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Abstract 
This paper applies the novel adaptive learning methodology to forecast agri-
cultural and energy prices in Greece’s volatile, data-scarce markets. We com-
bine traditional ordinary least squares with quantile regression techniques 
within this framework, achieving up to 27% lower forecast errors compared 
to conventional benchmarks. Our analysis reveals distinct performance pat-
terns: quantile regression demonstrates superior accuracy for volatile com-
modities (e.g., barley), while ordinary least squares performs better for stable 
markets (e.g., maize). The learning rate parameter γ proves crucial in adapt-
ing to market conditions. These findings provide policymakers with an en-
hanced tool for analyzing energy-agriculture price linkages and managing 
market volatility, particularly in small, open economies facing data limita-
tions. 
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1. Introduction 

Agricultural and energy markets are among the most volatile sectors in the global 
economy, shaped by unpredictable factors such as extreme weather events, geo-
political tensions, and shifting consumer demand (Fowowe, 2016; Ben-Ari et al., 
2016). For many European nations, where agriculture remains a cornerstone of 
rural economies and energy security is increasingly tied to renewable transitions, 
the ability to forecast price movements accurately is not just an academic exercise; 
it is a practical necessity. Traditional forecasting models, while foundational, often 
fall short in this context. Methods like ARIMA, though reliable for stable series 
(Naylor et al., 1972), struggle with the non-stationarity and sparse data common 
in agricultural datasets (Manogna & Mishra, 2021), where critical variables such 
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as crop yields or regional energy use may only be recorded annually. 
The interplay between energy costs and agricultural production adds another 

layer of complexity. Fluctuations in natural gas prices directly impact fertilizer 
costs, while the adoption of renewable energy influences irrigation efficiency 
(Gargano & Timmermann, 2014a; Shafiee & Topal, 2010). Machine learning tech-
niques such as long Short-term memory networks have improved predictive ac-
curacy in volatile markets (Herrera et al., 2019; Wang et al., 2020), but their reli-
ance on extensive datasets limits utility in Europe’s context, where many time se-
ries—such as durum wheat (DWW) prices or fossil energy consumption (FSE)—
are short and fragmented. This gap underscores the need for adaptive frameworks 
that can leverage limited data while remaining responsive to structural shifts, such 
as abrupt policy changes or climate-induced disruptions (Kehagia & Kyriazi, 2021; 
Xiong et al., 2015). 

In this paper, first we address these challenges by constructing composite indi-
ces based on a range of energy-related variables, including renewables, natural gas, 
and solid fossil fuels for forecasting agricultural commodity prices. These indices 
are created to capture the influence of different energy sources. Second, we esti-
mate several benchmark models, including a first-order autoregressive model 
(AR), a first-order delay model (using only the lag of the index) and a combined 
autoregressive delay model, to enhance the robustness of our research findings. 
Third and most important we include the adaptive learning methodology, intro-
duced by Kyriazi et al. (2019), which combines forecast averaging with learning 
from past forecast errors to improve prediction accuracy.1 Our main forecasting 
framework combines Quantile Regression (QR) and Ordinary Least Squares 
(OLS) to capture not only volatility but also asymmetric risks, such as energy price 
spikes during droughts. Empirical results show that the adaptive learning ap-
proach consistently outperforms traditional benchmarks, reducing forecasting er-
rors by up to 27%. Moreover, QR outperforms OLS, particularly in high-uncer-
tainty environments. These findings provide valuable insights for policymakers 
addressing the intertwined challenges of energy transition and agricultural sus-
tainability. 

The paper proceeds as follows: Section 2 reviews advancements and limitations 
in energy-agriculture forecasting. Section 3 presents our methodology and the 
data used. Section 4 analyzes our results for all commodities, and Section 5 dis-
cusses implications for European economies and future research directions. 

