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Abstract

Modeling Spot Prices in Ukrainian Wholesale Electricity Market
by Sergiu Frunze
Head of the State Examination Committee: Mr. Serhiy Korablin

                                       Economist, National Bank of Ukraine

        In this paper we investigate the behavior of spot electricity prices in Ukrainian Wholesale Electricity Market. The data covers the period from January 2003 to January 2007. The price behavior is estimated by a GARCH, TGARCH and EGARCH model in order to capture the asymmetry effects of “bad news” and “good news” on the conditional volatility.

        The analysis starts by examining the seasonal behavior of the spot electricity prices such as intra-daily, weekly and monthly. 

      The findings also reveal a high degree of volatility persistence.  An “inverse leverage effect” is found which means that positive innovations have a bigger impact on the conditional volatility than negative shocks do.
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Glossary

Word. 

Volatility clustering - is the property that there are periods of high and low (conditional or unconditional) variance.
Mean reversion – is a tendency for a stochastic process to remain near, or tend to return over time to a long-run average value.
Block bidding trading - prices and volumes are settled in the day-ahead spot market by taking as a reference periods of time covering different intervals within the day, rather than the standard hour-to-hour basis.
Chapter 1

Introduction
                     Electricity prices have been under increasing interest of researchers during the last decade. The reason for such big interest is the deregulation of electricity market. In many countries such as USA, Britain, Norway, Sweden, Argentina, Australia and other countries the process of liberalization of  electricity power sectors have started several years ago.  Along with other Eastern European countries (Romania, Bulgaria), Ukraine has started the restructuring of electricity power sector in 1994-1995. The main objectives of the restructuring were creating of a competitive environment for the energy sector and attracting of private investments into this sector. 

                     The restructuring and deregulation of the electricity sector started with the Presidential Decrees No. 244/94 and 282/95 which necessitate the separation of electricity business activities into generation, transmission, distribution and supply and creation of the Wholesale Electricity Market (WEM). According to these laws the Wholesale Market Operator, ENERGORYNOK, is a wholly state owned company and manages the single buyer function.

  The main functions of the WEM are: 

· Organization and maintenance of the functioning of the wholesale electricity market; administration of ENERGORYNOK’s settlements and funds. 

· Wholesale supply to electricity distributors. 

· Purchase of electricity from electricity generators and electricity importers.

            These new wholesale electricity prices behave differently than other assets’ prices and are characterized by high volatility and strong seasonal patterns. Knittel and Roberts (2001) give some reasons for this uncommon behavior. One of them is non-storability of energy. This characteristic along with constrained capacity of electricity generators makes the supply of electricity to be extremely inelastic. Combined with inelastic demand, at least in short term, small changes in either the supply or demand for electricity can have a big impact on electricity prices generating a high degree of volatility.

            The aim of this paper is to investigate the behaviour of the electricity prices of Ukrainian spot wholesale electricity market and exactly such characteristics as the seasonality, mean reversion and GARCH behaviour. Also it shows that positive shocks have a bigger impact on price volatilities than negative shocks do, which is opposite to financial empirical findings, the so-called “leverage effect”,  but common for electricity prices supported by findings by Knittel and Roberts (2001) and Hadsel et. al. (2004).

             It is of big interest to research the behaviour of electricity prices in Ukrainian wholesale market, first of all, because Ukraine is one of the few transition countries which have a deregulated power sector. 

         Secondly, the Ukrainian wholesale electricity market has a distinct feature from other deregulated markets. It differs from other markets that only thermal power plants are allowed to bid into the pool.

            Understanding the behaviour of electricity prices also will give the ability to forecast the electricity prices. It is important for suppliers and consumers since this can help them to hedge their risks. As Blanco and Soronow (2001) mention, modelling electricity spot prices is important for generation assets, particularly for peaking plants, whose value are entirely dependent on existence of price spikes that facilitate the recovery of high marginal costs over very short run periods. The difference between peaking and base load plants is their operational and investment costs. The base load plants require high investment costs and low operational and maintenance costs in contrast to peaking plants. In this framework, the electricity generation companies need to forecast prices for both estimation of price behavior and planning the budgets and investments for short and long run period.

