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 A B S T R A C T

National Energy and Climate Plans (NECPs) are the primary roadmaps for European Union countries to 
achieve their 2030 targets for energy and climate, guiding investment decisions and a significant economic 
transformation. We conduct a discrete choice experiment to analyze preferences for different energy sources in 
Italy. We examine preferences regarding various attributes: the capacity shares of the most significant current 
and projected energy sources, the reliability of the supply of electricity, and cost. We use a latent class model to 
estimate the willingness to pay (WTP) for each attribute, finding that these preferences can be categorized into 
four groups. On average, we find overall support for the major renewable energy sources, opposition to fossil 
fuels and service interruptions, and strong opposition to nuclear power. Based on these results, we calculate 
the consumer surplus associated with the implementation of the national plan. The results show that the WTP 
aggregated over Italian households is lower than the investment levels estimated in the NECP. Spreading out 
the investments envisaged in the NECP over time can bring costs and benefits into better balance.
1. Introduction

Climate change has become one of the most pressing challenges 
of the 21st century, threatening economic, social, and environmental 
stability on a global scale. Decarbonizing the electricity sector is one 
of the essential strategies to mitigate greenhouse gas (GHG) emissions 
and fulfill the objectives established in the Paris Agreement (UNFCCC, 
2015). In Europe, the transition to renewable energy sources (RES) is 
not only an environmental priority but also a political and economic 
imperative (Council of the European Union, 2022). However, this 
transition will require massive investments, the financial and social 
implications of which are the subject of intense debate (ARERA, 2024; 
Compagnucci and Spigarelli, 2023).

National Energy and Climate Plans (NECPs) are pivotal for achiev-
ing Europe’s ambitious decarbonization goals (MIMIT, 2019). Their 
importance lies in providing a consistent, transparent, and coherent 
framework for all countries in the EU through an integrated plan. 
These plans require each country to outline concrete policies and 
measures for a ten-year period, with intermediate updates (currently 
2021–2030), regarding key dimensions, including reductions in GHG, 
deployment of renewable energy, energy efficiency, and energy se-
curity. This integrated plan ensures coordinated action and promotes 
collective progress toward the EU’s climate goals. In addition, it guides 
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national policymaking and enables the European Commission to mon-
itor progress and assess whether the collective level of ambition is 
sufficient, or, in contrast, the updating of different targets will be 
necessary (MASE, 2024).

Meeting the ambitious decarbonization and energy transition goals 
outlined in these plans requires profound transformations in multiple 
sectors, demanding substantial national investments, particularly as 
the capital needed for initiatives like deploying a renewable energy 
infrastructure and modernizing grids constitutes a significant financial 
undertaking for each country (European Commission, 2024). In this 
context, it is crucial to understand whether society’s preferences and 
willingness to pay (WTP) for different energy sources are aligned with 
the investments needed for this decarbonization. How does society 
perceive the balance between long-term environmental and economic 
benefits, as set out in the roadmap developed by European regula-
tors, and short-term economic sacrifices? Moreover, public support is 
unlikely to be homogeneous: different population groups may value en-
ergy technologies and policy trade-offs in distinct ways. Capturing this 
heterogeneity is fundamental to the design of effective and sustainable 
policies that can garner broad and durable social acceptance.

This study contributes to the debate with several novel elements. 
First, it provides new and comprehensive discrete choice experiment 
(DCE) evidence on preferences for Italy’s electricity mix, covering a 
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broad set of current and prospective technologies expressed as changes 
in relative capacity shares, an intuitive format for eliciting preferences 
over national energy portfolios that remains uncommon in the stated-
preference literature. Second, we quantify household WTP for the 
specific 2030 electricity-mix pathway proposed in Italy’s 2023 NECP, 
enabling a direct comparison between elicited welfare gains and the 
magnitude of planned investments, an explicit link that is still seldom 
made in valuation studies concerned with electricity mixes. Third, we 
examine preferences regarding a hypothetical reintroduction of nuclear 
power, providing timely evidence for a country where nuclear policy 
has been politically sensitive for decades and where recent empirical 
preference estimates are limited. Fourth, we model preference hetero-
geneity using a latent class model (LCM), which captures markedly 
different preference patterns toward fossil fuels, renewables, nuclear 
power, and supply reliability across population segments. By relating 
class membership to socio-demographic characteristics, we show how 
support for alternative pathways, including the 2030 scenario, varies 
across groups, yielding insights relevant for targeted and socially feasi-
ble policy design. Taken together, these features position our analysis to 
inform national policy in Italy and contribute to comparative research 
on energy transitions across the EU.

This study focuses on Italy, whose power sector is the third-largest 
contributor to CO2 emissions in the EU (Crippa et al., 2024). In 
our DCE, alternatives are defined by three attribute groups: changes 
in technology-specific installed-capacity shares (percentage points), 
changes in annual outage duration (minutes/year), and a bill surcharge 
(e/bi-monthly). These attributes were selected to mirror the main 
levers in national electricity planning (mix, reliability, and cost). The 
experiment covers the major current and prospective technologies and 
presents capacity changes in percentage terms, which enhances respon-
dent comprehension and improves the accuracy of elicited preferences. 
We also analyze WTP for reductions in the total duration of power out-
ages and for a hypothetical reintroduction of nuclear energy. The LCM 
reveals four distinct classes of respondents, with socio-demographic 
variables predicting the probability of class membership. We estimate 
the class-specific WTP for each attribute and compute the consumer 
surplus associated with the 2030 scenario.

The aggregated WTP estimates show that the consumer surplus 
associated with the 2030 scenario, relative to the status quo (SQ), is 
significantly below the investment levels required by the Italian NECP. 
This does not imply societal resistance to transforming the energy 
system. On the contrary, we find strong support for renewable technolo-
gies. However, it suggests that spreading the planned investments over 
a longer time horizon may better balance perceived costs and benefits. 
Our findings thus provide valuable insights for Italian policymakers 
responsible for implementing the NECP. For decision-makers in other 
countries, this work underscores the need to complement investment 
plans with cost–benefit analyses grounded in heterogeneous household 
preferences. Given the rapid technological and political evolution of the 
energy sector, updated evidence on public preferences remains essential 
to guide future policy decisions.

This paper is structured as follows: Section 2 presents a literature 
review and the current and projected composition of the Italian electric-
ity mix. Section 3 presents the experimental setup and the econometric 
model. Section 4 presents the results of the DCE. Section 5 discusses 
the results and the policy implications of our findings and concludes.

2. Literature review and the Italian energy context

2.1. Related literature

We structure this review around (i) how preferences for electricity 
attributes are elicited and how heterogeneity in those preferences is 
addressed, (ii) evidence on energy-technology preferences in Italy, 
and (iii) studies comparing aggregate WTP with the costs of meeting 
national policy targets, to clarify how prior findings inform our design 
and analysis.
2 
2.1.1. Eliciting preferences for electricity sources and modeling heterogene-
ity

Several studies have examined individuals’ WTP for different elec-
tricity sources, with a particular focus on renewable energy, in various 
countries. For example, Murakami et al. (2015) explore the WTP of 
consumers for nuclear and renewable electricity in Japan and the 
United States. For South Korea, Huh et al. (2015) use a DCE to analyze 
preferences for improved residential electricity services considering 
attributes such as increases in RES or reductions in the cumulative 
annual duration of blackouts, and Kim et al. (2018) investigate the 
public acceptance of different energy sources. For Australia, Borriello 
et al. (2021) employ a DCE and a latent class hybrid choice model to 
estimate individual WTPs for four renewable and four non-renewable 
energy sources. Similarly, Tocock et al. (2023) conduct a DCE to ana-
lyze the preferences of Australian households for alternative electricity 
contracts, including features that reflect potential future energy policy 
changes, and estimate the WTP for these attributes. This strand of work 
motivates our use of a DCE to quantify trade-offs across technologies 
and service reliability in WTP terms. It also suggests that average WTP 
estimates can mask substantial differences across respondents, which 
reinforces the importance of modeling heterogeneity explicitly.