2. Literature Review 

The systematic research of energy prices forecasting reveals a continuously evolv-
ing landscape due to the non-stationarity of markets (Manogna & Mishra, 2021; 
Kyriazi, 2024) and various factors such as load fluctuations and weather extremes 
(Gargano & Timmermann, 2014a). According to Sun et al. (2023), traditional 
methods like the autoregressive integrated moving average model still remain 

 

 

1See other methodological contributions in Guerard et al., 2024; Kyriazi and Thomakos, 2020a, 2020b. 
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widely used for their holistic approach (Naylor et al., 1972), but advanced tech-
niques now demonstrate higher level performances. Meanwhile, wavelet analysis 
achieves lower prediction errors than ARIMA in forecasting Henry Hub natural 
gas prices from 1997 to 2025 (Rostan & Rostan, 2021). Similarly, machine learning 
and deep learning models, particularly in long-short term memory networks and 
random forest model, demonstrate exceptional accuracy in volatile energy mar-
kets (Herrera et al., 2019; Wang et al., 2020). For short-term volatility forecasting, 
long-short term time series networks, (Ouyang et al., 2019) and random forest 
model are currently characterized as the state of the art, revealing high perfor-
mance through consistent reductions in both Root Mean Square Error and Mean 
Absolute Percentage Error relative to traditional benchmarks (Ben Ameur et al., 
2024; Divina et al., 2019). While simulation based approaches provide valuable 
theoretical insights, their practical application is constrained by computational 
limitations in real time settings (Bastian et al., 1999, Lehmann & Romano, 2020), 
highlighting the critical demand for flexible analytical frameworks when working 
with limited data. Although hybrid systems blending ensemble approaches with 
machine learning enhance residential energy demand forecasts (Chou & Tran, 
2018), their nature increases vulnerability to adjust in insufficient datasets (Zhang 
et al., 2020). Moreover, while the cutting-edge explainable AI methods show ef-
fectiveness in uncovering significant factors including CO2 emissions and renew-
able energy integration (Shafiee & Topal, 2010), their reliance on sufficient data, 
sets limitations for analyses with short time horizons (Tudor et al., 2025). For such 
cases, Thomakos et al. (2023) proposed a novel forecasting model optimized for 
short time series with limited data. 

Agricultural forecasting has surprisingly marked an ongoing evolution frame-
work, transitioning from traditional econometric models (Allen, 1994) to ad-
vanced machine learning techniques. Early methodologies, such as Moore’s 
(1917) linear regression for cotton prices, laid the foundation, but also proved in-
sufficient for nonlinear price dynamics (Wang et al., 2020). Modern approaches 
now leverage hybrid models and artificial neural networks, proving especially 
adept at characterizing multi-scale parameters (Ferrari et al., 2021). In precision 
agriculture applications, Support Vector Regression (SVR) has proven crucial for 
generating crop specific forecasts. For instance, Parviz (2018) identified air tem-
perature as the dominant parameter for barley (BAP) yields using SVR, highlight-
ing the method’s sensitivity to regional conditions. Similarly, Shahhosseini et al. 
(2020) achieved 12% to 18% Root Mean Square Error improvements in corn yield 
predictions by integrating climate conditions and soil data into optimized ML en-
sembles. In this vein, the predictability of agricultural markets is further influ-
enced by climate variability and annual economic cycles. Ben-Ari et al. (2016) re-
vealed that climate indicators could also predict extreme yield losses in wheat and 
maize as effectively as multivariate crop models. In arid environments, for exam-
ple, MODIS derived vegetation indices have proven valuable for early yield pre-
diction and performance (Qader et al., 2018), despite existing barriers in data 
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availability. Macroeconomic instability further elaborates forecasting efforts, with 
Gargano and Timmermann (2014b) referring to that price predictability is max-
imized at quarterly frequencies, but also differs by each commodity type, which 
means that recessions increase volatility (Fowowe, 2016). To address these chal-
lenges, Xiong et al. (2015), pioneered the VECM-SVR model, integrating error 
correction with machine learning to control commodity price irregularities, while 
Kyriazi et al. (2024), reduced forecasting errors by ensemble averaging. 