              Investment decisions in a competitive market are mainly based on price signals and expectations over a long period of time. So, the electricity price and its volatility also raise an issue for potential entrants in electricity generation sector. 

               The paper is structured in following way: Chapter 2 gives an overview of the relevant literature and describes different approaches to modelling electricity prices. Chapter 3 acknowledges the readers with Ukrainian wholesale electricity market and shows the properties of electricity prices plus descriptive statistics. The methodology and the models estimation are described in Chapter 4. And in Chapter 5 the interpretation of results are described. 

Chapter 2

Literature review
          The electricity sector was and still remains in many countries a high regulated sector. In the early of ’90s many countries such as USA, Britain, Norway, Sweden, Argentina, Australia and other European countries started the process of reorganization and liberalization of their electricity power sectors. Moreover such processes started also in the former socialist countries from Eastern Europe (Romania, Poland, Hungary etc.) and former Soviet Union (Ukraine, Russia).
           The liberalization processes was aimed to open the electricity systems to competition, though the goal and the speed of liberalization processes were different across the countries (Lucia and Schwartz, 2001). These reforms had the scope to create a more competitive and efficient industry than regulated monopolies could do. Due to this, the main new object in such markets is modeling the wholesale electricity price behavior and volatility, and forecasting electricity prices. 

            Misiorek et. al. (2006) classify the various methodologies describing the behavior of electricity price into six groups: 

· Production-cost (or cost-based) models,
· Equilibrium (or game theoretic) approaches,
· Fundamental (or structural) methods,
· Quantitative (or stochastic, econometric reduced-form)  models,

· Statistical (or technical analysis) approaches,

· Artificial intelligence-based (or non-parametric) techniques.
               Following the description from Misiorek et. al. (2006), a short overview of this classification is given below. 

           The main trait of Production-cost models is operation simulation of energy plants which try to meet the market demand at minimum cost. The cost-based models are able to forecast electricity prices on an hour-by-hour level but they are not appropriate for designing biding strategies.

             This pitfall of production-cost models can be removed by game theoretic approaches. They are helpful models for understanding the players’ strategy games and outcomes of these biding strategies. However, these approaches fail to give someone quantitative conclusions.  
The exogenous factors such as the loads, weather temperature, demand, fuel prices are often used in modeling the electricity prices using the Fundamental methods. 
          Quantitative models basically are used when someone wants to understand the statistical properties of prices for a long period of time. The advantage of these models is simplicity, while the shortcoming of them is poor forecasting ability.  That’s why someone would choose some Statistical approaches. The most popular methods are multivariate regression, time series models and smoothing techniques. The reason why these models are better performing in forecasting, even in comparison with other financial assets, is the seasonal patterns that electricity prices follow.

           The most sophisticated approaches are the so-called Artificial intelligence-based techniques using non-parametric tools such as artificial neural networks, expert systems, fuzzy logic and support vector machines.
           Empirical evidence from different countries has noted some features of the spot electricity prices. These characteristics are seasonal patterns (intra-day, weekly, monthly), see Lucia and Schwartz (2001); mean-reversion in a long run; jump and spikes (Deng, 2000); positive skewness and leptokurtosis; volatility with higher magnitudes than other commodities and financial assets (Escribano et. al., 2002). 

          Systematic behavior of electricity prices through time is influenced by changes in business activities’ demand and the periodic behavior of electricity consumption arising from the seasonal evolution of temperatures (Lucia and Schwartz, 2001). Different kinds of seasonality appear in the data: intra-daily, weekly and monthly seasonality. These can be captured either by dummy variables, see for example Lucia and Schwartz (2001), or by sinusoidal function, see Escribano et. al. (2002). Dummy variables are more intuitive and easily to interpret, but the results seems to be very similar with both specifications, at least, for spot prices of electricity markets from Argentina, Australia (Victoria), New Zealand (Hayward), Scandinavia (NordPool), Spain and U.S.A. (PJM), see Escribano et. al. (2002).

