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Abstract

In this Master Thesis, we implement in the Spanish electricity market the X-Model
proposed by Ziel and Steinert (2016), combining the insights of market structure models
with econometric techniques. Instead of directly modeling the electricity price using past
electricity prices, we model and utilize its true source: the sale and purchase curves of
the electricity market. We incorporate not only several known features, such as seasonal
behavior or renewable energy participation, but also other facts of the bidding structure,
such as price clustering. The model is able to capture the non-linear behavior of the
electricity price, which is especially useful for predicting huge price spikes. We simulate
the months of April 2019 and 2020 and we observe that the model performs better for
demand than for supply. We also observe that the supply curve forecast is sensitive to
price spikes and that the fit improves as the renewable participation increases. From the
policy perspective, this Master Thesis can help to identify the effects of supply-induced
changes (such as fossil fuel price changes, the phase-out of coal or nuclear plants or
the integration of more renewables) and demand-induced changes (such as the effect of
the Covid-19 pandemic). All these issues are in the current energy debate on energy
economics.
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1 Introduction

The integrated Iberian Electricity Market (MIBEL) started operating on the 1st of July 2007
and is formed by the integration of the Portuguese and Spanish markets. Therefore, it is ex-
pected to obtain the same price for both regions in the equilibrium of the day-ahead market, if
there were no transmission congestion. Also, the good interchanged in this market is electricity,

which is homogeneous, strategic, and non-storable.

In the mid-1980, many electricity markets started liberalization reforms which transformed
the electricity sector from a vertically-integrated monopoly to a competitive market. The liber-
alization of the electricity sector of the European Union was launched in 1996 and the Spanish
government introduced the Electricity Sector Act (ESA) in 1996 (Ciarreta et al. (2016)), and
due to the liberalization of the markets and the increasing disclosure of data, new insights con-
cerning the structure and behavior of the prices were gained (Ziel and Steinert (2016)), thereby,

forecasting prices has become an important task for the agents involved.

However, in (Weron (2007)) we found some stylized facts about the energy prices, the most
important one is the presence of price spikes. Electricity prices exhibit extreme volatility up
to 50%, in addition, The spike intensity is also non-homogeneous in time and is especially no-
torious during on-peak hours, i.e, around 09:00 and 18:00 on business days. This characteristic
has a huge impact on researchers as well as politics and companies. Also long-term cost calcu-

lation for investment projects or political as the renewable transition (Ziel and Steinert (2016)).

There is a wide variety of models for estimating energy prices, most of them come from or are
related to finance literature and can be divided into 5 groups as follows (Weron (2014)): Multi-
agent, Fundamental (structural), Reduced-form (Quantitative, stochastic), statistical (econo-
metric) and computational intelligence. However, most price forecasting approaches are hybrid

solutions and focus only on the price itself.

In this sense, in this Master Thesis, we are going to forecast the energy prices for Spain using
a different approach. In particular, we use “The X model” proposed by Ziel and Steinert (Ziel
and Steinert (2016)), this approach is interesting because it uses the actual source, the supply,

and demand curves of the electricity market. Therefore, we have more information and we



can obtain better results than other models that simply use the prices. In particular, instead
of directly modeling the electricity price using past electricity prices, we model and utilize its
true source: the sale and purchase curves of the electricity market. We incorporate not only
several known features, such as seasonal behavior or renewable energy participation, but also
other facts of the bidding structure, such as price clustering. The model is able to capture
the non-linear behavior of the electricity price, which is especially useful for predicting huge
price spikes. From the policy perspective, this Master Thesis can help to identify the effects
of supply-induced changes (such as fossil fuel price changes, the phase-out of coal or nuclear
plants or the integration of more renewables) and demand-induced changes (such as the effect of

the Covid-19 pandemic). All these issues are in the current energy debate on energy economics.

