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Abstract 

Urban areas are of particular significance in addressing the environmental impacts 

of human activity, particularly with regard to energy consumption and greenhouse 

gas emissions. As they account for over 70% of global energy-related CO2 

emissions, cities are central to climate and energy strategies. Within the European 

Union (EU), the pivotal function of urban areas in fostering decarbonization is 

exemplified by initiatives such as the "EU Mission: 100 Climate-Neutral and Smart 

Cities by 2030," which underscores inclusivity and citizen participation. This 

mission-oriented approach underscores the imperative for sustainability transitions 

to be socially inclusive, economically feasible, and environmentally ambitious. 

Among urban sectors, the building sector is of particular significance due to its 

substantial decarbonization potential. Within the European Union, the construction 

sector accounts for approximately 40% of final energy consumption and 36% of 

energy-related carbon dioxide emissions. However, the adoption of clean energy at 

the urban scale continues to progress at a gradual pace, with regulatory, economic 

and behavioral factors acting as impediments to this process. 

There is an emergent paradigm shift towards citizen-centered energy systems, in 

which individuals assume active roles in the generation and management of energy. 

This phenomenon is exemplified by the emergence of Renewable energy 

communities, as delineated in the EU Renewable Energy Directive (RED II). 

Renewable energy communities facilitate joint production, distribution, and 

governance of renewable energy by citizens, local governments, and small 

enterprises with an emphasis on the environmental, economic and social benefits 

that they could bring. 

This research project explores the socio-demographic and performance-related 

factors influencing citizen participation in Renewable energy communities. In 

addition, it investigates the potential for their urban-scale diffusion based on 

preference models, spatial variations in participation, and financial mechanisms to 

align private actions with public sustainability goals. 

To answer the above, a survey was conducted to collect data on citizens' willingness 

to participate in different Renewable energy community configurations and their 

preference rankings among these alternatives. In accordance with the respondents 

stated preferences, two models were developed: a moderated logistic regression 

model and an additive model using value functions estimated through a UTA 

method. These models were then subjected to a process of generalization through 

the utilization of supervised classification algorithms and subsequently linked to 



 

respondent profiles defined by socio-demographic vectors. A synthetic population 

was generated for a selected case study area using statistical data. Finally, the share 

of the population likely to accept participation in a Renewable energy communities, 

as well as preferences for specific alternatives, was estimated. 

The findings of the study indicate that six socio-demographic factors significantly 

affect individuals' propensity to participate in Renewable energy communities and 

their preferences regarding different Renewable energy communities performance 

attributes. The utilization of these variables determined the categorization of 144 

distinct types of individuals, with each type being associated with the two distinct 

models: the logistic model for the estimation of participation likelihood and the 

additive model for the ranking of alternative options. The analysis estimated the 

acceptability levels of various Renewable energy communities configurations, 

revealing that the most environmentally effective option corresponded to the lowest 

potential acceptance rate. In order to enhance its acceptability and elevate its 

standing in relation to competing alternatives, it was estimated that a 

comprehensive financial support package amounting to €3.9 billion would be 

required at the urban scale. The study tested the possibility to apply a formalized 

tool to combine individual subjective information with objective characteristics 

(socio-demographic attributes) to evaluate and generalize individuals’ system of 

values. The application to a real case study should be taken as a test bed to evaluate 

the potentiality of the method rather than providing quantitative results (especially 

due to the limitation in data collection). Finally, the method has been applied 

specifically to estimate the acceptability of Renewable energy communities but 

demonstrated promising potential for its application to other urban transformation 

challenges. 
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Chapter 1 

Introduction 

1.1 Background 

The European Union is committed to achieving a competitive economy with 

zero net greenhouse gas (GHG) emissions by 2050. This milestone was reaffirmed 

in the European Green Deal [1] in 2019, when it was clearly stated that with the 

current policies in place, the overall GHG reduction of the European Union would 

have reached only 60% in 2050 and would not be in line with its ambitious target. 

In this context, the integration of renewable energy, energy efficiency and 

sustainable solutions in all sectors should be strengthened.  

Urban areas are considered strategic in the attempt to reduce the environmental 

impact of society. Indeed, urban areas account for approximately 75% of global 

primary energy consumption and a significant proportion of total GHG emissions 

[2]. Furthermore, as the majority of the world's population lives in cities [3], they 

are seen as central to climate change mitigation, and also as an appropriate arena in 

which to address some of the problems of our time. Indeed, several of the 

Sustainable Development Goals (SDGs) could find a direct translation in the 

attempt to achieve a just green transition at the urban level, from the simple creation 

of sustainable cities and communities (SDG 11), to the need to provide clean and 

affordable energy (SDG 7), to the commitment to climate action (SDG 13). Cities 

are also specifically targeted by European policies. For example, the EU Mission 

100 climate neutral cities by 2030 - by and for the citizens [4] with the specific need 

to address Scope 1 (direct emissions from buildings, industry, transport, waste 
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treatment, agriculture, forestry and other activities within city boundaries) and 

Scope 2 (GHG from grid-supplied energy) greenhouse gas emissions from cities 

[5]. 

Among Scope 1 emissions, reducing energy consumption and associated GHG 

emissions from the buildings sector has long been considered a pressing issue [6]. 

This sector is responsible for 40% of energy consumption and 36% of energy-

related carbon dioxide (CO2) emissions at European level [7]. The European 

Commission has been particularly prolific in developing policies targeting the 

building sector (specifically or as part of a broader perspective) [1,8], highlighting 

the emission reductions that can be achieved in the short term [9].  

In particular, the Energy Performance of Buildings Directive (EPBD) [10,11] 

introduces a new definition for buildings aiming at a high standard of sustainability, 

namely the zero-emission building. As defined in the Directive, the Zero Emission 

Building is a very high-performance building with a very low energy demand, to 

be covered by energy from renewable sources at the local level, with a specific 

focus at the district or community scale.  

The possibility of achieving a large use of renewable energy in the urban context 

has been widely discussed [12–15], and its role in the possible reduction of the 

environmental impact of buildings has been demonstrated [16,17]. Moreover, 

energy efficiency measures and electrification of consumption have been 

considered as the most promising way to achieve a decarbonized future for the 

sector [2,18–20], representing an active field of research [21]. 

Several tools have been introduced to raise public awareness regarding 

building efficiency, such as the Energy Performance Certificates [22] or the Green 

Building Certificates such as LEED, BREEAM, DGNB, to name just a few of the 

more well-known ones. In addition, some experiments [4] seek to act as lighthouses 

to stimulate debate on the benefits of a more sustainable urban environment.  

The European Union is particularly clear on the need to involve civil society in 

the joint effort to reduce the negative impacts of the urban environment [7] and on 

the possible wider objectives that could be achieved through participatory 

frameworks [23]. 

Finally, in terms of scale, it has already been demonstrated that the adoption of 

cooperative behavior at a scale larger than that of the building, such as the sharing 

of locally produced energy [24] or the adoption of technological features such as 

energy storage systems [25,26], can generate further benefits than considering each 

building individually.  

Aggregation of consumers in participatory schemes is not a new concept. 

Extending energy analysis to the neighborhood scale [24] to exploit the potential of 
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different building typologies and consumption curves [27,28] has been explored 

using a range of conceptual frameworks representing different carbon neutrality 

targets and temporal discrepancies between energy production and consumption 

[29,30]. 

Currently, the transition to clean energy use at the urban scale is slow [31], 

while inherent technological issues remain unresolved, including the generation-

consumption mismatch [32] and the non-programmability of RES [33]. To address 

the slow pace of this transition, citizen-led bottom-up initiatives [34] are gaining 

attention due to their ability to integrate citizens as active actors in the energy 

market [32,35,36], to increase awareness of energy consumption [37,38], and to 

improve individuals' "energy literacy" [39]. Among these, the European Union has 

recently introduced Renewable energy communities as legal entities to formalize 

and support the integration of citizens as active players in the energy market, 

institutionalizing cooperative forms of participation. 

1.1.1 RECs and CECs 

Recent developments in European legislation have given rise to two novel forms of 

energy-related associative entities, namely Renewable energy communities (RECs) 

and Citizens energy communities (CECs). RECs are defined by the recast of the EU 

Renewable energy directive (RED II) [40], while CECs are introduced by the EU 

Internal electricity market directive [3,41]. Both entities can engage in different 

activities along the energy supply chain, such as production, consumption, storage, 

sharing among members, and selling. RECs and CECs emphasize the change in 

citizens’ role, from passive consumers to active prosumers, and the need to consider 

factors beyond the mere financial motivations in their implementation [42,43]. 

While exhibiting similarities, RECs and CECs also differ in their formulation. CEC 

is intended as a more general concept [44], encompassing the possibility to exploit 

non-RES [45,46], without geographical restriction, whereas RECs are limited to the 

production of energy only from RES, and by a proximity criterion [47,48], and are 

thus considered as “Community of place and interest” [49]. These differences 

substantiate the hypothesis that the RECs may align more directly with the 

decarbonization target of the urban building stock, especially considering the 

potential multifaceted positive impacts that the REC formulation is ought to bring 

to the local community in which it operates. 

In accordance with RED II, EU Member States must establish an “enabling 

framework” with the aim of facilitating the formation of RECs and ensuring the 

inclusion of low-income and vulnerable consumers [50]. This framework is 

required to facilitate access to finance and information, as well as to promote 
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collaboration with distribution operators (DSO) [40]. It has been asserted that the 

correspondence of RECs impacts with the outcomes and benefits envisaged by the 

EU directives is contingent on the attractiveness and coherence of the enabling 

framework [48]. Furthermore, consumers’ willingness to participate has been 

stressed as fundamental in the deployment of RECs [51], as well as their social 

acceptance [37]. In this direction, the enabling framework should consider the 

motivations behind actors’ decision to participate or not, and their potential 

incapability to do so.  

In the broader context of community energy [31], numerous studies have 

highlighted the significance of both external (e.g. costs, policies, energy models) 

and internal factors (e.g. financial and attitudinal) in influencing citizen 

participation [52–54]. Consequently, a thorough examination of the motivations, 

and external influences that drive the adoption of RECs is paramount, in 

conjunction with technical design considerations [54,55]. However, there is a 

paucity of approaches to evaluate how motivations vary across consumers [56,57], 

as well as a lack of a comprehensive evaluation framework able to consider the 

different potential benefits brought by the implementation of a REC [44,58,59].  

RECs have been considered aligned with several of the United Nations’ Social 

development goals as outlined in the Agenda 2030 (affordable and clean energy, 

sustainable cities and communities, responsible consumption and production, 

climate action) [3], suggesting their capability to confer a range of benefits to 

various stakeholders. From an environmental perspective, RECs may encourage the 

acceptance of RES generation in urban areas [46,60], thereby contributing to the 

achievement of national decarbonization targets [58], reducing GHG emissions, and 

implementing actions to mitigate the impact of cities [42,46]. Furthermore, RECs 

might increase energy security and independence [61–64], and enhance territorial 

resiliency [28]. They can provide flexibility services to the main grid [36,65,66], 

offsetting violations in voltage and capacity limits [67], and reduce its necessity for 

upgrades [68,69]. In urban environments, RECs could also promote energy 

efficiency at building level, decreasing energy consumption and emissions 

[11,42,51], enhancing energy self-sufficiency [34], and overcoming technical 

constraint at single building level [70,71]. The economic sphere, as well, is affected 

by the implementation of RECs. New jobs could be created [60,72,73], and market 

opportunities may emerge, offering prospects for profit-driven operators. 

Furthermore, members could benefit from energy bills savings and energy self-

consumption.  

In addition to the economic and environmental advantages, both the European 

legislator and the scientific community place significant emphasis on the positive 
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social impacts associated with the implementation of RECs. In conjunction with the 

promotion  of citizen engagement and innovative forms of participation [3], RECs 

have been regarded as capable of combating energy poverty [3,46,47,74], with the 

ability to reduce consumption and facilitate affordable energy tariffs [28,75,76] for 

demographic groups that are typically excluded from renewable energy investments 

and face split incentives issues [48,77]. Moreover, it has been documented that the 

establishment of energy communities in socio-economically disadvantaged and 

mistrusted neighborhood has been associated with an enhancement in the civic 

sense of residents [78], leading to a reduction in the stigma experienced by 

marginalized groups [79]. 

Notwithstanding the aforementioned benefits, there are several challenges that 

may emerge if the impacts of the implementation of RECs is not given full 

consideration. This calls for a need to guide their implementation both from a 

design [76] and a policy point of view [63]. For instance, the wide spread of 

distributed generation could bring issues to the stability of the energy system 

[29,32,36] with excessive stress on grid components determined by energy flux 

inversion due to generation-consumption mismatch [80]. Furthermore, there might 

be a misalignment of goals between RECs and other operators [58], determining 

potentially negative impacts of the community itself [75]. For instance, private 

members might target profits maximization, the DSO might value the avoidance of 

grid update necessity, while local authorities might be interested in the social and 

environmental benefits generated by RES upscaling [64]. The presence of such 

potentially conflicting goals calls for a concertation of actions to avert adverse 

outcomes for specific actors, with the possibility to evaluate the introduction of 

policies and price signals that could direct a coordinated deployment of RES [81]. 

