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Abstract 

The fractional dynamics in three Alberta electricity price series is investigated using 

time series analysis methodology. The conflicting result obtained from the ADF and 

KPSS tests leads the motivation for testing the long memory. Using the spectral 

regression and approximate maximum likelihood methods, we estimated the 

autoregressive fractional integrated moving average (ARFIMA) model for the electricity 

price series. Significant evidence of fractional dynamics with long memory features is 

found in all the price series. 
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Chapter I 

INTRODUCTION 

The autoregressive fiactional integration moving average (ARFIMA) model is a relatively 

new technique for long memory analysis in econometrics. Although there exists ample published 

evidence on the success of applying ARFIMA models to time series data in the physical 

sciences, it was not until the 19807s, that we saw the application of the univariate ARFIMA 

model to econometric problems. The characterization of fractional differencing models was 

introduced by Granger and Joyeux (1980) and Hosking (1981). Since that time, there has been an 

explosion of advances and refinements, both theoretical and empirical on extending the 

technique to macroeconomics and finance. 

It is well know that many economic and financial time series exhibit considerable 

persistence, which could be due to the nonstationarity or due to the stationarity with long 

memory. Until recently, the standard practice was one of verifjmg the order of integration of 

each series is the unit root tests of 1(1) hypothesis against 1(0) alternatives. However, if the 

series is I (6) where d is a fractional number between 0 and 1, Diebold and Rudebusch (1 991) 

have pointed out that the standard Dickey - Fuller test has low power in testing the 1(1) 

hypothesis against I (d) alternatives. Allowing for the integration order of a series to take any 

value on fiactional integration leads to the development of long memory models. ARFIMA 

model is one of the methodologies to characterize the long memory process. It allows for more 

intricate patterns in the data. 

According to Beran (1 994), long memory depicts the high-order correlation structure of a 

series and has nonlinear dependence in the first moment of the distribution and a potentially 



predictable component in the series dynamics. Generally, no periodic cycles could be identified 

in the whole process. Also, according to Fung et al. (1994), a long memory series could allow 

conditional heteroscedasticity, which could be an explanation of nonperiodic cycles. Fung et al. 

(1994) claim that the ARFIMA model is more flexible than an ARCH model in capturing 

irregular behavior. 

Deregulation in Alberta electricity market started on January 1, 1996. The framework for the 

new structure of Alberta's electric industry is the Electric Utilities Act. Prior to deregulation, 

Alberta's largest utilities were involved in all components of generation, transmission and 

distribution (vertical integration). They were given both a right and an obligation to serve a 

particular geographical area. Costs and rates were reviewed and approved by either a provincial 

regulator or municipal authorities (regulated monopoly). In the new structure, the generation 

component is deregulated. Figure 1 shows the main elements of the new structure of Alberta's 

electric industry: 1) open competition for generation; 2) open access power pool; 3) system 

access to the pool; 4) regulated distribution; 5) import and export. However, the transmission and 

distribution systems remain the same as before. They are monitored and regulated by the Alberta 

Energy and Utilities Board (AEUB). Thus, the function of generation, transmission and 

distribution will be treated separately for accounting, regulatory and functional purposes. 

As the first step towards a fully competitive electric market, Alberta Power Pool ("the pool" 

hereafter) was established on January 1, 1996, as a spot commodity exchange market through 

which all electric energy, whether generated in Alberta or imported, is traded. Anyone wishing to 

participate in the pool must become a member of the pool and all pool participants must have a 

valid contract with the pool before they can submit Bids or Offers. The pool accepts offers fiom 



FIGURE 1 ALBERTA ELECTRIC INDUSTRY STRUCTURE 
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all generators and importers belonging to the pool for energy and also accepts bids for energy 

from distributors for price-sensitive load that would prefer to be curtailed rather than pay more 

than a given price for power. The pool price is determined fiom hour to hour, depending on the 

bids and offers to make to the pool. Distributors and exporters place bids to indicate how much 

power they are willing to buy for different prices. Generating units and importers offer blocks of 

power into the pool at the price they are willing to accept. Bids are ranked according to 

willingness to pay from the highest to lowest. Offers are ranked by price fi-om lowest to highest. 

The pool sorts bids and offers into a merit order used by the system controller in the dispatch of 

energy. The merit order for any given one-hour period includes hundreds of blocks of energy. 

The bids and offers form the basis for a forecast of what load will be served and which units will 

be dispatched in the hour. The point at which the demand and supply balance out determines the 

system marginal price and the actual pool price is a weighted average of the hlghest price unit (or 

load block) send off during the hour to balance the supply and demand in the system. There is no 

spread between the price paid by buyers and that received by sellers. 

So far, no ARFIMA modeling of electricity prices exists. My objective of this study is to 

investigate whether the long memory feature exists in Alberta electricity prices and whether it 

can be characterized by the ARFIMA model. In this paper, we test for the presence of long 

memory in Alberta's electricity prices and estimate an ARFIMA model for the price series. 

Several techniques have been proposed to estimate the fractional differencing parameter d. 

Geweke and Porter-Hudak (GPH, 1983) suggested the semi-parametric spectral regression 

method. Whittle (1 95 1) proposed a fi-equency-domain approximate maximum likelihood (ML) 

method to simultaneously estimate both the short- and long-memory parameters of an ARFIMA 

model. Sowell (1992) developed a ME estimation procedure for estimate d by deriving the 



unconditional exact ML function. Robinson (1995b) developed a Gaussia semi-parametric 

estimator (GS estimator) of the self-similarity parameter H, which is not defined in closed form. 

Jensen (1999) constructed a wavelet ordinary least squares (WOLS) estimator of d. In this paper, 

we estimate the ARFIMA model by using the GPH spectral regression method and approximate 

ML method. The obtained results strongly suggest that Alberta electricity prices exhibit 

stochastic long memory behavior. 

This paper is organized as follows. Chapter 2 briefly reviews the related literature, surveying 

previous theoretical and empirical work that has been conducted in the examination of long 

memory. Chapter 3 outlines and describes the econometric methodology we use, in addition to 

presenting our empirical results. Chapter 4 presents conclusions. 



