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Abstract

In this paper, we examine the presence of heterogeneous agents in
three European electricity markets. We set up an agent based price
model and make a distinction between fundamentalist and chartist
agents. Agents are allowed to switch between groups conditional on
previous performance. The estimation results from futures prices re-
veal that both fundamentalists and chartists are present in electricity
markets, and that they switch between strategies conditional on rela-
tive recent performance.

1 Introduction

International electricity markets have been liberalized since the 1990’s and,
as a result, power delivery contracts can be traded on spot and derivatives
markets. In this paper, we focus on price dynamics of electricity forward
contracts that involve the delivery of electricity against a fixed price during
a specific time period in the future. These contracts are not solely traded by
agents who need the electricity physically delivered; the existence of mar-
kets provide opportunities for speculators with purely financial motives as
well. These speculators main goal is to make a profit by buying and selling
electricity contracts only, thereby staying away from physical delivery. In
this paper, we therefore assume that agents with different purposes trade
on electricity markets applying different strategies. We formulate and im-
plement a heterogeneous agent model (HAM) to describe the dynamics in
electricity forward markets. With that model we examine whether heteroge-
nous agents are present in electricity markets and to whether their behavior
explains variation in electricity forward prices.
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HAMs are used in diverse settings and have proven to be particularly
useful in explaining stylized facts of financial markets; see for example Lux
[1998], de Grauwe and Grimaldi [2005] and de Grauwe and Grimaldi [2006].
The empirical evidence in favor of HAMs has also been mounting in the
previous years; see for example Boswijk et al. [2007] applied a HAM for
modeling stock prices (the S&P500 Index), and Manzan and Westerdorff
[2007] for the Euro/Dollar exchange rate. HAMs are also applied to com-
modity markets. Westerdorff and Reitz [2005], Reitz and Westerdorff [2007],
and ter Ellen and Zwinkels [2010] apply HAMs to corn and oil markets for
instance. Although producers and consumers trade upon a good for physi-
cal delivery in these markets, there are also traders active in these markets
with purely financial motives, aiming at making a profit on their investment.
HAMs have not been applied to model electricity prices yet. The goal of
this paper is to examine whether different agents are active in the electricity
market and whether the trading of these agents can clarify the characteris-
tics observed in electricity forward prices.

We develop a HAM that is based on the model by ter Ellen and Zwinkels
[2010] who applied it to oil prices. This HAM assumes that two types
of agents with different expectations exist: so-called fundamentalists and
chartists. Fundamentalists form expectations about electricity prices based
on the fundamental value of electricity. Misalignments between the elec-
tricity price and its fundamental value induces traders to buy when it is
underpriced and sell when it is overpriced. Therefore, fundamentalists have
a stabilizing effect on the price of electricity. Chartists base their price ex-
pectation on historical electricity price changes and expect these to follow a
similar pattern in the future. Chartists extrapolate historical price patterns
as a basis for investment decisions. Where fundamentalists have a stabiliz-
ing effect, chartists have a destabilizing effect on electricity prices because
they trade on price trends.

One particular feature of electricity that is crucial for the pricing for-
ward prices, is the fact that electricity is not storable. As a result, standard
finance theories based on arbitrage are no longer valid. For example, the ar-
bitrage relation for the forward price of equity states that the forward price
is a function of the current spot price and the interest rate. The underlying
assumption is that a trader who sold a forward contract can make her po-
sition risk-free by purchasing the underlying stock, fund the purchase with
a bank loan, keep the stock in inventory until the forward contract matures
and fulfill the forward delivery obligations with the stored stock. This arbi-
trage relation implies that the forward contract and the inventory strategy
have equal value. In case of electricity, direct storage is not (yet) feasible
and the arbitrage process cannot be applied. As a result, the forward price
is a direct function of the expected future spot price in the delivery period
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and some risk premium; see Huisman [2009] for a discussion. This makes the
pricing of electricity forward prices non-trivial. Our approach contributes
to the existing literature on electricity forward price dynamics as we believe
that a HAM is an interesting alternative to the existing forward price mod-
els. What makes a HAM attractive here, is that - as said - electricity forward
prices are based on price expectations and a HAM explicitly assumes that
agents trade based on their expectations.

We use electricity forward prices from three different European elec-
tricity exchanges, namely the APX/Endex (The Netherlands), EEX (Ger-
many), and Nordpool (Nordic countries). The empirical results show that a
heterogeneous agents model explains the variation of APX/Endex and EEX
electricity forward prices and that both fundamentalist and chartist traders
are present in those markets. We find significant evidence that the fraction
of chartist and fundamental traders switches over time. We find different
results for the NordPool contracts which we attribute to the different type
of electricity supply in the Nordic countries (predominantly hydro) com-
pared to The Netherlands and Germany (primarily fossil fuels). On average,
more traders apply a chartist strategy, but the fraction of fundamentalists
increases as maturity approaches. Finally, we show that the estimated con-
figurations of the heterogeneous agent model converge to a stable growth
path in the limit.

