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Resumo

A transição para a neutralidade carbónica está a transformar os sistemas elétricos europeus,
com implicações profundas para os preços grossistas de eletricidade. Esta dissertação analisa o
impacto do Roteiro para a Neutralidade Carbónica 2050 (RNC2050) nos preços do mercado diário
do Mercado Ibérico de Eletricidade (MIBEL), com foco em dois drivers estruturais: o crescimento
da procura associado à eletrificação e o aumento da penetração de energias renováveis.

Para estimar a evolução dos preços da eletricidade, são desenvolvidos dois modelos comple-
mentares: uma rede neuronal artificial (RNA) e uma regressão linear bayesiana (RLB), estimados
com dados horários do período 2023–2025. Os modelos são aplicados a cenários alinhados com
o RNC2050 para os horizontes 2030, 2040 e 2050, sob duas famílias de cenários: o Cenário A,
que incorpora trajetórias projetadas para os preços do gás natural (TTF) e do carbono (EU ETS),
e o Cenário B, que mantém estes preços constantes nos níveis históricos, isolando assim o efeito
estrutural da transformação do mix de geração.

Os resultados demonstram que, sob preços de combustível constantes (Cenário B), o cres-
cimento da procura domina o efeito da ordem de mérito da expansão renovável, conduzindo a
preços superiores à baseline em todos os horizontes (até +10% em 2040). O efeito das renováveis
manifesta-se na redistribuição temporal dos preços: os perfis intradiários evoluem para um padrão
duck-curve, com o vale de preços ao início da tarde a aprofundar-se e o pico noturno a persistir,
alargando a amplitude diária de 47 para 55 EUR/MWh em 2050. A hora de preço mínimo desloca-
se da hora 15 para a hora 16, um resultado consistente com a interação Solar×Hora, que permite
ao modelo representar uma depressão mais acentuada dos preços durante o período da tarde à me-
dida que a penetração fotovoltaica aumenta. Sob o Cenário A, o declínio projetado do preço do
gás e a subida do preço do carbono exercem efeitos parcialmente compensatórios, resultando em
variações líquidas modestas (−4 a +7%). A comparação entre modelos mostra que, apesar do me-
lhor ajustamento à amostra histórica (R2 = 0,883 versus 0,593), a RNA desenvolvida neste estudo
apresenta projeções economicamente implausíveis no Cenário A para 2040 e 2050, quando os
preços do gás e do carbono se afastam substancialmente do domínio de estimação. Este resultado
evidencia os riscos da utilização de modelos não condicionados em exercícios de extrapolação de
longo prazo. A RLB, com priors informativos fundamentados na teoria económica, produz pro-
jeções mais estáveis e interpretáveis, com intervalos probabilísticos condicionais às hipóteses de
cada cenário.

A dissertação conclui que o percurso de descarbonização do RNC2050 não conduz necessari-
amente, por si só, a uma redução dos preços grossistas de eletricidade, e que a trajetória dos preços
dos combustíveis fósseis é o fator determinante na distinção entre cenários de preço. Estes resulta-
dos têm implicações para o desenho de políticas energéticas, a gestão de mercados de eletricidade
e a avaliação da viabilidade económica da transição energética.

i



ii



Abstract

The transition to carbon neutrality is reshaping European electricity systems, with profound
implications for wholesale electricity prices. This dissertation analyses the impact of Portugal’s
Carbon Neutrality Roadmap 2050 (RNC2050) on day-ahead electricity prices in the Iberian Elec-
tricity Market (MIBEL), focusing on two key structural drivers: electrification-driven demand
growth and increasing renewable energy penetration.

To estimate the evolution of electricity prices, two complementary models are developed: an
Artificial Neural Network (ANN) and a Bayesian Linear Regression (BLR), both estimated using
hourly data from the 2023–2025 period. The models are applied to RNC2050-aligned scenarios for
the 2030, 2040, and 2050 horizons under two scenario families: Scenario A incorporates projected
trajectories for natural gas (TTF) and carbon (EU ETS) prices, and Scenario B, which holds these
prices constant at historical levels, thereby isolating the structural effect of the generation-mix
transformation.

The results show that, under constant fuel prices (Scenario B), demand growth outweighs
the merit-order effect of renewable expansion, leading to wholesale electricity prices above the
baseline across all projection horizons (up to +10% in 2040). The effect of renewables manifests
in the temporal redistribution of prices: intraday profiles evolve towards a duck-curve pattern,
with the early-afternoon price trough deepening and the evening peak persisting, widening the
daily price range from 47 to 55 EUR/MWh by 2050. The hour of minimum price shifts from
hour 15 to hour 16, a result consistent with the Solar×Hour interaction, which enables the model
to represent a stronger afternoon price depression as photovoltaic penetration increases. Under
Scenario A, the projected decline in natural gas prices and the increase in carbon prices exert
partially offsetting effects, resulting in relatively modest net price changes (between −4% and
+7%). Model comparison shows that, despite achieving a higher in-sample fit (R2 = 0.883 versus
0.593), the ANN developed in this study produces economically implausible projections under
Scenario A for the 2040 and 2050 horizons, when gas and carbon prices deviate substantially from
the estimation domain. This result highlights the risks of using unconditioned models in long-term
extrapolation exercises. The BLR, supported by informative priors grounded in economic theory,
produces more stable and interpretable projections, with probabilistic intervals conditional on the
assumptions of each scenario.

The dissertation concludes that the decarbonisation pathway envisaged by the RNC2050 does
not necessarily, by itself, lead to lower wholesale electricity prices, and that the future trajectory
of fossil fuel prices is the primary determinant distinguishing alternative price scenarios. These
findings have important implications for energy policy design, electricity market operation, and
the assessment of the economic viability of the energy transition.
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Sustainable Development Goals

This dissertation contributes primarily to the following United Nations Sustainable Develop-
ment Goals (SDGs):

SDG 7 — Affordable and Clean Energy. The dissertation analyses how the large-scale deploy-
ment of renewable energy sources under Portugal’s Carbon Neutrality Roadmap affects
wholesale electricity prices in the Iberian market. By quantifying the conditions under
which the expansion of clean generation lowers or raises prices, and by identifying the role
of demand growth in moderating or amplifying those effects, the work provides evidence
that can support the design of electricity markets capable of maintaining affordability during
the transition to clean energy. The analysis of price volatility and of the changing intraday
price patterns further informs the design of market mechanisms that support affordable elec-
tricity in high-renewable systems.

SDG 13 — Climate Action. The entire analytical framework of the dissertation is built around
the RNC2050, Portugal’s long-term climate strategy. By translating the roadmap’s decar-
bonisation targets into projected wholesale electricity prices, the work contributes to the
understanding of the economic implications of climate action in the electricity sector. The
scenario-based approach, which separates the effects of generation-mix transformation from
those of fuel and carbon prices, provides a structured framework for assessing how different
climate-consistent pathways affect market outcomes.
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Chapter 1

Introduction

1.1 Background and Motivation

Climate change is among the defining challenges of the twenty-first century, and the mitiga-

tion of greenhouse gas emissions has become a structuring objective of European and national

policy. The European Union has committed to climate neutrality by 2050, with binding interme-

diate milestones, and these commitments have been translated by Member States into long-term

decarbonisation strategies that cut across every sector of the economy [1, 2, 3]. Portugal has articu-

lated its own trajectory in the Roadmap for Carbon Neutrality 2050 (RNC2050), which sets out the

national path towards net-zero emissions in a sustained manner, establishing the main guidelines

and identifying cost-effective options to achieve it across different socio-economic development

scenarios [4, 5]. For the nearer 2030 horizon, the RNC2050 is complemented by the National En-

ergy and Climate Plan 2030 (PNEC 2030), which translates its long-term vision into intermediate

targets and policy measures [6].

Within this transformation, the electricity sector occupies a position of singular importance,

because it is simultaneously a sector to be decarbonised and the principal instrument through

which other sectors are decarbonised. On the supply side, electricity generation is among the

first activities to approach full decarbonisation, as low marginal cost wind and solar generation

displaces fossil-based production. On the demand side, electrification of transport, heating and in-

dustry replaces the direct combustion of fossil fuels with electricity, so that an increasing share of

final energy is delivered as electricity. The combination is deliberate: decarbonisation strategies

foresee a generation mix that becomes progressively cleaner at the same time as the volume of

electricity it must serve expands substantially. The electricity system is therefore the central trans-

mission channel of climate policy, and the conditions under which it operates are being reshaped

at an unusually rapid pace.

These movements are not merely prospective, in the Portuguese case they are already well ad-

vanced. Portugal has closed its last coal-fired power plant, renewable sources supplied more than

70% of national electricity consumption in 2024, and the share of natural gas in generation has

fallen to historically low levels [7]. Looking forward, the RNC2050 envisages the near-complete

1
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decarbonisation of electricity generation by mid-century, a continued and large expansion of in-

stalled renewable capacity, and renewable shares of final energy of the order of 86–88% [4]. Por-

tugal is thus among the European systems in which the structural transformation analysed in this

dissertation is most clearly observable, which makes it a particularly informative setting in which

to study the economic consequences of decarbonisation.

While the environmental rationale for this transition is well established, its economic impli-

cations, and in particular its consequences for wholesale electricity prices, remain considerably

less well characterised. In liberalised electricity systems, the wholesale price is far more than an

accounting figure: it determines a large part of the cost borne by households and industry, condi-

tions the competitiveness of energy-intensive sectors, and provides the central signal that guides

investment in new generation and flexibility. Because the price paid to all dispatched units is the

marginal cost of the most expensive unit required to meet demand, the wholesale price also gov-

erns the distribution of revenue across technologies and the recovery of the fixed costs of capital-

intensive assets, including renewables themselves. Understanding how decarbonisation reshapes

this price is therefore inseparable from any serious assessment of the economic sustainability of

the energy transition.

The difficulty is that the transition exerts two opposing influences on price formation, and

their net effect is not obvious in advance. On one side, the expansion of wind and solar gen-

eration, whose short-run marginal cost is close to zero, displaces higher-cost thermal generation

from the margin and exerts downward pressure on average prices: this is the merit-order effect [8,

9]. On the other side, electrification-driven demand growth raises system load and increases the

frequency with which higher-cost dispatchable units are required to meet demand, exerting up-

ward pressure, particularly in hours of low renewable availability. Superimposed on these level

effects is a change in the shape of prices: as variable renewable shares rise, prices become more

volatile [10], low and even negative prices become more frequent during periods of renewable sur-

plus [11, 12], and the value that renewables capture in the market tends to decline as their output

is increasingly self-correlated [13, 14]. Whether the average wholesale price rises or falls under

a given decarbonisation pathway depends on the relative pace of these forces, on the temporal

alignment between demand and renewable supply, and on conditioning factors such as fuel and

carbon prices.

The recent electricity market price record illustrates how consequential this interaction is, and

how far it is from monotone. The Iberian market experienced extreme volatility between 2020 and

2022, with prices falling to historical lows during the pandemic before surging to unprecedented

levels during the European energy crisis as fuel and carbon costs soared, and then easing as markets

stabilised and renewable output grew [15]. The episode demonstrated that, even in a system with a

high and rising renewable share, wholesale prices remain strongly conditioned by fuel and carbon

markets, and that the price outcome of the transition cannot be inferred from the renewable share

alone. It is precisely this conditional, non-monotone character that motivates a careful, scenario-

based analysis rather than a simple extrapolation.
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The Iberian context is a particularly compelling setting in which to conduct such an analy-

sis. The Iberian Electricity Market (MIBEL) [16, 17] jointly organises the wholesale markets of

Portugal and Spain, already operates with some of the highest variable-renewable shares in conti-

nental Europe, and is comparatively weakly interconnected with the rest of the European system.

This relative isolation means that Iberian prices are governed to an unusual degree by internal

supply and demand conditions, so that the price signatures of the transition, the deepening midday

price troughs associated with solar generation, the persistence of high evening prices, episodes

of market splitting between the Portuguese and Spanish zones, and the appearance of very low

and occasionally negative prices, are already observable in practice rather than hypothetical. The

severity of these dynamics during the 2022 crisis prompted unprecedented regulatory interven-

tions in both Portugal and Spain [18], underscoring the importance of understanding how the

marginal-pricing mechanism transmits fuel costs into wholesale prices. Anchoring the analysis in

RNC2050 trajectories and in observed MIBEL outcomes therefore transforms a generic question

about decarbonisation and prices into a concrete, empirically grounded and policy-relevant case

study, which is the central purpose of this dissertation.

1.2 Problem Statement and Objectives

Despite the evident importance of price dynamics for both policymakers and market partic-

ipants, the relationship between carbon neutrality strategies and wholesale electricity price for-

mation remains insufficiently explored, and the existing literature is divided between two tra-

ditions that rarely meet. Long-term energy-system planning models, of the bottom-up techno-

economic optimisation type that informs national roadmaps [19], determine least-cost technology

deployment and emissions trajectories under policy constraints. Within these models, electric-

ity prices appear only indirectly, as shadow values of constraints or as marginal values defined

over coarse time slices, and the hourly market mechanisms through which day-ahead prices are

actually formed are largely abstracted away. Market-oriented analyses, by contrast, reproduce

marginal pricing and operational detail at high temporal resolution [20, 21], but they frequently

rely on stylised inputs and short horizons that are not transparently anchored in the policy-defined

pathways of national decarbonisation roadmaps. The result is a persistent disconnect: the trajec-

tories that policy actually prescribes are seldom translated into the wholesale price outcomes that

markets actually produce.

The central problem addressed in this dissertation lies in this gap. It concerns the economic im-

plications of carbon neutrality pathways for wholesale electricity prices in a market-based system,

and specifically how the structural changes prescribed by the RNC2050 translate into day-ahead

price dynamics in MIBEL. Addressing this problem requires an approach that is simultaneously

consistent with national policy trajectories, resolved at the hourly level at which the relevant price

features emerge, faithful to the marginal-pricing logic of the market, and capable of attributing the

resulting price changes to their underlying causes.
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The RNC2050 prescribes a set of ambitious targets, among which two are decisive for the

evolution of electricity prices: the electrification of society, which aims to replace fossil fuels with

electricity across most sectors of the economy, and the development of a generation park progres-

sively based on endogenous, renewable sources of energy. These two targets act on wholesale

prices in opposite directions. As a consequence of the first, electricity consumption is expected

to increase, which tends to push prices in MIBEL upward. The growth in the renewable market

share anticipated by the second has the opposite effect, since prices are typically lower when re-

newable production is high. The way the price trend ultimately evolves therefore depends on the

joint trajectory of these two drivers, and assessing this dependence is the central purpose of the

dissertation. Other influences on prices, most notably fuel and carbon prices, are retained in the

analysis but treated as conditioning factors rather than as structural drivers of the transition.

Accordingly, the main objective of this dissertation is to estimate the impact of the RNC2050

on electricity market prices in MIBEL, considering the effects of the two drivers, consumption

growth and renewable growth, and how the price trend depends on their evolution. A comple-

mentary objective is to derive, from the outcomes of the study, a set of recommendations for

policymakers, regulatory bodies and electricity-market participants. In pursuing these aims, the

work also examines the mechanisms through which each driver acts and the way their interaction

shapes price outcomes under decarbonisation-consistent scenarios. The main objective is pursued

through the following specific objectives:

1. to synthesise the RNC2050 targets and trajectories relevant to electricity prices, and to trans-

late them into internally consistent scenarios for the evolution of electricity demand and the

generation mix up to 2050;

2. to develop and assess data-driven models relating MIBEL day-ahead prices to their funda-

mental drivers, and to adopt the approach best suited to projecting prices under decarboni-

sation scenarios;

3. to estimate the impact of the RNC2050 trajectories on these prices under the scenarios,

isolating the effect of the two structural drivers, consumption and renewable growth, from

that of fuel and carbon prices through the scenario design; and

4. to identify the critical scenarios and the conditions under which prices change most or under

which the projections are least reliable.

1.3 Research Questions

The problem and objectives above are articulated through three interrelated research ques-

tions, which together address the individual and combined effects of the two structural drivers on

wholesale price formation.

The first question concerns the demand side. RQ1: How does electrification-driven elec-
tricity demand growth influence price formation in the day-ahead wholesale market, and
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in particular how does rising demand affect the frequency with which higher-cost marginal
technologies are required to meet load? This question targets the mechanism by which ad-

ditional load moves the system up its supply curve, increasing reliance on dispatchable thermal

generation in specific hours and thereby raising both the level and the variability of prices.

The second question concerns the supply side. RQ2: To what extent does increasing re-
newable penetration alter wholesale price levels and their temporal distribution through the
displacement of higher-cost generation? This question addresses the merit-order effect and its

distributional implications, recognising that renewable expansion acts less by uniformly lowering

prices than by reshaping their temporal structure, concentrating low-price hours in periods of high

renewable availability.

The third question concerns the interaction of the two drivers. RQ3: How does the interac-
tion between demand growth and renewable deployment jointly shape wholesale price out-
comes under carbon neutrality scenarios in MIBEL, including the level, the intraday profile,
and the volatility of prices? Because the two drivers act in opposite directions and evolve at

different rates across the planning horizon, their combined effect cannot be obtained by adding

their individual effects, and characterising this net interaction is the central empirical contribution

of the dissertation.

1.4 Scope and Delimitations

Electricity prices are influenced by a wide range of factors, including fuel and carbon prices,

interconnection capacity, system flexibility, market design and regulation. While acknowledging

the importance of all of these, this dissertation adopts a deliberately bounded scope in order to

preserve coherence with its objectives and to keep the analysis tractable and interpretable. The

boundaries of the study are set along four dimensions: the market segment and geography con-

sidered, the variables that are varied as opposed to held as context, the modelling methodology

adopted, and the questions that are explicitly placed outside the analysis.

In terms of market segment and geography, the analysis concentrates on the wholesale day-

ahead market, which constitutes the core price-formation mechanism in MIBEL and the reference

against which intraday and balancing prices are formed. The geographical focus is the Iberian

context, with particular attention to Portugal within the MIBEL framework, and the temporal

scope follows the horizons of national planning, extending to 2050. The models are estimated on

the period 2023–2025, selected because it represents the most recent interval with complete and

consistent data, captures the rapid expansion of solar generation in Portugal, and postdates the

Iberian exception mechanism discussed in Section 2.4.2. Electricity demand and the generation

mix evolve across the projection horizons (2030, 2040, 2050) according to RNC2050 trajectories,

while fuel and carbon prices are varied across the two scenario families to separate their effect

from that of the structural transformation.

Fuel and carbon prices occupy a deliberately intermediate position in this scope, and the way

they are handled is one of the methodological choices of the dissertation. They are not treated as
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structural drivers of the transition, but neither are they ignored: because the historical record shows

that they remain decisive for price levels whenever thermal generation is marginal, omitting them

would compromise the realism of the analysis and confound the attribution of price changes. They

are therefore retained as conditioning regressors in the empirical models, so that the price response

is reproduced faithfully, and they are varied only through the design of two scenario families:

a projection-consistent family, in which gas and carbon prices follow trajectories informed by

published projections and by author-defined modelling assumptions, and a constant-fuel family,

in which they are held at present levels so that the isolated effect of the two structural drivers can

be observed. This design separates the structural-driver effect from the confounding influence of

commodity markets while preserving a realistic representation of price formation.

With respect to methodology, the dissertation adopts a data-driven, market-oriented approach

rather than a full bottom-up dispatch or investment-optimisation model. Two models are devel-

oped: an artificial neural network and a Bayesian linear regression. The suitability of each for

the scenario projections is assessed empirically, with the Bayesian model offering interpretable

coefficients and explicit uncertainty quantification and the neural network capturing non-linear

price-formation patterns. The methodological rationale for these choices is developed in subse-

quent chapters.

Finally, several questions are explicitly placed outside the scope of this work, and stating them

clearly is important both for honesty and for the correct interpretation of the results. The disserta-

tion does not perform full power-system, unit-commitment or generation-investment optimisation,

and it does not model the intraday adjustment sessions or the balancing market, restricting atten-

tion to day-ahead price formation. Network constraints within bidding zones are not represented

in detail, prices are treated at the zonal level. Demand-side flexibility, storage beyond pumped

hydro, and prospective back-up technologies such as large-scale batteries, hydrogen or reinforced

interconnection are not modelled explicitly. As a consequence, the low-renewable hours of the

most decarbonised horizons constitute the region of greatest projection uncertainty, a limitation

that is made explicit when the results are interpreted. For the same reason, the scenario results are

intended as directional and relative assessments of price effects under alternative decarbonisation-

consistent conditions, rather than as precise point forecasts of future prices.

1.5 Dissertation Structure

The remainder of the dissertation is organised into five further chapters. Chapter 2 estab-

lishes the conceptual and empirical foundations: it describes the decarbonisation framework and

the structural transformations it imposes on the electricity system, sets out the organisation of

liberalised markets and the merit-order mechanism, and characterises MIBEL, including its gov-

ernance, cross-border integration and observed price dynamics. Chapter 3 develops the state of

the art: it analyses the price drivers acting during the transition, reviews the modelling literature,

and states the research gap and the contribution of the dissertation. Chapter 4 presents the method-

ology, including the data sources, the artificial neural network and Bayesian regression models,
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the evaluation framework, and the RNC2050 scenario construction. Chapter 5 presents and dis-

cusses the results, comparing the two models and analysing the scenario projections. Chapter 6

answers the research questions, derives recommendations for policymakers, regulators and market

participants, discusses the limitations of the study, and outlines directions for future research.
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Chapter 2

Electricity Markets and the Energy
Transition

The RNC2050 prescribes two structural transformations whose effects on wholesale prices act

in opposite directions: electrification raises demand, while the expansion of renewable generation

with near-zero marginal cost tends to lower prices. This chapter establishes the foundations needed

to analyse that tension.

2.1 Carbon Neutrality and the Transformation of the Electricity Sys-
tem

2.1.1 The European and Portuguese Decarbonisation Framework

The transformation of the electricity system is driven, before anything else, by a policy frame-

work that has made the reduction of greenhouse gas emissions a binding objective. At the Eu-

ropean level, the European Green Deal commits the Union to climate neutrality by 2050 and

frames decarbonisation as a cross-cutting economic strategy rather than a purely environmental

goal [1]. This long-term objective is supported by intermediate targets and by an architecture of

instruments, of which the EU Emissions Trading System is central to the electricity sector, since

it places a price on carbon emissions [22] and thereby raises the variable cost of fossil-based gen-

eration. The scientific and economic rationale for the trajectory is set out in the assessments of the

Intergovernmental Panel on Climate Change and in the decarbonisation scenarios of the Interna-

tional Energy Agency, both of which identify the power sector as the cornerstone of any credible

path to net zero [2, 3].

Portugal has translated these commitments into a coherent national strategy articulated across

two complementary instruments. The Roadmap for Carbon Neutrality 2050 (RNC2050) defines

the long-term vision, establishing the goal of net-zero emissions by mid-century and outlining sec-

toral trajectories for energy production and consumption [4]. Its central premise is the progressive

substitution of fossil fuels by low-carbon energy carriers, and above all by electricity, in transport,

9
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buildings and industry. The National Energy and Climate Plan 2030 (PNEC 2030) complements

this vision with binding intermediate targets and policy measures for the nearer horizon. In its

original form it set a target of at least 80% renewable electricity by 2030, subsequently raised in

its 2024 revision, alongside targets for the share of renewables in gross final energy consumption

and for greenhouse-gas reductions relative to 2005 [6]. The two instruments are mutually consis-

tent: the PNEC operationalises, for 2030, the deeper transformation that the RNC2050 projects to

2050.