Beyond single-country studies, broader reviews and meta-analyses 
provide further insights into consumer preferences for renewable en-
ergy. Hwang et al. (2024) present a comprehensive review of the 
literature on the choice experiments used to estimate WTP. Wang et al. 
(2024) and Chaikumbung (2021) apply meta-regression techniques to 
synthesize the empirical findings for multiple countries, identifying key 
factors that influence consumers’ WTP. A global meta-analysis by Cerdá 
et al. (2024) estimates that the average household’s WTP for renewable 
energy falls between e113 and e124 per year, with regional variations 
showing higher values in southern Europe and lower values in Asia. 
The wide variation in reported WTP across settings also highlights the 
limits of relying on average WTP estimates alone, a point we address 
in our application using a latent class specification.

2.1.2. Public preferences for energy technologies in Italy
Italian studies have also used DCEs to analyze preferences regarding 

electricity sources. For instance, Cicia et al. (2012) present a DCE using 
stated preference (SP) data and an LCM to quantify preferences for 
the origin of the electricity supplied to the household. They conclude 
that in 2009, 35% of the Italian population had a strong preference 
for wind and solar energy and disliked both biomass and nuclear 
energy; 33% had a moderate preference for solar and wind energy and 
disliked both nuclear power and biomass; and the remaining 32% had 
a strong preference for solar, wind, and biomass, while being strongly 
opposed to nuclear energy. Building on this Italian evidence, our study 
contributes by eliciting portfolio-level preferences using changes in na-
tional capacity shares (percentage points), a representation that aligns 
closely with how NECP targets are formulated.

Both Vecchiato (2014) and Vecchiato and Tempesta (2015) employ 
a DCE to analyze preferences for renewable energy in Italy, with a 
shared focus on WTP and the importance of landscape preservation. 
In particular, Vecchiato (2014) examines attitudes toward wind farms, 
finding a preference for offshore wind farms due to concerns about 
landscape aesthetics, while Vecchiato and Tempesta (2015) investi-
gate consumers’ preferences for electricity contracts featuring different 
renewable energy sources. Both studies highlight a generally posi-
tive perception of renewable energy and emphasize that proximity 
to residential areas plays a crucial role in shaping public acceptance, 
with respondents favoring energy infrastructure located at a minimum 
distance from homes. This finding is a classic example of the well-
known Not In My Back Yard (NIMBY) effect regarding wind energy 
development (van der Horst, 2007). More recently, Vergine et al. 
(2024) investigate community acceptance of a proposed offshore wind 
farm in Southern Italy, finding that place attachment and increasing 
concern about climate change also shape support. Because our focus is 
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national portfolio planning rather than local siting, we do not include 
landscape or proximity attributes; instead, we capture national-level 
trade-offs through technology shares, outage duration, and cost, in-
corporating nuclear power as a salient, policy-relevant attribute in the 
Italian context.

Alberini et al. (2018a,b) explore public preferences for climate 
change mitigation policies, focusing on the reduction of CO2 emissions. 
Using DCEs, they find substantial heterogeneity in WTP, influenced by 
factors such as income and the design of the policy. Alberini et al. 
(2018a) compare Italian and Czech households, while Alberini et al. 
(2018b) extend the analysis to examine the role of individual charac-
teristics and policy instruments, revealing significant variations in WTP. 
In a related domain, Contu and Strazzera (2022) investigate preferences 
for nuclear energy in Italy, incorporating a discrete choice model that 
takes into account heterogeneity in decision-making processes and the 
influence of salient attributes. Their findings highlight the importance 
of cognitive heuristics in shaping choices and suggest that traditional 
models may overestimate the WTP compared to approaches considering 
saliency effects. These Italian findings directly inform our attribute 
selection (including nuclear and reliability) and motivate our use of an 
LCM to capture heterogeneity.

2.1.3. Aligning aggregate willingness to pay with national policy costs
Different SP studies have been used to analyze both the WTP of 

Italian households for green electricity and the discrepancy between the 
total WTP of the population and the costs required at the national level 
to meet the targets set by the government for renewable capacity. For 
example, Bollino (2009) presents an SP study that analyzes the WTP 
for renewable energy in Italy using different methods of estimation 
and compares the aggregate WTP of the population with the amount 
needed to meet the Italian government’s installation target at the 
time. He concludes that the estimated WTP of Italian households was 
insufficient to cover the costs necessary to achieve the target set by the 
government at the time (an additional 19,130 GWh to be produced by 
RES in 2010). Similarly, Bigerna and Polinori (2014) use a nationwide 
household survey conducted in Italy in November 2007 and, using 
different models, conclude that the median WTP for green electricity is 
between e4.62 and e8.05 every two months per household, meaning 
that the total estimated WTP of the population accounted for only 
between 8.6% and 15.1% of the cost of achieving the corresponding 
national target. These studies motivate our comparison between the 
aggregate welfare implied by household preferences and the investment 
needs in the updated NECP.

Despite these contributions, important gaps remain. First, existing 
Italian DCE evidence often focuses on specific technologies (e.g., wind 
or solar), localized projects, or generic ‘‘green electricity’’, whereas 
evidence for preferences over a full national electricity mix expressed in 
relative shares remains limited. This metric is important for consistency 
with policy planning, which is typically formulated in percentage terms 
(e.g., shares of renewables, fossil fuels, or nuclear). Second, prior Italian 
studies generally do not compute WTP for the specific 2030 electricity 
mix defined in the updated NECP, nor do they assess the alignment 
between population-level WTP and national investment requirements. 
Third, while some studies analyze nuclear attitudes, few examine nu-
clear reintroduction alongside a comprehensive portfolio of renewables 
and supply-reliability attributes within a single unified framework. 
Our study addresses these gaps by implementing a DCE that mirrors 
the structure of the updated NECP and enables a direct comparison 
between societal preferences and planned energy-system investments, 
while accounting for preference heterogeneity via an LCM.

2.2. Italy’s electricity mix: Current situation and future prospects

To clarify the role of the Italian energy context in our empirical 
analysis, this section provides the inputs used in three stages of the 
paper. First, the most recent installed-capacity shares define the SQ 
3 
electricity mix displayed in the DCE choice cards. Second, reliability 
indicators motivate and calibrate the ‘‘Outages’’ attribute and its SQ 
level. Third, the 2030 targets in the 2023 NECP define the policy coun-
terfactual used to compute the welfare change (change in consumer 
surplus/compensating variation) relative to the SQ, while the NECP 
investment figures provide the benchmark against which we compare 
the aggregate welfare estimates.

The energy industry in Italy (the production of electricity and 
heat, plus oil refining) is the principal contributor to national GHG 
emissions, with a share in 2022 of about 23%. Since 2005, GHG 
emissions coming from this industry have decreased by approximately 
41% (ISPRA, 2024). This gradual reduction is partly due to changes in 
Italy’s electricity mix, driven by the increasing use of RES. However, 
natural gas remains the primary source of electricity. For instance, the 
share of fossil fuels in the gross generation of electricity in 2023 was 
55.5%, with natural gas alone accounting for 45% (ARERA, 2024). Fig. 
1 shows the evolution of installed renewable capacity in Italy from 
2000 to 2023 (Terna, 2024). Total thermoelectric capacity, including 
both cogeneration and non-cogeneration plants (natural gas, oil prod-
ucts, coal, etc.), is represented by the dashed line. As can be seen, 
the renewable sources with the highest growth are solar and wind, 
increasing from 0.0 GW and 0.3 GW in 2000 to 30.3 GW and 12.3 GW 
in 2023, respectively. Thermoelectric capacity was almost triple that of 
renewable capacity in the early 2000s. It was not until 2023 that RES 
capacity exceeded thermoelectric capacity for the first time.

The 2019 NECP set sectoral and global energy targets for 2021–2030
Some of these targets exceed the mandatory levels set by the EU.1 The 
new 2023 NECP modified the previous plan by agreeing on targets for 
2030 based on a more realistic and technologically neutral approach 
and the new context. According to the new plan, Italy’s electricity mix 
should be transformed by 2030, with a leading role for renewables, the 
phasing out of coal, and a significant reduction in the use of fossil fuels. 
By the end of 2022, Italy’s electricity mix included 7.3 GW of coal plus 
oil, 44.0 GW of gas, 19.3 GW of hydro, 11.9 GW of wind, 25.1 GW of 
solar, 0.8 GW of geothermal, and 4.0 GW of bioenergy (Terna, 2023).

