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1 Introduction

The following chapter is based on [1If, [6], [17], and [9].

Electricity markets have undergone substantial structural changes during the last decades.
The increasing integration of renewable energy sources, the liberalization of European elec-
tricity markets, and the transition toward finer settlement intervals have transformed both
the operational and financial dynamics of power systems. Unlike many other commodities,
electricity must be balanced continuously in real time, since large-scale storage remains
limited. As a consequence, even small forecasting errors in production or consumption can
lead to significant price fluctuations and imbalance costs.

These challenges have become increasingly relevant in the Nordic electricity market, where
renewable generation from wind and solar power constitutes a growing share of total elec-
tricity production. Renewable energy sources are inherently weather-dependent, introduc-
ing substantial uncertainty and short-term volatility into the system. At the same time,
consumers have become increasingly responsive to electricity prices through variable pricing
contracts, electric vehicle charging, and flexible consumption patterns. This has resulted
in a higher volatility market.

A major structural reform in the European electricity market is the transition from hourly
settlement to 15-minute settlement intervals. In Denmark, this transition was fully imple-
mented in October 2025. Under the previous hourly structure, forecast deviations were
averaged over an entire hour, whereas the new market design settles imbalances at a much
finer resolution. Consequently, intrahour fluctuations in both consumption and renewable
generation have become economically relevant to a much greater extent. This increases the
importance of accurate short-term forecasting models capable of capturing rapid market
movements and dynamic dependencies between delivery periods.

From a statistical perspective, electricity prices and consumption exhibit several properties
that complicate traditional modelling approaches. The series are highly persistent over
time, display strong seasonal and intraday patterns, and are often influenced by common
latent shocks such as weather systems, transmission congestion, fuel prices, and balancing
market conditions. Since these shocks may simultaneously affect multiple delivery periods,
substantial cross-sectional dependence arises across the intraday price curve. Standard
time series models may therefore fail to adequately capture the underlying dependence
structure of the market.

To address these challenges, panel data models provide a natural framework. Panel data
combines both cross-sectional and temporal information, allowing the simultaneous mod-
elling of multiple delivery periods observed repeatedly over time. In particular, dynamic
panel data models extend this framework by incorporating lagged dependent variables,
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thereby capturing persistence and gradual adjustment dynamics. Furthermore, by aug-
menting the model with latent factor structures, common shocks affecting all delivery
periods can be incorporated through unobserved multifactor error components. Such
factor-augmented dynamic panel models provide a flexible methodology for modelling both
time-persistence and cross-sectional dependence in electricity markets.

1.1 Problem Analysis

The transition toward 15-minute settlement intervals introduces new operational chal-
lenges for both market participants and utility companies. Under the finer market resolu-
tion, short-term fluctuations in renewable production and consumption patterns become
increasingly important, as imbalances are settled more frequently.

To address this, the project considers panel data models. The panel framework allows each
hourly or quarter-hourly delivery period to be treated as a cross-sectional unit observed
repeatedly over time, while the latent factor structure captures common shocks shared
across the market. In addition, instrumental variable and generalized method of moments
(GMM) methodologies are considered in expansionism models.

The project further investigates whether the transition from hourly to 15-minute settle-
ment intervals alters the dynamics and predictability of electricity prices. Specifically,
simple forecasting performance of models estimated on hourly data is compared with mod-
els estimated on quarter-hourly data to evaluate whether the additional granularity can
potentially provide improved predictive capability.

1.2 Problem Statement

The central problem of the thesis can be stated as follows:

Can panel data models with lagged regressor structure be used to model and potentially
forecast electricity prices under the new 15-minute settlement regime in the Danish(DK1)
electricity market?

In answering the problem statement, the following questions will be addressed:

e How does the transition from hourly to 15-minute settlement intervals affect the dy-
namics of electricity prices?

e Can factor-augmented dynamic panel models adequately capture the cross-sectional
dependence induced by common market shocks?

e How do hourly and quarter-hourly panel models compare in terms of forecasting per-
formance?
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2 European Power Market

The following chapter is based on [H], [7], [9], [16], [17], [21], and [26]

This chapter presents the current European energy market and its challenges. It provides
an overview of how the market is structured, why balancing is necessary, and how this
balance is secured. Finally, the chapter outlines the transition from hourly to 15-minute
settlement and discusses the challenges arising from the increasing share of renewable
energy in the European power system.

2.1 Market Balance and Trading Structure

A fundamental property of electricity markets is that supply and demand must be balanced
at all times. Unlike many other commodities, electricity cannot (yet) be stored econom-
ically at large scale. Production and consumption therefore need to match continuously,
otherwise system imbalances arise that threaten grid stability.

For this reason, the market is organised in layers. The two most relevant are the day-ahead
market, and the balancing imbalance market. In the day-ahead market, both producers and
consumers submit price-quantity bids for each delivery period. Producers submit supply
offers specifying the minimum price at which they are willing to generate electricity, while
consumers submit demand bids indicating the maximum price they are willing to pay.

These bids are aggregated into supply and demand curves for each time period as can
be seen in Figure [2.1] The market operator then determines a market-clearing price by
matching supply and demand such that total accepted generation equals total accepted
consumption. All accepted participants are settled at this single clearing price, regardless
of their individual bid prices. This uniform pricing mechanism reflects the marginal cost
of the last unit required to balance the system.

The bidding starts at 10:00CET each day. The auction then closes at 12:00CET and the
day-ahead price is determined and released at around 12:45CET.

In Figure 2.1 we can see that generation technologies with low marginal costs, such as wind
and nuclear, are dispatched first, while more expensive units such as condensing plants and
gas turbines are only activated when demand is sufficiently high. Demand varies over time,
as illustrated by the three different demand curves during a specific day.

During periods of low demand, only low-cost generation is needed, leading to low electricity
prices. In contrast, during peak demand periods, higher-cost generation units must be
activated, which increases the market price. This pricing mechanism ensures that all
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Figure 2.1: Supply and demand representation of the power energy market, for different
time periods during the day. Source: [10]

dispatched units receive the same price, equal to the marginal cost of the last unit brought
online.

Forecasts are, however, never perfect, a producer may promise to deliver a certain number
of MW (Mega Watt) but fail to do so because of unexpected wind conditions or technical
issues. In that case, the system operator must procure the missing electricity from other
sources in real time to maintain balance. The producer who deviated from their committed
position must then settle the deviation financially through the imbalance price.

In this way, the imbalance market acts as the real-time correction mechanism of the system.
It ensures physical balance by activating upward or downward regulation and provides
economic incentives for accurate forecasting and reliable delivery. The imbalance price
reflects the marginal cost of restoring system balance and may differ significantly from the
day-ahead price, particularly during periods of system stress.

The increasing share of renewable energy further amplifies these dynamics. As wind and
solar generation are inherently variable and uncertain, both surplus and scarcity situations
occur more frequently. This increases the importance of short-term markets, flexibility,

4
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and accurate forecasting in maintaining system balance.

2.1.1 Surplus and Scarcity of Power Generation

If the system is not balanced, frequency deviations occur. Excess supply leads to an increase
in system frequency, while insufficient supply causes it to drop. In Europe, the nominal
system frequency is 50 Hz, with typical operational tolerance bounds of approximately
+0.050 Hz. Significant deviations from this can damage equipment or, in extreme cases,
lead to disconnections. Continuous balancing is therefore a necessity for the market, some
examples follow:

A situation may arise where total generation exceeds demand. In terms of the merit-order
framework in Figure this can be interpreted as either an outward shift in supply, for
instance due to high wind or solar production, or a reduction in demand.

In such cases, the market-clearing price decreases and may become negative. Negative
prices occur when generators are willing to pay to remain in operation, for example due to
high start-up costs or subsidy schemes tied to production.

If market-based mechanisms are insufficient to restore balance, the transmission system
operator intervenes by curtailing generation. This includes renewable sources such as wind
and solar, despite their low marginal costs. Curtailment is therefore a necessary tool to
ensure that the physical balance between supply and demand is maintained.

This situation highlights the importance of system flexibility, as limited storage capacity
and inflexible demand increase the likelihood of surplus conditions.

Conversely, periods may occur where available generation is insufficient to meet demand.
In such situations, increasingly expensive generation units are activated as demand rises,
leading to higher electricity prices.

In such situations, peaking units such as gas turbines are typically dispatched, and elec-
tricity may be imported from neighbouring markets if interconnection capacity allows. If
supply remains insufficient, the system operator activates reserve capacity to maintain
system stability.

In extreme cases, controlled load shedding may be required to prevent system collapse.
This reflects the high economic cost of unserved energy, often referred to as the value of
lost load (VoLL). As a result, electricity prices can increase significantly during scarcity
periods, reflecting the critical importance of maintaining system balance.
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2.2 History: Liberalisation of the European Electricity
Market

Prior to the mid-1990s, electricity markets in Europe were largely organised as national
monopolies. Vertically integrated firms often handled generation, transmission, and retail
within the same organisation. Prices were regulated, and cross-border competition was
limited.

This structure began to change with the liberalisation process initiated by the European
Union in 1996. The objective was to introduce competition, improve efficiency, and inte-
grate national markets. Over time, this led to unbundling requirements separating gener-
ation and transmission activities and the establishment of organised power exchanges.

Further regulatory packages, including reforms introduced in 2009, strengthened these
separation requirements and reduced conflicts of interest by limiting the degree to which
firms could simultaneously control production and transmission assets.

Today, electricity trading across much of Europe takes place on interconnected exchanges,
and cross-border market coupling allows electricity to flow to where it is valued most highly,
subject to transmission constraints.

2.3 Transition from Hourly to 15-Minute Settlement

Historically, most European day-ahead market products were traded in hourly intervals.
Forecasting models, trading strategies, and settlement mechanisms were therefore built
around hourly positions.

The transition to 15-minute settlement, fully integrated in Denmark since October 1st,
2025, represents a structural change in how market risk is measured and priced. Although
imbalance prices have long been calculated at high temporal resolution, market positions
are now defined in 15-minute intervals.

This change makes intrahour dynamics economically relevant. Forecast errors are no longer
averaged over the hour but settled at a finer resolution. As a result, short-term volatility,
ramping behaviour, and rapid changes in renewable generation play a more direct role in
financial outcomes.

For forecasting and trading, this introduces both additional complexity and new oppor-
tunities, as more granular modelling may provide improved predictive performance under
the new market design.
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2.4 Renewable Energy and System Challenges

A central objective of the European Union is the large-scale integration of renewable energy
sources. Wind and solar generation are inherently weather-dependent, leading to increased
variability and uncertainty in supply.

In this context, 15-minute trading intervals allow the market to better reflect short-term
fluctuations in production. Imbalances can be identified and settled closer to real time,
reducing system risk and improving price signals.

However, increased renewable penetration also raises structural challenges. Seasonal vari-
ation is particularly important: during winter, reduced solar output and higher demand
increase the need for alternative generation sources and system flexibility.

Figure presents a real-time snapshot of the Danish electricity system on February 10th,
2026. The figure illustrates both the composition of domestic electricity generation and
the net exchange of power with neighbouring countries.

ENERGINET

THE POWER SYSTEM RIGHT NOW

LARGER PLANTS OVER 100 MW 1,046 MW
. ‘ SMALLER PLANTS UNDER 100 MW 749 MW

JYLLAND - NORGE WINDMILLS 1,121 MW

IMPORT: 1.610 MW

JYLLAND - SVERIGE

EKSPORT: 712 MW, SOLAR CELLS 283 MW

CONSUMPTION IN DK 6,260 MW

% af v NET EXCHANGE IMPORTS 3,060 MW
CO02 EMISSIONS 142 g/kWh

SUELLAND - SVERIGE ICON EXPLANATION

EKSPORT: 221 MW

PLANT OVER 100 MW
OFFSHORE WIND FARM

JYLLAND - ENGLAND TRANSFORMER STATION

IMPORT: 876 MW. AIR LINE, AC CURRENT

STOREBELT

—506 MW CABLE, AC POWER

BORNHOLM - SVERIGE

acorss o AIR LINE, DIRECT CURRENT
’ CABLE, DC CURRENT

SJELLAND - TYSKLAND
IMPORT: 599 MW.

JYLLAND - HOLLAND
IMPORT: 626 MW.

JYLLAND - TYSKLAND
EKSPORT: 151 MW

Figure 2.2: Real-time snapshot of Danish electricity consumption, generation mix, and
cross-border flows on February 10th, 2026. Source: [6]

Total electricity consumption amounts to 6,260 MW, while domestic production is sig-
nificantly lower. Wind power constitutes the largest share of generation at 1,121 MW,
followed by centralised and decentralised thermal production. Solar generation contributes
only marginally, which is consistent with seasonal conditions during winter.

As domestic production is insufficient to meet demand, Denmark operates in a net import
position, with total imports of 3,060 MW. Electricity is imported from several neighbour-

7
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ing systems, including Norway, Germany, the Netherlands, and the United Kingdom, while
smaller exports occur simultaneously towards Sweden. This reflects the highly intercon-
nected nature of the Danish power system and the role of cross-border trade in maintaining
system balance.

From a market perspective, this situation corresponds to a scarcity regime, where domestic
supply alone cannot satisfy demand. As described in the merit-order framework, this
implies that higher-cost generation units or imports must be activated to clear the market.
Consequently, such conditions are typically associated with higher electricity prices and
the activation of upward regulation in the balancing market.

Conversely, to Figure where we were importing electricity, in Figure [2.3| we can see that
on May 4th, 2026 we were exporting electricity due to the Danish high capacity of both
solar and wind, producing 2,310 MW and 2,978 MW respectively.

ENLERGINET THE POWER SYSTEM RIGHT NOW

LARGER PLANTS OVER 100 MW 650 MW
SMALLER PLANTS UNDER 100 MW 347 MW
JJJJJJJJJJJ WINDMILLS 2,978 MW
SOLAR CELLS 2,310 MW
CONSUMPTION IN DK 4,645 MW
NET EXCHANGE IMPORTS -1,640 MW

C02 EMISSIONS 42 g/kWh

ICON EXPLANATION

SJELLAND - SVERIGE
IMPORT: 705 MW

PLANT OVER 100 MW
OFFSHORE WIND FARM
[} TRANSFORMER STATION
AIR LINE, AC CURRENT
CABLE, AC POWER

AIR LINE, DIRECT CURRENT

BORNHOLM - SVERIGE
f EKSPORT: 13 MW CABLE, DC CURRENT

SJELLAND - TYSKLAND
EKSPORT: 203 MW

JYLLAND - HOLLAND
EKSPORT: 650 MW

Figure 2.3: Real-time snapshot of Danish electricity consumption, generation mix, and
cross-border flows on May 4th, 2026. Source: [6]

Thus, in this case we end up with a excess supply for the Danish demand and end up
exporting electricity to other countries like England and Germany.

More broadly, the figures highlights how system balance in Denmark is achieved through a
combination of domestic generation and international electricity flows, rather than relying
solely on internal production capacity.

Following the energy crisis triggered by the war in Ukraine, Danish households have ex-
hibited a marked shift in electricity consumption behavior. Increased price volatility and
heightened public awareness have led many consumers to adopt variable pricing schemes
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and actively adjust their electricity usage according to hourly spot prices. A growing share
of consumers deliberately shifts flexible consumption, such as electric vehicle charging and
household appliances to low-price periods, particularly during nighttime hours [11].

80%

69%
70%
Status quo for energikrisen

1 y
60 f \ 55%
49% 49%
50%
—
40% 44% 43%
40%
30%
28%
20%
8% 7%
10 9
4% 2%
0%
2020 2021 2022 2023
= \/ariabel pris (spotprodukt) i % Korte fastprisprodukter (op til 3 mdr) i % Lange fastprisprodukter (over 3 mdr) i %

Figure 2.4: Change of payment plan for private consumers 2020-2023. Source: [11]

As can be seen in Figure the amount of consumers going on varaiable prices changed
from 44% in 2020 to 69% in 2023. Importantly, this shift can be assumed to create a
feedback mechanism in the spot market. As more consumers concentrate their demand in
low-price periods, the demand profile itself becomes endogenous to price signals.

In equilibrium, large-scale load shifting may flatten price differentials or even relocate
peak demand to previously off-peak hours. This highlights a transition from a system with
largely exogenous demand to one where consumer behavior actively interacts with price
formation.

From a system perspective, large-scale storage solutions and flexible resources are expected
to play an increasingly important role in managing these fluctuations. The ability to absorb
excess generation and release it during periods of scarcity will be crucial in a future low-
carbon energy system, currently the large scale storability is the Northeren fjords where
the cheap solar and wind energy during the summer can be used to pump water back up
into the fjords that can then be released during the winter months again. Other methods
like Power-to-X can be utilized to convert the excess power as an example into splitting
water into Hydrogen and Oxygen.
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3 Panel Data

The following chapter is based on [1I], [2], [3], [4l], and [19)].

In this chapter, we present panel data methods that allow us to extract more information
from datasets observed across both time and cross-sectional units. Pooled regression,
fixed effects, and random effects models are useful in different scenarios, and appropriate
tests can help determine which approach is most suitable. Wrapping up the Chapter
we introduce to expansions to the modelling, dynamic panel data models, and Factor
modelling, which but work with included lagged dependent variables.