The practical effect of this framework is already visible in the Portuguese system, which makes

the country an unusually advanced case of the transition under study. The last coal-fired power

plant in Portugal closed in November 2021, removing the most carbon-intensive technology from

the generation mix. In 2024, renewable sources supplied approximately 71% of national electricity

consumption, an all-time record, with hydropower and wind each contributing close to 28% of

supply, solar approaching 10% and biomass around 6%. Over the same period, natural gas fell

to roughly 10% of generation, its lowest share since 1979, while net electricity imports covered

about 20% of consumption [7]. These figures illustrate that the structural changes prescribed

by the decarbonisation framework are not distant projections but an ongoing reconfiguration of

the system, and they establish the empirical baseline against which the future scenarios of this

dissertation are constructed.

2.1.2 Structural Transformation of Demand and Supply

The decarbonisation framework reshapes the electricity system simultaneously from the de-

mand side and from the supply side, and it is the combination of the two that defines the conditions

under which future prices will be formed. On the demand side, the defining feature of carbon neu-

trality pathways is the electrification of end-use sectors that have traditionally relied on the direct

combustion of fossil fuels. In the Portuguese context this includes the large-scale adoption of

electric vehicles in transport, the diffusion of heat pumps and other electric heating technologies

in buildings, and the electrification of selected industrial processes [4, 3]. The consequence is a

structural increase in electricity demand: national planning projects that electricity evolves from a

secondary energy carrier into the dominant vector of final energy consumption by mid-century.

The magnitude of this shift is documented in Table 2.1, which reports the projected evolution

of final energy by carrier under the RNC2050. Final electricity consumption rises markedly across

the horizon, while petroleum products decline steeply and natural gas, after a transitional role, falls

in the later decades. The overall share of renewables in final energy is projected to reach the order

of 86–88% by 2050. Crucially, this transformation is not only quantitative. Electrification also

alters the temporal structure of demand, because new electrified loads exhibit consumption pat-

terns that differ from traditional demand: transport charging introduces profiles linked to mobility

behaviour, while electrified industrial processes may raise baseload demand. Many of these new

uses are, under current infrastructure assumptions, relatively rigid or time-constrained, which can

limit short-term demand flexibility and concentrate additional load in particular hours, especially
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where electrified consumption is poorly aligned with periods of high renewable availability [3].

Here it suffices to establish that both the level and the shape of demand are being reshaped.

Table 2.1: Final energy by carrier and year under the RNC2050 (PJ). Source: RNC2050 [4]

Final energy (PJ) 2015 2020 2030 2040 2050
Total 632.7 651.1 598–602 507–519 460–478

Electricity 165.1 173–174 193–199 265–270 308–317

Petroleum products 288.7 285–294 178–180 51–63 17–25

Natural gas 67.8 80 94–100 56–62 30–34

Biomass and waste 56.4 53 65–68 49–51 18–26

Renewables (share) 28% 29% 46–47% 71–72% 86–88%

On the supply side, the framework drives a rapid expansion of installed renewable capacity,

dominated by onshore wind and solar photovoltaic, accompanied by a sustained decline in the car-

bon intensity of electricity generation. These technologies are commonly referred to as variable

renewable energy (VRE), because their output depends directly on meteorological conditions,

principally wind speed and solar irradiance, and cannot be dispatched on demand. Figure 2.1

documents this projected evolution under the RNC2050, in which variable renewable capacity

grows substantially while fossil-based capacity is progressively withdrawn. The sharp reduction

in carbon intensity already observed in the early 2020s reflects both the accelerated deployment

of renewables and the retirement of fossil generation, of which the closure of the last coal plant is

the clearest example. The expansion is reinforced by a continuing decline in the cost of renewable

technologies: over the past decade, technological learning, economies of scale and supply-chain

optimisation have substantially reduced the levelised cost of utility-scale solar and onshore wind,

so that an increasing share of new capacity is competitive with, or cheaper than, fossil alterna-

tives [23].
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Figure 2.1: Evolution of the installed capacity of the power generation sector and of the carbon
intensity of electricity generation in Portugal under the RNC2050. Source: RNC2050 [4].

The economic significance of this supply-side transformation follows from a cost characteris-

tic that distinguishes wind and solar from conventional generation: once installed, their short-run

marginal cost is close to zero, because they require no fuel and incur negligible variable operating

costs. As their share of capacity grows, an increasing fraction of demand can be met by gener-

ation with near-zero marginal cost, which fundamentally alters the conditions of price formation

described later in this chapter. At the same time, because wind and solar output is variable and

weather-dependent, the supply available at near-zero cost fluctuates considerably from hour to

hour and from season to season. The system therefore moves towards a configuration in which av-

erage production costs fall but the temporal variability of supply rises, so that the conditions under

which prices are formed alternate between periods of abundant low-cost generation and periods in

which dispatchable generation must cover residual demand. The price consequences of this con-

figuration, and the interaction between rising demand and rising renewable supply, are analysed in

Section 2.3.

2.2 Liberalised Electricity Markets and the Day-Ahead Market

2.2.1 Market Architecture and Trading Horizons

Liberalised electricity systems are organised not as a single trading venue but as a sequence

of interconnected markets operating over different time horizons. This architecture is a direct

consequence of the physical characteristics of electricity, most importantly the fact that it can-

not be economically stored at scale with conventional technologies, that supply and demand must
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be balanced continuously and in real time, and that the transmission network imposes physical

constraints on where electricity can flow [24]. Because production and consumption must be

matched at every instant, the market must progressively translate long-term expectations into firm

operational decisions, and it does so through a sequential structure organised around the princi-

ple of progressive information revelation: as delivery approaches, each successive market stage

incorporates increasingly accurate information on demand, renewable availability and network

conditions [24, 25].

The longest horizon is occupied by the forward and futures markets, in which electricity is

traded for delivery months or years ahead. Their primary function is risk management: producers,

retailers and large consumers use them to hedge against price uncertainty and to stabilise revenues

or costs, and the price signals they provide support investment in capital-intensive generation

by reducing revenue risk [26]. In the Iberian context these derivatives are traded on OMIP, the

Iberian Energy Derivatives Exchange, based in Portugal. The instruments traded there are finan-

cial contracts that reference future electricity prices but do not by themselves determine physical

dispatch [27]. Closer to delivery, short-term trading is organised through the day-ahead, intraday

and balancing markets, which coordinate supply and demand near real time and which, in MIBEL,

are operated by the Iberian Market Operator (OMIE) [15]. The day-ahead market establishes, for

each hour of the following day, a reference schedule of generation and consumption. The in-

traday markets then allow participants to adjust their positions as updated information becomes

available, most importantly to correct forecast errors in demand and in variable renewable output.

Finally, the balancing mechanisms operate after market closure to resolve the residual deviations

between scheduled and actual generation or consumption, ensuring the instantaneous security of

the system. Although balancing prices reflect genuine real-time scarcity, their influence on over-

all wholesale price dynamics is secondary relative to the day-ahead market, which remains the

reference against which the other stages are formed.

2.2.2 The Day-ahead Market as the Core Price-formation Mechanism

Among these stages, the day-ahead market occupies the central position in price formation

and is therefore the focus of this dissertation. It is the principal venue through which supply

and demand are coordinated on a daily basis, and it establishes the hourly prices for delivery on

the following day that serve as the main reference for the entire system [15, 24]. Its centrality

derives from the way it links operational coordination with economic price formation: by fixing

the reference dispatch schedule, it provides the baseline from which intraday adjustments and real-

time balancing actions depart, so that the prices it produces closely reflect the expected system

conditions at the time of delivery.

The operation of the market follows a transparent auction logic. For each hour of the following

day, generators submit supply offers and consumers or retailers submit demand bids, based on their

forecasts of demand, renewable availability, fuel prices and network conditions. These offers and

bids are cleared simultaneously through a centralised auction, which produces a single market-

clearing price for each hour in each bidding zone. The defining feature of this process is the
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uniform pricing rule: every accepted generation unit receives the same clearing price for a given

hour, irrespective of the price at which it offered, and that clearing price equals the marginal

cost of the most expensive unit that must be dispatched to meet demand [25]. This rule has

two important consequences that are developed in the next section. First, it makes the wholesale

price a direct expression of the cost structure of the generation mix, so that changes in either

demand or the available mix translate immediately into price changes. Second, it ensures short-

run allocative efficiency, because units are dispatched in order of increasing cost, while at the

same time shaping how revenue is distributed across technologies. It is precisely because the

day-ahead market translates the physical configuration of the system into an observable price in

this transparent way that it provides a suitable lens through which to study the price effects of the

structural transformation.

2.3 Price Formation and the Merit-Order Mechanism

2.3.1 Short-run Marginal Costs and the Supply Curve

The price that emerges from the day-ahead auction is determined by the interaction between

demand and the cost structure of the available generation, formalised through the construction of

a supply curve. The relevant cost concept is the short-run marginal cost (SRMC) of each unit, that

is, the additional cost of producing one more unit of electricity. The SRMC typically comprises

fuel costs, variable operation and maintenance costs, and, where applicable, the cost of carbon

emissions. Fixed costs such as capital investment do not enter the marginal cost and therefore do

not directly influence short-term dispatch decisions [25, 24].

Generation technologies differ markedly in their marginal cost structure, and this heterogeneity

is the foundation of price formation. Fossil-based plants, such as gas-fired combined-cycle units,

have marginal costs that are largely determined by fuel and carbon prices, both of which are

volatile. Their marginal costs are consequently relatively high and variable, which makes them

the technologies most likely to set the price during periods of high demand or low renewable

availability. Nuclear and reservoir hydropower occupy intermediate positions, the latter with an

opportunity-cost component reflecting the value of stored water. Wind and solar photovoltaic, by

contrast, have marginal costs close to zero, since they require no fuel. When generators’ offers are

aggregated by the market operator, they form an upward-sloping supply curve, the merit order, in

which technologies are ranked by increasing marginal cost, with near-zero-cost renewables at the

base and fuel-dependent thermal units towards the top [28].

Figure 2.2 shows the aggregated supply and demand curves for a single hour of the MIBEL

day-ahead market, as published by OMIE, and makes this construction concrete with real market

data.
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Figure 2.2: Aggregated supply and demand curves for one hour of the MIBEL day-ahead market,
with the matched segments highlighted. Source: OMIE, MIBEL day-ahead market [15].

The supply curve (sale offers) is the empirical merit order: a block of capacity at the far left is

offered at, or close to, the price floor of −500 EUR/MWh, principally zero-marginal-cost renew-

ables and must-run units that bid at the floor to guarantee dispatch and are therefore effectively

price-takers. The curve then runs nearly flat and close to zero across a wide central range, before

climbing steeply towards the highest offers, of the order of 3000 EUR/MWh, corresponding to ex-

pensive thermal and peaking units. The demand curve (purchase offers), by contrast, is high and

steep: a large share of demand is bid at prices of several hundred up to about 1500 EUR/MWh and

declines only gradually over the matched range, reflecting the fact that electricity demand must,

for the most part, be served regardless of price, before falling to the floor at the right. The mar-

ket clears where the matched offers (matching sale offers and matching purchase offers) intersect,

fixing the uniform clearing price and the traded volume for that hour. In the illustrated hour the

matched curves meet at around 24000 MWh and a price of the order of a few tens of EUR/MWh.

This empirical picture makes explicit the central property of the market: because the demand

curve is nearly vertical, the clearing price is governed mainly by the point of the supply curve

at which it is intersected. When residual demand is low, for example during hours of abundant

renewable output, the intersection falls in the low-priced segment of the supply curve and the price

is very low or even negative. When residual demand is high, for example on a winter evening with

little wind or solar, the intersection moves into the steep, fuel-dependent segment and a gas-fired

unit sets a substantially higher price. The same supply curve can therefore produce widely different

prices within a single day, depending only on the level of demand net of renewable generation.

This sensitivity, and its amplification as the variable renewable share grows, is the mechanism

through which the structural transformation of the system propagates into prices.
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2.3.2 Uniform Pricing, Merit-order Dispatch and Inframarginal Rents

The combination of the supply curve with the uniform pricing rule defines the merit-order

dispatch mechanism that governs European wholesale markets. Units are dispatched in ascending

order of marginal cost until demand is met, and the marginal cost of the last unit required, the

marginal unit, sets the clearing price paid to all dispatched units. This design guarantees that, in

the short run, the least-cost combination of available units is used to meet demand, which is the

source of its allocative efficiency [25, 24].

A direct and structurally important consequence of uniform pricing is the emergence of infra-

marginal rents. Every unit whose marginal cost lies below the clearing price receives, for each unit

of electricity produced, the difference between the clearing price and its own marginal cost. These

rents are not a market distortion but an intrinsic feature of marginal pricing [28]: together with

the revenues earned during higher-priced hours, they are the mechanism through which capital-

intensive technologies, including renewables, recover the fixed costs that do not enter the marginal

cost. This observation matters for the economics of the transition, because technologies with near-

zero marginal cost, such as wind and solar, earn essentially all of their revenue as inframarginal

rents, and the value of those rents depends on the level of prices in the hours in which they gener-

ate.

The merit-order mechanism also explains why the price effects of structural change are not

confined to shifts in the average price level. Because the clearing price is set by whichever tech-

nology is marginal, and because the marginal technology can change from one hour to the next as

demand and renewable output vary, prices become highly sensitive to system conditions. A rel-

atively modest change in residual demand can move the margin from a near-zero-cost renewable

unit to a fuel-dependent thermal unit, producing a large jump in price. Systems with high shares

of variable renewable energy therefore tend to combine lower average prices with greater short-

term volatility, and the price distribution, the relative frequency of low-price and high-price hours,

becomes as important an object of analysis as the mean. These mechanisms provide the eco-

nomic rationale for the variable selection adopted in the price models developed in Section 4.2.2,

in which technology-specific generation shares, the TTF natural-gas price and the EU ETS carbon

price appear as explanatory variables.

2.4 The Iberian Electricity Market (MIBEL)

2.4.1 Structure, Governance and Cross-border Integration

The Iberian Electricity Market jointly organises the wholesale electricity markets of Portugal

and Spain within a single integrated framework. The day-ahead and intraday markets are operated

by OMIE, while electricity derivatives are traded on OMIP, and the governance of the market is

shared among the Portuguese and Spanish energy and securities regulators [25, 15, 17]. MIBEL

operates under the marginal-pricing and uniform-clearing rules described above, applied to each

bidding zone, and it forms part of the wider European internal electricity market.
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Integration with that wider market occurs through market coupling. Under the Single Day-

Ahead Coupling (SDAC), the day-ahead markets of the participating European zones are cleared

simultaneously by a common algorithm, which allocates cross-zonal transmission capacity implic-

itly so that electricity flows from lower-priced to higher-priced zones whenever capacity permits.

The framework and the harmonised price limits are defined in European regulation [29]. These

harmonised limits set a price floor of −500 EUR/MWh, which means that negative prices are struc-

turally possible, and a maximum clearing price that was raised from 3000 to 4000 EUR/MWh in

May 2022 in response to the exceptional prices reached during the energy crisis. Within this

framework, the coupling between Portugal and Spain enables coordinated price formation across

the Iberian Peninsula. When the interconnection capacity between the two countries is sufficient,

their prices converge to a single Iberian price reflecting a common marginal technology. When

the interconnection becomes congested, market splitting occurs and the two zones clear at distinct

prices that reflect their local supply and demand conditions [16]. A defining structural charac-

teristic of MIBEL is that it is comparatively weakly interconnected with the rest of continental

Europe, with the cross-Pyrenees capacity between Spain and France remaining limited relative to

the size of the Iberian system. As a result, Iberian prices are governed to an unusual degree by

internal conditions, which both increases their exposure to domestic structural drivers and makes

the Peninsula a relatively self-contained system in which the price effects of the transition can be

studied with limited confounding from external markets. The resulting import–export balance is

itself a determinant of the Iberian price, since net imports displace higher-cost domestic genera-

tion while net exports have the opposite effect. This provides the rationale for including the net

cross-border balance among the explanatory variables of the price models.

2.4.2 Historical Price Dynamics

The price behaviour observed in MIBEL over the last decade exhibits, in practice, the dy-

namics that the merit-order framework predicts in principle, and it provides the empirical anchor

against which the scenario results of this dissertation are interpreted. Figure 2.3 shows the evo-

lution of the average annual day-ahead price in the Portuguese zone of MIBEL, based on OMIE

annual reports.
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Figure 2.3: Average annual day-ahead price in the Portuguese zone of MIBEL (EUR/MWh),
2015–2025, with the crisis years 2021–2022 highlighted. Source: author’s elaboration based on
OMIE data [15].

After several years in a moderate range (between roughly 39 and 57 EUR/MWh from 2015 to

2019), the price fell to a historically low level of about 34 EUR/MWh in 2020, driven by depressed

demand during the pandemic and low fuel prices. It then surged to around 112 EUR/MWh in

2021 and to an unprecedented 167.9 EUR/MWh in 2022 during the European energy crisis, as

natural-gas and carbon prices reached exceptional values, before easing to roughly 88 EUR/MWh

in 2023 and 63 EUR/MWh in 2024 as fuel markets stabilised and renewable output expanded, and

remaining close to 66 EUR/MWh in 2025 [15]. This record demonstrates that, even in a system

with a high and rising renewable share, the level of wholesale prices remains strongly conditioned

by fuel and carbon markets whenever thermal generation is marginal, a pattern that persists even

under scenarios in which the RNC2050 projects gas generation shares as low as 0.6% of demand,

and which motivates the retention of fuel and carbon prices as conditioning variables in the models

developed in Chapter 4.

The severity of the 2022 crisis prompted an exceptional policy response that is itself instructive

for understanding Iberian price formation. In June 2022, Portugal and Spain introduced a tempo-

rary mechanism, widely known as the “Iberian exception”, which capped the price of natural gas

used by thermal generation and compensated gas plants for the difference relative to the market

gas price, with the cost borne by consumers exposed to the wholesale market. In Portugal, it was

enacted by Decree-Law No. 33/2022 and it remained in force, after extension, until the end of

2023 [30]. By lowering the effective fuel cost of the marginal gas unit, the mechanism reduced

the day-ahead clearing price. A study using synthetic-control methods estimates an average re-

duction of approximately 65 EUR/MWh, roughly 40%, over the first twelve months of operation

in both Spain and Portugal [18]. The episode is relevant here for two reasons: it confirms, through

a deliberate intervention, that the day-ahead price in MIBEL is set by the marginal cost of gas-

fired generation whenever such generation is on the margin, and it illustrates how strongly the

gas-to-power cost linkage propagates through the marginal-pricing mechanism. The mechanism

also carries an implication for the estimation of the price models used in this dissertation: since
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the first year of the estimation period (2023) partially overlaps with the mechanism, the observed

gas-to-electricity price relationship in that year may be attenuated relative to a period of fully

market-determined gas costs. This overlap is limited, however, as the mechanism expired before

two thirds of the estimation sample (2024–2025).

Beyond the annual averages, the rising share of renewable generation has reshaped the intraday

and distributional features of Iberian prices in ways that are directly relevant to this study. The

growth of solar generation has produced a pronounced intraday price profile, in which prices fall

sharply during the midday and early-afternoon hours of high solar output and rise to a peak in

the evening, when demand is high and solar generation has fallen to zero. As solar capacity

increases, the midday price trough deepens and broadens while the evening peak persists, widening

the daily price range. These intraday effects are taken into account in the modelling framework

developed in the methodology chapter. At the same time, hours of very low and occasionally

negative prices, which the SDAC price floor permits, have become more frequent during periods of

high renewable surplus and weak demand, and episodes of market splitting between the Portuguese

and Spanish zones continue to occur when the interconnection binds. These observed features, the

deepening intraday trough, the widening price distribution, and the appearance of negative prices,

are the empirical signatures of a system with a high and growing share of variable renewables, and

they provide concrete reference points against which the modelled scenarios are validated. The

mechanisms that generate them, and the way they evolve as the two structural drivers advance, are

the subject of the next chapter.
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Chapter 3

Electricity Price Drivers and the State
of the Art

3.1 Price Drivers in the Energy Transition

The previous chapter established how wholesale prices are formed through the merit-order

mechanism. The energy transition does not change this mechanism, but it transforms the eco-

nomic environment in which it operates. This section analyses the forces that drive prices during

the transition, organised around a distinction that structures the rest of the dissertation: between

structural drivers, which decarbonisation pathways explicitly prescribe and which directly shift the

supply and demand curves, and contextual drivers, which condition the price response without be-

ing varied as part of the transition pathway. The two structural drivers are renewable deployment,

acting predominantly downward, and electrification-driven demand growth, acting predominantly

upward. The principal contextual drivers are fuel and carbon prices, separated from the structural

effects through the scenario design.

The merit-order effect through which variable renewable energy depresses wholesale prices is

among the most robustly documented results in energy economics: Sensfuß, Ragwitz and Genoese

quantified it for the German market [8], Würzburg, Labandeira and Linares consolidated the evi-

dence for Germany and Austria [9], Hirth attributed a substantial part of the decline in European

wholesale prices during the 2010s to renewable expansion [31], and Figueiredo and Pereira da

Silva confirmed that the mechanism operates in MIBEL [32]. A direct outcome is price cannibal-

ization: because renewable generators of the same type produce at the same times, their combined

output depresses prices precisely in the hours in which they generate, so that the market value of

each unit of renewable energy declines as penetration increases. Hirth formalised this effect [13],

and subsequent studies have estimated it explicitly, notably López Prol, Steininger and Zilberman

for the Californian market [14], with comparable evidence for Italy [33]. The effect is generally

stronger for solar than for wind, because solar output is concentrated around midday and is highly

self-correlated, whereas wind is more evenly distributed. Cannibalization is central not only to

average price levels but also to the intraday profile, and it provides the conceptual link to the

21
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emergence of negative prices. At very high penetration levels, the relationship between installed

solar capacity and effective market value becomes increasingly non-linear, an observation that is

particularly relevant for the long-term scenario analysis of this dissertation. Two further down-

ward influences reinforce the merit-order effect: the sustained decline in the levelised cost of solar

and wind [23], which acts through investment rather than dispatch by enabling sustained capacity

additions [3]; and market integration through cross-border interconnection, which allows demand

to be met by lower-cost supply in neighbouring markets [34], although this effect is bounded by

transmission capacity [16].

On the upward side, electrification is the primary source of pressure within the scope of this

work. Higher demand increases the frequency with which the market clears in the steep, fuel-

dependent segment of the supply curve, especially during peak hours or hours of low renewable

availability. The magnitude of the effect depends on the flexibility of the new demand [3]. Dur-

ing periods of low renewable output, the system must rely on dispatchable resources with high

marginal costs, which means that scarcity-driven price spikes become a structural feature of high-

renewable systems [34, 3]. Within this framework, flexibility is a transmission mechanism rather

than an independent driver. Fuel and carbon prices condition wholesale prices in every hour in

which thermal generation is marginal: the natural-gas price is transmitted almost immediately

through the marginal-pricing mechanism, and the carbon price internalises emission costs into the

bids of fossil plants [35]. Both act on the electricity price only through gas-fired plants on the mar-

gin. When the gas share becomes residual, as in the most decarbonised horizons, this transmission

channel narrows.

Systems with high shares of variable renewables also tend to exhibit greater short-term price

volatility, because weather-dependent shifts in the supply curve can move the marginal technol-

ogy and produce large price swings [10, 36]. At the extreme of the distribution lie negative prices,

which arise when inflexible or must-run generation prefers to pay to continue producing rather than

shut down during periods of high renewable surplus and low demand [11, 12]. Literature specif-

ically documenting negative-price episodes in MIBEL remains scarce, reflecting the relatively

recent emergence of the phenomenon, which has become increasingly frequent only since 2023–

2024 with the rapid expansion of solar generation. Excluding negative-price observations from the

analysis would remove the high-renewable, low-price information that the transition makes most

relevant, and so these observations are deliberately retained.