           A salient feature of energy price behavior is mean-reversion.  Deng (2000) explains this process in the following way; when the price of a commodity is high, its supply tends to increase, thus putting a downward pressure on the price; when the spot price is low, the supply of the commodity tends to decrease, thus providing an upward lift to the price.  

         Although the most researchers propose mean-reverting models to describe the behavior of electricity prices, for instance Knittel and Roberts (2001), Lucia and Schwartz (2001), there are also researchers that tries to explain the electricity prices behavior with non-mean reverting models, see Leon and Rubia (2002). 


         Another aspect of the energy prices is the presence of price jumps and spikes.  The jumps behavior in electricity spot prices is explained by the fact that aggregate supply function of electricity almost always has a step-wise form of supply function and inelastic demand curve, Deng (2000).     
        In a valuation of spikes on several series electricity prices, De Jong (2006) states that because of frequently occurrence (29%-32%) of jumps they can not be treated as extra-ordinary spikes. Also there is no clear evidence of the sign of the spikes. Although, his findings are that regime-switching models are better suited for capturing the electricity price dynamics than a simple GARCH model. He suggests using an independent spike model which can distinguish between jumps and the rest of the prices.

           Also an important feature of electricity prices is the existence of high volatility and volatility clustering. One of the most popular approaches to modeling such volatility is the GARCH and extension of this model. For applications of such models in practice, one can see the Knittel and Roberts (2001) paper. Escribano et.al. (2002) show that one can improve both jump-diffusion models and GARCH models by working with a model that simultaneously takes into account both characteristics. They show that both modeling approaches are complementary and not substitutes.
            Because block biding becomes more popular trading process in most markets, Leon and Rubia (2002) investigate the electricity prices for block bids under a multivariate environment from the Argentine Wholesale Electricity Market. For estimating the conditional mean, Leon and Rubia (2002) use VAR model and a deterministic function with daily dummies to capture the seasonal effect. Then the residual error series from the VAR model are estimated by Orthogonal GARCH and constrained multivariate GARCH. Both estimates give similar results but this methodology can be used for covering other complex issues, such as spikes.
             It is a standard approach (Knittel and Roberts, 2001; Misiorek et al, 2006; Escribano et al, 2002) to start modelling electricity prices with an ARMA model. A common assumption in modelling and predicting electricity spot prices is that only publicly available information such as spot prices, consumption of electricity is used for it (Misiorek et al, 2006). In a common way, these models are used as a benchmark for comparison with their extensions (e.g. Misiorek et al, 2006; Knittel and Roberts, 2001). Meanwhile the ARMA models take into consideration only the past information of electricity prices; it doesn’t incorporate the information of other exogenous variables which might influence the behaviour of electricity prices. As an example, it can be considered natural gas which in recent years became a popular fuel for energy generation. Speaking with the words of Serletis and Shahmoradi (2006, p.1): “Since natural gas is an input in electricity generation, it is expected natural gas changes to be (at least partly) reflected in electricity price changes”.

              Moreover, one can argue that the gas price is not the only factor that influences the electricity. Knittel and Roberts (2001) found reasonable to use as exogenous variable the temperature data. The ARMA models with exogenous variables empirically outperform simple ARMA models (Misiorek, 2006) but the drawback of this model is the assumption of homoschedasticity.  This problem can be removed by implementing GARCH extensions (Escribano et al, 2002; Misiorek et al, 2006).

                     In financial market there is well known phenomenon, the so-called “leverage effect” Nelson (1991). In several empirical studies researchers try to capture the asymmetric effect of “good news” and “bad news” by Exponential GARCH (1, 1) model (Knittel and Roberts, 2001) and by Threshold GARCH (1, 1) model (Hadsell et. al., 2004). Both studies find an asymmetric effect opposite to the common effect in the financial market. This “inverse leverage effect” is explained by Knittel and Roberts (2001) as “positive shock to prices is really an unexpected positive demand shock. Therefore, since marginal costs are convex, positive demand shocks have a larger impact on price changes relative to negative shocks.” 