Panel data consist of repeated observations on the same cross-sectional units over time,
combining the time dimension of time-series data with the cross-sectional dimension of
cross sections. Panel data is therefore used for many datasets that are measured across
two dimensions. The main advantages of panel data are that they control for cross-sectional
heterogeneity, provide greater variability in the data, reduce collinearity among regressors,
and yield more efficient estimators. In addition, panel data are well suited for studying
dynamic adjustment processes and allow the construction and testing of more complex
behavioural models.

The panel data regression for cross-sections ¢ = 1,..., N and time t = 1,...,7T is given by
Yie=a+ X0+ U, (3.1)

where o is a scalar, 3 is a K x 1 parameter vector and X;; is a 1 X K vector of observations
on the explanatory variables for unit 7. Given that the same cross-sectional units are
observed repeatedly over time, it is generally inappropriate to assume independence of the
error terms. As a result, ordinary least squares is no longer efficient and may yield incorrect
inference or even inconsistent estimates when regressors are correlated with the composite
error term.

The error-components model was developed to model the dependence structure in panel
data by decomposing the error into separate shocks, each assumed to be independent of
the others. Under the error-components model, the panel data regression can be written
as

Yii=a+ X0+ Uy, where U= p;+ vy, (3.2)

where p; is the individual error, and v;, is the idiosyncratic error. The effect p; affects all
observations for unit i and is time-invariant while v;, affects only observation (i,t¢) and is
assumed to satisfy the Gauss—Markov assumptions. We assume that p; are independent
across ¢, and that the v;; are independent across both 7 and ¢ and orthogonal to X;;. In
addition, we assume that the regressors X, are exogenous.

11
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Before introducing fixed and random effects, we can consider the simplest approach: pool-
ing all cross-sectional uni,ts over time and running ordinary least squares, OLS (see Ap-
pendix . This effectively ignores any cross-section-specific effects, i.e., assumes p; = 0,
and is often referred to as the pooled regression model. While this approach can increase
efficiency by using the extra variation from pooling, it is generally unrealistic because
cross-section heterogeneity is usually present.

To estimate an error-components model the effects y; are considered either fixed or random.
If we treat the effects u; as fixed then they are treated as parameters to be estimated by
OLS via dummy variables. If we treat the effects u; as random, the covariance matrix of
Ui must be expressed in terms of the variances of y; and v;; and feasible generalized least
squares FGLS, (see Appendix can then be applied. Each approach can be appropriate
in some contexts but may be unsuitable in others.

Depending on the assumptions about pu;, several specific panel data models can be consid-
ered:

(i) Pooled regression: If E[y; | X;:] = 0, OLS provides consistent but potentially
inefficient estimates.

(ii) Fixed effects: If E[u; | X;:] # 0, OLS is biased and inconsistent due to omit-
ted variable effects. A fixed term is added to account for the cross-section—specific
heterogeneity.

(ii) Random effects: If E[y; | X;;] = 0, a random-effects term can be included to
account for the cross-section correlation, allowing efficient estimation.

In the following, we discuss two common panel data models in detail, each corresponding
to different assumptions about ;.

3.1 Pooled Regression (PR) Model

The baseline pooled regression model assumes no cross-section-specific effects, p; = 0, such
that the composite error reduces to the idiosyncratic error

Yii=a+ X0+ Uy, whereU;,; =uv;. (3.3)

The idiosyncratic error are mean zero conditional on the regressors, i.e. Elv;; | Xi¢] =0
for all 2 and t.

Under these assumptions, the OLS estimator is unbiased and consistent. Moreover, if the
idiosyncratic errors are uncorrelated across individuals and time periods, i.e. E[v; 5] =0
for all ¢ # 7 and t # s, then the OLS estimator is efficient

In practice, however, these assumptions are often unrealistic. Since we observe the same
cross-sectional units over time, it is more realistic to assume

Elv;vis) #0 for t # s,

12
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so that the idiosyncratic errors are correlated over time for the same cross-sectional unit.
In this case, OLS remains unbiased but is no longer efficient. One can use autocorrelation-
robust standard errors to correct for this.

Since the cross-section—specific effect p; is constant over time, it can be removed completely
by subtracting each observation from its previous period. This First Difference (FD)
transformation eliminates p; from the model, allowing consistent estimation of § even
when p; is correlated with the regressors.

We take the first difference of the error-components model in (3.2))
AY,, =Y, =Y, 1 =AX;,8+ Av,y, (3.4)

thus the time-invariant effect pu; is eliminated. We can therefore estimate $ by running
OLS on the model

AY = AX3 + Ay,
which yields the First Difference (FD) estimator
Brp = (AX'AX)'AX'AY. (3.5)

To derive the covariance structure of the idiosyncratic errors, assume that they satisfy

E[v;4] =0, Var(v; ;) = 03, Cov(vit,vs) =0 for t # s.

After differencing, the transformed error term becomes

AVz',t = Vit — Vit—1-

Even if v, is serially uncorrelated, Av;; is not. In particular,

Var(Av, ;) = 202,
COV(AV@t, Al/i’t,1> = —O'2

1284

Cov(Av; 4, Aviyy) =0 for k> 2.

Thus, the differenced errors follow an MA(1) process with known structure. Stacking the
transformed idiosyncratic errors in vector form, the covariance matrix can be written as

Var(Av) = 2023,

where ¥ is the tridiagonal matrix

1 -1 0 0
-1 1 -1 0
=0 -1 1
: _1
0 6 —1 12
L 2 -

13
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Since the FD transformation induces serial correlation of order one, OLS standard errors
are no longer valid. Consistent inference can instead be obtained using heteroskedasticity
and autocorrelation consistent (HAC) standard errors, such as the Newey-West estimator
with lag length one, see Appendix [A.6]

3.2 Fixed Effects (FE) Model

Unobserved heterogeneity across cross-sectional units has a possibility to be present when
looking at large datasets. If such heterogeneity is correlated with the regressors, pooled
OLS becomes inconsistent. The Fixed Effects (FE) model addresses this by allowing each
cross-sectional unit to have its own intercept.

If Elp; | Xit) # 0, the individual-specific effects may be correlated with the regressors. In
this case, the model (3.2)) can be written as

Yie = + X518+ vig, (3.6)

where o; = a + p; represents the individual-specific intercept and the idiosyncratic errors
satisfy

Elv;;) =0, Var(v) = o21,.

This implies a different constant for each individual. We then construct a matrix of dummy
variables D, and thus our model becomes

N
Yii=a+ X0+ ZMDi + Vi, (3.7)

=1

here D; is a dummy variable for the i-th timeseries. We impose a normalization Zfil Wi =0
to avoid perfect multicollinearity. The idiosyncratic errors v;; are assumed to be i.i.d
random variables with mean 0 and variance o2. This can be further rewritten in matrix
form

Y=XB+Dn+v (3.8)
where n = (a+py, a+pa, ..., a+puy) is the vector of fixed effects and D is an n x m matrix
of dummy variables, constructed in such a way that the element in the row corresponding
to observation i,t¢, for e = 1,...,nand t = 1,...,T, and column j, for j = 1,...,m, is

equal to 1 if 7 = 5 and equal to 0 otherwise.

Equation (3.7) can be estimated using OLS. Under the Gauss—Markov assumptions on v;;
[25], the OLS estimator is Best linear unbiased estimator (BLUE), however two problems
oceur.

Firstly the loss of degrees of freedom since we are estimating N + K parameters. Since
N additional parameters are effectively estimated, the FE estimator consumes degrees

14
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of freedom. In panels with large N and small T, this may lead to imprecise estimates.
However, in applications with sufficiently long time dimension as is the case with this
project, this issue is mitigated.

The second issue arises from the large number of dummy variables. When an intercept
is included together with all N dummy variables, perfect multicollinearity occurs because
the sum of the dummy variables equals one for every observation. This is known as the
dummy variable trap. Estimating the model by including dummy variables for each unit
is known as the Least Squares Dummy Variable (LSDV) estimator.

An equivalent and computationally more efficient approach to estimating is to elim-
inate the fixed effects through the within transformation. Since p; is constant over time
for each unit, we can remove them by subtracting the time average from each observation.
Formally, define the sample averages

1 < 1 <& 1 <
Y, = TZY;,t, Xi= TZX“’ vi = szi,t;
t=1 t=1 t=1
Subtracting these averages from the original observations yields the within transformation
Yie — Y; = (Xip — Xz)ﬁ + (Vi — 1;). (3.9)

In this form the fixed effects u; disappear, leaving a model that can be estimated using stan-
dard OLS. This not only reduces the number of parameters to estimate, but also improves
computational efficiency, especially when the panel has many cross-sectional units.

From a matrix perspective, we can formalize this transformation using the projection
matrix

Mp=1—-D(D'D)'D,

where D is the same matrix as in . The projection matrix Mp projects any vector onto
the space orthogonal to the columns of D, effectively removing the influence of the fixed
effects. Applying Mp to both Y and X, gives the same result as the within transformation,
but it highlights that the fixed effects estimator is simply an OLS regression in the subspace
orthogonal to the individual-specific effects.

The Frisch-Waugh-Lovell (FWL) Theorem, is outside the scope of this project and can be
found with proof [4, p. 68-69]. It states that the OLS coefficient on X is a regression of Y’
on X and D that can equivalently be obtained by first removing the effect of D from both
Y and X, and then regressing the resulting residuals on each other. In other words, the
partial effect of X can be estimated after partialling out the contribution of D.

Applying this result, the OLS estimator of 5 in can be obtained by regressing MpY,
the residuals from regressing ¥ on D and on MpX, which contains the residuals from
regressing each column of X on D. The resulting fixed—effects estimator can therefore be
written as

Bre = (X'MpX)™' X' MpY. (3.10)
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It follows that the 7,t-th element of MpX equals X;; — X;, i.e. the deviation from the
group mean. Since every variable in is premultiplied by Mp, the estimator relies
solely on variation within each group around its mean. For this reason, the fixed—effects
estimator is often referred to as the within-groups estimator.

3.3 Random Effects (RE) Model

In the Fixed Effects (FE) model, a separate parameter is estimated for each cross-sectional
unit, which quickly increases the number of parameters and reduces degrees of freedom.
To address this, the Random Effects (RE) model treats these individual-specific effects as
random variables, allowing for more efficient estimation when certain assumptions hold.

The RE model is based on the same error-components structure as the FE model, but
here the cross-section-specific effects u;, are treated as random variables rather than fixed
parameters. Specifically, the RE model can be written as

Yip=a+X{,8+ i+ vig, (3.11)
Uit = i + Vi, (3.12)

where the components satisfy that the cross-section-specific effects and the idiosyncratic
error have zero mean, i.e. p; ~ IID(0,07) and v;; ~ IID(0,07) respectively. This means
that we only need to estimate the variances. Moreover we assume that pu; is uncorrelated
with v; 4, i.e. Cov(py, vi¢) = 0, and that both components are independent of the regressors,

i L X, and v, L X, for all ¢ and ¢.

This independence assumption, also called strict exogeneity, may not always hold in prac-
tice. However, if the assumption is satisfied, it follows that

EUss | Xii) = Elps + vig

Xt =0, (3.13)

since p; and v;; are independent of X;,. This condition is exactly what guarantees that

OLS estimation of (3.11)) produces unbiased estimates of .

OLS estimation of (3.2)) is generally not efficient, since the error terms U;; are not i.i.d..
Under the assumptions for p; and v;,, the composite error U;; has variance

Var(Uss) = o, + 0y, (3.14)
and exhibits serial correlation over time only within the same individual

COV(ULt, Ui,s) = 0'2

I

for t # s, Cov(U;,Ujs) =0 for i # j. (3.15)

Notice that U;; exhibits correlation over time within the same individual, since all obser-
vations for individual ¢ share the same ;.
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The key requirement for consistency of the RE estimator is that the cross-section-specific
effects p; is independent of the regressors X,; and of the idiosyncratic error v;;. Under
these conditions, OLS applied to is consistent, but generally inefficient. Efficiency
can be improved using generalized least squares GLS (see Appendix , which accounts
for this covariance structure.

If we stack the data by individual, then the covariance matrix of the error term
U = (Ully-"aUlTaU217"'7U2Ta"'7UN17"' 7UNT)/

is a block-diagonal matrix of dimension NT' x NT', given by

0 0 0 X

where
Y=ol + o171}

is a T x T matrix with o7 + o7 on the diagonal and ¢, on the off-diagonal elements and
where I is the T' x T' identity matrix and 17 is a T' x 1 vector of ones. This structure
follows from the variance and covariance expressions in and , respectively.
This covariance structure implies that the error terms are correlated within individuals
over time.

3.3.1 Variance Estimation

The RE model can be efficiently estimated using GLS if the variance components are known
//B\GLS — (X,Q_lX)_lX/Q_l}/,

where () is the covariance matrix of the composite error term. In practice, these variance
components are unknown and must be estimated from the data.

A common approach is to first obtain consistent estimates of the idiosyncratic error and
individual error variances using residuals from simpler regressions, such as the fixed effects
and pooled OLS models. Substituting these estimates into {2 leads to the FGLS estimator,
which is the standard method for estimating the RE model in applied settings.

The within-group FE regression isolates the idiosyncratic error v;; by removing individual-
specific effects, while the pooled regression captures the total variance of the composite
error. Subtracting the estimated idiosyncratic variance from the total variance yields an
estimate of Ji.
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To estimate the variance component of the idiosyncratic errors, o2, we use the within-

group FE regression, as discussed in Section . The residuals 7;; from the regression in
reflect only the idiosyncratic errors v;, since the within transformation removes the
individual-specific effects p;. The variance of these residuals provides an estimate of the
idiosyncratic variance

N T .
52 — D oim1 D1 Vz‘2,t
v NT —N—-—K’

(3.16)
where K is the number of regressors in the model. This estimator is consistent for o2
because the fixed effects transformation effectively eliminates the influence of the individual
effects, as seen in ([3.9)).

To estimate the variance component of the individual-specific effects, ai, we use the pooled
regression. Specifically, we run an OLS regression on the stacked panel data while ignor-
ing the individual effects p;. The residuals from this regression, Ui,tu contain both the
individual-specific effects and the idiosyncratic errors

N T “ro
2 o Zi:l thl Ui,t s 0_2 —I—O‘

2 — 2
PR™ NT - K —1 p

v

where K is the number of regressors and (A]Z-,t are the pooled OLS residuals. This provides
an approximate estimate of the total variance of the composite error term (3.12)). Once 52
is known from ([3.16]), the individual-specific variance can be estimated as

G = Spp — 0, (3.17)

where s34y is the variance of the pooled regression residuals.

3.3.2 Between-Groups Estimator

Once we have consistent estimates of the variance components, 62 and 62, we can define
the between-groups (BG) estimator. The BG estimator plays a key role in RE estimation
because FGLS can be expressed as a weighted combination of FE and BG estimators.

This estimator uses only the variation across group means, ignoring within-group differ-
ences. Formally, we write
Ppy = Pp X + residuals, (3.18)

where Pp = [ — Mp is the projection matrix that removes within-group variation. The
BG estimator of £ is then A
Bpa = (X'PpX) ' X' Ppy. (3.19)

Even though looks like it uses all n = mT" observations, only the m group means
actually contribute. The BG estimator uses only variation across group means, which
means that if the number of groups is smaller than the number of regressors i.e. m < K,
X'PpX may not be invertible and the estimator cannot be computed.
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3.3.3 FGLS Estimator

Once consistent estimates of the variance components, 6% and 65, have been obtained,
they can be substituted into the individual covariance matrix Y to obtain the estimated
covariance matrix

S =621r + 621717, (3.20)

If &i = 0, FGLS reduces to OLS on the pooled data. If 62 = 0, FGLS reduces to the FE
(within-group) estimator. In general, FGLS is more efficient than either FE or pooled OLS
under the random-effects assumptions.

Since the panel observations are stacked by individual, the covariance matrix of the full NT-
dimensional disturbance vector is block diagonal, with each block given by 3. Replacing
3 with the estimated covariance matrix 3 therefore gives the estimated covariance matrix
Q) for the stacked error vector. This yields the FGLS estimator

Brars = (X'Q71X) 71 X'Q7Y. (3.21)

Using the FGLS estimator BFGLS we can also express it as a combination of the within-
group (FE) and between-group (BG) estimators. Specifically, consider the decomposition

B=(X'X)"'XY = (X'X) Y X'MpY + X'PpY)
= (X'X)'X'MpX fpp + (X' X) ' X'Pp X fpa

where BFE is defined as in (3.10)) and BBG is defines as in (3.19), and Mp and Pp are the
within-group and between-group projection matrices, respectively.

This decomposition shows that Spars (and OLS on the pooled model) is a matrix-weighted
average of the FE and between-groups (BG) estimators. Here, BFE is consistent under the
fixed-effects assumptions, while BBG requires the additional random-effects assumptions for
consistency. Consequently, the FGLS estimator is consistent only if the BG estimator is
consistent, reflecting the standard restriction of the RE model. The weights in this average
depend on the relative sizes of the variance components, effectively balancing within-group
(FE) and between-group (BG) information according to how much of the total variation
is due to individual-specific effects versus idiosyncratic noise.

3.4 Model Selection

The pooled regression, fixed effects, and random effects models provide alternative ways of
modelling panel data, each based on different assumptions about unobserved individual-
specific effects and their relationship with the regressors. Consequently, the models are
estimated using different methods: pooled regression by OLS, fixed effects by OLS on
within-transformed data, and random effects by GLS or FGLS.
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To determine which specification is most appropriate for the data, a sequence of specifi-
cation tests is applied. First, an F-test compares the fixed effects and pooled regression
models to test for the presence of individual effects. Second, the Breusch—Pagan Lagrange
Multiplier test evaluates whether random effects are preferred to pooled regression. Finally,
the Hausman test is used to choose between the fixed effects and random effects models by
testing whether the individual effects are correlated with the regressors. Together, these
tests provide a systematic procedure for selecting the appropriate panel data model.