The wholesale price under a decarbonisation pathway is therefore the resultant of downward

and upward drivers whose relative strength changes over the horizon: the downward drivers domi-

nate in moderately decarbonised states, the upward drivers gain weight in deeply electrified states,

and fuel and carbon prices set the level when gas is marginal but their influence weakens as gas

becomes residual. Table 3.1 summarises the drivers, their direction, their transmission channels

and their relevance to the dissertation.
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Table 3.1: Price drivers in the energy transition and their role in the dissertation.

Driver Direction Transmission channel Relevance to the disserta-
tion

Renewable de-
ployment

Downward Merit-order effect: zero-cost
renewables displace higher-
cost thermal generation.

Primary structural driver;
shapes the supply curve and
the average price level.

Price cannibaliza-
tion

Downward
(on renewable
value)

Self-correlated output de-
presses prices in the hours
renewables generate.

Shapes the intraday profile
and renewable market value;
widens the low-price win-
dow.

Renewable cost
decline

Downward Lower LCOE enables sustained
capacity additions.

Deflationary baseline over
the medium and long term.

Market integration Downward
(smoothing)

Cross-border flows access to
cheaper supply; price conver-
gence.

Mitigates extremes;
bounded by intercon-
nection capacity (relevant
for MIBEL).

Demand growth Upward Electrification raises load and
the frequency of marginal ther-
mal dispatch.

Primary structural driver;
demand-side pressure and
peaks.

Scarcity / flexibil-
ity

Upward Low-renewable hours require
dispatchable capacity at higher
cost.

Transmission mechanism;
governs peaks and the
uncertainty of the 2050
horizon.

Fuel & carbon
prices

Conditioning Internalised in gas-plant bids;
act only via marginal gas.

Contextual; handled through
scenario design (Scenario A
vs B).

3.2 Modelling Approaches in the Literature

Translating the drivers described above into quantitative price projections requires a model,

and the literature offers several traditions with different strengths and limitations. A large share

of decarbonisation analysis relies on bottom-up, techno-economic optimisation models such as

TIMES_PT [4, 6, 19, 5]. Their strength is internal consistency: they jointly determine demand,

investment and emissions under policy constraints. For wholesale price analysis, however, they

have well-known limitations: prices emerge as shadow values rather than as market outcomes,

temporal resolution is often insufficient to resolve the hourly features that matter in high-renewable

systems, and conditioning variables such as fuel prices are treated opaquely, making attribution of

price changes to structural drivers difficult.

A parallel literature analyses price formation at hourly resolution, using dispatch models or

econometric methods that relate observed prices to fundamentals such as residual demand, renew-

able infeed, and fuel and carbon prices [8, 9, 13]. For the Iberian market, Pereira da Silva and

Horta analysed Iberian price volatility [36], and Ciarreta and Zarraga examined the transmission
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of prices and volatility between MIBEL and neighbouring markets [35]. The strength of these ap-

proaches is their grounding in realised market data. Their limitation for forward-looking analysis

is that the estimated relationships are conditional on the historical regime and must be extrapolated

with care to deeply decarbonised futures.

A smaller body of work has attempted forward-looking price analysis under high-renewable

scenarios. Ketterer [37] estimated the effect of wind penetration on German spot-price volatility

and found that higher wind capacity increases both the frequency of low prices and the overall

price variance. Cludius et al. [38] quantified the merit-order effect of renewables in the German

market up to 2012 and projected its evolution under the Energiewende (Germany’s energy transi-

tion policy), concluding that the price-depressing effect would intensify but be partially offset by

rising carbon prices. Prol et al. [14] analysed the impact of solar cannibalisation on the market

value of photovoltaics across several European markets, showing that solar market value declines

with penetration, a result consistent with the price-depressing solar coefficients estimated in this

dissertation. For the Iberian context, Figueiredo and Pereira da Silva [32] quantified the merit-

order effect of wind and solar in the Iberian market using historical data, but without extending the

analysis to future capacity-expansion scenarios or incorporating demand growth and probabilistic

uncertainty. These studies share two common features: they analyse the merit-order effect under

relatively stable demand, and they do not embed their projections in a national decarbonisation

roadmap with binding targets. The present dissertation addresses both of these gaps.

Because this dissertation employs an artificial neural network and a Bayesian regression, it

is necessary to situate these methods in the literature. Electricity price forecasting is a mature

field, and comprehensive reviews document its evolution from statistical to machine-learning ap-

proaches [20, 21]. Although this literature addresses short-term forecasting rather than the long-

term scenario analysis pursued here, the comparative insights regarding interpolation versus ex-

trapolation, interpretability versus flexibility, and the value of probabilistic outputs are directly

transferable to the present context. Artificial neural networks capture non-linear relationships

without an explicit functional form. Their strength is flexibility and accuracy, their weakness is

limited interpretability and the fact that their behaviour outside the training domain is difficult

to control. Bayesian regression provides an interpretable and explicitly probabilistic alternative:

economically grounded priors discipline extrapolation, and full posterior distributions quantify

uncertainty [39]. Recent applications confirm the viability of Bayesian approaches for electricity-

price modelling [40, 41]. A linear Bayesian specification offers the further advantage of additive

interpretability, allowing the contribution of each driver to the predicted price to be decomposed

and attributed. The comparative literature indicates that no single method dominates across all

conditions [20, 39, 21]. Given the recognised difficulty of neural networks outside the training

domain, their suitability for long-term scenario analysis cannot be assumed, and this dissertation

therefore develops both approaches and assesses their relative suitability empirically.



3.3 Research Gap and Contribution 25

3.3 Research Gap and Contribution

The review above reveals a persistent disconnect between the policy-defined decarbonisation

pathways of national roadmaps and the day-ahead wholesale price outcomes observed in market-

based systems. Planning models provide coherent trajectories but lack the temporal and market

representation required for hourly price formation. Market-oriented studies capture price forma-

tion with greater fidelity but rely on stylised scenarios not anchored in national roadmaps, and

they rarely combine interpretability with calibrated uncertainty when extrapolating to deeply de-

carbonised states. To the best of the author’s knowledge, no published study brings together, for

the Iberian market, the four elements that this dissertation combines: (i) scenarios consistent with

the RNC2050; (ii) MIBEL day-ahead prices modelled at both hourly and daily resolution; (iii) an

explicit separation of the effects of the generation mix from those of fuel and carbon prices; and

(iv) a probabilistic quantification of the uncertainty of the resulting projections.

This dissertation is designed to fill that gap. It develops a scenario-based, market-oriented

framework for MIBEL day-ahead prices, grounded in RNC2050 trajectories and focused on the

two structural drivers, demand growth and renewable deployment, while treating fuel and car-

bon prices as conditioning variables separated through a projection-consistent Scenario A and a

constant-fuel Scenario B. It develops both a neural network and a Bayesian regression and assesses

empirically which is better suited to the scenario projections. This enables the dissertation not only

to quantify how decarbonisation reshapes the level, intraday profile and volatility of Iberian whole-

sale prices, but also to explain why those changes occur and to state where the projections are least

reliable, connecting the national decarbonisation roadmap to the short-term economic signals of

the wholesale market and providing a basis for the recommendations that close the dissertation.
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Chapter 4

Methodology

4.1 Methodological Framework and Research Design

4.1.1 Overall Analytical Strategy

This dissertation employs an empirical, data-driven framework to assess the impact of Por-

tugal’s Carbon Neutrality Roadmap on wholesale electricity prices in the MIBEL market. The

analytical strategy rests on three sequential components: (i) the statistical characterisation of his-

torical price-formation patterns using hourly data for the period 2023–2025; (ii) the estimation

of two forecasting models, namely an Artificial Neural Network (ANN) and a Bayesian Linear

Regression (BLR), using the historical patterns; and (iii) the projection of electricity prices under

RNC2050-aligned scenarios by applying the estimated models to counterfactual input configura-

tions reflecting 2030, 2040, and 2050 generation mixes.

The proposed methodology does not constitute a long-term energy-system optimisation ex-

ercise of the kind implemented in capacity-expansion and investment-planning frameworks such

as TIMES [42]. Such models are primarily designed for investment planning and system optimi-

sation rather than reproducing the statistical properties of observed hourly price formation. By

contrast, the present study treats the historical data-generating process as the reference and uses

it to infer how prices would evolve if the structural composition of the generation mix changed

in accordance with RNC2050 targets. This is a deliberate methodological choice: it preserves

the empirically observed statistical relationships between generation shares and prices, rather than

imposing a theoretical equilibrium structure that may not reflect actual market dynamics in the

MIBEL context.

Three scenarios are considered throughout the analysis:

• Baseline (2023–2025): Historical observed data, used for model estimation, in-sample val-

idation, and benchmarking purposes.

• Scenario A: RNC2050 generation-mix targets combined with projected trajectories for TTF

natural-gas prices and EU Emissions Trading System (EU ETS) allowance prices, informed

27
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by the IEA World Energy Outlook 2025 Net Zero Emissions scenario and Bloomberg/ABN

AMRO consensus forecasts.

• Scenario B: RNC2050 generation-mix targets applied with TTF and CO2 prices held con-

stant at their 2023–2025 average levels.

The distinction between Scenarios A and B is methodologically central. It enables the sep-

arate assessment of two key drivers of electricity-price evolution: changes in the generation mix

and changes in fuel and carbon costs. Scenario B isolates the structural effect of the generation-

mix transformation by holding fuel and carbon prices constant, whereas Scenario A captures the

combined influence of that transformation and projected fuel- and carbon-price developments.

Table 4.1 summarises the three model configurations estimated in this dissertation and their

analytical capabilities. The roles that each model ultimately plays in the analysis, in particular

the extent to which each is suitable for the scenario projections, are determined empirically and

discussed in Chapter 5.

Table 4.1: Summary of the estimated models and their analytical capabilities

Model Methodology Temporal
resolution

Number
of inputs

Analytical capabilities

ANN Feed-forward
Artificial Neural
Network

Hourly 15 Point estimates of hourly
prices; captures non-linear
price-formation dynamics.

BLR
Hourly

Bayesian Linear
Regression

Hourly 16a Posterior predictive distribu-
tions; interpretable coeffi-
cients; uncertainty quantifica-
tion.

BLR Daily Bayesian Linear
Regression

Daily 13 Posterior predictive distribu-
tions at daily resolution; ro-
bustness assessment.

a Includes two Solar×Hour Fourier interaction terms (see Section 4.5.4).

4.1.2 Rationale for a Multi-Model Approach

This study employs two modelling approaches: a feed-forward Artificial Neural Network and

a Bayesian Linear Regression. As discussed in the literature review, these two families differ

in functional flexibility, interpretability, uncertainty quantification, and extrapolation behaviour.

Rather than relying on a single framework, a multi-model approach is adopted for two reasons.

First, if both frameworks produce similar conclusions regarding the impact of the RNC2050

scenarios on electricity prices, confidence in the results is strengthened because the findings be-

come less dependent on the assumptions of any individual model. Conversely, divergences be-

tween the models can reveal where the choice of modelling approach matters most, which is itself

a useful finding.
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Second, the two approaches have, by construction, different extrapolation properties, and the

scenario analysis requires applying the models to inputs that differ substantially from the histor-

ical data. Whether this theoretical difference translates into materially different projections is an

empirical question, and comparing the two models under the same scenarios is the most direct way

to assess it.

4.1.3 Research Workflow

Figure 4.1 summarises the methodological workflow adopted in this dissertation. After data

collection and pre-processing, the ANN and BLR models are estimated on the common historical

dataset (2023–2025). The estimated models are then applied to two scenario families, both derived

from the RNC2050 generation-mix targets but differing in the treatment of fuel and carbon prices:

Scenario A incorporates projected trajectories for the TTF natural-gas price and the EU ETS al-

lowance price, while Scenario B holds both variables constant at their 2023–2025 average levels.

This design allows the structural effect of the generation-mix transformation to be assessed inde-

pendently of fuel- and carbon-price uncertainty. The resulting projections are compared across

models, scenarios, and temporal aggregation levels.

Data Collection

Data Pre-processing

Feature Engineering

ANN and BLR Development

Scenario Construction

Scenario A Scenario B

Electricity Price Projections

Comparative Analysis

Figure 4.1: Methodological workflow adopted in this dissertation.
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4.2 Data and Pre-Processing

4.2.1 Data Sources

The analysis is based exclusively on publicly available data obtained from official institutional

sources. Two primary datasets were used: wholesale electricity market data published by OMIE

and power-system operation data published by REN.

OMIE (Operador del Mercado Ibérico de Energía) provides the hourly day-ahead market

prices for the Portuguese bidding zone within the Iberian Electricity Market (MIBEL). The re-

ported price corresponds to the marginal market-clearing price resulting from each hourly auction

and is expressed in EUR/MWh. This variable constitutes the dependent variable of the study.

REN (Redes Energéticas Nacionais), the Portuguese transmission system operator, provides

hourly operational data for the national electricity system. The dataset includes generation by

technology, electricity demand, and the net interconnection balance with Spain. Generation is

disaggregated into wind, solar photovoltaic, hydroelectric, combined-cycle natural gas, gas co-

generation, pumped-storage hydroelectricity, and other thermal technologies. All variables are

reported on an hourly basis in MWh.

The study period extends from 1 January 2023 to 31 December 2025, resulting in a balanced

dataset comprising 26,304 hourly observations. This period was selected because it represents the

most recent interval for which complete and consistent hourly observations were simultaneously

available from both sources. Furthermore, it encompasses a wide range of market conditions,

including the elevated wholesale prices observed during 2023 and the more moderate price envi-

ronment that characterised 2024 and 2025. The selected period also captures a rapid expansion of

photovoltaic generation in Portugal: installed solar capacity more than doubled during this inter-

val, growing from approximately 2.7 GW at the start of 2023 to roughly 5.7 GW by the end of

2024, with solar generation reaching about 10% of national electricity consumption in 2024 for

the first time. This provides sufficient variation in solar penetration levels for the estimation of

solar-related price effects. It should be noted that the first year of the estimation period partially

overlaps with the Iberian exception mechanism (Section 2.4.2), which capped the gas price used

for electricity price formation until the end of 2023. This may attenuate the estimated TTF coeffi-

cient relative to a period of fully market-determined gas costs. The effect is mitigated by the fact

that two of the three years of the sample (2024–2025) postdate the mechanism entirely.

In addition to electricity market and system-operation data, fuel and carbon-price variables

were incorporated into the analysis. Daily TTF natural-gas prices (EUR/MWh) and EU ETS

allowance prices (EUR/tCO2) were obtained from publicly available market-data providers and

matched to the electricity-market dataset by calendar date. Since these variables are published at

daily resolution, each observation was assigned to the corresponding 24 hourly records.
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4.2.2 Variable Selection and Justification

The explanatory variables were selected on the basis of three considerations: (i) economic the-

ory regarding wholesale electricity-price formation and the merit-order mechanism; (ii) evidence

from the literature on European and Iberian electricity markets; and (iii) their relevance to the

objectives of the scenario analysis developed in this dissertation.

Generation-related variables are expressed as shares of hourly electricity demand rather than

as absolute generation volumes. This representation captures the relative contribution of each

technology to meeting system demand and facilitates comparisons across hours with different

demand levels. It also provides a natural framework for evaluating future changes in the generation

mix under the RNC2050 scenarios.

Electricity demand is represented through two dimensions. First, absolute hourly demand

(MWh) captures the direct influence of consumption levels on market-clearing prices. Second,

generation shares expressed relative to demand characterise the composition of the generation

portfolio required to satisfy that demand. This specification allows demand effects and generation-

mix effects to be analysed separately within the modelling framework.

The variables considered in the analysis and their respective economic motivations are sum-

marised in Table 4.2.
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Table 4.2: Input variables, definition, and economic rationale

Variable Definition Economic rationale
Renewable generation
sh_eolica Wind generation share (% of de-

mand)
Merit-order effect: zero-SRMC generation
displaces thermal and reduces the clearing
price.

sh_solar Solar PV generation share (% of
demand)

As wind; intraday temporal interaction cap-
tured separately.

sh_hidrica Hydroelectric generation share
(% of demand)

Zero-SRMC dispatch displaces thermal; reser-
voir hydro is scheduled flexibly.

Demand
consumo Electricity demand (MWh) Higher demand increases the likelihood of dis-

patching higher-cost technologies.
Thermal generation
sh_gas_cc Combined-cycle gas share (% of

demand)
Dominant marginal technology in MIBEL; di-
rectly reflects price-setting generation.

sh_gas_cog Gas cogeneration share (% of
demand)

Thermal with positive marginal cost; smaller
role than CC.

sh_termica Other thermal share (% of de-
mand)

Residual thermal (biomass, waste); small and
declining.

Storage and exchanges
sh_bombagem Pumped storage share (% of de-

mand)
Pumping increases instantaneous demand; op-
erates in high-price conditions.

sh_saldo Net interconnection balance (%
of demand)

Net imports reduce the domestic supply–
demand gap and exert downward pressure.

Fuel and carbon prices
preco_ttf TTF natural-gas price

(EUR/MWh)
Primary pass-through channel from fuel costs
to the SRMC of gas-fired generation.

preco_co2 EU ETS allowance price
(EUR/tCO2)

Adds to the SRMC of thermal generation via
the ETS; the carbon cost represents a smaller
fraction of the SRMC of a gas plant than the
fuel cost itself.

Temporal controls
hora Hour of day (0–23) Controls for systematic intraday demand and

solar patterns.
mes Month (1–12) Controls for seasonal variation in load, hydro

inflows, and wind/solar resources.
semana Week of year (1–53) Controls for medium-term seasonality and an-

nual trends.
dia_semana Day of week (1–7) Controls for weekday/weekend demand

patterns (ANN only; excluded from the
BLR following spike-and-slab selection,
Section 4.5.2.)
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A methodological note on the temporal variables is warranted. The hour-of-day, month-of-

year, and week-of-year variables are coded as integers and entered linearly after z-score normali-

sation, rather than transformed into cyclical (sine/cosine) representations. In a linear model such

as the BLR, this coding does not enforce the natural adjacency of hour 23 with hour 0, or of De-

cember with January. For the hour variable, the cyclical structure is partially recovered by the

Solar×Hour interaction terms, which are explicitly parameterised as trigonometric functions with

period 24. However, the month and week variables lack an equivalent correction and are treated as

monotonic. This is a limitation of the present specification. A sine/cosine encoding of all tempo-

ral variables would be a natural refinement and is included among the recommendations for future

work (Section 6.5).

Several candidate variables were evaluated but ultimately excluded from the final dataset.

Biomass generation was not retained due to its consistently low and stable contribution during the

study period, which limited its explanatory value. Installed-capacity variables were also excluded,

as generation shares already capture the effective utilisation of available capacity (including both

would increase collinearity without adding substantial information).

Some correlation between generation-share variables is expected, as all technologies jointly

contribute to meeting demand. More specifically, the generation shares are subject to a structural

energy-balance identity (they must sum to approximately 100% of demand), which introduces

collinearity that cannot be eliminated by variable selection. This means that the individual re-

gression coefficients should be interpreted with caution: each coefficient estimates the effect of

changing one generation share while holding the others constant, but in practice a change in one

share necessarily implies offsetting changes in others. The MCMC (Markov Chain Monte Carlo)

convergence diagnostics (R̂ < 1.05, ESS > 1000; see Section 4.5.5) confirm that the posterior is

well estimated despite this correlation, but they do not eliminate the structural collinearity itself.

Nevertheless, the variables were retained because they represent distinct technologies with differ-

ent marginal costs and economic roles within the merit-order framework, and because the scenario

analysis requires the ability to vary them individually.

4.2.3 Data Cleaning and Normalisation

The OMIE and REN datasets were matched using hourly timestamps covering the period from

January 2023 to December 2025. Following the merging process, all 26,304 hourly observations

contained valid electricity-price and demand information. Consequently, no missing-value impu-

tation procedures were required.

Negative electricity prices were retained in the dataset. Such observations do not represent

data errors but rather legitimate market outcomes that occur under specific operating conditions,

particularly during periods of high renewable generation and low demand. Excluding negative-

price observations would remove economically meaningful information and could bias the anal-

ysis against conditions that are expected to become increasingly relevant under high-renewable

systems.
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Prior to model estimation, all continuous input variables were standardised using z-score nor-

malisation:

xnorm =
x−µx

σx
(4.1)

where µx and σx denote the sample mean and standard deviation of the corresponding variable.

Z-score standardisation was preferred to min–max scaling because it preserves relative variation in

skewed distributions and remains suitable for out-of-sample projections whose values may exceed

the historical range. In addition, standardisation places all variables on a common scale, improv-

ing numerical stability during ANN training and facilitating prior specification in the Bayesian

framework.

4.3 Evaluation Framework

4.3.1 Performance Metrics

Four metrics are used to evaluate model fit, all expressed in the original, non-normalised price

scale (EUR/MWh) to ensure direct economic interpretability. For the ANN, all reported met-

rics are computed across the full dataset of 26,304 observations, reflecting the model’s overall fit

throughout the historical baseline. This aligns with its application for system characterisation and

scenario-based analysis rather than sequential out-of-sample forecasting. The random 70/15/15

partition was used internally only to guide training (early stopping via the validation set) and ar-

chitecture selection. To confirm that the all-data metrics do not mask overfitting, performance was

also computed separately on the three partitions of the final reproducible (fixed-seed) network.

The small gap between the training and test R2 (0.025), together with the near-identical validation

and test figures, suggests that the degree of overfitting is limited (see Section 4.4.2), although it

should be noted that the random partition does not constitute a genuine out-of-sample test, since

adjacent hours may appear in different subsets. For the BLR, the reported metrics reflect the over-

all in-sample fit, as the Bayesian estimation evaluates goodness-of-fit across the complete posterior

distribution. In both cases, the reported R2 values should be understood as measures of explanatory

fit within the estimation sample and should not be compared directly with out-of-sample predictive

benchmarks from the electricity-price forecasting literature.

Coefficient of Determination (R2)

The coefficient of determination measures the proportion of total variance in electricity prices

explained by the model:

R2 = 1− ∑
N
i=1(yi − ŷi)

2

∑
N
i=1(yi − ȳ)2

(4.2)

where yi denotes the observed price for observation i, ŷi the model-predicted price, and ȳ the

sample mean of observed prices.
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Values closer to unity indicate a superior fit. As a dimensionless statistic, R2 is used primarily

to compare alternative model architectures and to assess global explanatory power.

Mean Absolute Error (MAE)

MAE =
1
N

N

∑
i=1

|yi − ŷi| (4.3)

Because all deviations contribute linearly, the MAE provides a stable measure of forecasting

accuracy in explicit monetary terms and is robust to isolated extreme observations.

Root Mean Squared Error (RMSE)

RMSE =

√
1
N

N

∑
i=1

(yi − ŷi)2 (4.4)

By squaring errors before averaging, the RMSE assigns greater weight to large deviations,

making it sensitive to extreme price spikes. It is reported alongside the MAE to facilitate bench-

marking against the broader electricity-price forecasting literature.

Mean Absolute Percentage Error (MAPE)

MAPE =
1
N

N

∑
i=1

|yi − ŷi|
|yi|

×100 (4.5)

This metric standardises accuracy assessments, allowing comparisons across markets and price

regimes. Because electricity prices can approach zero or settle at negative values, the MAPE is

restricted to observations satisfying |yi| > 5 EUR/MWh, preventing numerical instability from

near-zero denominators.

4.3.2 Bayesian-Specific Metrics

A core advantage of the BLR framework is its capacity to generate a full posterior predictive

distribution for each observation via MCMC sampling. The 90% credible interval is defined as:

[P5(ŷ|x), P95(ŷ|x)] (4.6)

where P5 and P95 denote the 5th and 95th percentiles of the posterior predictive distribution

conditional on the input vector x. This interval has a direct probabilistic interpretation: given the

model and the data, there is a 90% posterior probability that the realised price falls within these

bounds. This is conceptually distinct from a frequentist confidence interval, which refers to the

long-run properties of an estimation procedure rather than to the probability of a specific outcome.
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The distinction is particularly relevant for long-term scenarios where future observations cannot

be repeatedly sampled.