The remainder of the paper is organized as follows. Section 2 discusses
the existing literature on HAMs, while Section 3 describes the characteristics
of electricity futures markets. In Section 4 we introduce the heterogeneous
agent model for the electricity market. Section 5 describes the data and
methodology, and Section 6 the estimation results. Section 7 concludes.

2 Heterogeneous Agent Models

Ideas about asset pricing have changed through the years. During the 1960s
and 1970s, the introduction of the Capital Asset Pricing Model (CAPM), the
efficient market theory and the initiation of the option-pricing theory based
on arbitrage enriched the neoclassical finance literature (Shiller [2006]).
These theories and models are based on rational behavior, which concerns
two aspects. Firstly, rational agents have rational expectations. This means
that when they receive new information they update their beliefs correctly,
without forecasting errors, in accordance with Bayes law. Therefore expec-
tations are, on average, in accordance with realizations under rational agent
theory. Secondly, given these beliefs agents make choices based on expected
utility theory. Combined, this concept is also known as the Efficient Market
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Hypothesis (EMH). Because all information is incorporated agents can not
predict prices and therefore the best predictor of tomorrow’s price is today’s
price, hence prices follow a random walk. Within this theory all agents are
rational and hence, have the same expectations.

Because agents can determine an asset’s fundamental value, any devia-
tion from this fundamental value will immediately be corrected by rational
agents through buying undervalued and selling overvalued securities in the
market. For example, when a certain asset is overpriced, a trader can gain
by simultaneously selling the overpriced asset and buying a similar asset to
hedge the risk. This trading will induce the overvalued asset to return to
its fundamental value.

In the 1980s, however, it became apparent that there existed several
anomalies in the market which could not be explained by EMH. EMH was
challenged on theoretical ground as well as on empirical ground. According
to EMH all traders are identical, rational agents who know that all other
traders are rational traders as well. With one type of agent in the mar-
ket, there will never arise any form of trade. However, there were large
levels of trading volume observed in the market (Hommes [2005]). Further-
more, stock prices revealed volatility levels that did not correspond to the
movement in its fundamental factors (Shiller [2003]). Therefore it has been
suggested that the deviations from fundamental values have been caused by
agents who are not fully rational (Barberis and Thaler [2003]). Traders who
do not make trading decisions based on fundamental information, but base
their decisions on the actions of other traders, follow trends and act irra-
tional on noise are named noise traders DeLong et al. [1990]. This led to the
idea there are different traders active in the market, ranging from rational
to irrational. Everything in between these two types are called boundedly
rational.

Although they use some kind of maximization process, boundedly ratio-
nal agent use erroneous models, base their trading decisions on incomplete
information or are unable to process the information correctly to make effi-
cient trading decisions. In addition, due to developments in psychology and
sociology the knowledge about human behavior has grown since the 1980s.
The challenge to incorporate these findings into finance, led to a new school
within economics, behavioral finance. Behavioral finance is based on two
pillars: cognitive psychology and limits to arbitrage (Ritter [2003]). The
psychology part encompasses human biases such as overconfidence and an-
choring which leads to decisions taken by traders who do not necessarily
act as a theoretical rational agent would and therefore the outcomes devi-
ate from the Efficient Market Hypothesis (Barberis and Thaler [2003]). A
prerequisite for the EMH is that when prices do deviate from their funda-
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mental value, rational agents will notice and take positions to bring back the
price to its fundamental value. In order for rational agents to act upon this
mispricing arbitrage has to be risk- and costless. However, implementation
costs, fundamental risk and noise trader risk restrain traders from correct-
ing price deviations. This is the second pillar of behavioral finance; limits
of arbitrage (Barberis and Thaler [2003]).

By bearing this noise trader risk, noise traders can earn a higher ex-
pected return than arbitrageurs acting against this deviation. With this in
mind it becomes more attractive for traders to go with the noise trader’s
flow (DeLong et al. [1990]). This trading opportunity has been confirmed by
several articles. Cutler et al. [1991] examine a rather diverse dataset, con-
sisting of stocks, bonds, real estate, collectibles, precious metals and foreign
exchange. Finding positive autocorrelation of asset returns in the short run,
negative autocorrelation of returns in the long run and a reversion toward
fundamental value in asset prices, in not just one, but several of these mar-
kets, indicate the presence of different types of traders. In another paper,
Cutler et al. (1990) have outlined a model which specifies three different
types of traders: rational traders, fundamental and feedback traders. These
latter traders base their trading decisions upon past returns in stead of fu-
ture fundamentals. They confirm the results generated by DeLong et al.
[1990]; because stock returns exhibit first-order autocorrelation a feedback
trader can make a profit by implementing a positive feedback investment
rule in the short run (Cutler et al. [1991]).

Heterogeneous Agent Models (HAMs) depict expectations and behavior
of heterogeneous agents and it models the formation of equilibrium prices
through their interaction. Furthermore, after each period agents evalu-
ate their strategy by comparing their expectation with the eventual result.
When the realized outcome differs from what the agent expected it to be,
he might reconsider its strategy and switch to another strategy. However,
due to the status quo bias agents react with a certain delay. Therefore a
market in which two types of agents interact and they have the possibility to
switch to the other approach, their strategy’s performance determines the
relative weight of the agents in the market and therefore affects the market
conditions.