3.4.1 Fixed Effects vs Pooled Regression

To test whether individual-specific effects are present, we examine the joint significance of
the individual dummy variables in the fixed effects model. Formally, the null hypothesis is

Ho:pg =po=---=pun_1 =0,

which implies that all individual effects are equal and the pooled regression model is suf-
ficient. Thus, we perform a F-test of the unrestricted model given by FE against the
restricted model given by pooled regression. The statistic is given by:

(R — Rbn)/(N = 1)
(1— R2)(NT — N — K)

F= (3.22)

which follows an F-distribution. If the null hypothesis is rejected, the presence of un-
observed individual heterogeneity suggests that a random effects model provides a better
specification than pooled regression.

3.4.2 Random Effects vs Pooled Regression

To determine whether a random effects specification is preferable to pooled regression, we
apply the Breusch-Pagan Lagrange Multiplier (LM) test. The null hypothesis is given by
Ho : ai = 0, which implies that there are no individual-specific effects and that the pooled
regression model is sufficient.

The LM test statistic is defined as
) 2
N T 7
NT Zi:1 (thl Ui,t)

LM = ]
2T -1) | N, T 02

, (3.23)

where U;; denotes the residuals obtained from the pooled OLS estimation. Under the null
hypothesis, the test statistic follows a x? distribution with one degree of freedom.
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3.4.3 Fixed Effects vs Random Effects

A key assumption of the RE model is that the unobserved individual effects, pu;, are un-
correlated with the regressors X,

Elpi | Xie] =0

If this assumption holds, the RE (GLS) estimator is efficient, consistent, and asymptotically
optimal. However, if the individual effects are correlated with any explanatory variables,
ie. Elp; | Xi] # 0, the RE estimator becomes inconsistent and biased.

The Fixed Effects (FE) estimator, on the other hand, removes the individual effects by
demeaning or differencing, and is consistent regardless of whether p; correlates with X; ;.

Hausman proposed a formal test to decide between RE and FE by comparing the two
estimators. Under the null hypothesis that the RE assumptions are valid Ho : E[u; |
Xi+] =0, both FE and RE are consistent, but RE is more efficient. Under the alternative,
Hy : E[pi | Xit] # 0, FE remains consistent while RE becomes inconsistent. The Hausman
test statistic is defined as

~1

H = (Bre — Bre)’ |Var(Bes) — Var(Bre)|  (Bre — Bre), (3.24)
which asymptotically follows a x? distribution with degrees of freedom equal to the number
of regressors.

A large value of H leads us to reject the null hypothesis H,, that the individual effects are
uncorrelated with the regressors, indicating that the RE estimator is inconsistent and that
the FE model should be preferred. Conversely, a small value of H means we fail to reject
the null hypothesisH,, suggesting that the RE model is consistent and appropriate.

3.5 Dynamic Panel Models

A dynamic panel model is a panel data model that includes lagged values of the dependent
variable as regressors. This extends the standard panel regression framework by allowing
the current value of the dependent variable to depend on its own past realizations. Such a
specification is particularly useful when adjustment processes are gradual over time.

We state the dynamic ECM as in (3.2), augmented with lagged dependent variables,

Yie=a+8Yi i+ X6+ mtve, i=1...N, t=1...T, (3.25)

where Y, denotes the dependent variable for unit ¢ at time ¢. The coefficient ¢ measures
the persistence of the dependent variable over time. The inclusion of a lagged dependent
variable introduces a problem, since Y;; depends on individual error x;, the lagged variable
Y;:—1 will also contain ;. As a consequence, Y, ; is correlated with the composite error
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term U;; = p; + viy, due to the presence of y; in both terms, i.e. Cov(Y;,—1,U;;) # 0.
This implies that OLS estimation is biased and inconsistent even when the idiosyncratic
errors are serially uncorrelated. The assumptions on the errors as described in the previous
sections sustain, i.e. y; ~ IID(0,07), v ~ 1ID(0,07).

To eliminate the unobserved individual effects, the within transformation used in FE es-
timation is applied. However, even after removing pu;, the transformed lagged dependent
variable, }7@,75_1, becomes correlated with the transformed error term, 7;,, even if the orig-
inal errors v;; are not serially correlated. This arises because the within transformation
induces a dependence between Yfm_l and 7, ;. Nickell shows that the resulting FE estimator
is biased in panels with a finite time dimension. The bias decreases at rate O(1/T") and
vanishes when the number of time periods is sufficiently large.

To address the endogeneity problem in panels with small 7', alternative estimators have
been proposed. The source of the problem is that the lagged dependent variable is corre-
lated with the error term, i.e. E[Y;;—1U;;] # 0. Anderson and Hsiao suggest eliminating
the individual effects by first difference modelling as in (3.4

AY; =Y —Yie 1 =01 —Yiso) + (Vig — Vit—1). (3.26)

This transformation removes the individual error u;, but the differenced lagged dependent
variable AY;; ; remains correlated with the differenced error term Av;;. Anderson and
Hsiao therefore propose using deeper lags of the dependent variable as instruments. For
instance, Y;; 1 can serve as an instrument for AY;,; 3, provided that the idiosyncratic
errors are not serially correlated.

AY;3=Y,5—Yio=0Yio— Y1)+ (Viz— vi2)

Here Y; ; is a valid instrument since it is directly correlated to Y; 3 and Y; o but uncorrelated

to either v;3 and v;, assuming no serially correlation, we further expand this for ¢ =
4,..., T —2
AYig =Yy —Yis =0 i3 —Yi2) + (Viga — Vi3)

Where we now see that Y;; and Yo is a valid instrument, Doing this recursively for all
T — 2 we end up with an instrumental matrix,

[Yia] 0
D/i,l) Y;,Q]

O D/:i,la s 7}/Z',T72]

Matrix of instruments is W = [Wy, Wy, ..., W], where it is apparent that the following
moment condition holds

E[Y;:—s Av;e] = 0, §s>2,t=3,...,7T =2 (3.27)
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Although this does not take into account the differenced error term in (3.26)), since in fact

E[AAY] = 62 (3.28)
is apparent, where
AUZ' — (Vi,?) —Vi2, Via — V33, ..., Vi T — Vi,T—l)a
and - T
2 =1 0 0
-1 2 -1

Premultiplying AY with W’ then gives
W'AY = W/'(AY_1)d + W' Av
then beforming GLS we get the one-step consistent estimator

0y = [(AY, )W (W (Iy ® G)W) ' W/(AY)] !
X [(AY_ )W (W'(Iy @ )W) 'W'(AY)] (3.29)

The GMM estimator of §; a la Hansen (1982) for N — oo and T fixed using only the
above moment restrictions can be further expanded and give the same expression as in
(3.29) except that

N
W(Iy ® G)W =Y W/GW;
i=1
is replaced by
N
Vy =Y W/(Av)(Avy) W
i=1
This GMM estimator requires no knowledge concerning the initial conditions or the dis-
tributions of »; and p;. Here, Av is replaced by differenced errors obtained from the

preliminary consistent estimator d;. The resulting estimator is the two-step Arellano and
Bond (1991) GMM estimator,

0y = [(AY_ )WV 'W/(AY)] ™ (AY.) WV "W (AY).

~

A consistent estimate of the asymptotic var(ds) is given by the first term,

-1

@t (8) = [(AY,l)’WVJ\fW’(AY,l)
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In summary, dynamic panel data models are subject to the Nickell bias when estimated
using fixed effects in panels with a small time dimension. The Arellano and Bond estimator
addresses this issue by exploiting internal instruments derived from lagged values of the
dependent variable, yielding consistent estimates when N — oo and T is fixed.

In the present application, however, the time dimension is relatively large, while the cross-
sectional dimension is moderate. Since the Nickell bias decreases at rate O(1/T), the
bias of the fixed effects estimator is expected to be small. As noted by Baltagi, this
suggests that the fixed effects estimator may still provide reliable estimates in such settings.
Consequently, both approaches will be considered, with the choice of estimator ultimately
guided by the empirical characteristics of the data.

3.6 Factor-Augmented Dynamic Panel Models

The following section is based on [1f, [14)], [19], and [20).

To account for the vast power market factors that can affect pricing, we consider a dynamic
panel data model structured with factoring, as well as a model with an unobserved multi-
factor error structure, heavily following the framework of [I4]. The model allows for both
autoregressive dynamics and latent common shocks that induce cross-sectional dependence
across panels.

We again let + = 1,..., N index the cross-sectional units, corresponding to the hourly or
quarter-hourly delivery periods, and let ¢ = 1,...,7T index time. The factor-augmented
dynamic panel model is specified as

Yie = 0Yi1 + X{,8+ Nofe + iy,

where Y; ; denotes the spot price for delivery period 7 at time ¢, Y;,_; captures autoregres-
sive persistence in spot prices, X;; is a vector of explanatory variables, 3 is the associated
parameter vector, f; is an L x 1 vector of unobserved common factors, J); is the correspond-
ing vector of factor loadings, and ¢;; denotes the idiosyncratic error term.

The term A, f; captures latent common shocks that simultaneously influence all 7,¢. The
factor loadings \; allow the impact of these shocks to differ across the panel, thereby
accommodating heterogeneous responses across the price curve.

The multi factor error structure provides a flexible way of capturing unobserved com-
mon variation without explicitly modelling each latent driver individually. Rather than
attempting to identify each latent component directly, the factor structure allows these
common influences to enter through the error term.

The latent filtration F contains all common factors F', while still permitting the variables
{(Xi+, M)}, to depend on additional aggregate shocks that are not necessarily generated
by a linear factor structure. This introduces further cross-sectional dependence between
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units. As an illustration, one may specify

Xi,t =0 (¢17 Gt Ci,t) )

where b(-) may represent either a linear or nonlinear mapping in its arguments.

Assumption 3.6.1.
The data generating process is assumed to satisfy the following conditions for all i =
1,...,Nand t=1,...,T":

(i) (Xi,ei, Ai) are independently and identically distributed across 4, conditional on
the information set F.

(ii) Each time-varying element (pﬁ), pgi), e pgfﬂ)) satisfies

44y
E[ }<oo

/
(iii) Each factor loading element )\Z(Z) in \ = (Agl), . ,/\(L)) satisfies

4+
B[] <.

psz

for some v > 0.

(iv) The idiosyncratic error satisfies

1,1:7x (¢)

1 (K)
E]: |:‘€i,t | )‘i7 Xi,l:n(t)’ o0 7X i| = 07

for all t, where 7(¢), ..., Tk (t) are positive integers.

To handle the endogeneity induced by the unobserved common factors, the model intro-
duces a set of instrumental variables. Let z; € R4*! denote the vector of instruments avail-
able for cross-sectional unit i. These instruments may consist of both internal instruments,
constructed from lagged values of the endogenous variables, and external instruments sat-
isfying the required orthogonality assumptions.

As an example a typical instrument vector can be picked as

Yiio
Yiis

Xig—2 |’
Wi

Zi =

where lagged endogenous variables such as Y;; o and X;; o act as internal instruments,
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while W;; may represent an external instrument assumed to be exogenous. The key re-
quirement is that the instruments are correlated with the endogenous regressors, but un-
correlated with the error term:

Since not all instruments are necessarily valid at every time period, i.e. correlated with
the errors, a selection matrix is introduced. Define

S = diag(Sh ey ST)7

where S; is a [(; % d] block-diagonal selection matrix. The role of S; is to select the valid
instruments at time t from the full instrument vector z;, by picking (; valid instruments.
Each row of S; contains zeros and a single one, such that multiplication by S; extracts the
relevant instruments.

For example, if
Yiio
2y = Y;,t—?)
Xit—2

Y

and only the first and third instruments are valid at time ¢, then

1 00
S = <0 0 1)’
Yito
S i = ’ .
” (Xi,t_2>

Hence, the matrix .S acts as a bookkeeping device ensuring that only admissible instruments
enter the moment conditions at each time period.

which implies

Using the selected instruments, we construct the population moment conditions
Er [Z;(Yi — XiBo — F)\z)] =0, (3-3())

where

The matrix Z; therefore stacks the valid instruments across all time periods according to
the selection structure imposed by S.

Because the factor loadings \; are unobserved and potentially correlated with the instru-
ments, the orthogonality condition cannot be imposed directly. Instead, the covariance
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between instruments and factor loadings is absorbed into the unknown matrix G, ) =
Er(z\,), which transforms (3.30) into the new moment condition

S <Vec (EF [2:(Y; — XY — GMF’)) = 0. (3.31)

This condition forms the core of the estimation strategy. Intuitively, the equation states
that once the contribution from the latent factor structure has been removed through the
term G, ,F”, the remaining component must be orthogonal to the instrument set. The
matrix S ensures that only the valid moment conditions are retained at each time period.

The dimension of the resulting moment vector is

T
(= s, (3.32)
t=1

corresponding to the total number of valid moment restrictions across all time periods.

3.6.1 Construction of Factor Proxies

The central problem in the estimation of the factors lies in replacing the unobserved latent
factors with observable factor proxies. Rather than estimating the factor structure directly
through nonlinear optimization, the methodology approximates the latent factor space
using observable variables that are exposed to the same common shocks as the dependent
variable.

Let F,. denote a T' X L, dimensional matrix satisfying

F € Col(F,),

where F' denotes the true latent factor matrix and Col(F,) denotes the column space

spanned by the observable factor proxies. Furthermore, let F, denote an estimator of the
factor space generated by F..

The key requirement imposed on the factor proxies is summarized in the following assump-
tion.

Assumption 3.6.2.
The estimated factor proxies are assumed asymptotically linear such that

VN (F . FeAN) - \/LNEN:\IJ +0,(1), (3.33)

where U; = (I ® ¢[)By, Ay is a rotation matrix, ¥; is a [¢ X 1] vector, and By is a
[L. x T,] selection matrix. Furthermore:
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(i) ¥, is independently and identically distributed across ¢, conditional on F, with

and ‘
B[] < 00

for some v > 0.

(i) Ay & A and By & B, where A and B are F-measurable matrices.

(ili) For all IV,
rank(Ay) = L.

(iv) The latent factor matrix satisfies
F € Col(Fp),

with
rank(F,) = Le.

Assumption [3.6.2 constitutes the fundamental identification condition underlying the en-
tire estimation framework. The assumption states that the observable factor proxies must
asymptotically recover the same factor space as the true latent factors. In other words, al-
though the factors themselves are unobserved, the observable proxy variables must contain
sufficient information about the common shocks driving the system.

The asymptotic linearity condition in implies that the factor proxy estimator admits
a standard central limit representation. Consequently, the estimated factor space converges
toward the true factor space at rate v/N, which allows conventional asymptotic inference
to be applied within the subsequent GMM estimation procedure.

The rank condition imposed on Ay ensures that the observable proxies span the full latent
factor space. If this condition fails, the observable proxies are unable to recover all common
shocks affecting the dependent variable, leading to identification failure and inconsistent
parameter estimates.

Moment Conditions and GMM Estimation

We let 3y as the true value of 3, and gy = vec(G,(AR')’) being the true value of g with
dimensions [dL. x 1]. We then define G, with respect to the vector factor loading ;.
with dimensions [L, x 1], where \; . = R\; where R is a selection matrix given by F' = F.R.

Let 0 denote the full parameter vector of the model, i.e. 6 = (8',¢’). Using the esti-
mated factor proxies F,, the sample moment conditions, closely resembling ([3.31) with
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S(vec(G\F')) = S(F ® 14)g.» and g, \ = vec(G,\) = vec(Er(2;A])), are constructed as

N
in(0) = = S 2LV~ Xi) ~ 5 (B ) o (3.34)
=1
1 & )
fin(0) = N Z Z;(Yi— Fxp) - S (Fe ® Id) 9, (3.35)
i=1

where Z; denotes the matrix of valid instruments and ¢ collects the nuisance parameters
associated with the factor loadings.

The corresponding GMM estimator is defined as
0 = arg m@in an(0) Qnpn(0), (3.36)

where €2 denotes a positive definite weighting matrix.

An important feature of the estimation procedure is that the moment conditions remain lin-
ear in the unknown parameters. Consequently, the estimator admits a closed-form solution
and avoids the numerical difficulties often associated with nonlinear factor estimators.

The asymptotic distribution of the proposed estimator is determined by the leading term
in equation (3.35). In particular, the moment function may be expanded as

N

fin(0) = % Z pi(0) + 0p(N7V2),

i=1
where

pi(0) = Z; (Yi — Xip) — S ((FeAN +¥;) ® [d) 9g-

To ensure identification and asymptotic validity of the estimator, the following regularity
conditions are imposed.

Assumption 3.6.3.
The following conditions are assumed to hold:

(i) The Jacobian matrix associated with the structural parameters satisfies

. Opn (0 /
s = plimy_, ., (_ MGNB (/ )> — Br [Z/X)],

and has full column rank almost surely.
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(ii) The Jacobian matrix associated with the factor component satisfies

F!] = pth—>oo (_aﬁgqge)) = S(FeA ® Id)a

and has full column rank almost surely.

(iii) The full Jacobian matrix
I'=(Ts,Ty)

has full column rank almost surely.