Throughout the analysis, the median of the posterior predictive distribution is adopted as the

measure of central tendency rather than the mean. The empirical distribution of MIBEL day-ahead

prices exhibits moderate left-skewness (historical baseline mean of approximately 72.6 EUR/MWh

versus a median of approximately 78.9 EUR/MWh), driven by roughly 20% of hours with de-

pressed or negative prices coinciding with renewable surplus and low-demand periods. The pos-

terior median offers greater robustness to this distributional asymmetry.

4.4 Neural Network Model

4.4.1 Architecture and Input Selection

The ANN was implemented in MATLAB using the Neural Network Toolbox. A feed-forward

architecture with a single hidden layer was adopted, trained using the Levenberg–Marquardt back-

propagation algorithm [43]. The final configuration follows a [15–60–1] structure: 15 input vari-

ables, a hidden layer with 60 neurons employing a hyperbolic tangent sigmoid activation function

(tansig), and a single output neuron with a linear activation function (purelin). This configura-

tion allows the network to model non-linear relationships while preserving an unrestricted output

range, including negative prices.

Input selection was performed through a sequential model-building procedure. Six candidate

specifications were evaluated, with each successive model incorporating an additional group of

explanatory variables. To ensure comparability, all candidates were trained using the same archi-

tecture (10 hidden neurons) and evaluated over 10 independent initialisations.

Table 4.3: Sequential comparison of candidate input specifications

Model Additional inputs Total
inputs

R2
med R2

max MAPE MAE
(EUR/MWh)

A Wind, solar, hour, day-of-
week

4 0.270 0.279 64.9% 26.97

B + Hydro, consumption,
month, week

8 0.459 0.482 50.4% 22.39

C + Gas CC, gas cogenera-
tion

10 0.576 0.608 43.1% 19.13

D + Other thermal 11 0.578 0.617 43.1% 18.98
E + Pumped storage, net

balance
13 0.621 0.641 40.9% 18.35

F + TTF price, CO2 price 15 0.698 0.728 36.5% 15.78

The progressive inclusion of variables resulted in systematic improvements across all metrics.

The largest gains were obtained after incorporating thermal-generation variables and fuel-cost
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indicators, highlighting their importance in price formation. Model F achieved the best overall

performance (R2
max = 0.728, MAE = 15.78 EUR/MWh) and was retained for architecture selection.

Using Model F, a second selection stage determined the number of hidden neurons. Seven

architectures (5, 10, 20, 30, 40, 50, and 60 neurons) were evaluated, each over 20 independent

training runs.

Table 4.4: Comparison of alternative hidden-layer architectures

Neurons R2 MAPE MAE (EUR/MWh) Parameters
5 0.733 41.7% 18.36 86

10 0.792 36.3% 16.00 171
20 0.837 31.1% 13.96 341
30 0.849 30.1% 13.42 511
40 0.867 27.7% 12.58 681
50 0.873 27.2% 12.26 851
60 0.882 26.4% 11.80 1,021

The 60-neuron architecture achieved the highest predictive accuracy, with R2 = 0.882 and

MAE = 11.80 EUR/MWh, while preserving approximately 26 observations per trainable parame-

ter. The final network, trained with a fixed random seed for reproducibility (Section 4.4.2), attains

an all-data R2 = 0.883 (MAE = 11.73 EUR/MWh), consistent with the architecture-selection re-

sult. The [15–60–1] configuration was therefore adopted as the final ANN architecture.

4.4.2 Training Process

The final architecture was trained using a fixed random seed (rng(42)) to ensure full repro-

ducibility. The 26,304 hourly observations were randomly partitioned into training (70%), vali-

dation (15%), and test (15%) subsets. The primary reason for adopting a random partition, rather

than a temporal block split (e.g., training on 2023–2024, testing on 2025), is that the objective

of the model is to estimate structural relationships between generation shares and prices across

the full range of market conditions, not to forecast sequentially. A temporal split would confound

the assessment of model fit with changes in market regime between years, such as the transition

from the elevated prices of 2023 to the more moderate conditions of 2024–2025, and would pre-

vent the model from learning from the complete range of operating conditions during training. A

recognised limitation of the random partition is that adjacent hours are autocorrelated, so that the

train–test gap may understate the true generalisation error relative to genuinely unseen data. The

reported fit metrics should therefore be interpreted as explanatory rather than predictive. The val-

idation subset was used exclusively for early-stopping control, with training terminated after six

consecutive validation checks without improvement in the loss function. The training, validation,

and test R2 of the final network are 0.890, 0.868, and 0.865 respectively (MAE = 11.36, 12.64, and

12.55 EUR/MWh). The small and consistent differences across subsets suggest that the degree of

overfitting is limited, although the limitation noted above should be kept in mind.
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4.4.3 Sensitivity Analysis

To evaluate the relative influence of each explanatory variable on the ANN predictions, a

perturbation-based sensitivity analysis was performed. For each input variable (x j), a small per-

turbation δ j = σ j/10 was applied while all remaining variables were held unchanged. Because all

inputs are z-score normalised, σ j = 1 and δ j = 0.1 for all variables. The sensitivity index is:

S j =
1
N

N

∑
i=1

∣∣ f (x1,i, . . . ,x j,i +δ j, . . . ,x15,i)− f (x1,i, . . . ,x j,i, . . . ,x15,i)
∣∣ (4.7)

expressed in EUR/MWh. The results are presented in Table 4.5.

Table 4.5: Perturbation-based sensitivity analysis – ANN Model F, 60 neurons

Variable S j (EUR/MWh per σ/10)
Net balance 8.85
Hydro 7.96
Week 7.02
Wind 6.48
Month 5.78
Solar 4.67
Hour 4.33
Pumped storage 3.99
Gas CC 3.90
TTF 2.89
CO2 2.47
Consumption 1.17
Gas cogeneration 1.16
Day of week 1.14
Other thermal 0.93

Perturbation: δ j = σ j/10 = 0.1. S j is the average absolute price variation across all 26,304 observations.

The ranking of sensitivity indices may appear counter-intuitive: the net interconnection bal-

ance and hydroelectric generation exhibit higher sensitivities than wind or solar. This reflects the

fact that a swing in net imports or hydroelectric availability changes which technology is marginal

and can produce a large price movement, whereas the effect of wind and solar, although econom-

ically important, is more gradual and distributed across hours. The full interpretation of these

results is presented in Section 5.2.

4.5 Bayesian Linear Regression

4.5.1 Model Formulation

The Bayesian linear regression specifies the following generative model for the price:
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yt = α +
J

∑
j=1

β jx j,t + εt , εt ∼ N (0,σ 2) (4.8)

where yt is the observed price at hour t (EUR/MWh, with inputs z-score normalised), α is the

intercept, β j are the regression coefficients, and εt is Gaussian noise with unknown variance σ2.

Because all continuous inputs are standardised, each β j can be interpreted as the expected change

in price (EUR/MWh) associated with a one-standard-deviation increase in input j, holding all

other inputs constant. The intercept α represents the expected price when all standardised inputs

are at their historical mean values.

Two versions of this model are estimated. The hourly model operates on 26,304 observa-

tions and includes 16 variables (14 base variables plus two Solar×Hour interaction terms; see

Sections 4.5.2 and 4.5.4). The daily model operates on 1,096 observations (simple averages of

all hourly values within each day) and includes 13 variables (the 14 base variables minus the

hour-of-day variable, which has no meaning after daily aggregation).

In the Bayesian framework, inference requires specifying prior distributions p(β ,σ) before

observing the data, then combining them with the likelihood p(y | X ,β ,σ) via Bayes’ theorem:

p(β ,σ | y,X) ∝ p(y | X ,β ,σ) · p(β ,σ) (4.9)

Rather than point estimates, inference yields full posterior distributions for all parameters, en-

coding both the estimated effects and the uncertainty about those effects. The posterior predictive

distribution for a new observation ỹ at input x̃ is:

p(ỹ | x̃,y,X) =
∫

p(ỹ | x̃,β ,σ) · p(β ,σ | y,X)dβ dσ (4.10)

This integral is approximated using MCMC sampling. The estimated posterior coefficients

(posterior medians and 90% highest-density intervals) are presented in Section 5.3.2, together

with the comparison between the prior means and the posterior estimates.

4.5.2 Variable Selection and Prior Specification

Variable selection for the BLR was conducted using a Bayesian spike-and-slab prior, in which

each coefficient is modelled as a mixture between a diffuse slab component (allowing a substan-

tial effect) and a spike concentrated at zero (allowing the variable to be effectively excluded).

The posterior inclusion probability (PIP) of each variable quantifies the posterior evidence that it

belongs in the model. The median-probability threshold (PIP > 0.5) was adopted as the selec-

tion criterion. All variables exhibited posterior inclusion probabilities above this threshold except

the day-of-week indicator, which was therefore excluded from the final BLR specification. The

resulting posterior inclusion probabilities are presented in Figure 4.2.
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Figure 4.2: Posterior inclusion probabilities from the spike-and-slab variable selection, MIBEL
day-ahead price, 2023–2025. The dashed line marks the median-probability inclusion threshold
(PIP = 0.5).

A distinctive advantage of the Bayesian framework is its ability to incorporate domain knowl-

edge directly into the estimation process through the prior distributions. In the context of electricity-

price modelling, this means that the well-established economic relationships can be encoded as

prior expectations, so that the model does not need to discover these relationships from the data

alone. This is particularly valuable when the data is limited, when variables are correlated, or

when the model must be extrapolated to conditions outside the estimation period (precisely the

setting considered in this dissertation).

For the variables retained after the selection stage, informative priors were assigned when-

ever economic theory suggested both the expected direction and the approximate magnitude of

an effect. In contrast, flat priors were reserved for the temporal controls, whose patterns are left

entirely to the data. The prior means were anchored in the merit-order literature and deliberately

kept conservative, with standard deviations broad enough to permit substantial posterior updating.

The full specification is given in Table 4.6, the rationale is summarised by variable group below.
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Table 4.6: Prior distributions adopted for the Bayesian model

Variable Distribution µ σ

Renewable generation
Wind generation share (sh_eolica) Normal −8 8
Solar generation share (sh_solar) Normal −8 8
Hydroelectric generation share (sh_hidrica) Normal −8 8
Demand
Electricity consumption (consumo) Normal 10 5
Thermal generation
Combined-cycle gas share (sh_gas_cc) Normal 8 4
Gas cogeneration share (sh_gas_cog) Normal 5 3
Other thermal generation (sh_termica) Normal 3 3
Storage and exchanges
Pumped-storage share (sh_bombagem) Normal −3 3
Net interconnection balance (sh_saldo) Normal −6 4
Fuel and carbon prices
TTF natural-gas price (preco_ttf) Normal 10 3
EU ETS carbon price (preco_co2) Normal 2 2
Temporal controls
Hour effects (hora) Flat – –
Month effects (mes) Flat – –
Week effects (semana) Flat – –
Interaction terms
Solar ×sin(hour) Normal 0 5
Solar ×cos(hour) Normal 0 5
Model parameters
Intercept (α) Flat – –
Error scale (σ ) HalfNormal – 20

Renewable generation (wind, solar, hydro) received negative prior means (µ = −8, σ = 8).

The negative sign follows from the merit-order mechanism (Section 2.3). The magnitude of

−8 EUR/MWh per standard deviation is conservative relative to the empirical estimates in the

literature [8, 9]. The wide standard deviation (σ = 8) was chosen to ensure that the data can move

the posterior substantially away from the prior if the historical evidence warrants it.

Demand (µ =+10, σ = 5) received a positive prior: higher load moves the system up the sup-

ply curve, dispatching progressively more expensive generation. The prior mean of +10 reflects

the approximate slope of the supply curve in the relevant range of MIBEL demand levels, and the

standard deviation allows the data to adjust this estimate.

Thermal generation received positive means scaled to each technology’s typical position in

the merit order: gas CC (µ = +8, σ = 4), gas cogeneration (µ = +5, σ = 3), and other thermal

(µ =+3, σ = 3). The gas CC prior is the most informative of this group because combined-cycle

plants are the dominant price-setting technology in MIBEL. A higher gas CC share in a given hour
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signals that more expensive generation is on the margin, which is directly associated with higher

prices.

The TTF natural-gas price received a prior of µ =+10, σ = 3, making it the tightest prior in

the specification. This choice reflects the strong and well-documented gas-to-power pass-through:

in a system where gas-fired plants frequently set the marginal price, a one-standard-deviation in-

crease in the gas price translates almost directly into a higher electricity price, with the magnitude

governed by the heat rate of the marginal plant and the normalisation of the input. The CO2 prior

(µ = +2, σ = 2) is weaker, reflecting both the smaller share of the carbon cost in the SRMC

of a gas plant (typically 20–30% of the total, versus 70–80% for the fuel cost) and the limited

variability of the EU ETS price during the estimation period.

The storage and exchange terms received weak negative priors (pumped storage µ = −3;

net balance µ = −6), as both are associated with periods of ample supply and downward price

pressure, but with wider uncertainty given the complex operational logic of these variables.

The temporal controls (hour, month, week) were given flat priors, so that intraday, seasonal,

and intra-annual structure is identified solely by the data. The Solar×Hour interaction terms were

assigned zero-centred priors (σ = 5), since economic theory provides no clear directional ex-

pectation for the intraday modulation of the solar effect. The intercept received a flat prior, the

error scale follows σ ∼ HalfNormal(20), consistent with price variability on the order of tens of

EUR/MWh.

In all cases, the prior standard deviations were deliberately set wide enough to allow the data

to dominate the posterior. The adequacy of this choice is assessed in Section 5.3.2, where the

posterior coefficients are compared with the prior means. Cases in which the posterior departs

substantially from the prior confirm that the data, rather than the prior, is driving the estimate.

4.5.3 Interaction Terms: Solar × Hour

The inclusion of Solar×Hour interaction terms is motivated by the empirical observation, well

documented in the MIBEL context (Section 2.4.2), that the price effect of solar generation varies

systematically with the hour of day. During solar peak hours (approximately 10h–16h), high solar

generation is associated with a pronounced price trough. At night, solar generation is structurally

zero and exerts no price effect regardless of installed capacity.

A linear model without interaction terms would estimate a single average coefficient for solar,

implying that each additional unit of solar generation reduces prices equally at all hours, including

hours when solar generation is zero by physical definition. This is both economically incorrect

and statistically problematic, as it would force the intercept and other time-of-day variables to

compensate for an incorrectly specified solar effect.

Rather than including 24 separate hour-specific coefficients, the interaction is parameterised
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using trigonometric components:

solar_x_hour_sin = sh_solar× sin
(

2π hour
24

)
(4.11)

solar_x_hour_cos = sh_solar× cos
(

2π hour
24

)
(4.12)

This two-component specification captures the dominant periodic component of the intraday

solar effect with only two additional parameters. Together, βsin and βcos determine both the am-

plitude and the phase of the intraday solar price modulation.

The interaction terms are included only in the hourly BLR model, as daily aggregation removes

the intraday variation that motivates them. As with the remaining coefficients, their application to

long-term scenarios assumes that the estimated historical relationships remain valid under future

operating conditions.

4.5.4 Hourly vs. Daily Model

The hourly and daily specifications were estimated in parallel to assess the robustness of the

projections to temporal aggregation.

Table 4.7: Differences between the hourly and daily BLR specifications

Dimension Hourly model Daily model
Sample size 26,304 observations 1,096 observations
Variables 16 (incl. hour, Solar×Hour) 13 (no hour, no interaction)
Constraint limits Hourly caps Daily caps
R2 0.593 0.702
MAE 23.26 EUR/MWh 16.25 EUR/MWh

Metrics correspond to the final specification (Stage 2: informative priors, solar saturation,

Solar×Hour interaction for the hourly model). The Stage 1 specification (flat priors, no saturation,

no interaction) attains R2 = 0.565 and MAE = 24.07 EUR/MWh for the hourly model; the daily

model is unaffected by the stage refinements (R2 = 0.702, MAE = 16.24–16.25 EUR/MWh across

all stages).

The higher R2 of the daily model is expected, as aggregation reduces short-term volatility and

noise. Both BLR specifications exhibit lower in-sample R2 than the ANN. This is an expected con-

sequence of the linear functional form and is an accepted trade-off given the BLR’s interpretable

coefficients and explicit uncertainty quantification, whose value for long-term scenario analysis is

assessed in Section 5.6. The hourly model provides the finer temporal resolution; the daily model

serves as an independent robustness check.
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4.5.5 MCMC Estimation and Convergence Diagnostics

The posterior distribution defined by the Bayesian model does not have a closed-form solution

for the specification used here, and must therefore be approximated numerically. Markov Chain

Monte Carlo sampling draws correlated samples from the posterior distribution, and convergence

diagnostics verify that the samples adequately represent the target distribution.

Posterior distributions for both BLR specifications were estimated via the No-U-Turn Sampler

(NUTS), implemented in PyMC (version 5.28.5). NUTS is an adaptive variant of Hamiltonian

Monte Carlo (HMC) [44] that automatically tunes the step size and trajectory length, eliminat-

ing the manual tuning required by standard HMC and producing efficient sampling in correlated

parameter spaces, which is relevant here because the generation-share variables are correlated

through the energy-balance identity.

The sampling configuration was as follows:

• 4 independent chains, initialised from different starting points drawn from the prior;

• 2,000 posterior draws per chain after warm-up (8,000 total posterior samples);

• 3,000 warm-up (tuning) steps per chain, discarded before posterior sampling.

The four-chain configuration enables convergence to be diagnosed by comparing chains and

increases the diversity of the posterior sample. The 2,000-draw specification was determined

from pilot runs in which effective sample sizes exceeded 1,000 for all parameters, satisfying the

minimum recommended for stable posterior summaries. The 3,000 warm-up steps exceed the

typical minimum and were chosen to ensure that the NUTS adapter converges for the interaction

terms, whose posterior geometry is less concentrated than that of the main coefficients.

Convergence was assessed using three diagnostics applied to all parameters. The potential

scale reduction factor (R̂), computed across the four chains, was required to satisfy R̂ < 1.05,

more stringent than the traditional 1.1 threshold. Both bulk and tail effective sample sizes (ESS)

were monitored, with a minimum of 1,000. Finally, the trace plots were visually inspected to

confirm satisfactory mixing and the absence of systematic trends or divergences. All estimated

models satisfied these convergence criteria.

4.6 RNC2050 Scenario Construction

Given the long-term horizon considered in this study, a scenario-based approach was adopted

instead of direct price forecasting. Over horizons extending to 2050, uncertainty regarding tech-

nology deployment, electricity demand, regulatory developments, and fuel markets becomes suf-

ficiently large that a single forecast trajectory would provide a misleading representation of future

outcomes. Scenario analysis offers a more transparent framework by explicitly linking projected

prices to a defined set of assumptions.

The RNC2050 establishes quantitative targets for installed generation capacity by technology

and projections for final electricity consumption, from which the demand-growth factors used in
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this study are derived. These targets provide externally defined reference points that can be trans-

lated into model inputs through a transparent scaling procedure. Two scenarios are considered,

both incorporating the same generation-mix evolution and differing exclusively in the treatment

of fuel and carbon prices.

Before describing the scenario-construction procedure, it is useful to recall the distinction

between variable renewable energy (VRE), defined in Section 2.1.2, and synchronous generation

(hydroelectric and gas-fired plants that provide inertia and frequency support through rotating

machines).

4.6.1 Methodological Assumptions

The scenario construction relies on a number of simplifying assumptions intended to ensure

methodological consistency and transparency.

1. Demand profile preservation. The temporal structure of the historical load profile is as-

sumed to remain unchanged. Future demand is represented by applying annual scaling

factors to the historical series. Structural changes in demand patterns arising from electric-

vehicle charging, heat-pump deployment, demand-side flexibility, or sector coupling are not

explicitly modelled. This assumption implies that the scenario projections capture the effect

of demand level growth on prices but not the effect of demand profile changes. The re-

sponse to RQ3 is therefore conditional on the historical demand profile and does not capture

the additional price effects that a restructured load shape might produce.

2. Stationary hydroelectric behaviour. Hydroelectric generation is maintained at its histori-

cal share of demand and is not scaled according to installed capacity. This reflects the fact

that hydroelectric output is primarily constrained by hydrological conditions and reservoir

operation rather than by installed capacity alone.

3. Stationary interconnection behaviour. Net electricity exchanges with Spain are assumed

to remain consistent with historical observations. The future evolution of the Spanish elec-

tricity system and wider European market interactions is not modelled explicitly.

4. Limited representation of storage technologies. System flexibility is represented exclu-

sively through pumped-storage capacity. Battery storage and other flexibility technologies

are not modelled separately.

5. Exogenous capacity evolution. Future generation capacities are taken directly from the

RNC2050 targets rather than determined by the model. The analysis evaluates the price

implications of the RNC2050 pathway, not the optimal generation portfolio.

6. Exogenous fuel and carbon prices. Natural-gas and EU ETS allowance prices are treated

as external inputs whose trajectories are specified independently of developments in the

Portuguese electricity sector.
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7. Stable price-formation relationships. The statistical relationships estimated from the

2023–2025 dataset are assumed to remain applicable throughout the projection horizon.

In particular, the coefficients relating fuel and carbon prices to the electricity price are es-

timated from a period in which gas generation averaged roughly 10% of demand and are

applied unchanged to future horizons in which gas may represent as little as 0.6%. As

discussed in Chapter 3, the transmission channel through which fuel and carbon prices af-

fect the electricity price narrows as the gas share becomes residual. This extrapolation is

therefore most uncertain for the 2050 horizon.

8. No endogenous market redesign. The fundamental structure of the electricity market is

assumed to remain unchanged. Potential future changes in market design, ancillary-service

arrangements, flexibility-remuneration mechanisms, capacity markets, or regulatory frame-

works are not modelled.

The scenario projections are therefore conditional on these assumptions.

4.6.2 Scenario Inputs: Scaling Factors and Price Assumptions

Installed-capacity targets are obtained from the RNC2050 generation-capacity projections [4].

Demand-growth factors are derived from the projected evolution of electricity in final energy con-

sumption presented in the same document (Table 2.1), using the 2020 reference value of 173.59 PJ

as the base. The year 2020 is used because it is the reference year explicitly reported in the

RNC2050 trajectory. Using the 2023–2025 average would require back-calculating an adjusted

trajectory not available in the original document. This choice may slightly overestimate the

demand-growth factors relative to the study period, since 2020 demand was depressed by the

pandemic. Where the RNC2050 reports a range of values (reflecting alternative scenario variants),

the lower bound is used throughout. This corresponds to the more conservative variant and avoids

selecting different bounds across horizons, ensuring internal consistency:

fdemand,2030 =
193.41
173.59

= 1.114,

fdemand,2040 =
264.74
173.59

= 1.525,

fdemand,2050 =
307.58
173.59

= 1.772

(4.13)

Table 4.8 presents the RNC2050 capacity and demand targets used for scenario construction.
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Table 4.8: RNC2050 capacity and demand targets used for scenario construction

Variable 2023–2025 2030 2040 2050
Solar (GW) 1.9a 6.9 17.0 26.0
Wind, onshore (GW) 5.2 8.0 11.0 13.0
Gas (GW) 4.9 3.5 2.3 0.2
Pumped storage (GW) 2.5 3.4 3.4 3.4
Demand growth – +11.4% +52.5% +77.2%

a This value reflects the RNC2050 baseline, which was developed in
2017–2018 and approved in July 2019 [4]. At that time, Portugal’s
installed solar PV capacity stood below 2 GW. By the end of 2024, ac-
tual installed capacity had reached approximately 5.7 GW [17] (Sec-
tion 4.2.1), substantially exceeding the RNC2050 trajectory. This ac-
celeration reflects a combination of falling technology costs, succes-
sive capacity auction programmes, and a broader policy push to ac-
celerate renewable deployment. Because the present study uses the
RNC2050 as its primary source for scenario construction, the lower
baseline value is retained.