Chapter 2 

LITERATURE REVIEW 

In this chapter, we discuss previous efforts other researchers have taken in examination of the 

long memory process using ARFIMA model. Starting with Diebold and Rudebusch (1989) and 

extending to the latest studies by Tsay (2000) and Tkacz (2001), this chapter contains a very 

selective review of some of the more recent empirical work that has been done with the 

estimation of long memory parameter of time series data. 

The ARFIMA model has been applied in several areas in macroeconomics and finance. The 

particular areas of coverage here include real gross national product (real GNP), inflation rates, 

interest rates, asset returns, foreign exchange rates and futures prices. 

2.1 Application in Macroeconomics 

The principal economic application of long memory models has been to contribute to the 

long standing debate as to whether real GNP is difference stationary or trend stationary (Baillie, 

1996). Diebold and Rudebusch (1989) examined persistence in U.S. real GNP, which includes 

ten real macroeconomic time series data at quarterly and annual fiequencies in level and per 

capita terms. On applying the Geweke and Porter-Hudak's (GPH, 1983) spectral regression 

method to differenced data, they found that the evidence of long memory is found in all of the 

series, in which the estimated d values range is from 0.5 to 0.90. They investigated the post war 

real GNP per capita in detail and found that estimated long-run responses to a unit innovation are 

shown to depend crucially on d. They pointed out that the point estimates strongly suggest that 



aggregate shocks are partially dissipated, not magnified and the confidence intervals associated 

with the long-run response are quite wide. 

Sowell (1992b) estimated both ARMA (0,2) and ARFlMA (3, d, 2) model using first 

differenced U.S. logarithm quarterly real GNP data from 1947:I to 1989:lV and obtained a 

fractional integration parameter d = 0.59 with standard error of 0.345. He argued that the only 

restriction between the ARMA and ARFlMA models concerns the absence or presence of the 

term (1 - L) in the Wold representation. The model which best explained the data was the 

ARFIMA (3, d, 2) model, and the data are consistent with both models. "While stringent 

confidence intervals include both d = 0 and d = 1 and suggest the likelihood is relatively flat, it is 

also true that a vast amount of the probability mass is well in the interior of the unit interval" 

(Baillie, 1996). 

On applying Sowell's (1992a) exact maximum likelihood estimation method, Crato and 

Rothrnan (1994) investigated the long-run behavior for a representative set of U.S. 

macroeconomic time series. They concluded that most of those time series are more consistent 

with the difference stationary behavior except some labor market series and bond yields. 

Chambers (1996) employed frequency domain maximum likelihood method to estimate 

ARFIMA models for five U.K. macroeconomic time series. He found three of the series (GNP, 

consumption, and investment) are consistent with the difference stationary, but the remaining 

two series (exports and imports) reject both trend and difference stationary, suggesting that these 

series are consistent with a genuinely fractional model in which the imposition of unit roots 

would be a misspecification. 



2.2 Application in Inflation Rates 

The earliest work we can find that modeling the long memory to inflation is Delgado and 

Robinson (1994). They analyzed Spanish monthly general price index, recorded from July 1939 

to October 1991 and found evidence of persistence dependence in the data. They have drawn the 

conclusion that the Spanish inflation rates are mean-reverting processes, so that an inflationary 

shock will persist but will eventually dissipate. 

Hassler and Wolters (1995) provided strong long memory persistence result in the inflation 

rates of the United States, United Kingdom, Germany, France and Italy. First, they applied 

Augmented Dickey-Fuller (ADF) tests to test the levels of all price indexes and the 

corresponding hypotheses cannot be rejected. However, for a second unit root, the evidence is 

ambiguous. Autoregressions of growing order of the levels of the series indicate some sort of 

nonstationarity but no second unit root. The outcomes ADF tests applied to inflation rates change 

accordingly from significance to insignificance with regressions of larger order. When serni- 

parametric procedures are adopted in testing the inflation rates, there is evidence against the unit 

root as well as against the stationary hypothesis. They then fitted the ARFIMA model using 

spectral regression method and approximate Whittle estimates. Finally, they found that the five 

industrial countries' inflation rates are well explained by the ARFIMA model in which the 

estimates of d vary around the stationary border of 0.5. 

On analyzing monthly post-World War II Consumer Price Index (CPI) inflation for ten 

different countries including G7 countries and three high inflation countries (Argentina, Brazil 

and Israel), Baillie, Chung and Tieslau (1996) found strong evidence of long memory with mean 

reverting behavior for all countries except Japan and found that the application of unit root tests 



reveals rejection of both I(1) null from the ADF tests and I(0) null from the KPSS tests. An 

ARFIMA (0, d, 1) model provided a good explanation of the mean behavior of US CPI inflation. 

For the three hgh  inflation economies there is evidence that the mean and volatility of Inflation 

interact in a way that is mean reverting but non-stationary. 

Barkoulas, Baum and Oguz (1998) investigated the low frequency properties of the traded 

goods price component of the overall price index for the G7 countries. The data series they used 

are monthly observations covering the period 1957:l- 1994:12 except for the import prices for 

the U.S. (1969:l - 1994:12), export prices for the U.S. (1968:l - 1994:12), and import and 

export prices for France (1962: 1 - 1994: 12). After performing the Philips-Penon and KPSS unit 

roots tests, they found most of the series are neither I(1) nor I(0). They used both the GPH 

spectral regression method and Sowell's exact maximum likelihood method to estimate the long 

memory fractional integration parameter and concluded that there is evidence of long term 

persistence in the inflation rates of import and export price indices of G7 countries. They pointed 

out, "These findings also have implications for the estimation of cointegrating relationships in 

systems of variables involving traded goods prices, such as the 'pass-through' equations in 

international finance". 

Baum, Barkoulas and Caglayan (1999) extended the existing long memory evidence in 

inflation rates by examining both the consumer price index (CPI) and the wholesale price index 

(WPI) based inflation rates for a large number of industrial and developing countries. They 

investigated monthly CPI based inflation rates for 27 countries and WPI based inflation rates for 

22 countries covering the period 1971: 1 - 1995:12 by using GPH spectral regression, Gaussian 

semiparametric, and approximate maximum likelihood method. They demonstrated that inflation 

rates, for most countries, do not possess a unit root, and that an ARFlMA model is an appropriate 



representation of the stochastic behavior of international inflation rates and that long memory is a 

common feature for most countries. 