(iv) The covariance matrix

N
. 1 /
A = plimy_o > pi(Bo) i (6o)

i=1

is F-measurable and positive definite almost surely.

Assumption [3.6.3 imposes the regularity conditions required for consistency and asymptotic
normality of the estimator. In particular, the first condition ensures that the instruments
are sufficiently correlated with the regressors, corresponding to the standard identification
requirement in instrumental variable estimation.

The second condition guarantees that the estimated factor proxies span the relevant factor
space. Together with Assumption [3.6.2, this ensures that the latent common shocks are
consistently approximated by the observable proxies.

The third condition requires that the structural parameters and the factor component are
jointly identifiable. Economically, this excludes situations where the explanatory variables
are perfectly collinear with the latent factor structure.

Finally, the fourth condition guarantees that the asymptotic covariance matrix is well-
defined, thereby ensuring valid asymptotic inference.

The following theorem summarizes the asymptotic properties of the proposed estimator.

Theorem 3.6.4.
Suppose that Assumptions|3.6.1,[3.6.2 and |3.6.3 hold. Then, as N — oo,

VN (0-8)) -5 [(T'an)~'T'a] AY2r,

where m ~ N(0, I) and €2 denotes the probability limit of the weighting matrix Q.
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Proof. The proof of Theorem [3.6.4 will not be provided, but can be found in [13|[p 33-
34.. O

Theorem |3.6.4 establishes that the estimator is consistent and asymptotically mixed nor-
mal. Consequently, conventional asymptotic inference may be conducted using the esti-
mated covariance matrix of the estimator.

To obtain feasible inference, the covariance matrix A is estimated using the sample analogue

N
~ 1 ~ ~
A = - AZ' 0 Ai 9 /,
¥ ;u (0)f1:(6)
where A A
u(6) = Zilyi ~ XB) = S (P + ¥) @ 1) .
Finally, the efficient two-step GMM estimator is obtained by setting

~

Qv =A1
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4 Application

The following chapter is based on the preceding theory and [18], [23], [24)], [12], and [22].

This chapter applies the panel data methods introduced in the previous chapters to spot
price data observed across both time and cross-sectional units. We begin with an introduc-
tion to the dataset and its structure, considering both hourly and quarterly panel setups.
Next, pooled regression, fixed effects, and random effects models are estimated using differ-
ent transformations of the spot price series in order to evaluate their statistical properties
and residual behaviour.

Based on these findings, we extend the analysis to dynamic panel data models that incor-
porate lagged dependent variables, allowing the models to capture the persistence present
in spot prices. The dynamic specifications are implemented for both the hourly and quar-
terly panel structures and are subsequently compared in terms of model performance and
forecasting ability.

Finally, the same modelling framework is extended through factor modelling, where latent
common factors are introduced to capture shared variation across the cross-sectional units.
The forecasting performance of the factor models is then compared with the previously
considered panel data approaches.

4.1 Data Introduction

This section introduces the data used in the models. We first describe the data used for
the hourly panel model, followed by the data used for the quarterly panel model. Both
panel datasets include spot prices, consumption, and renewable energy data obtained from
Energinet.

4.1.1 Hourly Panel

The hourly panel dataset is constructed using Elspot Prices (hourly data) and Day-Ahead
Prices (quarterly data) for spot prices. For the consumption dataset, we use Consumption
per Consumer Category, Region and Hour. For the renewable energy data, we use FElec-
tricity Production and FExchange 5 min Realtime to obtain offshore wind, onshore wind,
and solar power, filtered for DK1. All datasets are obtained from Energinet.

From the spot price dataset we include the spot price in DKK, from the consumption data,
we include total consumption measured in kWh, and from the renewable dataset we include
offshore wind, onshore wind, and solar power production measured in MW.
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Since the data from October 1st, 2025 and onward is recorded at 15-minute intervals, we
retain only the first observation of each hour and treat it as representative of the full hour.
The consumption data is recorded at an hourly frequency, whereas the renewable energy
data is available at a 5-minute frequency and is aggregated to an hourly level to ensure
consistency across datasets.

Because of daylight saving time (DST), some dates will have either ¢ = 25 or ¢ = 23 hourly
observations instead of the standard 24. To ensure a consistent panel structure, we first
identify the affected days and then reconstruct a balanced 24-hour structure for each date.
Missing values are imputed using the previous available hourly observation within the same
day.

This spot price dataset spans the period from the 18th of May, 2020 to the 5th of May,
2026. However, in the empirical analysis we restrict attention to the period from January
Ist, 2023 onward. The reason for this is the extreme volatility observed between October
2021 and January 2023, where spot prices exhibit frequent and large spikes. This period
coincides with the energy market disruptions following the Russian invasion of Ukraine,
which led to substantial instability in spot prices across Europe.

In Figure the spot prices over time are shown for four selected hours of the day. The
figure illustrates pronounced price spikes and high volatility during the 2021-2022 energy
crisis, followed by a more stable price pattern from 2023 onward. By focusing on the post-
2023 period, we analyse a regime that is less dominated by extreme shocks and therefore
more suitable for modelling and eventual forecasting purposes. This is seen in Figure [4.2]

In the renewable energy dataset, a technical issue also related to the transition to DST
caused erroneous values to occur between March 29th 2026 at 03:00 and 04:00. To correct
this, we remove the affected observation and replace it with the corresponding value from
the previous day at the same hour.

Another technical issue occurs on November 22th 2025, where observations are entirely
missing from the renewable energy dataset. To address this, we reconstruct the missing
day by copying the observations from the previous day (November 21st 2025) and shifting
them forward by one day. This ensures that the temporal structure is preserved while
providing a reasonable approximation of the missing values.

The final dataset spans the period from the January 1st, 2021 to May 5th, 2026, re-
flecting the fact that consumption data is published with a delay of approximately 9-15
days. The dataset is then converted into a panel data structure where 7+ denotes the hour
(cross-sectional dimension) and ¢ denotes the day (time dimension). This resulting dataset
constitutes the final panel used in the analysis, in consistence with the theory.

4.1.2 Quarterly Panel

The quarterly panel dataset is constructed in the same fashion as the hourly using Day-
Ahead Prices (quarterly data) for spot prices. For the consumption dataset, we use Con-
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Spot Prices Over Time for Selected Hours (DK time)
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Figure 4.1: Spot prices over time for four selected hours using data from May 2020 to
the present. From top to bottom: hour 0, 6, 12, and 18.

sumption per Consumer Category, Region and Hour. For the renewable energy data, we
use Electricity Production and Exchange 5 min Realtime to obtain offshore wind, onshore
wind, and solar power, filtered for DK1. All datasets are obtained from Energinet.

Since the data before October the 1st 2025 is recorded hourly, we only use Day-Ahead
Prices (quarterly data) for spot prices. The consumption data is originally recorded at an
hourly frequency. To align it with the higher-frequency datasets, we convert it to 15-minute
intervals by expanding each hourly observation into four equally spaced sub-intervals. Each
hourly value is duplicated and assigned to the corresponding 15-minute timestamps within
the hour.

The renewable energy data is originally recorded at a 5-minute frequency. To ensure
consistency with the other datasets, it is aggregated to 15-minute intervals. This is done
by grouping observations into quarters of an hour and computing the average production
within each interval for offshore wind, onshore wind, and solar power.

The resulting dataset is structured into quarterly intervals (0-95 per day) thus ¢ € (0;95).
To maintain a balanced panel, missing quarters arising from DST adjustments are added
to ensure that each day contains a full set of observations. Any missing values introduced
by this procedure are imputed using the last available observation within the same day.

Just like for hourly dataset a technical issue occurred on November 22nd, 2025, where
observations are entirely missing from the renewable energy dataset. To address this, we
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Spot Prices Over Time for Selected Hours (DK time)
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Figure 4.2: Spot prices over time for four selected hours using data from 1 January 2023
to the present. From top to bottom: hour 0, 6, 12, and 18.

followed the same procedure as for hourly. The final dataset spans the period from October
1st 2025 to May 17th 2026.

4.2 Visual Representation of the Spot Price

In this section, we analyse how average spot prices evolve over the course of the day
across different weekdays and months. By examining Spot Price market profiles, we aim
to identify systematic patterns, such as which days of the week or periods of the year tend
to exhibit lower or higher price levels.

Figures[4.3|and [4.4] present these patterns using two datasets with different time resolutions
and sample periods. The left panels are based on hourly data covering the period from the
1st of January 2023 to the Hth of May, 2026, and illustrate the Spot Prices by weekday and
by month. The right panels are based on quarter-hourly data from the 1st of October 2025
to the 5th of May 2026, and show the corresponding profiles at a finer resolution since we
have 4 times as many observations each day.

In Figures and we observe a pattern, with price spikes around 08:00 each day,
followed by a decline towards midday, and a second peak around 19:00. These peaks come
at peak hours, when households and businesses predictably need to consume a certain
amount at the start and end of the working day.
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In contrast, prices tend to decrease around midday. Here we see that electricity is often
cheapest between approximately 12:00 and 15:00. During this period, solar power genera-
tion is typically at its highest, increasing the supply of low-cost renewable energy.

In Figure [4.3] the average hourly spot price is shown across weekdays. Monday appears
to be the cheapest day during the early hours of the day (00:00-04:00); however, from
around 06:00 onwards, it becomes the most expensive. In contrast, Saturday and Sunday
consistently exhibit the lowest spot prices throughout the day. Spot prices are generally
lower on weekends due to reduced demand and renewables still contributing to the system.

Average Hourly Day-Ahead Spot Price by Weekday Average Quarter-Hour Spot Price by Weekday
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Figure 4.3: The left plot shows the average hourly day-ahead price by month, while the
right plot shows the average quarterly day-ahead price by weekday.

In Figure the average hourly spot prices are shown across monthﬂ We observe that
during the early hours, October and December exhibit the lowest prices. However, while
October remains relatively cheap throughout the day, December becomes one of the more
expensive months during daytime hours because electricity demand is typically higher in
winter. Cold temperatures increase heating needs, which raises overall consumption from
households and businesses throughout the day. At the same time, renewable generation
is often lower or more volatile—especially solar, due to shorter daylight hours and weaker
sunlight. This combination of higher demand and less cheap renewable supply means that
more expensive production sources are needed to meet demand, which pushes prices up
during the day.

Around midday, after the morning peak, January stands out as the most expensive month,
as the post-peak decline is less pronounced compared to the other months. In contrast,
the cheapest months during midday are May, June, and July, which is likely driven by
higher solar generation and lower overall demand during the summer period. This is also
consistent with Section [2.4] where it is clear that during winter periods Denmark tends to
import electricity due to high demand, and lower supply. In contrast, during spring, the
country often becomes a net exporter, as lower demand combined with strong wind and
solar generation leads to surplus electricity production.

'Some months are missing from the average quarter-hour spot price by month, as the data only spans
the period from the 1st of October 2025 to May 2026.
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Figure 4.4: The left plot shows the average hourly day-ahead price by month, while the
right plot shows the average quarterly day-ahead price by month.

In Figures[4.5]and [4.6], the spot prices at 10:00 a.m. and 4:00 p.m., respectively, are divided
into four quarters of the hour and plotted from 1st of October 2025 to the present. At

10:00 a.m., we observe that the first quarter is consistently the most expensive, while the
last quarter is the cheapest.

In contrast, at 4:00 p.m., the pattern is reversed: the first quarter is the cheapest, while
the last quarter is the most expensive. This reflects the transition into the evening peak
hours, when electricity demand typically increases while the availability of low-cost gener-
ation decreases. As a result, prices begin to rise again toward the end of the hour. This
observation shows how the use of granulating the market to 15-minute intervals makes
sense since the possibility to capture this change over the hour now becomes possible.

Spot Prices at 10 (4 quarters per day) Spot Prices at 16 (4 quarters per day)
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Figure 4.5: Spot prices at hour 10, Figure 4.6: Spot prices at hour 16,
shown for each 15-minute interval within shown for each 15-minute interval within
the hour. the hour.

4.3 Quarterly Model Estimation

Before modelling the spot prices, we consider the raw quarterly spot prices together with
different transformations, a shifted logarithmic transformation, the inverse hyperbolic sine
transformation, and the Yeo-Johnson transformation given by,
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P, =log (Pz-,t + |min | + c), ¢ e {1,100} (4.1)

P, = asinh(P,,) = log (Pi,t + /P + 1), (4.2)
Pt -1 if A #£0andy >0

~ log(P;: + 1), fAX=0andy >0

-Pi,t = %_<Pz ;:1)22\_1 . 4 (43)
— e, ifAx#2andy <0

—log(—Pi,t+1), if A=2and y <0

where P;; denotes the spot price at quarter 7, and the minimum is taken over all observed
time points. These transformations are used to address the distribution assumptions for
the residuals of the models we test, to smooth out strong skewness, heavy tails, and making
it still work for negative values observed in our data, while trying to normalize the residuals
of the model.

To choose the transformation that makes the residuals normally distributed, we estimate
all three standard panel data models introduced in Section and thus a pooled
OLS model, a fixed effects model, and a random effects model for each transformation of
the spot price.

Therefore the dependent variable is the transformed spot price given in (4.1))-(4.3]), while
explanatory variables include consumption and production from offshore wind, onshore
wind, and solar energy in DK1. Let

Ci+ = Consumption, 4,
OW,, = OffshoreWindPower, ,,
NW,;; = OnshoreWindPower; ,

S;+ = SolarPower; ;.

(4.4)

In addition, we include seasonal controls in the form of weekday and month indicators.

From this, we obtain the QQ-plots of the residuals shown in Figure[A.1HA.2] These indicate
that the residuals from the shifted logarithmic transformation with ¢ = 100 are the closest
to being normally distributed. Since approximate normality of the residuals is desirable for
statistical inference and model diagnostics, this transformation is chosen as the preferred
specification for the remainder of the analysis. Consequently, the following model results
are presented using the transformed dependent variable in (4.1)) with ¢ = 100.

The pooled regression model assumes a homogeneous intercept across all panel units
and ignores unobserved heterogeneity, and is specified in (3.3). The estimated pooled
regression model is given by

Py = 6.91+6.60 x 1075C;, + 1.34 x 10*OW;,
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—2.27 x 107*NW;; — 3.28 x 107S; ;.

The results indicate that higher consumption is associated with higher transformed spot
prices, while increased renewable energy production generally lowers prices. In particular,
onshore wind power and solar power have negative estimated coefficients, suggesting that
higher production from these renewable sources tends to reduce spot prices. Offshore wind
power has a surprisingly positive estimated coefficient, indicating a positive association with
spot prices during the sample period. All estimated coefficients are statistically significant
at the 1% level (see Table , providing strong evidence of a relationship between the
explanatory variables and the transformed spot price. The model explains approximately
26.9% of the variation in the transformed dependent variable, as reflected by the R? value.

The fixed effects model accounts for unobserved time-invariant heterogeneity across
panel units and is specified in (3.9) (the within transformation). The fixed effects model
controls for unobserved, time-invariant heterogeneity across individual units by allowing
each panel entity to have its own intercept, thereby focusing on within-unit variation over
time. The estimated fixed effects model is given by

P, = —2.64 x 1073C;, 4+ 1.23 x 107*OW,,,
—2.06 x 107*NW;; — 3.59 x 107S; ;. (4.5)

The results indicate that higher consumption is associated with a small but statistically
significant decrease in the transformed spot prices within entities over time. Offshore
wind power is positively associated with prices, while both onshore wind power and solar
power have negative estimated coefficients, suggesting that increased renewable generation
from these sources tends to reduce spot prices within the same entity over time. All
estimated coefficients are statistically significant at the 1% level (see Table , providing
strong evidence of a relationship between the explanatory variables and the transformed
spot price. The model explains approximately 27.3% of the within-entity variation in the
transformed dependent variable, as reflected by the within R? value.

The random effects model accounts for unobserved heterogeneity by treating individual-
specific effects as random variables rather than fixed parameters, allowing both within- and
between-unit variation to be used in estimation. In addition to the main explanatory vari-
ables, the model also includes calendar effects captured by weekday and month dummies.
The estimated random effects model is given by

Py =835 —4.40 x 1077C;, + 4.09 x 107°0W;,,
—1.19 x 107*NW;; — 2.56 x 107%5;;
+ Weekday effects + Month effects.

The results indicate that consumption has a negative and highly statistically significant
association with the transformed spot prices, while offshore wind power is again positively
associated with prices. In contrast, both onshore wind power and solar power have negative
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estimated coefficients, suggesting that increased renewable generation from these sources
tends to reduce spot prices. The included weekday and month effects are also highly
statistically significant, highlighting strong seasonal and intra-week patterns in spot prices
over the sample period. All estimated coefficients are statistically significant at the 1%
level (see Table 7 providing strong evidence of a relationship between the explanatory
variables and the transformed spot price. The model explains approximately 47.6% of the
variation in the transformed dependent variable, as reflected by the R? value, indicating a
substantially improved fit compared to the pooled regression and fixed effects models. The
results show that approximately 96.7% of the variation is idiosyncratic, while only 3.3% is
attributed to individual-specific effects. This indicates that most variation in spot prices
is driven by time-varying shocks rather than persistent differences across panel units.

The estimated theta parameter of 0.65 suggests a moderate degree of shrinkage toward the
between-entity mean in the random effects transformation.