                One determinant which can influence the electricity price behavior is market design. An interesting study by Wolak (1997) establishes that the markets dominated by fossil fuels have greater volatility than markets with large share of hydroelectric power. Also, he shows that mandatory participation in pools is likely to increase the price volatility, as well as the greater share of private participation is related to a greater volatility. In such a framework, it would be a fruitful investigation and comparison of Ukrainian Wholesale Electricity Market with markets of other countries.
                 There are some studies on Ukrainian power sector. One of the closest to my topic is Zuyko (2005). He investigates the relative efficiency of derivative based on spot and future price series of Germany, France, Austria and Norway. His findings are that for Ukraine it is better to introduce derivatives with short term maturities. 
Chapter 3

Data description

1. Organization of Ukrainian Electricity Wholesale Market
       Under regulation, prices were set by the National Energy Regulatory Commission. A quota system for state consumers was maintained, obliging regional distributors to supply mainly communal consumers at low prices. The regulator was controlled politically by the Energy Ministry. Restructuring removes price controls and openly encourages market entry. Currently the Ukrainian wholesale market is organized as a pool. This model allows competition in generation and retail trade. The eight vertically integrated regional utilities were split up in 1993 and transformed into 7 generation companies (one for nuclear power, two for hydropower and the remaining four for thermal power (in the four regions of the country: Centre, West, South, East)), and 27 regional supply companies (“Oblenergos”). Only thermal power plants were allowed to bid into the pool.

2. Data and descriptive analysis

           In this study we work with average daily prices of Ukrainian wholesale electricity market (WEM), denominated in Ukrainian Hrivna per megawatt-hour (UAH/MWh). The sample begins on 30th December, 2002 and ends on 28th January, 2007 for a total of 1491 observations. Because of lack of some observations
, they were replaced with the average of the same day from previous and next week. 

       The behaviour of electricity prices has several distinguishing features. This can be clearly seen in Figures 1 and 2. Fig.1 presents average hourly electricity prices for weekdays and weekends. As can be seen, prices are, on average, higher during the week when demand for electricity is higher. Prices begin to increase between 6:00 and 7:00 a.m., when people wake and the workday begins.
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Figure 1. Average hourly electricity prices across the entire sample
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Figure 2. A sample of hourly electricity prices


            This price increase continues till 11 a.m. after which it declines, and again increases from 17:00 p.m. till 22:00 p.m. when people are home and demand for electricity increases. Thereafter, as people go sleeping, prices start to decrease as the demand for electricity also.  Fig.2 presents a sample of hourly prices for the time period, December 25, 2006 to December 31, 2006. This figure illustrates more clearly the intra-daily behaviour of electricity prices.

     Fig. 3 plots the daily average price series for the entire sample, from the 30th December, 2002 till on 28th January 2007, and illustrates two points. The price series exhibit the existence of high volatility and volatility clustering and mean reverting property.
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Figure 3. Average daily prices across the entire sample


         Table 1 presents the descriptive statistics for price series. We may observe that price series have positive skewness (0.18) and kurtosis (3.39) 
	Table 1. Descriptive statistics

	Mean
	155

	Maximum
	252.53

	Std. Dev.
	34.77

	Skewness
	0.1854

	Kurtosis
	3.3945

	Observations
	1491


[image: image4.emf]0

.005

.01

.015

Density

0 50 100 150 200 250

UAH/MWh

Figure 4. Empirical histogram of average daily prices


which is higher than 3, assumed for normal distribution. Together with Figure 4, it illustrates the deviation from the normality. Figure 5 plots the autocorrelation function for the level of hourly prices. The autocorrelations are statistically significant even beyond 40 lags. Durbin-Watson alternative test ensures the lack of autocorrelation at 7 lags.
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Firgure 5. Autocorrelation function for level electricity prices


In order to check for stationarity the Augmented Dickey-Fuller test for unit root was used. 