Finally, numerous barriers may be faced by citizens willing to participate in a REC, 

including space limitation for distributed generation [82], high investment cost, lack 

of access to finance [50,58], issues related to socio-economic factors [31,83] 

knowledge [44] and regulation [32]. These factors might result in an uneven 

distribution of RECs across cities and socio-economic groups [48]. This uneven 

distribution argument could be further substantiated by the fact that, in the process 

of designing RECs, a variable that could be optimized is the selection of participants 

so to achieve higher financial results [84]. The focus on maximizing profits in the 

implementation of RECs may result in a neglect of areas where greater social, 

economic, and environmental benefits could be achieved [46]. This could lead to a 

harmful polarization effect between classes residing in sustainable areas and 

disadvantaged classes living in more polluted areas [85]. 
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In light of the above, and given the emphasis that the European policy 

framework places on the role that RECs could play in the decarbonization pathway 

for the built environment, assessing the impact of such a new legal entity is an open 

and fundamental question [23,86]. In particular, as will be shown in Chapter 2, the 

scientific contribution analyzing the combined effect of the reduction of energy 

consumption due to energy efficiency measures and the implementation of RECs at 

the urban level is still scarce. Moreover, the rules of behavior of actors involved or 

not in an initiative at the community level represent an interesting avenue of 

research [2,53,87]. In this respect, understanding the conditions for setting up a 

REC could have important policy implications.  

The analysis of the economic and financial drivers that motivate an actor to 

participate could be used to analyze the possible expected penetration of RECs in 

the urban context. In particular, the preference of potential members for different 

performance indicators of alternative scenarios (such as minimizing costs or 

maximizing emission reductions), and the trade-offs between them, could lead to 

the implementation of sub-optimal solutions in terms of the potential environmental 

benefits achievable compared to interventions aimed at minimizing the 

environmental impact of the building sector. 

Finally, by analyzing the different distribution of preferences for participation in an 

energy community among different socio-economic groups, and the distribution of 

these groups at the urban level, it would be possible to identify the areas where the 

establishment of a REC does not meet these preferences, and to consider possible 

modifications to the enabling framework to promote their adoption. 

 

1.2 Objectives and Research questions 

The present work is based on the contextual background outlined previously and 

aims to investigate the extent to which participation in a REC could become 

widespread among urban residents. It is worth noting that the research is 

specifically tailored to achieve this objective, but the method used to answer the 

questions could also be adapted to the different cases of urban interventions in 

which the assessment of residents' preferences and acceptance of urban 

transformation may be required (and it could be argued that this is the case in most 

interventions aimed at transforming the urban environment). It is also important to 

stress that the application of the method to the specific case study has to be 

considered as a test to prove the functioning of the method, and the results should 

not be taken as a precise quantitative estimation. 

The aim of this research could be summarized in four main bullet points: 
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• determine citizens' preferences in the participation to the energy 

transition of the building stock, depending on socio-demographic 

factors; 

• evaluate the potential performance results of Renewable energy 

communities at the city level, depending on the solution preferred 

by the inhabitants. 

• evaluate the possible intervention of third parties (municipalities, 

ESCOs) to promote supporting measures that could increase 

stakeholder participation and align the private initiative with 

public objectives. 

 

The final objective of this work will be to contribute to the body of research aiming 

at identifying the optimized actions to be taken in order to achieve a more 

sustainable building stock. In particular, it will explore the possibility of achieving 

a better allocation of financial resources and better environmental outcomes 

through stakeholder collaboration. Another objective will be to take into account 

the attitudes of citizens towards this type of issues in order to better assess their real 

feasibility and scalability, not only from a technical point of view, but also from a 

broader socio-environmental-economic perspective. 

1.2.1 Specific research questions 

The bullet points indicated as objective of the research in the previous 

subsection can be translated into the research questions that the present work will 

tackle. 

Q1. What are the socio-demographic characteristics of individuals and the 

performance attributes of the potential intervention scenarios that influence 

inhabitants’ decision to accept to participate in a Renewable energy community? 

The answer to this question will aim to evaluate which are the parameters and 

thresholds that different individuals take into consideration when confronted with 

the decision to engage or not in the participation to a REC. Most of the study that 

evaluate the adoption of energy efficiency measures uses different parameters such 

as financial (Investment Costs, Pay-back Period, etc.) or environmental ones 

(avoided GHG emissions, self-sufficiency, etc.) but the trade-offs between those 

parameters and, especially, the decision model followed by different actors have to 

be further investigated in order to evaluate to which extent it would be possible to 

expect the private sector to take actions toward the achievement of a more 
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sustainable building stock, and which is the extension of the acceptability space in 

terms of RECs performances. 
 

Q2. To which extent could different renewable energy communities proliferate 

at the city scale, and which are the most probable solutions to be implemented 

based on the inhabitants’ preference models? 

Building on the previous research question (Q1), different individuals might 

evaluate in different ways the possibility to participate in a REC depending on their 

personal characteristics and the performance that different solutions could achieve. 

By analyzing how the parameters potentially influencing the willingness to 

participate in a REC solution characterize the population in a certain area, it would 

be possible to estimate the probable level of acceptability of different solutions at 

the local scale, thus evaluating the possible outcomes that the widespread adoption 

of RECs at the city scale might have. 
 

Q3. What could be the expected variation in the participation to different 

configurations of renewable energy communities among the inhabitants in different 

parts of the city? 

Considering the different parts of the urban environment, it might be 

reasonable that different RECs would achieve various level of performances in 

different areas of intervention. Furthermore, different actors might have different 

level of acceptance in taking the decision to participate in an Energy community or 

not depending on its performances. A consequence of the latter could be that some 

areas at the urban level will be less likely to be involved in the process of sustainable 

transition. This could be determined by a series of factors both technical (limited 

availability of suitable areas for the generation of renewables, or limited 

possibilities of energy consumption reduction) and socio-demographic (related to 

the specific personal inclinations toward the participation in such schemes). By 

means of a spatialization of the characteristics influencing the probability to 

participate in a REC into thematic maps, the policy-maker could individuate such 

critical areas in which the current policy framework is less likely to result in the 

adoption of energy efficiency measures. 
 

Q4. What are the financial supporting interventions from third-parties (e.g., 

public entities, ESCOs) that could foster the alignment of the private initiative with 

the public perspective to maximize the positive impacts that the implementation of 

RECs could have? 

The previous analysis would likely raise the issue that some areas would see a 

low potential level of participation in the process to achieve a more sustainable use 
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of energy at the building scale due to hindering conditions that would restrain the 

stakeholders from taking actions. Another possible issue might be the possibility 

that different specific preference toward the potential performance that a REC 

should have to become acceptable by the majority of inhabitants might result in the 

adoption of alternatives not aligned with the public point of view (as it could be the 

minimization of the environmental impact of the energy use at the building scale). 

This question would address this shortcoming by highlighting the specific actions 

and incentives that the local policy-maker could put in place in order to increase the 

desirability of specific interventions. In particular, the rules that the different 

stakeholders follow in their decision process, depending also on their socio-

economic characteristics (socio-demographic profiles), could be used to analyze the 

different strategies to support intervention scenarios more appealing to a wider 

number of individuals in order to direct their actions toward more public oriented 

goals. 

1.2.2 The thesis in a glimpse 

The research presented in this thesis is structured in six chapters (Figure 1). In 

this first chapter, the context in which the research is grounded and the aims of the 

thesis have been described. The second chapter provides a literature review of the 

academic production on RECs. This literature review presents the common 

approaches to assess the feasibility of REC implementations, together with a meta-

analysis of a sub-sample of documents presenting the analysis of Italian case 

studies. The latter was instrumental in analyzing the set of attributes best suited to 

describe RECs and in assessing the homogeneity of the criteria used. The meta-

analysis was also instrumental to identify a number of potential alternatives for 

RECs interventions to be used in a public survey administered to a sample of the 

population. In particular, this chapter resulted in an already published paper [88]. 

The third chapter presents the method used in the thesis. The proposed method 

approximate the preference models of a sample of individuals towards the 

participation in REC alternatives, and generalize these models to the entire urban 

population, pivoting on socio-demographic vectors of attributes. In Chapter 4 and 

5, the application of the method to the case study of the city of Turin is presented. 

In the fourth chapter, the individuals’ decision models are approximated and 

generalized based on socio-demographic characteristics. In the same chapter the 

population of the city of Turin is characterized using these socio-demographic 

characteristics to generate a synthetic population. In the fifth chapter, the match 

between the preferences of the population and the alternative performance of RECs 

is discussed in order to evaluate the different options that are more likely to be 
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implemented, and different possible perspectives (i.e. public and private) are 

compared. In the sixth and final chapter, the conclusions are drawn from the 

application of the method to the case study and possible avenues for further research 

are outlined. 

 
Figure 1 Overview of the structure of the thesis 

 

It is worth noting that the proposed method has been designed to assess the 

acceptability of different REC alternatives at the urban scale. A potential decision-

maker interested in assessing individuals' preferences for specific other forms of 

urban intervention could use the same method, with only minor adjustments in the 

procedure adopted to collect individual preferences (i.e., adapting the alternatives 

between which the surveyed respondent could choose to the specific case under 

investigation; see Appendix A for a preliminary study on assessing inhabitants 

preferences to gather insights regarding the design of a new urban park in the city 

of Turin). 
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Chapter 2 

Feasibility analysis of RECs 

In this chapter, a literature review on RECs is presented [88]. The objective of 

that is to map how the feasibility of RECs is evaluated by different scientific 

approaches, from both a technical and behavioral perspective, in order to evaluate 

potential cross-contaminations among sectors.  Furthermore, a meta-analysis of the 

Italian subset of case studies is performed to evaluate inconsistencies among the 

indicator used, and a homogenized set of KPIs is proposed. Finally, potential 

hindering and promoting factors in the constitution and governance of RECs are 

examined, those being usually neglected in the predominantly technical feasibility 

approaches.  

The remaining of the section is organized as follows: Section 2.1 presents the 

methodology; Section 2.2 classifies the reviewed articles based on their approaches 

and main goals; Section 2.3 analyses the nexus between energy generation and 

consumption reduction; Section 2.4 presents insights on the governance dynamics 

of RECs; and Section 2.5 compares the subset of Italian case studies and proposes 

a set of KPIs. Finally, Section 2.6 draws conclusions on the lesson learnt. 

 

2.1 Methodology 

In general, there are three main approaches to conduct a literature reviews: a 

systematic, a semi-systematic, and an integrative one. Among these, systematic 

reviews are the most accurate and rigorous approaches collecting the most relevant 

information related to a narrow research question, usually with the aim of directly 

comparing results by meta-analysis. Systematic literature reviews allow for 

transparency and replicability of the study. Several frameworks and guidelines are 

available for conducting them, more or less tailored for specific disciplinary fields 

(e.g., the Preferred Reporting Items for Systematic Reviews and Meta-Analyses, 

the Cochrane Handbook, the Meta-analysis Of Observational Studies in 

Epidemiology, the Joanna Briggs Institute standard, the Enhancing Transparency 

in Reporting the Synthesis of Qualitative Research, the Reporting Standards for 
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Systematic Evidence Syntheses). Among these alternatives, the Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses (PRISMA) framework was 

adopted in this work, given its widespread use and broad acceptance across research 

communities. The PRISMA framework is particularly helpful tool in reporting the 

selection process of articles retained and discharged, and in guiding the process to 

perform meta-analysis, thus guaranteeing a high level of transparency in the 

collected and reported data. 

The research was conducted on the Scopus database. The primary keyword 

employed was “energy community”, accompanied by a series of geographical 

constraints keywords, including “urban”, “city”, “neighborhood”, “district”, 

“block”, and “municipality”. A further limitation was imposed to include only 

journal papers in the English language, yielding a total of 349 documents. Figure 2 

presents the temporal distribution of the selected papers. The introduction of the 

European directives between 2018 and 2019 is evident in the number of academic 

products on the topic, especially in the European economic area countries. For this 

reason, only papers published after 2018 have been further analyzed. 

 

 

Figure 2 Publication trend of the collected articles worldwide, and in the European+ 

European economic area (EEA). The increase in the number of paper produced after 2018 is 

evident. 

 

It is important to underline that the decision to prefer the term “energy 

community” over “Renewable energy community” is primarily due to the fact that 

a broad array of appellations has been employed in literature to define groups of 

individuals engaged in energy-oriented endeavors, not necessarily constrained to 

financial motivations [29,30,42]. Moreover, the utilization of the terminology 

0

10

20

30

40

50

60

70

80

90

Jo
ur

na
l a

rti
cl

es
 [n

°]

year

Total EU+EEA



 

 

 

 
21 

introduced by the European Union would have likely constituted a Eurocentric 

limitation. Consequently, a number of studies that refer to configurations not 

precisely aligned with the definition of REC have been included in the analysis, for 

example those from the community energy field.  