Table 4.1: Comparison of Panel Data Models for Spot Prices (Quarterly)

Pooled OLS Fixed Effects

Random Effects

Consumption (DK1)  6.598e-08***

-2.635e-08***

-4.396e-07***

(5.706e-09) (6.075e-09) (7.339e-09)
Offshore Wind (DK1)  1.342e-04***  1.233e-04*** 4.090e-05%***
(7.801e-06) (7.334e-06) (6.574e-06)
Onshore Wind (DK1) -2.269e-04***  -2.056e-04*** -1.193e-047**
(4.320e-06) (4.091e-06) (3.766e-06)
Solar Power (DK1) -3.281e-04***  _3.588e-04*** -2.559e-04*+*
(5.516e-06) (6.213e-06) (6.058e-06)
Weekday Effects No No Yes
Month Effects No No Yes
R? 0.269 0.273 0.476
Adj. R? 0.269 0.27 0.475

4.3.1 Model Selection

To determine the appropriate panel data specification for the empirical analysis, we apply
a sequence of specification tests comparing the pooled regression, fixed effects, and random
effects models as outlined in Section [3.4!

We first test whether unobserved individual heterogeneity is present by comparing the fixed
effects model with the pooled regression model using the F-test given in for joint
significance of individual effects. The null hypothesis states that all individual-specific
intercepts are equal, implying that the pooled regression model is sufficient. The test
yields I = 30.012 with a p-value < 2.2 x 10716, Hence, the null hypothesis is strongly
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rejected. This provides clear evidence of significant unobserved individual heterogeneity,
indicating that the pooled regression model is misspecified and that a model accounting
for individual-specific effects is required.

Next, we apply the Breusch-Pagan Lagrange Multiplier test given in to assess
whether random effects are preferred over pooled regression. The null hypothesis assumes
no panel-level variance component, i.e. ai = 0, which implies that pooled OLS is sufficient.
The test statistic is x2 = 25014 with a p-value < 2.2 x 10716, We therefore reject the null
hypothesis and conclude that significant unobserved heterogeneity is present. This again
suggests that pooled regression is not appropriate and motivates the use of a panel data
model.

Finally, we compare the fixed effects and random effects specifications using the Haus-
man test given in . The null hypothesis states that the random effects estimator is
consistent, i.e. that the individual effects are uncorrelated with the regressors. The test
yields a statistic of x? = 5004.8 with a p-value < 2.2 x 107¢. We strongly reject the null
hypothesis, implying that the random effects estimator is inconsistent due to correlation
between the unobserved individual effects and the explanatory variables.

Based on the results of the three specification tests, both the F-test and the Breusch-
Pagan test reject the pooled regression model, while the Hausman test rejects the random
effects specification. Consequently, the fixed effects model is selected as the preferred
specification for the empirical analysis, as it is robust to correlation between unobserved
individual heterogeneity and the regressors.

To assess whether the error variance is constant across observations, we apply the studen-
tized Breusch—Pagan test to all three panel specifications. The results are shown in Table
[4.2l The null hypothesis of homoscedasticity is rejected for the pooled regression, fixed
effects, and random effects models. This indicates that the variance of the error term is
not constant across observations.

Table 4.2: Breusch-Pagan Heteroskedasticity Tests

Model BP.Statistic df p.value

PR 2298.740 4 <2e-16
FE 2298.740 4 <2e-16
RE 2949.203 16 <2e-16

We further test for serial correlation in the idiosyncratic errors using the Breusch-Godfrey
test for panel data. The results in Table strongly reject the null hypothesis of no
serial correlation for both the fixed effects and random effects models. This provides clear
evidence of strong temporal dependence in the residuals.

This finding is consistent with the nature of spot prices, which exhibit persistence over
time due to recurring demand patterns. The serial correlation implies that shocks to spot
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prices are not purely transitory but persist across time periods, which invalidates standard
inference procedures based on uncorrected standard errors.

Table 4.3: Breusch-Godfrey Serial Correlation Tests

Model BG.Statistic  df p.value

FE 19157.18 212 <2e-16
RE 18525.13 212 <2e-16

To examine whether residuals are independent across panel units, we apply the Pesaran
CD test. In the results in Table we find strong evidence against the null hypothesis
of cross-sectional independence for both the fixed and random effects models, indicating
substantial dependence across panel units.

This suggests that common shocks affect all panel entities simultaneously. In the context of
electricity markets, such dependence is plausible due to shared exposure to national demand
conditions, weather systems, fuel price changes, and interconnected grid dynamics.

The presence of cross-sectional dependence further motivates the use of robust inference
methods that account for both temporal and cross-sectional correlation.

Table 4.4: Pesaran’s CD or Breusch—Pagan’s LM tests for cross sectional dependence

Model CD.Statistic p.value

FE 638.1713 <2e-16
RE 574.4507 <2e-16

Given the presence of heteroscedasticity, serial correlation, and cross-sectional dependence,
we re-estimate statistical significance using cluster-robust standard errors.

The results in Table 4.5 and show that offshore wind power, onshore wind power, and
solar power remain statistically significant at conventional levels. In contrast, consumption
is no longer statistically significant once robust standard errors are applied.

This indicates that the significance of consumption in the baseline fixed effects specification
is not robust to violations of classical error assumptions.

To account simultaneously for heteroscedasticity, serial correlation, and cross-sectional
dependence, we further apply Driscoll-Kraay standard errors. The results in Table
confirm that onshore wind power and solar power remain statistically significant deter-
minants of spot prices. However, the effect of offshore wind power becomes statistically
insignificant, and consumption remains insignificant.

While the baseline panel specifications initially indicated statistically significant effects
for consumption, offshore wind power, onshore wind power, and solar power, these results
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Table 4.5: Clustered FE results

Variable Estimate Std. Error  t value Pr(>|t|)
Consumption DK1 0e-+00 0 -1.5010 0.1334
OffshoreWindPower DK1 le-04 0 7.6770 <le-04
OnshoreWindPower DK1 -2e-04 0 -33.5856 < 2.2e-16
SolarPower DK1 -4e-04 0 -47.5750 < 2.2¢-16

Table 4.6: Clustered RE results

Variable Estimate Std. Error  t value Pr(>|t|)
(Intercept) 8.3473 0.0768 108.7213 < 2.2e-16
Consumption DK1 0.0000 0.0000 -15.7089 < 2.2e-16
OffshoreWindPower DK1 0.0000 0.0000 5.8315 < le-04
OnshoreWindPower DK1 -0.0001 0.0000 -22.3003 < 2.2e-16
SolarPower DK1 -0.0003 0.0000 -17.0876 < 2.2¢-16

changed substantially once heteroskedasticity, serial correlation, and cross-sectional depen-
dence were properly accounted for through clustered and Driscoll-Kraay standard errors.
This suggests that only the effects of onshore wind and solar generation are robust across
all specifications of the error structure.

Overall, this highlights the importance of using fully robust inference methods in panel
data settings with strong cross-sectional and temporal dependence.

Table 4.7: Driscoll-Krayy Standard Errors

Variable Estimate Std. Error t value Pr(>[t])
Consumption DK1 0e+-00 0e+00 -0.4395 0.6603358
OffshoreWindPower DK1 le-04 le-04  1.2906 0.1968600
OnshoreWindPower DK1 -2e-04 le-04 -3.4828 0.0004973
SolarPower DK1 -4e-04 0e+00 -7.7689 < le-04

4.3.2 Dynamic Panel Data Model

We now consider the extended modelling approach with a dynamic modelling, concluding
from we chose the log(SpotPrice 100) transformation, since the residuals behaves the
best for that. The dynamic fixed effects model, written like (3.25]), is specified as

Py=a;+041P; 1 +0.12P; 7 — 150 x 1077 C;,
+1.90 x 1072 OW;; — 1.17 x 107* NW;; — 2.14 x 107* S;,
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+ ) GuDuis, (4.6)

wew

where «; is a vector of fixed effect affecting each panel, ranging between (3.768024; 4.05557),
and a dummy matrix of weekdays is given by

OTuesday = —0.0273,
OWednesday = —0.0794,
OThursday = —0.1027,
Striday = —0.0318,
dSaturday = —0.2016,
Ssunday = —0.1037.

Monday serves as the reference category for the weekday dummy variables, as the on aver-
age most expensive weekday. The positive and highly significant autoregressive coefficients
indicate substantial persistence in transformed spot prices across both daily and weekly
horizons. This means that a one-unit increase in the transformed log-price yesterday is
associated with a 0.4122 unit increase in the transformed log-price today, conditional on
the remaining regressors and fixed effects.

Consumption exhibits a statistically significant negative relationship with prices within the
estimated specification. The negative coefficients associated with onshore wind and solar
generation are consistent with the merit-order effect, where increased renewable supply
reduces equilibrium spot prices following 4.8l In contrast, offshore wind generation again
exhibits a positive coefficient, which may reflect structural correlations with broader market
conditions, potentially other countries market effects.

The weekday dummy variables reveal clear calendar effects relative to Mondays. In partic-
ular, Saturdays and Sundays are associated with the strongest negative deviations in spot
prices, suggesting systematically lower demand and market activity during weekends.

Overall, the model explains approximately 49.8% of the within-panel variation in spot
prices with an R? = 0.4977 as can be seen in Figure , indicating that approximately
half of the within-panel variation is captured by the specification.

The diagnostic tests presented in Table reveal several violations of the standard panel
regression assumptions for the quarterly dynamic panel models. The Pesaran CD tests
strongly reject the null hypothesis of cross-sectional independence, indicating the presence
of common market shocks and interdependencies between the quarters. Furthermore, the
Breusch—Godfrey tests provide strong evidence of serial correlation in the idiosyncratic
residuals for all model specifications.

Since the specification includes lagged dependent variables together with fixed effects, the
estimator may be subject to the Nickell bias. In dynamic fixed effects models, the within
transformation induces a correlation between the transformed lagged dependent variables
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Variable Estimate Std. Error t-value  p-value
lagl 0.4122 0.0057 71.7759 < 0.001
lag7 0.1224 0.0055 22.1517 < 0.001
Consumption DK1 —1.4970 x 1077 5.2816 x 1079 -28.3435 < 0.001

OffshoreWindPower  DK1 ~ 1.9049 x 10™°  6.2810 x 107®  3.0327  0.0024
OnshoreWindPower DK1 —1.1688 x 10~* 3.5477 x 107¢ -32.9442 < 0.001

SolarPower DK1 —2.1442 x 107*  5.5190 x 107 -38.8504 < 0.001
WeekdayTuesday -0.0273 0.0066 -4.1239 < 0.001
WeekdayWednesday -0.0794 0.0066 -11.96561 < 0.001
WeekdayThursday -0.1027 0.0066 -15.5392 < 0.001
WeekdayFriday -0.0318 0.0066 -4.7957 < 0.001
WeekdaySaturday -0.2016 0.0068 -29.5918 < 0.001
WeekdaySunday -0.1937 0.0068 -28.6363 < 0.001

Table 4.8: Quarterly Dynamic Panel Model Estimation Results for price transformation
log(SpotPrice 100)

R? F-test Breush-Pagan Pesaran CD BG Serial Correlation

Statistic  0.4977 1616.12 55.11 556.11 18047
p-value < 0.001 < 0.001 < 0.001 < 0.001 < 0.001

Table 4.9: Diagnostic Tests for the SpotPrice 100 Dynamic Panel Data Model

and the transformed error term, leading to a finite-sample bias of order O (
T = 205 we get

%) and with

1
— = 0.0049
205 ’

which is expected to be relatively small due to the large time dimension of the panel.
Consequently, although the dynamic fixed effects estimator may still exhibit finite-sample
bias, the impact is likely limited within the current empirical framework.

Furthermore, following the tests results presented in Table the potential endogeneity
concerns arise within the specification, particularly between spot prices, consumption, and
renewable generation variables. Some explanatory variables may be correlated with the
error term, potentially leading to biased coefficient estimates. These violations imply
that conventional standard errors may be inconsistent, suggesting that robust covariance
estimators or common-factor approaches may be preferable.

However, within the scope of the present analysis, the regressors are treated as weakly
exogenous, and the model is interpreted in a forecasting-specification.

We construct forecasts for each quarter and plot them together in Figure 4.7 The recursive
forecasting procedure produces relatively accurate forecasts during the initial forecasting
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day, however, forecast accuracy deteriorates substantially over the subsequent days due to
the propagation of errors through the lagged dependent structure, and missing appropriate
forecasting methods.

Dynamic Panel Forecast vs Actual for Quarterly Data
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Spot Price

— Historical
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Figure 4.7: Forecast of the Dynamic panel data model for quarterly setup

4.3.3 Factor Model

In this section, we reduce the dimensionality of a large set of explanatory variables using
Principal Component Analysis (PCA), extract latent common factors, and subsequently
model remaining cross-sectional dependence through an additional factor structure esti-
mated from the residuals.

Before presenting the estimation results, it is necessary to specify the choice of response
variable. From the QQ-plots in Figure [A.7], it is evident that the shifted logarithmic
transformation of the spot price with ¢ = 100 yields residuals that are closest to normality.
Consequently, we proceed with the factor model estimation using the transformed response
variable defined in with ¢ = 100.

Let P;,; denote the shifted logarithmic transformation of the spot price with ¢ = 100 for
quarter 2 = 1,...,96 at time ¢, and let X;; denote the corresponding vector of explana-
tory variables. The explanatory set includes spot prices from neighbouring bidding zones
(DK2, Germany, NO2, SE3, and SE4), regional consumption across the five Danish regions,
renewable energy production variables (offshore and onshore wind in DK1 and DK2, as
well as solar production), and finally exchange flows and aggregate production measures
capturing system-wide supply conditions.
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The correlation matrix is shown in Figure It is shown that offshore and onshore wind
production, as well as solar power, are negatively correlated with all spot prices. In con-
trast, renewable energy production is positively correlated with the consumption variables.
Furthermore, a strong positive correlation is observed among the spot prices across all
bidding zones. This differentiates itself from the results of the panel data models since
now all the renewable energy sources seem to have a clear negative impact as one would
expect, and thus giving more reason as to why a different modelling approach might be
needed. Because the explanatory variables are correlated, Principal Component Analysis
(PCA) is employed to reduce dimensionality and extract the dominant common variation
in the data.
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Figure 4.8: Correlation matrix of the explanatory variables used in the factor model for
the quarterly data.
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Prior to estimation, the explanatory matrix is standardised, and PCA is applied to obtain
the factor representation

X = FxNy + Ex, (4.8)

where F'x denotes the matrix of latent common factors, Ax contains the corresponding
factor loadings, and Ex represents the idiosyncratic component. Based on the scree plot
in Figure 4.9 and the proportion of explained variance in Table from each principal
component, we retain rx = 4 principal components.

Instead of using the full set of regressors, the transformed response variable is projected
onto the estimated factors

ﬁt =a+ Fx.8+w. (4.9)

The residuals represent variation not explained by the common factors extracted from X.
To capture the fact that the residuals may still exhibit latent cross-sectional dependence,
we apply a second PCA on the residual matrix,

U=FA +E., (4.10)

where F,. captures additional unobserved common components in the residual structure,
and F, denotes the idiosyncratic component. Based on the scree plot in Figure [4.10] and
the PCA summary in Table we select r, = 2 residual factors.

To construct the moment conditions, we define the instrument matrix Z; = [1, F'x,]. The
corresponding sample moment condition is given by

[ 4500 x 1018 |
| X —1.658 x 10717
in(0) = > Zju, = | -5.628 x 10:1: ,
=1 —1.759 x 10
—6.496 x 10718

Table 4.10: PCA Summary on X (First 6 Principal Components)

Std_Dev Prop Var Cum_Prop

PC1 2.7028137 0.30438 0.30438
PC2  2.4596370 0.25208 0.55646
PC3 1.8896154 0.14878 0.70524
PC4  1.1222696 0.05248 0.75771
PC5 1.0015033 0.04179 0.79951

PC6 0.9095853 0.03447 0.83398
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Figure 4.11: Comparison of scree plots for explanatory variables and residuals.

Table 4.11: PCA Summary on the residuals (First 6 Principal Components)

Std _Dev Prop Var Cum_Prop
PC1  6.231507 0.40450 0.40450
PC2  4.092324 0.17445 0.57895
PC3  3.349706 0.11688 0.69583
PC4  2.679635 0.07480 0.77062
PC5  2.058321 0.04413 0.81475
PC6 1.587473 0.02625 0.84101

where u; are first-stage residuals and Z; contains the PCA factors and intercept. Nu-
merically, these moments are close to zero, indicating approximate orthogonality between
instruments and residuals.

However, to further account for remaining latent dependence, we introduce a correction
based on the estimated residual factors. Let

N
.1 —3.368 x 10717
I=N ;Fe’t - [—3.342 X 1017]
which are numerically zero. Consequently, the correction term

—3.368 x 10717
~ —3.342 x 10717
S(F.®1,)§= |—3.368 x 10717
—3.342 x 10717
—3.368 x 1017
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is also negligible (all entries of order 107'7). The correction therefore does not alter the
moment conditions in practice.

The idea is that the residual factor structure is removed from the moment conditions,
improving robustness against omitted latent dependence. Hence, the corrected moment
conditions become

3.828 x 1077
| 1.684 x 10717
in =~ Zu — S(Fe®15)g = |—2.260 x 1077 . (4.11)
Ni= 1,583 x 10717
2.718 x 10717

The corrected moments are all numerically close to zero, indicating that the residual factor
adjustment successfully removes the remaining latent dependence from the moment con-
ditions. This suggests that the orthogonality conditions are approximately satisfied after
accounting for the residual common factor structure.