Therefore, this Master Thesis wants to determine how well the model performs in forecasting
the Spanish electricity market prices. We forecast supply and demand curves for the months
of April 2019 and 2020, so that we can assess how well the model performs in the presence of
economic shocks. In particular, we can observe the demand shock due to Covid-19 and quar-

antine during that period.

The Master Thesis is structured as follows. Section 2 will provide a brief literature review
on forecasting the electricity prices and why this model is interesting and also a good ap-
proach. Section & will explain -in detail- the methodology used and the data. Section 4 will
discuss the empirical results and finally in Section 5 conclusions on the results obtained will be

presented.

2 Literature Review

A great variety of models for forecasting the electricity price can be found, most of the are
often related to the well-known model of the finance literature. Weron divided them into five
different groups (Weron (2014)), multi-agent, fundamental (structural), reduced-form (Quan-

titative, stochastic), statistical (econometric), and computational intelligence.

Multi-agent model focus mainly focus on the supply and demand of electricity to obtain prices

by equilibrium optimization (Weron (2014); Ziel and Steinert (2016)) for instance, the litera-



ture has used production cost models (PCMs), however, these model ignored the oligopolistic
structure of the market, therefore, Battle Lopez and Barquil Gil, propose a Strategic Produc-
tion Costing Model (SPCM) which can model the oligopolistic model and their bidding process
(Batlle and Barquin (2005)), nevertheless, these kinds of model do not incorporate the time
series of electricity bids, for instance (Ventosa et al. (2005)), furthermore, cannot generally
provide accurate daily or hourly, price forecast as can be seen in the attempt made for the

Spanish market (Garcia-Alcalde et al. (2002)).

The fundamental or structural models cover a great variety of models but mainly empha-
size economic and physical relationships of the market (Carmona and Coulon (2014); Weron
(2014)). Moreover, there is an important stylized fact of the electricity prices. There is a
tremendous deviation of the price from its mean, up to 50.% (Weron (2007)), therefore, in the
area of time series models the usage of specific heteroscedastic models for the variance of the
process is used, but, standard GARCH model cannot account for all of the extreme price events
within the data (Swider and Weber (2007)) such as (ARMA-GARCH) (Liu and Shi (2013)),
nevertheless, all these model foci mainly on the prices time series and not in what determines

the process (Ziel and Steinert (2016)).

Most of the models used in the literature belong to the field of fundamental models because
the time series approach is relatively new and has not been applied appropriately, therefore,
modeling the structure of the supply and demand curve have been done (Ziel and Steinert
(2016)). For the Germany/Austria EPEX market the use of the supply and demand curve have
been proposed in 2012 (Eichler et al. (2012)), Coulon utilized the curves to model a scaled
supply and demand curve using an autoregressive time series model with weekdays effect and
tried to overcome the issue of the assumption of the inelastic demand (Coulon et al. (2014)).
In Spain, something similar was done, however, they used a “residual demand curve” (Aneiros
et al. (2013)), although none of them incorporate real auction data, they assume the demand

is inelastic and therefore focus on the bid stack.



3 Methodology

We are going to use the true data generation process, e.g. the supply and demand curve
of the energy price, this approach provides a better probabilistic forecast for extreme price
movements while modeling the time series of energy prices by an autoregressive approach (Ziel
and Steinert (2016)). Hourly day-ahead energy price auction data of Spain provided by the
nominated electricity market operator (NEMO!) Every price will be provided in EUR/MWh
and every volume in MW, if not specified otherwise. Note that the market clearing volume is
reported by the OMIE as energy in MWh. In this Master Thesis, we are going to work with
simple bids instead of complex bids, due to the lack of time, however for further research and
looking for publishing we can consider the possibility. In addition, we have to say that real
prices of the electricity market are found by the well-known EUPHEMIA algorithm, which
we are not going to consider in the model due to its complexity. In addition, we are going
to use generation forecast and wind-solar generation forecasts from ENTSOE, which is the

European association for the cooperation of transmission systems.

