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This paper investigates long-term Crude Oil (CL) price forecasting, focusing on the unobservable trend. We hypothesize that
combining individual trend estimates improves accuracy and reduces risk. We compare five individual trend estimation methods
(Cubic Polynomial, Symmetric MA, Hodrick-Prescott Filter, MODWT, and $52000) and combine them using seven techniques
(simple average, median, weighted average, MLR, PCA, FFNN, and our novel METS 2.0, which incorporates wavelet denoising).
We argue that forecasting the trend itself, rather than the price, is crucial for long-term strategies. Using monthly NYMEX CL
futures data (1983-2021), various statistical measures and an out-of-sample exercise computing 349, 347, 344, and 338
forecasts 1, 3, 6, and 12 months ahead we find that combined trends outperform individual estimates, particularly METS 2.0
and MLR and show superior forecasting capacity in longer horizons.

Introduction

This paper explores long-term forecasting of Crude Oil (CL) prices, focusing on the unobservable trend
component. Recognizing the limitations of single forecasts, we propose combining multiple trend forecasts
to improve accuracy and reduce the risk of long-term forecasts. We hypothesize that combined forecasts
outperform individual ones, particularly for unobservable variables like the trend.

Forecast combination methods have shown improved accuracy over individual forecasting methods. Key
points of discussion include pre-forecast data processing for denoising or scale breakdown, forecast
selection for combination, and the “forecast combination puzzle.” Forecast and data-cleaning methods
have gained attention over the past decade. Lu et al. (2021) highlight techniques like wavelet transform
(WT) that enhance energy price prediction accuracy. Herawati and Djunaidy (2020) address nonlinearity
and non-stationarity in CL prices by utilizing an Empirical Mode Decomposition (EMD) Ensemble, feeding
the components into a feedforward neural network (FFNN) for forecasting. Salamai (2023) applies mode
decomposition before employing deep-learning frameworks. Wang et al. (2018) find that hybrid models
capture trends more precisely than single models, remarking on the effectiveness of WT. Saghi and
Jahangoshai (2023) utilize WT and fuzzy transform for OPEC CL prices, achieving optimal results with a
multilayer perceptron. Diaz-Rodriguez (2023) compares EMD and Maximal Optimal Discrete WT (MODWT)
methods, determining that MODWT tracks low-frequency trends better across different data frequencies.

Combinations can enhance forecasting accuracy (Cang and Yu, 2014; Wang et al., 2018; Wang et al., 2022).
Improvement depends on the number of forecasts, their precision, method diversity, uncertainty,
structural changes, and prediction horizon. Choosing the forecasts is crucial. Chan and Pauwels (2018)

S[Clig

bayes-cid.com | Summer 2025 | Commodity Insights Digest
7


https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5135448

“One Out of Many” Consolidating a Long-Term Trend Forecast for Investing in Energy Commodities

highlight potential bias in using mean squared forecast error (MSFE) for selection. Cang and Yu (2014)
emphasize the benefits of optimal and ranking-based combinations. Armstrong (2001) suggests at least
five elements, while more diversity can trade off accuracy (Lemke and Gabrys, 2010). Chan and Pauwels
(2018) observe that combinations using simple averages of forecasts often outperform individual
forecasts. Timmermann (2006) states that simple averages are optimal when forecasting errors share the
same variance and weak correlation. Wang et al. (2018) argue that weighting schemes can excel when
forecasts have different strengths. However, Blanc and Setzer (2016) note that weights may fit training
data but perform poorly out-of-sample, and structural changes can affect optimal weights.

The study compares five individual trend estimation methods: Cubic Polynomial, Symmetric Moving
Average (MA), Hodrick-Prescott Filter (HP), Maximal Overlap Wavelet Discrete Transform (MODWT), and
the Kalman filter estimation of the Schwartz and Smith (2000) model (552000). These are then combined
using seven different methods: simple average, median, weighted average, Multi-Linear Regression (MLR),
Principal Component Analysis (PCA), Feedforward Neural Network (FFNN), and a novel modified version
of the Multi-Ensemble Time-Scale algorithm (METS 2.0).