It is observed that all corrected moment conditions are extremely close to zero, indicating
that the residual factor correction successfully removes the remaining latent dependence
from the moment conditions. The magnitudes are on the order of numerical precision,
suggesting that the orthogonality conditions between the instruments and the corrected
residuals are approximately satisfied. This indicates that the estimated factor structure
captures most of the common variation in the residual component, thereby improving the
robustness of the estimation procedure against omitted common factors and cross-sectional
dependence.

Table reports the efficient two-step GMM estimates, standard errors, and significance
levels. The model now includes an intercept, which is estimated at 6.86 and is highly
significant. All four principal components of the regressor matrix (Fx; to Fx4) enter with
p-values essentially zero, indicating a very strong in-sample fit. Specifically, the first com-
ponent has a negative coefficient (—0.123), implying that the dominant common variation
in the exogenous variables reduces the log price. The second component also has a negative
but much smaller effect (—0.010). The third and fourth components are positive (0.053
and 0.077, respectively), meaning they increase the log price. The large t-statistics (in the
hundreds) reflect the high signal-to-noise ratio after extracting the principal components.

Forecast Factor Model

To generate multi-step-ahead forecasts of the transformed spot price, we use the estimated
two-layer factor structure. The forecasting procedure combines the dynamics of the com-
mon factors extracted from the explanatory variables with the latent factors obtained from
the residual component of the model, thereby capturing both observable and unobservable
sources of dependence.
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Table 4.12: Factor coefficient estimates (GMM with correction)

Coefficient Std Error t_stat p_ value

Intercept  6.8630786  0.0009115 7529.84595
F X1 -0.1231600  0.0005267 -233.81217
F X2 -0.0099252  0.0003695  -26.86202
F X3 0.0526051  0.0007107 74.02170
F X4 0.0774495 0.0010104 76.65173

o O O o o

The first-stage factor model is given by (4.9), where u; denotes the idiosyncratic error
component. In addition, residual cross-sectional dependence is modelled through a second
factor structure (4.10). The final forecasting with forecast horizon is five days, h = 5, is
given by

ﬁt+h = o+ Fx B+ Foon, (4.12)

where Fx,; denotes the forecasted principal components of the explanatory variables,
F, ¢y, denotes the forecasted principal components of the residual component and where
both sets of factors are forecasted independently. Because the factors from the explanatory
variables are common to all cross-sectional units, the term F ., 3 is identical for every
quarter at a given forecast horizon

Since both Fx, and F., are unobserved components estimated from principal component
analysis, their dynamics are modelled as reduced-form time series processes. Each factor is
treated as an individual univariate time series and forecasted using an ARIMA specification
selected via information criteria. This yields forecasts of the form

Fxoin =E[Fxon | Fil, Foran =E[Foyin | Fi

where F; denotes the information set available at time ¢, where the model is estimated
using data up to and including 30 April 2026, denoted as the final in-sample observation.

The coefficient vector B is obtained from the first-stage factor regression of ¥; on Fx;. The

residual factor loadings ) are estimated by projecting the residual matrix onto the residual
factor space

= (F'F.)"'FlU

where U denotes the matrix of first-stage residuals. These loadings are treated as time-
invariant over the forecast horizon.

Before interpreting the plots and forecast accuracy measures, the predicted values must
be transformed back to the original scale, since the response variable was defined using a
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shifted logarithmic transformation of the spot prices with ¢ = 100. The inverse transfor-
mation is given by

f’lt = exp (1//\' ) (’min (Ptrain>

where ?i,t denotes the forecasted transformed spot price and P represents the spot
prices in the training sample.

+ c) . ce {1,100} (4.13)

Table reports the forecast accuracy measures for both the full forecasting model in
and the restricted factor model in . The forecasting results indicate a substantial
improvement when augmenting the baseline factor model with residual factors. The full
model, which incorporates both observable common factors and latent residual components,
achieves an RMSE of 393.25 compared to 820.11 for the restricted specification. This
corresponds to a reduction of approximately 52%.

A similar pattern is observed for the MAE, which decreases from 715.38 in the restricted
model to 314.89 in the full specification, implying an improvement of approximately 56%.

These results suggest that a significant portion of predictive information is contained in
the latent cross-sectional structure captured by the residual factor model. In particular,
the residual factors appear to capture additional systematic variation that is not explained
by the observed covariates alone.

In Figures |A.9F{A.14] we present the quarterly forecasts obtained from the full forecast-
ing model in (4.12). Figure “ displays the corresponding 5-day forecasting horizon,
comparing the observed and forecasted spot prices generated by the factor model.

I

4.4 Hourly Model Estimation

In this section we will implement the same application as we did for the Quarterly model
estimation. We first estimate a pooled OLS model, a fixed effects model, and a random
effects model for each transformation of the spot price and obtain the QQ-plots of the
residuals. We then decide the transformation with the most normally distributed residuals
for the rest of this analysis.

Table 4.13: Forecast accuracy comparison between full factor model and restricted model.

Model RMSE MAE

Full model 393.25 314.89
Restricted model  820.11 715.38
Improvement (%)  52.05  55.98
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Figure 4.12: Observed and forecasted spot prices from the factor forecasting model in
(4.12) over the 5-day forecasting horizon on quarterly data.

The transformation is the same ones presented earlier in —. We again use the
explanatory variables introduced in . When estimating the three models with the dif-
ferent transformation we plotted the residuals in a qqg-plot in Figure and where we
saw that the residuals that looked the most as a normal distribution was the shifted loga-
rithmic transformation with ¢ = 1. We therefore proceed with the shifted logarithmic
transformation ¢ = 1 as the response variable in the following estimations.

In Table [4.14] the estimated coefficients and corresponding p-values for the PR, FE, and
RE models are reported. The estimated models are given by

PPR = 8.24 +3.84 x 1078C;, + 1.11 x 107°0W;,
—6.37 x 107°NW,;; — 7.62 x 107°9;,
PfP =2.82 x 107°C;;, + 9.01 x 10750W;,,
—6.07 x 107°NW,;,, — 7.28 x 107°5;, (4.14)
PRE = 8.41 — 3.26 x 1073C;, + 8.18 x 107°0W;,
— 543 x 107°NW;; — 5.38 x 107°S;,
+ Weekday effects + Month effects.

The estimated coefficients again indicate that offshore wind production is positively asso-
ciated with spot prices across all three models, whereas onshore wind production and solar
power generation have negative estimated effects on prices.

The estimated effect of consumption is relatively small in all specifications. In the pooled
regression and fixed effects models, the coefficient is positive, suggesting that higher elec-
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tricity demand is associated with slightly higher prices. In contrast, the random effects
model produces a small negative coefficient for consumption.

The goodness-of-fit differs across the models. The pooled regression model achieves an R?
of 27.7%, the fixed effects model an R? of 25.7%, and the random effects model an R? of
33.6%, indicating that the random effects specification provides the best overall fit among
the three models.

Table 4.14: Comparison of Panel Data Models for Spot Prices (Hourly)

Pooled OLS Fixed Effects
3.835e-08*** 2.819e-08***

Random Effects
-3.259e-08***

Consumption (DK1)

(1.172e-09) (1.319e-09) (1.793e-09)
Offshore Wind (DK1) 1.111e-05%**  9.009e-06*** 8.183e-06***
(1.924e-06) (1.848e-06) (1.759e-06)
Onshore Wind (DK1) -6.366e-05***  -6.072¢-05%** -5.433e-05%**
(1.003e-06) (9.628e-07) (9.292e-07)
Solar Power (DK1) -7.617e-05%%*%  _7.279e-05*** -5.379e-05%+*
(1.150e-06) (1.426e-06) (1.528e-06)
Weekday Effects No No Yes
Month Effects No No Yes
R? 0.277 0.257 0.336
Adj. R? 0.277 0.256 0.335

4.4.1 Model Selection

To determine the appropriate panel data specification for the hourly data, we once again
performed the tests described in Section [3.4l First, the F-test comparing the fixed effects
model with the pooled regression strongly rejects the null hypothesis of no individual
effects (F = 126.42, p < 2.2 x 107!6)  indicating that the fixed effects model provides a
significantly better fit than the pooled model.

Next, the Breusch—Pagan Lagrange Multiplier test comparing the random effects and
pooled regression models also strongly rejects the null hypothesis of no random effects
(x* = 135487, p < 2.2 x 1071%). This suggests that unobserved individual-specific effects
are present in the data, making the pooled regression inappropriate.

Finally, the Hausman test comparing the fixed and random effects models rejects the null
hypothesis that the random effects estimator is consistent (y? = 945.05, p < 2.2 x 10716).
Therefore, the fixed effects model is preferred for the hourly data analysis.
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4.4.2 Dynamic Panel Data Model

Following the results from Figure the logarithmic price transformation log(SpotPrice)
was selected for the hourly dynamic panel model, as the residual distribution exhibited the
most appropriate behaviour among the transformations. The dynamic fixed effects model,
written as in [4.3.2] is specified as

Piy=0a;+030P; 1 +012P; 7 +6.21 x 1077 C;;
+4.16 x 107°OW,; —4.81 x 107> NW;; — 4.83 x 107° S;,
+ Y GuwDuis, (4.15)

wew

where «; is ranging between (4.804224;4.865078), and a the dummy matrix of weekdays is
given by
5Tuesday = _001267

OWednesday = —0.0119,
OThursday = —0.0170,
Srriday = —0.0173,
OSaturday = —0.0411,
Jsunday = —0.0511,

(4.16)

As in the quarterly specification, Monday serves as the reference category for the weekday
dummy variables. The estimated autoregressive coefficients remain positive and statis-
tically significant, indicating persistence in spot prices across the hourly panel structure.
Compared to the quarterly model, the first lag coefficient is moderately smaller, suggesting
a weaker short-term persistence effect within the hourly specification.

The renewable generation variables exhibit coefficient signs similar to those observed in
the quarterly model. In particular, onshore wind and solar generation maintain negative
relationships with spot prices, while offshore wind generation exhibits a small positive
coefficient. Consumption now exhibits a weak positive relationship with prices, contrary
to the negative coefficient observed in the quarterly specification.

The weekday dummy variables continue to indicate systematic calendar effects similar
to those observed in the quarterly model, with weekends associated with the strongest
negative deviations in spot prices relative to Mondays.

Overall, the hourly dynamic panel model explains approximately 39.1% of the within-panel
variation in spot prices with an R? = 0.3906, which is lower than the explanatory power
obtained in the quarterly specification.

The diagnostic results found in Table remain qualitatively similar to those obtained
for the quarterly dynamic panel model. In particular, the Pesaran CD test strongly rejects
cross-sectional independence, while the Breusch—Godfrey test indicates substantial serial
correlation in the residual structure.
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Variable Estimate Std. Error t-value  p-value
lagl 0.2998 0.0050 59.8893 < 0.001
lag7 0.1235 0.0049 25.2837 < 0.001
Consumption DK1 6.2062 x 107 1.2618 x 107  4.9186 < 0.001

OffshoreWindPower DK1  4.1644 x 107%  1.6791 x 107¢  2.4802  0.0131
OnshoreWindPower  DK1 —4.8070 x 107> 8.8976 x 10~7 -54.0259 < 0.001

SolarPower DK1 —4.8301 x 107° 1.3733 x 1075 -35.1709 < 0.001
WeekdayTuesday -0.0126 0.0017 -7.2437 < 0.001
WeekdayWednesday -0.0119 0.0017 -6.8517 < 0.001
WeekdayThursday -0.0170 0.0017 -9.7587 < 0.001
WeekdayFriday -0.0173 0.0017 -9.9325 < 0.001
WeekdaySaturday -0.0411 0.0018 -23.2035 < 0.001
WeekdaySunday -0.0511 0.0018 -28.9112 < 0.001

Table 4.15: Hourly Dynamic Panel Model Estimation Results

R? F-test Breush-Pagan Pesaran CD BG Serial Correlation

Statistic  0.3906  1548.16 125.85 272.40 14248
p-value < 0.001 < 0.001 < 0.001 < 0.001 < 0.001

Table 4.16: Diagnostic Tests for the LogPrice Hourly Dynamic Panel Data Model

As discussed previously for the quarterly specification, the inclusion of lagged dependent
variables together with fixed effects may introduce finite-sample Nickell bias, although
with 7" = 1209 it is expected that the practical impact of this bias is limited. Similarly,
potential endogeneity concerns may arise between spot prices, consumption, and renewable
generation variables, and the specification should therefore primarily be interpreted as a
forecasting-oriented model.

Finally, forecasts for the hourly dynamic panel specification are presented in Figure 4.13
Similar to the quarterly forecasting framework, the recursive forecasting procedure per-
forms relatively well over the initial forecasting horizon, while forecast accuracy gradually
deteriorates over subsequent periods due to recursive error propagation. When compar-

ing Figure and there is a clear favourite in the quarterly model with its added
granularity, the forecasting accuracy in the quarterly model is preferred.

4.4.3 Factor Model

In this section we follow the same process as we did for the factor model for quarterly data.
We start with a large set of explanatory variables, where we apply PCA to reduce the
dimensionality, extract latent common factors, and subsequently model remaining cross-
sectional dependence through an additional factor structure estimated from the residuals.
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Dynamic Panel Forecast vs Actual for Hourly Data
1500

1000

- Actual
— Forecast

— Historical

Spot Price

500

Q'\
& @
Date

Figure 4.13: Forecast of the Dynamic panel data model for hourly setup

From the QQ-plots in Figure of the different transformation of the spot price, we
choose the shifted logarithm transformation in (4.1)) with ¢ = 1 as the response variable.

Let Y;: denote the shifted logarithmic transformation of the spot price with ¢ = 1 for
quarter 2 = 1,...,96 at time ¢, and let X;; denote the corresponding vector of explanatory
variables as in Section [4.3.3. The correlation matrix is shown in Figure [4.14] where we see
the same correlation as in the quarterly correlation plot. We see that the renewable en-
ergy production is positively correlated with the consumption variables and are negatively
correlated with all spot prices.

Since we want to reduce the dimension of the explanatory variables, and we saw correlation
between the different explanatory variables, we standardize the variables and apply PCA
to obtain . We then choose rx = 4 principal components, based on the scree plot in
Figure and Table 4.17]

We again apply PCA on the residuals obtained in (4.9)), to obtain the factors of the residuals
(4.10). Based on the scree plot in Figure and Table we select 7, = 2 residual

factors.

We now obtain the corresponding sample moment condition, residual factor correction
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Table 4.17: PCA Summary on X (First 6 Principal Components) on hourly data

Table 4.18: PCA Summary on the residuals (First 6 Principal Components)

Std_Dev Prop Var Cum_Prop
PC1 2.5945684 0.28049 0.28049
PC2  2.5528753 0.27155 0.55204
PC3 1.8360173 0.14046 0.69250
PC4 1.1964293 0.05964 0.75214
PC5  1.0449388 0.04550 0.79764
PC6 0.8998433 0.03374 0.83137

term, and the average residual factor

fin(0)

Q)

Std_Dev Prop Var Cum_Prop
PC1 32337417  0.43571 0.43571
PC2  2.0458855  0.17440 0.61011
PC3 1.6991528  0.12030 0.73041
PC4 12197106  0.06199 0.79240
PC5 1.1312499  0.05332 0.84572
PC6 0.8315032  0.02881 0.87453
[ 1.074321 x 10-17 | 1443932 x 10-17]
~1.232110 x 10-'7 1.458371 x 1017
5.020008 x 1071 | | S(F.® I,)§ = | —1.443932 x 10~'7

—9.877322 x 10718
1.527427 x 10717

[ 1.443932 x 10-17
1.458371 x 10-17 |’

Finally, the corrected moment conditions become

N
_ 1 Z N
HUN = N 2 Z;ut - S(Fe & [d)g =

1.458371 x 10717

—3.696106 x 1018
2.262614 x 10718
—9.419309 x 10~'8
4.706388 x 10718
8.349538 x 1019

—1.443932 x 10717

(4.17)

The corrected moment conditions are all numerically very close to zero. This indicates
that the orthogonality conditions are effectively satisfied after applying the residual fac-
tor correction. Hence, the latent dependence structure appears to have been adequately
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accounted for in the model. The small residual values further suggest that the estimation
procedure is numerically stable and well-specified.

Forecast Factor Model

In this section we will use the same method described in Section [4.3.3. Before interpreting
the plots and forecast accuracy measures, the predicted values must be transformed back
to the original scale, since the response variable was defined using a shifted logarithmic
transformation of the spot prices with ¢ = 1. The inverse transformation is given by
with ¢ = 1.

Table reports the forecast accuracy measures for both the full forecasting model in
and the restricted factor model in . Both RMSE and MAE are substantially
lower for the full model, indicating improved accuracy across both squared and absolute
error losses. The reduction of approximately 49% in RMSE and 55% in MAE suggests
that incorporating the additional latent residual factor structure meaningfully enhances
predictive performance. Overall, the results indicate that accounting for both observed
and unobserved dependence structures is important.

In Figure [A.15] we present the hourly forecasts obtained from the full forecasting model
in (4.12). Figure displays the corresponding 5-day forecasting horizon, comparing the
observed and forecasted spot prices generated by the factor model.

4.5 Comparison

Since our application contains three different methodologies static FE, dynamic FE, and
factor models, we will in this section make some comparison on how temporal aggregation
(quarterly vs hourly) changes the estimated relationships, how much persistence the dy-
namic structure captures, and whether the factor correction improves the model structure
and forecasting performance.