To meet the updated targets, Italy needs to achieve a capacity of 
131 GW from renewable sources by 2030. Nearly 79.3 GW of this 
should come from solar, 28.1 GW from wind, 19.4 GW from hydro, 3.2 
GW from bioenergy, and 1 GW from geothermal (MASE, 2024). At the 
same time, coal-fired power plants are to be phased out, while gas-fired 
capacity remains unchanged.

The 2023 NECP does not envisage the reintroduction of nuclear 
power by 2030 but does include the possibility of its reintroduction into 
the energy mix by 2050, expecting it to cover 11% of the total demand 
for electricity by 2050, with a possible projection of 22%. Although 
nuclear power was phased out in Italy in 1990, Italy imports nuclear 
energy from neighboring countries, notably France and Switzerland. 
However, the possibility of new nuclear power plants being built in 
Italy is unlikely in the short term due to widespread political opposition 
to nuclear power. For instance, Bersano et al. (2020) review the history 
of nuclear power in Italy and discuss the advantages and disadvan-
tages of its hypothetical reintroduction. They conclude that the main 
disadvantages of its reintroduction concern public opposition and the 
management of nuclear waste.

Achieving the national targets will require billions of euros of public 
and private investment until 2030 (Esposito and Romagnoli, 2023). 
According to the 2023 NECP, the needed cumulative investments in 
new renewable capacity for solar PV and wind power will be ap-
proximately 80 billion euros during 2024–2030, in contrast to the 
2 billion euros expected for fossil capacity. In addition, cumulative 
investment in the development of the national transmission grid and 
the upgrading of distribution grids, a requirement for the electricity 
system to accommodate more renewables being connected to the grid, 
is expected to be 30 billion euros (MASE, 2024).

1 See Appendix  A for a summary of the most relevant energy policy initia-
tives, both at the national and international levels, concerning the deployment 
of RES in Italy in recent years.
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Fig. 1. Evolution of gross RES capacity in Italy.
3. Methodology

3.1. Survey design and experimental setup

The study is based on an online survey administered in Italy in 
March 2024. Respondents were recruited through a survey company 
using one of its online panels. Before launching the main survey, the 
questionnaire was pre-tested through focus groups and a pilot study. 
The target sample size was set ex ante at approximately 800 completed 
questionnaires, based on methodological recommendations for discrete 
choice experiments and a simulation-based assessment under a baseline 
logit specification (Mariel et al., 2025). Because the sample is not a 
simple random sample or a probability-based stratified sample, design-
based margins of error for population proportions are not reported. 
Statistical uncertainty for the model estimates and welfare measures is 
instead quantified using model-based confidence intervals derived from 
the robust asymptotic variance of the estimator.

The survey has three sections. The initial section gives the respon-
dents an introduction to the questionnaire and collects basic socio-
demographic information. The second one is the DCE. The final part 
of the survey asks a series of attitudinal and attribute non-attendance 
questions (ANA).

The DCE presents respondents with three distinct scenarios for the 
composition of the Italian electricity mix: two alternatives with differ-
ent levels of the different attributes, and the SQ option. The initial set 
of attributes and their levels was pre-defined based on technically and 
policy-plausible values anchored to Italy’s electricity mix and consistent 
with the NECP context. The focus groups involved twelve participants 
of diverse backgrounds and were used to assess respondent comprehen-
sion and refine the presentation of the choice tasks. In addition, a pilot 
study with 240 participants was conducted to ensure that the survey 
instrument and the choice tasks were understandable. Table  1 presents 
the definitions of these attributes and their corresponding levels.

The final set of attributes covers three different dimensions: (i) the 
change in the share of installed capacity of the sources of electricity 
that are considered (expressed in percentage points), namely coal & 
oil, gas, nuclear, hydroelectric, wind,  solar, geothermal, and biomass, 
4 
(ii) the change in accumulated duration of power outages, expressed 
in minutes per year, and (iii) the change in the cost of the electricity 
bill (paid every two months) expressed in euros.2 We selected these 
specific attributes because they represent the primary policy levers in 
the NECP framework. Because our objective is to elicit preferences at 
the macroeconomic and national portfolio level, we do not include 
location-specific or NIMBY-related attributes (e.g., turbine proximity 
or visual landscape impacts), which are better suited for project-level 
valuation.

A full factorial design with two varying alternatives and a non-
varying SQ would involve (59 ⋅ 10)2, i.e., more than 381 trillion, differ-
ent choice situations. In line with best practice in DCE design (Mariel 
et al., 2025), we generated a D-efficient experimental design for a 
multinomial logit (MNL) model consisting of one hundred rows from 
which the sequence of choice tasks assigned to each individual is 
randomly sampled. The design was generated by using the R library
spdesign (Sandorf and Campbell, 2023). The final design converged to 
a D-error of 0.00286 under the priors used for design generation.

Note that there is an additional difficulty in generating the design 
of this particular DCE. As the levels represent changes from the SQ 
scenario, combinations resulting in large changes in total capacity are 
unrealistic. At the same time, combinations yielding the same total 
capacity as the SQ result in a non-identifiable model since the level 
of any energy source would necessarily be a linear combination of the 
levels of the remaining sources in the same alternative. Therefore, we 
decided to keep only those combinations that result in a cumulative 
deviation within the range of ±5 pp, as the excess (shortfall) of energy 
to meet demand can always be exported (imported).

To facilitate the participants’ comprehension, alternatives 1 and 2 
in each choice card show the relative changes with respect to the SQ 
(expressed in percentage points) accompanied by arrows indicating the 
sign of the change. In contrast, the third column shows the actual SQ 
levels, not changes (i.e., they are all equivalent to a zero percentage 
point change). Each participant faces eight consecutive choice tasks. 
Fig.  2 shows an example of a choice card.

2 Note that this representation of Italy’s electricity mix is a broad approx-
imation. The actual generation landscape is more nuanced and may include 
plants using multiple fuel sources or technologies, other minor energy sources 
not explicitly listed, and different sub-technologies within each broad category. 
This simplification aims to provide a general overview to the respondents.
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Table 1
Attributes and levels.
 Label Definition Levels  
 Coal Change in installed coal and oil capacity (pp) −6, −5, −4, −2, 0a  
 Gas Change in installed gas capacity (pp) −25, −20, −15, −10, 0a  
 Nuclear Change in installed nuclear capacity (pp) 0a, 3, 5, 7, 10  
 Hydro Change in installed hydroelectric capacity (pp) −5, −3, 0a, 3, 5  
 Wind Change in installed wind capacity (pp) −5, 0a, 5, 10, 15  
 Solar Change in installed solar capacity (pp) −8, 0a, 8, 16, 24  
 Geo Change in installed geothermal capacity (pp) −1, 0a, 2, 4, 6  
 Bio Change in installed biomass capacity (pp) −2, 0a, 2, 4, 6  
 Outages Change in accumulated duration of power outages (min/year) −10, 0a, 10, 20, 30  
 Surcharge Change in the cost of electricity bills (e/bi-monthly) −40, −30, −20, −10, 10, 20, 30, 40, 60, 80 
Note:
a Levels represent the status quo scenario.
Fig. 2. Example of a choice card presented to the respondents (translated from the Italian).
The percentages of each technology in the SQ option resulted from 
the most recent data published by the Italian transmission system op-
erator (TSO) before the survey was conducted (Terna, 2023).3 The SQ’s 
value for the accumulated duration of power outages, including those 
with and without prior notice, was taken from the Italian Regulatory 
Authority for Energy, Networks and Environment (ARERA, 2023). In 
addition, we included a budget and a consider-all reminder at the top of 
each choice card to minimize potential hypothetical bias. Specifically, 
the wording of these reminders was (here, translated from the Italian) 
‘‘Compare the three options taking into account the values assigned to 
all attributes’’ and ‘‘Consider the increase in the electricity bill indicated 
in some options as money no longer available for other needs’’.