Most HAMs distinguish, within the pool of traders, two types of agents:
fundamentalists and chartists. Fundamentalists are agents who use market
fundamentals, such as dividends and earnings, to determine their expecta-
tions about future asset prices. An asset traded above its fundamental value
will be sold by fundamentalists and an undervalued asset will be bought in
order to make a profit. Therefore, fundamentalists have a stabilizing effect
on the market because their actions will induce asset prices to return to its
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fundamental value. In contrast with fundamentalists, chartists, or technical
analysts, have a destabilizing effect on the market. This is because chartists
use historical price changes and trends to form expectations about future
prices. Hence, chartists do not use fundamentals to determine prices but
extrapolate historical price patterns to exploit investment decisions.

By examining yearly S&P500 data, Boswijk et al. [2007] demonstrate
the existence of significant heterogeneous behavior in the U.S. stock market.
When looking at studies about fluctuations in exchange rates, several stud-
ies have found that in the short term exchange rates are driven by technical
analysis and overreaction to news. In the long term fundamental factors
influence the expectations of traders about the course of the exchange rate
(Manzan and Westerdorff [2007]). However, Manzan and Westerdorff [2007]
also find that chartists can have a stabilizing effect on the exchange rate
when they detect an absolute change in the exchange rate beyond a certain
threshold, chartists expect that the exchange rate will reverse in the next
period.

Not only are HAMs applied to explain fluctuations in stock markets and
exchange rates, they are proficient to explain price fluctuations in commod-
ity markets as well. Because most commodities are traded on exchanges
their prices might be influenced by the activities of speculators (Wester-
dorff and Reitz [2005]). Commodity prices demonstrate a strong cyclical
pattern. Different studies have confirmed that these price fluctuations in
different commodities are caused by speculative behavior of fundamentalists
and chartists (Reitz and Westerdorff [2007]).

Schwartz and Smith [2000] develop a model in which they are able to
describe the stochastic behavior commodity prices exhibit. Using oil futures
and forward contracts their model allows oil prices to mean-revert in the
short-run and allows these prices to revert to an uncertain price level. He
and Westerdorff [2005] develop a HAM to model the volatile price character-
istics of commodity prices. The group of market participants which influence
the price level consists of producers, consumers and speculators. The latter
group is further divided into fundamentalists and chartists. Their results
show that when speculators react only minor to the deviation between the
fundamental value and the market price, they can push the market into a
bull or bear stadium. When they react very strong and quick upon the
deviation they cause market prices to fluctuate erratically between bull and
bear markets (He and Westerdorff [2005]). Reitz and Westerdorff [2007] find
similar results. Their HAM shows that more fundamentalists will become
active in the market when a commodity’s market price (commodities ex-
amined are: cotton, soybeans, lead , sugar, rice and zinc) deviates further
from its fundamental value. However, when the market price is near its
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fundamental value the likelihood of mean-reversion is lower and therefore
the impact of fundamentalists is relatively low. This combined with the
presence of chartists in these market may explain the large fluctuations in
commodity markets. When looking at the US corn market Westerdorff and
Reitz [2005] conclude that the entrance of technical traders in the U.S. corn
market increases when the prices deviates further from its long- run equi-
librium. Their impact results in a emergence of pronounced bull and bear
periods in the corn market. Oil is yet another commodity of which its prices
display high levels of volatility. ter Ellen and Zwinkels [2010] examine the
expectations of different types of agents on the oil price. By introducing
fundamentalists, chartists and real market participants who supply and de-
mand oil, and allowing the speculators to switch between strategies based
on its performance in the previous period, they find significant results for
the fundamentalist as well as the chartist strategy. Therefore, their HAM is
capable of explaining and forecasting the fluctuations observed in oil prices.

3 Electricity markets and prices

As explained before, in diverse markets there are different kind of traders
active which influence commodity and stock prices as well as exchange rates.
The electricity market displays, just as these former mentioned market, large
fluctuations in the level of its market prices which might indicate the pres-
ence of heterogeneous agents in this market and their influence on the price
of electricity. Longstaff and Wang [2004] recognize that there are a number
of different players active in the electricity market and therefore they di-
vide the PJM electricity market participants into five groups. Firstly there
are the generation owners who own the generation plants active within the
PJM system and converts an input (fuels or renewable sources of energy) into
electricity. The second group consists of transmission-owners who transfer
electricity from the power plants to wholesale purchasers or local distribution
centers. Then the electric-distribution centers make sure that the electric-
ity is transferred from these distribution centers to homes and businesses.
Retail end users are the fourth sector and the final group of market par-
ticipants consist of participants not already mentioned in one of the other
groups, such as trading firms and salesmen. However, it is rather difficult
to identify these market participants as pure suppliers or demanders of elec-
tricity. For example a generation plant might fail to meet its obligations
due to a breakdown in the production process. This will turn the gener-
ation firm from a supplier into a buyer of electricity. As a result of these
market characteristics there are a lot of different participants active in the
electricity market who have diverse trading motives and might change their
strategies due to changes in the market (Longstaff and Wang [2004], Brooks
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and El-Keib [1998]). The existence of these different players in electricity
markets indicate that a HAM could be a realistic model to examine the drift
of electricity prices.