Differing from previous work, Bos, Franses and Ooms (1999) reanalyzed the long memory in 

inflation rates for G7 countries with level shfts. They used simulation study to investigate the 

possible effects of a level shift on the estimate of the long memory parameter d in the ARFIMA 

model. They found that allowing for level shifts have a huge effect on the degree of fiactional 

integration. In Canada, two breaks let the degree of integration diminish to a level that is no 

longer significant. In Japan, four level shifts result the series display no significant fiactional 

integration. In France and Germany, the long memory parameter d decreases to a level that 

usually is considered as not a strong indication of the presence of long memory, although the 

parameter itself is still significantly different fiom zero. In Italy, the estimated d in the model 

with two level shifts is notably lower than in the pure ARFTMA model. The same situation is 

found for the U.K. and U.S. Thus, they argued that while a pure ARFIMA model indicates a 

significant value of estimated din several countries, addition of a set of level shifts decreases the 

degree of .fractional integration in various countries. 



2.3 Application in Interest Rates 

The ARFlMA model has also been used to investigate the long run behavior of the interest 

rate. Shea (1991) estimated a set of interest rates using GPH spectral regression method and 

discussed the implication of long memory on the variance bounds tests resulting fiom the term 

structure. They found that the long memory exists in the spreads and some interest rates in levels. 

Backus and Zin (1993) compared various time series processes and estimated an ARFIMA 

model using Sowell's exact maximum likelihood approach for three-month zero-coupon yields 

covering the period from 1959:l to 1986:12. They found some evidence of long memory in the 

data and found that allowing for long memory in the short rate improves the fitted mean and 

volatility yield curves. Tsay (2000) reexamined the time series of the US ex post real interest 

rate. Using the conditional sum of squares (CSS) method, he showed that the ex post real interest 

rate can be well described by the ARFIMA model. Tkacz (2001) used the wavelet OLS estimator 

suggested by Jensen (1 999) to estimate the fractional integration parameters of several interest 

rates for the U.S. and Canada fiom 1948 to 1999. He found that most rates are mean reverting in 

the very long run and the fractional order of integration increases with the term to maturity. 

Compared with the U. S., the speeds of mean-reversion are lower in Canada. This is likely 

because of a positive country-specific risk premium. In this paper, he also showed that 

significant persistence exists in interest rate yield spreads, indicating that the yield are also not 

strict 1(0) processes. Although the shocks to most interest rates and their spreads are not 

necessarily infinite, they are very long lasting. 



2.4 Application to Asset Returns 

In previous work on ARFIMA model and asset returns, most researchers found a lack of long 

memory on asset returns and the martingale model is more appropriated to modeling asset 

returns. Cheung and Lai (1995) found no evidence of persistence in several international stock 

returns series by using both the modified rescaled range statistics (modified RfS) method and the 

ARFIMA model. Berg and Lyhagen (1996) analyzed the behavior of Swedish stock returns over 

short and long run horizons. Using monthly data from 1919 to 1995 and weekly and daily data 

for the 1980s and first part of the 1990s and applying both the rescaled range analysis (RIS) and 

ARFIMA tests, they hardly found any evidence of long run dependence in the stock market. The 

significant result only appeared in two cases: nominal monthly stock returns for the fill and for 

the first half of sample at rather high frequency for the spectral analysis. Their empirical result 

indicated that returns are short term dependent but the magnitude of this dependence is very 

small. 

Barkoulas and Baurn (1996) applied the GPH spectral regression method to test for fractional 

differenced structure in aggregate stock returns, sectoral stock returns, and stock returns for the 

companies included in the Dow Jones Industrials index. There is no evidence of fractional 

differenced structure found in the stock indices, but there are some evidences of long memory 

found for five company returns series while intermediate memory appears in the return series for 

three other companies. However, there is no obvious characteristic linking firms in these two 

groupings. Therefore, they concluded "the results highlight the similarities and differences in 

fractal structure across different companies' series, implying that fractal structure may be 

masked in stock indices due to aggregation. However, the overall findings from both aggregate 



and disaggregate data do not offer convincing evidence against the martingale model". The 

situation on deposit returns is opposite. Same authors (1997) also tested Euroyen and 

Eurocurrency deposit rates and found significant evidence of positive long-term dependence in 

several return series. 

Contrary to most findmgs for major capital markets, significant and robust evidence of 

positive long memory process is found in the Greek stock market, an emerging capital market. 

Barkoulas, Baum and Travlos (2000) examined the long memory in the ten-year period returns 

series for the Greek stock market and found strong result that the stochastic long-memory 

behavior of this market markedly differs from that of major, well-developed stock markets. They 

made out-of-sample forecasting and the estimated ARFlMA model provide improved accuracy 

over longer forecasting horizons as compared to benchmark linear models. 

2.5 Application to Exchange Rates 

Applying ARFlMA models estimated by both the time-domain exact maximum likelihood 

method and the frequency-domain approximate ML method, Cheung (1993) found strong 

evidence of long memory in weekly exchange rate changes for the British Pound, Deutsche 

mark, French fi-anc and Japanese yen over the period from 1974 to 1987. However, the impulse- 

response function analysis, indicates that persistence in exchange rate changes can be difficult to 

detect. In addition, the ARFlMA model does not outperform a random walk in out-of-sample 

forecast. 

Barkoulas, Baum, Caglayan and Chakraborty (2000) reexamined foreign exchange long 

memory dynamics by extending Cheung's research in three aspects. First, they used more 



observations covering longer time period in order to incorporate more information regarding the 

long term. Second, they included more countries. In total, eighteen industrial countries' currency 

rates were estimated. Third, sensitivity analysis of the robustness properties and temporal 

stability of the fractional differencing parameter were performed in their work. Their analysis 

showed that there is no convincing evidence in support of long memory dynamics in foreign 

exchange rates. They argued that because long memory is sporadic and generally temporally 

unstable, the previous studies would appear to be an artifact of the sample period and currencies 

considered. They suggested that the unit root hypothesis is robust to long memory alternatives. 