Adaptive learning has revolutionized forecasting by improving predictions 
based on past errors, offering significant improvements over traditional methods 
(Schachinger et al., 2018). Kyriazi et al. (2019) highlighted that the adaptive learn-
ing method is not limited to enhancing forecasting performance in agricultural 
products but also extends to various other fields by dynamically incorporating 
past forecast errors and improving key metrics such as Root Mean Square Error 
(RMSE) and Mean Absolute Error (MAE). The methodological foundation of 
adaptive learning traces back to Kofi’s (1973) research on adaptive weighting in 
multivariate time series, which demonstrated the necessity of continuous param-
eter updates. Modern studies, such as the three-step framework by Zhang et al. 
(2020), integrate the minimum redundancy maximum relevance method for fea-
ture selection (Hong et al., 2020), aiming to achieve the highest possible precision 
in commodity price forecasting. Furthermore, recent investigations into leading 
indicators (Heij et al., 2011) note that even optimal static models offer limited 
forecasting improvements, with RMSE reductions substantially lower than those 
achieved by adaptive learning methods. Groen and Pesenti (2011) reveal how tra-
ditional econometric models fail to approach macroeconomic uncertainty in com-
modity markets, while adaptive methods dynamically adjust to new datasets. In 
energy and agricultural markets, adaptive learning addresses these challenges by 
dynamically adjusting to new data, ensuring robust forecasts in volatile environ-
ments (Ben Ameur et al., 2024; Nikolopoulos & Thomakos, 2019). Traditional 
methods often struggle with correlated variables (Pierce, 1977) and stochastic er-
rors (Cleveland, 1971), but on the other hand, adaptive learning’s updates suc-
cessfully address these challenges. 

3. Methodology and Data 
3.1. Methodology 

In this section, we present our methodology, following a three-step approach to 
evaluate the efficacy of energy-based indices in forecasting agricultural commod-
ity prices. 

In the first step, we create a composite index derived from a set of energy-re-
lated variables. These variables represent different energy products such as Barley 
(BAP), Sunflower (SUN), Durum Wheat (DWW), and also Maize (MPP) and Fos-
sil Energy Consumption (FSE), or any other relevant indicator that are deemed to 
have an influence on agricultural commodity prices. Let tx  be the index by nor-
malizing these variables and taking their average growth rate over time. Specifi-
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cally, the index is calculated as the average of the normalized values of selected 
energy products. We denote the energy variables as 1 2, , , nE E E , where n is the 
number of the products used to construct the index. 

,

1 , 1

1index
n

i t

i i t

E
n E= −

 
=   

 
∑                        (1) 

where ,i tE  denotes the value of the i-th energy variable at time t, and , 1i tE −  is 
the value of the i-th energy variable at the previous time period t − 1. The index is 
computed as the average of the normalized values of the energy variables. In what 
follows, we calculate the growth rate of our index using log-difference transfor-
mation, to achieve stationarity on our data ( ) ( )1ln lnt t tx index index −= − .  

Let y be our dependent variable, where in our case is chosen among Barley 
(BAP), Sunflower (SUN), Durum Wheat (DWW), Maize (MPP) and also Fossil 
Energy Consumption (FSE). Respectively, we calculate the growth rate of the de-
pendent variable as: ( ) ( ) ( )1ln lnt t tldiff y y y −= − .  

In the second step we compute the benchmark models for our dependent vari-
able (which is also expressed as a growth rate) and these models are: a first order 
autoregressive model, a first order delay model (using only the lag of the index) 
and a first order autoregressive delay model (using the first lag of the dependent 
variable and of the index together); 

1| 0 1ˆ ˆˆ ar
t t ty y+ = ρ +ρ                          (2) 

for the autoregressive model 

1| 0 1
ˆ ˆˆ delay

t t ty x+ = β +β                          (3) 

for the delay model 

1| 0 1 1
ˆˆ ˆˆ ar delay

t t t ty y x−
+ = ρ +ρ +β                      (4) 

for the autoregressive-delay model 

1| 1| | 1ˆ ˆ ˆadl j adl
t t t t t ty y+ + −= + γ ⋅                        (5) 

for the adaptive learning method 
In the third step we estimate these models by recursive least squares and quan-

tile regression (at the median) and forecast one-year ahead (we start with 4 or 6 
years for least squares and quantile regression respectively and increase our sam-
ple), then we record the results and find the best performing model forecast which 
we pass on to the adaptive learning method. 