	Table 2. Results for Augmented Dickey-Fuller test for unit root

	 
	Test statistic
	1% Critical Value
	5% Critical Value
	10% Critical Value

	Z(t)
	-4.314
	-3.43
	-2.86
	-2.57


      The ARCH effects are tested by Engle’s Lagrange multiplier test.  Obtaining a zero p-value, the null hypothesis of no ARCH (1) effects   is rejected.

 From this preliminary analysis of the data, it is clear that any modelling effort should take into account the following characteristics of the prices:

· mean reversion,

· seasonal effects (daily, weekly and monthly),

· time-varying volatility and volatility clustering,

      -     extreme values (jumps),
      -     asymmetric effects on volatility.
Chapter 4

Methodology

             As it was shown in the data description part, the price series do not exhibit constant variance. So, the assumption of constant variance in modelling electricity prices is not appropriate. That’s why the GARCH-type models are very popular in modelling the behaviour of the electricity prices. The GARCH specification of Bolersllev (1986) is an extended version of Autoregressive Conditional Heteroschedasticity model introduced by Engle (1982).  

             Following the notation of the Engle and Ng (1993), let’s introduce the following notation:

-  Pt -   the spot price of electricity;

- Ft-1-the set of the previous values of all variables of the model up to time t-1;

- mt = E(Pt| Ft-1) – conditional expected price given the set of past realizations;

- ht= Var(Pt | Ft-1) – conditional variance of price given the set of past realizations;

- εt = Pt - mt - the shock at time t;

            The most popular GARCH models introduced by Engle (1982) and Bollerslev (1986) make σ2t=ht a linear function of lagged conditional variances and squared past residuals by defining:
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             This specification allows any type of error, either positive or negative to have the same impact on conditional volatility. But Nelson (1991) noted that this is a limitation of the model since volatility is a result of news. Empirically it was found that “bad news” has a greater impact on prices’ volatility than “good news” has. This phenomenon is called “the leverage effect”, firstly observed by Black (1976) in behaviour of financial assets. This finding leads to the idea that there is an asymmetric effect of positive and negative errors on price volatility.
               Because of this reason Nelson (1991) proposed a different form for conditional volatility  σ2t called Exponential GARCH (EGARCH). This model allows the conditional volatility to react differently to the sign of past errors, namely to “good news” and “bad news”. 
             The conditional variance is given by the following from:
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where 
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             The parameters 
[image: image11.wmf]k

g

 allow for asymmetry and a positive 
[image: image12.wmf]k

g

 means that negative innovations generate more volatility than positive ones, ceteris paribus. 

            Another approach for introducing asymmetry is the Threshold GARCH (TGARCH) introduced by  Zakoian (1994) and Glosten et al (1993). 

        Specifically, they estimate the following model for the conditional variance:
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            This is a function of three terms: the mean
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 will imply that negative shocks affect less the conditional variance than positive ones. 
Chapter 5
Empirical results
               As it can be seen in the data description part electricity prices clearly have a seasonal behavior. For that reason in the main equation we introduce monthly dummies, January being as a base. Also electricity prices behave differently during weekdays and weekends. That’s why we also introduce daily dummies in the main equation, Sunday being as base. To control the downward jumps we introduce dummies equal to one when a jump occurred (price is less than 100) and zero otherwise.

Thus our main equation takes the following form:
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                  (4)
     The obtained results from estimating the equation (4) are reported in the TableX. The results for main equation estimated by GARCH, EGARCH and TGARCH models do not differ much from each other.

