949342
https://doi.org/10.1257/mac.5.4.1
https://doi.org/10.1162/rest_a_00977
https://doi.org/10.1016/j.ijforecast.2022.01.003
https://doi.org/10.3390/en15134569
https://doi.org/10.1016/j.apenergy.2024.123031
https://doi.org/10.2139/ssrn.3507158


E. Kastas et al. 
 

 

DOI: 10.4236/tel.2025.154050 916 Theoretical Economics Letters 
 

Gao, L., Kim, H., & Saba, R. (2014). How Do Oil Price Shocks Affect Consumer Prices? En-
ergy Economics, 45, 313-323. https://doi.org/10.1016/j.eneco.2014.08.001 

Graham, D. J., & Glaister, S. (2004). Road Traffic Demand Elasticity Estimates: A Review. 
Transport Reviews, 24, 261-274. https://doi.org/10.1080/0144164032000101193 

Guerard, J. B., Thomakos, D., Kyriazi, F., & Beheshti, B. (2024). The Development and Evo-
lution of Mean-Variance Efficient Portfolios in the US and Japan: 30 Years after the Mar-
kowitz and Ziemba Applications. Annals of Operations Research.  
https://doi.org/10.1007/s10479-024-06138-7 

Guerard, J., Thomakos, D., & Kyriazi, F. (2020). Automatic Time Series Modeling and Fore-
casting: A Replication Case Study of Forecasting Real GDP, the Unemployment Rate and 
the Impact of Leading Economic Indicators. Cogent Economics & Finance, 8, Article ID: 
1759483. https://doi.org/10.1080/23322039.2020.1759483 

Guerard, J., Thomakos, D., Kyriazi, F., & Mamais, K. (2023). On the Predictability of the DJIA 
and S&P500 Indexes. Wilmott, No. 129, 1-84. https://doi.org/10.54946/wilm.12006 

Hamilton, J. D. (1983). Oil and the Macroeconomy since World War II. Journal of Political 
Economy, 91, 228-248. https://doi.org/10.1086/261140 

Huang, B., Hwang, M. J., & Peng, H. (2005). The Asymmetry of the Impact of Oil Price Shocks 
on Economic Activities: An Application of the Multivariate Threshold Model. Energy Eco-
nomics, 27, 455-476. https://doi.org/10.1016/j.eneco.2005.03.001 

Karamperidis, S., Melas, K. D., & Michail, N. A. (2024). Econometric Insights into LNG Car-
rier Port Congestion and Energy Inflation: A Data-Driven Approach. Commodities, 3, 462-
471. https://doi.org/10.3390/commodities3040026 

Kaufmann, R. K. (2023). Energy Price Volatility Affects Decisions to Purchase Energy Using 
Capital: Motor Vehicles. Energy Economics, 126, Article ID: 106915.  
https://doi.org/10.1016/j.eneco.2023.106915 

Kilian, L. (2009). Not All Oil Price Shocks Are Alike: Disentangling Demand and Supply 
Shocks in the Crude Oil Market. American Economic Review, 99, 1053-1069.  
https://doi.org/10.1257/aer.99.3.1053 

Kümmel, R. (1982). The Impact of Energy on Industrial Growth. Energy, 7, 189-203.  
https://doi.org/10.1016/0360-5442(82)90044-5 

Kyriazi, F. (2024). The Prescriptive Nature of Market Timing and Predictive Portfolios. IMA 
Journal of Management Mathematics, 36, 323-338.  
https://doi.org/10.1093/imaman/dpae027 

Kyriazi, F., & Thomakos, D. D. (2020a). Foreign Exchange Rate Predictability: Seek and Ye 
Shall Find It. In J. B. Guerard, & W. T. Ziemba (Eds.), Handbook of Applied Investment 
Research (pp. 511-556). World Scientific. https://doi.org/10.1142/9789811222634_0020 

Kyriazi, F., & Thomakos, D. D. (2020b). Distance-based Nearest Neighbour Forecasting with 
Application to Exchange Rate Predictability. IMA Journal of Management Mathematics, 
31, 469-490. https://doi.org/10.1093/imaman/dpz016 

Li, S., Timmins, C., & von Haefen, R. H. (2009). How Do Gasoline Prices Affect Fleet Fuel 
Economy? American Economic Journal: Economic Policy, 1, 113-137.  
https://doi.org/10.1257/pol.1.2.113 

Lin, B., & Zhu, J. (2020). The Role of Air Transportation in Energy Consumption and Emis-
sions in China. Energy Sources, Part B: Economics, Planning, and Policy, 15, 1-9.  

Notteboom, T., & Rodrigue, J. P. (2008). The Future of Containerization: Perspectives from 
Maritime and Inland Freight Distribution. GeoJournal, 76, 457-465. 