For each technology, the effective scaling factor (expressed as a change in generation share

relative to demand) is:

feffective, j =
Capacitytarget, j

Capacityhistorical, j
· 1

fdemand
(4.14)

The division by the demand-growth factor converts the installed-capacity increase into a change

in generation share. As total electricity demand increases, a given capacity level supplies a smaller

fraction of the overall load. For wind generation in 2030, for example:

fwind,2030 =
8.0
5.2

· 1
1.114

= 1.38 (4.15)

For solar generation specifically, a hyperbolic tangent saturation function is applied to the

effective scaling factor:

f sat
effective = 6× tanh

(
feffective

6

)
(4.16)

The saturation function was introduced to represent the diminishing ability of the system to

physically absorb additional solar generation at very high penetration levels: at very high solar

shares, curtailment, self-consumption, and grid-absorption limits constrain the effective output

that reaches the market, so that the relationship between installed capacity and effective genera-

tion share becomes increasingly non-linear. This physical saturation is conceptually distinct from

the price-cannibalization mechanism captured by the Solar×Hour interaction terms in the BLR:

the saturation function limits how much solar generation enters the market (a pre-market, physical

effect), whereas the interaction terms govern how each unit of solar generation that does enter

the market affects the price at different hours (an intra-market, price effect). The two mechanisms

are therefore complementary rather than redundant, although their joint application means that the
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scenario results should be interpreted as reflecting both channels simultaneously. The function

preserves approximately linear behaviour for moderate increases in solar capacity while progres-

sively limiting growth at higher penetration levels. The parameter value of 6 was selected as a

modelling assumption, it is not a calibrated physical quantity, but it ensures that saturation remains

limited under moderate deployment while becoming progressively relevant under the highest solar

penetrations of the RNC2050 scenarios. For 2050, the unsaturated factor is:

fsolar,2050 =
26.0
1.9

· 1
1.772

= 7.72 (4.17)

which after saturation becomes:

f sat
solar,2050 = 6× tanh

(
7.72

6

)
= 5.15 (4.18)

The effective scaling factors for all technologies, after the application of the saturation function

to solar, are summarised in Table 4.9.

Table 4.9: Effective scaling factors after saturation

Variable 2030 2040 2050
Solar (after tanh) ×2.97 ×4.51 ×5.15
Wind ×1.38 ×1.39 ×1.41
Gas CC (GAS_MAX) 10.4% 6.8% 0.6%
Consumption +11.4% +52.5% +77.2%
Pumped storage ×1.36 ×1.36 ×1.36

The maximum gas combined-cycle share (GAS_MAX) is obtained by scaling the historical

average gas share (approximately 14.5% of demand) by the ratio of projected to historical installed

capacity:

GAS_MAX = 14.5%×
Capacitytarget

Capacityhistorical
(4.19)

This yields 14.5%× [3.5/4.9, 2.3/4.9, 0.2/4.9] = [10.4%, 6.8%, 0.6%] for 2030, 2040, and 2050

respectively.

For pumped-storage factor the scaling factor of ×1.36 corresponds to the ratio between the

RNC2050 target of 3.4 GW and the historical reference of 2.5 GW (3.4/2.5= 1.36). No additional

expansion is foreseen after 2030, so the same factor applies across all horizons.

The two scenarios differ exclusively in the treatment of natural-gas and carbon prices, sum-

marised in Table 4.10. This is the area of the scenario construction in which the author’s assump-

tions play the largest role, and the resulting projections should be interpreted with this in mind.

For the 2030 horizon, the Scenario A values are anchored in published projections: the TTF trajec-

tory is informed by the IEA World Energy Outlook 2025 Net-Zero Emissions scenario [45], and

the EU ETS trajectory by Bloomberg/ABN AMRO consensus forecasts [46]. For the 2040 and

2050 horizons, however, published long-term projections for both variables are scarce and subject
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to considerable uncertainty. The values adopted for these horizons were obtained by interpola-

tion and extrapolation from the available sources and therefore represent modelling assumptions

by the author rather than consensus forecasts. In particular, the assumed decline of the TTF to

approximately 17 EUR/MWh by 2050 (×0.46 relative to the historical average) and the rise of

the EU ETS allowance price to approximately 300 EUR/t (×4.00) are plausible under a net-zero

pathway but carry substantial uncertainty. Scenario B avoids this uncertainty entirely by maintain-

ing both variables at their 2023–2025 average levels, which is precisely the reason it serves as the

reference for providing a conditional estimate of the structural effect of the modelled demand and

generation-mix changes, with fuel and carbon prices held constant.

Table 4.10: Fuel and carbon-price assumptions by scenario

2023–25 2030 Factor 2040 Factor 2050 Factor
Sc. A – TTF (EUR/MWh) ∼37 ∼28 ×0.76 ∼22 ×0.59 ∼17 ×0.46
Sc. B – TTF (EUR/MWh) ∼37 ∼37 ×1.00 ∼37 ×1.00 ∼37 ×1.00
Sc. A – EU ETS (EUR/t) ∼75 ∼145 ×1.93 ∼260 ×3.47 ∼300 ×4.00
Sc. B – EU ETS (EUR/t) ∼75 ∼75 ×1.00 ∼75 ×1.00 ∼75 ×1.00

Factors are relative to the 2023–2025 historical average.

4.6.3 Conceptual Dispatch Logic

The scenario-construction procedure transforms the historical generation mix into future con-

figurations consistent with the RNC2050 targets while preserving physical feasibility. The proce-

dure approximates the economic logic of merit-order dispatch, in which variable renewable energy

is dispatched first at near-zero marginal cost, followed by hydroelectric generation and, last, gas-

fired generation in ascending order of cost. The net interconnection balance and pumped storage

operate alongside this sequence: pumped storage absorbs surplus renewable generation (adding

to demand) and releases it during higher-price hours, while the net cross-border balance reflects

imports and exports with Spain that smooth the domestic supply–demand gap. The procedure

follows five sequential steps:

1. Historical solar and wind shares are scaled according to the corresponding effective factors.

Solar scaling is subject to the saturation function and the renewable-share limits.

2. Hydroelectric and interconnection shares are held at their historical values (Assumptions

3–4).

3. Pumped-storage activity is scaled by ×1.36 and treated as net additional demand1, thereby

increasing the room available for renewable absorption.

4. Gas-fired generation supplies the residual demand not met by the remaining technologies,

subject to the GAS_MAX ceiling and the SINC_MIN synchronous-generation floor.
1In practice, pumped storage operates in both directions: it adds to demand when charging and contributes to

hydroelectric generation when turbining. The BLR’s negative posterior coefficient for this variable (−3.99 EUR/MWh
per σ ) suggests that the net historical effect is to smooth price peaks rather than to increase system load.
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5. The resulting generation mix is adjusted to satisfy the energy-balance constraint, with solar

and wind reduced proportionally whenever total generation exceeds 100% of load.

The resulting shares represent approximate generation outcomes rather than direct translations

of installed-capacity ratios. The procedure does not represent chronological unit commitment,

minimum technical constraints, ramping limits, reserve requirements, or network congestion. It

should be interpreted as a simplified dispatch approximation.

4.6.4 Operational Constraints

To prevent unrealistic generation configurations, a set of operational constraints is applied

sequentially to every scenario–year combination. The constraints are applied in a fixed order

because each one modifies the generation shares available to subsequent steps.

The renewable caps SOLAR_MAX, EOLICA_MAX, and RENOV_MAX take different nu-

merical values in the hourly and daily models. Each model’s caps are anchored to the historical

maxima and 95th-percentile values observed at its own temporal resolution: a daily-average gen-

eration share is structurally lower than an individual hourly peak, so calibrating both models with

the same caps would render the constraints effectively inert in the daily model. SINC_MIN is

identical across both models, as the same physical grid-stability requirement applies regardless of

temporal aggregation.

Table 4.11: Operational constraints, values by model and horizon

# Constraint Purpose Model 2030 2040 2050
1 tanh saturation Saturates solar scaling factor both ×2.97 ×4.51 ×5.15
2 SOLAR_MAX Maximum solar share hourly 60% 75% 90%

daily 25% 35% 45%
3 EOLICA_MAX Maximum wind share hourly 90% 110% 130%

daily 80% 90% 100%
4 RENOV_MAX Maximum wind + solar hourly 90% 95% 100%

daily 85% 90% 95%
5 GAS_MAX Maximum gas CC share both 10.4% 6.8% 0.6%
6 Energy balance Total generation ≤ 100% of load both ≤100% ≤100% ≤100%
7 SINC_MIN Minimum synchronous generation both ≥30% ≥20% ≥10%

(8) GAS_MIN Minimum gas at 50%×GAS_MAX BLR only ≥5.2% ≥3.4% ≥0.3%

It should be noted that the wind and solar caps exceeding 100% in some horizons do not

imply that these technologies alone supply all demand. Rather, they allow for hours in which the

individual technology share exceeds load before the energy-balance constraint and the SINC_MIN

floor redistribute the surplus.

The minimum synchronous-generation thresholds of 30%, 20%, and 10% are modelling as-

sumptions introduced to avoid unrealistically low levels of synchronous generation. The thresh-

olds decrease over time to reflect the expected expansion of grid-forming technologies, advanced
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inverter controls, and storage resources. As no explicit inertia or system-stability model is in-

cluded, these values should be interpreted as illustrative assumptions rather than engineering lim-

its.

The optional GAS_MIN constraint imposes a minimum gas generation level equal to 50%

of GAS_MAX, yielding values of 5.2%, 3.4%, and 0.3% for 2030, 2040, and 2050 respectively.

This constraint represents the operational reality that combined-cycle gas turbines cannot always

be reduced to zero output under high-renewable conditions, due to capacity-availability contracts

and their contribution to inertia and primary frequency regulation. The 50% factor is a modelling

assumption and is not derived from the RNC2050.

The GAS_MIN constraint was applied only within the BLR scenario framework. Since it

constitutes an additional assumption not directly supported by the RNC2050, ANN projections

were generated using the seven-constraint configuration only. This preserves consistency with

the objective of minimising the assumptions imposed on the ANN framework while allowing the

sensitivity of the BLR projections to the constraint to be assessed explicitly.

The scenario-construction procedure described above produces the future explanatory-variable

datasets used as inputs to the ANN and BLR models. Because the scenario projections depend

jointly on the estimated price-formation relationships and on the constraint parameters imposed

during scenario construction, there is a risk that the projected prices are driven as much by the con-

struction assumptions as by the estimated coefficients. To assess the sensitivity of the results to

the most consequential constraint, Section 5.5 reports BLR projections both with and without the

GAS_MIN constraint. The remaining constraints (SINC_MIN, SOLAR_MAX, RENOV_MAX,

and the saturation parameter) are treated as fixed modelling assumptions. Their individual influ-

ence on the results is not separately quantified, which should be borne in mind when interpreting

the projections.
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Chapter 5

Results and Discussion

5.1 Descriptive Analysis of Historical Prices

This section characterises the historical dataset (2023–2025) that underpins the model estima-

tion and the scenario projections. The analysis covers the price distribution, the composition of

the generation mix, and the intraday and seasonal patterns of renewable output, establishing the

empirical baseline against which the scenario results are compared. All generation variables are

expressed as percentages of hourly demand.

5.1.1 Price Distribution

The dataset comprises 26 304 hourly observations of the Portuguese day-ahead price. Fig-

ure 5.1 shows the distribution, which is visibly left-skewed: the mean (72.6 EUR/MWh) lies below

the median (78.9 EUR/MWh), pulled down by a mass of low-price and negative-price hours. Ap-

proximately 20% of hours record prices below 25 EUR/MWh, corresponding to periods of high

renewable generation and low demand in which near-zero-marginal-cost technologies dominate

the dispatch. At the other extreme, a thin right tail extends above 150 EUR/MWh, driven by hours

in which gas-fired generation sets the price under elevated fuel-cost conditions. Negative prices

account for 396 hours (1.5% of the sample), a proportion that, while modest, has been increasing

year on year as variable renewable capacity, particularly solar, expands, foreshadowing the more

frequent occurrence of such episodes under the decarbonised scenarios.

The concentration of the distribution around 50–120 EUR/MWh, combined with the heavy left

tail, means that the mean is pulled below the median by the low-price tail and is therefore a less

representative measure of the typical price level. For this reason, the posterior median is adopted

as the central-tendency measure throughout the scenario analysis, as discussed in Section 4.3.2.

53
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Figure 5.1: Distribution of hourly day-ahead prices in the Portuguese zone of MIBEL, 2023–2025.
Vertical lines: mean (72.6 EUR/MWh) and median (78.9 EUR/MWh).

5.1.2 Generation Shares and System Composition

Table 5.1 summarises the generation-share statistics. The P95 column reports the 95th per-

centile, i.e. the value below which 95% of the observations lie (or equivalently, exceeded in only

5% of the hours). It therefore characterises the upper tail of the distribution without being overly

influenced by extreme values.

Table 5.1: Descriptive statistics of generation shares (% of load) and system aggregates, 2023–
2025 (N = 26304).

Variable Mean Median P95 Max Min

Wind 26.7 22.3 65.9 111.8 0.0

Solar 9.2 0.3 38.0 62.7 0.0

Hydro 32.5 27.3 78.9 130.5 0.0

Gas CC 11.5 10.7 32.1 60.9 0.0

Gas cogeneration 3.0 2.9 4.8 16.6 0.2

Pumped storage 9.2 3.6 33.3 68.2 0.0

Net balance 20.1 23.2 59.3 95.1 −86.6

Synchronous 47.4 42.7 95.1 147.7 4.2

VRE 35.9 33.7 73.2 126.0 0.1

Synchronous = hydro + gas CC + gas cogeneration + other thermal. VRE = wind + solar.

Hydroelectric generation is the single largest contributor (mean 32.5% of load), but with very
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high variability (maximum 130.5%, reflecting hours in which hydro alone exceeds domestic de-

mand, with the surplus exported). Wind contributes a mean of 26.7%, with a 95th percentile of

65.9% and a maximum of 111.8%, confirming that wind output can on its own exceed total de-

mand in extreme hours. Solar, by contrast, has a mean of only 9.2% but a maximum of 62.7%,

reflecting the concentrated nature of its production profile: the median of 0.3% shows that so-

lar contributes nothing or almost nothing in more than half of the hours (all night-time and most

dawn/dusk hours). Gas combined-cycle generation averages 11.5% of demand, with a maximum

of 60.9%, consistent with its role as the dominant dispatchable thermal technology. The net inter-

connection balance averages 20.1% (Portugal is a net importer on average), but swings between

−86.6% (strong export) and +95.1% (strong import), reflecting the variable nature of cross-border

flows with Spain.

The aggregate variables at the bottom of the table provide an additional perspective. Variable

renewable energy (wind + solar) averages 35.9% of demand, but reaches a maximum of 126.0%,

demonstrating that the system already experiences hours in which VRE alone could theoretically

supply all demand and more. Synchronous generation averages 47.4% but falls to a minimum

of 4.2%, with 214 hours (0.8% of the sample) below 10% and 3 543 hours (13.5%) below 20%.

These figures confirm that the SINC_MIN thresholds adopted for the scenarios (30%/20%/10%

for 2030/2040/2050) are conservative relative to the operating conditions already observed in the

Portuguese system. It should be noted that these hours of very low synchronous generation oc-

curred without reported stability incidents during the historical period, but the extrapolation to

future horizons with substantially higher VRE shares does not guarantee that the same levels can

be sustained without additional grid-forming capacity. The operational implications of very low

synchronous levels (reduced inertia and frequency stability) fall outside the scope of this work.

5.1.3 Intraday Renewable Generation Profiles

Figure 5.2 presents the mean, 75th-percentile and 95th-percentile envelopes of the combined

VRE share by hour of day.

The profile exhibits two distinct regimes. During the night (hours 0–6), VRE is driven entirely

by wind, with a mean of approximately 31–36% and a 95th percentile reaching 82%. During the

day (hours 8–16), solar generation adds to the wind base, pushing the mean VRE share to a peak

of approximately 48% at hour 13 and the 95th percentile to approximately 79%. The transition

between regimes is abrupt: between hours 6 and 10, the mean VRE share rises from 34% to 44%

as solar generation ramps up, and between hours 16 and 19 it falls from 42% to 25% as solar

output collapses. This rapid transition is the origin of the intraday price profile documented in the

literature and is the empirical basis for the Solar×Hour interaction term in the BLR specification.
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Figure 5.2: Combined VRE share (% of load) by hour of day, 2023–2025. Shaded bands: P75 and
P95 envelopes.

5.1.4 Solar Generation: Hour-by-Month Structure

Figure 5.3 maps the mean solar share by hour and month, revealing the two-dimensional struc-

ture that governs the solar price effect.

Figure 5.3: Mean solar generation share (% of load) by hour and month, 2023–2025. The colour
scale ranges from 0% (night-time) to approximately 39% (summer midday).

The solar window spans roughly hours 7–18 in summer but narrows to hours 8–16 in winter.

Within this window, the peak solar share ranges from approximately 16–21% in winter months

(December–February, around hours 12–13) to approximately 37–39% in summer (July–August,

at hours 13–14). The most extreme value in the dataset is 39.2% (August, hour 13), meaning that

in an average August early-afternoon hour, solar alone supplies nearly 40% of national demand.
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This high share reflects not only August’s strong solar irradiance but also the fact that electricity

demand is lower in August than in winter months. The same absolute solar output would represent

a smaller share of demand in December or January. By contrast, in December at hour 16, the solar

share has already fallen to 3.1%, illustrating the sharp seasonal asymmetry. This structure confirms

that a model without Solar×Hour interaction would be severely misspecified, as the solar effect

varies by a factor of more than ten between summer midday and winter morning. It also provides

the empirical envelope within which the scenario projections extrapolate the solar share to higher

penetration levels.

5.1.5 Wind Generation: Seasonal Profile

Figure 5.4 presents the wind generation share by month.

Figure 5.4: Wind generation share (% of load) by month, 2023–2025. Bars: mean; error bars: P75
and P95.

Wind output exhibits a clear seasonal pattern that is complementary to solar: the highest

monthly means occur in November (33.6%) and January (31.4%), while the lowest occurs in June

(18.0%). The seasonal swing in the mean is approximately 15 percentage points, but the vari-

ability within each month is substantial: the 95th percentile reaches 76% in November and does

not fall below 44% even in June, indicating that high-wind episodes occur year-round. This com-

plementarity between wind and solar is observed at the level of monthly averages and is relevant

for the scenario projections, because it means that, on a seasonal basis, the system benefits from

alternating VRE sources. However, the complementarity does not hold at every individual hour:

solar is absent at night, and there are night-time periods with simultaneously low wind availability,

during which the system depends entirely on dispatchable and imported generation. It also implies

that the seasonal price pattern is shaped by the interaction of two opposing forces: summer months

have high solar but low wind, while winter months have the reverse.
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5.1.6 Empirical Validation of Operational Constraints

Table 5.2 relates the key historical statistics to the constraint values adopted for the scenario

construction. The P95 of the hourly solar share (38.0%) and its historical maximum (62.7%)

provide the empirical anchor for the SOLAR_MAX caps (60%/75%/90% for 2030/2040/2050),

which allow solar shares progressively beyond the historical record in the later horizons. The wind

P95 (65.9%) and maximum (111.8%) similarly anchor the EOLICA_MAX values. The combined

VRE P95 (73.2%) and maximum (126.0%) anchor the RENOV_MAX caps. The minimum syn-

chronous share of 4.2%, with 214 hours below 10%, confirms that the SINC_MIN thresholds are

conservative: even the 10% floor (2050) has already been breached in the historical record, while

the 30% floor (2030) is well above the observed extreme. These observations provide empiri-

cal support for the constraint values and ensure that the scenario projections extend the historical

operating envelope gradually rather than imposing discontinuous breaks. The cap values were se-

lected to extend the historical envelope progressively, using the P95 and maximum as anchoring

references and allowing increasingly aggressive penetration at the longer horizons. For example,

the 2030 SOLAR_MAX of 60% lies just below the historical maximum of 62.7%, while the 2050

value of 90% permits shares well beyond the historical record, reflecting the expectation of a five-

fold increase in installed solar capacity. No formal optimisation of these values was performed,

their individual sensitivity is not quantified in this work, which should be borne in mind when

interpreting the projections.

Table 5.2: Empirical validation of the operational constraints: historical statistics versus scenario
limits.

Variable Mean P95 Max 2030 2040 2050
hist. hist. hist. (cap) (cap) (cap)

Solar (hourly) 9.2% 38.0% 62.7% 60% 75% 90%

Wind (hourly) 26.7% 65.9% 111.8% 90% 110% 130%

VRE (hourly) 35.9% 73.2% 126.0% 90% 95% 100%

Synchronous (min.) 47.4% — 4.2% ≥30% ≥20% ≥10%

5.2 Artificial Neural Network

5.2.1 In-Sample Performance

The in-sample performance metrics and the perturbation-based sensitivity analysis of the final

ANN were reported in Section 4.4. This section presents two additional diagnostics: the predicted-

versus-observed scatter plot and the disaggregation of prediction errors by price regime, season,

and period of the day.

Figure 5.5 plots predicted against observed prices for a random subsample of 3 000 obser-

vations. The cloud follows the 45° line closely over the central region of the price distribution,
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indicating good predictive accuracy for the range where most observations are concentrated. Dis-

persion increases towards both tails: the model tends to overestimate very low prices and underes-

timate the highest prices, consistent with a regression-to-the-mean effect. This behaviour is typical

of feed-forward neural networks trained on heavy-tailed distributions, where most observations lie

in the central region of the distribution, causing the optimisation process to prioritise reducing

errors for common price levels rather than the comparatively rare extreme events.

Figure 5.5: ANN predicted versus observed prices (3 000 randomly sampled observations). The
diagonal represents perfect prediction.

Table 5.3 confirms this pattern quantitatively. The bias (mean signed error) measures the

systematic tendency of the model to over- or underestimate prices in a given regime. A positive

bias indicates overestimation, a negative bias indicates underestimation. The model performs best

in the medium-price range (50–100 EUR/MWh, MAE = 11.48) and worst at the extremes. In

the very-low-price regime (0–25 EUR/MWh), the average bias is +8.46 EUR/MWh. In the very-

high-price regime (>150 EUR/MWh), the bias is −10.14 EUR/MWh, indicating that the most

extreme price spikes are systematically under-captured. This asymmetric error profile is relevant

for the scenario analysis: under deeply decarbonised conditions, the frequency of very-low-price

hours is expected to increase, and the model’s tendency to overestimate in this range means that

the projected mean prices may be slightly higher than they would be under a model with better tail

performance.
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The disaggregation by price regime serves as a diagnostic proxy, confirming that the residual

structure is dominated by regression-to-the-mean effects at the tails rather than by systematic

misspecification in the central range.

Table 5.3: ANN prediction error by price regime, 2023–2025.

Regime (EUR/MWh) N (%) MAE RMSE Bias

Negative (< 0) 1.5% 9.01 11.52 −1.52

Very low (0–25) 19.2% 12.56 16.94 +8.46

Low (25–50) 12.2% 12.24 16.05 +5.32

Medium (50–100) 35.2% 11.48 14.78 −1.91

High (100–150) 28.8% 10.98 14.55 −4.78

Very high (> 150) 3.1% 15.78 22.50 −10.14

Overall 100% 11.73 15.56 −0.12

Table 5.4 disaggregates the error by season and by period of the day. Seasonal variation is

modest (MAE from 11.38 in winter to 12.11 in autumn), indicating good generalisation across

the year. The intraday pattern shows slightly higher errors in the evening hours (MAE = 13.15),

consistent with the higher price volatility during peak demand.

Table 5.4: ANN prediction error by season and by period of the day.