This provides strong support for martingale behavior of currency rates and for foreign exchange 

market efficiency. 

Barkoulas and Baum (1 998) also analyzed cross-currency spot and forward rates of the 

Japanese yen with respect to the U.S. dollar, Canadian dollar, Deutsche mark, British pound, 

French fianc, Swiss franc, Netherlands guilder, and Italian lira from January 7, 1974 to January 

27, 1997 for a total of 1204 observations. They still found the absence of long memory in those 

foreign exchange series, with the exception of the French frandyen rate. 

2.6 Application to Futures Price 

Whether futures price changes are independen ~t over time has been an importan lt issue of 

extensive research. Fang, Lai and Lai (1994) examined four currency future price series (British 

pound, German mark, Japanese yen and Swiss franc), each series consisting daily observation 

from January 4, 1982 to December 3 1, 1991. The GPH spectral regression method was employed 

to estimate the ARFIMA model. The long memory evidence was found in three out of four 



currency futures return series and fractional dynamics is concluded. However, they also pointed 

out that, although spectral regression is used to estimate fractional parameter, d is not sensitive to 

variance nonstationarity, including nonlinear conditional heteroskedasticity, and "little is known 

about the possible effects of chaotic dynamics on the statistical procedure" (Fang, Lai and Lai, 

1994). 

Using variance ratios (VR) test, rescaled range statistic (RIS) and ARFIMA model, Fung, Lo 

and Peterson (1994) investigated Chicago Mercantile Exchange S&P 500 Index Futures which 

include all trades when the price is different fiom the previous trade. They selected two 

contracts: September 1987 and March 1988 in order to allow the impact of the October 1987 

crash. All three test methods indicated that there is no consistent pattern of long memory to be 

observed in the series studied and that the October 1987 crash does not appear to have had a 

significant impact on the memory in those futures prices. They pointed out that there is no 

significant impact of liquidity or maturity effect on price movements and the result has an 

important implication for forecasting using technical analysis. 

Barkoulas, Labys and Onochie (1999) tested for fractional roots in the futures prices for 

selected commodities, foreign currencies, and stock indexes. Using the GPH spectral regression 

method, the empirical results suggested the presence of a fractional exponent in the differencing 

process for several commodity and foreign currency futures prices. The returns series for these 

commodities and currencies exhibit long-range positive dependence. However, differencing of 

exact order one is sufficient for the stock index futures prices. 

Referring to commodity futures prices, Wei and Leuthold (2000) examined six agricultural 

futures price series including corn, soybeans, wheat, hogs, coffee and sugar and lasting 2 1.5 

years long. Since those series are long-range dependence, exhibit time varying volatility and 



have skewness and kurtosis. First, they applied an ARCH test but further diagnostics showed that 

the series are not ARCH process. Second, they used the classical R/S analysis, the modified R/S 

analysis and the ARFlMA model to test the martingale difference null against the long memory 

alternative. The classical R/S analysis suggests those series might be long memory process, 

however, two other more robust analysis, the modified R/S analysis and the ARFlMA model 

suggest that the long memory dependence only exists in sugar market, but does not exist in other 

five markets. 



Chapter 3 

ECONOMETRIC THEORY AND ESTIMATION RESULTS 

This chapter describes the econometric theory and results that form the basis of this thesis. 

The main focus will be on the examination of the long memory process in the electricity price. 

The chapter is comprised of four sections. Section 3.1 gives a brief description of the data used 

in the study. Section 3.2 reviews the theory used to test for a unit root and the test results. Section 

3.3 performs statistical procedure for long memory test. Section 3.4 presents the fractional 

integration estimation methods for ARFIMA model and the empirical results. 

3.1 The Data 

We investigate the period January 1, 1998 to September 30,2000 using the Alberta Power 

Pool hourly electricity price which is available at the web site www.powerpoo1.ab.ca. The data is 

recorded hourly. We created three data series: the price series at 6:OOpm each day at which most 

peak prices happened, the price series at 5:OOam each day at which most lowest prices happened 

and daily maximum price series. Plots of the price series appear in Figure 2. 

Electricity prices in Alberta have been rising over the past three years. In 1998, the average 

price for the year was $33.02/MW while in 2000 the average price was $102.95/MW. While 

average value could be distorted by extreme values, the median price may show a better picture 

of the price distribution. The median price in 1998 was $27.75/MW compared to $55.14/MW, 

which almost doubled in 2000. A summary of the pool price statistics and the price series 

statistics between January 1,1998 - September 30,2000 is presented in Table 1. For the three 



price series, the average values are $90.76, $23.73 and $134.42 per MW respectively. The 

histogram of these three price series is presented in Figure 3. This is consistent with all the 

statistics we obtained from skewness and kurtosis statistics. All skewness statistics are positive 

and all kurtosis statistics are greater than 3, indicating that these three price series are far from 

the normal distribution. They have long right hand side tail and have fat tails as well. 
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TABLE 1 Power Pool Price Statistics 

Year 1998 1999 2000 

Average 
Median 
Minimum 
Maximm 

Year 6:00 pm 5:OOAM DailyMaximum 
Price Series Price Series Price Series 

Average 90.76 23.73 134.42 
Median 44.23 2 1 54.89 
Minimum 14.85 5.15 2 1 
Maximrn 998 110 999.5 
Standard Deviation 132.47 16.09 186.54 
Skewness 3.29 1.49 2.32 
Kurtosis 14.36 5.58 8.03 

Note: 
If skewness is negative, the data are spread out more to the left of the mean than to the 
right. If skewness is positive, the data are spread out more to the right. The skewness of 
the normal distribution (or any perfectly symmetric distribution) is zero. 

The kurtosis of the normal distribution is 3. Distributions that are more outlier-prone 
than the normal distribution have kurtosis greater than 3; distributions that are less 
outlier-prone have kurtosis less than 3. 