4.5.1 Fixed Effects Model Comparison

In this section we will focus on coefficient interpretation and temporal aggregation effects.

Table 4.19: Forecast accuracy comparison between full factor model and restricted model.

Model RMSE MAE

Full model 425.087 325.531
Restricted model 833.475 727.743
Improvement (%)  48.998  55.268
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Both the quarterly and hourly datasets were estimated using pooled regression, fixed effects,
and random effects models. In both cases, the Hausman test favoured the fixed effects
specification, indicating that the individual effects are correlated with the regressors and
that the fixed effects estimator is therefore preferred. The estimated fixed effects model for
quarterly and hourly are given in and respectively. The signs of the coefficients
are generally consistent across the two models for offshore wind power, non-wind renewable
production, and solar production. Offshore wind power has a positive effect on spot prices,
while non-wind renewable production and solar production have negative effects.

However, the magnitudes differ substantially between the quarterly and hourly models. The
quarterly model produces considerably larger coefficients in absolute value. This suggests
that temporal aggregation smooths short-run fluctuations and amplifies the longer-run
relationships between spot prices and the explanatory variables.

A notable difference appears for consumption, where the hourly model yields a small posi-
tive coefficient, while the quarterly model produces a small negative coefficient. This may
indicate that the relationship between consumption and spot prices differs across time
scales. In the hourly setting, higher demand is associated with increased prices, whereas
quarterly aggregation may capture broader seasonal or structural effects.

4.5.2 Dynamic Fixed Effects Model Comparison

Dynamic fixed effects models were estimated for both the quarterly and hourly datasets by
including lagged prices and weekday dummy variables. The estimated fixed effects model

for quarterly and hourly are given in (4.6) and (4.15) respectively.

Both models show strong persistence through the lagged spot price terms. The hourly
model estimates

O.30Pi,t,1 and 0.12P¢7t,7,
while the quarterly model estimates
0-41-Pz',t—1 and 0~12P)i,t—7'

The coefficients on P;;_; is larger in the quarterly model, indicating stronger persistence.
The coefficients on P;;_7 is similar across both models, suggesting that weekly seasonal
dependence remains about the same amount of significance in both models.

The signs of the explanatory variables remain consistent with the static fixed effects models.
Offshore wind power contributes positively to prices, whereas on shore-wind renewable
production and solar production contribute negatively. Again, the quarterly coefficients
are larger in magnitude, reinforcing the conclusion that quarterly data strengthens long-run
effects while reducing short-run noise.

The weekday dummy coefficients in (4.7) and (4.16)) reveals clear weekly seasonality in

spot prices. In both models, weekends exhibit the strongest negative effects, particularly
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Sundays. However, the quarterly model produces substantially larger negative weekday
coefficients. This suggests that the quarterly data captures more systematic weekly sea-
sonal patterns. For example, the Sunday effect is —0.19 and —0.05 for quarterly and hourly
respectively.

The forecast plots for the dynamic model for quarterly and hourly is shown in Figures
and respectively. It it seen that both the dynamic models are able to capture the
overall cyclical movement in spot prices during the forecasting period. In particular, both
models captures the recurring daily price patterns and the general upward and downward
movements observed in the actual prices.

The quarterly dynamic model follows the short-term fluctuations more closely and reacts
more rapidly to sudden changes in spot prices. Both models capture the overall trend
and periodic structure reasonably well. However, they are both less responsive to abrupt
changes in the actual prices changes and fail in high volatility situations. Nevertheless,
the inclusion of lagged prices and weekday effects allows both dynamic specifications to
reproduce the main temporal dependence structure observed in the spot prices.

4.5.3 Factor Model Comparison

To account for latent cross-sectional dependence not captured by the observed explanatory
variables, factor models were estimated for both the hourly and quarterly datasets. The
factor correction was implemented by applying PCS to the explanatory variables and the
residual matrix and incorporating the resulting latent factors into the moment conditions.

For both datasets, the corrected moment conditions are extremely close to zero after the
factor adjustment. This indicates that the residual factor correction successfully removes
remaining cross-sectional dependence and improves the orthogonality conditions of the
model.

In the quarterly model, the corrected moments in are of order 1077, while the
hourly model produces corrected moments in of order 107!8. These very small
values suggest that both factor models achieve a high degree of moment correction and
provide a satisfactory fit to the data.

The forecast plots in Figures and illustrate that both factor models capture the
general level and medium-term movement of spot prices during the forecasting horizon.
However, compared with the realized prices, the forecasts are considerably smoother and
exhibit substantially lower volatility. In both cases, the forecasts remain within a narrow
range, whereas the actual prices exhibit substantial fluctuations and several extreme obser-
vations. This suggests that the factor models successfully capture the persistent common
component of spot prices but are less effective at modelling sudden market shocks and
short-run volatility.

Compared with the dynamic panel models, the factor models provide more stable and
less volatile forecasts, reflecting the emphasis on latent common factors and cross-sectional
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dependence. However, the dynamic models appear better suited for capturing rapid short-
term movements and recurring price spikes in the electricity market.

The dynamic models outperform the static fixed effects models by incorporating temporal
dependence through lagged prices and weekday effects. Furthermore, the factor models
improve the treatment of latent cross-sectional dependence and produce corrected moment
conditions close to zero.

Overall, the choice between hourly and quarterly modelling depends on the forecasting
objective. Hourly models are preferable for short-term operational forecasting, whereas
quarterly models are more suitable for medium-term trend analysis and structural inter-
pretation.
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Figure 4.14: Correlation matrix of the explanatory variables used in the factor model for
the hourly data.
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Figure 4.15: Scree plot for explanatory

variables. Figure 4.16: Scree plot for residuals.

Figure 4.17: Comparison of scree plots for explanatory variables and residuals.
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Figure 4.18: Observed and forecasted spot prices from the factor forecasting model in
(4.12) over the 5-day forecasting horizon on hourly data.
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5 Discussion

In this chapter, the empirical results from the application section are discussed and related
to the theoretical framework presented throughout the thesis. In particular, the perfor-
mance and limitations of the static panel data models, dynamic panel data models, and
factor-augmented specifications are evaluated in relation to the modelling of electricity
prices under the new 15-minute settlement regime.

Furthermore, the chapter discusses the implications of the obtained results, including the
effects of temporal aggregation, cross-sectional dependence, residual persistence, and the
choice of data transformations. Finally, potential improvements to the modelling frame-
work and possible directions for future work are considered in order to further strengthen
the forecasting and modelling of electricity prices within the Danish electricity market.

The empirical results from both the quarterly and hourly panel specifications indicate that
electricity prices exhibit substantial persistence, significant calendar effects, and strong
cross-sectional dependencies across time periods. While the dynamic panel data models
were able to capture a moderate proportion of the within-panel variation, 0.49 and 0.39,
found in Table and respectively, and produced relatively stable short-horizon
forecasts, several limitations remain present within the modelling framework. In particular,
the diagnostic results revealed substantial violations of panel data assumptions, including
serial correlation and cross-sectional dependence, suggesting that electricity price dynamics
are influenced by common latent market factors and evolving market conditions not fully
captured within the estimated specifications.

The factor modelling framework further emphasized the importance of latent common
structures within electricity markets. By incorporating principal component analysis to-
gether with residual factor corrections, the factor models were able to account for sub-
stantial cross-sectional dependence remaining within the data. The corrected moment
conditions specifications, in and for quarterly and hourly respectively, were
numerically close to zero after the residual factor adjustment, indicating that the latent
dependence structure was largely captured by the estimated factors.

Furthermore, the comparison between the hourly and quarterly panel structures highlights
the importance of a finer time span with the quarterly prices when modelling electricity
prices. While the higher-frequency data contains additional short-term market information,
it also introduces increased volatility, and more complex dependency structures. Conse-
quently, the forecasting performance and statistical properties of the models become highly
sensitive to the selected temporal resolution and transformation framework. We start by
brushing on the main issue with the modelling approach specifically the de-trending and
de-seasonalizing considerations.
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5.1 De-Trending and De-Seasonalizing Considerations

As can be seen in Figure [5.1] there remains substantial autocorrelation persistence within
the residual structure despite the residual distribution appearing approximately Gaussian.
This indicates that although the transformations and dynamic specifications improved
the statistical properties of the models, important temporal structures may still remain
unaccounted for within the data. In particular, the remaining autocorrelation suggests that
deterministic seasonal components and evolving trends are still partially present within the
residual process.

Residuals from ARIMA(2,1,3)
20~
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Figure 5.1: Residuals of the ARIMA(2,1,3) are plottet with the ACF and Histogram are
plottet, gotten from the hourly factor model.

Consequently, the dynamic panel and factor specifications may unintentionally capture
parts of these deterministic effects through the lagged dependent variables rather than
isolating the underlying stochastic dynamics directly.

A possible improvement to the modelling framework would therefore have been to ex-
plicitly apply de-trending and de-seasonalizing procedures prior to estimation. Removing
systematic seasonal structures beforehand may potentially reduce residual persistence and
improve stationarity properties, thus strengthen the forecasting stability of the estimated
models. This is particularly relevant within the quarterly specification, where the higher-
frequency structure may amplify recurring dependencies.

However, due to the scope and time limitations of the present project, the primary focus
was placed on comparing the modelling frameworks themselves rather than constructing
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a complete preprocessing pipeline. Consequently, the implementation of systematic de-
trending and de-seasonalizing procedures is considered an important direction for future
work and may potentially improve both the interpretability and forecasting performance
of the proposed models.

5.2 Frequency Comparison

As explained in Chapter [2] the move toward quarterly price intervals allows for increas-
ingly granular electricity pricing. This is further supported by the empirical application,
where the quarterly specification improves the forecasting errors compared to the hourly
framework, as seen in Table[5.1] Furthermore, the quarterly specification produces a more
detailed forecasting structure that captures the short-term market dynamics more accu-
rately than the hourly model.

Table 5.1: Forecast accuracy comparison between the hourly and quarterly dynamic panel
models.

Model | RMSE MAE
Hourly Dynamic Panel Model 8.260 8.260
Quarterly Dynamic Panel Model | 6.879 6.874
Improvement (%) 16.72 16.78

The forecasting improvement is most clearly observed in the dynamic panel forecasts shown
in Figure and Figure respectively. In contrast, the factor model forecasts were
substantially more persistent and tended to fluctuate around an average daily level with
only limited short-term variation.

The quarterly specification additionally exhibited stronger autoregressive persistence and
moderately higher explanatory power compared to the hourly framework. One possible ex-
planation is that the increased temporal resolution allows the model to capture finer market
dynamics and short-term dependencies more effectively. However, despite the hourly spec-
ification being estimated on a substantially larger data foundation, the overall persistence
structure of the recursive forecasting procedure appears qualitatively similar across both
sequences.

Furthermore, comparing the hourly and quarterly models directly is not entirely straight-
forward, since the underlying stochastic properties of the data may differ substantially
across temporal resolutions. The persistence structure, volatility clustering, seasonality,
data horizons, and dependency patterns may all change depending on the chosen aggre-
gation level. Consequently, the estimated coefficients and forecasting performance should
primarily be interpreted within the context of their respective modelling frameworks rather
than as directly equivalent model structures.
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5.3 Implications of the Logarithmic Transformation and
Data Snooping

The use of logarithmic transformations played an important role throughout the modelling
framework, particularly due to the highly skewed and volatile nature of electricity prices.
The transformation generally improved the residual behaviour, reduced extreme skewness,
and stabilized parts of the variance structure within the estimated models. Consequently,
the transformed specifications produced more stable estimation results and improved di-
agnostic properties compared to modelling the raw electricity prices directly.

However, the logarithmic transformation additionally introduces several important limita-
tions. Most notably, the transformation alters the scale and distribution of the original
price process, implying that the estimated coefficients no longer directly represent changes
in the underlying electricity prices themselves. Instead, the models describe changes within
the transformed price structure, making the economic interpretation of coefficient magni-
tudes less intuitive.

Furthermore, electricity prices are characterized by occasional spikes and abrupt market
movements, which become compressed under logarithmic transformations. While this sta-
bilizes the estimation procedure, it may simultaneously reduce the ability of the models
to fully capture extreme price events and sudden volatility shifts that are economically
important within electricity markets.

The transformation framework additionally complicates the forecasting interpretation.
Forecasts generated within the transformed space may not directly correspond to fore-
casts of the original electricity prices, particularly due to retransformation effects and
nonlinearities introduced by the logarithmic scale. Consequently, while the transforma-
tion improved statistical stability and residual behaviour, it simultaneously introduces a
trade-off between econometric tractability and direct economic interpretability.

An additional limitation within the modelling process concerns the possibility of data
snooping and specification selection bias. Since multiple price transformations and model
specifications were considered throughout the empirical analysis, there exists a potential
risk that parts of the final modelling framework were influenced by characteristics specific
to the observed sample period.

For the present project, all considered price transformations were estimated and evaluated
systematically through residual diagnostics. In particular, the QQ-plots presented in Fig-
ures [A.5] and were used as part of the model assessment procedure. The
transformations selected for presentation within the thesis were therefore chosen based on
their comparatively stronger residual behaviour and distributional properties. Although
the remaining model specifications were also computed, they generally produced qualita-
tively similar results with only moderately weaker residual diagnostics. Consequently, the
final model selection should primarily be interpreted as a robustness-based specification
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choice rather than the result of substantial differences in forecasting behaviour across the
transformations.

The inclusion of lagged dependent variables within the dynamic panel data models was ad-
ditionally motivated by the strong persistence structure naturally present within electricity
markets. Similarly, the inclusion of the seventh lag was motivated by the recurring weekly
structure and systematic weekday persistence observed within the spot price dynamics.

5.4 Dynamic Panel Data Performance

The Pesaran CD tests strongly rejected the null hypothesis of cross-sectional independence
for both panel structures. Making intuitively sense since both the pricing of electricity
as well as the consumption of it is highly dependent on the rest of the panels. For in-
stance if it was sunny at 14:00 the chance of it also being sunny at 14:15 is high. Other
market effects could be transmission constraints, fuel prices. Consequently, the residual
dependence indicates that latent common drivers may remain omitted from the estimated
specifications.

Furthermore, the inclusion of lagged dependent variables together with fixed effects in-
troduces the possibility of finite-sample Nickell bias within the dynamic panel estimators.
Although the bias is theoretically of order O (%) , the relatively large time dimension of
the panels suggests that the practical impact of this bias is likely limited within the present
framework.

Another important limitation concerns potential endogeneity within the electricity market
structure. Spot prices, consumption, and renewable generation are inherently intercon-
nected through market equilibrium mechanisms, implying that some explanatory variables
may be correlated with the error term. For instance, periods of high electricity demand
may simultaneously influence both market prices and generation behaviour, while renew-
able production is strongly connected to weather conditions that may additionally affect
broader market dynamics. This for future modelling could be attempted removed through
deterministic stabilization of the data before modelling.

The recursive forecasting procedure revealed that forecast accuracy deteriorates gradually
over longer forecasting horizons. While the models were generally capable of produc-
ing stable short-term forecasts, the autoregressive structure propagates forecasting errors
recursively through future predictions, while failing to capture big spikes in the price move-
ment. Consequently, small misspecifications or shocks within early forecast periods may
accumulate over time, reducing forecasting performance over extended horizons.
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5.5 Factor Modelling Performance

The factor modelling framework was introduced to explicitly account for the strong cross-
sectional dependence observed throughout the empirical analysis of the dynamic panel data
models. In both the hourly and quarterly applications, the Pesaran CD tests strongly re-
jected the null hypothesis of cross-sectional independence. Consequently, the factor models
were constructed to capture both the observable common variation through PCA on the
explanatory variables and the remaining latent dependence structure through an additional
residual factor correction using GMM estimation.

For both the hourly and quarterly models, the corrected moment conditions after the resid-
ual factor adjustment were numerically extremely close to zero, indicating that the latent
dependence structure was substantially reduced within the estimation procedure. This
suggests that the residual factor correction successfully removed a substantial proportion
of the remaining cross-sectional dependence and improved the orthogonality conditions un-
derlying the factor estimation. In particular, the quarterly and hourly factor models both
produced corrected moments with magnitudes close to numerical precision, indicating that
the estimated latent factor structures captured a large proportion of the common residual
variation.

The forecasting behaviour of the factor models differed substantially from the dynamic
panel data specifications. Whereas the dynamic models reacted more rapidly to short-
term fluctuations and recurring price movements, the factor models produced considerably
smoother forecasts with substantially lower volatility. In both the hourly and quarterly
applications, the forecasts tended to fluctuate around a stable average level while still
capturing the broader medium-term movements in spot prices reasonably well.

This behaviour suggests that the factor models were effective at capturing the persistent
common component of spot prices and the broader latent market structure shared across
periods. However, the factor framework was less effective at reproducing sudden market
shocks, abrupt price spikes, and short-term volatility fluctuations. Consequently, while the
factor correction improved the treatment of latent cross-sectional dependence and produced
highly stable moment conditions, the resulting forecasts became comparatively smoother
and less responsive to extreme market events, and thus unreliable for forecasting attempts.

5.6 Future work

One future work improvement for panel data specifically would be to improve the fore-
casting ability. Recent literature on forecasting in dynamic panel data models emphasizes
the use of empirical Bayes shrinkage techniques for stabilizing unit-specific parameter esti-
mates in short panels. Following the intuition of Liu, Moon, and Schorftheide, a potential
extension would therefore be to replace fixed effects estimation with shrinkage-based ran-
dom effects or hierarchical modeling approaches to improve recursive multi-step forecast
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stability [15].