             From the table we can observe that coefficients of monthly dummies are all statistically significant but February, March and April. Concerning the rest of the months, prices during May, June, July, August and September were on the average higher than in January. In contrast the electricity spot prices in October, November and December were on average less than spot prices 

TABLE 3. The Main Equation 

	 Coefficient
	GARCH
	EARCH
	TGARCH

	Constant
	123.6***
	123.8***
	129.7***

	 
	(8.01)
	(7.43)
	(7.23)

	FEB
	-0.371
	1.597
	-0.598

	 
	(4.18)
	(4.15)
	(4.16)

	MAR
	-4.957
	-1.817
	-5.203

	 
	(4.69)
	(5.00)
	(4.74)

	APR
	3.636
	5.865
	3.105

	 
	(6.07)
	(6.22)
	(6.19)

	MAY
	15.53**
	16.40***
	14.76**

	 
	(6.06)
	(6.14)
	(6.21)

	JUNE
	12.11*
	14.42**
	11.37

	 
	(6.87)
	(6.97)
	(7.07)

	JULY
	14.69*
	17.03**
	13.76*

	 
	(7.96)
	(7.43)
	(7.82)

	AUG
	13.47*
	14.50**
	12.65*

	 
	(7.75)
	(7.14)
	(7.57)

	SEP
	16.92**
	14.96**
	15.91**

	 
	(7.61)
	(7.00)
	(7.42)

	OCT
	-15.68**
	-14.33**
	-15.66**

	 
	(7.36)
	(6.85)
	(7.20)

	NOV
	-12.13**
	-11.28**
	-12.53**

	 
	(5.45)
	(4.62)
	(5.13)

	DEC
	-7.561***
	-7.001***
	-7.783***

	 
	(1.79)
	(1.65)
	(1.86)


	MON
	6.439***
	8.244***
	6.701***

	 
	(0.73)
	(0.59)
	(0.73)

	TUE
	6.459***
	6.888***
	6.637***

	 
	(1.04)
	(0.95)
	(1.04)

	WED
	6.560***
	6.562***
	6.567***

	 
	(0.87)
	(0.87)
	(0.87)

	THU
	7.449***
	7.820***
	7.427***

	 
	(0.90)
	(0.80)
	(0.90)

	FRI
	6.714***
	7.474***
	6.580***

	 
	(0.98)
	(0.89)
	(0.99)

	SAT
	-0.827
	-0.0114
	-0.908

	 
	(0.82)
	(0.67)
	(0.82)

	J_down
	-46.59***
	-45.47***
	-47.01***

	 
	(1.37)
	(1.41)
	(1.33)

	L.ar
	0.597***
	0.615***
	0.597***

	 
	(0.038)
	(0.034)
	(0.038)

	L2.ar
	0.0383
	0.0195
	0.0306

	 
	(0.039)
	(0.035)
	(0.039)

	L3.ar
	0.176***
	0.174***
	0.181***

	 
	(0.037)
	(0.039)
	(0.038)

	L4.ar
	-0.0102
	0.00233
	-0.00944

	 
	(0.039)
	(0.039)
	(0.038)

	L5.ar
	-0.00861
	0.00764
	-0.00198

	 
	(0.034)
	(0.030)
	(0.033)

	L6.ar
	0.0278
	0.0326
	0.0235

	 
	(0.034)
	(0.034)
	(0.035)

	L7.ar
	0.148***
	0.116***
	0.147***

	 
	(0.026)
	(0.024)
	(0.026)

	Observations
	1491
	1491
	1491

	Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1


TABLE 3 (continued). The Main Equation 

during January. So, there is evidence that on the average electricity spot prices during warm months are higher than during the cold ones. So, we can conclude that one interested in forecasting the electricity spot prices can use the temperature as an exogenous variable. 

            The coefficient of dummy for jumps is statistically significant at 1% confidence level. When a jump had occurred, the electricity spot price was on average by 46.7 UAH/MWt less than in an ordinary day.

            The data from the TableX also suggests that coefficients of daily dummies are statistically significant at 1% confidence interval but Saturday. Prices during the weekdays were on average by 6.5 UAH/MWt higher than during Sunday supporting the evidence from the data description that prices during weekdays are on average higher than during weekends. As an exception, prices during Thursdays were slightly higher than during other weekdays. 