FIGURE 3 

HISTOGRAM 

6:00 pm Price Series 

5:00 am Price Series 

Daily Maximum Price Series 



3.2 Unit Root Test for the Electricity Price Series 

As a precursor to our later examination of the long memory properties of these three 

electricity price series, we initially investigated their low frequency properties by performing the 

standard augmented Dickey-Fuller (ADF) and the Kwiatowski, Phillips, Schmidt and S h  

(KPSS) unit root tests to those series. Both tests check for integer orders of integration but they 

differ in terms of their null hypothesis. The ADF tests the null hypothesis of a unit root against 

the alternative of stationarity while the KPSS tests the null hypothesis of stationary against the 

alternative of a unit root. 

The ADF test procedure formulated by Dickey and Fuller (1979) tests for unit roots in the 

autoregressive polynomial of time series processes with a lag augmented regression model. In 

implementing these tests, two alternative hypotheses are usually adopted: stationarity with drift 

and stationarity around a deterministic trend. Therefore, the ADF testing equations are: 

where j = 0 to I .  It is important to choose the number of lags, I because allowing for too many 

lags will reduce the power of the test while allowing for too few lags will change the size of the 

test in an unpredictable manner. The maximum number of lags chosen in this study is by 

Schwartz criterion. First, we start with an upper bound I,, for I ,  here I,, = 2 1. If the last 

included lag is significant, then we choose I = I,,,. If not, reduce the order by 1 until the last 

included lag is significant. The null hypothesis will be rejected in favor of the stationary 

alternative when the test statistic is larger than the critical values. Table 2 shows the result of our 



ADF test for the price series. All three series reject the null hypothesis of a unit root (I (1)) at 1% 

significance level. 

Kwiatowslu, Phillips, Schmidt and Shin (1992) proposed a unit root test with the null 

hypothesis of the stationarity. By defining the partial sum process of the residuals: 

t 

S t = C e t ,  t = l , 2  ,..., T. 
i =  1 

(3) 

where et is the residuals fiom the regression of y on an intercept and time trend in testing the null 

hypothesis of trend stationary or the residuals from the regression of y on an intercept only in 

testing the null hypothesis of level stationary. The consistent estimator of the 'long-run variance' 

takes the form: 

where w ( s, I ) is an optimal lag window and I is the order of serial correlation allowed. The lag 

window we used here is the Bartlett window w (s, I )  = 1 - s / (I + 1) suggested by Newey and 

West (1987), which guarantees the nonnegativity of s2 (0. Thus, the LM test statistic is 

A 

where 0; is the estimate of the error variance. The test statistics for level stationary and for trend 

stationary are: 

. . 
r l r = q r / ~ 2  ( I ) = T - ~ C S ~ ~ / S ~  ( I )  

respectively. The test results obtained fi-om applying KPSS test to the three price series are 

shown in Table 3. All three series reject the null hypothesis of stationarity (I (0)) at 1% 

significance level as well. 



TABLE 2 Augmented Dickey-Fuller Test for Unit Root 

Series I&: Test with Trend and Drift I&: Test with Drift 

Lags ( 1 1 t Lags ( 1 1 t 
6:00 pm Price Series 20 -4.018 17 -3.541 

5:00 am Price Series 4 -4.32 3 -3.581 

Daily Maximum Price Series 20 -4.3 18 -3.545 

Note: I,, = 21 chosen by Schwartz criterion 

If the last included lag is significant, we choose I = I,. If not, reduce the order by 1 

until the last included lag is significant. 
Critical values for trend stationary: 10%: -3.12 5% : -3.41 1% : -3.96 
Critical values for stationarity with drift: 10%: -2.57 5% : -2.86 1% : -3.43 

Source: Davidson, Russell and James G. MacKinnon, 1993, ''Estimation and inference in 
econometrics", Oxford University Press, 708. 



TABLE 3 Kwiatkowski-Phillips-Schmidt-Shin (KPSS) Test for Electricity Prices 

Series b: Trend Stationary l&: Level Stationary 

Lags t Lags t 
6:00 pm Price Series 0 18.481 



TABLE 3 Kwiatkowski-Phillips-Schmidt-Shin (KPSS) Test for Electricity Prices 
(Cont'd) 

Series q: Trend Stationary I&: Level Stationary 

5:00 am Price Series 0 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
2 1 



TABLE 3 Kwiatkowski-Phillips-Schmidt-Shin (KPSS) Test for Electricity Prices 
(Cont'd) 

Series I&: Trend Stationary &: Level Stationary 

Lags t Lags t 
Daily 0 1.45268 0 18.382 
Maximum 1 
Price 2 
Series 3 

4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
2 1 

Note: I,, = 21 chosen by Schwertz criterion 

Autocovariances weighted by Bartlett kernel 
Critical values for trend stationary: 10%: 0.1 19 5% : 0.146 1% : 0.216 
Critical values for stationarity with drift: 10%: 0.347 5% : 0.463 1 % : 0.739 



Since neither an I(1) nor an I(0) process appears to adequately describe these series' low 

frequency behavior, a fractionally differenced process may provide a more appropriate 

representation for these three electricity price series. 

3.3 Hurst-Mandelbrot 's Classical Rescaled Range (RIS) Test and Lo's Modified R.6 Test for 

Electricity Price Series 

The classical RIS analysis was first proposed by Hurst (1951) and further developed and 

refined by Mandelbrot (1972) in the field of hydrology to study river flow and dam overflow. 

The rescaled range statistic is the range of partial sums of deviations of a time series from its 

mean, rescaled by its standard deviation. Consider a price series YI, Y2, . . ., Y, and let Y,-denote 

the sample mean, (1 1 n) z.5, S, be the maximum likelihood estimator of the standard deviation 

of Y, 

the classical rescaled range statistic, Q, is defined as 

I 
k k 

Qn=- M ax Z(Y, - ?,)- Min C(I;- Y,) 
S, I S k l n  j = l  I l k s ,  j = l  - I 

The first term in the bracket is the maximum of the partial sums of the first k deviations of Z;. 

from the sample mean, which is nonnegative. The second term in the bracket is the 

corresponding minimum of the partial sums, which is nonpositive. Therefore, the difference of 

these two quantities, called "range" is always nonnegative, so that the rescaled range, Q, 2 0. 