Key aspects of the research include:

e We focus on forecasting the trend, which is more relevant in longer horizons and less susceptible
to short-term noise than the price level itself.

e We use monthly price data of the front-month NYMEX future CL contract from April 1983 to
December 2021, sourced from EIA.gov.

e Our methodology involves computing five individual trend estimates and combining them using
seven different techniques. The performance of these combined forecasts is assessed and
compared with statistical criteria and in terms of their ability to forecast energy commodity prices
out-of-sample.

e We select a diverse set of trend estimation methods to capture different data features and improve
the potential for successful combinations. The individual forecasts are highly correlated in levels
but show low correlations in their short-term deviations from prices, suggesting that each method
captures unique aspects of the trend, which creates an opportunity for improved forecasting
through combination techniques.

e We propose a modified version of the METS algorithm by Percival and Senior (2012), incorporating
wavelet denoising of residuals, which represents a novel contribution to the field.

Data and Individual Trend Estimates

We use monthly average prices for the front-month NYMEX CL futures contract (Cushing, Oklahoma light
sweet grade) from the U.S. Energy Information Agency, from April 1983 to December 2021. This timeframe
captures various market conditions, including the COVID-19 pandemic and the historic negative price in
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April 2020 (diluted by the monthly average), with a total of 465 observations. We log-transform the price
series to stabilize variance and enhance their statistical properties. As Conlon et al. (2024) document,
monthly average data is preferred by CL price forecasters and yields more accurate combined forecasts
than end-of-month (EoM) data. Diaz-Rodriguez (2023) also warns about the period of time effectively
covered by data across different frequencies when analyzing energy commodities.

Figure 1
CL Price Estimated Trends and their Deviations from Prices
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We use diverse methods to estimate trends to provide a comprehensive approach, allowing us to capture
different data features. We follow Diaz-Rodriguez (2023) in selecting a set of procedures from five families
to estimate a continuous, smooth and price-tracking trend of three energy commodities, CL included. We
use three statistical methods: Cubic Detrending (polynomial regression) -tcubic-, Symmetric (Centred) MA
-tsymmMA-, and the HP filter -tHP-; one signal processing method, MODWT approximation -TtMODWT-;
and the structural model for pricing commodities by Schwartz and Smith (2000) -tSS2000-. Figure 1 shows
the estimated trends on top and the short-term deviations from the price on the bottom. The tcubic, THP,
and tMODWT are the smoothest trends. We observe that tS52000 differs the most from the other trend
estimates. While the standard deviation and coefficient of variation of these four estimated trends are
lower than the actual prices, as expected, given that trends are not contaminated by short-term noise, the
1552000 is more volatile than prices. The information, either levels or differences, conveyed by all the
individual trend estimates and their residuals differ enough to leave room for improving trend forecasting
by combining them and seeing what our expert models are leaving out individually.
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Combined Trend Forecasts

We explore various techniques, acknowledging the inherent uncertainty in selecting the "best" model for
an unobservable variable like the trend. Instead of choosing one expert model, we combine all five
estimated trends, allowing the data to determine the optimal weighting (see Figure 2).

Figure 2
Combinations of CL Individual Estimated Trends
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The combination methods are categorized as follows:

e Simple Methods: Mean and Median of the five trend estimates (tmean, tmedian). These are
used for their simplicity and stability. A weighted average is also employed (tweighted), where
weights are assigned based on each estimate’s historical accuracy in fitting prices.

e A Multi-Linear Regression (tMLR) that uses regression to find the optimal weights for each
individual trend in fitting prices. t™LR emphasizes the contributions of tsymMA and tS52000,
which capture different aspects of the price movement.

e Machine Learning Methods: Principal Component Analysis (TPCA) and Neural Networks (TNN).
PCA extracts the first principal component from the individual trends, creating a combined trend
that maximizes the explained variance. The NN uses a feedforward network to learn the
relationship between the five trends and the actual prices.
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e A Multi-Ensemble Time-Scale (tMETS). This is a modified version of the METS algorithm. It
decomposes the residuals (deviations from prices) of each individual trend estimate using wavelet
transforms, selects the least variance components at each scale, and reconstructs a combined
trend. We modify the original METS by adding a wavelet denoising to the residuals before
decomposition.