Prokopos, G., & Kyriazi, F. (2025). Adaptive Learning in Short Time Series. Theoretical Eco-
nomics Letters, 15, 674-688. https://doi.org/10.4236/tel.2025.153036 

https://doi.org/10.4236/tel.2025.154050
https://doi.org/10.1016/j.eneco.2014.08.001
https://doi.org/10.1080/0144164032000101193
https://doi.org/10.1007/s10479-024-06138-7
https://doi.org/10.1080/23322039.2020.1759483
https://doi.org/10.54946/wilm.12006
https://doi.org/10.1086/261140
https://doi.org/10.1016/j.eneco.2005.03.001
https://doi.org/10.3390/commodities3040026
https://doi.org/10.1016/j.eneco.2023.106915
https://doi.org/10.1257/aer.99.3.1053
https://doi.org/10.1016/0360-5442(82)90044-5
https://doi.org/10.1093/imaman/dpae027
https://doi.org/10.1142/9789811222634_0020
https://doi.org/10.1093/imaman/dpz016
https://doi.org/10.1257/pol.1.2.113
https://doi.org/10.4236/tel.2025.153036


E. Kastas et al. 
 

 

DOI: 10.4236/tel.2025.154050 917 Theoretical Economics Letters 
 

Punzi, M. T. (2019). The Impact of Energy Price Uncertainty on Macroeconomic Variables. 
Energy Policy, 129, 1306-1319. https://doi.org/10.1016/j.enpol.2019.03.015 

Small, K. A., & Van Dender, K. (2007). Fuel Efficiency and Motor Vehicle Travel: The Declin-
ing Rebound Effect. The Energy Journal, 28, 25-52.  
https://doi.org/10.5547/issn0195-6574-ej-vol28-no1-2 

Smith, K. R., Dutta, K., Chengappa, C., Gusain, P. P. S., Berrueta, O. M. a. V., Edwards, R. et 
al. (2007). Monitoring and Evaluation of Improved Biomass Cookstove Programs for In-
door Air Quality and Stove Performance: Conclusions from the Household Energy and 
Health Project. Energy for Sustainable Development, 11, 5-18.  
https://doi.org/10.1016/s0973-0826(08)60396-8 

Stratton, A. (1979). Energy Forecasting. Omega, 7, 493-502.  
https://doi.org/10.1016/0305-0483(79)90067-7 

Suganthi, L., & Samuel, A. A. (2012). Energy Models for Demand Forecasting—A Review. 
Renewable and Sustainable Energy Reviews, 16, 1223-1240.  
https://doi.org/10.1016/j.rser.2011.08.014 

Tiwari, A. K., Aikins Abakah, E. J., Trabelsi, N., & Wohar, M. (2024). Do Shipping Freight 
Markets Impact Commodity Markets? International Review of Economics & Finance, 91, 
986-1014. https://doi.org/10.1016/j.iref.2024.01.066 

Valadkhani, A. (2014). Dynamic Effects of Rising Oil Prices on Consumer Energy Prices in 
Canada and the United States: Evidence from the Last Half a Century. Energy Econom-
ics, 45, 33-44. https://doi.org/10.1016/j.eneco.2014.06.015 

Wadud, Z. (2015). Imperfect Reversibility of Air Transport Demand: Effects of Air Fare, Fuel 
Prices and Price Transmission. Transportation Research Part A: Policy and Practice, 72, 
16-26. https://doi.org/10.1016/j.tra.2014.11.005 

Wei, N., Li, C., Peng, X., Zeng, F., & Lu, X. (2019). Conventional Models and Artificial Intel-
ligence-Based Models for Energy Consumption Forecasting: A Review. Journal of Petro-
leum Science and Engineering, 181, Article ID: 106187.  
https://doi.org/10.1016/j.petrol.2019.106187 

Xu, Y., Liu, T., Fang, Q., Du, P., & Wang, J. (2025). Crude Oil Price Forecasting with Mul-
tivariate Selection, Machine Learning, and a Nonlinear Combination Strategy. Engineer-
ing Applications of Artificial Intelligence, 139, Article ID: 109510.  
https://doi.org/10.1016/j.engappai.2024.109510 

Zachariadis, T. (2007). Exploring the Relationship between Energy Use and Economic Growth 
with Bivariate Models: New Evidence from G-7 Countries. Energy Economics, 29, 1233-
1253. https://doi.org/10.1016/j.eneco.2007.05.001 

https://doi.org/10.4236/tel.2025.154050
https://doi.org/10.1016/j.enpol.2019.03.015
https://doi.org/10.5547/issn0195-6574-ej-vol28-no1-2
https://doi.org/10.1016/s0973-0826(08)60396-8
https://doi.org/10.1016/0305-0483(79)90067-7
https://doi.org/10.1016/j.rser.2011.08.014
https://doi.org/10.1016/j.iref.2024.01.066
https://doi.org/10.1016/j.eneco.2014.06.015
https://doi.org/10.1016/j.tra.2014.11.005
https://doi.org/10.1016/j.petrol.2019.106187
https://doi.org/10.1016/j.engappai.2024.109510
https://doi.org/10.1016/j.eneco.2007.05.001

	An ARDLX-Based Multi-Method Analysis of Energy CPI with Composite Transportation Indices
	Abstract
	Keywords
	1. Introduction
	2. Literature Review
	3. Data and Methodology
	Data and Forecast Evaluation

	4. Methodology
	5. Discussion of Results
	6. Conclusion and Policy Implications
	Conflicts of Interest
	References