3.2. Econometric model

The random utility maximization (RUM) model is typically the basic 
theoretical framework for analyzing the data collected in DCEs. The 
baseline specification in the RUM framework is the MNL model, which 
assumes homogeneous preferences. However, the need to capture pref-
erence heterogeneity, observed and unobserved, often motivates using 
approaches like the LCM, which assumes 𝑄 latent classes (Greene and 
Hensher, 2003). It is important to note that the preference patterns 

3 For bioenergy, we ignored the capacity for dual use (i.e., heat+electricity).
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reflected by the classes are not predetermined by the researcher. Al-
though the researcher must inform the estimation procedure about 
the number of classes, the LCM estimates the classes endogenously 
through maximum likelihood, identifying groups of individuals who 
share similar preference parameters. Class membership is therefore 
probabilistic rather than deterministic. Each class 𝑞 is characterized by 
different linear utilities with class-specific parameters: 

𝑈𝑛𝑗𝑡∣𝑞 = ASC𝑗|𝑞 + 𝐱′𝑛𝑗𝑡𝜷𝑞 + 𝜀𝑛𝑗𝑡, (1)

where ASC𝑗|𝑞 is the alternative-specific constant (ASC) associated with 
alternative 𝑗, 𝐱𝑛𝑗𝑡 is the vector of attributes presented to individual 𝑛 in 
alternative 𝑗 at choice occasion 𝑡, and 𝜀𝑛𝑗𝑡 are error terms. The ASC of 
one of the alternatives is usually set to zero for model identification. 
Under the assumption that the random terms 𝜀𝑛𝑗𝑡 are i.i.d. extreme 
value type I with location parameter zero and scale parameter one, also 
known as Gumbel(0,1) type errors, the probability 𝑝𝑛𝑖𝑡∣𝑞 that individual 
𝑛 selects alternative 𝑖 at occasion 𝑡, conditional on membership in class 
𝑞, is described by the following conditional logit structure (McFadden, 
1974): 

𝑝𝑛𝑖𝑡∣𝑞 ≡ P(𝑈𝑛𝑖𝑡|𝑞 > 𝑈𝑛𝑗𝑡|𝑞 , ∀𝑗 ≠ 𝑖) =
exp(ASC𝑖|𝑞 + 𝐱′𝑛𝑖𝑡𝜷𝑞)

∑𝐽
𝓁=1 exp(ASC𝓁|𝑞 + 𝐱′𝑛𝓁𝑡𝜷𝑞)

. (2)

As class membership is unobservable, individuals are not assigned 
to classes beforehand. Instead, the probability that individual 𝑛 belongs 
to class 𝑞 is estimated from the data, typically using a multinomial logit 
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structure: 

𝜋𝑛𝑞 = P(𝑛 belongs to class 𝑞) =
exp(𝜑𝑞 + 𝐳′𝑛𝜸𝑞)

∑𝑄
𝑐=1 exp(𝜑𝑐 + 𝐳′𝑛𝜸𝑐 )

, (3)

where 𝐳𝑛 is a vector of observable characteristics of individual 𝑛 (typi-
cally socio-demographic variables), {𝜸𝑞} are the class-specific parame-
ter vectors, and {𝜑𝑞} are class-specific constants. The parameters 𝜑 and 
𝜸 of one of the classes are usually set to zero for model identification.

The class conditional probability that an individual selects a partic-
ular sequence of alternatives over a series of choice tasks is the product 
of the class conditional probabilities in each choice occasion. Therefore, 
the overall probability that an individual selects a specific sequence of 
choices is the sum of the class conditional probabilities for the sequence 
of choices, weighted by the probability of belonging to each class. Using 
an indicator function 𝑦𝑛𝑗𝑡 to denote the choices made by individuals, 
where 𝑦𝑛𝑗𝑡 = 1 if individual 𝑛 chooses alternative 𝑗 at occasion 𝑡, but 
𝑦𝑛𝑗𝑡 = 0 otherwise, the log-likelihood function can be expressed as 

log𝐿 =
𝑁
∑

𝑛=1
𝑤𝑛 log

( 𝑄
∑

𝑞=1
𝜋𝑛𝑞

𝑇
∏

𝑡=1

𝐽
∏

𝑗=1
𝑝
𝑦𝑛𝑗𝑡
𝑛𝑗𝑡∣𝑞

)

, (4)

where the 𝑤𝑛 are individual-specific weights that adjust the influence of 
each observation when the sample does not closely reflect the popula-
tion. This reweighting aims to improve representativeness by bringing 
the sample composition closer to observed population characteristics. 
Statistical inference is based on the robust asymptotic variance of the 
latent class estimator (Alcorta and Mariel, 2026).

For class 𝑞, the class-specific WTP for a non-monetary attribute 
(𝓁) is the negative of the ratio of the parameter associated with 
that attribute (𝛽(𝓁)𝑞 ) to the parameter associated with the cost (𝛽(𝑐)𝑞 ): 
WTP𝓁|𝑞 = −𝛽(𝓁)𝑞 ∕𝛽(𝑐)𝑞 . The estimated expected WTP of individual 𝑛 for 
a particular non-monetary attribute 𝓁, conditional on that individual’s 
observed covariates, is then the weighted average of the class-specific 
WTP estimates, weighted by the estimated probabilities of belonging to 
each class: 

ŴTP𝑛𝓁 =
𝑄
∑

𝑞=1
𝜋𝑛𝑞 ŴTP𝓁|𝑞 =

𝑄
∑

𝑞=1
𝜋𝑛𝑞

(

−
𝛽(𝓁)𝑞

𝛽(𝑐)𝑞

)

. (5)

It could be the case that researchers or policymakers are not pri-
marily interested in estimates of the marginal WTP but rather in the 
overall monetary value that the population places on a given pol-
icy intervention. There are different welfare measures and different 
approaches typically used in DCEs for environmental valuation: com-
pensating variation (CV), equivalent variation (EV), and the change 
in consumer surplus (𝛥CS) (e.g., Hanemann, 1984; McConnell, 1995). 
When utilities are linear in all parameters, as in our case, CV = EV =
𝛥CS; see, for example, Varian (1992, Chapter 10) or Mas-Colell et al. 
(1995, Section 3.1). In this case, the common value of these measures 
represents the overall WTP of the individual for the bundle of changes 
due to the policy intervention rather than for some marginal changes 
in some attribute.

Therefore, we can directly estimate the value of these welfare 
measures for some policy intervention that modifies the levels of 𝐿
attributes with respect to the SQ values. Let 𝑥𝑆𝑄𝓁  and 𝑥𝑁𝓁  be the SQ value 
and the new value of the 𝓁th attribute, respectively. The estimated 𝛥CS
of individual 𝑛 for this intervention is thus 

𝛥CS𝑛 =
𝐿
∑

𝓁=1
(𝑥𝑁𝓁 − 𝑥𝑆𝑄𝓁 ) ŴTP𝑛𝓁 . (6)

Since the number of classes is not a parameter of the model, it 
is common practice to estimate the model with different numbers of 
classes. The determination of the appropriate number of classes is usu-
ally based on specific information criteria such as the AIC, AIC3, BIC, 
or CAIC. However, as highlighted by several authors, the researcher’s 
judgment of the appropriateness of the model should also be considered 
(Hynes et al., 2008; Scarpa and Thiene, 2005).
6 
Fig. 3. Share of respondents in each region of Italy.

4. Results

The final sample consists of 812 respondents. As each respondent 
answered eight choice tasks, the total number of observations collected 
in the DCE was 6496. Table  2 shows the recorded values and their 
frequencies for the main socio-demographic variables in our sample. 
Fig.  3 shows the geographical representation of the number of respon-
dents in each region of Italy. As can be seen, our sample contains 
observations for every region. However, as the number of sampled in-
dividuals per region does not accurately reflect the expected frequency 
for each region, we use region-specific post-stratification weights in 
all estimations. For each respondent in a given region, the weight is 
defined as the ratio between the population share and the sample share 
of that region, based on Italian population data from ISTAT (2024b). 
Since both quantities are expressed as shares, the weights are implicitly 
normalized to have mean one in the sample. These region-specific 
weights are reported in Appendix  B (Table  B.1). Because age and gender 
are explicitly included as determinants of class membership in the 
latent class model, while region is not, the main post-stratification 
adjustment focuses on the regional distribution.