3.1 Price formation process and price curves structure

Anyway, some authors point out that the price is driven by external factors, for instance, wind
and solar or electricity demand (Weron (2014)). However, Ziel and Steinert (2016) claim that
buyers and sellers on an electricity exchange are the ones that are influenced by those factors
and therefore adjust their bids. Furthermore, the participants are not equal, not all electricity
producers are equal, they have different production portfolios, and thus, are more or less likely
affected by heavy weather conditions. All this information is captured in the supply and de-

mand curve.

To show the characteristic behavior of the Spanish electricity market we plot Figure 1, this
figure shows the day-ahead electricity supply and demand curve for the peak hour and the
non-peak hours. The horizontal axis represents the trading volume and the vertical axis rep-
resents the price(bid) associated with the volume, the maximum price(bid) possible is 180.30.
It can be observed that during peak hours the amount of electricity produced and demanded

is larger than during non-peak hours. In addition, from the supply side, the strategic behavior

LOperador de Mercado eléctrico designado (OMIE) in Spanish



of the generator is observed in the middle of the graph, this is associated with the production
by hydroelectric power plants which tend to be strategic because of the use of the water as a

resource for producing electricity compared with the strategic behavior of solar plants.

Figure 1: Supply and Demand curve at 03:00 and 20:00
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The day ahead electricity prices of the OMIE will be traded in daily auctions before 11:00
CET for the hours of the next day. Then, there are in general 24 prices every day. And due to
the daylight saving time, there is once a year 23 values in March and 25 values in October. And

for the 24 actions on a common day has been used the labels 0:00,0:10, ..., 23:00 throughout
this Master Thesis.

The spot price during the period that has been observed is set to be between P,,;,, = 0 and
P,... = 180.30, we did not take into account 2021 in the analysis, because from may of 2021
the price was set to be between P,,;,, = —500 and P,,,, = 3000 allowing negative bids, due to
this year was not include. According to OMIE regulation, the minimal price difference between
different orders is 0.01 EUR/MWh. Thus, there are in total 18031 different possible prices on
a complete grid P = {0,0.01,0.02,180.28, 180.30}, nevertheless, not every price is used on a

real auction and yet. Therefore, Py, and Pp; can be introduced, they represent supply and

demand bids associated with a positive bid volume.

Pg, = {P € P|Vs,(P) >0} and Pp = {P € P|Vp(P) > 0} (1)



And if Vg4, Vp 4 are aggregated for a certain hour the supply and demand curve can be obtained

as in Figure 1. Mathematically, the supply and demand curves are characterized by

Su(P) = Vsu(P)for P € and Dy(P) =Y _Vp(P) (2)

Equation (2) define the supply and demand curve, for the prices grids defined in equation (1).
The clearing prices for the Spanish electricity market are defined by the EUPHEMIA algorithm
which involves complex bids, however, in this Master Thesis, we are working with simple bids,
yet, it is assumed by the MIBEL market as many other markets, i.e, EPEX market (Ziel and
Steinert (2016)), that the relation of two different bid price and quantity combinations of one

market is linear.

The next step is crucial, time dependency has to be ignored in this first step, thus we can
understand the characteristics of the bid volume to subsequently be able to forecast it. Then,
the mean bid volume is evaluated for the supply and demand curve across all the databases
as in equation (3), and since and since two years period is being considered the number of

observations T will be 17520.

T T
VA(P) = 3 Vel ) and Vo(P) = 7.3 Vie( ) Q)
In Figure 2 we have plotted the average mean volume for the supply (6a) and the demand (6b)
that was obtained using from equation (3). It can be seen in both figures and interesting bidding
behavior, operators tend usually bid a higher amount of volume at rounded and multiply of five
numbers and we can say that a noticeable amount of tradings is done by human decisions and
are not based on algorithmic trading rules which are in line with the theory (Ziel and Steinert

(2016)).