The advantage of the classical R I S analysis is that the results is reliable regardless whether 

the distribution of the series is normal or nonnormal. However, as pointed out by Lo (1991), the 

rescaled range statistic is excessively sensitivity to the short-range dependence and will give 

biased results in the case of short-range dependence, heterogeneities and nonstationary. He 

shows that the short-range dependence will change the limiting distribution of the rescaled range 

by a multiplicative constant that depends on the short-range dependence structure. 

Thus, Lo (1991) suggested a modified R / S statistic to correct the shortcomings. He replaces 

the term Sn by an (0, which has the form 

A I A .i 
= O ; + ~ E O ~ ( ~ Y ~ ,  O,(I)=I--, I < IZ, 

j = 1  1+ 1 
A A 

where a, and yi are the usual sample variance and autocovariance estimators of Y, 1 is the optimal 

lag of autocovariances. Equation (1 0) is called the modified rescaled range, because the variance 

of the partial sum is not simply the variance of individual observations, but also includes the 

weighted autocovariances up to lag I. 

The greatest advantage of lo 's  method is that it applies to many different short-range 

dependence structures. However, the main shortfall of this method is that we have to choose the 

optimal lag value, I. Allowing for too many lags, the test statistic may become insensitive to long 

memory in the data and the power of the test may be reduced. On the other hand, allowing for 

too few lags, the test statistic may still gives the biased results. The criterion we used in t h~s  

study is Andrews (1 99 1) criterion in which 



where int means the integer part of the elements in [I and 6 is the short-order autocorrelation 

coefficient of the data. 

The rescaled range statistic distribution function is normalized by dividing the square root of 

n, which is given by 

The null hypothesis of the tests is that there is no long-range dependence in the series. This test 

can be performed by calculating the confidence intervals with respect to some significance level, 

and to see whether the rescaled range statistic lies in or outside the desired interval. The critical 

values for the above two tests are given in Lo, 1991, Table II. 

The test results of the Alberta electricity price series obtained fiom the above two tests are 

shown in Table 4 and 5. From Hurst-Mandelbrot's classical R / S test, we found that all these 

series reject the null hypothesis of no long memory in the series at 99% confidence level. From 

Lo's modified R 1 S test, we found that the 6:00 pm and daily maximum price series reject the 

null hypothesis at 99% confidence level, the 5:00 am price series reject the null hypothesis at 

90% confidence level. Therefore, we conclude that the evidence of long memory exists in these 

three price series. 



TABLE 4 Hurst-Mandelbrot's Classical R/S Test for Electricity Prices 

Series &: The Series is not long-range dependent 

t 

6:00 pm Price Series 

5:00 am Price Series 

Daily Maximum Price Series 

Note: Critical values: 90% [0.861, 1.7471 
95% [0.809, 1.8621 
99% [0.721,2.098] 



TABLE 5 Lo's Modified WS Test for Electricity Prices 

Series &: The Series is not long-range dependent 

6:00 pm Price Series 13 2.64576 

5:00 am Price Series 37 1.84297 

Daily Maximum Price Series 13 2.64935 

Note: Lags chosen by Andrews criterion 
Critical values: 90% r0.861, 1.7471 

95% [0.809, 1.8621 
99% [0.721,2.098] 



3.4 Estimation of the ARFIMA Model 

3.4.1 The ARF'IU4 Model 

The ARFIMA model is designed to capture both long and short run components. The 

ARFIMA process of order (p, d, q) with mean p takes the form 

(D(L) (~ -L)~ (Y~- ,U)=O(L)E , ,  E-i.i.d(0,02) (13) 

where L is the lag operator and describes the long run (low fiequency) behavior of Y,, @(L) = 1 - 

$lL - $ 2 ~ 2  - . . . - $LpP, O(L) = 1 + OIL + 02~ '  + . . . + 0$, which capture the short run (high 

frequency) properties. (1 - L) "Y, - p) is a stochastic process. For any real value d, the fractional 

difference operator (1 - L) 5 s  defined as the binomial expansion 

in which r (-) denotes the gamma function. 

According to Granger and Joyeux (1980), the variance of the stochastic process K is infinite 

and is nonstationary for d 2 0.5. According to Hosking (1981), the stochastic process Y, is both 

stationary and invertible if Id1 < 0.5 and all the roots of the equations @(L) = 0 and O(L) = 0 lie 

outside the unit circle. By assuming 14 < 0.5, Hosking also demonstrated that in contrast to the 

approximately geometric decay of a stationary ARMA process in which pk - rk, where r is a 

constant such that Irl< 1, the correlation function, pk, of an ARFIMA process, Y ,  has a slower 

hyperbolic autocorrelation decay and has a approximation of pk - k2d -1 as k + oo. Consequently, 



the autocorrelations of Y, decay hyperbolically to zero as k -+ a. By considering ARFIMA 

processes in more detail, Hosking (1981) stated the following points: 

1) When d E [0.5,1), the ARFIMA process, Y, is nonstationary but invertible; 

2) When d E (0, OS), the ARFIMA process, Y, is a stationary process with long memory 

and the correlations and partial correlations of Yt are all positive and decay 

monotonically and hyperbolically to zero as the lag increases; 

3) When d = 0, the process exhibits short memory with zero correlations and constant 

spectral density corresponding to the stationary ARMA process as a special case; 

4) When d E (-0.5, O), the ARFIMA process, Y, is 'antipersistent' and the correlations 

and partial correlations of Y, are all negative and decay monotonically and 

hyperbolically to zero as the lag increases. 

Granger and Joyeux (1980) and Hosking (1981) showed that the spectral density of Y,, 

~(o)-o-~"or 0 < o < 7~ as o + 0. Thus, the fractional parameter crucially determines the low 

frequency dynamics of the process. For d > 0, s(w) is unbounded at fiequency w = 0 while ford 

< 0, s(o) is vanishes at fiequency o = 0 but has gradient +a there. 

3.4.2 Estimation Methods of A R F I .  Model 

Two widely used techniques for the estimation of the ARFIMA model parameters include 

Geweke and Porter-Hudak two step spectral regression method (GPH) and the maximum 

likelihood method (ML). 