Following the approach presented in Section 3.2, we represent the 
class conditional utilities of individual 𝑛 at choice-occasion 𝑡 for this 
3-alternative model as in Eq.  (1), where the vector of attributes is 
defined as 𝐱𝑛𝑗𝑡 ≡ (Coal𝑛𝑗𝑡, Gas𝑛𝑗𝑡, Nuclear𝑛𝑗𝑡, Hydro𝑛𝑗𝑡, Wind𝑛𝑗𝑡, Solar𝑛𝑗𝑡, 
Geo𝑛𝑗𝑡, Bio𝑛𝑗𝑡, Outages𝑛𝑗𝑡, Surcharge𝑛𝑗𝑡), and ASC1|𝑞 ≡ 0 for model 
identification.

We use a subset of the individual-level variables collected in the 
survey to define the probabilities of membership in each class. As 
socio-demographic variables, we include gender, an ordered age-group 
variable, and the square of the latter to allow for non-linear age 
dependencies in the allocation function. We also include a dummy 
variable to characterize individuals who choose not to report their 
income level: No-income = 1 if the respondent 𝑛 does not report their 
income (11.1% of the individuals), and zero otherwise.

Our objective in defining the explanatory variables for the allocation 
function is to identify the largest possible subset of available individual 
characteristics that best capture the heterogeneity of preferences within 
the analyzed population. The socio-demographic variables education, 
number of children, geographical region, and household income were 
also explored in the class-allocation model. However, they did not 
yield statistically significant coefficients in any of the class-allocation 
equations and were therefore not retained in the final specification 
on grounds of parsimony and interpretability. Therefore, we define 
the vector of individual characteristics affecting the probabilities of 
belonging to one class or another as 𝐳𝑛 ≡ (Age𝑛, Age2𝑛 , Female𝑛, 
No-income ).
𝑛
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Table 2
Socio-demographic characteristics of the sample.
 Age Gender Education Income Children

 Value (years) % Value % Value % Value (e) % Value %

 18–24 6.7 Male 60.3 Elementary 0.4 <1000 6.0 0 70.2 
 25–34 18.2 Female 39.7 Medium 7.4 1000–1500 13.4 1 19.2 
 35–44 22.9 Diploma 49.1 1501–2000 17.5 2 8.9 
 45–54 23.3 Bachelor’s 16.0 2001–2500 14.9 3 1.2 
 55–64 17.7 Master’s 24.8 2501–3000 12.6 4 0.2 
 65–74 9.7 PhD 2.3 3001–5000 17.6 5 0.0 
 75–84 1.1 5001–7000 3.2 6 0.1 
 ≥85 0.4 >7000 3.7 7 0.0 
 Not reported 11.1 8 0.0 
 ≥9 0.1 
Note: Income refers to household income.
Table 3
Information criteria.
 Variable Number of classes
 2 3 4 5

 Parameters 29 46 63 80  
 Log-likelihood −6041.5 −5787.1 −5683.6 −5632.5  
 AIC 12140.9 11666.2 11493.3 11425.0 
 AIC3 12169.9 11712.2 11556.3 11505.0 
 BIC 12337.5 11978.0 11920.4 11967.3  
 CAIC 12366.5 12024.0 11983.4 12047.3  
Note: Bold values represent the minimum across classes.

We estimated the LCM with different numbers of classes using the
Apollo software package (v0.3.5) developed by Hess and Palma (2019), 
implementing the BGW optimization algorithm (Bunch et al., 1993). 
Table  3 presents the values of the information criteria for the various 
models. Notably, both BIC and CAIC, which apply a stricter penalty 
for additional parameters than do AIC and AIC3, suggest a four-class 
model. In contrast, AIC and AIC3 suggest five classes. Since AIC and 
AIC3 often overestimate the number of classes, we follow BIC and CAIC 
and proceed with a four-class model.

Table  4 shows the estimates for the four-class model (where Class 1 
is the reference class for the allocation function). As shown, the classes 
have estimated mean assignment probabilities, 𝜋𝑞 ≡ 𝑁−1∑𝑁

𝑛=1 𝜋𝑛𝑞 , of 
11.97%, 41.65%, 16.75%, and 29.63%, respectively. The probability of 
being in either Class 2 (the largest class) or Class 4 shows a quadratic 
pattern across age groups: it decreases up to the 55–64 age interval 
and then increases for older groups. The estimates also indicate that 
not reporting household income or being female decreases the chances 
of belonging to either Class 2 or Class 3.

From the estimates of the parameters, we obtain the class-specific 
WTP estimates for each non-monetary attribute as discussed in Sec-
tion 3.2 and present them in Table  5. Standard errors of these class-
specific WTP estimates are calculated using the delta method (e.g., 
Hayashi, 2000, Lemma 2.5) with the robust estimator of the variance.4 
Note that the WTPs for the power outages attribute have been rescaled 
for ease of interpretation (WTP values for a ten-minute increase in 
the duration of power outages). As shown in Tables  4 and 5, Class 1 
strongly opposes nuclear power and has substantial estimated WTP for 
bioenergy. In contrast, Class 2 has estimated disutilities for fossil fuels, 
power outages, and bioenergy, but positive WTP for nuclear power. 
Regarding Class 3, the only significant attribute was the monetary 
one (see Table  4); this implies that the surcharge on the bill is the 
only attribute of importance to this class, while they are relatively 
indifferent to the other attributes. Lastly, Class 4 favors most RES, with 

4 In what follows, when interpreting DCE results, we use ‘‘support’’/‘‘pref-
erence’’ to refer to positive WTP estimates and ‘‘opposition’’/‘‘disutility’’ to 
describe negative WTP estimates; these terms refer to choice-based welfare 
measures and are not intended as direct measures of attitudinal acceptance.
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significant WTP values estimated for hydro, solar, wind, and bioenergy, 
while not favoring nuclear power.

We then determined the expected WTP for each individual as in 
(5), i.e., the class-specific WTP estimates weighted by the estimated 
class-membership probabilities based on that individual’s covariates. 
Fig.  4 shows the box plots of the distributions obtained. We observe 
higher estimated WTP for RES, especially for hydro and solar, which 
have mean values of 2.65 and 1.40 euros per percentage point increase 
in capacity, respectively. In contrast, fossil fuels (coal and gas) and 
especially nuclear power show distributions concentrated around neg-
ative values, i.e., disutilities, with mean values of −1.93, −0.51, and 
−3.69 euros per percentage point increase in capacity, respectively. The 
average estimated disutility for a ten-minute increase in the cumulative 
duration of annual blackouts is −3.30 euros, i.e., a WTP of 3.30 euros 
for a ten-minute decrease.

We can see in Fig.  4 that the dispersion of the estimated distri-
butions varies from attribute to attribute. For example, we observe 
that the dispersion for nuclear power is considerably higher than for 
the remaining attributes, indicating much more heterogeneous pref-
erences. Also, the estimates for bioenergy are more dispersed than 
for the major renewable technologies, i.e., hydro, solar, and wind. 
Finally, we observe that the interquartile range for the geothermal 
attribute includes zero, indicating substantial heterogeneity and no 
clear descriptive tendency toward either positive or negative WTP for 
this source.

Then, we estimated the change in consumer surplus associated with 
the change in the electricity mix proposed by the Italian government 
with a horizon of 2030. As discussed in Section 2.2, according to the 
latest national plans outlined in the 2023 NECP, the country needs to 
make profound changes in its electricity mix. The quantities used are 
shown in Table  6. Data for the SQ comes from Terna (2023), while data 
for the projected scenario for 2030 comes from MASE (2024). Since 
the DCE attributes are defined in terms of capacity shares, the welfare 
calculation is based on the implied change in the percentage compo-
sition of installed capacity between the SQ and the 2030 scenario. In 
this policy counterfactual, the outage attribute is held at its SQ level, 
since the NECP does not specify a directly comparable target for outage 
duration.5

Table  7 shows selected percentiles of the distribution of 𝛥CS𝑛 for 
the change in the scenario presented in Table  6, together with the 
mean value.6 We observe that the distribution is left-skewed: the mean 

5 The plan targets phasing out coal power plants, so we take this projected 
capacity to be zero. In contrast, it does not explicitly detail any reduction 
in gas capacity, so we assume this quantity to be static. The NECP sets the 
target for total bioenergy capacity (heat+electricity), so to be consistent with 
our DCE, we approximate this quantity by keeping the share of capacity for 
electricity generation only.