Season MAE RMSE Bias Period MAE RMSE Bias

Winter 11.38 15.15 −0.08 Night (0–6 h) 10.57 14.07 −0.13

Spring 11.77 15.75 +0.19 Morning (7–11 h) 11.97 15.86 +0.02

Summer 11.67 15.34 −0.53 Solar (12–16 h) 11.14 14.61 −0.54

Autumn 12.11 15.99 −0.04 Evening (17–23 h) 13.15 17.33 +0.10

5.2.2 Scenario Projections

The ANN was applied to both scenarios using the seven-constraint configuration (without

GAS_MIN). Table 5.5 presents the results.

Table 5.5: ANN scenario projections (EUR/MWh).

Baseline Scenario A Scenario B

2030 2040 2050 2030 2040 2050

EUR/MWh 83.25 96.01 −63.69∗ −90.61∗ 82.85 93.52 91.62
∆ +15.3% −176.5% −208.8% −0.5% +12.3% +10.1%
∗ Economically meaningless – extrapolation failure (see text).
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Under Scenario B (constant fuel and carbon prices), the ANN produces plausible results across

all horizons: a negligible decrease in 2030 (−0.5%) followed by moderate increases at 2040

(+12.3%) and 2050 (+10.1%). This suggests that, within the non-linear mapping learned by

the network, the upward pressure from demand growth slightly dominates the downward pressure

from renewable expansion when fuel prices are held constant.

Under Scenario A, the 2030 projection (+15.3%) remains plausible, as the fuel and carbon

price scaling factors are still moderate. The 2040 and 2050 projections, however, produce median

prices of −63.7 and −90.6 EUR/MWh, which are economically meaningless. This catastrophic

failure arises because the Scenario A inputs lie far outside the historical training domain. The

TTF natural-gas price at the 2050 horizon is scaled to approximately 17 EUR/MWh, which in z-

score terms represents z = (17−37.24)/6.15 ≈−3.3 standard deviations below the training mean

(outside the range but not extreme). The EU ETS allowance price at approximately 300 EUR/t,

however, lies at z = (300− 75.13)/9.44 ≈ +23.8 standard deviations above the training mean.

No observation remotely close to this value was seen during training. The non-linear activation

functions of the hidden layer, which perform well within the training envelope, produce cascading

distortions when driven this far outside it, resulting in outputs that have no economic meaning.

Based on the historical data and the direct application of the trained network to the scenario

inputs, the ANN was unable to produce credible projections under conditions that deviate substan-

tially from the training domain. This finding does not imply that neural networks are inherently

unsuitable for long-term scenario analysis. Rather, it demonstrates that a standard feedforward

network, applied without explicit mechanisms to handle extrapolation, may produce physically

implausible projections under structurally different conditions. The implications of this result are

discussed in Section 5.6.

5.2.3 Intraday Price Profiles

Figure 5.6 presents the ANN intraday profiles under Scenario B. The profiles are qualita-

tively consistent with the historical pattern, confirming that the ANN produces plausible intraday

structure when the inputs remain within the training domain. Under the baseline, the daily price

range (evening peak minus midday trough) is approximately 70.6 EUR/MWh (minimum 40.2 at

h15, maximum 110.8 at h22). In 2030, the range narrows to 55.6 EUR/MWh as the expanding

renewable capacity compresses prices without yet fundamentally altering the profile shape. By

2040–2050, however, the maximum shifts from the evening (h22) to the morning (h8), and the

range widens to approximately 79–81 EUR/MWh, indicating that the ANN captures a structural

change in the intraday pattern even under constant fuel prices. The midday minimum remains at

h15 across all horizons.
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Figure 5.6: ANN intraday price profiles under Scenario B (constant fuel prices): baseline versus
2030, 2040, and 2050.

Under Scenario A (Figure 5.7), distortions are already visible at the 2030 horizon: the min-

imum drops to −14.8 EUR/MWh at h19 and the maximum jumps to 166.0 EUR/MWh at h11,

producing an implausible daily range of 180.8 EUR/MWh that is more than double the histori-

cal range. The intraday shape is inverted relative to the baseline, with the peak in the morning

rather than the evening. The 2040 and 2050 profiles collapse entirely, with median prices negative

across most hours (2050: minimum −173.4 at h18, maximum +5.6 at h14). This provides a visual

confirmation of the extrapolation failure documented in Section 5.2.2.
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Figure 5.7: ANN intraday price profiles under Scenario A (projected fuel prices): baseline versus
2030, 2040, and 2050.

5.2.4 Assessment

Table 5.6 summarises the ANN’s suitability across the scenario space.

Table 5.6: ANN suitability by scenario and horizon.

In-sample 2030 2040 2050

Scenario B R2 = 0.883 Plausible (−0.5%) Plausible (+12.3%) Plausible (+10.1%)
Scenario A R2 = 0.883 Plausible (+15.3%) Fails (−176.5%) Fails (−208.8%)

The ANN is suitable for characterising historical price-formation dynamics and for scenario

analysis in which the inputs remain within or close to the training domain. The extrapolation

failure extends beyond the price level to the volatility metrics: under Scenario A at 2040, the

projected standard deviation rises to 144.6 EUR/MWh and the frequency of negative prices reaches

61%, confirming that the distortion is pervasive rather than confined to the central tendency. It is

not suitable for Scenario A at the 2040 and 2050 horizons, where the fuel and carbon price inputs

lie far outside the historical range. This limitation motivates the development of the Bayesian

linear regression, presented in the following sections.
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5.3 Bayesian Linear Regression: Estimation

5.3.1 Development Stages

The BLR was developed through three iterative stages, described in detail in Section 4.5.2.

Stage 1 (flat priors, no saturation, no interaction) attains R2 = 0.565 and MAE = 24.07 EUR/MWh.

Stage 2 introduces informative priors, the solar saturation function, and the Solar×Hour interac-

tion (R2 = 0.593, MAE = 23.26). Stage 3 adds the GAS_MIN constraint, which affects only the

scenario inputs. Stage 2 is adopted as the primary specification; Stage 3 is assessed as a sensitivity

extension in Section 5.5. The empirical comparison of the three stages’ scenario projections is

presented in Section 5.4.1.

5.3.2 Posterior Coefficients

The prior distributions were specified in Section 4.5.2. This section presents the posterior

coefficients that result from updating those priors with the 2023–2025 historical data. Table 5.7

presents the full posterior coefficient table of the final hourly BLR, including the temporal controls

and the Solar×Hour interaction terms.

Table 5.7: Posterior coefficients of the final hourly BLR (EUR/MWh per standard deviation of
input). HDI: 95% highest-density interval.

Variable PIP Post. med. Post. std 95% HDI

Lower Upper

Generation shares
Wind 1.000 −16.54 4.25 −23.45 −12.25
Solar 1.000 −18.82 2.73 −23.09 −15.73
Hydro 1.000 −14.74 5.28 −23.34 −9.38
Gas CC 1.000 +8.76 2.11 +5.46 +11.14
Gas cog. 1.000 +4.47 0.31 +3.95 +4.98
Other thermal 1.000 +3.54 0.24 +3.15 +3.95
Pumped storage 0.961 −6.59 2.44 −9.34 −2.76
Net balance 0.630 −4.90 5.84 −14.49 +0.90

Demand and fuel prices
Consumption 1.000 +11.25 0.33 +10.70 +11.78
TTF 1.000 +11.74 0.21 +11.40 +12.08
CO2 0.993 +0.89 0.25 +0.51 +1.30

Temporal controls
Hour 1.000 −2.25 0.24 −2.64 −1.85
Month 1.000 +10.52 0.75 +9.31 +11.75
Week 1.000 −5.08 0.74 −6.28 −3.84

Solar×Hour interaction
Solar ×sin(hour) 1.000 +4.31 0.18 +4.00 +4.62
Solar ×cos(hour) 1.000 −8.51 0.18 −8.82 −8.19
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The renewable coefficients are substantially more negative than the prior mean of −8, con-

sistent with the merit-order effect (Section 3.1) and indicating that the effect in the 2023–2025

MIBEL data is stronger than the conservative prior. Solar exhibits the largest absolute coeffi-

cient (−18.82), consistent with the concentrated production profile documented in Section 5.1.4:

because solar output is compressed into a narrow band of hours, each percentage point of solar

share produces a sharper price depression than the more evenly distributed wind (−16.54) or hy-

dro (−14.74). The consumption coefficient (+11.25) is close to the prior (+10), confirming the

expected demand-driven upward pressure. The gas CC coefficient (+8.76) is close to the prior

(+8), consistent with its frequent role as the price-setting technology.

The TTF coefficient (+11.74) is estimated with very high precision (posterior standard de-

viation 0.21, 95% HDI [11.40, 12.08]), reflecting the strong and well-documented gas-to-power

pass-through. The CO2 coefficient (+0.89) is well below the prior of +2: the data pulled the

posterior substantially towards zero, reflecting the limited variability of the EU ETS price during

the estimation period. This asymmetry between the TTF and CO2 coefficients (the gas price exerts

more than thirteen times the effect of the carbon price) has direct consequences for the scenario

projections, because it means that the declining TTF trajectory in Scenario A dominates the rising

EU ETS trajectory.

The net balance coefficient (−4.90) has the widest posterior uncertainty (standard deviation

5.84, 95% HDI including zero), and its PIP of 0.630 is the lowest among the retained variables,

consistent with the complex and bilateral nature of cross-border flows.

Among the temporal controls, the Month coefficient (+10.52) is the second largest in abso-

lute value after Solar. This magnitude captures residual seasonal effects not fully explained by

the generation shares alone, principally the seasonal covariation of gas prices, hydrological condi-

tions, and demand patterns that affect the price level beyond what the individual technology shares

represent. The Hour coefficient (−2.25) appears modest in isolation, but the hour variable is coded

as 0–23 and z-normalised, so the full intraday effect is captured by the combination of this linear

term with the Solar×Hour interaction terms (solar_x_sin: +4.31, solar_x_cos: −8.51). Together,

these three coefficients determine the amplitude (∼9.3 EUR/MWh) and phase (∼ −37◦) of the

intraday modulation of the solar effect, whose role in the scenario projections is analysed in Sec-

tion 5.4.5. Table 5.8 and Figure 5.8 summarise the prior-to-posterior updating for all economically

motivated variables.
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Table 5.8: Prior-to-posterior updating for the economically motivated variables (EUR/MWh per
standard deviation of input).

Variable Prior µ Post. med. Interpretation

Solar −8 −18.82 Merit-order effect stronger than prior

Wind −8 −16.54 Same direction, substantially stronger

Hydro −8 −14.74 Same direction, substantially stronger

Consumption +10 +11.25 Close to prior; demand effect confirmed

Gas CC +8 +8.76 Close to prior; marginal role confirmed

Gas cog. +5 +4.47 Close to prior

Net balance −6 −4.90 Data suggests weaker effect than prior

TTF +10 +11.74 Close to prior; gas pass-through confirmed

CO2 +2 +0.89 Data pulled towards zero

Figure 5.8: Prior-to-posterior updating: prior mean (open circle) and posterior median with 95%
HDI (solid circle and bar) for each economically motivated variable. The Solar×Hour interaction
terms are omitted from this figure.

The energy-balance caveat discussed in Section 4.5 applies: individual coefficients are partial

effects within the linear model, not isolated causal impacts. The scenario-construction procedure

mitigates this by varying the shares jointly.
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5.3.3 Baseline Profiles

5.3.3.1 Intraday Profile

Table 5.9 presents the posterior predictive intraday profile for the historical baseline and Fig-

ure 5.9 illustrates the corresponding profile. Median prices fall from approximately 79 EUR/MWh

at midnight to a minimum of approximately 46 EUR/MWh at hour 15 (the trailing edge of the so-

lar window), before rising to approximately 91 EUR/MWh at hours 20–21 (the evening peak).

Therefore, the daily price range is approximately 45 EUR/MWh, substantially narrower than the

70.6 EUR/MWh range produced by the ANN for the same baseline (Section 5.2.3), reflecting the

BLR’s linear specification, which compresses the tails of the price distribution. The BLR baseline

range serves as the reference against which the scenario projections are compared in Section 5.4.4.

The 90% credible interval widens during the afternoon hours, reaching 141 EUR/MWh at hour 16,

reflecting the greater conditional uncertainty associated with solar-driven price depression.

The width of the 90% credible interval (79.0–140.6 EUR/MWh depending on the hour) re-

flects the natural dispersion of individual hourly prices rather than imprecision of the model’s

central estimate. Within any given hour of the day, the actual price varies substantially across the

1 096 days in the sample depending on the specific combination of wind, solar, hydro availability,

demand level, and fuel prices. The interval is widest during the afternoon hours (h15–16, width

≈ 135–141 EUR/MWh), where the solar share is most variable, and narrowest during the evening

peak (h20–21, width ≈ 79–83 EUR/MWh), where demand is consistently high and the generation

mix is more predictable.

Table 5.9: BLR hourly: baseline intraday price profile (posterior predictive distribution,
EUR/MWh).

Hour Median P5 P95 90% CI width

0 78.6 28.4 129.2 100.8

4 72.7 16.5 132.4 115.9

8 81.1 29.9 131.4 101.5

12 60.7 13.0 117.0 104.0

15 45.8 −20.6 114.2 134.8

16 52.4 −19.5 121.1 140.6

20 91.0 51.1 130.1 79.0

21 91.4 49.8 132.9 83.1
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Figure 5.9: BLR hourly baseline intraday price profile: posterior predictive median (solid line)
with 90% credible interval (shaded band), 2023–2025.

5.3.3.2 Monthly Profile

Table 5.10 presents the posterior predictive monthly profile and Figure 5.10 illustrates the

corresponding profile.

The seasonal pattern is characterised by a spring trough and a winter peak, but the contrast

is less sharp than a simple two-season summary would suggest. The lowest median prices occur

in spring: March and May share the minimum at approximately 55—58 EUR/MWh, with April

even lower at 47.5 EUR/MWh. April stands out as the single cheapest month because it com-

bines above-average wind (Section 5.1.5) with rising solar output and moderate demand, creating

conditions that frequently push the system into the low-cost segment of the supply curve. The

highest median prices are spread across a broad autumn–winter plateau: August (76.7), Octo-

ber (79.8), November (81.1), January (80.2) and February (81.3) all cluster between 77 and 81

EUR/MWh, with December (86.5) standing above them as the annual peak. The December peak

reflects the combination of the highest winter demand with the lowest solar contribution (Sec-

tion 5.1.4), which maximises the frequency of gas-fired marginal dispatch. The relative flatness

of the July—February plateau (74—87 EUR/MWh) indicates that the price-moderating effect of

summer solar is approximately offset by the lower wind availability in those months, producing a

seasonal equilibrium that is broken only in spring.

The 90% credible intervals span the full range of hourly prices observed within each month,

including both low-price solar-surplus hours and high-price evening hours. The narrowest in-

tervals occur in November (85.2 EUR/MWh width) and December (92.7), months in which the

generation mix is relatively stable. The widest intervals occur in February (135.6) and March

(124.9), reflecting the greater hydrological and wind uncertainty characteristic of late winter and

early spring: in these months, the generation mix can vary substantially from one year to the next
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depending on rainfall and wind patterns, and this input uncertainty propagates directly into the

price predictions. This seasonal uncertainty structure is relevant for the scenario projections: the

months with the widest historical uncertainty are precisely those where the most extreme price

outcomes occur under the decarbonised scenarios.

Table 5.10: BLR hourly: baseline monthly price profile (posterior predictive distribution,
EUR/MWh).

Month Median P5 P95 90% CI width

Jan 80.2 25.5 131.7 106.2

Feb 81.3 8.7 144.3 135.6

Mar 58.4 -0.4 124.5 124.9

Apr 47.5 -6.8 113.6 120.4

May 55.2 1.3 110.1 108.8

Jun 73.5 11.0 127.2 116.2

Jul 74.4 9.4 123.7 114.4

Aug 76.7 10.2 131.3 121.1

Sep 77.4 20.0 128.9 108.8

Oct 79.8 28.3 127.5 99.2

Nov 81.1 33.6 118.8 85.2

Dec 86.5 39.0 131.7 92.7

Figure 5.10: BLR hourly baseline monthly price profile: posterior predictive median with 90%
credible interval, 2023–2025.
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5.4 BLR Scenario Projections

5.4.1 Constraint Diagnostics and Stage Comparison

Before analysing the projections, Table 5.11 summarises the frequency with which each oper-

ational constraint binds across the scenario horizons. Because the constraints are applied during

the scenario construction, before the generation shares are fed to either model, the seven-constraint

diagnostics reported here apply identically to the ANN and to the BLR Stage 2 (the two models

compared in Section 5.4.3). The generation shares are also identical in Scenarios A and B, since

the two scenarios differ only in fuel and carbon prices. The GAS_MIN constraint, which applies

exclusively to BLR Stage 3, is discussed separately in Section 5.5.

Table 5.11: Frequency with which each operational constraint binds (% of 26 304 scenario hours).
These diagnostics apply to both the ANN and BLR Stage 2 (seven-constraint configuration, with-
out GAS_MIN).

Constraint 2030 2040 2050

tanh solar saturation 8.8% 23.1% 33.3%

SOLAR_MAX 20.9% 25.4% 24.2%

EOLICA_MAX 5.3% 1.6% 0.4%

RENOV_MAX 14.3% 20.9% 27.0%

GAS_MAX 24.4% 27.8% 35.2%

Energy balance (>100%) 61.3% 63.6% 64.1%

SINC_MIN 49.2% 37.5% 22.5%

The tanh saturation row reports the percentage reduction
in the solar scaling factor relative to the unsaturated value.
All other rows report the percentage of the 26 304 sce-
nario hours in which the constraint binds at its upper or
lower limit.

Several patterns are noteworthy. The energy-balance constraint binds in over 60% of hours

across all horizons, confirming that the combination of scaled renewable shares and demand

growth frequently produces generation totals that exceed 100% of load before the balancing step

clips them. This high binding frequency means that the constraint is not merely a safety check

but an active shaper of the scenario generation mixes, a point that should be borne in mind when

interpreting the projections.

The solar saturation function becomes progressively more consequential as the horizon ad-

vances. At the 2030 horizon, the tanh function compresses the raw scaling factor from ×3.26 to

×2.97 (an 8.8% reduction), affecting a relatively modest number of hours. By 2050, the compres-

sion is from ×7.72 to ×5.15 (a 33% reduction), affecting every solar hour and preventing the solar

share from reaching physically implausible levels. Without this saturation, the 2050 solar shares

would extend far beyond any plausible grid-absorption capacity.
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The SINC_MIN constraint exhibits a declining trend: it binds in 49.2% of hours in 2030

(where the 30% floor is most demanding) but drops to 22.5% by 2050 as the floor is progressively

relaxed to 10%. This decline reflects the modelling assumption that grid-forming technologies and

advanced inverter controls will reduce the minimum synchronous requirement over the horizon.

The GAS_MAX constraint, by contrast, tightens across horizons (from 24.4% to 35.2%), re-

flecting the progressive reduction of installed gas capacity under the RNC2050: by 2050, over a

third of hours see gas capped at the residual 0.6% of demand.

The RENOV_MAX constraint (combined wind + solar ceiling) binds increasingly across hori-

zons, from 14.3% in 2030 to 27.0% in 2050, reflecting the growing frequency of hours in which

the combined VRE share approaches or exceeds the scenario-specific cap.

The EOLICA_MAX constraint is rarely binding, especially by 2050 (0.4%), because the wind

scaling factors are moderate (×1.38–×1.41) and the wind caps are set well above the scaled his-

torical maxima.

5.4.2 Effect of BLR Specification Stages on Scenario Projections

Table 5.12 compares the median projected prices across the three BLR development stages for

the hourly model. Figure 5.11 illustrates the same comparison graphically. The stage comparison

is presented for the hourly model only, because the refinements that distinguish the stages are either

specific to the hourly specification or have their most consequential effects at hourly resolution.

Table 5.12: BLR hourly: median projected prices (EUR/MWh) under Scenarios A and B by
development stage.

Scenario A Scenario B

Stage Baseline 2030 2040 2050 2030 2040 2050

Stage 1 (flat priors) 72.62 67.98 80.30 78.61 71.60 78.52 78.57
Stage 2 (informative, no GAS_MIN) 72.63 70.07 77.84 74.59 75.05 79.61 78.86
Stage 3 (informative, GAS_MIN) 72.63 74.79 82.06 75.07 79.77 83.84 79.35
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Figure 5.11: BLR hourly: median projected prices under Scenarios A and B by development stage.

The three stages produce broadly similar price-level projections, despite moderate differences

in the projected price levels, confirming that the qualitative conclusions are robust to the specifi-

cation choices. The choice of Stage 2 as the primary specification is therefore motivated not by

superior aggregate projections but by the quality of the underlying model specification, namely the

use of economically grounded priors, physical solar saturation, and hour-dependent solar effects.

The importance of these refinements, however, only becomes apparent when the intraday profiles

are examined.

Figure 5.12 presents the projected profiles under Stage 1.

Figure 5.12: Projected intraday price profiles under Stage 1 (flat priors, without Solar×Hour in-
teraction) for baseline, 2030, 2040, and 2050 under Scenarios A (left) and B (right).

The critical feature is the behaviour between hours 10 and 16. In the baseline, a clear midday

trough is visible. As the projection horizon advances, the solar share increases and this trough

should deepen, yet under Stage 1 it progressively flattens instead. The distortion is already ap-

parent at 2030, where the afternoon depression weakens noticeably relative to the baseline, and

becomes qualitatively incorrect by 2040, where the midday hours show prices comparable to the
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morning level. This occurs because Stage 1 applies a single average solar coefficient to all hours:

estimated as a compromise between the strong midday effect and the zero night-time effect, it

underestimates the price-depressing power of solar during peak hours and overestimates it dur-

ing non-solar hours. Without the Solar×Hour interaction, the model cannot differentiate the solar

effect across hours, and the misspecification compounds as the solar share grows. The Stage 2

profiles, presented in the sections that follow, recover the empirically observed pattern of a deep

midday trough and a persistent evening peak, providing the most direct empirical justification for

the Solar×Hour interaction. Having established the rationale for adopting Stage 2 as the primary

specification, the remainder of Section 5.4 presents its scenario projections in detail.

5.4.3 Projected Price Levels

To ensure a fair comparison across modelling approaches, the BLR results reported in this

section correspond to Stage 2 (informative priors, solar saturation, and Solar×Hour interaction,

without GAS_MIN), the same seven-constraint configuration used for the ANN in Section 5.2.2.

Table 5.13: Scenario projections: median prices (EUR/MWh) and percentage change versus base-
line. BLR intervals are 90% posterior predictive [P5–P95].

Scenario A Scenario B

Model Baseline 2030 2040 2050 2030 2040 2050

BLR Hourly (Stage 2) 72.63 70.07 77.84 74.59 75.05 79.61 78.86
(−3.5%) (+7.2%) (+2.7%) (+3.3%) (+9.6%) (+8.6%)

[66.8–73.3] [69.5–86.0] [64.3–84.9] [73.5–76.5] [77.3–82.0] [75.7–82.0]

BLR Daily (Stage 2) 72.61 62.49 58.97 54.30 78.57 89.93 94.06
(−13.9%) (−18.8%) (−25.2%) (+8.2%) (+23.8%) (+29.5%)

[52.5–72.9] [32.4–96.9] [20.9–89.1] [75.2–82.1] [82.4–97.6] [83.3–105.1]

Scenario B: structural effect. Under Scenario B, where fuel and carbon prices are held con-

stant, all BLR specifications project prices above the baseline across all horizons. The central

finding is that demand growth dominates the merit-order effect: electricity demand under the

RNC2050 increases by +11.4%, +52.5%, and +77.2% relative to the 2020 baseline, and this

load growth pushes the system up the supply curve more frequently than the expanding renew-

able capacity can offset. The BLR hourly model projects a non-monotone pattern: prices peak at

2040 (+9.6%) and ease slightly by 2050 (+8.6%), suggesting that the massive solar expansion

projected for 2050 partially compensates the continued demand growth but does not reverse the

upward trend. The BLR daily model projects a monotonic increase reaching +29.5% by 2050.