3.2. Data and Forecast Evaluation 

Our data stem from the official Eurostat database, specifically from the Agricul-
ture, Forestry, Fisheries, Energy & Environment sections, covering the period 
from 1990 to 2023. The dataset pertains exclusively to Greece, ensuring a geo-
graphically focused analysis. Our study also employs annual time series data, with 
all agricultural commodity values reported in euros, consistent with Eurostat’s de-
fault currency framework. A crucial characteristic of our data is the dynamic in-
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terplay between energy and agricultural commodity markets. This relationship 
brings significant implications for market participants and stakeholders (Cabrera 
& Schulz, 2016), demonstrating that understanding volatility linkages between 
these sectors is essential for decision-makers to develop effective strategies in vol-
atile market conditions without sustainable and economic consistency (Han et al., 
2015). In particular, several important time series of agricultural commodities are 
available only at low frequency, such as annual data, which presents both analyti-
cal challenges and opportunities for further analysis. This incident reduces the 
available information for building accurate forecasting. To address this challenge 
while also maintaining analytical consistency, we employ the idea of adaptive 
learning to such short time series in the context of annual growth rates for Greek 
agricultural commodities. 

The analysis of the existing study relies on a wide range of variables, starting 
with the dependent variables, including the following: BAP, SUN, DWW and 
MPP prices, all measured in euros per 100 kg (Pp100 kg) and also FSE, measured 
in thousand tonnes of oil equivalent (TTOE). BAP is the fifth most widely culti-
vated cereal crop globally, known for its resilience under diverse environmental 
conditions and its economic viability due to lower input requirements and simpler 
agronomic management (Verstegen et al., 2014; Farooq, 2015). However, its cul-
tivation area is going to get reduced in the upcoming years, making accurate fore-
casting essential, particularly given its strategic agricultural role (Parviz, 2018; 
Sharafi & Nahvinia, 2024). MPP is the most widely produced crop globally and 
serves as a vital energy source, particularly in developing countries, where it plays 
a key role in food and agriculture ecosystems (Zelingher & Makowski, 2022). De-
spite its global importance, maize prices are highly sensitive to production shocks 
in some regions, underscoring the need for reliable forecasting, especially as some 
countries depend heavily on this agricultural commodity and its prices (Zelingher 
et al., 2020). On the other hand, SUN is a key variable in this analysis due to its 
role as a substitute commodity influenced by biofuel markets (Paris, 2018). Also, 
DWW is considered as a crop of strategic importance in Greece, contributing to 
1.3 million metric tons of production annually, reflecting its central role in the 
country’s agricultural output and Mediterranean agricultural markets and sys-
tems (Toscano et al., 2014). Last but not least, FSE is critical for rational energy 
consumption strategic planning in the electricity sector, as power generation re-
mains heavily reliant on fossil fuels and future consumption is expected to in-
crease steadily (Sun, He, & Chang, 2015). 

To improve forecasting accuracy, we create energy related indices, including 
fuel oil (FOL), hydro power (HYR), natural gas (NGS), renewables and biofuels 
(RNW), wind power (WND), lignite (LGN), other oleaginous products (OLE), oil 
and petroleum products (OPP), pumped hydro power (PHY), refinery gas (RFG), 
solid fossil fuels (SFF), and total energy consumption (TTL), which all serve as 
leading indicators for agricultural price fluctuations (Groen & Pesenti, 2011). 
These indices are analyzed through two estimation methods the QR and OLS 
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methods, using the specific γ values2 of 0.35, 0.40, and 0.50. Furthermore, in order 
to determine and select the most accurate forecasting model, we examine the per-
formance of all indices across our dataset. To select the most accurate forecasting 
model, we created a ratio index which is calculated by dividing the adaptive learn-
ing value with each of the performance metric values. Our forecasting framework 
employs standard performance measures (MAE, MAPE, RMSE) in line with con-
temporary advances in adaptive learning applications for volatile markets, allow-
ing for systemic evaluation of model performance across various specifications. 
We define the metrics as follows: 
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4. Discussion of Results 

In this section we present the results of our analysis focusing on how volatile en-
ergy markets affect the prices of agricultural commodities and which forecasting 
approach provides the most accurate results. The fossil driven NGS-SFF-TTL in-
dex combines NGS, SFF, which includes lignite and coal, and TTL to quantify 
traditional energy inputs critical for BAP and DWW production, where fuel in-
tensive farming and processing dominate cost structures. The renewable inte-
grated NGS-WND-HYR index connects NGS with WND and HYR, designed spe-
cifically for SUN markets to reflect how renewable adoption balances against fossil 
fuel volatility. Each index is constructed in three analytical stages through nor-
malized growth rate aggregation and average computing of its constituent com-
ponents-measured in TTOE for energy and Pp100 kg (€/100kg) for agricultural 
commodities and serving as the main core of our forecasting framework. 