A second skim of documents has been conducted based on article title and 

abstract, including only contribution considering case studies, excluding those 

focusing on technical aspects of RECs operation (such as. blockchain technologies 

or energy exchange management with the grid), or those focusing on technical 

analysis of grid components. The resulting 179 documents have been further 

analyzed according to the goals set for this contribution. Among these, 129 were 

considered relevant (thus with 50 documents further excluded). The flow diagram 

used for the selection of articles is presented in Figure 3. It is worth highlighting 

that while all the 129 papers were used in the analysis, only those referring to Italian 

case studies were used for the “Scenario reconstruction” sub-section.  

 
Figure 3 Paper selection flow of the literature review. 
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2.2 Feasibility analysis of a REC 

With regard to the feasibility and potential establishment of RECs within an 

urban environment, three primary approaches have been identified, and they are 

described in this section. The proposed clusters do not refer to specific sub-fields 

or disciplines; instead, they are defined according to the similarities in the viewpoint 

used to analyse REC formation, as well as citizens’ attitudes towards them. The 

aforementioned clusters are defined in a loose manner as follows: (i) “Scenario 

comparison”, (ii) “Portfolio optimization”, and (iii) “Behaviour analysis”. The first 

two clusters are characterised by the aim of defining the most suitable REC layout 

for specific areas, evaluating the availability of renewable sources, and examining 

alternative technologies and configurations. The first cluster is based on a discrete 

space of solutions (scenarios) and considers different KPIs to support decision-

makers in selecting the preferred solution. The second cluster employs optimisation 

models operating on a continuous space of solutions to identify the optimal 

portfolio of technologies in accordance with pre-determined objectives. A degree 

of overlap can be identified between the two clusters in studies that compare 

different scenarios following initial optimisation (post-optimal comparison). In 

distinction to the previous two groups, the “Behaviour analysis” cluster seeks to 

identify individuals’ motivators and to model their propensity to participate in 

RECs. The analysis of these three clusters is focused on identifying the specificity 

of research goals, with the aim of understanding the potential for the cross-sectorial 

approach to RECs analysis [89]. 

2.2.1 Scenario comparison 

The first cluster groups studies that aim to compare different alternatives of 

intervention for the constitution of a REC. This approach is particularly targeted to 

support decision makers when potentially conflicting or incommensurable 

performance indicators are present [90,91]. The production in this cluster includes 

several works that have evaluated alternative technology combinations to address 

district/municipality energy demand [30,33,92,93], the introduction of energy 

efficiency measures [94–97], alternative system controlling strategies [33,98], as 

well as REC size and configuration options [32,50,97,99]. A growing body of 

research has focused on the benefit associated with synergies among end-users’ 

aggregating consumption patterns [27,66], also leveraging on residual energy such 

as from industrial processes [100]. Another line of research focuses on the potential 

of alternative Power-to-X strategies [29,30,92,101] such as the integration of 

electric (PtP), thermal (PtH), vehicles (PtV), and hydrogen (PtG) storage strategies 
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of locally produced energy surplus [29,92]. Finally, several works focus on the 

relations between distributed generation and the impact that it could have on the 

main grid. 

Table 1 provides an overview of the indicators used in the selected studies to 

evaluate the competing alternatives, and shows the combinations of KPIs in the four 

typically evaluated dimensions (i.e. economy, energy, environment, and social). 

 

Table 1 overview of indicators used by the papers in the “Scenario building” cluster. 
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[93] X X                  

[102] X X X  X   X X      X     

[32] X       X   X         

[33] X    X   X X   X   X     

[27] X  X  X   X X      X     

[29]     X    X           

[30] X X      X X      X     

[47]*                    

[50] X    X   X X      X     

[60]        X X  X         

[64] X X  X           X     

[65]*                    

[66]        X X X  X        

[71] X X X     X X      X     

[74]  X      X X   X   X  X   

[76] X X X            X     

[79]   X          X        

[92] X X   X X  X    X   X     

[94] X X      X    X   X X    
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[95] X  X      X      X     

[96] X       X X      X     

[97]     X   X X      X     

[98]        X X   X        

[103]       X   X        X  

[99]  X   X   X       X     

[101]     X X  X X      X     

[104] X X X  X          X     

[105]        X X   X X X      

[106] X X   X               

[107]         X   X   X     

[108]*                    

[109]* X       X X      X    X 

* case studies for which a first optimization was performed (post-optimal comparison) 

 

Among the evaluated papers, the economic dimension is the most analysed one, 

with an array of indicators employed, including payback period (PBP), net present 

value (NPV), internal rate of return (IRR), levelized cost of energy (LCoE), 

benefit/cost ratio, and annual cost. In addition, the energy dimension, typically 

evaluated through the self-sufficiency ratio (SSR) and the self-consumption ratio 

(SCR), is considered in more than half of the cases, in accordance with the necessity 

for RECs to deliver benefits that extend beyond financial ones. With respect to the 

multi-objective nature of RECs, numerous studies utilise a combination of 

indicators, with 15 documents evaluating REC feasibility from environmental, 

economic and energy perspectives. As Gjorgievski et al. [58] previously observed, 

the social dimension is rarely addressed in REC analyses, with only a few studies 

attempting to factor it into the evaluation framework. For instance, Ceglia et al. [74] 

analysed the effect of the establishment of a REC on the “10%” indicator usually 

used to quantify energy poverty. Cutore et al. [47] propose the energy poverty help 

indicator (EPHI), to assess the number of families in energy poverty conditions 

benefitting from the distribution of revenues from energy surplus. In this article, the 

dependency of energy poverty alleviation performance on members’ goals is used 

to raise the argument regarding potentially conflicting outcomes of the proposed 

REC.  

These initial results underscore the multidimensional and multi-actor nature of 

RECs, marked by the existence of incomparable KPIs and a multitude of 

perspectives in the evaluation of their impacts. Decision-making problems of this 
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nature are specifically addressed by multi-criteria analysis methods, intended to 

rank alternatives and to prioritize criteria. Among the analysed studies, Efthymiou 

et al. [76] combined multi-criteria and SWOT analysis to support the selection of 

the layout of a municipality-led REC, together with the most appropriate business 

model to be implemented. Sibilla and Abanda [103] utilised PROMETHEE method 

to prioritize retrofit alternatives for a community of school buildings, against 

qualitative and quantitative indicators. Torabi et al. [51] assess retrofit scenarios of 

an educational complex against environmental, economic, technical, and social 

criteria, being the latter the visual quality after intervention. 

Three principal limitations can be identified regarding the set of KPIs used in 

this first cluster. Firstly, the selection of KPIs varies depending on the focus of each 

study (municipality, DSO, or inhabitants' perspective). Secondly, the 

conceptualization of indicators is problematic. For instance, the social impact 

represented by energy poverty alleviation is related to the internal redistribution of 

revenues or incentives granted, thus only representing a different definition of an 

economic aspect. Finally, certain indicators pose problems in their calculation, as 

they are expressed in a qualitative manner [47,103], or in a scenario-dependent way. 

For instance, the calculation of SSR is sensitive to energy vector and final uses 

considered (e.g. accounting only for electric consumption or including also thermal 

loads in case of the introduction of heat pumps). 

2.2.2 Portfolio optimization 

The second approach involves the analysis of continuous spaces of solutions to 

select the optimal portfolio of technologies by minimising or maximising target 

performance. A range of optimisation techniques are available, with the most 

widely used being Mixed integer linear programming (MILP) [68]. An optimisation 

process comprises three main components: (i) variables, (ii) constraints, and (iii) 

objective functions [110]. The first component, “variables”, refers to the alternative 

technologies to be selected, taking a binary (absence/presence of a specific 

technology), or continuous form (sizing of a technology) [108]. Their specification 

allows for the optimisation of the displacement of DES in the most suitable 

locations [111], the evaluation of hybrid energy systems [65,112], and the 

enhancement of the complementarity of energy production and storage systems 

[48]. The second component, “constrains”, represents the boundaries of the space 

of solutions, which can be categorised as either internal (e.g., equipment sizes, 

availability of space for installation) or external to the portfolio (e.g., limitation to 

thresholds violations such as transformer overload, or comfort degradation [68,80]. 
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Finally, the objective function represents the performance to be either minimised or 

maximised.  

The selection of the optimization function is indicative of the objectives and 

perspective of the decision-maker, as evidenced by the predominance of studies that 

target the minimisation or maximisation of economic costs and benefits for REC 

members. Such studies generally account for investment (CAPEX) and operational 

(OPEX) costs or utilise economic indicators such as NPV or PBP. For example, 

Monsberger et al. [113] utilise MILP to investigate the optimal REC layout, varying 

the objective functions according to the business model selected by a simulated 

initial investor. Other studies assume the DSO’s viewpoint. For instances, Simoiu 

et al. [70] set an objective function that minimises the net-energy exchanged with 

the grid, while Delarestaghi et al. [69] optimise grid reinforcement intervention and 

consumers’ investments by minimising investment and operational costs for both 

utility and consumers. Liu et al. [114] introduce a penalty cost to account for the 

extra burden to the grid caused by off/on-peak energy import/export.  

In several cases, the formulation of the optimisation problem considers also the 

environmental and energy dimensions while selecting the technology portfolio, 

with this attempt being performed in three possible ways [115]. The first approach 

(i) involves converting GHG emissions into economic terms and minimising the 

total cost [65] in the target function formulation. The second approach, (ii) referred 

to as epsilon constraint method, allows the required performance to be specified as 

a further constraint. This approach has been used to guarantee a minimum of 

primary energy savings [116] and carbon emission reduction [115], as well as to 

constrain SSR and SCR while minimising costs [28]. Other works consider the 

impacts of RECs on the grid by applying a constraint to peak power exchange [117], 

and to energy surplus fed into the grid [80]. Finally, a third approach (iii) involves 

the introduction of an additional objective function, transforming the optimization 

problem into a multi-objective one [59], often presented as n-dimensional Pareto 

fronts [73,112,118]. 

The Pareto front representation of solutions enables decision-makers to specify 

their trade-offs concerning different performance levels, allowing for weak 

sustainability compensatory mechanisms among criteria [118,119]. In such a way, 

different criteria can be perceived as not equally important by the decision-maker, 

who can assign them different weights in the process of selecting among solutions. 

This latter approach poses several questions related to subjectivity and the 

sensitivity of outcomes to weights elicitation [120]. Another approach is 

represented by the minimum distance to utopia. This method identifies a 

hypothetical alternative that optimises all evaluation criteria simultaneously 
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(corresponding to the origin of the axis in a Cartesian representation of solutions) 

and selects the closest attainable solution in Euclidean terms from that utopic 

unreachable point [119]. Among these studies, Liu et al.[114] produce a three-

dimensional Pareto front considering SSR, SCR, and the time-of-use grid penalty 

cost (thus considering grid relief potential provided by the REC). Ascione et al. 

[121] adopt this approach to discuss three suboptimal points in the solution space 

representing the preferences of private individuals (economic driven), municipality 

preferences (environmental driven), and the minimum distance from utopia as a 

mediated one. 

In general, the mathematical definition of the optimization problem requires 

the prioritization of one perspective over others by specifying in advance the target 

performance to be optimized. Some studies overcome this limitation by first 

optimizing the technology portfolio and then comparing the obtained scenarios 

against sets of indicators (post optimal selection) [47,65,108,109]. 

Table 2 presents an overview of the parameters specified in the optimisation 

functions utilised in the analysed documents, as well as the combinatory strategy 

employed to address the multiple dimensions of the problem. In particular, the 

variables that are monetized when accounted in the objective function are marked 

with Xm, while the variable for which a minimum or maximum value to be 

achieved (𝜖-constrained) are marked with X𝜖 in the table. It is noteworthy that 

economic indicators predominate, and there is a relatively frequent attempt to 

introduce environmental and energy dimensions into the optimisation functions. 