Figure 2: Average bid volumes Vg(P) and Vp(P) for price range 40 to 60
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3.2 Model for the supply and demand curve

The model to be used will be the so-called X-model by (Ziel and Steinert (2016)). This model
will be used because it has been shown to have a good performance forecasting the supply
and demand curve compared to other benchmarks models. As the in the original paper the

procedure is divided into three steps:

1. Due to the large number of observations the data has it is mandatory to organize the bid

volume in price classes.

2. The stochastic model to forecast the bid volume of each price class is going to be presented

next.

3. And once the forecast bids for each price class is obtained we reassemble the bidding

structure by reconstructing the classes. Thus, we calculate the supply and demand curve.

3.2.1 Price classes for bids

There are 18031 possible volumes on the full price grid P. And the usage of prices is due to
burden computational. Therefore, the prices in P have to merge into a smaller amount of
classes, and for the bids within the classes, it has to be assumed that the behave similarly over

time.

When creating the price classes we consider the mean volume V g(P) and V p(P) as in equation

(3), classes will be used to measure the importance of price at a later stage. Similarly to the



definition of the price curve in equation (2), however, we are going to aggregate the mean

supply and demand, therefore we obtain the mean supply and demand curve.

S(P) =Y Vs(p)for P € Psand D(p) = > _ Vp(p (4)

pelPg pePp

Figure 3: Mean Supply and Demand Curve Vg (P) and Vp(P) and class bounds using V& = 3000
and V7 = 1000
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For creating the price classes an amount of V, is needed to set the bound for the average
amount of volume that should represent each class, in the literature a V, of 1000 has been used.
However, we are going to use a V§ = 3000 and V5 = 1000, because the total amount is different
between demand and supply. Given Vg and V}; we obtained a total of Mg = 17 and Mp = 15
classes for supply and Demand as shown in Figure 3, where the dashed line represent the price
bound of each class. Price 0 and 180.30 have their class, whereas the other classes represent a

group of bid price as follow, Ps(0) = 0 and for example Pg(30) = 0.01,0.02, ...,29.99, 30 and

the associated volumes at time t to price classes Cg and Cp.

= Z Vs+(P) for ¢ € Cg

PePg C)

Z Vpi(P)forc e Cp

PePp(c)



3.2.2 Time series model for bid classes

An slightly transformation of X s and Xt t1s include, we are going to consider day and hour
as the time subscript as follow X é 21 , and X D.an» 0 addition, we are also going to consider the
the load forecast of solar, wind, and conventional, then we will have 5 additional process apart
from the classes, Xpricet; Xvotumetr Xgenerationt Xsolart @A Xyingt, plus, similar to the trans-

formation considered before for the classes, we also going to consider it for these five process

t = {d,h}.

This model is also able to capture the weekday effect, nevertheless, for this, we must include a

weekday dummy variable as follows:

W) — 1L,W(d) <k

0, W(d) >k

Where W(d) give the number corresponding to the day d, for Monday k£ = 1, and Sunday
k=T1.

To fully represent the time series we should introduce the object Xy as in the original paper.

Xd,h = (Xl,d,ha ) XM,d,h)/

_ (o) (o) ’
— ((ngd,h)cecs, (XD7d7h)CE(CD7 Xprice,d,h7 Xvolume,d,ha Xgeneration,d+1,h; Xsolar,d—l—l,h» Xwind,d+1,h)

Generation, wind, and solar are going to be considered the planned class, they have the d + 1
subscript because they are known one day in advance. the dimension of X, is M = Mg +
Mp+ Mx (M = 174 15+ 5 = 37 given the used data), moreover, we subtract the mean in
order to obtain a zero mean process Yq, = X — pn, Where, u, = E(Xy ), then the model will

be as follows:

mdh - Z Z Z (bm Jhil,gk ld k,j + Z wm thk + Em,d,h (5)

=1 I=1 ke]mh(’j)

where ¢, 1.1 represents the autoregressive part and ¢, 5 Wi (d) represents the weekday ef-

fect, I, n(l,7) the set of lags and &, 45 is the error term.