First of all, we set the benchmark models including a first-order autoregressive 
model, an autoregressive model, a delay model and an autoregressive-delay 
model. Second, we employ both recursive least squares and median quantile re-
gression to estimate the models, forecasting one year ahead and identifying the 
best-performing model forecast, which is passed on to the adaptive learning 
method. The estimation of the models and their results are presented using rolling 
windows of 28 and 30 months. Moreover, we use this approach serves as a test of 
the adaptive learning method allowing us to achieve errors reduction. As shown 
in Table 1 (variable explanations and units of measurement), Table 2 and Table 
3 (performance results), this structured approach allows for precise identification 
of which energy indicators exert dominant influence on specific agricultural com-
modities under different market circumstances. 

 

 

2The parameter γ refers to the learning rate used in the adaptive learning forecasting model introduced 
by Kyriazi et al. (2019). This parameter controls how much weight is placed on recent forecast errors 
in updating future predictions. 
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Table 1. Abbreviations of energy and agricultural variables. 

Abbreviation Explanation Unit of Measurement 

FOL Fuel oil TTOE 

HYR Hydro TTOE 

LGN Lignite TTOE 

NGS Natural gas TTOE 

OLE Other oleaginous products TTOE 

OPP Oil and petroleum products TTOE 

PHY Pumped hydro power TTOE 

RFG Refinery gas TTOE 

RNW Renewables and biofuels TTOE 

WND Wind TTOE 

SFF Solid fossil fuels TTOE 

TTL Total TTOE 

BAP Barley Pp100 kg 

DWW Durum wheat Pp100 kg 

MPP Maize Pp100 kg 

FSE Fossil energy TTOE 

SUN Sunflowers Pp100 kg 

1) Pp100 kg is set as Prices per 100 kg (€/100 kg); 2) TTOE is set as Thousand tonnes of oil 
equivalent; 3) OPP: Oil and petroleum products exclude biofuel content. 

 
We start off our discussion with Table 2, including the analysis of BAP, SUN 

and DWW. For BAP, the QR method paired with the NGS-SFF-TTL index, yields 
the most accurate predictions, achieving a MAPE ratio of 0.269 at a γ value of 0.50. 
This finding aligns with the broader economic literature emphasizing the outsized 
role of fossil fuel costs in agricultural production, transportation, and processing 
(Koenker & Bassett, 1978). The superiority of QR over the OLS estimation method 
in this context likely stems from its ability to model extreme price fluctuations 
caused by energy shortages, which are common in volatile markets. On the other 
side, the OLS shows a weaker performance, with a MAPE ratio of 0.471 at a γ value 
of 0.35 for the SFF-TTL-LGN index, indicating only a 52.9% reduction, while at 
the same time the WND-RNW-FOL index performs best for OLS in terms of 
RMSE, revealing a ratio value of 0.927. SUN prices benefit most from indices com-
bine NGS-WND-HYR, with QR achieving an RMSE ratio of 0.856. This suggests 
that renewable energy sources play a stabilizing role in mitigating fossil fuel price 
shocks-a phenomenon noted in studies of sunflower oil production (Serra & Gil, 
2013). The NGS-WND-HYR index also performs well in terms of MAPE at a ratio 
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of 0.513. Interestingly, OLS performs comparably well for SUN MAE (ratio: 
0.872), indicating that linear models may suffice during periods of relative market 
calm, while struggling with a MAPE ratio of 0.784. In contrast, DWW forecasts 
remain challenging, with MAE ratios hovering near 1.0. This weakness likely re-
flects unmodeled factors such as geopolitical disruptions (e.g., export restrictions 
in Mediterranean regions) or climate variability, underscoring the need for ex-
panded variable selection in future work. Using the QR, the RFG-OLE-FOL index 
achieves the best RMSE ratio of 0.926 with a γ value of 0.40, while the FOL-TTL-
RNW index shows almost zero improvement in terms of MAE (ratio: 0.999). Ac-
cording to the OLS, both MAE (ratio: 0.997) and RMSE (ratio: 0.949) remain close 
to 1.00. In addition, the HYR-LGN-WND index presents the greatest MAPE ratio 
value of 0.569—among the estimation methods—associated with a γ value of 0.35, 
clearly outperforming QR estimation in this performance measure. 