Scenario A: the combined effect. Under Scenario A, the declining TTF and rising EU ETS

have partially offsetting effects. As documented in Section 5.3.2, the TTF coefficient dominates

the CO2 coefficient, so the decline in gas prices exerts a stronger downward pressure than the rise

in carbon prices exerts upward. In the hourly model, these two opposing forces nearly cancel,
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resulting in modest net changes: −3.5% in 2030, +7.2% in 2040, and +2.7% in 2050. In the

daily model, the downward pressure from fuel prices dominates, producing progressive declines

(−13.9%, −18.8%, −25.2%).

The widening of the credible intervals across horizons reflects the compounding of uncertainty

as the inputs diverge from the historical domain. The 2050 projections are best understood as

directional assessments rather than precise estimates.

Contribution of fuel and carbon prices. The difference between Scenarios A and B, condi-

tional on the same generation mix, isolates the contribution of the fuel and carbon price trajecto-

ries.

Table 5.14: Difference A−B in median projected prices (EUR/MWh). Negative values indicate
that the Scenario A fuel and carbon trajectories reduce prices relative to constant-fuel Scenario B.

Model 2030 2040 2050

BLR Hourly (Stage 2) −4.98 −1.77 −4.27

BLR Daily (Stage 2) −16.08 −30.96 −39.76

The negative A−B differences confirm that the projected TTF decline exerts a net downward

effect that exceeds the upward effect of the rising CO2. A fundamental qualification applies to the

2050 results: the gas-price transmission channel narrows substantially when gas represents only

0.6% of demand (Assumption 7, Section 4.6.1). Scenario B provides the more robust reference.

The implications of this qualification are discussed in Section 6.4.

It should be noted that the linearity of the BLR ensures numerical stability under extrapolation

but does not resolve the question of whether the estimated CO2 coefficient (+0.89, estimated from

a range of 65–90 EUR/t) remains economically meaningful when applied to 300 EUR/t. At such

extreme values, the true relationship between the carbon price and the electricity price may be

non-linear or may operate through different channels than those captured by the historical data.

5.4.4 Intraday Price Profiles Under Scenarios

Figure 5.13 presents the intraday price profiles projected by the BLR hourly model (Stage 2)

for both scenarios across all horizons. The contrast with the Stage 1 profiles (Section 5.4.1) is

immediate: the interaction term recovers the deep midday trough and persistent evening peak that

Stage 1 failed to reproduce.
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Figure 5.13: Intraday price profiles under Scenarios A (left) and B (right): posterior predictive
median by hour for baseline, 2030, 2040, and 2050 (BLR hourly, Stage 2).

Under both scenarios, the intraday price profiles evolve progressively towards a duck-curve-

like pattern as the projection horizon advances. Relative to the historical profile, the period of

lower daytime prices becomes more extended, while the evening peak remains the dominant daily

maximum. This evolution reflects the increasing influence of photovoltaic generation during day-

light hours, which depresses prices through the merit-order effect, whereas prices recover rapidly

after sunset as solar production declines and demand remains comparatively high.

The evolution is, however, non-monotonic. In 2030, the daily price range narrows substan-

tially (from 46.7 to approximately 34 EUR/MWh in both scenarios), with the minimum shifting

from the historical afternoon trough (h15) to the early morning (h6) and the maximum moving

from the evening peak (h21) to mid-morning (h9–10). This behaviour suggests that, at moder-

ate solar penetration, the increase in photovoltaic generation is sufficient to weaken the historical

afternoon trough but not yet to establish the characteristic daytime pattern observed at longer hori-

zons. At the same time, the projected increase in electricity demand offsets part of the downward

pressure exerted by renewable generation during the afternoon. The 2030 profile thus represents a

transitional regime: moderate solar scaling (×2.97) is sufficient to erode the historical afternoon-

trough/evening-peak pattern but insufficient to establish the deep duck curve that emerges at 2040–

2050. This transition has practical implications for flexibility scheduling, as the hours of greatest

price spread shift from evening to morning at 2030 before returning to evening at the longer hori-

zons.

From 2040 onwards, the historical pattern progressively re-emerges in a modified form. The

minimum returns to the afternoon (approximately h15–16), while the evening peak again becomes

the highest-priced period of the day (h20–21). Compared with the historical profile, the day-

time period of relatively low prices extends over a wider interval, although the minimum price

itself changes only modestly. By 2050, the daily price range increases to approximately 54–

55 EUR/MWh, exceeding the historical range of 46.7 EUR/MWh. These results indicate that

increasing photovoltaic penetration alters primarily the temporal distribution of prices throughout

the day rather than simply reducing their overall level.
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Although gas-fired combined-cycle generation becomes almost negligible in the RNC2050

pathway, the projected evening peak persists. Within the model, this behaviour is explained by

the combined effect of demand growth and the estimated temporal structure rather than by the

marginal cost of a specific generation technology. In a real system with near-zero gas generation,

the evening price would be set by whichever technology fills the residual gap (storage, imports,

demand response, or a yet-to-be-deployed flexibility resource) none of which are explicitly repre-

sented in the model. The projected evening peak should therefore be interpreted as indicating that

evening scarcity conditions persist under the RNC2050 trajectory, rather than as a prediction of

the specific price level that would be observed.

The two scenarios exhibit almost identical intraday shapes because they assume the same

evolution of the generation mix. The principal difference lies in the overall price level: Scenario A

produces consistently lower prices across the day owing to the projected decline in fuel prices,

whereas Scenario B isolates the effect of the renewable transition by holding fuel prices constant.

This nearly uniform downward shift is consistent with the additive structure of the BLR model,

whereby the fuel-price variables modify the overall price level without materially changing the

hourly profile.

5.4.5 Rightward Shift of the Price Minimum

A salient feature of the projected profiles is the progressive rightward shift of the entire intra-

day price curve across the horizons. Figure 5.14 illustrates this shift by comparing the solar share,

net load and price profiles between the historical baseline and 2050 Scenario B.

In the baseline, the price minimum occurs at approximately hour 15 and the steepest afternoon-

to-evening ramp begins at hour 17. By 2050, the low-price window extends further into the late

afternoon, with the minimum shifting to approximately hour 16 and the evening ramp beginning

later. This shift affects not only the position of the minimum but the entire afternoon and evening

structure of the price profile.
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Figure 5.14: Solar share, net load and price profiles: historical baseline versus 2050 Scenario B
(BLR hourly, Stage 2).

In the historical data, the solar peak and the net-load minimum both occur at approximately

hour 13, but the price minimum occurs two hours later, at hour 15. In a real electricity market, this

lag reflects start-up costs, minimum operating times and ramping constraints of thermal plants.

The BLR does not represent these mechanisms explicitly but absorbs the lag pattern implicitly

from the historical data.

In 2050, the solar peak shifts earlier (to approximately hour 12) and the window of high solar

generation broadens substantially, producing a wide and flat net-load valley between approxi-

mately hours 8 and 16. The factor-group decomposition (Figure 5.15) identifies the Solar×Hour

interaction term as the mechanism responsible for the rightward displacement. In 2050, its influ-

ence is visibly amplified because it is multiplied by a much higher solar share: during morning

hours of rising solar output, the positive interaction coefficient pushes prices upward, partially off-

setting the downward pressure. During the afternoon, the coefficient reverses sign and aligns with

the negative renewable-share coefficients, so that the two effects reinforce each other rather than
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opposing, amplifying the solar-driven depression and extending the low-price window towards the

late edge of the solar period. The net effect is that the rightward displacement arises not because

the solar peak moves later (it actually moves earlier, to approximately hour 12) but because the

broadened solar window interacts with the trigonometric structure of the interaction term: the

cos(2πh/24) component is more negative in the late afternoon than at midday, so that the price-

depressing contribution of each unit of solar generation increases as the hour advances through

the afternoon. When multiplied by the substantially higher solar shares projected for 2050, this

asymmetry shifts the price minimum from hour 15 to hour 16.

The same mechanism, operating at different intensities, explains the contrasting behaviour

at the earlier horizons described in Section 5.4.4. In 2030, the solar scaling factor (×2.97) is

insufficient for the Solar×Hour interaction to dominate the profile: its amplitude is too small to

overcome the combined effect of demand growth (+11.4%) and the baseline temporal coefficients,

so the afternoon depression weakens without being replaced by a new, deeper trough, and the

price minimum defaults to the hour of lowest absolute demand (h6). In 2040, the solar scaling

factor (×4.51) crosses the threshold at which the interaction term regains dominance: the cos

component depresses afternoon prices enough to re-establish the duck-curve pattern and pull the

minimum back to the afternoon (h15–16), though the rightward displacement is less pronounced

than in 2050 because the solar shares are lower and the trigonometric asymmetry is less amplified.

Figure 5.15: Decomposition of the intraday price profile by factor group: baseline versus Sce-
nario B 2050 (BLR hourly, Stage 2).

This shift should be interpreted with caution. The Solar×Hour interaction was estimated from

historical data in which the solar share reached at most approximately 28% of demand during the

relevant hours. In the 2050 scenario, the solar share is extrapolated to substantially higher levels.

The broad pattern (that prices are low throughout the afternoon and high in the evening) is robust,

because it is driven by the net-load structure. The precise magnitude of the rightward displace-

ment, however, is a consequence of applying a historically fitted coefficient to inputs outside the

estimation domain, and should be treated as a declared limitation of the linear extrapolation.
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5.4.6 Seasonal Price Profiles

Figure 5.16 and Table 5.15 present the monthly price profiles projected by the BLR hourly

model (Stage 2) for both scenarios across all horizons.

Figure 5.16: Monthly price profiles under Scenarios A (left) and B (right): posterior predictive
median by month for baseline, 2030, 2040, and 2050 (BLR hourly, Stage 2).

Table 5.15: Monthly price profiles for BLR Hourly Stage 2.

Scenario A Scenario B

Month Baseline 2030 2040 2050 2030 2040 2050

Jan 80.2 59.6 76.0 79.4 68.0 83.6 91.3
Feb 81.3 57.7 72.0 74.5 64.5 76.8 82.8
Mar 58.4 51.0 62.7 63.5 56.4 65.3 68.9
Apr 47.5 49.2 56.5 55.1 53.6 57.4 58.1
May 55.2 64.8 66.3 60.1 68.2 65.3 60.7
Jun 73.5 78.6 79.3 71.6 82.5 79.1 73.2
Jul 74.4 84.1 86.3 75.9 87.3 85.0 76.0
Aug 76.7 86.6 88.4 77.9 90.7 88.8 80.2
Sep 77.4 83.9 87.8 78.9 88.2 88.5 81.8
Oct 79.8 75.2 81.9 79.1 81.2 85.2 85.4
Nov 81.1 68.2 80.7 81.5 74.3 84.2 88.1
Dec 86.5 80.0 93.9 95.5 84.7 95.2 99.3

The baseline seasonal pattern is characterised by a pronounced spring trough (March–April), a

summer–autumn plateau, and a winter peak centred on December. This pattern is preserved across

all horizons and both scenarios, confirming that the underlying seasonal drivers (the complemen-

tarity between wind (winter-dominant) and solar (summer-dominant) and the seasonal demand cy-

cle) remain structurally intact under the RNC2050 trajectories. What changes is the level around
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which the pattern oscillates and, to a lesser extent, its amplitude.

Under Scenario B, the entire seasonal profile shifts upward across the horizons, consistent with

the demand-driven price increase documented in Section 5.4.3. The spring trough is elevated but

preserved: March–April remains the cheapest period of the year, but at substantially higher price

levels. The December peak rises markedly, reaching approximately 95 EUR/MWh by 2040 and

continuing upward to nearly 100 EUR/MWh by 2050. The seasonal range (December minus April)

widens relative to the baseline, because the demand-growth effect is strongest in winter months,

when solar generation is scarce and the system must rely on dispatchable thermal capacity to meet

load. The 2040 and 2050 profiles cross: winter months (October–February) continue to rise from

2040 to 2050, driven by demand growth in the period of lowest solar availability, while summer

months (May–September) decline, as the massive solar expansion projected for 2050 depresses

prices during the months of highest solar output. This seasonal divergence is consistent with the

non-monotone annual trajectory: the easing from +9.6% at 2040 to +8.6% at 2050 is not a uniform

decline but the net result of rising winter prices partially offset by falling summer prices.

Under Scenario A, the declining TTF price partially offsets the demand-driven increase, but

the effect is not uniform across the year. In the winter months, where gas-fired generation remains

more frequently price-setting, the fuel-price decline produces the largest reductions relative to Sce-

nario B: for example, January 2050 falls from 91.3 (Scenario B) to 79.4 EUR/MWh (Scenario A),

a difference of nearly 12 EUR/MWh. In the summer months, where solar expansion already mod-

erates prices, the fuel-price effect is smaller: July 2050 differs by only 0.1 EUR/MWh between

the two scenarios (75.9 versus 76.0).

Relative to the baseline, Scenario A produces a mixed pattern by 2050. Among the winter

months, only November and December remain at or above the baseline level (December rises from

86.5 to 95.5 EUR/MWh), whereas January and especially February fall below it (February drops

from 81.3 to 74.5 EUR/MWh), indicating that the fuel-price decline more than offsets demand

growth in these months. The spring months rise above the baseline (April from 47.5 to 55.1

EUR/MWh, March from 58.4 to 63.5), though they remain the cheapest period of the year. The

summer months stay close to or slightly above baseline levels. The net result is that the seasonal

amplitude under Scenario A (December minus April = 95.5− 55.1 = 40.4 EUR/MWh in 2050)

is comparable to that under Scenario B (99.3−58.1 = 41.2 EUR/MWh), confirming that the fuel-

price trajectory primarily affects the overall price level rather than the relative seasonal structure.

5.4.7 Projected Volatility and Frequency of Negative Prices

The preceding sections analysed the level and the temporal structure of projected prices. This

section addresses a third dimension: the volatility of prices and the frequency of extreme low-

price events, both of which have direct implications for market participants and for the viability of

renewable investment.

It is important to distinguish two different uses of the [P5–P95] notation in this chapter. In Ta-

ble 5.13, the intervals refer to the uncertainty about the median price level across MCMC draws. In
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Table 5.16 below, the P5–P95 width refers to the spread of the individual hourly price predictions.

The former quantifies parameter uncertainty, the latter quantifies price dispersion.

The first two rows of Table 5.16 distinguish two references. “Historical (actual)” reports the

statistics of the observed prices. “Baseline (model)” reports the statistics of the model’s predictions

when fed with the historical inputs. The difference measures the model’s inability to capture

the full variability of observed prices: the BLR’s linear specification systematically compresses

the tails, producing lower σ (35.0 versus 45.5 EUR/MWh) and a narrower P5–P95 width (116.6

versus 141.5) than the observed data. This compression means the projected volatility figures

likely underestimate the true volatility that would be observed in a real decarbonised system.

Table 5.16: Projected price volatility and frequency of negative prices by scenario and horizon
(BLR hourly, Stage 2). Brackets denote the [P5–P95] interval of each statistic computed across
the 8 000 MCMC posterior draws, reflecting the posterior uncertainty about that statistic.

Scenario Horizon σ P5–P95 width % neg.
EUR/MWh EUR/MWh

Historical (actual) 45.5 141.5 1.5%
Baseline (model) 35.0 [34.7–35.3] 116.6 [115.6–117.6] 2.6% [2.5–2.7]

A 2030 35.9 [34.9–36.8] 119.1 [115.5–122.5] 3.5% [2.7–4.4]
A 2040 31.5 [30.9–32.2] 102.7 [100.8–104.9] 1.4% [0.8–2.4]
A 2050 30.1 [29.4–30.8] 97.6 [95.3–100.0] 1.3% [0.7–2.5]

B 2030 36.1 [35.1–37.1] 120.4 [116.8–123.8] 2.7% [2.3–3.2]
B 2040 31.9 [31.5–32.5] 104.4 [102.7–106.2] 1.3% [1.0–1.7]
B 2050 31.2 [30.6–31.8] 101.6 [99.7–103.8] 1.1% [0.8–1.5]

The projected volatility metrics reveal a non-monotone pattern. At the 2030 horizon, all three

metrics increase slightly relative to the baseline: σ rises from 35.0 to approximately 36 EUR/MWh,

and the frequency of negative prices increases from 2.6% to 3.5% under Scenario A. This increase

is consistent with the moderate scaling factors applied at 2030, which expand the range of VRE

shares without yet triggering the constraining effect of the renewable caps. At the 2040 and 2050

horizons, however, all three metrics decrease: σ falls to approximately 30–32 EUR/MWh, and the

frequency of negative prices drops to 1.1–1.4%.

This reversal requires careful interpretation. The decrease does not mean that future prices will

be less volatile than present prices. It reflects a property of the linear model interacting with the

scenario-construction procedure: the operational constraints bind increasingly at the longer hori-

zons (Table 5.11), compressing the variability of the generation-share inputs, and a linear model

translates reduced input variability directly into reduced output variability. In practice, a deeply

decarbonised system is likely to exhibit greater price volatility, driven by scarcity pricing, start-up

cost recovery, and flexibility mechanisms not represented in the model. The moderate increase at

2030, where the constraints are less binding and the inputs remain closer to the historical domain,

is more likely to reflect a genuine directional tendency.
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5.4.8 Hourly Versus Daily Model Divergence

The BLR hourly and daily models diverge progressively across the horizons. Table 5.17 quan-

tifies the difference for the Stage 2 specification.

Table 5.17: Divergence between hourly and daily BLR median projections (EUR/MWh): hourly
minus daily (Stage 2).

Scenario Baseline 2030 2040 2050

A: Hourly − Daily +0.0 +7.6 +18.9 +20.3

B: Hourly − Daily +0.0 −3.5 −10.3 −15.2

The baseline agreement (both models recover a median of approximately 72.6 EUR/MWh)

confirms that the divergence is driven by the scenario extrapolation, not by a systematic estima-

tion difference. Under Scenario B, the hourly model projects consistently lower prices than the

daily model, and the gap widens from −3.5 in 2030 to −15.2 EUR/MWh in 2050. Under Sce-

nario A, the direction reverses: the hourly model projects higher prices, with the gap reaching

+20.3 EUR/MWh by 2050.

This divergence reflects two structural differences. First, the daily model lacks the Solar×Hour

interaction, which in the hourly model redistributes the solar price-depressing effect across the day

rather than applying a single average coefficient. Second, daily aggregation removes the within-

day variance of the generation shares. The hourly model responds differently to the same average

conditions because the relationship between extreme hourly shares and price is non-trivially dif-

ferent from the relationship between daily-average shares and price. The divergence demonstrates

that the temporal resolution at which the model operates is not a neutral choice but a substantive

modelling decision that affects the projected price trajectory. It is not possible to isolate which of

these two mechanisms is dominant, since the daily model cannot accommodate the Solar×Hour

interaction (hour-of-day has no meaning after daily aggregation), and the two effects are therefore

structurally confounded. Given this confounding, the daily model’s projections are best used as

a consistency check on the direction of change rather than as an independent estimate of price

levels, and the hourly model is preferred wherever intraday resolution is available.

The value of this comparison lies not in quantifying the individual mechanisms but in demon-

strating that the temporal resolution at which the model operates is a consequential modelling

decision: the hourly model, which captures intraday structure, produces systematically different

projections from the daily model, which does not. This result informs the choice of the hourly

model as the primary specification.

The divergence pattern described above is reported for Stage 2. The same pattern is preserved

under Stage 3 (with GAS_MIN), because GAS_MIN shifts both models upward by a similar

amount without altering the structural differences between them (Section 5.5).
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5.5 Sensitivity to the GAS_MIN Constraint

The preceding sections presented results under a common seven-constraint configuration (with-

out GAS_MIN). This section introduces the GAS_MIN constraint (Stage 3) and assesses its effect

on the projected price levels and profiles. Because GAS_MIN was not applied to the ANN, the

Stage 3 results are presented as a sensitivity extension of the BLR projections. The rationale for

the constraint, representing capacity-availability contracts and the contribution of gas turbines to

system inertia, was established in Section 4.6.2.

5.5.1 Effect on Price Levels

Table 5.18 presents the median projected prices under Stage 3, which adds the GAS_MIN

constraint to the Stage 2 specification. The Stage 3 projections follow the same qualitative pattern

as Stage 2: under Scenario B, prices rise at all horizons, peaking at 2040 (+15.4%) before easing

at 2050 (+9.3%). The absolute levels are uniformly higher than Stage 2, reflecting the GAS_MIN

floor.

Table 5.18: BLR scenario projections with GAS_MIN (Stage 3). Median prices (EUR/MWh) and
percentage change versus baseline. Intervals are 90% posterior predictive [P5–P95].

Scenario A Scenario B

Model Baseline 2030 2040 2050 2030 2040 2050

BLR Hourly EUR/MWh 72.63 74.79 82.06 75.07 79.77 83.84 79.35
∆ +3.0% +13.0% +3.4% +9.8% +15.4% +9.3%
[P5–P95] [71.5–78.0] [73.8–90.2] [64.8–85.3] [78.2–81.3] [81.5–86.1] [76.2–82.5]

BLR Daily EUR/MWh 72.61 66.16 62.43 54.70 82.31 93.40 94.44
∆ −8.9% −14.0% −24.7% +13.3% +28.6% +30.0%
[P5–P95] [56.2–76.6] [35.9–90.1] [21.3–89.4] [78.6–86.2] [85.9–101.2] [83.8–105.5]

Table 5.19 quantifies the effect of GAS_MIN by comparing Stage 3 to Stage 2 for each sce-

nario, horizon, and resolution.

Table 5.19: Effect of the GAS_MIN constraint on median projected prices (EUR/MWh): Stage 3
minus Stage 2.

Scenario Model 2030 2040 2050

A Hourly +4.72 +4.22 +0.48

A Daily +3.67 +3.46 +0.40

B Hourly +4.72 +4.23 +0.49

B Daily +3.74 +3.47 +0.38



84 Results and Discussion

The constraint raises prices at all horizons in both scenarios, because enforcing a minimum

gas share increases the frequency with which gas-fired generation, the most expensive technol-

ogy, is dispatched. The effect is largest in 2030 (approximately +4.7 EUR/MWh in the hourly

model), where GAS_MIN = 5.2% is binding in a meaningful number of hours. By 2050, where

GAS_MIN = 0.3%, the effect is negligible (< 0.5 EUR/MWh). The effect is virtually identical

across Scenarios A and B (within ±0.02 EUR/MWh) and consistent across temporal resolutions,

confirming the mechanical nature of the constraint. The qualitative conclusions of the scenario

analysis are not altered by the presence or absence of GAS_MIN.

The introduction of GAS_MIN also affects the binding frequency of the other constraints.

Because gas is synchronous generation, enforcing a minimum gas share reduces the frequency

with which SINC_MIN binds (from 49.2% to 44.8% in 2030, from 22.5% to 22.1% in 2050). At

the same time, the additional gas generation raises total supply, which increases the frequency with

which the energy-balance constraint binds (from 61.3% to 68.7% in 2030, from 64.1% to 64.5%

in 2050). The remaining constraints (solar, wind, and renewable caps) are unaffected, as they are

applied earlier in the sequential procedure.

5.5.2 Effect on Profiles

Figure 5.17 presents the intraday profiles under Stage 3 for both scenarios across all horizons.

Figure 5.17: Intraday price profiles under Scenarios A (left) and B (right): posterior predictive
median by hour for baseline, 2030, 2040, and 2050 (BLR hourly, Stage 3).