The GPH Semi-parametric Spectral Regression Method 

Geweke and Porter-Hudak (1983) suggested a semi-parametric procedure to obtain an 

estimate of the fractional differencing estimator d that is based on a linear regression of the log 

periodogram on trigonometric function. Suppose (1 - L) Y, = E,, where E, is a stationary linear 

process with spectral density function sdo), which is finite, bounded away fiom zero and 

continuous on the interval [n, -XI. The spectral density function of Yt is defined as 

S(O) = (d / 2x1 (4sin2 S ~ O )  (15) 

and, 

In {s(o)) = In {02 sE(0) / 2x1 - d In {4sin2 ( a  / 2)) + In {sdo) / sdO)) (1 6) 

Evaluating at harmonic frequencies o = 27cj 1 T (T is the number of observations and j = 0, 

. . ., T - 1) and letting I(oj) denote the periodogram at these ordinates, equation (16) becomes 

In {I(oj)) = In {d sd0) I 2n) - d in {4sin2 (aj 1 2)) + In {sdo j) / ~ 4 0 ) )  + In { I (q)  / s(q)) 

(17) 

This suggests estimating d using a simple spectral regression equation 

In {I(oj)) = Po - PI h {4sin2 (aj / 2)) + 4, j = 1,2, . . . n (1 8) 

where ct equals to In ( I(oj) / s(oj)), which is asymptotically i.i.d, across harmonic frequencies 

with zero mean and variance known to be equal to n2 / 6, n = g(T) = Tp with 0 < p < 1 is the 

number of Fourier frequencies included in the spectral regression and is an increasing function of 

T. Assuming that lim~,, g(T) = m, limr+, {g(T) / T) = 0 and lirnT+, {ln(T)2 / g(T)) = 0, they 

showed that the least squares estimate of P I  provides a consistent and asymptotically normally 

distributed estimator of the slope coefficient d for d < 0 while Robinson (1990) provided a proof 

of consistency and asymptotic normality for d E (0,0.5). 



A major issue in this application is the choice of n, the number of Fourier frequencies 

included in the regression. If too few ordinates are included, the slope is calculated from a small 

sample so that it will increase the variability of the estimates. On the other hand, if too many 

ordinates are included, medium and high frequency components of the spectrum will bias the 

estimate. To balance these two factors of consideration, a range of p values, usually p E [0.4, 

0.751 are used for the sample size function, n = g(T) = Tp in which the default number of p is 

0.50. 

Since we would like to estimate ARFIMA model, we must obtain estimates of short run 

ARMA parameters as well. We used two-step estimation procedure. First, we estimated d, and 

then we filtered the original series by the operator, (1 - L) where d is replaced with the 

estimated d, and estimated the ARMA parameters from the filtered series. Finally, We used 

Akaike criterion (AX) and Schwartz criterion PIC) to pick up the order of AR and MA in order 

to choose the final ARFlMA model. 

The Approximate Maximum Likelihood Method 

Whittle (1953) proposed a fi-equency-domain approximate maximum likelihood (ML) 

method to simultaneously estimate both the short and long memory parameters of an ARFIMA 

model. It approximates the exact likelihood in the frequency domain, which amounts to 

minimizing the approximation of the logarithm of the spectral likelihood h c t i o n  



with respect to the parameter vector e= ( d, +*,. . ., +p, el, .  . ., eq). The subscript W stands for 

Whittle. As defined above, o is the harmonic frequencies, I(wjSn) is the periodogram at these 

ordmates and s(o,,,; 8) is the spectrum of the ARFlMA model being estimated. The estimate of 8, 

A 

Bis defined by the following two steps: 

1) Minimize 

with respect to q, where B* = (1, q). 

2) Set 

A A - 
0,2 = 2~ el = 47~ ~ ( 7 ) .  (21) 

This approximation was suggested by Graf (1 983) for fractional Gaussian noise (Beran, 

1997). The resulting ML estimates of 0 are consistent. However, Beran pointed out that this 

derivation in which it is assumed that periodograrn ordinates at distinct Fourier frequencies are 

approximately independent exponential random variables with expected value equal to the 

spectral density is not quite correct, as consistency and independence are proven for a finite 

number of non-zero frequencies only. 

3.4.3 Empirical Results 

Table 6 reports the estimates of the fractional differencing parameter d by using GPH 

spectral regression method. In the choice of low frequency periodograrn ordinates, we used p = 

0.50, 0.55 and 0.60. The d estimates are provided together with their t-statistics based on both the 

known theoretical error variance of x2 / 6 and the empirical error variance estimates. They are 



significantly positive and greater than 0.5, meaning that these series are nonstationary but 

invertible. They generally decline with the increasing number of the low frequency periodogram 

ordinates included in the regression, but they appear stable. The t-statistics are used to perform 

formal tests of the null hypothesis of a nonfractional process (d = 0) against the alternative 

hypothesis of a fractional process (d + 0). The results indicated that there is statistically 

significant evidence that these three series are well described by the long memory fiactionally 

differenced process. This is consistent with the results we obtained from R 1 S test. 

Next, we filtered the original series by the operator, (1 - L) where d is replaced with the 

estimated d when ,u = 0.50, and estimated the ARMA parameters using Box-Jenk method from 

the filtered series. Table 7 presents the estimated ARFIMA model. It is interesting to note that all 

of the AR parameters are significantly positive, while all of the MA parameters are significantly 

negative. 

Table 8 reports the frequency domain approximate ML estimates for these three electricity 

price series. Since the approximate ML method simultaneously estimates both the short and long 

memory parameters of the model, there are trade-offs between the value of the long memory 

parameter and those of the ARMA parameters. There are also stationarity and invertibility 

problems associated with the AR and MA polynomials. Moreover, the parameter estimates are 

very sensitive to the initial values. We followed the same strategy as described by Baum, 

Barkoulas and Caglayan (1999). We allowed for short memory dynamics up to ARMA (3,3), 

used the Schwartz criterion (BE) to choose the order of AR and MA polynomial. The selected 

models are (2, d, I), (1, d, 2) and (1, d, 2) for three series respectively. Then, we also did grid 

search on different order of AR and MA by picking up different values as initial value including 

those estimates from GPH spectral regression. We tested the statistical significance of the AR 



and MA coefficients and tried to find the minimum value of the likelihood function. Finally, we 

reached the final ARFIMA specification shown as in Table 8. The results are broadly consistent 

with the GPH spectral regression estimates. The fractional differencing parameter d for 5:OOam 

price series is much smaller than the one we obtained from GPH spectral regression method. 