Results on Forecasting Ability

The performance of individual and combined forecasts is evaluated using several statistical measures,
including Signal-to-Noise Ratio (SNR), four mean error metrics (Mean Square Error, MSE; Root MSE, RMSE;
Mean Absolute Error, MAE; and Mean Absolute Percent Error, MAPE), and two out-of-sample forecasting
performance statistics (Mean Squared Forecast Error, MSFE; Out-of-Sample R-squared, R20s). We aim to
determine which forecast best captures the "true trend." Findings in Table 1 suggest that the combined
estimates generally outperform the individual ones, particularly the METS and MLR methods, exhibiting
greater precision and stability across different market conditions.

Table 1
Forecasting Error of Individual and Combined Trend Estimates
Forecasting MSFE* MSFE STD MSFE STD** R72_og***

Method h=1 h=3 h=6 h=I12| acrossh | h=1 h=3 h=6 h=12| h=1 h=3 h=6 h=I2
Individual Trend Estimates

Cubic 0.099 0.113 0.131 0.162} 0.027 [0.315 0.336 0.363 0.403; 0.721 0.699 0.675 0.639
symmMA 0.033 0.055 0.084 0.131} 0.042 10.182 0.234 0.289 0.359; 0.907 0.853 0.791 0.707
HP 0.049 0.070 0.097 0.136/ 0.038 :0.221 0.264 0.311 0.368} 0.863 0.814 0.760 0.695
MODWT 0.145 0.155 0.169 0.191} 0.020 }0.346 0.357 0.373 0.395} 0.592 0.588 0.582 0.574
S$52000 3.246 3.277 3.321 3.403, 0.068 |1.234 1.240 1.252 1.264}-8.143 -7.734 -7.222 -6.602
Mean 0.355 0.375 0.404 0.448 0.040 :0.432 0.449 0.474 0.505

Median 0.044 0.064 0.090 0.132} 0.038 {0.205 0.248 0.295 0.357! 0.876 0.829 0.777 0.704
Weighted 0.035 0.055 0.082 0.122} 0.038 {0.185 0.232 0.283 0.344! 0.900 0.852 0.797 0.727
Mult.Regress.; 0.024 0.048 0.079 0.128} 0.045 0.155 0.219 0.280 0.357. 0.932 0.873 0.805 0.714
PCA 0.074 0.093 0.119 0.157, 0.036 10.242 0.275 0.315 0.365; 0.791 0.752 0.706 0.649
METS 0.024 0.047 0.078 0.123} 0.043 0.150 0.213 0.274 0.344} 0.934 0.874 0.808 0.725
Network 0.631 0.642 0.677 0.7031 0.033 [0.656 0.661 0.682 0.693:-0.777 -0.710 -0.676 -0.570

Notes: * Mean Squared Forecasting Error. Minimal MSFE in each horizon is highlighted in bold blue font. ** The minimal STD
in each horizon is highlighted in bold blue font. *** A positive out-of-sample R”2 statistic indicates that the Forecasting method
is @ more accurate forecast (in terms of MSFE) than the Mean method, considered the benchmark in the forecast combination
literature. The maximal statistic in each horizon is highlighted in bold blue font.

Conclusions

Using monthly average prices and trend estimation methods, we mitigate the impact of high-frequency
noise, providing a suitable approximation of CL prices in the long term. We prove the effectiveness of the
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modified METS algorithm, which incorporates wavelet denoising of residuals, as a novel and valuable
contribution to hybrid forecasting models. Our results indicate the superiority of combined forecasts,
particularly METS 2.0 and MLR, which generally outperform individual estimates in terms of fitting prices,
minimizing errors, and demonstrating stability across market conditions. This supports the broader
literature on the benefits of forecast combination. Contrary to some research, we find that simple
combination methods did not consistently outperform other methods or even individual estimates in this
study, highlighting the importance of more sophisticated weighting schemes.

We demonstrate the value of trend forecasts in the long term, while price-based indicators may be
effective in the short term. Some methods may be complex, but top performers like METS 2.0 and MLR
are traceable and provide intuitive results, making them valuable tools for long-term forecasting and useful
for decision-making in investment and policy contexts.
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