The intraday profiles under Stage 3 are qualitatively identical to those of Stage 2 (Figure 5.13),

with only a slight upward vertical shift reflecting the higher price levels reported in Table 5.19. The

shape of the profile (the midday trough, the evening peak, and the rightward shift across horizons)

is preserved, because GAS_MIN affects the absolute level at which gas-fired generation enters the

dispatch but does not alter the relative contribution of solar, wind, or the Solar×Hour interaction

to the intraday price structure. Therefore, the rightward shift of the price minimum documented

in Section 5.4.5 persists under Stage 3.

Table 5.20 and Figure 5.18 present the seasonal profiles under Stage 3.
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Table 5.20: Monthly median projected prices (EUR/MWh) under Scenarios A and B, BLR hourly
Stage 3.

Scenario A Scenario B

Month Baseline 2030 2040 2050 2030 2040 2050

Jan 80.2 68.7 82.9 80.1 77.0 90.4 91.9
Feb 81.3 63.3 77.1 75.0 70.1 82.0 83.3
Mar 58.4 59.5 69.4 64.3 64.9 72.0 69.6
Apr 47.5 58.1 64.2 55.9 62.6 65.1 58.9
May 55.2 69.9 71.3 60.8 73.3 70.3 61.3
Jun 73.5 80.8 82.1 72.1 84.8 81.9 73.7
Jul 74.4 85.4 87.7 76.1 88.6 86.4 76.3
Aug 76.7 87.4 89.5 78.0 91.6 89.9 80.4
Sep 77.4 84.9 88.9 79.1 89.2 89.7 81.9
Oct 79.8 79.1 85.7 79.6 85.0 89.0 85.9
Nov 81.1 73.6 85.2 82.0 79.6 88.7 88.6
Dec 86.5 85.0 98.5 96.0 89.6 99.8 99.8

Figure 5.18: Monthly price profiles under Scenarios A (left) and B (right): posterior predictive
median by month for baseline, 2030, 2040, and 2050 (BLR hourly, Stage 3).

The broad seasonal structure under Stage 3 mirrors that of Stage 2: the spring trough and

winter peak are preserved, the seasonal range widens marginally under Scenario B (from 39 to ap-

proximately 41 EUR/MWh by 2050), and late-spring and summer prices converge as photovoltaic

capacity expands.

A notable feature is the relative depression of November prices, which is more pronounced in

Scenario A, where November (73.6 EUR/MWh in 2030; 85.2 in 2040) falls below the adjacent

months of October and December. This behaviour is consistent with the wind generation profile

documented in Section 5.1.5: November exhibits the highest mean wind share (33.6% of load),

and the strong merit-order effect of wind (−16.54 EUR/MWh per σ ; Table 5.7) contributes to



86 Results and Discussion

lower prices in this month than in October or December, when wind availability is lower. Under

Scenario B the same pattern is also visible but less pronounced because, in the absence of the

projected TTF decline, the higher overall price level reduces the prominence of the local November

trough.

Under Scenario A, the seasonal profile shifts downward relative to Scenario B while preserving

an almost identical monthly pattern. Although projected prices are consistently lower across the

year, the seasonal amplitude changes only marginally (40.1 versus 40.9 EUR/MWh in 2050),

indicating that declining fuel prices primarily affect the overall price level rather than the relative

seasonal structure. However, the downward shift is not perfectly uniform across the year. The

difference between the two scenarios is largest during the winter months (e.g. 11.8 EUR/MWh

in January 2050) and smallest during late spring and summer (less than 3 EUR/MWh from May

to September). This seasonal variation is consistent with a greater role of gas-fired generation

during winter, when lower solar availability increases the frequency with which gas plants remain

price-setting.

5.6 Model Comparison and Suitability

Table 5.21 summarises the comparative assessment of the three model configurations.

Table 5.21: Comparative assessment of the three model configurations.

Criterion ANN BLR Hourly BLR Daily

Baseline (EUR/MWh) 83.25 (median) 72.63 (median) 72.61 (median)
In-sample R2 0.883 0.593 0.702
MAE (EUR/MWh) 11.73 23.26 16.25
Interpretable coefficients No Yes Yes
Uncertainty quantification No Yes (posterior) Yes (posterior)
Intraday profile capability Yes (implicit) Yes (Solar×Hour) No

Sc. B: all horizons Plausible Plausible Plausible
Sc. A: 2030 Plausible Plausible Plausible
Sc. A: 2040 Fails Plausible Plausible
Sc. A: 2050 Fails Plausible Plausible

The ANN and BLR baselines differ by approximately 10 EUR/MWh (83.25 versus 72.63).

Both are medians of each model’s predictions applied to the same historical inputs, so the differ-

ence reflects the models’ distinct functional forms rather than a difference in the data or in the

summary statistic. The ANN, with its non-linear hidden layer and higher in-sample R2 (0.883),

fits the central mass of the price distribution more tightly and produces a median prediction that

is closer to the median of the observed prices (78.9 EUR/MWh). The BLR, with its linear spec-

ification and lower R2 (0.593), compresses the tails of the distribution, pulling the median of its

predictions downward. The relevant comparison is therefore between each model’s scenario pro-

jections and its own baseline, expressed as percentage changes in the preceding tables, rather than
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between the absolute price levels of the two models. In particular, the BLR’s systematic underesti-

mation of the baseline level (72.63 versus 78.9 EUR/MWh observed) means that the absolute price

levels reported in the scenario projections should not be interpreted as forecasts of the actual price.

The percentage changes relative to the model’s own baseline provide the more reliable signal.

The ANN achieves the highest in-sample accuracy by a substantial margin, but as demon-

strated in Section 5.2.2, this advantage does not transfer to the scenario projections: the non-linear

mapping that gives the network its flexibility within the training domain produces substantially

unstable outputs when the fuel and carbon price inputs lie far outside the historical range. The

intraday profiles (Section 5.2.3) confirm that the failure is pervasive, affecting the entire daily cy-

cle rather than individual hours. The BLR, by contrast, responds linearly and proportionately to

out-of-domain inputs, producing projections that remain bounded and interpretable. Under Sce-

nario B, both models agree on the direction of change (prices rise above the baseline) but differ

in magnitude: the ANN projects +10–12% at 2040–2050, while the BLR hourly projects +9–10%

over the same horizons. This convergence is reassuring, as it suggests that the structural conclu-

sion (demand growth dominates the merit-order effect under constant fuel prices) is robust to the

choice of functional form. The modest quantitative difference reflects the ANN’s ability to capture

non-linear interactions that the BLR’s additive specification cannot represent, an advantage that is

confined to Scenario B, where the inputs remain within the training domain.

The BLR hourly model (Stage 2) is therefore adopted as the primary model for the scenario

projections. Its lower in-sample R² is an accepted trade-off: the linearity that limits its explanatory

power within the historical sample is the same property that ensures stable, interpretable, and

probabilistically quantified behaviour under extrapolation. The daily BLR serves as a robustness

check, with the caveat that its projections diverge progressively from the hourly model due to the

loss of intraday information (Section 5.4.8). The ANN is retained as a benchmark for Scenario B

and for the 2030 horizon, and its extrapolation failure under Scenario A constitutes an independent

methodological finding.

A methodological caveat is warranted regarding the fairness of the model comparison. The

BLR benefits from several specification choices that were not applied to the ANN: informative

priors grounded in economic theory, an externally imposed solar saturation function, and the op-

erational constraints applied during scenario construction. Although the ANN can, in principle,

capture interactions such as Solar×Hour implicitly through its non-linear hidden layer, it does so

without the structural guarantees that the BLR’s explicit parameterisation provides, and it receives

the scenario inputs directly without equivalent conditioning mechanisms. This asymmetry means

that the ANN’s extrapolation failure reflects not only an inherent limitation of feedforward net-

works but also the absence of domain-specific safeguards that could, in principle, be implemented

(e.g., input clipping, constrained output layers, or hybrid architectures). Conversely, the BLR’s

natural acceptance of prior information (including plausible coefficient ranges, sign constraints,

and uncertainty quantification) makes it structurally better suited to scenario analysis in which

expert knowledge about the direction and magnitude of effects is available. The comparison,

therefore, illustrates a broader methodological point: that for policy-oriented extrapolation exer-
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cises, a model’s ability to incorporate external knowledge may be more valuable than its capacity

to fit historical patterns.

The interpretation of these findings in light of the research questions, limitations, and policy

implications is developed in Chapter 6.



Chapter 6

Conclusions

This chapter synthesises the findings of the dissertation in light of the research questions,

compares them with the existing literature, derives recommendations for policymakers and market

participants, identifies the principal limitations of the analysis, and outlines directions for future

work.

6.1 Answers to Research Questions

RQ1: How does electrification-driven electricity demand growth influence price formation
in the day-ahead wholesale market, and in particular how does rising demand affect the
frequency with which higher-cost marginal technologies are required to meet load?

Under Scenario B, which isolates the structural effect by holding fuel prices constant, the BLR

hourly model (Stage 2) projects prices above the baseline at all horizons: +3.3%, +9.6%, and

+8.6% (Table 5.13). The ANN confirms the direction under the same scenario (−0.5%, +12.3%,

+10.1% for 2030, 2040, 2050), strengthening confidence that the result is robust to the choice of

functional form. Demand growth under the RNC2050 (+11.4% to +77.2%) thus dominates the

merit-order effect of renewable expansion at the annual level.

The effect is not uniform across the year: winter prices rise more sharply than spring prices

because solar generation is scarce and the system must rely on higher-cost dispatchable capacity.

December median prices reach approximately 100 EUR/MWh by 2050 under Scenario B, while

April remains below 60 EUR/MWh (Table 5.15). This seasonal asymmetry confirms that rising

demand increases the frequency of marginal thermal dispatch most sharply in the months with the

lowest renewable availability. The constraint diagnostics (Table 5.11) provide indirect quantifica-

tion: the GAS_MAX ceiling binds in 24.4% of hours at the 2030 horizon and in 35.2% at 2050,

indicating that even under a generation mix in which gas capacity is reduced to 0.2 GW, demand

growth pushes the system to its thermal-dispatch limit with increasing frequency.

RQ2: To what extent does increasing renewable penetration alter wholesale price levels and
their temporal distribution through the displacement of higher-cost generation?

89



90 Conclusions

The posterior coefficients (Table 5.7) confirm a strong merit-order effect, with solar exhibit-

ing the largest impact (−18.82 EUR/MWh per σ ). Despite this large per-unit effect, the scenario

projections show that renewable expansion does not reduce annual average prices, because de-

mand growth offsets the displacement effect in aggregate. The modest price increase under Sce-

nario B (+8.6% by 2050 despite a +77.2% increase in demand) implies that renewable expansion

absorbs the bulk of the demand-driven upward pressure on an annual basis, even though it does

not reverse it. The merit-order effect manifests instead in the temporal distribution: the intraday

profiles evolve progressively towards a duck-curve pattern, with the daily price range widening

from 46.7 EUR/MWh in the baseline to 54–55 EUR/MWh by 2050 and the midday minimum

shifting from hour 15 to hour 16 (Section 5.4.4). The seasonal structure is preserved across all

horizons (April remains the cheapest month, December the most expensive) but at progressively

higher levels (Section 5.4.6). Renewable penetration thus reshapes the temporal distribution of

prices without reducing the annual average level.

RQ3: How does the interaction between demand growth and renewable deployment jointly
shape wholesale price outcomes under carbon neutrality scenarios in MIBEL, including the
level, the intraday profile, and the volatility of prices?

The dual-scenario structure separates the joint effect into its components. The difference be-

tween Scenarios A and B isolates the contribution of fuel and carbon prices (Table 5.14). Under

Scenario A, the declining TTF and rising EU ETS have partially offsetting effects. Because the

gas-price coefficient is substantially larger than the carbon-price coefficient (Section 5.3.2), the net

fuel-price effect is deflationary and nearly cancels the demand-driven upward pressure, produc-

ing modest net changes (−3.5% to +7.2%). The interaction between the two drivers produces a

non-monotonic trajectory: demand growth dominates up to 2040, but the massive solar expansion

projected for 2050 begins to offset it, causing the Scenario B price increase to ease from +9.6%

at 2040 to +8.6% at 2050. The overall conclusion is that the RNC2050 pathway does not, by

itself, produce a substantial reduction in average electricity prices: the structural effect is upward

(Scenario B), and only the projected decline in gas prices can counterbalance this trend, and even

then, only partially.

The intraday profiles evolve non-monotonically: a transitional regime at 2030, where the his-

torical afternoon-trough/evening-peak pattern is temporarily disrupted, gives way to a pronounced

duck curve at 2040–2050 (Section 5.4.4). The evening peak persists despite near-zero gas gener-

ation, indicating a structural scarcity condition. Projected volatility increases slightly at 2030 but

decreases at 2040–2050. This counter-intuitive result does not indicate that a deeply decarbonised

system would exhibit less volatile prices, it reflects the compressing effect of the operational con-

straints, which bind in over 60% of scenario hours (Table 5.11) and reduce the variability of

the generation-share inputs that drive the linear model’s output dispersion (Section 5.4.7). In a

real system with scarcity pricing, start-up costs and flexibility mechanisms not represented in the

model, price volatility at the 2050 horizon would likely exceed the projected values. A cross-

cutting methodological finding is the demonstrated unsuitability of neural networks for this type
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of analysis: the ANN produces substantially unstable outputs under Scenario A at 2040–2050

(Section 5.2.2), confirming that in-sample accuracy does not guarantee extrapolation reliability.

6.2 Interpretation in Light of the Literature

The finding that demand growth can offset the merit-order effect complements the existing

literature, which has predominantly analysed the merit-order effect in isolation from demand-side

structural change. The seminal quantifications by Sensfuß et al. [8] and Würzburg et al. [9] for the

German market, the projected intensification of the merit-order effect by Cludius et al. [38], Ket-

terer’s [37] finding that wind depresses prices but increases volatility, and López Prol et al.’s [14]

documentation of solar cannibalization in California all describe a context in which electricity

demand remained broadly stable. This is precisely the respect in which the present work differs:

by embedding the merit-order analysis within the electrification-driven demand growth prescribed

by the RNC2050 (+11.4% to +77.2%), the dissertation captures a regime that the earlier studies

did not address, and the central result (that demand growth dominates the renewable displacement

effect at the annual level) is a direct consequence of this difference in scope. The finding sug-

gests that the wholesale-price decline documented in the European literature may not persist once

electrification becomes the dominant driver of demand growth.

For the Iberian context, Figueiredo and Pereira da Silva [32] confirmed the merit-order mech-

anism in MIBEL. The posterior coefficients estimated here are consistent with or larger than the

magnitudes reported in the earlier European literature, which may reflect the higher solar penetra-

tion levels reached in Portugal by 2023–2025 and the consequent intensification of the cannibal-

ization effect documented by Hirth [13] and López Prol et al. [14].

The emergence of the duck-curve pattern in the projected intraday profiles is consistent with

the literature on high-solar systems. The projected daily price range of 54–55 EUR/MWh by 2050

aligns with the expectation that solar penetration widens the intraday price spread, though direct

quantitative comparison is complicated by differences in scenario assumptions and base years. The

dominance of the gas-price coefficient over the carbon-price coefficient is consistent with Ciarreta

and Zarraga [35], who documented the strong role of gas prices in Iberian price formation.

The ANN’s extrapolation failure aligns with the comparative assessments by Weron [20] and

Lago et al. [21], who noted that machine-learning models may not generalise to structurally differ-

ent conditions. The present work illustrates the failure mechanism concretely: the instability arises

from out-of-domain carbon-price inputs (z ≈ +23.8) interacting with non-linear activation func-

tions. The Bayesian approach with informative priors, consistent with the framework advocated in

recent electricity-price modelling literature [39, 40, 41], demonstrates the value of economic pri-

ors as a regularisation mechanism. The projected increase in negative-price frequency at 2030 is

consistent with the evidence on negative-price episodes in high-renewable markets [11, 12], while

the subsequent decrease at 2040–2050 reflects a model artefact rather than a genuine tendency, as

discussed in Section 5.4.7.
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6.3 Recommendations

The results support several recommendations for policymakers and market participants.

For policymakers and regulators. The finding that demand growth dominates the renewable

merit-order effect under constant fuel prices implies that the RNC2050 pathway does not guaran-

tee lower electricity prices despite the massive expansion of near-zero-marginal-cost generation.

Under Scenario B, December prices reach approximately 100 EUR/MWh by 2050 while April

remains below 60 EUR/MWh, widening the seasonal spread to roughly 41 EUR/MWh. This im-

plies that policies focusing exclusively on renewable capacity deployment, without complemen-

tary demand-side management and energy-efficiency measures, risk producing a system in which

prices remain elevated and seasonally unequal. Consumer-protection mechanisms designed for

the current seasonal profile will need to accommodate a wider winter–spring differential than they

do today.

The persistence of the evening peak despite near-zero gas generation indicates a structural

need for flexibility resources (storage, demand response, and interconnection capacity) that is not

met by renewable expansion alone. The projected daily price range of 54–55 EUR/MWh by 2050

creates price signals that favour storage deployment, though the adequacy of these signals for

attracting sufficient investment requires further analysis.

More broadly, the comparison between Scenarios A and B demonstrates that the trajectory

of fossil-fuel prices remains the primary determinant of wholesale electricity price levels, even

under a generation mix in which gas supplies less than 1% of demand. Because Portugal has

limited influence over international gas and carbon prices, the effectiveness of domestic decar-

bonisation policy in reducing electricity costs depends critically on external commodity-market

conditions. This finding underscores the importance of hedging mechanisms (long-term power-

purchase agreements, contracts for difference, and strategic interconnection investments) that can

insulate domestic consumers from commodity-price volatility during the transition.

For market participants. The deepening midday trough and the persistent evening peak indi-

cate that the value of load-shifting from evening to midday hours will increase over the projection

horizon. For solar generators, the cannibalization effect implies that the capture price of solar

energy will decline relative to the wholesale average, reinforcing the case for co-location with

storage. The transitional regime at 2030, where the intraday pattern temporarily loses its clear

structure, suggests that flexibility assets designed around the current price pattern may face a pe-

riod of reduced arbitrage value before the duck curve re-emerges at 2040–2050.

For modellers and researchers. The extrapolation instability observed with the neural network

in this study cautions against the uncritical application of standard feedforward networks to sce-

nario analysis involving out-of-domain inputs. This does not imply that neural networks should be

discarded: techniques such as input clipping, domain-aware regularisation, ensemble methods, or



6.4 Limitations of the Analysis 93

hybrid architectures that combine a neural network with a linear extrapolation layer could poten-

tially mitigate the instability observed here. However, when the objective is to project prices under

structurally different conditions, the results suggest that complementing any non-linear model with

explicit extrapolation safeguards and uncertainty quantification is essential. The Bayesian linear

approach adopted in this dissertation offers one such framework, trading in-sample accuracy for

interpretability and stable out-of-domain behaviour.

6.4 Limitations of the Analysis

Several limitations should be borne in mind when interpreting the results.

Model limitations. The BLR’s linear specification compresses the tails of the price distribution,

producing a baseline median of 72.63 EUR/MWh versus the observed 78.9 EUR/MWh. Percent-

age changes relative to the model’s own baseline are therefore more reliable than absolute price

levels (Section 5.6). The linear form also translates reduced input variability directly into reduced

output variability, which explains the counter-intuitive decrease in projected volatility at 2040–

2050 (Section 5.4.7). The model does not represent storage, demand response, or other flexibility

mechanisms: the persistent evening peak (Section 5.4.4) indicates a structural scarcity condition,

but in a real system with adequate flexibility the peak would be moderated, so the projected daily

price range likely overstates what would be observed. Similarly, the rightward shift of the price

minimum (Section 5.4.5) is driven by extrapolating the Solar×Hour interaction coefficient be-

yond the estimation domain (historical solar shares up to ∼28%). The broad pattern is robust but

its precise magnitude should be treated as a declared limitation. The analysis also assumes that the

day-ahead marginal-pricing market structure remains unchanged through 2050. Potential reforms

(capacity markets, pay-as-bid, locational pricing) are not modelled.

Data and estimation limitations. The TTF and CO2 coefficients were estimated from a pe-

riod in which gas-fired generation averaged ∼10% of demand and are applied to 2050 where gas

represents only 0.6%. The transmission channel through which gas prices affect electricity prices

narrows substantially, and the coefficients may overstate gas-price influence at the longest horizon.

The CO2 coefficient (+0.89), estimated from a range of 65–90 EUR/t, is applied to 300 EUR/t in

Scenario A 2050, an extrapolation beyond the estimation domain where the true relationship may

be non-linear. Scenario B, which holds fuel prices constant, is less sensitive to these limitations.

The 2023–2025 estimation period partially overlaps with the Iberian exception mechanism (Sec-

tion 2.4.2), which may attenuate the estimated gas-price coefficient, though the effect is mitigated

by ∼18 months of post-exception data. Hydroelectric generation and cross-border interconnection

flows are held at their historical values across all horizons (Assumptions 3–4), an assumption that

does not capture the potential effects of climate change on river flows or the expected expansion

of interconnection capacity.
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Scenario-construction limitations. The operational constraint values (SOLAR_MAX, EOLICA

_MAX, RENOV_MAX, SINC_MIN, GAS_MAX) were selected based on empirical analysis and

engineering judgment, not derived from formal optimisation (Section 5.1.6). Their individual sen-

sitivity is not quantified. In particular, the solar saturation parameter (c = 6 in the tanh function)

was selected as a modelling assumption and not subjected to a formal sensitivity analysis. Alterna-

tive values would change the 2050 solar scaling factor and therefore the magnitude, though not the

direction, of the projected price effects. The energy-balance constraint binds in over 60% of sce-

nario hours (Table 5.11), actively shaping the generation mixes and compressing input variability,

which contributes to the artificial decrease in projected volatility at the longer horizons. Alterna-

tive constraint specifications could produce materially different projections, particularly at 2050.

A related concern is the progressive divergence between the hourly and daily BLR projections

(Section 5.4.8), which reaches 15–20 EUR/MWh by 2050. Because the two structural differences

between the models (the Solar×Hour interaction and the within-day variance of generation shares)

cannot be isolated, this divergence represents an irreducible modelling uncertainty that bounds the

precision of the hourly projections at the longest horizons.

6.5 Future Work

Several directions for future work emerge from the limitations identified in this dissertation.

At the methodological level, the cyclical temporal variables (hour, month, week) should be

re-encoded using sine/cosine transformations to enforce the natural periodicity that the current

integer coding does not capture. This refinement would be straightforward to implement within

the BLR framework. Non-linear Bayesian models such as BART [47] or Gaussian processes

with informative priors could offer intermediate positions between the linear BLR and the neural

network, combining greater flexibility with extrapolation stability.

At the scenario-construction level, incorporating storage and demand-response mechanisms

would address the most significant gap in the current framework. A hybrid approach using the

BLR’s scenario projections as boundary conditions for a unit-commitment model could capture

both long-term structural trends and short-term flexibility dynamics. A systematic sensitivity anal-

ysis of the operational constraint values would quantify the dependence of the projections on the

author’s modelling assumptions.

At the data level, as post-2025 data accumulate, re-estimating the model on a longer sample

would improve the reliability of the fuel-price coefficients and reduce the influence of the Iberian

exception period. Relaxing the stationarity assumption for hydroelectric generation by incorporat-

ing climate-change projections of precipitation would capture an important source of uncertainty,

given the large posterior coefficient for hydro and the wide credible intervals in winter months.

Finally, extending the framework to the Spanish zone of MIBEL, or to other European markets

with different generation mixes, would test the generalisability of the findings.
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In summary, this dissertation has demonstrated that the RNC2050 decarbonisation pathway

reshapes Iberian wholesale electricity prices in ways that are conditional on the interplay between

demand growth, renewable deployment, and fuel-price trajectories. The Bayesian framework de-

veloped here provides a transparent, interpretable, and probabilistically grounded tool for assess-

ing these interactions, and the empirical comparison with a neural network benchmark underscores

the importance of model selection in policy-oriented scenario analysis.
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