The set of lags I, x(l,7) can be selected freely (Ziel and Steinert (2016)). In this Master
Thesis, we have selected 30 lags (1 month) for the same hour in the target price class, for
different hours we are only considering 7 lags (1 weak). For the other price class, we considered
7 lags for the same hour and only 1 lag for different hours, and finally, for the planned class

we considered only 7 lags for the same hour. This can be represented as follows:

4

{1,2,..,30} ,m=land h=j
Lnpn(l,j) =4941,2,...,7} . (m=1land h#j) or (m# 1l and h = j)

{1} ,m#land h # j

\

For the estimations of the parameter in (7) we are going to use the lasso estimation, which
was introduced for the first time by (Tibshirani (1996)), is a penalized least squared and can

be represented as follows:

~

n Pm,h
B = arg min Yan — XimanB) + A 185 (6)
=1

’ RPm,h
pe d=1 j

where A, , > 0 is the penalty parameter. If A, , = 0 it becomes a least square estimator and
it A\, n large enough we get Bmh =0, A\ is selected by minimizing the Bayesian information

criteria (BIC). Cross-validation techniques are also possible (Ziel and Steinert (2016)).

The estimated day-ahead point forecast can be represent as follows:

M 4 7
Yiniih = Z Z Z ngm,h,l,j,kyz,n—&-l—k,j + Z Q;mhkwk(n +1) (7)
=2

I=1 1=1 k€l 1(1,5)

We obtained the bid volume forecast )A(LnH,h, e X Ms+Mp n+t1,n and we add the subtracted the

sample mean

3.2.3 Reconstructing bids and price curves

After we have compute the forecast X; 41, for each class m € {1, ..., Mg + Mp} and hour (h)

but we have to model the proportion of the forecast bid volume Xl,n+1,h for each class. For

10



example, if we forecast the sale volume of the price class ranging from 0 EUR/MWh to 30
EUR/MWh to be 1000 MW, we have to redistribute this volume over the different price levels
within that class, e.g. 0.01, 0.02, ..., 30. However, not all the prices are bids at all. This step is
important because for example, a 0.01 MW can have a huge impact on electricity prices. Then,

the use of probabilities will be necessary.

Let mg.q.n(P) and 7p.4.(P) be the probabilities that Vs.qn(P) and Vp,gp(P) respectively is
greater than zero, so there is actually a bid at this price. And we estimate them as the relative
frequency in the sample. Furthermore, we assume proportionality within the bid prices in the
classes for the mean volume V g(P) and V p(P) For reconstructed objects, we will use the accent

(), then, we can express the reconstructed volume \757d7h(P) and VDd,h(P) by

y Rg(P)Vg(P .

Vsan = sP)Vs( )— Xé,gl,h (8)
ZQGPS ( )V

. Rp(PYVp(P) -

Vbodan = ()D( ) D<_) Xl()’)d’h (9)

ger, 10 (Q)V b
However, instead of using Bernoulli random variables with probability 7g.4.,(P) or 7p.g.n(P)
to see whether the prices will be considered. Instead, we are going to set a threshold of 1/12
(the price appears at least twice a month), then if 7g.,11,,(P) Or Tp.pt1;n(P) is higher than the

threshold (1/12), Rs or Rp is going to be 1, otherwise zero.

After we have computed 7g.,11.4(P) and 7p.,11.,(P) we can estimate the supply and demand

volumes Sg;(P) and Dy (P) as follows:

S’dyh(P): Z VSdh( )forPEIP’SdhandDdh Z VDdh fOIPE]P)Ddh (10)

pEPs 4 n pEPD 4

where ]f"g,dyh and P p.d,» Tepresent the reconstructed bid prices and the intersection between both

curves represent the clearing volume and prices.