Another method for the modelling could be a time-varying approach for the coefficients
estimation, either by selection time periods and running the model for those, or making
the model time varying in itself.

Given that in the future the amount of observations under the new quarterly regime, since
it only started the 01-10-2025, as future work running the model again could give insight,
as we conclude from Figure there is a clear yearly persistence in the electricity market,
and then following the process used in [§].

5.6.1 Machine Learning Approaches

A possible alternative to the dynamic panel data and factor modelling frameworks would
have been the use of machine learning methods for spot price forecasting. Machine learning
models are often well-suited for electricity markets due to the highly non-linear relation-
ships between prices, demand, renewable production, fuel prices, and weather variables.

Instead of specifying a parametric model directly, machine learning methods attempt to
approximate an unknown function

yr = f(Xe) + e,

where X; contains explanatory variables. A simple example would be a feedforward neural
network,

g =0 (W@)U (Wu) X, + b<1>) 4 b(2>) ,

where W@ and @ denote weight matrices and bias terms, while o(-) represents an acti-
vation function.

For sequential data, recurrent neural networks (RNNs) or Long Short-Term Memory (LSTM)
models may be more appropriate, since they explicitly incorporate temporal dependencies.
An LSTM model recursively updates hidden states through

hy = F(hi-1, X4),

allowing the model to retain information from previous observations over longer time hori-
zons.

Machine learning approaches could potentially capture nonlinear interactions and complex
dependencies more effectively than linear panel data models. Furthermore, such models
may naturally handle large numbers of explanatory variables without requiring strong
distributional assumptions.

A challenge is that electricity prices exhibit spikes and strong seasonality, which may re-
quire careful preprocessing. Consequently, while machine learning approaches may improve
forecasting performance, they may also reduce the interpretability and economic intuition
of the model compared to more traditional stochastic or econometric frameworks.
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5.6.2 Ornstein—Uhlenbeck Mean Reversion Models

An alternative approach to modeling electricity prices would have been the use of mean-
reverting stochastic processes, such as the Ornstein—Uhlenbeck (OU) process. Instead of
modeling prices through dynamic panel data models or latent factor structures, one may
directly model the spot price dynamics through a stochastic differential equation. The OU
process is defined by

dX; = k(pp — Xy)dt + odW,;

where 1 denotes the long-run equilibrium level, k > 0 is the speed of mean reversion, and
o is the volatility parameter. The drift term x(u — X;) ensures that the process reverts
toward the equilibrium level pu.

The explicit solution is given by
t
X = Xoe " 4+ p(l —e™) + U/ e =) g,
0

which yields

E[X:] = Xoe ™™ + pu(1l — e,
02 —2kt
Var(X;) = o (1—e2").

K

Hence,
lim E[X;] = p, (5.1)
t—o0

showing the mean-reverting behaviour directly. The OU framework focuses more directly
on the stochastic dynamics and mean-reverting properties. However, the panel framework
allows for easier incorporation of cross-sectional dependencies, explanatory variables, and
interactions between bidding zones.
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6 Conclusion

In this thesis, we investigated whether panel data models with lagged regressor structures
can be used to model and forecast electricity prices under the new 15-minute settlement
regime in the Danish DK1 electricity market. To answer the problem statement proposed
in Chapter [1, both static and dynamic panel data models were estimated on hourly and
quarter-hourly data, together with factor-augmented specifications designed to account for
latent cross-sectional dependence and common market shocks.

The empirical results demonstrated that the quarter-hourly specifications generally im-
proved forecasting performance compared to the hourly models while simultaneously cap-
turing more detailed short-term market dynamics. In particular, the dynamic panel models
revealed substantial autoregressive persistence and strong weekly seasonal effects within
electricity prices. However, the diagnostic tests additionally revealed significant serial cor-
relation and cross-sectional dependence.

To address these limitations, factor-augmented modelling approaches were introduced
through principal component analysis and residual factor corrections. The factor models
successfully reduced the remaining latent dependence structure, as indicated by corrected
moment conditions numerically close to zero for both temporal resolutions. While the fac-
tor models captured medium-term common variation in electricity prices reasonably well,
the resulting forecasts became considerably smoother and less responsive to abrupt price
spikes and short-term volatility compared to the dynamic panel specifications.

Overall, the thesis answers the problem statement by demonstrating that dynamic panel
data models with lagged regressor structures can be used to model and forecast electricity
prices under the new 15-minute settlement regime. Furthermore, the analysis showed that
factor-augmented panel frameworks provide an effective approach for accounting for the
substantial cross-sectional dependence present within electricity markets. Nevertheless, the
results additionally highlight that electricity prices contain several overlapping dynamics
simultaneously, including persistence, seasonality, latent common dependence, and abrupt
nonlinear market shocks, making it difficult for a single modelling framework to fully
capture all characteristics of the electricity market.

Consequently, while the dynamic panel models were more effective at modelling
short-term fluctuations and recurring temporal structures, the factor models were better
suited for capturing persistent latent common components and broader medium-term
market behaviour. Future work involving improved preprocessing pipelines, nonlinear
forecasting methods, and extended high-frequency datasets may therefore further improve
the modelling and forecasting of electricity prices under the evolving quarter-hourly
settlement regime.
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A.1 Least Squares Estimators

Consider the linear regression model
Y=X3+1U,

where Y is a T' x 1 vector of observations, X is a T' x k matrix of regressors, fis a k x 1
vector of parameters, and U is a T x 1 vector of errors with covariance matrix

Q = Var(U).

Depending on the assumptions regarding the covariance matrix €2, different estimators can
be obtained.

A.2 Ordinary Least Squares (OLS)

If the covariance matrix of the errors is
Q= oI, (A.1)

the errors are homoskedastic and uncorrelated. In this case, the ordinary least squares
(OLS) estimator is

Bors = (X'X)'X'Y
with variance
Var(Bors) = o2(X'X)".

If the covariance matrix differs from (A.1]), the OLS estimator remains unbiased but is no
longer efficient.

A.3 Weighted Least Squares (WLS)

Under heteroskedasticity, the covariance matrix €2 is diagonal, with the ¢-th element equal

to w?. To obtain efficient estimates, we can transform the model so that it satisfies the

Gauss—Markov assumptions. Consider the transformed regression
wy e = w X 4w, Uy

The transformed model has homoskedastic errors with variance equal to 1. We can then
apply OLS to this transformed model, obtaining the weighted least squares (WLS) esti-
mator

Bwis = (X'W'X) ' X'Wly

where W = diag(w?, ..., w?).
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A.4 Generalized Least Squares (GLS)

In the general case, assume that the covariance matrix €2 is known. Since () is positive
definite, we can find a matrix P such that

Q'=PP.
Define the transformed variables
Y*=PY, X*'=PX, U"=PU,
so that the transformed model becomes
Y*=X"64+U"

Applying OLS to the transformed regression yields the generalized least squares (GLS)
estimator

Baws = (X" X*)7'X"Y* = (X'PP'X)"'X'PP'Y = (X'Q7'X)" ' X'Q" Y.
The variance of the GLS estimator is
Var(Bars) = Var((X'Q71X) 71 x'Q71Y)
= (X' X)X QO Var(V)Q X (X'Q 1 X) !
= (X' X)X 00 X (X0 X))
= (X0 'x)h

A.5 Feasible Generalized Least Squares (FGLS)

In practice, the covariance matrix €2 is typically unknown, making GLS infeasible. However,
In some cases it may reasonable to suppose that the covariance follows a known form up
to some parameters. For example, it may be possible to write

Elut] exp(Zy7),

where 7 is a vector of unknown parameters and Z; is a vector of known variables.

In this case, the parameters 8 and ~ can be estimated from the data, leading to the feasible
generalized least squares (FGLS) estimator. We estimate the model in several steps:

1. Estimate 8 using OLS and obtain the residuals l/]\t

2. Estimate v using OLS in the auxiliary regression
10g<[7t2> = Zt7 + V¢
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3. For all ¢, compute the weights

@} = (exp(Z7))"?

4. Obtain FGLS estimates, using weighted least squares
BraLs = (X'Q7'X) ' X'Q7 Y

where O = diag(@%, e 7@152)

A.6 Heteroskedasticity and Autocorrelation Consistent
Covariance (HAC)

HAC estimators are an extension of Heteroskedasticity-Consistent Covariance Matrix Es-
timators (HCCME) to allow for autocorrelation. HCCME estimates the covariance matrix
under heteroskedasticity using only residuals; HAC generalizes this to errors that may also
be correlated over time.

Let € be the unknown error covariance. For processes with temporally limited dependence,
HAC approximates

Y= X'0X =T(0) + ij(r(j) +T'(5))
where

I'(j) = Uty X X,

t=j+1

and w; is a weight assigned to lag j. Newey and West (1987) proposed a Bartlett kernel

€Tr) =
1, if |z > 1.

which guarantees positive semi-definiteness and provides a Heteroskedasticity and Auto-
correlation Consistent (HAC) variance estimate.

A.7 Generalized Method of Moments (GMM)

The generalized method of moments (GMM) is an estimation framework based on pop-
ulation moment restrictions implied by the underlying economic model. In the present
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framework, the orthogonality conditions arise from the assumption that the selected in-
struments are uncorrelated with the idiosyncratic error component.

Let 6y denote the true parameter vector, where
00 = (ﬁ{]?gé),a

with [y containing the structural parameters and go containing the nuisance parameters
associated with the factor structure.

Suppose that the model satisfies the population moment condition

where p;(0) denotes an [ x 1] vector of moment functions associated with cross-sectional
unit <.

In the factor-augmented panel framework considered in Chapter[3.6 the moment conditions
are given by

pil0) = 2, (Y= X:) = S (F.© 1) g,

where Z; denotes the matrix of valid instruments, F, denotes the estimated factor proxy
matrix obtained from PCA, and S denotes the instrument selection matrix.

Since the population moments are unknown, GMM replaces them with their sample coun-
terparts,

anl0) = 5 S (0)

If the model is correctly specified, the sample moment vector should be close to zero for
parameter values near the true parameter vector 6.

The GMM estimator is therefore defined as
0 = arg m@in fin (0) Qv fin (9),

where (2 denotes a positive definite weighting matrix.

If the number of moment conditions equals the number of unknown parameters, the esti-
mator solves

fin(0) = 0.
When the number of moment conditions exceeds the number of parameters, the model

becomes overidentified. In this case, the GMM estimator selects the parameter vector
minimizing the weighted distance between the sample moments and zero.
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The asymptotic distribution of the estimator depends on the Jacobian matrix

I = plim <_3MN(‘90)> 7

N—oo 60/

together with the asymptotic covariance matrix of the moment conditions,

N
.1
A = plim N 121 11i(60) 1 (6o)".

N—oo

Under standard regularity conditions, the GMM estimator satisfies
VN(0 - 6,) —5 N (0, (I'QD) "' T'QAQE(I'Or) 1)
where () denotes the probability limit of the weighting matrix Q.
The efficient GMM estimator is obtained by selecting
Oy =A™,
where
R
A=— 1;(0) f1:(0)'
N 20
is the sample analogue of the covariance matrix of the moment conditions.
Using the efficient weighting matrix yields the asymptotic covariance matrix
Var(f) = (I'A™'T) "L,
The GMM framework is particularly well suited for the present setting since it allows
estimation in the presence of endogenous regressors, heteroscedasticity, serial correlation,
and latent common factor structures. Furthermore, the methodology remains applicable

even when the number of valid moment conditions differs across time periods through the
selection matrix S.

A.8 Principal Component Analysis

To construct observable factor proxies for the latent common factor structure introduced
in Section we employ Principal Component Analysis (PCA). The purpose of PCA is
to recover a low-dimensional representation of the common variation present across the
candidate factor proxies.

84



Appendices Aalborg University

Let

~

Jir o fir
Fr = ST
Jr1 - frT
denote the matrix of candidate factor proxies, where each row corresponds to a candidate
proxy variable observed over time. Throughout the analysis, the variables are assumed
centered such that the sample mean has been removed from each series.

The covariance matrix associated with the candidate factor proxies is defined as
Sp =T 'FrFl.
Following the standard PCA methodology, the covariance matrix admits the spectral de-

composition

Yr = OAO/,

where

O:(Ol,...,OR)

is an orthogonal matrix containing the eigenvectors of ¥, and
A= dlag()\l(EF), ce AR(EF»
contains the ordered eigenvalues satisfying

MEp) > > Ap(Zp).

The first principal component is obtained by solving

max o)X po;
o1

subject to
ojo; = 1.

The solution is given by the eigenvector corresponding to the largest eigenvalue A\;(Xg).
More generally, the j’th principal component is obtained from the projection

0} Fp,
subject to the orthogonality conditions
oo, =0, j#Ek.
The principal components are therefore mutually uncorrelated since
COV(O}FR, O;FR) = 0;% o = 0,
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for all j # k.
The eigenvalues measure the amount of variation explained by each principal component,
where
A (ErF)
S M(Br)

denotes the proportion of total variation explained by the j’th component.

To determine the number of latent factors, we employ the eigenvalue ratio criterion given
by
A A (2
L. =arg max (—F>,
re{l,...,’max} )\r+1(ZF)

where A, (Xr) denotes the r-th largest eigenvalue of Xp.

Intuitively, the criterion selects the dimension at which the eigenvalues exhibit the largest
relative drop, corresponding to the point where the dominant common variation transitions
into idiosyncratic noise. The first L. principal components are subsequently collected

into the estimated factor proxy matrix F,., which is used in the factor-augmented GMM
estimation procedure.

A.9 Plots
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SpotPrice_DK1 - Random Effects
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Figure A.1: QQ-plots comparing the residuals distribution of transformations of quar-
terly spot prices: (a) raw spot prices, (b) logarithmic transformation with ¢ = 1, and (c)

logarithmic transformation with ¢ = 100.
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Figure A.2: QQ-plots comparing the residuals distribution of transformations of quarterly
spot prices: (d) inverse hyperbolic sine transformation, and (e) Yeo—Johnson transforma-
tion.
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SpotPrice_DK1 - Pooled OLS

6000 .

4000 4

2000

-2000

-4000
-25 0.0 25

LogPrice - Pooled OLS

-25 0.0 25

LogPrice_100 - Pooled OLS

-25 0.0 25

Figure A.3:

SpotPrice_DK1 - Fixed Effects
6000 .

4000 7

2000

-2000

-25 0.0 25
(a)

LogPrice - Fixed Effects

"

25 0.0 25

LogPrice_100 - Fixed Effects

25 0.0 25
X

()

SpotPrice_DK1 - Random Effects

6000 .
.
4000 i
i
2000
>
0
2000 e
.
.
-25 0.0 25
X
LogPrice - Random Effects
"
0
o
.
-2
.
>
-4
6
E
25 0.0 25
X
LogPrice_100 - Random Effects
1
.
0
——
&
-1 ®
>
2,
3
.
25 0.0 25

QQ-plots comparing the residuals distribution of transformations of hourly

spot prices: (a) raw spot prices, (b) logarithmic transformation with ¢ = 1, and (c) loga-
rithmic transformation with ¢ = 100.
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Figure A.4: QQ-plots comparing the residuals distribution of transformations of hourly
spot prices: (d) inverse hyperbolic sine transformation, and (e) Yeo—Johnson transforma-
tion.
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QQ-Plots of Dynamic Panel Residuals
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Figure A.5: QQ-plots comparing the residuals distribution of transformations of quar-
terly spot prices: logarithmic transformation with ¢ = 1, logarithmic transformation with
¢ = 100, inverse hyperbolic sine transformation, and Yeo—Johnson transformation, for the
dynamic models residuals.
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QQ-Plots of Dynamic Panel Residuals

LogPrice

25 00 25

LogPrice_asinh

Sample Quantiles

oo *

LogPrice_100

25 0.0 25

YJPrice

Theoretical Quantiles

Figure A.6: QQ-plots comparing the residuals distribution of transformations of hourly

spot prices:

logarithmic transformation with ¢ = 1, logarithmic transformation with

¢ = 100, inverse hyperbolic sine transformation, and Yeo—Johnson transformation, for

the dynamic models residuals.
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Figure A.7: QQ-plots comparing the residuals distribution of transformations of quarterly
spot prices: logarithmic transformation with ¢ = 1, logarithmic transformation with ¢ =
100, inverse hyperbolic sine transformation, and Yeo—Johnson transformation.
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QQ-Plot of Final GMM Residuals: LogPrice
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Figure A.8: QQ-plots comparing the residuals distribution of transformations of hourly
spot prices: logarithmic transformation with ¢ = 1, logarithmic transformation with ¢ =
100, inverse hyperbolic sine transformation, and Yeo—Johnson transformation.
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Figure A.9: Multi-step-ahead forecasts of the transformed spot price for quarters Q0-15.
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Figure A.10: Multi-step-ahead forecasts of the transformed spot price for quarters Q16—
31.
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Figure A.11: Multi-step-ahead forecasts of the transformed spot price for quarters Q32—
47.
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Figure A.12: Multi-step-ahead forecasts of the transformed spot price for quarters Q48—
63.
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Figure A.13: Multi-step-ahead forecasts of the transformed spot price for quarters Q64—
79.
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Figure A.14: Multi-step-ahead forecasts of the transformed spot price for quarters Q80—
95.
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Figure A.15: Forecast of hourly prices with Log 100 transformation split into hours
modelled using factor approach.
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