Other studies have pursued to simulate the electricity market with di-
verse computer programs. For example Praça et al. [2003] have developed
a simulation model which studies electricity market behavior and its evolu-
tion. In this model and in other simulations there are a variety of market
participants included into the program. Traders are considered to be one
group of these market participants.

Hence, although the electricity market has been deregulated only re-
cently, there exist already a diverse compilation of literature about this
subject. Market power, determinants of electricity prices, characteristics of
prices are only a few topics which have been discussed in different studies.
However, there has not been, up to now, a model (HAM) which divided
the traders, into two different groups, fundamentalists and chartists, to find
out whether there are different agents active in the electricity market and
whether the trading of these agents can clarify the characteristics observed
in electricity prices.

4 A heterogeneous agent model for electricity for-
ward prices

This section presents the heterogeneous agent model that will be used to
assess the influence of different type of traders on the price of an electricity
forward contract. We follow ter Ellen and Zwinkels [2010], but the model
itself is based on among others Brock and Hommes [1997] and Brock and
Hommes [1998]. In the following, we use electricity instead of electricity
forward contract for matters of space.

We assume that the change in the electricity price from time t to t+ 1,
∆Pt, is a linear function of aggregated demand for electricity and a noise
term εt:

∆Pt = θDt + εt, (1)

where θ is a parameter that relates the demand level to a price. We as-
sume that θ is positive; a one unit increase in demand leads to a θ increase
in price.

We assume that demand for electricity comes from two types of agents
with heterogeneous expectations: fundamentalist and chartist traders. Fun-
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damentalists base their expectation on the current price in relation to some
fundamental price. Chartists base their expectations on the recent trend in
prices. Let wt be the fraction of the group of agents that are fundamentalist
and 1−wt is the fraction of traders that follow the chartist strategy at time
t. Given these fractions, we can formulate the total demand for electricity
coming from both type of traders:

Dt = wtD
f
t + (1− wt)Dc

t , (2)

where Dc
t is the demand from chartists and Df

t is the demand from
fundamentalists. Note the t as a subscript in the weight wt. We allow
the fraction of chartists (and therefore fundamentalists) to vary over time.
Below we specify the demand and price expectations for electricity for both
types of agents and the mechanism that describes the time variation in the
weights.

4.1 Fundamentalist expectations and demand

The demand for electricity from fundamentalist traders at time t, Df
t de-

pends on the difference between the log price of electricity at time t, Pt, and
what the fundamentalists expect the price of electricity to be in the follow-
ing period, Ef

t (Pt+1). Then, demand from fundamentalists can be specified
as

Df
t = αf [Ef

t (Pt+1)− Pt]. (3)

The parameter αf is assumed to be positive and E represents the ex-
pectation operator. Equation 3 states that the fundamentalist demand for
electricity relates to their expectation of the change in the price of electric-
ity. Demand is positive (purchase) when they expect a price increase and
negative (net sale) in case of a decrease. Note that a negative demand does
not imply a short-sale of electricity, but an open-sell order of energy forward
contracts.

Traders with a fundamentalist approach base their decisions on the fun-
damental value of electricity1. Let Ft be their assessment of the fundamental
value at time t. It is then assumed that the fundamentalists believe that the
price of electricity mean-reverts towards this fundamental value, such that

Ef
t (Pt+1) = Pt + bf (Pt − Ft), (4)

with bf ∈ [−1, 0]. Substituting equation 4 into 3 yields:
1As we model the demand for an electricity forward contracts, the fundamental value is

the fundamental value of electricity during the delivery period as specified in the contract.
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Df
t = αfbf (Pt − Ft). (5)

Having αf positive and bf negative, we observe the stabilizing nature
of the fundamentalist strategy: when the price of electricity is above (be-
low) its fundamental value fundamentalist demand decreases (increases) and
fundamentalists will sell (purchase) electricity.

4.2 Chartist demand and expectations

Like with fundamentalists, the chartist demand depends on the difference
between the current log price of electricity and their expected price of elec-
tricity in the following period. Using similar notation as in the previous
equations for fundamentalists, the chartist demand can be specified as

Dc
t = αc[Ec

t (Pt+1)− Pt]. (6)

We assume that chartists base their trading decisions on trends in the
price of electricity. The parameter αc is assumed to be positive, implying
that chartists demand for electricity increases when they expect prices to
increase. For a functional form, we choose the simplest possible technical
trading rule, which is an AR(I) specification. This implies that chartists
believe that the trend from the previous I periods will prevail in the next
period:

Ec
t (Pt+1) = Pt + bc

I∑
i=1

(Pt−i+1 − Pt−i), (7)

with bc ∈ [1, 0]. Substituting Equation (7) into (6) yields

Dc
t = αcbc

I∑
i=1

(Pt−i+1 − Pt−i). (8)

If bc is positive, a recent price increase (decrease) makes the chartists to
expect that the price of electricity will increase (decrease) further and results
in a positive (negative) demand from the chartists. Contrarian behavior
applies when bc is negative.