11



4 Empirical results

To obtain the results we use a two-year rolling window. That is to say, if we want to forecast
the date 01/01/2019, we have to use data from 01/01/2017 to 31/12/2018. In particular, for
this Master Thesis, we forecast April 2019 and April 2020, in order to analyze the performance
of the model by comparing 2019, where we do not observe any shock, and 2020, where we
observe the Covid-19 pandemic and the associated lockdown policies, which were an important
demand shock for the Spanish electricity market. We forecast the supply and demand curves
for the whole month; however, for the sake of simplicity, in this report we only present figures
related to the second Wednesday of April for both years. We use a standard day, trying to
avoid week seasonality effects. Additionally, we compare one peak-hour (20:00) as well as a

non peak-hour (03:00), in order to observe the peak/off-peak effects.

Figure 4: Forecast for April 17, 2019
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In Figure 4 we plot the actual supply and demand curves (solid red and blue lines,
respectively), as well as forecasted supply and demand curves (dashed red and blue lines,
respectively) for an off-peak (03:00) hour and a peak hour(20:00). For both hours, the model
seems to overestimate the actual demand curve. However, is hard to state visually at which
hour the model behaves better. The supply forecast seems to have worse performance than
the demand forecast during off-peak hours. First, it is sensitive to sharp price changes as can
be observed in the price range. Second, something interesting happens that requires a further
research: it seems that for prices below 60 EUR/MWh the model seems to underestimate the
supply curve, whereas for prices above 60 EUR/MWh it somewhat overestimates. Lastly, the

model seems to adjust better when the use of renewable energies increases, as it can be observed

12



during the peak hours, where the horizontal segment is larger (i.e. more renewable energy).

Figure 5: Forecast for April 15, 2020
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In Figure 5 we plot the actual supply and demand curves (solid red and blue lines,
respectively), as well as the forecasted supply and demand curves (dashed red and blue
lines, respectively) for an off-peak hour and peak hour, respectively. We observe that the
model still overestimates demand, although we find that close to the marginal price it fits a
little worse, yet its fit is pretty good. For the supply, the model does not fit as well as the
demand and again, the model fits better when more renewable sources are used, as it can be
seen during the peak hour, when the horizontal segment of the supply curve is larger (i.e. more
renewable energy). Comparing the performance of the model in 2019 and 2020 we can state

that the unexpected Covid-19 effect worsens the demand forecast.

So far we have seen that the model can represent the stepped behavior, which is characteristic
of the energy market and it is quite satisfactory how well the curves fit, at least graphically. In
any case, there is still room to improve and adjust the model to obtain more precise estimates.

But to evaluate it we need to measure it quantitatively, so we will estimate some basic and

standard measures of error.

To measure the performance of the model, measurements of common errors will be used, i.e.
The absolute mean error (M AE},) at time h and the root mean square error (RMSE},) at time
h, and instead of measuring the error with the price as Ziel and Steinert (2016) did in the

original paper, we are going to measure the performance on forecasting the curves (Supply and

13



Demand) as can be seen in equation 11 and 12.

1 N
MAEh = T Z ’Xvolume,h - Xvolume,d,h (11)
1 A
RMSEh Y AT ’Xvolume,h - Xvolume,d,hl (12)
%

Both measures are suitable to compare point-forecast, however, in general, the MAE is more

robust than the RMSE, as the latter is more sensitive to outliers (Ziel and Steinert (2016)).

In Figure 6 we plot the estimated MAE and RMSE for each hour and we observe interesting
and at the same time concerning results. First, our M AFE), is concernedly low. Literature
values are around 4:6, approximately; however, for the demand we obtain a value around 1.
Furthermore, for the demand it is slightly constant, even under the demand shock observed in
April 2020. On the other hand, the M AE}, of the supply is similar in magnitude to what we
found in the literature, which is positive. However, something that needs further research may
have happened at 07:00, causing a spike in the estimation and after that it behaves slightly
constant. Finally, under the demand shock in 2020, the M AF}, is slightly higher.