Turning to MPP and FSE, as shown in Table 3, hybrid indices like WND-
RNW-FOL dominate performance. For MPP variable, OLS achieves a MAPE ratio 
of 0.738, outperforming QR. This divergence may reflect MPP dual role as both a 
food staple and biofuel feedstock, where symmetric price relationships (e.g., pol-
icy-driven biofuel demand) align better with linear methods (Reboredo, 2015). 
Moreover, the results for MPP demonstrate an interesting framework of discus-
sion between the QR and the OLS. The WND-RNW-SFF index particularly 
achieves the lowest RMSE ratio of 0.926 for the OLS and on the opposite side the 
OPP-WND-PHY index also shows such a good performance in terms of MAE 
(ratio: 0.942). FSE proves inherently harder to forecast, with even the best per-
forming HYR-PHY-WND yielding a MAE ratio of 0.943. The persistent gaps here 
likely stem from geopolitical shocks (e.g., OPEC supply decisions) not captured 
by current indices. The analysis of FSE in Table 3 reveals distinct forecasting chal-
lenges compared to agricultural commodities. Under the QR estimation method, 
the SFF-TTL-RNW index achieves a MAPE ratio of 0.913, indicating a slight im-
provement, while the FOL-RFG-RNW index performs better in terms of RMSE 
(ratio: 0.946). In particular, the γ value of 0.50 continues to dominate in the ma-
jority of the cases discussed above, while lower γ values (e.g., 0.35) consistently 
underperform, suggesting that timid adaptation fails to counter rapid price fluc-
tuations. Furthermore, given that the energy consumption framework closely fol-
lows economic activity, both in terms of industrial production and household us-
age (Baimpos & Kyriazi, 2025), it is clearly captured through indices that combine 
fossil and renewable energy consumption sources, mirroring real world trends to-
ward energy diversification and having a critical role in enhancing human devel-
opment (Lekana & Ikiemi, 2021). While QR excels in high-volatility scenarios 
(e.g., BAP and SUN), OLS remains viable for commodities with smoother price 
dynamics, such as MPP3. 

 

 

3To evaluate predictive validity, we first conducted Mincer-Zarnowitz test, which failed to reject the 
null hypothesis of unbiased and efficient forecasts for all top-performing models, confirming their 
statistical validity. Furthermore, Clark-West test for predictive ability showed mixed but generally 
favorable results, with our models frequently outperforming these conventional benchmarks. 
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Table 2. Forecasting performance of quantile regression and ordinary least squares for bar-
ley, sunflowers & durum wheat. 

Metrics Ratio γ Est. Method Indices 

Barley (BAP) 

MAE 0.922 0.50 QR NGS RFG PHY 

MAPE 0.269 0.50 QR NGS SFF TTL 

RMSE 0.944 0.50 QR SFF LGN HYR 

Barley (BAP) 

MAE 0.978 0.50 OLS SFF TTL OPP 

MAPE 0.471 0.35 OLS SFF TTL LGN 

RMSE 0.927 0.50 OLS WND RNW FOL 

Sunflowers (SUN) 

MAE 0.897 0.50 QR OPP OLE FOL 

MAPE 0.513 0.50 QR NGS WND HYR 

RMSE 0.856 0.50 QR NGS WND HYR 

Sunflowers (SUN) 

MAE 0.872 0.50 OLS NGS WND HYR 

MAPE 0.784 0.50 OLS HYR LGN WND 

RMSE 0.903 0.50 OLS HYR LGN WND 

Durum Wheat (DWW) 

MAE 0.999 0.40 QR FOL TTL RNW 

MAPE 0.752 0.40 QR RFG OLE FOL 

RMSE 0.926 0.40 QR RFG OLE FOL 

Durum Wheat (DWW) 