4.3 Switching between strategies

In the model, agents have the possibility to switch between the fundamen-
talist and chartist strategies. The choice which strategy to apply in a certain
period is based on how these strategies performed in the recent past. Fol-
lowing ter Ellen and Zwinkels [2010], we assume that the performance of
a strategy is based on the forecasting error of a strategy over the last K
time periods. The smaller forecasting errors a strategy generates, the more
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investors will choose to apply this strategy. To formulate the forecasting
errors, let πf

t represent the forecast error generated by the fundamentalist
strategy over the previous K > 0 periods and let πc

t be defined similarly
for the chartists. For the chartist strategy, the performance of the strategy
equals

πc
t =

K∑
k=1

(Ec
t−k−1(Pt−k)− Pt−k)2, (9)

and for the fundamentalists it equals

πf
t =

K∑
k=1

(Ef
t−k−1(Pt−k)− Pt−k)2. (10)

Conditional on these forecasting errors, investors choose a strategy. When
the chartist strategy performed better in the past, more agents will adopt
this strategy. As a result, the fraction of traders that adopt a chartist
strategy depends on the performance of the chartist strategy relative to the
performance of the fundamentalist strategy. Recall that wt is the fraction
of traders that adopt the fundamentalist strategy and 1 − wt is the frac-
tion of traders that adopt the chartist strategy. As first initiated by Brock
and Hommes [1997] and Brock and Hommes [1998], we let the fraction of
chartists be represented by the following multinomial logistit equation

wf
t =

[
1 + exp

(
γ

(
πc

t − π
f
t

πc
t + πf

t

))]−1

. (11)

This expression can be seen as a switching mechanism. The parameter
γ < 0 reflects the response of the investors to the forecasting errors and
therefore it can be seen as a parameter for the intensity of choice. When
γ = 0, agents do not respond to relative performances of the strategies and
the fraction of chartist is 0.5 at all times. When γ → −∞, investors respond
immediately to the relative performance of a strategy. As such, γ can be
interpreted as a measure of status quo bias, as introduced by Kahneman
and Tversky [1982].

4.4 The heterogenous agent model

Substituting equations 5 and 8 in 2 and 1, after rewriting we obtain the
following set of equations that specify the full heterogeneous agent model
for change in the price of the electricity forward contract between time t and
t+ 1.
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∆Pt = c+ wtα
f∗(Pt − Ft) + (1− wt)αc∗

I∑
i=1

(Pt−i+1 − Pt−i) + εt (12)

wt =

[
1 + exp

(
γ

(
πc

t − π
f
t

πc
t + πf

t

))]−1

πc
t =

K∑
k=1

(Ec
t−k−1(Pt−k)− Pt−k)2

πf
t =

K∑
k=1

(Ef
t−k−1(Pt−k)− Pt−k)2

where αc∗ = θαcbc and αf∗ = θαfbf are the market impact coefficients
of chartists and fundamentalists, respectively. The constant c is added for
technical reasons.

The model given by 12 is estimated in the remainder of the paper. Sum-
marizing, we expect the following signs for the parameters: θ > 0, αc > 0,
αf > 0, bc > 0, and bf < 0. Hence, αc∗ is expected to be positive and αf∗

is expected to be negative. The intensity of choice parameter γ is expected
to be negative, such that agents switch towards the rule with the smallest
forecasting error. The following section introduces the electricity forward
data and the methodology applied to estimate the HAM for the electricity
market.

5 Data and methodological issues

We estimate the parameters of the heterogeneous agents model in equation
12 using data from three different European energy exchanges: the Dutch
APX/Endex, the German European Energy Exchange (EEX) and the Scan-
dinavian NordPool market. From each market, we obtained historical prices
for the base-load calendar year 2008 (Cal08) forward contract. This con-
tract was traded during the three years proceeding 2008 and concerns the
delivery of 1MW of electricity against a fixed price during every hour of
the calendar year 2008. We chose to use a calendar year, while month and
quarter contracts are also available, as the calendar contracts are the most
liquid and most commonly used by agents who need to purchase electricity
for.

Equation 4 shows that the fundamentalists base their expectations on
the fundamental value of electricity Ft. This value is not publicly avail-
able and we need some proxy for it. Because electricity prices are known
to mean-revert (see Huisman [2009]) a moving average over past electricity
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Figure 1: Prices of the APX/Endex 2008 contract

prices can be used to approximate the fundamental value of electricity. The
optimal number of days used for the moving average is calibrated outside
the model and set equal to three. This implies that fundamentalists use
the average electricity prices over the three previous days as a proxy of the
fundamental value of electricity. The optimal lag length, K, applied in the
performance measures in 9 and 10 is empirically determined by applying the
Box- Jenkins method and is set equal to K = 2 periods. Hence, speculators
review the performance of both strategies over the previous two days and
then determine which strategy to apply. The same methodology is applied
to determine the optimal lag length for the chartist rule I in 7; I is set equal
to one such that chartists use an AR(1) specification to forecast future price
changes. The parameters of the model are estimated using quasi-maximum
likelihood.