Figure 6: MAE and RMSE in EUR/MWh of the X-Model for both forecast
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When we estimate the RMSE), something similar happened. In the literature, we have
found that this estimation is around 10, we obtain an RM SFE} near this value, however, if we
considered that both (M AFE), and RMSE}) come from the same error and the second is ten
times the first, and for the supply happened to be 7 more than 7 times. This needs to be revised,
of course, there could be different reasons why we obtain such interesting errors. The first is the

way we estimate the parameter R, instead of using a random Bernoulli probability, we used a

14



threshold, and if the relative frequency was above that threshold, then, we considered that bid
price, which could have caused a large number of outliers and affect the RSM E}, estimation.
Another probability is that this model is not able to capture the ‘strategic” behavior of the

generator, which is traduced in a higher error.

5 Conclusions

In this Master Thesis, we implement in the Spanish electricity market the X-Model proposed by
Ziel and Steinert (2016), combining the insights of market structure models with econometric
techniques. Instead of directly modeling the electricity price using past electricity prices, we
model and utilize its true source: the sale and purchase curves of the electricity market. We
incorporate not only several known features, such as seasonal behavior or renewable energy
participation, but also other facts of the bidding structure, such as price clustering. The model
is able to capture the non-linear behavior of the electricity price, which is especially useful for

predicting huge price spikes.

In summary, we were able to forecast supply and demand curves for April 2019 and April
2020. The X-Model has shown promising results when forecasting both curves. In general, we
observe a better fit for the demand than for the supply; however, this statement needs further
research. On the other hand, the supply curve forecast is sensitive to the ”price spikes” which
affect its fit. Additionally, the model in general -even on the demand shock- seems to have a
better fit on the supply curve when the usage of the renewable source is larger. Furthermore,
the model seems not to fully capture the “strategic” behavior of the generators, we also need
further research in this regard. In addition, the estimated demand seems to always overestimate
the curve, mean while for the supply curve a mixed effect is observed; however, is hard to say
whether it overestimate or underestimate. Nevertheless, we can say that the supply seems to
have a better fit when the usage of renewable source is larger, which is associated with the

usage of wind and solar forecast.
When we estimate the performance of the model by estimating common error estimations

(MAE and RMSE). A very low MAE was obtained for the demand and no significant differ-

ence is observed under the demand shock, which is surprising. For the supply, the magnitude of
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the estimation is in line with what we find in the literature. The RSME is the most concerning
result of our Master Thesis and needs further research. Both estimations come from the same
error, but the RSME is more sensitive to outliers than the MAE. We obtained an RSME 10
times higher than the MAE for the supply and on average 7.5 times for the supply, meaning
that we could have many outliers. One of the hypotheses to explain this behaviour could be the
way we reconstructed the volumes in equations 8 and 9. Instead of using a random Bernoulli
distribution, we used a threshold of 1/12 to select the prices we are going to be considered as
bids in the reconstructed curve. This approximation could lead to outliers and explain what
we observe in the error measures. In this sense, on further research we plan to check our data

and the differences of using both approximations.

Finally, this model has room for improvements. First, we will check the data and try to
solve the problem of the outliers, and figure out how to manage them. Second, instead of doing
a point forecast, it would be interesting to conduct a probabilistic forecast using the Bernoulli
distribution. Additionally, another interesting approach is to distinguish between technologies
(renewable, nuclear, hydro, etc), rather than focusing only in the aggregate supply curve. This
is something the author of the original paper did not consider and that could have very inter-
esting implications in terms of energy policy analysis. Third, we propose not only include the
weakly effect but other seasonal effects. Fourth, we are going to use other benchmark models
(naive models), in order to evaluate the gains of this model when forecasting supply and de-
mand curves and also electricity prices. This is particularly important, in order to identify the
advantage of using such a complex model for price forecasting instead of other simpler models.
And finally, we would like to include additional regressors in the model, such as fuel costs or
COy allowance prices. By doing so, we could improve the fit of the curves and therefore obtain

better results.
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