Only a few studies evaluate these two dimensions independently, and only one 

introduces prosumers’ comfort by monetising disutility due to the application of 

demand-response strategies. 
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Table 2 overview of the papers in the “Portfolio optimization” cluster. Xm represents 

monetized variables, while X𝜖 the 𝜖-constrained variables 
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X X        
max 

(NPV) 
- [62] 

 X X       min  [63] 

 X      Xm  min CO2 monetization [37] 

   X      max - [37] 

X X        min - [68] 

X X X      Xm min Users’ disutility monetization [69] 

      X   min  [70] 

X X X       min  [100] 

X X        min - [110] 

X X        
max 

(NPV) 
- [111] 

X X        min - [122] 

X X        min  [123] 

X X X    Xm Xm  min CO2 monetization, slack penalties [124] 

𝜖-
co

n
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in

t 
m

et
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o
d

 

X X  X𝜖 X𝜖     min 𝜖-constraint (SCR, SSR) [28] 

X X     X𝜖   min 𝜖-constraint (positive net load) [80] 

X, 

X𝜖 

X, 

X𝜖 
       min 

𝜖-constraint (alternatively CAPEX 

and OPEX) 
[81] 

X 
X, 

X𝜖 
       

max 

(gains) 
𝜖-constraint (residents’ energy cost) [113] 

X, 

X𝜖 
X     X𝜖 X𝜖  min 

𝜖-constraint (maximum energy 

withdraw, CO2, breakable investment 

constraint) 

[115] 

X X    X𝜖    min 
𝜖-constraint (primary energy 

consumption) 
[116] 

X X X    X𝜖   min 𝜖-constraint (peak power exchange) [117] 
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 X X        
max 

(NPV) 

Post-optimal evaluation (SCR, SSR, 

CO2 emissions, EPHI) 
[47] 

X X      Xm  min 

CO2 monetization, Post-optimal 

evaluation (energy self-consumed, 

purchased, and used; grid capacity, 

storage capacity, CO2 emissions) 

[65] 

X X        min Post-optimal evaluation (LCoE, SSR) [108] 

            

X X        
max 

(NPV) 

Post-optimal evaluation (SCR, SSR, 

CO2 emissions, EPHI) 
[109] 
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X X     X   min 
Multi-objective cost-grid 

sustainability index 
[59] 

X X      X  
min 

min 

Multi-objective NPC-ReCiPe 

indicator, post-optimal evaluation 

(renewable energy fraction, Energy 

Performance Indicators, economic and 

environmental PBP, employment 

opportunities) 

[73] 

X X    X    
min 

min 

Multi-objective Life-cycle costs-

imported electricity 
[112] 

  X X X     

min 

max 

max 

Multi-objective grid penalty-SCR-

SSR (Post-optimal evaluation NPV, 

CO2 emissions) 

[114] 

X X      

X, 

Xm 

X𝜖 

 
min 

min 

Multi-objective cost-emissions 

(further 𝜖-constraint on CO2, and 

introduction of carbon taxes) 

[118] 

X X      X  
min 

min 

Multi-objective global cost-CO2 

emissions 
[121] 

 

A potential limitation of this cluster could be seen in the arbitrary definition of 

the geographical boundaries of the case studies examined. The optimisation of 

portfolios in a certain area might result in a sub-optimal solution if the investigation 

area is expanded, especially in cases where a regulatory framework imposes limits 

on the geographical configuration of RECs (e.g., the Italian context). Interesting 

approaches to address this potential issue are those that attempt to evaluate the 

matching between energy demand and consumption at the city scale using GIS tools 

[125,126]. Furthermore, it is important to consider the evolution of RECs over time, 

as the optimised solution might limit the desirability of including new members 

after the first implementation of the community [62]. Additionally, the evolution of 

consumption pattern (i.e. due to electrification of consumption and energy demand 

reduction thanks to the introduction of energy efficiency measures) may modify the 

boundary conditions on which the optimisation is based. 
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2.2.3 Behavior analysis 

The final cluster of studies encompasses papers that concentrate on the 

motivations behind inhabitants’ participation in a REC, in addition to the potential 

evolution of REC formation. With regard to the evaluation of drivers and 

motivation in REC participation, real-word case studies have been utilised as 

sources of information. By conducting interviews with members of both existing 

and emerging energy communities, several authors have noted a preference for 

independence from the distribution grid [127], with a tendency towards autarkic 

discourses, even when the proposed solution was not economically or 

environmentally advantageous [128]. This regain of control has been posited as a 

means to tentatively mitigate various forms of uncertainties associated with 

geopolitical conflicts, escalating energy prices, and environmental challenges 

[129,130]. The environmental factor has been identified too as a motivator for 

engagement in both existing communities [31] and experimental simulations [131], 

with the presence of grants, subsidies, and other forms of incentives being 

recognised as a prerequisite [31]. The interest in the environmental impacts of RECs 

has also been confirmed by the application of discrete choice experiment methods, 

with the social aspect also deemed an important driver [132], even if sometimes 

considered secondary to the environmental one [133], especially in cases where 

context factors (e.g., legal barriers, lack of incentives) fail to foster RECs formation 

[134]. The application of discrete choice experiment has yelled insights into the 

characteristics and configurations of RECs, which have the potential to either 

impede or encourage individual participation. Among the characteristics that have 

been observed and linked to individuals’ socio-demographic and attitudinal 

attributes are ownership regimes of the energy generation systems [87], the 

involvement of municipalities and firms, governance characteristics such as voting 

rules [132], investment options, risks and losses, and other co-benefits [133]. 

The nexus between individual attitudes and characteristics, and the diffusion 

of RECs is the focal point of a body of research that utilises agent-based models 

(ABM) to simulate individuals’ decisions regarding renewable generation projects. 

ABMs have commonly been employed to evaluate the evolution of a system under 

specific conditions, capturing the dynamic interaction among individuals [54,135], 

factoring in the time variable in the evaluation of the system [136]. In ABMs, agents 

are modelled as autonomous entities capable of deciding whether or not to act, 

considering various characteristics including attitudinal factors, socio-economic 

parameters, motivations, and interactions with other agents [2,54]. In the 

initialisation stage of an ABM (time 0), each agent is assigned an internal state 
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represented by variables describing the propensity to act or not. At each time step, 

an agent determines whether to act or not, based on a set of rules defined by the 

modeller [54]. These rules delineate the manner in which the internal state of the 

agents are modified over time and through interaction with other agents [2]. The 

way in which these behavioural rules are specified by the modeller constitutes a 

pivotal step in the implementation of ABM, necessitating the collection of extensive 

data to ensure their accurate determination [135]. 

Of the studies analysed, Mittal et al. [54] modelled the willingness of agents to 

participate in a “community solar” project, defining a set of NPV-based behavioural 

rules moderated by individuals’ attitudes towards systems ownership and 

environmental concerns. Schiera et al. [2] integrated Theory of planned behaviour, 

Relative agreement and Small-world network to simulate the diffusion of 

distributed generation systems. Fouladvand et al. [137] simulated the behaviour of 

inhabitants confronted with the possibility to join a forming REC or an existing one, 

or the conditions under which the individual would decide to drop-off from a 

community after being a member. Building on Social value orientation, Fouladvand 

et al. [136] modelled the motivations and concerns of four person types (i.e. 

altruistic, cooperative, individualistic, competitive) deciding to join a REC. In this 

model, the primary motivations of the agents in joining the REC were energy 

independence, a sense of community, environmental concern and economic 

benefits.  

ABMs present limitations in the way they describe the world [136]. Indeed, 

there is a certain degree of discretion in determining agents’ behaviour according 

to predefined sets of mathematical rules and thresholds [2]. Studies employing this 

method may utilise the results and methodological approach of research based on 

real case ex-post evaluation, as well as those employing choice experiments, in 

order to expand the analysis of consumers’ motivations and trade-offs toward the 

adoption of renewable energy solutions [54,136], to quantify and test the decision 

models specified through the decision rules as well as the assignment of inhabitants 

to different clusters of initial attitudinal states [136,137].  

The studies belonging to this last cluster could be useful in evaluating the 

possible spread of RECs as well as their contribution to the energy transition [134]. 

However, further analysis of people’s motivations and values (also in quantitative 

terms) is necessary to support the role of policymakers in taking actions fostering 

citizens’ participation [2]. 
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2.3 RECs and energy efficiency measures 

The positive implications of a large penetration of RECs are manifold, with the 

alleviation of energy poverty frequently highlighted among the social benefits. 

Energy poverty affects around 8% of the European population [74], with a link, 

especially among vulnerable groups, to poor conditions and low energy efficiency 

of buildings [51,103]. Such interconnection between efficiency and distributed 

generation has been already stressed at European level [8]. It has been noted that 

RECs mainly focus on production from RES and not on energy consumption 

reduction [138]. While some research addresses this by integrating RECs in 

advanced district heating networks to avoid major refurbishments [139], few 

articles in the revised literature on RECs evaluate simultaneously energy production 

and consumption reduction. This still represents a limitation in the state of the art 

on the topic [121]. Amongst this limited number of articles, Mutani & Usta [96] 

considered the application of a REC to two condominiums in Italy, evaluating it 

with and without retrofit interventions. The study found that the implementation of 

a REC led to a reduction in energy consumption by 28% compared to the existing 

situation. Additionally, it reported a 26% increase in SSR and a noteworthy 11% 

increase in SCR. Sougkakis et al. [95] evaluated the financial benefits of performing 

a renovation of an existing neighbourhood in Greece, acting individually or as a 

community of inhabitants. Mutani et al. [97] evaluated the constitution of a REC in 

a small Italian town, pooling together several types of actors, among which the 

municipality. They evaluated the different performance of various scenarios, 

considering the possibility to reduce the energy consumption of public lighting, 

reporting, as predictable, an increase in SSR for more energy efficient interventions. 

Ascione et al. [121] analysed four mainly residential buildings in Italy, integrating 

the installation of roof-mounted PV panels with various EEMs, while also taking 

into account the impact of incentive schemes. Through an examination of the results 

on a multi-objective Pareto front, the authors identified the variation in the 

suitability of alternatives due to public grants. They concluded that such incentive 

schemes should prioritise the promotion of PV adoption over EEMs. It could be 

argued that this conclusion might be specific to the case under consideration and 

that incentivising distributed energy generation without simultaneously promoting 

the curtailment of energy consumption could reduce the environmental benefits 

associated with RECs [97], as well as cause potential problems to the main grid due 

to a generation/consumption mismatch [96,117]. 

There is a broad consensus that the combination of RECs and EEMs adoption 

at the building scale can have significant economic and environmental benefits. 
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However, it should be noted that, to the best of the authors’ knowledge, all the 

articles considering energy efficiency in their analysis belong to the comparison 

and optimisation clusters, as previously identified. This imply that no real-world 

case studies have been found in the current literature, representing the combination 

of EEMs and distributed generation still a niche topic.  

It could be argued that neglecting retrofit constitutes a sub-optimal approach to 

the debate on RECs contribution to the decarbonisation of the building sector, and 

also represent a misalignment between proposed solutions and the range of benefits 

(and potential risks) that a REC is ought to bring. In addition, given the progressive 

electrification of thermal uses [129], retrofit interventions are likely to play a pivotal 

role in ensuring a higher level of self-sufficiency, while limiting negative effects on 

the electricity grid (by reducing the generation/consumption mismatch). Finally, 

behavioural and demand management strategies regarding the willingness to 

modify individuals’ consumption patterns [124,131] could represent a significant 

research avenue for optimising the use of locally generated energy. 

 

2.4 Governance and evolution of RECs 

The analysis of numerous real-world cases of energy communities has revealed a 

variety of contextual factors capable of promoting or hindering the diffusion of RES 

[31], as well as conditions that might determine their successful implementation 

and scalability [140,141], also leading to different forms of association [141]. In 

this regard, the role of institutional actors, such as municipalities, has been 

recognised as pivotal in the establishment and evolution of RECs, as well as in their 

governance [142]. In particular, it has been observed that individuals’ attitude 

toward the establishment of energy communities are positively influenced by the 

participation of institutional actors in the process [140,143], or by the 

institutionalisation of the community itself [141]. Despite being constrained by a 

lack of control over local energy infrastructures and fiscal austerity [142], local 

authorities can play a pivotal role in fostering community acceptance [144]. 

Municipality-led RECs are usually favoured over enterprise-led ones by individuals 

[132,145]. Furthermore, the necessity to avoid uncoordinated development 

[117,146,147] could be mitigated by the integration of municipalities in the 

formation and operation of a REC, with some studies proposing the inclusion of 

RECs in municipal planning, further prioritising areas characterised by high levels 

of energy poverty [46]. However, the role of municipalities in the governance of a 

REC, and especially the interaction between them and the local population, has 

been interpreted in conflicting ways in different studies analysing real-world 
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examples. For instance, the supportive role of municipalities in the inclusion of 

residents in an active manner under all the aspects of REC operation has been 

highlighted [89,127].  

Conversely, both the high investment costs and the level of professionalisation 

needed to manage and upscale such projects could require a deeper involvement of 

the central authority as well as specialised actors [142,144], resulting in a decrease 

in the local dimension and sense of community ownership [89,148], ultimately 

relegating residents to passive roles [142]. Nevertheless, the inclusion of local 

authorities within RECs has the potential to yield notable social benefits, such as 

facilitating the deployment of generation technologies (i.e. on public buildings) in 

disadvantaged areas [149], and serving as a guarantor in the allocation of profits 

[129].  

The issue of profit redistribution is intrinsically linked to that of voting model 

within the community itself. Indeed, it has been posited that actors should be 

enabled to self-determine the internal organization of the community [140]. 

However, specific arrangements may have counterproductive effects, such as 

discouraging small investors when a capital-based voting rule is introduced [33]. 