             From the TableX we can see that the estimated α and β parameters for GARCH model are 0.267 and 0.712 respectively. So, our fitted conditional variance for GARCH (1, 1) model is 
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            The coefficients of the equation are statistically significant, greater than zero and meet the requirement of stability (0.267+0.712 <1) which means that the process is mean reverting but since 0.989 is pretty close to one this process reverts very slowly.

Table 4.  Conditional variance equation
	 
	GARCH
	EARCH
	TGARCH

	 ω
	10.16***
	0.384***
	10.08***

	 
	(0.77)
	(0.032)
	(0.78)

	α
	0.267***
	0.418***
	0.200***

	 
	(0.019)
	(0.019)
	(0.020)

	β 
	0.712***
	0.930***
	0.713***

	 
	(0.014)
	(0.0062)
	(0.015)

	γ 
	 
	0.0613***
	0.128***

	 
	 
	(0.014)
	(0.034)

	Observations
	1491
	1491
	1491

	Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1


Our result for the EGACRH (1, 1) conditional variance equation is
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                  All the coefficients are statistically significant at 1% confidence level.  From these results we can deduce that we have an asymmetric effect. The positive coefficient γ (0.061) implies that unanticipated increases in electricity prices have a greater impact on the conditional volatility than unanticipated decreases in prices. But the impact appears to be very weak and is quite smaller than the symmetric effect α (0.418). So, the relative size of the two coefficients suggests that the symmetric effect dominates the asymmetric effect. The stationarity is assured by past volatility coefficient β (0.93) less than one. A value close to one of β indicates of presence of high shock persistence. 

             The estimated equation for conditional variance of TGARCH (1, 1) model has the following fitted form:
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             Again, the results show that there is a strong response to positive shocks. The increases in prices have a bigger impact (0.2+0.128) on the conditional variance than negative shocks (0.2) have.  As in the case of EGARCH model, the symmetric effect in TGARCH model dominates the asymmetric effect. 

            It is worth to mention, the fact that positive shocks (“good news”) have a bigger impact on the conditional volatility than negative shocks (“bad news”) is uncommon for the financial assets. Knittel and Roberts (2001) call this phenomenon “the inverse leverage effect”. They found evidence of “the inverse leverage effect” in California electricity market. 

           Hadsell et.al. (2004) explain this by redefining the “good” and “bad” news for electricity market.  For equities, “good” means
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. When electricity prices are above the mean, traders start panicking since the purchasing price is high. Inelastic demand plus non-storability of the electricity make the response of the prices to behave asymmetrically above the mean. 

            The explanation given by Knittel and Roberts (2001) is the following: “positive shock to prices is really an unexpected positive demand shock. Therefore, since marginal costs are convex, positive demand shocks have a larger impact on price changes relative to negative shocks.”
Conclusions
       The deregulation process over the last years in he Ukrainian Wholesale electricity market have made the spot electricity prices to behave more volatile than other financial assets.

         We investigated the behavior of spot electricity prices in Ukrainian wholesale electricity market. The data covers the period from January 2003 to January 2007. The price behavior is estimated by a GARCH, TGARCH and EGARCH model. 

         We show that there is a clear seasonal behavior (intra-daily, weekly, and monthly) of electricity prices. Also there is evidence of high degree persistence of volatility. 

        An “inverse leverage effect” was found which is uncommon for financial assets and supports the findings of Knittel and Roberts (2001) in California electricity market and Hadsell et al (2004) in several American electricity markets. 

         For further research of the Wholesale Electricity Market it is proposed to investigate the forecasting performance of these models among other models able to capture the jumps which is a salient feature of electricity price behavior.
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� 31 observations are missing of unknown reasons, which is less than 0.1%


� A little different are the results for EGARCH. An explanation can be the fact STATA encountered a flat log-likelihood. The option maxiter was used to investigate the results at the point where the optimizer got stuck.
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