
3. Data and empirical result 

Subsection 3-1 describes the data, and subsection 3-2 discusses the statistic 

characteristics of data. We find the data is stationary thus can process further analysis. 

Subsection 3-3 is the empirical result. 

3-1 Data 

Intercontinental Exchange (ICE) is the world’s leading marketplace for energy 

trading and price discovery. The product of crude oil is the largest of all the energies 

on the earth. According to Energy Information Administration (EIA), there are about 

161 kinds of crude oil traded all around the world, and the four most familiar oil 

prices are West Texas Intermediate (WTI), Brent, NYMEX, and OPEC. Brent crude 

oil is the price index of Europe and Africa crude oils, its trade platform is mostly 

throughout Europe, even extend to American and Africa. For Brent crude oil price is a 

very important index for international crude oil price, the ICE - BRENT CRUDE OIL 

data is employed as the samples for empirical study.  

The data is collected from the DataStream database which represents a vest 

resource of economic and financial data, and also supplies a number of programs to 

access and analyze the data. The sample period is from1988/12/7 to 2006/6/1 with 

daily frequency, and the total sample number is 4422 after excluding the zero or N/A 

data. We follow automatic roll of the futures contracts to determine the appropriate 



rolling date for contracts based upon total daily volume. A roll of contracts will occur 

on the close of the day in which the next contract’s daily volume exceeds the current 

contract. 

  Since we observe a time trend in the price series on the top panel of figure1, 

log-return is used here to obtain de-trended series (showed on bottom panel of figure 

1), which is defined as follow: 
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3-2 Statistic characteristics of data 

Table 1 represents the descriptive statistics of the data, we find the data is 

left-skewed and with the excess kurtosis larger than 0, it is fatter-tailed than the 

normal distribution. As for the value of the Jarque-Bera statistic, we can reject the 

hypothesis of normal distribution; it also comes out to be fat-tailed.  

Figure 2 shows the Q-Q plots against Normal and Student-t distributions; we 

observe that the log-return has fatter tail than standard Normal and Student-t with 

degree 7. The Ljung-Box Q (1978) statistics in Table 1, Q(8), Q(16) and Q(24) point 

out that the residual present high-order serial correlation, i.e. it disobeys the 

assumption of white-noise. As a result, there exists the ARCH effect in the log-return 

series.  



Figure 3 and 4 display the correlog-returnam and partial correlog-returnam for 

log-return and square of log-return from lag 1 to lag 36, respectively. Since the ACF 

and PACF does not decay in hyperbolic or slow declining rate, we think that there is 

no long memory in this log-return series  

Table 2 shows the ADF and PP test of the log-return series. We find that both null 

hypothesis can be rejected under 1％ significant level. That is to say, there is no 

unit-root in the series. Since the log-return series is stationary, we can continue to 

process the analysis.  

 

3-3 Empirical results 

This section introduces the empirical results. Subsection 3-3-1 shows the statistic 

comparisons for various specifications of different models, and 3-3-2 shows the 

forecast performance of different models. Subsection 3-3-3 shows the estimation 

model and the smoothing probabilities under different regimes. For each model, the 

estimation of parameters and minimization of log-likelihood function are performed 

with program SWARCH of RATS 6.0 software, and the smoothing probabilities under 

different regimes are drawn with GAUSS 6.0 software.  

 

3-3-1 Statistic fit comparisons for various specifications of different models 



Table 3 shows the statistic comparisons for various specifications of different 

models, including constant variance, ARCH(1) and ARCH(2), GARCH(1,1) and 

GARCH(2,1), SWARCH(2,3) and SWARCH(3,3) models. According the values of 

AIC and SBC by Akaike (1976) and Schwarz (1978), we find that the GARCH 

models are better than ARCH and constant variance models, and the SWARCH(3,3) 

model fits the data best of all. It is the most appropriate model of those all to describe 

the data. 

 

3-3-2 The forecast performance of different models 

Table 4 shows the one-period-ahead forecast performance of different models. We 

find that the SWARCH(3,3) model has the best forecast performance based on MSE 

and , and the SWARCH(2,3) model is the best when based on MAE and || LE 2LE . 

Generally, the SWARCH models outperform constant variance, ARCH and GARCH 

models. Therefore we continue to process the estimation of SWARCH model 

specifications.   

 

3-3-3 The estimation model and the probability under different regimes 

The result of the estimated parameters is as follows, with standard errors in 

parentheses. 
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The different values of , and establish the basis that the conditional 

disturbances diversify in states. The variance in state 2 is about 3 times greater than 

state 1, while variance in state 3 is about 13 times greater than state 1. From the result 

of the transition probability, we find that are obviously greater than other 

elements so that the series in one state at time t would have a tendency to stay in the 

same state at time t+1. The value of equals to zero can be explained as there is no 

probability for the data to change from state 1 to state 3. On the other hand, the small 

value of means the probability to change from state 1 to state 3 is very low.  
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Figure 4 shows the smoothing probabilities under different regimes. If we roughly 

divide the period into 2 subsamples, from 1988 December to 1995 August the period 

is relatively quiet, data is most in either state1 or state 2, while most in either state 2 

or state 3 after 1995 august. In general, most of remain periods are of medium 

volatility hereafter. However, we find data is of high volatility during some periods.  

The first high volatility period is about from 1990 April to 1991 April. When 

checking this period on the price series, we observe a rapid price raise and a quick 

reduction, and this period corresponds to the 1990 Persian Gulf War which is a 

conflict between Iraq and the United Nation led by USA. The decrease of oil 

production by Iraq led to the third worldwide oil crisis.  

  The second high volatility period is about during the year of 1998. Since it is just 

one year after the Asia Financial Crisis, most countries, especially for Asia countries, 

cut their demand of crude oil largely. However, the OPEC still increase their product, 

thus the crude oil price reduces under the situation that the supply is over the demand. 

Crude oil price during this period is the lowest of all the analyzing time period. 

  The third high volatility period is about in 2001 November and December. Since on 

September 11 in the same year happens the terrorist attacks on the World Trade Center 

in NYC and the Pentagon in Washington, the market is supposed to be in depression 

worldwide, and the heavily decrease of the demand of crude oil forces the crude oil 



price to lower. 

  Generally we find that when a shock happens, the regime that data is in would shift 

to state 3, the high volatility regime. 

 