These results, on the whole, suggested that significant evidence of long memory is obtained for 

all these three electricity price series, thus reinforcing the robustness of the evidence over 

alternative estimation methods. 



TABLE 6 GPH Estimates of Fractional Differencing Parameter d for Electricity Prices 

Series d (0.50) d (0.55) d (0.60) 

6:00 pm Price Series 0.683529 0.572517 0.557966 
(5.687) (5.8029) (6.9546) 
(4.9788) (5.1493) (6.1809) 

5:00 am Price Series 0.832455 0.83118 0.8314870 
(8.987) (1 1.3142) (1 0.0467) 

(6.0636) (7.4757) (9.2108) 

Daily Maximum Price Series 0.678985 0.5 16055 0.471227 
(4.7188) (4.22 13) (5.4 104) 
(4.9457) (4.6414) (5.22) 

Notes: d (0.50), d (0.55) and d (0.60) give the d estimates corresponding to the spectral 
regression of sample size n =  TO.^', n = T ~ . ~ ~  and n =  TO.^'. 
The t - statistics are given in parentheses and are constructed imposing both the known 
theoretical error variance of n2 16 and the empirical error variance estimates. 



TABLE 7 GPH Two-Stage Estimates of Electricity Prices 

Series d (0.50) AR parameters MA parameters 

AR (1) MA (1) 
6:00 pm Price Series 0.683529 0.449148 -0.851429 

5:00 am Price Series 0.832455 0.358727 -0.77745 
(0.0926) (0.0512) (0.0345) 

Daily Maximum Price Series 0.678985 0.50323 -0.867757 
(0.1439) (0.0425) (0.0244) 

Notes: The order of AR and MA are chosen by Schwartz criterion. 
Standard errors are given in parentheses. 



TABLE 8 Approximate Maximum Likelihood Estimates of Electricity Prices 

Series d AR MA MA Likelihood 
parameters parameters parameters Function Value 

AR (1) MA (1) MA (2) 
6:00 pm Price Series 0.6061 0.1803 -0.4695 -0.1839 0.6789 

(0.0000) (0.0000) (0.0000) (0.0000) 

5:00 am Price Series 0.3663 0.9659 -0.8917 
(0.0000) (0.0000) (0.0000) 

Daily Maximum Price Series 0.5932 0.5226 -0.7955 
(0.0000) (0.0000) (0.0000) 

Notes: Standard errors are given in parentheses. 



Chapter 4 

SUMMARY & CONCLUSIONS 

Ever since fractional integration model was introduced into econometrics, it has been the 

focus of a considerable volume of empirical research on macroeconomics and finance. However, 

ths  econometric methodology has not been applied to electricity prices. In an attempt to extend 

the long memory research, the objective of this study is to examine the fractional dynamics in 

Alberta electricity prices. 

First, we examined the stochastic nature of three representative electricity price series - the 

price series at 6:00 pm and 5:00 am each day and the daily maximum price series. Using R I S 

and modified R 1 S tests, we found some evidences of long memory in these price series. The 

results fiom the tests then allowed us to investigate the dynamic structure. We used GPH spectral 

regression and approximate MI, estimation methods to estimate ARFIMA model for these price 

series. The statistically significant results fiom those regressions confirmed our findings of the 

existence of irregular cyclic fluctuations with long-term dependence in these price series. It 

appears that they eventually exhibit positive dependence between distant observations. However, 

the behavior of these price series is not the same. The estimated d is greater than 0.5 for 6:00 pm 

price series and daily m a x i m  price series from both GPH spectral regression and approximate 

ML estimation methods, suggesting that they are non-stationary process. For 5:00 am price 

series, the estimated d is greater than 0.5 by using GPH spectral regression method while is less 

than 0.5 by using approximate ML estimation method. From figure 2 provided in Chapter 3, we 

could also see the different behavior of these three price series. Compared with other two price 

series, 5:00 am price series does not have so many peaks. 



Power purchasing strategies involving electricity portfolio analysis should be based on a 

complete characterization of the electricity market, which in particular, is the Power Pool in 

Alberta. Our findings demonstrate that the fractional dynamics could be an important element of 

the characterization. ARFIMA process allows for more dynamics in the stochastic behavior of 

the series. The ability to appropriately represent the price series as ARFlMA processes should be 

of particular interest to those portfolio analysts. The results we obtained from this study has an 

important implication for forecasting using technical analysis because forecasting performance 

will be improved significantly if the correct stochastic process is utilized for the series 

investigated. Generating forecasts of Alberta electricity prices using ARFlMA models could be a 

useful approach. The ARFlMA representations may give more accurate short- and long-run 

forecasts of the future price path. 

In future research, a number of important issues ought to be considered. One such direction is 

to investigate the electricity price series in other different hours, in longer time span and see 

whether there exists long-term dependence. As Barkoulas et al. (2000) have pointed out, the 

evidence of long memory would appear to be an artifact of the sample period and series 

considered in the studies. Therefore, employing more data series in different period may provide 

more evidence that is confident. 

Another important direction for further research is to consider adopting level shifts or ARCH 

errors for the white noise disturbance term into ARFIMA model. While pure ARFIMA model 

may get significant value of fractional differencing parameter d, addition of a set of level shifts 

may decrease the degree of fractional integration. On the other hand, ARFIMA-GARCH process 

is a fractionally integrated I(d) process with a superimposed stationary ARMA component in its 



conhtional mean. Thus after testing different structures of ARFlMA model, we may find more 

efficient estimates of the system's underlyng relationship. 

One final aspect, which should be considered, is that our analysis was constructed under the 

examination only on price series. The investigation of the fractional integration relationship 

between electricity price and other factors, such as gas price, coal price, demand etc may be 

required for further research. 
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