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Overview
Although a large body of the empirical literature is focused on forecasting energy prices and their volatilities, according to Aloui and Mabrouk (2010) they are far from finding any consensus about the appropriate VaR model for energy price risk forecasting. This paper attempts to close this gap in the existing literature by proposing a set of VaR models appropriate to capture the dynamics of energy prices and subsequently quantify energy price risk by calculating VaR and ES measures. Amongst the competing VaR methodologies evaluated in this paper, besides the commonly used benchmark models, a MC simulation approach and a Hybrid MC with Historical Simulation approach, both assuming various processes for the underlying spot prices, are also being employed. All VaR models are empirically tested on eight spot energy commodities that trade futures contracts on NYMEX and the Spot Energy Index. A two-stage evaluation and selection process is applied, combining statistical and economic measures, to choose amongst the competing VaR models. Finally, both long and short trading positions are considered as it is extremely important for energy traders and risk managers to be able to capture efficiently the characteristics of both tails of the distributions.
Methods
For each model, in total 2,450 daily observations are collected from DataStream for the period 12/09/2000 to 1/02/2010. From the total sample, 1,827 observations are used in estimation to forecast the next day’s VaR. Using this “rolling window” method, for a fixed length of 1 day, the estimation sample is rolled over the entire data period generating 623 daily out-of-sample VaR forecasts. The spot prices collected are from eight energy markets that trade futures contracts on NYMEX, and the Spot Energy Index, as explained below:

1. Heating Oil, New York Harbour No.2 Fuel Oil, quoted in US Dollar Cents/Gallon (US C/Gal); hereafter named as “HO”; 

2. Crude Oil, West Texas Intermediate (WTI) Spot Cushing, quoted in US Dollars/Barrel (US$/BBL); hereafter named as “WTI”;

3. Gasoline, New York Harbour Reformulated Blendstock for Oxygen Blending (RBOB), quoted in US C/Gal; hereafter named as “Gasoline”;

4. 1-1 Crack Spread of Gasoline with WTI, quoted in US $/BBL; hereafter named as “CS_Gasoline_WTI”;

5. 1-1 Crack Spread of Fuel Oil with WTI, quoted in US $/BBL; hereafter named as “CS_HO_WTI”;

6. Natural Gas, Henry Hub, quoted in US Dollars/Milion British Thermal Units (US$/MMBTU); hereafter named as “NG”;

7. Propane, Mont Belvieu Texas, quoted in US C/Gal; hereafter named as “Propane”;

8. PJM, Interconnection Electricity Firm On Peak Price Index, quoted in US Dollars/Megawatt hour (US $/Mwh); hereafter named as “PJM”.

9. Geometric average Spot Energy Index, quoted in index points and constituted by daily prices of WTI, HO, Gasoline, NG, Propane, and PJM; hereafter named as “SEI”.

The Spot Energy Index (SEI) is constructed as an un-weighted geometric average of the individual commodity ratios of current prices to the base period prices, set at September 12, 2000. The index’s construction methodology is similar to that of the world-renowned CRB Spot Commodity Index. 

In principle, there are three general approaches to compute VaR, each one with numerous variations. The first one is to assume the return distributions for the market risks. The second one is to use the variances and co-variances across the market risks, and the third one is to run hypothetical portfolios through historical data or by using Monte Carlo simulations. This paper describes various models originating from all three approaches, and compares their performance for accurately calculating VaR for the energy commodity markets. Taking into consideration that the proposed MC simulation models jointly take into account two sources of uncertainty, jumps and high volatility with both having some predictable component, the VaR estimates from the proposed specifications are compared to those obtained with more established methods, like the Riskmetrics or Historical Simulation methods. In addition, a Hybrid approach for calculating VaR is developed based on a combination of both the MC Simulations and the Historical Simulation methodologies. In total ther are twenty two VaR models compared in this paper; Variance & Covariance; Risk Metrics; GARCH; Filtered GARCH; EGARCH; Filtered EGARCH; Historical Simulation; Filtered Historical Simulation; Monte Carlo Simulation assuming various underlying processes such as the Geometric Brownian Motion, Mean Reversion, and Mean Reversion Jump Diffusion, all under different specification about the underlying asset’s volatility e.g. constant, GARCH, and EGARCH; Hybrid Monte Carlo Simulation under all the aforementioned underlying processes;
To select the best model in terms of its VaR forecasting power, a two stage evaluation framework is implemented. In the first stage, three statistical criteria are used to test for unconditional coverage, independence, and conditional coverage, as proposed by Christoffersen (1998). A VaR model successfully passes the first stage evaluation only when it can satisfy all three statistical tests, at the 5% or higher significance level. In the second stage, a loss function is constructed in line with Lopez (1999) and Sarma et al. (2003) to test the economic accuracy of the VaR models that have passed the first evaluation stage. Then, the model that delivers that lowest loss function value is compared pair-wise with all remaining models that have passed the first evaluation stage, using the modified Diebold-Mariano (MDM) test as proposed by Harvey et al. (1997). In addition to the MDM test, White’s (2000) Reality Check is also implemented to choose the best VaR model across all models that have passé dthe first evaluation stage. Thus, the benchmark model is tested against the remaining models to choose the VaR calculation methodology which generates the least loss for each energy market and the SEI.  
Results
The results show that, at the 1% significance level, for all commodities and the SEI there is at least one model that passes all three statistical tests with the ARCH type, the MC simulation, and the Hybrid MC-HS models prevailing more. For the entire fuels complex, including the WTI, HO, Gasoline, and the crack spreads with WTI, and for both long and short positions, the MC simulations methodology under the MRJD specifications, followed by the Hybrid MC-HS models, pass all three statistical criteria from the first evaluation stage, and at the same time deliver the lowest LF at the second evaluation stage. The only exceptions are the WTI and the CS-HO-WTI just for the long trading positions, with the ARCH-type methodologies delivering the lowest LFs, respectively. Therefore, it is concluded that the two former approaches are the most reasonable, efficient, and consistent candidates for calculating the VaR of energy prices, for both long and short positions.
Conclusions

Following the proposed methodology for accurately calculating the VaR measures in the volatile energy markets is important for all market players and for a variety of reasons. First, the spot energy price risk is quantified taking in consideration the occurrence of extreme volatility events and thus at the same time allowing managers to develop efficient hedging strategies to protect their investments. Second, with the proposed VaR model selection process, the modelling risk is minimised, satisfying the strict risk management requirements and control procedures, by reducing the probability of accepting flawed models. Third, quantifying the risk profile of the energy markets, as expressed by the individual spot price series and the SEI, is vital for many hedge fund managers and alternative investors that recently have been following closely and started expanding their presence in the energy markets. Finally, the proposed VaR estimates can be used for setting the margin requirements in the growing energy derivatives market, and more importantly for the energy forwards, futures, and options that are widely used for both hedging and speculation purposes by many industrial players, commodity and investment houses.
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