6 As defined in (6), 𝛥CS𝑛 should be interpreted as an estimate of the 
expected consumer surplus for respondent 𝑛, conditional on that respondent’s 
covariates.
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Table 4
Estimation results.
 Variables Class 1 Class 2 Class 3 Class 4
 Coef. Std Err. Coef. Std Err. Coef. Std Err. Coef. Std Err.  
 ASC2 −0.020 0.281 0.083 0.068 −0.158 0.193 0.349 0.105*** 
 ASC3 0.349 0.417 −1.989 0.244*** −0.450 0.329 −0.010 0.178  
 Attributes (𝜷𝑞 )  
 Coal −0.025 0.060 −0.060 0.018*** −0.048 0.065 0.036 0.023  
 Gas 0.038 0.033 −0.032 0.008*** 0.034 0.038 0.017 0.012  
 Nuclear −0.446 0.082*** 0.019 0.010* 0.024 0.026 −0.026 0.014*  
 Hydro 0.063 0.043 0.006 0.012 0.026 0.036 0.057 0.017*** 
 Wind 0.020 0.031 −0.008 0.007 0.035 0.026 0.027 0.010*** 
 Solar 0.047 0.036 −0.006 0.008 0.036 0.034 0.037 0.012*** 
 Geo 0.074 0.058 −0.005 0.015 −0.011 0.042 −0.009 0.019  
 Bio 0.120 0.067* −0.043 0.016*** 0.063 0.061 0.056 0.022**  
 Outages 0.001 0.010 −0.007 0.002*** −0.007 0.009 0.000 0.003  
 Surcharge −0.014 0.004*** −0.009 0.001*** −0.079 0.012*** −0.009 0.002*** 
 Class allocation (𝜸𝑞 )  
 Constant 4.63 1.518*** 1.451 1.782 6.627 1.434*** 
 Age −1.112 0.593* −0.221 0.748 −2.021 0.585*** 
 Age2 0.098 0.057* 0.015 0.076 0.168 0.058*** 
 No-Income −0.727 0.388* −0.805 0.464* −0.454 0.428  
 Female −0.845 0.274*** −0.694 0.341** −0.498 0.305  
 Mean class probability (𝜋𝑞) 11.97% 41.65% 16.75% 29.63%

Robust (sandwich) standard errors are reported (White, 1982).
* Indicate the 10% significance level.
** Indicate the 5% significance level.
*** Indicate the 1% significance level.
Table 5
Class-specific WTP estimates (e).
 Attributes Class 1 Class 2 Class 3 Class 4
 Coef. Std Err. Coef. Std Err. Coef. Std Err. Coef. Std Err.  
 Coal (pp) −1.815 4.442 −6.604 2.030*** −0.610 0.785 3.851 2.567  
 Gas (pp) 2.732 2.009 −3.504 1.008*** 0.435 0.508 1.851 1.157  
 Nuclear (pp) −31.786 10.970*** 2.120 1.129* 0.303 0.334 −2.760 1.715  
 Hydro (pp) 4.500 3.090 0.612 1.345 0.323 0.487 6.074 2.157*** 
 Wind (pp) 1.391 2.093 −0.856 0.807 0.444 0.354 2.861 1.056*** 
 Solar (pp) 3.356 2.260 −0.618 0.918 0.456 0.460 3.995 1.301*** 
 Geo (pp) 5.292 3.798 −0.518 1.699 −0.137 0.525 −0.951 2.063  
 Bio (pp) 8.535 3.885** −4.722 1.950** 0.800 0.791 6.004 2.086*** 
 Outages (10 min) 0.862 7.008 −7.492 2.262*** −0.872 1.135 −0.470 3.320  
Standard errors are computed using the delta method with the robust estimator of the variance.
* Indicate the 10% significance level.
** Indicate the 5% significance level.
*** Indicate the 1% significance level.
Table 6
Capacities in the analyzed case.
 Attribute Capacity (GW) Capacity (%)
 SQ 2030 SQ 2030

 Coal 7.3 0.0 6.6 0.0 
 Gas 44.0 44.0 39.9 25.4 
 Nuclear 0.0 0.0 0.0 0.0 
 Hydro 19.3 19.4 17.5 11.2 
 Wind 11.9 28.1 10.8 16.2 
 Solar 25.1 79.3 22.8 45.7 
 Geo 0.8 1.0 0.7 0.6 
 Bio 1.9 1.5 1.7 0.9 
 Total 110.2 173.3 100.0 100.0 

value, 𝛥CS ≡ 𝑁−1∑𝑁
𝑛=1 𝛥CS𝑛, is 38.99, the median is 39.64, and the 

minimum and maximum values are 26.84 and 46.77, respectively. The 
standard error for 𝛥CS, calculated using the delta method with the 
robust estimator of the variance, is SE(𝛥CS) = 9.69, which yields a 95% 
confidence interval of [20.00, 57.99].
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Table 7
Summary of the distribution of 𝛥CS𝑛 (e).
 Statistic Mean 𝑃0 𝑃5 𝑃25 𝑃50 𝑃75 𝑃95 𝑃100  
 Value 38.99 26.84 32.61 36.24 39.64 42.08 44.66 46.77 

Given that aggregate welfare measures may be sensitive to sample 
composition, we also assess the robustness of the estimated mean 
change in consumer surplus to alternative post-estimation weighting 
adjustments. Let 𝜔(𝑚)

𝑛  denote a set of weights associated with margin 
𝑚 ∈ {region, age, gender}, defined for each respondent as the ratio 
between the population share and the sample share of the respondent’s 
category in that margin. For each weighting scheme 𝑚, we compute 
the weighted mean welfare measure as 𝛥CS (𝑚)

≡ 𝑊 −1
𝑚

∑𝑁
𝑛=1 𝜔

(𝑚)
𝑛 𝛥CS𝑛, 

where 𝑊𝑚 ≡
∑𝑁

𝑛=1 𝜔
(𝑚)
𝑛 .

We use separate marginal adjustments rather than a full joint 
reweighting because finer cross-classifications would generate very 
sparse cells in our sample, and some joint population cells are not repre-
sented in the sample and therefore cannot be recovered by reweighting 
alone. For our purposes, marginal adjustments provide an informative 
robustness check, as they test whether the main welfare conclusion 
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Table 8
Sensitivity of the estimated consumer surplus to alternative marginal weighting schemes.
 Weighting scheme 𝛥CS

(𝑚) (e) 95% CI Annual aggregate (billion e) 95% CI  
 Sample estimate 38.99 [20.00, 57.99] 6.08 [3.12, 9.05] 
 Region margin 39.01 [20.02, 57.99] 6.09 [3.12, 9.05] 
 Age margin 39.96 [20.60, 59.32] 6.23 [3.21, 9.25] 
 Gender margin 38.25 [19.13, 57.38] 5.97 [2.98, 8.95] 
Fig. 4. Distribution of the WTP estimates.
is materially affected by aligning the sample with the key population 
margins.

Table  8 reports alternative post-estimation aggregations of the indi-
vidual consumer-surplus predictions obtained from the main estimated 
model. The main model is estimated using region-specific weights. The 
first row (‘Sample estimate’) reports the simple unweighted mean of 
the predicted individual consumer-surplus values, while the remaining 
rows apply additional post-estimation marginal weights based on re-
gion, age, and gender, respectively. The alternative weighting schemes 
produce remarkably similar point estimates and confidence intervals for 
𝛥CS

(𝑚)
, indicating that the aggregate welfare measure is highly stable to 

these adjustments in sample composition. Since the estimated consumer 
surplus is expressed at the household level on a bi-monthly billing basis, 
and Italy has approximately 26 million households (ISTAT, 2024a), 
the implied aggregate annual willingness to pay remains in a narrow 
range, between e5.97 and e6.23 billion depending on the weighting 
scheme. This strengthens our main result: even after aligning the sam-
ple separately with the population margins for region, age, and gender, 
the aggregate welfare implied by households’ preferences remains well 
below the investment levels envisioned in the NECP.