This poses a further balancing dilemma between the involvement of the local 

community and the necessary access to financial capital.  

Finally, real-word RECs have been regarded as dynamic structures, in which 

the original scope and activities carried out evolve over time [129,140]. This 

emphasises again the importance of a coordinated development at different 

planning levels, as well as the proper integration of institutional and local actors 

and stakeholders, balancing the voting model between financial and participatory 

instances. 

 

2.5 Scenario reconstruction 

The analysis of the academic literature on REC feasibility has revealed a broad 

spectrum of indicators employed, along with inconsistencies in their 

conceptualisation and calculation. In this section, a meta-analysis is conducted, 

encompassing case studies within the Italian context. The objective of the analysis 

is to compare the performance achieved in these case studies, using a harmonised 

set of KPIs capable of providing a common description of such performance.  

Table 4 provides a schematic representation of the boundaries and energy 

fluxes entering and exiting a REC. In light of the prevailing academic literature, 

three boundaries are delineated: one considering solely electrical uses, one 
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encompassing both electrical and thermal uses, and a final one expanding the scope 

of analysis to include mobility uses. 

 

Figure 4 boundaries and energy fluxes considered in the meta-analysis. 

 

In terms of descriptors, the performance of RECs could be evaluated by a 

limited set of indicators that outline the community feasibility and sustainability 

from a variety of viewpoints. These KPIs are summarised in Table 3. 

Table 3 KPIs used to describe the RECs case studies. 

KPI Definition 

Ewit,I,t energy withdrawn from the grid for each energy vector i at time t (kWh/t) 

Efed,I,t energy fed into the grid for each energy vector i at time t (kWh/t) 

SSRtot self-sufficiency ratio (%) 

SCRi self-consumption ratio for each energy vector i (%) 

Cinv initial investment cost for the establishment of the REC (€) 

CO2,emis,t CO2 equivalent emitted by the REC at time t (kgCO2e/t) 

Cen,t community expenditure for energy purchase at time t (€/t) 

 

In particular, the environmental sustainability of RECs could be described by 

its CO2 equivalent emissions (CO2,emis). Its interaction with the grid (a relevant 

aspect for the DSO) could be described by taking into consideration the energy 
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taken from (Ewit,i,t), and fed into (Efed,i,t), the national grid at each time t, for each 

energy vector i (i.e., controlling for its impacts on grid components [147]). The self-

consumption ratio (SCRi) is another significant indicator in the description of the 

interaction between the community and the grid, given the risk posed by excessive 

injection of locally produced energy on system stability [101]. The decision to 

utilize energy fed and not generated is substantiated by the need to consider 

potential transformations of energy from one vector to another, particularly in 

scenarios where Power-to-X strategies are implemented. The economic 

sustainability of the initiative is expressed by the initial investment cost (Cinv) and 

the expenses sustained by the community for energy purchase (Cen,t). Depending on 

the internal redistribution of financial benefits among members, the cost for energy 

purchase can also be interpreted as a social indicator when pursuing the goal of 

aiding disadvantaged segments of the population. It should be stressed here that this 

set of KPIs is among the most frequently used in the current production on RECs. 

Potential enhancements of the analysis could include the extension of the 

environmental scope, for example by incorporating life-cycle assessment 

approaches, or the addition of end-uses such as mobility ones (i.e., SSRtot+V).  

Finally, SSR is employed to assess the impact that the REC could have on the 

decentralization of the energy system and the independence that the configuration 

could achieve from uncertainties such as price fluctuation and energy supply risks. 

A key limitation of the current production on REC (especially in the Italian case 

studies analyzed) is the incomparability of the SSR indicator, defined as self-

consumed over consumed energy. The boundaries within which this indicator is 

calculated are subject to variations depending on the energy produced and 

consumed for different energy vectors in the REC. To illustrate, in case studies 

where the electric vector covers only uses such as lighting and appliances, SSR 

considers only the share of consumption for those services [28], thus achieving high 

values of performance. Conversely, when the electric vector also covers thermal 

uses [98], SSR takes a more comprehensive nature, achieving lower values. 

Furthermore, in scenarios proposing a transition from fossil fuel generators to 

electric ones, the augmentation of the electric uses determines an 

incommensurability between SSR among the compared alternatives [102]. Finally, 

a further source of discrepancy has been identified in the consideration of 

alternative storage systems, such as those employed in PtV strategies, or the 

conversion of electricity produced locally into other energy sources. This is 

exemplified by the production of hydrogen, which could be sold, blended into the 

national grid (PtG), or converted back to electricity (PtGtP). 
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In order to mitigate the aforementioned issues, this analysis has constrained the 

scope of the proposed total self-sufficiency ratio (SSRtot), limiting its application to 

building-level uses such as heating, lighting, and appliances (thus excluding PtV 

strategies). The cooling service is seldom included in the analyzed studies, as well 

as the domestic hot water one. While this might constitute a limitation, it could be 

argued that the considered uses are the most impacting ones in the existing Italian 

building stock. SSRtot quantifies the energy used across the various vectors 

employed by a REC, according to equation 1: 

 

𝑆𝑆𝑅𝑡𝑜𝑡 =
∑ 𝑆𝐶𝑖,𝑡∗𝑓𝑝,𝑖

∑ 𝐶𝑖,𝑡∗𝑓𝑝,𝑖
    (1) 

 

where SCi,t is the self-consumed energy for vector i at time t, and fp,i is the 

conversion factor to primary energy for vector i. Self-consumption (SCi,t) is 

calculated as in equation 2 in order to avoid double-counting of energy conversion 

in the REC (i.e., PtG or PtGtP): 

 

𝑆𝐶𝑖,𝑡 = 𝐶𝑖,𝑡 − 𝐸𝑤𝑖𝑡,𝑖,𝑡     (2) 

 

where Ci is the energy consumption for energy vector i at time t, and Ewit,I,t is 

the energy that the REC is not able to produce in its premises. It is necessary to 

highlight that in this meta-analysis SCi,t does not directly account for the energy 

exchange between grid and REC as it would be in a virtual self-consumption (VSC) 

configuration [47]. In case studies considering electricity to hydrogen conversion, 

the blending ratio within the national grid has been limited to 10% [29]. 

Consequently, natural gas self-consumption (SCgas,t) is calculated according to 

equation 3: 

 

𝑆𝐶𝑔𝑎𝑠,𝑡 = 𝐶𝑔𝑎𝑠,𝑡 ∗ 0.1    (3) 

 

As mentioned above, in order to calculate SSRtot, it is necessary to take into 

account all the energy consumed at the building level. This is not only to determine 

the full impact of RECs, but also to simultaneously consider the decarbonization of 

uses and the prior reduction of consumption, a strategy that, as highlighted, is rarely 

accounted in the current literature on RECs. 

Several assumptions were made in order to reconstruct the scenarios and obtain 

comparable information from the meta-analysis. Firstly, the focus of this analysis 

is on the residential sector and the potential inclusion of occupants, so the 
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normalization of the indicators was carried out considering the dwelling as the basic 

unit (with some possible inconsistencies related to the different apartment 

dimensions (m2), which were mitigated by averaging different sizes on a larger 

scales). In case of additional non-residential members, each KPI has been referred 

to the residential members (excluding SSRtot and SCRtot, which were kept equal to 

those reported for the total REC), based on the energy consumption according to 

equation 4: 

  

𝐾𝑃𝐼𝑥,𝑟𝑒𝑠𝑖𝑑 = 𝐾𝑃𝐼𝑥,𝑅𝐸𝐶 ∗
𝐶𝑟𝑒𝑠𝑖𝑑

𝐶𝑅𝐸𝐶
   (4) 

 

where KPIx,REC is the performance reported in the case study, 
𝐶𝑟𝑒𝑠𝑖𝑑

𝐶𝑅𝐸𝐶
 is the ratio 

of energy consumed by the residential uses to the total energy consumed by the 

REC, and KPIx,resid is the KPI limited to the residential members.  

A second assumption is the inclusion of space heating use. Several studies do 

not take space heating into account, focusing mainly on PV-generated electricity. 

To overcome this limitation, typical space heating consumptions for different 

geographical locations have been derived from Canova et al. [102], and have been 

added to the energy consumption reported by those case studies neglecting their 

calculation.  

Finally, it is worth mentioning that some of the analyzed documents did not 

provide all the information necessary to reconstruct the scenarios according to the 

selected range of performance attributes. For this reason, some integrations of data 

were necessary to solve this issue. Table 4 provides an overview of these 

integrations. Looking at “Space heating” column, it is possible to notice that several 

documents did not consider space heating service, and data from Canova et al. [102] 

have been used. The same source has been used in case of missing CO2 emission 

factors (as shown in CO2 emission column). Three of the analyzed studies did not 

provide investment costs; for those, the equation provided by [29,101,150] to 

calculate investment cost as function of EEM size has been used. Finally, the studies 

not considering space heating service did not provide an energy price for natural 

gas. For these studies, data from [29,150] were used. 
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Table 4 Data integration strategies and parameters used in the reconstructed studies 

Source Space 

heating 

Investment costs CO2 

emissions 

SSRtot Energy costs 

[29] - 

PV: 715 €/kWp 

EES: 491-530 €/kWh 

TES 4042 €/m3 

* 

[102] 

Calculated 

(not provided in 

the study) 

Electricity: 184 €/MWh 

Natural gas: 86€/MWh 

 

[98] - 
[29, 101, 150] 

PV: 759-850 €/kWp 
[102] - [102]  

[101] [102] 
PV: 799-1001 €/kWp 

* 
[102] Constructed† 

Electricity: 249 €/MWh 

Natural gas: 86 €/MWh 

[102] - 
PV: 1450 €/kWp 

HP: 750 €/kW 
- Recalculated**  

Electricity: 220 €/MWh 

Natural gas: [29, 150] 

[60] [102] 
[29, 101, 150] 

PV: 1155 €/kWp 
[102] Constructed† 

Electricity: [102] 

Natural gas: [29, 150] 

[47] [102] PV: 1500 €/kWp 

CO2,NG 

conversion 

factors [102] 

Constructed† 

Electricity: 145 €/MWh 

Natural gas: [29, 150] 

 

[28] [102]  
PV: 1000 €/kWp 

EES: 500 €/kW 
[102] Constructed† 

Electricity: 220 €/MWh 

Natural gas: [29, 150] 

[237] [102] PV: 1250 €/kWp [102] Constructed† 
Electricity: 220 €/MWh 

Natural gas: [29, 150] 

[151] - 
PV: 1200 €/kWp 

EES: 1000 €/kW 
- - 

disaggregated value not 

provided  

[150] - 

PV: 620-742 €/kWp 

HPTH: 571 €/kW 

HPDHW: 994 €/kW 

EES: 447-546 €/kWh 

* 

[102] - 
Electricity: 184 €/MWh 

Natural gas: 86€/MWh 

[62] [102] PV: 1500 €/kWp [102] Constructed† 
Electricity: [102] 

Natural gas: [29, 150] 

*: these studies used the equation provided by [29, 101, 150] to calculate the investment costs 

of different EEMs as function of their size; **: SSR provided in the document was not considering 

space heating consumption when the energy vector used to satisfy this service was natural gas; †: 

the study did not considered space heating, therefore SSRtot has been recalculated adding the 

consumption for this service based on data from [102]. 

 

In Appendix B the reconstructed cases are reported. Figure 4 to Figure 7 plot 

the recalculated performance against the investment cost (Cinv) from a residential 
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perspective, assuming a physical self-consumption (PSC) configuration. SCRi and 

Efed,i are excluded from the plots as their maximization or minimization may 

constitute a conflicting objective for different actors. In order to better compare 

these scenarios, Cen, and CO2,emis are given in terms of savings, according to 

equations 5 and 6: 

 

𝐶𝑂2,𝑠𝑎𝑣 = 𝐶𝑂2,𝑒𝑚𝑖𝑠,𝑏 − 𝐶𝑂2,𝑒𝑚𝑖𝑠,𝑠                (5) 

 
𝐶𝑒𝑛,𝑠𝑎𝑣 = 𝐶𝑒𝑛,𝑏 − 𝐶𝑒𝑛,𝑠           (6) 

 
where the subscript sav refers to savings, b and s refer to the baseline and 

specific scenarios in each study, respectively. It should be noted that CO2,sav, Cen,sav, 

and SSRtot are presented on an annual basis. 

 

 
Figure 5 energy savings as function of investment cost in the analyzed papers. 
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Figure 6 CO2 savings as function of investment cost in the analyzed papers. 

 

 
Figure 7 SSRtot as function of investment cost in the analyzed papers. It is evident how the 

scenario from Aruta et al. [151] marked with a red square constitutes a peculiar case due to the fact 

that this scenario was not contemplating any active EEM. 