Figures 1 through 3 display the historical prices for the electricity calen-
dar year 2008 forward contracts.

Table 1 shows the descriptive statistics of the misalignment between
the log price and log fundamental value and the log returns for all three
markets. The statistics confirm the general image from figures 1 to 3. On
average, the price and fundamental price do not deviate significantly from
each other. The maximum deviations are +5.5% and -10%. The returns
display non-normal behavior, with heavy tails and volatility clustering for
all three markets. The EEX appears to be most risky in terms of extremes,
while the NordPool is most volatile.
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Figure 2: Prices of the EEX 2008 contract

Figure 3: Prices of the Nordpool 2008 contract
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Table 1: Descriptive statistics
APX/Endex EEX NordPool

P − F ∆P P − F ∆P P − F ∆P
Mean 0.0007 0.0007 0.0005 0.0005 0.0007 0.0007
Median 0.0005 0.0004 0.0004 0.0004 0.0010 0.0011
Max 0.0312 0.0541 0.0461 0.1021 0.0353 0.0549
Min -0.0334 -0.0371 -0.1017 -0.1017 -0.0640 -0.0666
St.Dev. 0.0068 0.0084 0.0069 0.0098 0.0092 0.0118
Skew. 0.2130 0.2491 -0.6178 0.0884 -0.8606 -0.4874
Kurt. 6.9796 7.8995 19.7501 34.110 9.3626 7.4297
Obs. 753 753 1038 1038 694 694
The table presents the descriptive statistics of the deviations of (log) price

from its fundamental and log-returns of the energy forwards.

6 Results

The goal of this paper is to examine whether different types of agents, funda-
mentalists and chartists, trade in the electricity market and to examine their
influence on the electricity prices. To do so, we estimate the parameters in
the heterogeneous agents model that we developed. We present the results
of two settings: one in which we keep the fraction of fundamentalists and
chartist constant over time and one in which we let the weights vary. The
first setting is implemented assuming that the switching parameter γ equals
zero, implying weights of 0.5, such that the market is assumed to consist for
fifty percent of fundamentalist agents and for fifty percent of chartists2. In
the second setting, we estimate the parameter γ, thereby allowing for time
varying weights. Table 2 contains the parameter estimates.

6.1 Estimation results

As discussed before, we expect αc∗ to be positive and αf∗ to be negative.
Focusing on the static case first, we observe that αc∗ is indeed positive and
significant for APX/Endex, whereas αf∗ is not significant. We therefore find
significant trend extrapolation as the chartist coefficient is positive. The or-
ders of magnitude indicate that chartists in APX/Endex extrapolate 45.63/2
= 22.815% of previous period’s return to the next period3.

For the EEX market, the opposite seems to hold; αc∗ is not significant,
2Estimating the unconditional distribution of fundamentalists and chartists as a free

parameter is not possible as it would not be identified; the coefficient would only serve as
a scaling parameter for αc∗ and αf∗.

3We divide by two due to the group weight, which is 0.5.

15



Table 2: Parameter estimates

APX/Endex EEX Nordpool
Static Switching Static Switching Static Switching

c 0.0005* 0.0005 0.0006* 0.0006* 0.0007 0.0007
(0.0003) (0.0003) (0.0003) (0.0003) (0.0005) (0.0005)

αf∗ 0.0199 -0.5813*** -0.5304*** -0.7139*** 0.0492 0.0406
(0.1660) (0.1872) (0.1039) (0.1204) (0.2156) (0.1599)

αc∗ 0.4563*** 0.8032*** 0.0716 0.1619** 0.1645 0.1642*
(0.1281) (0.1272) (0.0699) (0.0781) (0.1695) (0.0986)

γ — -1.0640*** — -1.7706** — -15.871
(0.3338) (0.7528) (47.627)

LogL 2556.86 2562.13 3175.64 3177.57 2098.24 2098.59
2∆LL — 10.548*** — 3.850** — 0.708
AIC -6.7805 -6.7919 -6.4203 -6.4222 -6.0353 -6.0334
AC -0.001 -0.012 0.004 0.005 0.000 0.001
AC2 0.219 0.195 0.368 0.360 0.275 0.270
The table presents the estimation results of the HAM on the energy futures.

LogL denotes the log-likelihood value

2∆LL the outcome of the likelihood ratio test

AIC is the Akaike information criterion

AC is the autocorrelation in the residuals

AC2 is the autocorrelation in the squared residuals
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whereas αf∗ is negative, conform expectations, and significant. There is
significant mean-reversion as the fundamentalist coefficient is negative. The
fundamentalists’ mean-reversion is -0.5304/2 = -0.2502. In other words, fun-
damentalists expect the market price to mean revert in 1/0.2502 = 4 days.

For NordPool, neither of these parameters is significant.

Allowing the agents to switch between strategies changes the results
considerably. For both APX/Endex and EEX, both fundamentalists and
chartists parameters are significantly different from zero and have signs con-
form expectations. The non-linear switching model is thus able to identify
the different strategies of traders in the electricity markets, which the static
model cannot. The chartist and fundamentalist coefficients also come out
considerably larger. For the APX/Endex, chartists now extrapolate over
40% of previous period’s return while mean-reversion is in 3.4 days. In
EEX, agents extrapolate 8% and expect mean reversion in 2.8 days. For
NordPool, we only find weak significance for chartists. Price formation in
the NordPool therefore appears to function differently.