5. Discussion and conclusion

In our DCE, the LCM identifies four preference classes. The largest 
(Class 2) rejects fossil fuels, bioenergy, and service interruptions while 
supporting nuclear power; the second-largest (Class 4) supports the 
major renewable technologies and opposes nuclear energy; the third-
largest (Class 3) is virtually indifferent to all non-monetary attributes, 
9 
being driven only by the cost of the electricity bill; and the smallest 
(Class 1) strongly dislikes nuclear power and favors bioenergy.

From a policy perspective, this segmentation shows which levers are 
most likely to generate support or resistance to NECP implementation 
across the population, insights that would be averaged out and harder 
to interpret in a single-class model. For instance, while Class 4 indicates 
support for the renewable-capacity targets outlined in the NECP, the ex-
istence of Class 3 suggests that, for a distinct segment of the population, 
support will be highly sensitive to the immediate financial burden (the 
bill surcharge) rather than to the technology mix itself. Furthermore, 
the strong aversion to power outages in Class 2 underscores that grid 
reliability must be prioritized alongside decarbonization to maintain 
public support. On average, respondents show a strong aversion to a 
hypothetical reintroduction of nuclear power in Italy and reject fossil 
fuels and service interruptions. In contrast, we find positive overall 
WTP estimates for most renewables, namely hydropower, solar PV, 
wind, and bioenergy.

The strong overall opposition to nuclear power is not unexpected, as 
Italy abandoned its nuclear power program following the 1987 referen-
dum, heavily influenced by the previous year’s accident at Chernobyl. 
This referendum resulted in the shutdown of all nuclear plants. Then, 
in 2011, shortly after the Fukushima disaster, a second referendum 
confirmed the strong public opposition to the revival of nuclear power 
in Italy, effectively confirming the country’s no-nuclear stance. This 
finding is also consistent with results for other countries, e.g., Mu-
rakami et al. (2015) show that in both Japan and the US, there is a 
negative preference for increasing the share of nuclear power in the fuel 
mix (especially in Japan). In contrast, renewable energy sources were 
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supported by both US and Japanese consumers, who show a willingness 
to pay $0.71 and $0.31 per month for a 1% increase in renewable 
energy sources. We also find a considerable aversion to fossil fuels, 
especially coal. This result is not surprising as coal is more polluting 
than gas (Zeng et al., 2022).

Overall, respondents value hydroelectric power the most, perhaps 
because they are familiar with it, as it is a very mature technology. As 
hydropower is more concentrated in fewer facilities, it is reasonable 
to assume that most respondents do not encounter hydroelectric dams 
regularly but do encounter more sparse technologies such as wind or 
solar, and are therefore less concerned about potential environmental 
or aesthetic impacts from this source. Further, Klinglmair et al. (2015) 
find that in Austria, a neighboring country whose main source of 
electricity is hydropower, most participants in a nationwide DCE on 
preferences for increasing hydropower capacity had a very positive 
attitude toward the construction of new hydropower plants, with only 
a minority opposed. However, they found that respondents preferred 
these new plants to be built away from their homes, i.e., the NIMBY 
effect. In contrast, Mattmann et al. (2016) find negative effects of 
hydropower due to the impact on the landscape.

The finding of significant disutilities for an increase in power out-
ages is consistent with the extensive evidence that the reliability of 
the supply of energy is an essential attribute for consumers. Abrate 
et al. (2016) show that the typical Italian household would require 
compensation for even very short interruptions (1 min), ranging from 
e0.13 to more than e4.5. Empirical studies in other countries also find 
that the perceived costs of blackouts are high and that users are willing 
to pay to avoid blackouts or to minimize their duration and frequency, 
e.g., Reichl et al. (2013) for Austria, Ozbafli and Jenkins (2015) for 
Cyprus, and Huh et al. (2015) for South Korea.

Our results show that respondents prefer solar over wind, which 
could be for several reasons. Firstly, solar has low visual and noise 
impact, as it can be easily integrated into roofs or other infrastruc-
ture without much notice. Wind turbines, in contrast, can disrupt the 
landscape, emit disturbing noises, and endanger some bird species. It 
is well-known that wind projects suffer from the NIMBY effect (Olsen, 
2010). For instance, Vecchiato (2014) shows that Italian households 
find that wind energy hurts the landscape and prefer wind turbines 
installed far from reachable viewpoints. Indeed, without further distinc-
tion, some respondents may associate solar energy with rooftop solar 
panels, which tend to be more widely accepted than both industrial-
scale solar installations and wind farms, as subsidies and promotional 
campaigns have promoted solar energy in particular, reinforcing the 
perception that it is the most advantageous renewable option for both 
consumers and the environment (Cousse, 2021). Similar results arise 
in other studies. For example, in Italy, Vecchiato and Tempesta (2015) 
find that Italian households’ WTP for photovoltaic is 3.4 times that for 
forest biomass and 5.4 times that for agricultural biomass. In line with 
our findings for Italy, Oehlmann and Meyerhoff (2017) and Bartczak 
et al. (2021) show that German and Polish residents prefer solar to wind 
to biomass, respectively.

We find that preferences for bioenergy are more heterogeneous in 
our data than for other renewables. A plausible explanation is that 
public familiarity with bioenergy varies widely across respondents. 
On the one hand, with less familiarity, willingness to pay may be 
positive due to the recognition as renewables but not as high as for 
widely publicized technologies such as solar or wind, or even close 
to zero, i.e., indifference on average. While solar or wind energy 
are associated with more immediate and easily understood images, 
bioenergy encompasses processes for obtaining and using biomass from 
energy crops to agroforestry residues whose complexity can lead to 
misunderstanding or ignorance. On the other hand, biomass has cer-
tain drawbacks that other renewable energy options do not, such as 
increased local truck traffic (with its associated pollution and dis-
ruption) and gaseous emissions from the plant, including unpleasant 
odors (Upham and Shackley, 2007). In addition, there is confusion 
10 
about the actual impact on CO2 emissions. The main criticism of 
the supposed carbon neutrality of bioenergy is that burning biomass 
releases CO2 immediately, while reabsorption through reforestation 
can take decades, creating a time lag (Zanchi et al., 2012). Moreover, 
the origin of the fuel should be considered since the expansion of energy 
crops can lead to land-use changes that cause deforestation and release 
additional carbon sequestered in vegetation or soil. Similarly, biomass 
transport and processing often rely on fossil fuels, increasing the overall 
carbon footprint. These are some of the reasons some stakeholders 
and experts question whether bioenergy is inherently emissions-neutral 
(Booth, 2018). These doubts fuel a negative image for certain groups, 
while other population segments have little information or interest, 
reinforcing the wide dispersion in their estimated WTP, and overall 
lower values than other renewables.

Finally, the distribution of respondents’ estimated WTP for geother-
mal energy is close to zero, perhaps due to an overall lack of familiarity 
with the technology. For instance, in a DCE about public preferences for 
RES in Jakarta, Siyaranamual and Yusuf (2024) find that respondents 
were less familiar with geothermal than with hydropower, solar PV, or 
wind, and estimated the highest WTP among renewables for solar PV.

The 2023 NECP estimates that over 2024–2030, more than 81.8 
billion euros will be needed to finance the transformation of the power 
plant layout, mainly due to the planned increase in solar PV capac-
ity (MASE, 2024, Table 99). This amount is significantly above the 
aggregate consumer surplus of Italian households we estimated. This 
comparison should be interpreted as contrasting elicited household-side 
welfare gains with the scale of the planned investment effort, rather 
than as a full social cost–benefit assessment of the NECP.

To assess the extent to which this welfare comparison may depend 
on sample composition, we conducted a sensitivity analysis using al-
ternative post-estimation weighting adjustments based separately on 
the national marginal distributions of region, age, and gender. The 
resulting aggregate consumer-surplus estimates and confidence inter-
vals are remarkably similar across all weighting schemes. Interpreting 
these values on a bi-monthly household basis and using approximately 
26 million households in Italy, the implied aggregate annual WTP 
remains in a narrow range, between e5.97 and e6.23 billion. This 
indicates that our main welfare conclusion is robust to these alternative 
marginal reweighting exercises: even after aligning the sample with 
key population margins, the aggregate welfare implied by households’ 
preferences remains well below the investment levels envisaged in the 
NECP.