 

All three figures show a direct correlation between investment costs and the 

three other indicators. Considering Figure 5, the cost of energy used by most of the 

study was quite similar, leading to a quite linear relation between the energy savings 

and the size of the installed systems (especially for energy generation systems). The 

same trend is mirrored in Figure 6 presenting the emission savings; here higher 

reduction of CO2 emissions were due to larger size intervention measures with the 

same conversion factors used for national grid electricity and natural gas.  

Most studies report relatively low investment costs and low benefits in terms 

of energy savings and avoided CO2 emissions. It is worth noting that the analyzed 
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studies mostly focus on the electricity produced by the installed PV panels and 

express SSR in terms of the electricity vector only, thus achieving low levels of 

SSRtot. In particular, SSRtot is the performance for which the larger variation is 

registered (as per Figure 7). This variation depends on the type of EEMs used in the 

scenarios. For instance, the introduction or not of storage systems affects this 

performance substantially, with studies like the one by Canova et al. achieving low 

levels of SSRtot when the proposed scenarios contemplate only PV installation, with 

a slight improvement when energy self-consumption is increased by the 

introduction of an HP. On the other hand, Pastore et al. [29] introduce EES with a 

relatively low unitary price, scoring higher performances with similar investment 

costs. The highest SSRtot performance are those reported by Spazzafumo & 

Raimondi [237]; in these scenarios also the natural gas consumption for space 

heating is tackled, achieving the highest values of SSRtot even if in view of higher 

investment costs. 

It is worth noting in Figure 7 that the scenario proposed by Aruta et al. [151] 

constitutes an outlier considering it only passive strategies and not active ones, thus 

presenting a null SSRtot being the implemented measures uncapable of producing 

energy. 

In general, all the best performing scenarios (without considering the 

investment cost) are those that introduce a heat pump ([29,98,150,151]) and 

consider different Power-to-X strategies. This is particularly evident in Canova et 

al. [102], where all the scenarios where heat pumps are introduced outperform those 

where only PV panels are installed, with an increase in SSRtot between 7% and 8%. 

The same trend can be seen in Franzoi et al. [98], where the high performing 

scenarios also result in relatively low investment costs due to the presence of heat 

pumps in the status quo.  

Finally, the best performing scenarios in terms of CO2 and energy savings are 

by far those studied by Aruta et al. [151]. Here the strategy has been to set the 

investment costs similar to those for a deep renovation of the envelope. The best 

performing (from the environmental perspective) REC among all the studies 

belongs to this work, where the authors introduced a hybrid configuration with RES 

and EEMs (window replacement). It is worth noting that this solution refers to a 

rather moderate climate (a typical residential building in the same region consumes 

89.04 kWh/m2y [102], while the same building in different Italian regions presents 

energy consumption ranging from 59.2 kWh/m2y to 238.8 kWh/m2y [102]), which 

implies a potential different feasibility of other EEMs in colder zones. 

In general, it is possible to argue that no substantial difference could be noted 

between scenarios considering various strategies when analyzing energy and 
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emission savings performance, while a higher variation could be seen in the SSRtot 

achieved.  

Figure 5 has been generated considering a physical self-consumption (PSC) 

configuration (except for Aruta et al. [151], where it was not possible to extrapolate 

the energy self-consumption). Although the authors recognize that this is a 

simplification and an overestimation given the current Italian legislation, which 

takes into account the use of the public grid as a buffer in determining energy tariffs 

and incentives, it is nevertheless useful to limit the assumptions for comparison 

purposes. A further analysis to mitigate this problem was carried out by considering 

100% of the energy self-consumed by the REC in a virtual self-consumption 

configuration, as shown in Figure 8. The figure shows how the reduction in benefits 

associated with self-consumption affects the results, making the introduction of 

EEMs even more attractive and effective. 

 

 
Figure 8 energy savings as function of investment cost in the analyzed papers in VSC 

configuration. 

 

Several studies did not report SSR, but it has been calculated here on the basis 

of self-consumption and production data provided. For those that calculated SSR in 

their analyses, it is worth noting the difference in results when considering total 

energy consumption (recalculated according to equation 1) instead of just electricity 

consumption (as presented in the analyzed documents), with values 35.6% to 83.8% 

lower than those originally reported. Figure 9 shows this difference. 
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Figure 9 SSRel variation as reported in the studies, and SSRtot recalculated according to equation 1. 

 

2.6 Lessons learnt 

Renewable energy communities (RECs) could have a major impact on the 

energy transition in the built environment, mitigating its negative impact on GHG 

emissions in the urban context and thus representing a potential driver for urban 

renewal. According to RED II, RECs could bring several benefits to people and 

society, which are not only limited to the financial sphere, but also have a positive 

impact on the environmental and social dimensions. This literature review 

evaluated the common approaches used to analyze RECs in the feasibility phase as 

well as from the perspective of individual willingness to act, allowing for cross-

sectional readings. Firstly, the study highlighted that the recognized lack of a 

comprehensive evaluation framework to assess RECs is also complicated by the 

inhomogeneity of the KPIs used (such as the economic or social aspect of energy 

cost reduction), and by the definition of the boundary set for their calculation 

(particularly for SSRel and SSRtot assessment). This inconsistency between 

boundaries can be related to the bias towards the productivity aspect of RECs, with 

less attention paid to consumption reduction. This is reflected in the tendency to 

rarely consider efficiency measures together with distributed generation solutions, 

thus limiting the potential (and neglecting risks) of RECs in supporting energy 

transition and reducing energy poverty. It is interesting to note that the studies that 

include energy efficiency measures in their scope of investigation belong to the 

feasibility analysis clusters, meaning that the introduction of energy efficiency 

measures in real-world case studies is a niche topic that is rarely explored.  
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In addition, this work analyzed the literature findings on the governance and 

internal organization of RECs, as well as their evolution over time revealing the 

need to further explore the interactions between different typologies of actors, 

which can potentially promote or discourage citizens’ willingness to participate. 

Furthermore, REC emerges as a multi-criteria, multi-stakeholder decision 

problem, which has to take into account different trade-offs and preferences at these 

two multi-dimensional levels. For instance, the relationship between the 

distribution system operator and civil society is usually designed to minimize and 

prevent the inversion of energy flows, rather than to optimize the bidirectional 

efforts of the two actors. Here, another research trend could be identified in the 

design of sustainable business models, able to exploit the desirability of solutions 

from the trade-offs between the parties’ objectives.  

It is clear from this review that participation in RECs is most often explained 

through the economic dimension. However, there are several other dimensions that 

are also taken into account by analysts and REC members. Environmental concerns 

and the goal of reducing environmental impacts are among the most important 

reasons for participation, albeit secondary to cost savings, along with reasons for 

self-sufficiency and energy security. Transparency of data and management, as well 

as bridging the knowledge gap, are also important for participation in the 

community. The development of RECs over time is characteristic of only part of 

the approaches used to study the subject, as researchers have mostly focused on 

feasibility. Feasibility over time could be another important avenue of research, 

considering the different times at which such experiences could start to work and 

how they could interact synergically with each other. Moreover, the choice of 

different solutions at different times could lead to sub-optimal or even negative 

outcomes for certain stakeholders (e.g. a large penetration of distributed generation 

from unpredictable renewable sources followed by a reduction in energy demand, 

leading to an increase in the production/consumption mismatch). In this sense, a 

well-established multi-stakeholder preference assessment framework may be 

needed to evaluate the feasibility of this promising instrument and to monitor its 

effectiveness throughout its life cycle. 

The authors acknowledge some limitations in the scope of the analysis carried 

out, for example, a specific exploration of the business models adopted, as well as 

the evaluation of internal organization strategies or financial benefits and burden 

redistribution, could provide further insights in the academic production on RECs, 

benefit the synergies between actors and supporting policy makers in producing 

tailored solutions. These extensions of the horizon of analysis will be further 

explored in future studies. 
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A useful extension of the present study would be to include feasibility studies 

located in other countries, in order to compare the performance of RECs in different 

locations, as well as to include those entities aligned with the European definition 

that are currently being established and for which no data is yet available. Such an 

extension could provide an interesting opportunity to evaluate different business 

models, as well as redistribution mechanisms and economic feedback within them. 

Furthermore, broadening the scope of the scale of the analysis to include other uses 

(e.g. mobility) or other actors (e.g. municipalities, industry, tertiary, commercial, 

etc.) could represent further optimization to achieve higher decarbonization targets 

at the urban scale. Finally, as the evaluation of the social benefits of RECs remains 

an unresolved issue, an agreed evaluation framework would be required to better 

design the establishment of RECs in line with the idea of a just transition. 
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Chapter 3 

Spatialization of preferences 

3.1 Overview of the method 

As previously stated, the European Union recognizes the critical role that civic 

participation can play in the reduction of its environmental impact, and in the energy 

transition of its society [152]. Despite this, bottom-up initiatives at the urban scale 

remain sluggish [31]. When analyzing individual participation in energy projects, 

it is necessary to consider both the actions that individuals might be capable of 

implementing, and the actual behavior that they decide to implement. This process 

is consistent with Sen's Capability approach [153,154], which emphasizes the 

individual's decision in converting a potential set of capabilities into functioning, 

with the non-negligible mediation role played by individuals' preferences.  

The Capability Approach differentiates between two primary components: 

functionings, which represent observable states of being and actions derived from 

an individual's resources, and capabilities, the spectrum of potential functionings 

available to an individual. The conversion of capabilities into functionings, or the 

selection of one specific functioning against another [153], is neither automatic nor 

uniform, underscoring the pivotal role that personal preferences play. 

In the context of urban environment, the capability approach has been further 

specified in the Urban capability approach, with urban functioning referring to the 

choices individuals make, or the identities they adopt within the myriads of options 

(or urban capabilities) available to them [155–158]. This set of capabilities is 

shaped by the interplay between an individual's inherent abilities and the external 

conditions in which they operate [159]. As articulated by Chiappero-Marinetti 

[160], the transformation of means into actual states is not a mechanistic process 

but is instead influenced by a plurality of intrinsic and extrinsic conditions, with the 

space itself functioning as a potential conditioning factor. In this sense, the 

Capability approach implies the necessity to describe the real opportunities an 

individual has to use the city and to function autonomously and freely [161]. 

This perspective positions individuals as central agents in processes of 

transformation [162], while also shedding light on scenarios where the interaction 
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between a city and its residents might be suboptimal, or where only a fraction of 

the urban population might be effectively engaged [157,161]. 

Despite the provision of an expanded set of capabilities to urban residents, 

individual preferences have been shown to critically influence the translation of 

these opportunities into functionings [157,161]. For instance, while energy projects 

may enhance individuals’ capabilities [163–165], personal priorities on how 

individual and community well-being are conceived might determine different 

opinions on the conversion from capabilities to functionings [163]. In the context 

of the energy transition in urban areas, it becomes essential to assess how 

individuals evaluate, prioritize and value different outcomes and co-benefits of their 

participation in energy projects [164]. Indeed, different value systems or 

interpretations of what constitutes a meaningful sustainable contribution may result 

in the prioritization of alternatives that are not in line with the overall community 

objectives or leads to conflicts [165]. Therefore, the investigation of the preferences 

in converting the possible option that individuals have in terms of access to energy 

projects in actual functionings could be a way to promote the alignment of private 

actions with the public interest. 

This section describes the method used to estimate two aspects of RECs 

potential diffusion: (i) the probability of individuals to accept to participate in a 

REC configuration, and (ii) their preferences among potential alternative RECs 

(thus the process of converting capabilities into functionings). Figure 10 gives an 

overview of the method. 
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Figure 10  Graphical overview of the method. In step 1 the questionnaire is distributed; in step 2 

the preferences are generalized; in step 3 the preferences are spatialized at the urban scale. In the 

last step the percentage of the population likely to accept a REC is evaluated, together with the 

ranking among the proposed alternatives.  

 

In particular, the method is divided into three main parts. The first part (Figure 10.1) 

is dedicated to the analysis of individual preferences for RECs and is divided into 

the following steps: 

• In the first step, a questionnaire is distributed to a sample of the 

population to collect information regarding the willingness to 

participate or not in different RECs alternatives. The survey also 

collects the preference of respondents towards these alternatives 

in the form of rankings.  

• In the second step, a UTA method is applied on the preference 

rankings to estimate each respondent's decision model, expressed 

as a set of value functions.  
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• In the third step, two regression models are applied. One aims to 

estimate the probability of a respondent accepting a REC 

(generalized linear mixed model) based on socio-demographic 

profiles of individuals, while the other analyses (linear mixed 

model) the influence of these socio-demographic characteristics 

on the preferences expressed by individuals (i.e., the shape of the 

estimated value functions). 

 

The second part of the method (Figure 10.2) aims to generalize the results of the 

previous analysis from the individual to the population scale. In particular, this part 

of the method is divided into the following steps: 

• First, types of individuals are constructed based on the results of 

the regression models. These types of individuals are defined by 

vector of socio-demographic attributes. 

• Second, the previously estimated value functions are clustered 

using an unsupervised algorithm. The representative value 

functions of the clusters are extracted. 