For all three markets, we observe a negative intensity of choice γ. This
implies that agents are switching towards the better performing rule, i.e. to-
wards the group with the smallest forecast error in the previous two periods.
There is again significance for APX/Endex and EEX, but not for NordPool.
The absolute magnitude of γ indicates the sensitivity of agents to differences
in performance between the groups. For APX/Endex and EEX, the sensi-
tivity is comparable but slightly larger for EEX. The intensity of choice for
the NordPool is much larger, but, as indicated before, not significant.

The significance of the intensity of choice γ is not a necessary condition
for the switching to have added value to the fit of the model; see Terasvirta
(1997). Hence, in order to examine whether the model specification in which
the traders are allowed to switch strategy is more capable of explaining elec-
tricity price dynamics and the behavior of agents, we applied a log-likelihood
test. Observing the 2∆LL values in table 2, the outcome of the likelihood
ratio test reveals that the statistic plausibility of the model increases sig-
nificantly when the model makes it possible to switch between fundamental
and chartist strategies. This result is confirmed by the smaller information
criterion for the switching setup of APX/Endex and EEX. As a final test,
we look at the residual autocorrelation and squared residual autocorrelation.
The residual autocorrelation is insignificant for both the static and switch-
ing case for all three markets. The autocorrelation in the squared residu-
als, capturing the residual volatility clustering, is consistently lower for the
switching setup; this is especially so for APX/Endex. In other words, all the
evidence points towards the fact that the non-linear model with switching
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is better capable of catching the complex dynamics in the electricity market.

The heterogeneous agents model that allows traders to switch strategies
explains electricity forward price dynamics in the APX/Endex and EEX
market. But the HAM performs weaker for Nordpool prices. This difference
in results can be explained by the findings of Huisman and Kiliç [2010].
They analyze the forward prices of several electricity markets and test these
forward prices contain information about expected future spot prices and
risk premiums. They find a clear distinction between the results of Nord-
pool and other markets. Nordpool forward prices behave significantly less in
accordance with the theory of storage than the forward prices of other mar-
kets. Nordpool is primarily supplied with hydropower, whereas the other
markets are supplied primarily with fossil fuels. Electricity cannot be stored
directly, but it can be stored by keeping an inventory of fuels and convert
the fuels in power once needed. As Huisman and Kiliç [2010] point out,
hydropower embeds more uncertainty in terms of indirect storage, as the
water levels in the basins depends on future weather conditions such as
rainfall and draughts. The capacity with which fuels can be converted into
power at any future date, being an equivalence to storage, is more uncertain
for hydropower than for fossil fuels as the latter can be stored without the
uncertainty on capacity. That results in more volatile forward prices which
is consistent with the standard deviations of the price changes as published
in table 1 which are the highest for Nordpool. Perhaps, traders apply differ-
ent strategies in the Nordpool market than in the other markets, strategies
that we might not have accounted for in our model.

6.2 Characteristics of Weights

The conclusion so far is that the heterogenous agent model in which agents
are allowed to switch between fundamentalist and chartist strategies fits the
data well for electricity forward prices. This subsection looks closer at the
characteristics of the distribution of agents over the two different strategies.
Figures 4 through 6 display the time series of the weights for the three dif-
ferent markets. The figures display the proportion of fundamentalists; the
lower line is the weight itself while the upper line represents the 25-days
moving average.

Judging by the time series of the weights, the proportion of fundamen-
talists appears to fluctuate considerably for all three markets. The range in
which it moves increases with an increasing estimated intensity of choice, i.e.
EEX is more volatile than APX/Endex, and NordPool more volatile than
APX/Endex. The 25-days moving average illustrates that although noisy,
there are distinct periods of fundamentalist and chartist dominance. The

18



Figure 4: Fundamentalists weights APX

Figure 5: Fundamentalists weights EEX
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Figure 6: Fundamentalists weights Nordpool

weight of the APX/Endex roughly oscillates around the 0.5 mark. There
appears to be a slight positive trend in the moving average weights, indicat-
ing that fundamentalism becomes more common as maturity approaches.
For EEX, chartism is dominant for a large part of the sample, indicated by
the moving average below one half. At the end of the sample, fundamental-
ism becomes more popular. The increase in chartism in 2005 also shows up
for EEX, as it did for APX/Endex. The weights of NordPool continuously
oscillate around 0.5. There does not appear to be a specific trend. This is
consistent with the non-significant intensity of choice, as this indicates that
the switching does not occur systematically.

Table 3 provides summary statistics of the fundamentalist weights, i.e.
the daily in-sample estimated values for the fraction of agents that apply
the fundamentalist strategy.