Even if funding for implementing the NECP comes from other 
sources, such as the EU budget or private entities, the relationship 
between the scale of the investment effort and the household-side 
welfare gains remains policy-relevant. In this context, extending the 
investment period could bring annual costs and annualized household 
welfare gains closer to balance by smoothing the same cumulative 
capital expenditures over a longer horizon and thereby reducing the 
annual financing requirement. This suggests that while preferences 
indicate strong support for the transition toward renewables, the pace 
implied by the 2030 targets may generate short-run costs that exceed 
the benefits perceived by households. Consequently, our modeling 
framework can be used to estimate the welfare impacts of more gradual 
installation pathways that may better align with public WTP.

The policy relevance of this study also extends beyond the aggregate 
WTP estimate. For example, understanding the heterogeneity of the 
population’s preferences and the factors that influence these differences 
can help in anticipating which policies will be socially acceptable based 
on the characteristics of the residents and in designing more targeted 
policy acceptance campaigns depending on the preference class tar-
geted by the policymaker. The latent classes are policy-relevant and 
easy to interpret because they largely differ in their primary decision 
driver (cost, reliability, or technology composition), so they directly 
indicate which NECP levers are most likely to generate support or 
resistance across population segments. In our class-allocation results 
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(Table  4), class membership varies systematically with age (including 
a nonlinear effect) and gender, and it is also related to not report-
ing household income. Other socio-demographic variables considered 
(e.g., education, number of children, region, and reported income) 
did not yield statistically significant coefficients in the class-allocation 
equations and were therefore not retained in the final specification.

These findings should be interpreted within the scope of a portfolio-
level DCE: we value changes in national technology shares, reliability, 
and cost, but do not model location-specific (NIMBY) factors such 
as proximity or landscape impacts. Moreover, although we collected 
attitudinal and ANA measures, we do not incorporate them into the 
LCM due to a potential endogeneity problem (Alcorta and Mariel, 
2025).

Given that energy and climate policies have time horizons of several 
years or even decades, and public preferences are unstable and evolve, 
we believe that studies such as this should be conducted more regularly 
in each country so that regulators have the most up-to-date information 
possible. Since the energy transition is a global enterprise, more studies 
in this line would allow researchers and regulators to analyze the het-
erogeneity of preferences regarding electricity sources across countries 
and times and study the factors influencing these differences.
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Appendix A. Recent RES policy initiatives affecting Italy

Below, we summarize the most relevant energy policy initiatives, 
both at the national and international levels, regarding the deployment 
of RES in Italy in the last decade. Note that the listed policies are 
packages of measures that typically affect many sectors. We focus only 
on the renewable energy targets.
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- 2015: The Paris Agreement is a global treaty negotiated by 196 
parties at the 2015 United Nations Climate Change Conference to 
combat climate change. Its main objective is to limit global warm-
ing to well below 2◦C, preferably 1.5◦C, above pre-industrial lev-
els. Through their Nationally Determined Contributions (NDCs), 
members of the European Union have pledged to reduce green-
house gas emissions to achieve this goal (UNFCCC, 2015).

- 2017: The Italian National Energy Strategy (NES) set objectives 
to reduce final energy consumption by 10 million tonnes of oil 
equivalent (Mtoe) by 2030, achieve a 28% share of renewables in 
total energy consumption and a 55% share in electricity consump-
tion by 2030, strengthen the security of the supply, and phase out 
the use of coal in electricity generation by 2025 (MATTM, 2017).

- 2019: Italy’s 2019 National Energy and Climate Plan (NECP 
2019) is a comprehensive strategy outlining national objectives 
and measures for energy efficiency, deployment of renewable en-
ergy sources, and reductions of greenhouse gas emissions, in line 
with the European Union’s 2030 climate and energy objectives. 
It sets the target of generating 30% of final energy consumption 
from RES by 2030 (MIMIT, 2019).

- 2020: The European Green Deal (EGD) outlines policies to de-
carbonize the economy by achieving net zero greenhouse gas 
emissions by 2050, with a 55% reduction by 2030 compared to 
1990 levels, by improving energy efficiency and increasing the 
use of renewable energy sources. The Commission has set the 
objective that one-third of the e1.8 trillion investment from the 
NextGenerationEU and the EU’s seven-year budget be used to 
finance the Green Deal. As of 2024, this target has been exceeded, 
reaching 42% (European Commission, 2024).

- 2021: ‘‘Fit for 55’’ contains a set of measures to enable the EU to 
meet its 55% emissions reduction target by 2030. The European 
Council agreed to set a binding EU-level target of 42.5% of energy 
from RES in the overall energy mix by 2030 (Council of the 
European Union, 2022).

- 2022: REPowerEU is an EU initiative to protect consumers and 
businesses from energy shortages caused by the war in Ukraine. 
It aims to increase energy security and efficiency by diversifying 
energy supplies and producing clean energy. A key proposal of 
the plan is to increase the EU’s 2030 target for penetration of 
renewable energy from the previous target of 40% to a new target 
of 45%. As part of this plan, the EU Solar Energy Strategy aimed 
to deploy more than 320 GW of new solar photovoltaic (PV) 
power by 2025, doubling the installed capacity at that time, and 
almost 600 GW by 2030, displacing the consumption of 9 billion 
cubic meters (bcm) of natural gas annually by 2027 (European 
Commission, 2022).

- 2023: Italy’s 2023 National Energy and Climate Plan (NECP 
2023) updates the targets from 2019 and sets new, more realistic 
targets to meet the EU’s climate change ambitions: Renewables 
should reach 40.5% of Italy’s national final energy consumption 
and 65% of electricity consumption in 2030, with solar PV be-
coming the biggest source for renewable electricity with 79 GW 
of installed capacity, almost quadrupling its capacity from 2021. 
The final version of this update was completed in 2024 (MASE, 
2024).

Appendix B. Sample composition and weighting factors

This appendix reports the population and sample shares used to 
construct the regional post-stratification weights employed in the main 
estimations, as well as the marginal weighting factors for age and 
gender used in the sensitivity analysis (see Tables  B.2 and B.3). 

Appendix C. Supplementary data

Supplementary material related to this article can be found online 
at https://doi.org/10.1016/j.eneco.2026.109484.
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Table B.1
Region-specific post-stratification weights.
 Region Population share (%) Sample share (%) Weight 
 Abruzzo 2.17 2.59 0.84  
 Basilicata 0.92 1.35 0.68  
 Calabria 3.10 3.45 0.90  
 Campania 9.29 8.25 1.13  
 Emilia Romagna 7.57 9.48 0.80  
 Friuli Venezia Giulia 2.06 3.33 0.62  
 Lazio 9.69 8.50 1.14  
 Liguria 2.62 4.68 0.56  
 Lombardia 16.90 9.11 1.86  
 Marche 2.54 2.34 1.08  
 Molise 0.50 1.11 0.45  
 Piemonte 7.28 9.61 0.76  
 Puglia 6.60 6.65 0.99  
 Sardegna 2.74 4.80 0.57  
 Sicilia 8.03 9.24 0.87  
 Toscana 6.29 5.79 1.09  
 Trentino Alto Adige 1.79 1.11 1.61  
 Umbria 1.46 2.96 0.50  
 Valle d’Aosta 0.21 0.12 1.70  
 Veneto 8.24 5.54 1.49  
Note: Weights are defined as the ratio between population and sample shares.

Table B.2
Age-specific marginal weighting factors.
 Age group Population share (%) Sample share (%) Weight 
 18–24 8.26 6.65 1.24  
 25–34 12.50 18.23 0.69  
 35–44 14.06 22.91 0.61  
 45–54 18.26 23.28 0.78  
 55–64 18.24 17.73 1.03  
 65–74 13.82 9.73 1.42  
 75–84 10.20 1.11 9.20  
 ≥85 4.66 0.37 12.60  
Note: Weights are defined as the ratio between population and sample shares.

Table B.3
Gender-specific marginal weighting factors.
 Gender Population share (%) Sample share (%) Weight 
 Male 48.44 60.34 0.80  
 Female 51.56 39.66 1.30  
Note: Weights are defined as the ratio between population and sample shares.
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Alberini, A., Bigano, A., Ščasnỳ, M., Zvěřinová, I., 2018a. Preferences for energy effi-
ciency vs. renewables: what is the willingness to pay to reduce CO2 emissions? Ecol. 
Econom. 144, 171–185.
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