• Third, a supervised classification algorithm is used to assign the 

sets of value functions to the different types of individuals. 

 

In the third part (Figure 10.3), the generalized decision model and the possible 

outcomes of RECs alternatives are spatialized at the city level. This is done by: 

• generating a synthetic population at the urban scale characterized into the 

types of individuals estimated previously; 

• estimating the performance level of different possible alternative REC 

configurations. 

 

Finally, the probability of the inhabitants accepting (using the results of the 

generalized linear mixed model), and their preferred alternative (by means of the 

value functions estimated for the types of individuals) are estimated (Figure 10.4). 

In the following section, after a brief introduction of the theoretical foundations of 

preference analysis, the above steps are described in more detail.  

It should be noted that the method presented is specifically tailored to investigate 

the potential acceptance of RECs and the preferability among alternatives. It is 

worth noting that this could be interpreted as one of several instances representing 

the set of urban capabilities of the inhabitants. It could be argued that the same 

method could be used to study individuals' preferences for several other types of 

potential processes of translating capabilities into functionings. 
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3.2 Preference analysis 

3.2.1 Preference Learning theoretical framework 

Formally, the preference model of an individual can be expressed by means of 

binary relations [166]. Binary relations are used in order theory to formally express 

relations among elements in terms of relative positions in a ranking or to compare 

them. For instance, considering a set of elements A and a binary relation ≽ among 

its inhabitants, it is possible to define ≽ as a subset of the cartesian product A x A, 

thus describing the relative order among the elements of A. In other words, 

considering two elements a,b ∈ A, a preference could be expressed as a binary 

relation inducing an order a ≽ b such that a is weakly preferred to b (i.e., it occupies 

at least the same position as b or a higher one in the order of preference). Among 

the possible order structures that could be described, the preorder is a specific type 

of binary relation satisfying the property of: 

- reflexivity: a ≽ a, and 

- transitivity: if a ≽ b, and b ≽ c, then a ≽ c 

A preorder that is also antisymmetric is called a partial order, thus: 

- if a ≽ b and b ≽ a then a = b. 

Furthermore, a total order in which any two elements are comparable such as: 

- a ≽ b or b ≽ a 

is called a totally ordered set [167].  

Binary relations and orders are commonly used in Preference Learning as input data 

for the solution of “learning to rank” problems. Three main ranking problems have 

been identified in the attempt to predict (i) the order that the user would give to 

instances in a set (object ranking), (ii) the rank of possible labels (among the 

elements of a set of labels) with which these instances could be classified (label 

ranking), and (iii) the classification of instances in ordered classes (instance 

ranking). These problems are usually solved by learning a ranking function that 

could be useful to identify covariance between preferences and socio-economic 

information [168]  in case of similarities among users [169]. In particular, the 

object-ranking family of problems attempts to learn a function that, given a 

potentially infinite set of objects y ∈ Y and training information in form of 

exemplary rankings or pairwise preferences, produces a permutation τ of the set of 

objects. The ranking of objects y ∈ Y is determined by assigning a score and sorting 

them accordingly [170]. The score assigned to the objects of set Y could be 

explained with a value-based representation of preferences in the framework of 

Multi-Attribute Value Theory (MAVT) developed by Keeney and Raiffa [170,171]. 
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MAVT represents alternatives in a decision problem as composed by a set of 

attributes and interprets preferences by means of value functions associated with 

these attributes. The total value of an alternative is given by the sum of the marginal 

values for the attributes the alternative is composed of. Therefore, by means of 

criteria aggregation such as the additive one, it is possible to express the total value 

of the alternative y (7): 

 

𝑉𝑥(𝑦) = ∑ 𝑤𝑥𝑎𝑣𝑥𝑎
𝑛
𝑎=1 (𝑦)     (7) 

 

where Vx(y) is the overall value of the alternative y for individual x, vxa are 

value functions for individual x on each attribute a that describe the alternative y, 

normalized between 0 and 1, and wxa represents the trade-offs among the attributes 

for individual x. In this way, we can define the preference of individual x over two 

objects (the ranking function for x over Y to be learned) as (8): 

 

𝑦𝑖 ≽𝑥  𝑦𝑗  ⇔ ∑ 𝑤𝑥𝑎𝑣𝑥𝑎
𝑛
𝑎=1 (𝑦𝑖) ≥ ∑ 𝑤𝑥𝑎𝑣𝑥𝑎

𝑛
𝑎=1 (𝑦𝑗)               (8) 

 

meaning that, individual x weakly prefers (i.e., either yi is preferred over yj or 

the two are indifferent) if the weighted sum of attribute values for yi is equal or 

exceeds that for yj, according to x’s own preferences. To evaluate the preferences 

of individuals it becomes paramount, then, to estimate the shape of the value 

functions that the specific individual assign to each attribute that describe the 

different alternatives at their disposal. In the operational research and artificial 

intelligence communities, the interest around learning and predicting preferences 

has grown [169], and, in recent years, Preference Learning (PL) has emerged as a 

branch of Machine learning referring to the task of learning the preferences of 

individuals or classes of individuals from information about a set of items [172]. 

Roughly speaking, PL aims to induce preference models from data regarding 

explicit preference information [173,174], with a common attempt being to 

approximate the utility function of a decision maker in multi-criteria and multi-

attribute settings.  
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Figure 11 Fields of applications of Preference Learning (source: (Hüllermeier & Fürnkranz, 

2013)) 

 

PL has been widely used in several fields of applications (Figure 11) such as 

prediction of customer design choices [175], travel modal choices [176], logistics, 

information retrieval, collaborative filtering [173]. 

3.2.2 Survey of population preferences: the questionnaire 

The proposed questionnaire has been constructed using the online survey tool 

limesurvey [177], and is composed of three main sections. A first introductory 

section (i) devoted to a general set of questions based on a 4-point Likert scale on 

the themes of the research, in order to gather some introductory data regarding 

respondents’ inclination toward RECs (the respondents’ “Vies of the World”) and 

their possible economic, environmental, and social benefits [23]. A second section 

(ii) in which the respondents were asked to state if they would accept-maybe accept-

not accept to participate in several REC alternatives. In the same section, 

respondents were asked to rank the alternatives they defined as acceptable and 

maybe acceptable. The third section of the questionnaire (iii) collected the socio-

demographic data regarding the respondent and their households. In Table 5 the 

logical structure of the questionnaire is presented (in Appendix C screenshots of the 

online questionnaire are provided). 
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Table 5 Logical structure of the questionnaire distributed to the population sample. The 

“Condition” column define questions that were presented or not to the respondents depending on 

the answer to previous questions. 

Section 1  

Code Question Modalities Condition 

1.1 

Collaboration between people is essential to 

reduce energy consumption and all be more 

sustainable 

4-Point 

Likert scale 
- 

1.2 
Reducing energy consumption is necessary to 

combat climate change 

4-Point 

Likert scale 
 

1.3 

Adopting energy efficiency measures in my 

home seems expensive to me, and it is not a 

priority for me 

4-Point 

Likert scale 
 

1.4 
Climate change can worsen social inequalities 

between people 

4-Point 

Likert scale 
 

1.5 

Promoting the well-being of all individuals is 

important, even if this may limit individual 

profit 

4-Point 

Likert scale 
 

1.6 

The State must commit to reducing society's 

environmental impact, including by introducing 

taxes to discourage the use of fossil fuels 

4-Point 

Likert scale 
 

1.7 Are you already member of a REC Y/N  

1.8a 

Participating in the Energy Community has 

allowed me to reduce my impact on the 

environment 

4-Point 

Likert scale 
If 1.7 = Y 

1.9a 

Participating in the Energy Community has 

allowed me to have a positive impact on my 

quality of life and that of other people as well 

4-Point 

Likert scale 
If 1.7 = Y 

1.10a 
Participating in the Energy Community has 

allowed me to save on my energy bill 

4-Point 

Likert scale 
If 1.7 = Y 

1.11a 

Participating in the Energy Community has 

allowed me to be less dependent on changes in 

the price of energy 

4-Point 

Likert scale 
If 1.7 = Y 

1.11a 
Participating in the Energy Community required 

a significant initial expense 

4-Point 

Likert scale 
If 1.7 = Y 

1.8b 

I am interested in the social benefits that an 

Energy Community can guarantee for families in 

economic difficulty 

4-Point 

Likert scale 
If 1.7 = N 

1.9b 
I am interested in the savings on my energy bill 

that an Energy Community can guarantee 

4-Point 

Likert scale 
If 1.7 = N 
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1.10b 

I am interested in the reduction of polluting 

emissions that an Energy Community can 

guarantee by producing clean energy or reducing 

consumption 

4-Point 

Likert scale 
If 1.7 = N 

1.11b 

I am interested in the possibility of self-

producing part of the energy I consume in order 

to be more self-sufficient 

4-Point 

Likert scale 
If 1.7 = N 

1.12b 

If I decided to become a member of an Energy 

Community, I would also be willing to invest 

money 

4-Point 

Likert scale 
If 1.7 = N 

Section 2  

Code Alternative selection/Ranking Modalities Conditions 

2.1-2.8 
Would you participate in a REC option (y)? 

(With y∈Y, and Y={A, B, C,…,H}) 

Yes/No/Ma

ybe 
 

2.9 
Rank the options you stated you would agree to 

participate in 

Complete 

order 

∀y∈Y, | 

〈y,Yes〉 

2.10 
Rank the options you stated you might agree to 

participate in 

Complete 

order 

∀y∈Y, | 

〈y,Maybe〉 

Section 3  

Code Question Modalities  

3.1 Sex 2  

3.2 Age group 13  

3.3 Educational level 5  

3.4 Profession 10  

3.5 Citizenship 2  

3.6 Household size 7  

3.7 Questions 3.1 to 3.5 for each member of the household (as 

stated in 3.6) 

- 

3.8 Property regime of the household 2  

3.9 Annual income of the household 5  

3.10 Who has more influence on household decisions 4  

3.11 Household location Pin on map 

 

The modalities of the questions define the possible answers that the 

respondents could select. In the first section of the questionnaire (question 1.1 to 

1.12b) the respondents could select their level of agreement with the question 

statement on a 4-Point Likert scale. In the third section the respondents could select 
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from different classes of socio-demographic characteristics (i.e., age = {<15, 15-

19, 20-24, …, >75 years old}, sex = {Male, Female, Other}, etc.) in accordance 

with the modalities collected by Italian census surveys [178].  

With reference to the Income level, the classes among which the respondent 

could have selected are based on those provided by the Italian tax agency. The 

choice to allow for class selection and not to treat the variable as a numerical one 

(i.e., allowing the respondent to directly input a value) has been taken to reduce the 

risk of mistakes in the filling of the questionnaire by the respondents (for data 

gathering purposes the reliability of data has been prioritized over the granularity 

of the data).  

In this section of the questionnaire, it was also possible to indicate the postcode 

(in Italian: Codice di avviamento postale, CAP) as well as the location of residents’ 

household. The second option allowed the respondents to select a point of interest 

in proximity to the location of their dwelling. This was meant to protect their 

privacy and increase the chances of obtaining a response. 

Focusing on the second part of the questionnaire, the respondents were asked 

to express two types of information: (i) the alternative RECs that they would 

consider acceptable, maybe acceptable, or not acceptable, and (ii) the preferential 

order among the alternatives that they would accept or maybe accept. The set of 

alternatives Y for which the respondents had to express their acceptability and 

preference was extracted from the dataset of case studies analyzed and 

reconstructed in the literature review on RECs (Chapter 2). Each alternative y has 

been described as a vector of four performance attributes: yi∈Y | y=〈β1i, β2i, β3i, 

β4i〉, where β1 is the Investment cost, β2 is the energy cost savings, β3 is the avoided 

CO2 emissions, and β4 is the energy Self-sufficiency of the alternative. The list of 

attributes used to describe each alternative has been selected from those 

commonly found in the literature on energy communities as analyzed in Chapter 

2. While it is not possible to exclude the presence of other important attributes in 

the decision related to REC participation (for instance the management form 

adopted, or the presence of public bodies among the members), those selected 

cover the range of quantifiable performance that could affect the residential 

stakeholders (target of the study). It is not possible to exclude the presence of 

hidden preferences related to RECs such as, for example, the capability of the 

configuration to maximize its social impact. Nevertheless, this possibility is 

registered by the energy cost reduction attribute that could be seen as a benefit 

allocated to the whole community, or to specific members (as suggested by the 

explanation videos included in the questionnaire). Finally, the set of attributes 
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have been tested for redundancy and separability to determine their relevance in 

modelling preferences towards REC participation for residential stakeholders. 