MAE 0.997 0.35 OLS FOL TTL RNW 

MAPE 0.569 0.35 OLS HYR LGN WND 

RMSE 0.949 0.40 OLS NGS OLE WND 

1) Performance metrics: MAE (Mean Absolute Error), MAPE (Mean Absolute Percentage 
Error), RMSE (Root Mean Squared Error); 2) Ratio = Adaptive Learning/Performance 
Measure Value; 3) γ represents the optimal learning rate parameter, as discussed in the 
second footnote; 4) Estimation methods: QR (Quantile Regression), OLS (Ordinary Least 
Squares); 5) Indices represent combinations of energy-related variables. 

https://doi.org/10.4236/tel.2025.153036


G. Prokopos, F. Kyriazi 
 

 

DOI: 10.4236/tel.2025.153036 684 Theoretical Economics Letters 
 

Table 3. Forecasting performance of quantile regression and ordinary least squares for 
maize & fossil energy consumption. 

Metrics Ratio γ Est. Method Indices 

Maize (MPP) 

MAE 0.942 0.50 QR OPP WND PHY 

MAPE 0.753 0.35 QR OPP WND PHY 

RMSE 0.926 0.35 QR WND RNW SFF 

Maize (MPP) 

MAE 0.974 0.50 OLS WND RNW FOL 

MAPE 0.738 0.50 OLS WND RNW FOL 

RMSE 0.952 0.40 OLS OPP WND PHY 

Fossil Energy (FSE) 

MAE 0.943 0.50 QR HYR PHY WND 

MAPE 0.913 0.50 QR SFF TTL RNW 

RMSE 0.946 0.40 QR FOL RFG RNW 

Fossil Energy (FSE) 

MAE 0.954 0.50 OLS WND RNW FOL 

MAPE 0.974 0.50 OLS LGN SFF OPP 

RMSE 0.949 0.40 OLS FOL RFG RNW 

1) Performance metrics: MAE (Mean Absolute Error), MAPE (Mean Absolute Percentage 
Error), RMSE (Root Mean Squared Error); 2) Ratio = Adaptive Learning/Performance 
Measure Value; 3) γ represents the optimal learning rate parameter, as discussed in the 
second footnote; 4) Estimation methods: QR (Quantile Regression), OLS (Ordinary Least 
Squares); 5) Indices represent combinations of energy-related variables. 

5. Conclusion and Policy Implication 

Our paper demonstrates the effectiveness of adaptive learning methodology in 
forecasting agricultural and energy commodity prices, particularly in volatile and 
data-limited contexts. By combining composite energy indices with quantile re-
gression and ordinary least squares, the adaptive learning model achieves a signif-
icant reduction in forecasting errors—up to 27% compared to traditional bench-
marks. Our results highlight the adaptability of QR in high-volatility markets, 
such as BAP and SUN, while confirming that OLS remains effective for commod-
ities with more stable price trends, like MPP. The success of our adaptive learning 
approach, particularly with an optimal γ value of 0.50, underscores its ability to 
capture asymmetric risks and structural shifts, providing valuable insights for 
stakeholders in interconnected energy and agricultural markets. 

https://doi.org/10.4236/tel.2025.153036


G. Prokopos, F. Kyriazi 
 

 

DOI: 10.4236/tel.2025.153036 685 Theoretical Economics Letters 
 

Our findings suggest that policymakers should adopt adaptive learning models 
to improve decision-making in agricultural and energy sectors, especially in re-
gions like Greece, where data scarcity and market volatility pose significant chal-
lenges. By utilizing composite indices that integrate both fossil and renewable en-
ergy variables, governments can better anticipate price fluctuations and mitigate 
risks linked to energy transitions or climate-related disruptions. Furthermore, our 
results emphasize the need for enhanced data infrastructure and cross-discipli-
nary research to address gaps in high-frequency data availability, ensuring more 
accurate and timely forecasts. Such measures would bolster sustainable agricul-
tural practices, energy security, and economic resilience amid global uncertainties. 

For industry stakeholders, our research underscores the benefits of diversifying 
energy sources and employing flexible forecasting tools to manage price volatility. 
Policymakers could integrate our models into early warning systems to proac-
tively address food security and energy affordability challenges, fostering more 
stable and sustainable markets. 
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