The statistics in Table 3 are in line with the observations from Fig-
ure 2. They reveal that, on average, more chartists than fundamentalists
were active in the APX/Endex and EEX markets. The minimum-maximum
range and the standard deviation show that switching is most common in the
NordPool market, followed by EEX and APX/Endex, consistent with the es-
timated size of γ. The autocorrelation in weights is highest for APX/Endex,
illustrating the interpretation of the intensity of choice as the status quo bias;
a higher γ implies a lower status quo bias hence a lower autocorrelation in
weights. The autocorrelation of 0.47 implies that almost 50% of the agents
stick to their strategy in every given period.
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Table 3: Fundamentalists weights
APX/Endex EEX NordPool

Mean 0.4998 0.4563 0.5067
Median 0.5098 0.4537 0.4982
Maximum 0.7422 0.8528 1.0000
Minimum 0.2572 0.1461 0.0000
St.Dev. 0.1287 0.1601 0.2797
AC 0.4760 0.3310 0.2300

Correlations
APX/Endex 1
EEX 0.3972*** 1
NordPool 0.1719*** 0.1457*** 1

Time 0.0591* 0.0532* -0.0153
Cond.Var. 0.0641** -0.0823** -0.0278

Granger Causality
APX/Endex 9 - 0.0145** 0.2102
EEX 9 0.6770 - 0.3957
NordPool 9 0.5944 0.1312 -
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The three markets are integrated in the sense that the proportion of
fundamentalists and chartists in the markets is significantly positively cor-
related. This is especially the case for APX/Endex and EEX, which makes
sense given the similar switching in those markets. For APX/Endex and
EEX we also find a small but significant positive correlation with time. In
other words, as the expiry date approaches, more traders switch towards
the fundamentalist strategy. Interestingly, APX/Endex and EEX display
opposite behavior with regards to the correlation with conditional volatility
in the returns4. Theoretically, we would expect chartists to be destabiliz-
ing, hence for the proportion of fundamentalists to be negatively correlated
with conditional market volatility. For APX/Endex, though, we find a pos-
itive correlation while there is a negative correlation for EEX. As a final
step, we perform a Granger causality test on the weights. The results indi-
cate that APX/Endex is leading EEX; test results show that the null that
APX/Endex does not Granger cause EEX is rejected on the 5% level.

Again the results for NordPool are different from the results for APX/Endex
and EEX. As discussed before, the possible reason for this discrepancy could
be the fact that the hydro electricity supply in Nordpool is different from
fossil fuels based supply in APX/Endex and EEX markets invoking different
dynamics of forward prices.

Figures 7 through 9 further illustrate the switching behavior of traders in
the three European electricity markets. The figure displays the sensitivity of
agents to differences in performance between the fundamentalist and chartist
rule. For all three markets we observe an S-shape, induced by the logistic
function underlying the switching mechanism in equation 9. The intensity
of choice γ governs the speed of switching, or the steepness of the S-shape
in the figures. For EEX and especially APX/Endex, we observe an almost
linear relation between the relative performance and weight. For NordPool,
there is a distinct S, indicating that agents switch relatively quickly from
one strategy to the other when a difference in performance is observed.

6.3 Market Stability

The previous sections have shown that the HAM is capable of explaining the
complex behavior of the electricity forward price in an in-sample setting. In
the current subsection we extend this by studying the stability of the deter-
ministic skeleton of the model put forward in Section 4 in combination with
the estimated parameter set from Section 6. To this end, we take the model
with estimated coefficients for all three markets, and produce determinis-

4Conditional volatility is constructed using a GARCH(1,1) estimation.
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Figure 7: Weight versus relative performance (APX)
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Figure 8: Weight versus relative performance (EEX)
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Figure 9: Weight versus relative performance (Nordpool)
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Figure 10: Deterministic skeleton (APX)

tic simulations in order to study the limit behavior. Figures 10 through
12 present the first 10,000 periods of the simulation. The figures show the
limit behavior of the heterogeneous agent model with the coefficient sets as
estimated in Section 6.

The limit behavior of all three markets is quite similar. After an initial
spike (conditional on the starting values), the model sets of in an equilib-
rium of ever growing prices combined with a low fraction of fundamentalists.
Note that these are log-prices, such that nominal prices increase exponen-
tially. The fraction of fundamentalists is low because the fundamental price
is always lagging behind the market price (recall that the fundamental price
is the three-period moving average market price). As a result, fundamental-
ists continuously expect a decrease in price. Chartists, on the other hand,
extrapolate the rising trend, and are therefore always on the good side of
the market. This effect is reinforced by the small but positive intercept.

7 Concluding remarks

In this paper, we examine whether heterogeneous agents are present in the
electricity market. We find clear evidence for heterogeneous traders in elec-
tricity forward markets in the sense that they apply chartist and funda-
mentalist strategies and switch between them over time conditional on past
performance. This is the case for two out of three markets: APX/Endex
and EEX. Result for NordPool are consistently different, which might be
due to the fact that the production process is different in Nordic countries.
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Figure 11: Deterministic skeleton (EEX)

Figure 12: Deterministic skeleton (Nordpool)
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On average, more traders apply a chartist strategy. Furthermore, the
proportion of fundamentalists increases as the time to maturity decreases.
There is a significant relation between volatility and trader behavior. It
would be interesting to see whether other forms of heterogeneity would yield
a better fit. We leave that to future research.
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