To define the set Y to be presented to the respondent a K-means algorithm 

has been applied to the dataset of case studies. K-means is an unsupervised 

clustering Machine learning algorithm that uses Euclidean distance as a metric to 

assign data to one of a pre-specified number of clusters. The algorithm first defines 

the position of each cluster centroid and calculates the distance between each point 

of the dataset and the cluster’s centroid, assigning the points to the clusters based 

on the minimum distance between points and centroids. Then, the cluster centroids 

are recalculated on each cluster’s points. The procedure is iterated until 

convergence. The number of clusters to be specified is not given, therefore several 

techniques could be used to determine the proper number of clusters. Among these 

techniques, the Silhouette method tests the model for several number of clusters 

and calculates an a-dimensional score from 0 to 1 for each of the runs, where 0 is 

the worst performing model and 1 is the best performing one. Figure 12 presents 

the Silhouette score results for several specified number clusters: 

 

 
Figure 12 Silhouette scores for different number of clusters specified in K-Means 

classification algorithm  

 

By using the Silhouette score it is possible to see that the best number of 

clusters is five, while after seven clusters, the performance is reduced. Nonetheless, 
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the two models specifying five and seven clusters present similar results (0.549, and 

0.541 Silhouette score respectively). Therefore, it has been decided not to limit the 

number of alternatives in the questionnaire to five (while not overwhelming the 

respondent with an excessive number of options to process), but to perform the K-

Means clustering algorithm with seven clusters. These clusters were then analyzed 

to extract one representative alternative from each of them. This step required a 

manual analysis of the clusters to define a proper set of alternatives not allowing 

the simple definition of a characteristic alternative from the clusters (e.g., the 

alternative geometrically closest to the centroid of the cluster). In fact, the set of 

alternatives had to be sufficiently differentiated, but also had to include alternatives 

with some degree of similarity in order to better extrapolate the preferences of the 

respondents. For this definition a try and error procedure has been used. It is also 

worth noting that one of the reconstructed scenarios from Chapter 2 presents an 

Investment cost value far higher than the others due to the inclusion of the retrofit 

of the envelope among the energy efficiency measures [151]. For this reason, such 

point of the dataset has been at first excluded from the clusters’ definition and 

reinserted at the end to compose the final set of eight alternatives to be included in 

the questionnaire: In Table 6 the set of alternatives is presented. 

 

Table 6 Final set of alternatives included in the online questionnaire 

Scenario Investment cost 

[€] 

avoided CO2 

emissions 

[kgCO2/year] 

energy-bill 

savings [€/year] 

Self-sufficiency 

[%] 

P8 6,600 1,147 764 61 

C17 1,237 250 199 14 

C12 4,650 1,419 507 20 

Pb2 4,996 1,827 769 37 

Pb8 9,376 2,603 1,285 82 

C38 5,322 2,190 694 17 

A1 20,024 3,095 1,643 0* 

C28 3,395 854 382 27 

P7 2,992 769 512 41 

*this alternative presented only passive strategies therefore, even if it is the most 

expensive one (also achieving the highest performance in terms of avoided emissions and 

energy savings), it has no capability to produce energy locally, thus having no self-

sufficiency. 

 

For each of the alternatives, a respondent was allowed to state either if she 

would be willing or not to participate in the constitution of a REC with such 

characteristics (Yes/No), or if she was uncertain (Maybe).  
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In Figure 13, an example of the question is displayed (note that the values 

reported for each attribute have been simplified and rounded to reduce the effort 

required from the respondent to interpretate the data). 

 

 
 

Figure 13 Example of tabular description of a REC alternative as presented in the online 

questionnaire. “Costo iniziale” is the Investment cost, “Risparmio in bolletta” is Energy cost 

savings, Riduzione emissioni is Emission reduction, and “Autosufficienza” is Self-sufficiency.   

 

The latter step results in the clustering of the alternatives proposed in the 

questionnaire into three sub-sets by each respondent: (i) the acceptable sub-set 

(𝑌𝑥
(𝑖)

), (ii) the maybe acceptable sub-set (𝑌𝑥
(𝑗)

), and (iii) the not acceptable sub-set 

(𝑌𝑥
(𝑘)

). After this subdivision, each respondent x was asked to express two distinct 

rankings, one among the alternatives for which she stated the willingness to 

participate (thus a permutation τ𝑥(𝑌𝑥
(𝑖)

)), and one among the alternatives for which 

she was uncertain regarding accepting or not to participate (τ𝑥(𝑌𝑥
(𝑗)

)).  

3.2.3 Individual value function estimation: UTA methods 

The rankings of the alternatives extracted from the questionnaire are used as 

input data for the Preference Learning phase to construct an additive preference 

model coherent with the respondents’ judgement [171]. 

Among the available methods, Additive Utility Functions (UTA) methods 

[179,180] take global statements upon set of alternatives and subsequently infer the 

value functions that best fit such statements [181,182]. The methods approximate 

value functions by minimizing the errors between the given preference structure 

over the set of alternatives, and the one computed by calculating the total values of 

alternatives given by the estimated value functions. 

UTA methods use linear programming to infer a set of piece-wise linear value 

functions that match a learning set (i.e., information about preferences) provided by 

a DM [171]. In the context of MAUT, this set of value functions allows one to 

calculate the marginal utility provided to the DM by the level of performance of an 

alternative in each of the attributes used to describe it. Finally, the aggregation of 

the marginal utility into a total utility permits the comparison between different 
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possible alternatives. In the application, the UTAstar algorithm, evolution of the 

UTA algorithm, has been used [180]. 

To perform the analysis, the learning set (i.e., the order of preferred alternatives) 

for each respondent was retrieved from the questionnaire. At first, the two ordered 

set of alternatives provided by the respondent have been combined: (i) those for 

which the respondent has expressed a willingness to participate (τ𝑥(𝑌𝑥
(𝑖)

)) and (ii) 

those for which the respondent was not fully sure about acceptance (τ𝑥(𝑌𝑥
(𝑗)

)) as 

seen in Section 3.2.2 and expressed in equation (9): 

 

τ𝑥(𝑌𝑥
(𝑖)

) + τ𝑥(𝑌𝑥
(𝑗)

) = (τ1
(𝑖)

≻ τ𝑛
(𝑖)

≻ τ1
(𝑗)

≻ τ𝑚
(𝑗)

)   (9) 

 

being: 

τ𝑥(𝑌𝑥
(𝑖)

) = (τ1
(𝑖)

, … , τ𝑛
(𝑖)

) the alternatives for which the respondent x would accept 

participation (𝑌𝑥
(𝑖)

) ordered from the most preferred to least preferred one, and 

τ𝑥(𝑌𝑥
(𝑗)

) = (τ1
(𝑗)

, … , τ𝑚
(𝑗)

) the alternatives for which the respondent x would be 

unsure regarding participation (𝑌𝑥
(𝑗)

) ordered from the most preferred to least 

preferred one. 

Furthermore, the subset of alternatives 𝑌𝑥
(𝑘)

= (𝑦1
(𝑘)

, … , 𝑦𝑞
(𝑘)

) for which the 

respondent expressed the refusal to participate, have been introduced in the 

combined set as less preferred in comparison to the alternative ranking last (τ𝑚
(𝑗)

), 

and indifferent among each other (i.e., they were not ordered by the respondent). 

The latter results in the final total rank of all the initial 8 alternatives proposed in 

the questionnaire: 

 

τ𝑥(𝑌𝑥
(𝑖)

) + τ𝑥(𝑌𝑥
(𝑗)

) + 𝑌𝑥
(𝑘)

= (τ1
(𝑖)

≻ τ𝑛
(𝑖)

≻ τ1
(𝑗)

≻ τ𝑚
(𝑗)

≻ y1
(𝑘)

∼ y𝑞
(𝑘)

)    (10) 

 

Considering that several respondents expressed only one alternative for which 

they would have been interested in participating (both answering “yes” or 

“maybe”), a necessary threshold of two minimum preferences expressed has been 

set to have at least one pair of ordered alternatives on which to train the algorithm. 

It could be argued that inferring one individual set of value functions from only one 

pair of ordered alternatives is questionable. Nevertheless, the aim of the analysis 

was to estimate a generalized model at the urban scale; hence the decision to retain 

these rather small learning sets. This aspect is discussed further in Section 5.1.4. 
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3.2.4 Individuals’ acceptance and preferences  

General linear and linear mixed models have been used to estimate (i) the decision 

of the respondents to accept a REC alternative, and (ii) the variation of the marginal 

utility of the performance attributes for different types of individuals. The goal is 

to test the influence of socio-demographic characteristics on these two types of 

information.  

Linear mixed-effects models (LMM) are a family of tools that differ from 

traditional regression models by the fact that they include random effects in addition 

to fixed effects [183]. Fixed effect represents the determinant used to explain a 

specific output variable under study. For instance, in the present analysis these are 

the alternative performance and individuals’ socio-demographic characteristics 

associated with the probability to accept the alternative REC [183]. Random effects, 

on the other hand, capture correlations among observations that arise from grouping 

or clustering in the data (such as repeated measurements from the same individual). 

In this context, each respondent evaluates the opt-in possibility for multiple 

alternatives, and these responses are influenced by respondent-specific factors (e.g., 

stable preferences or biases). This induces statistical dependence among their 

responses. Introducing random effects allows the model to account for this within-

respondent correlation, ensuring valid inference. 

The analytical representation of linear mixed-effect models is as follows: 

 

𝑦 = 𝑋𝛽 + 𝑍𝑢 + 𝜀    (11) 

 

where y is the vector of observations, X is the matrix of explanatory variables, and 

𝛽 the vector of fixed-effects coefficients; Z is the matrix of random effects, and u 

the vector of random-effects (complement to 𝛽); finally, the term 𝜀 represent the 

vector of the residuals.  

Besides the introduction of the random effect to correct for autocorrelation among 

clusters, another effect could be introduced in the model to account for interactions 

among different fixed effects. For this purpose, the moderator effect could be 

introduced in the model. In a linear model, a moderator variable M affects the 

relationship that exists between a determinant x and a dependent variable y, 

describing the conditions that might vary the strength and direction of such 

relationship [184,185]. 

Figure 14 presents a graphical representation of the concept behind the effect of 

moderators in linear models. 
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Figure 14 linear model (a) and linear model with moderator (b). 

 

With reference to the above, the model including interaction (Figure 14.b) could be 

expressed as follows: 

 

𝑦 = 𝛽0 + 𝛽1𝑥 + 𝛽2𝑀 + 𝛽3𝑥𝑀 + 𝜀   (12) 

 

with 𝛽0 being the intercept of the regression model, 𝛽1 and 𝛽2 the regression 

coefficients for variable x and M, and 𝛽3 the effect of the interaction between the 

two variables in explaining the dependent variable y (it is worth noticing that the 

identification of the moderator is theoretical, and the model treats the two variables 

in a similar way). As usual in regression analysis, in order to check for moderation 

between the variables, it is necessary to verify if the interaction term 𝛽3 is associated 

in the model.  

LMM are used to estimate a continuous dependent variable based on associated 

determinants (the variation in marginal utility in the present analysis). On the other 

hand, generalized linear mixed models (GLMM) are commonly used to determine 

the likelihood of a studied condition or behavior to occur or not, thus when the 

dependent variable assumes either the value 1 or 0 [186]. 

In this study GLMM are used to estimate the likelihood of respondents to participate 

in a REC. The investigated question regards the probability of respondent x to 

participate in a REC as function of the vector of socio-demographic attributes A of 

the respondent, and the vector of performance attributes P of the alternative REC: 

 

𝑃𝑟𝑥(𝑌 = 1) = 𝑓(𝐴𝑥, 𝑃𝑅𝐸𝐶)    (13) 

 

GLMM account for nonlinear relationships between determinants and estimated 

outcome of a dependent variable. This relationship is represented in a linear form 

by means of mathematical transformation allowing for its interpretation as linear 

combination of the determinant specified in the model [187]. In logistic regression, 

the logit function is one of the link functions that allows such linear interpretation 

of the regression model. The logit function is the natural log of the odds (i.e., the 

ratio between the probability π of an event to occur and the probability 1- π of the 
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event not to occur) and is equal to the linear combination of the predictors and the 

coefficients estimated by the regression.  

 

𝑙𝑛 (
𝜋

1−𝜋
) = 𝛽0 + 𝛽1𝑥1+. . . +𝛽𝑛𝑥𝑛    (14) 

 

and by exponentiating the two sides of the equation: 

 

𝑜𝑑𝑑𝑠 = (
π

1−π
) = 𝑒𝛽0 ∗ 𝑒𝛽1𝑥1 ∗. . .∗ 𝑒𝛽𝑛𝑥𝑛   (15) 

 

𝑒𝛽1 represent the odd ratio and could be interpreted in a similar way as in linear 

regression, as the 𝑒𝛽1increase in the odds of the event to occur for every 1-unit 

increase in the independent variable x, holding all the other conditions unchanged. 

Odd ratios could range from 0 to positive infinity, with 1 representing the 

indifference in the variation of odd related to the variation of the determinants, a 

direct relation with the determinants in case of values greater than 1, and an indirect 

relation between odds and determinants in case of values in the range 0 to 1 [187]. 

As already stated, GLMM are used to estimate the probability of respondents to 

participate or not in an alternative REC. The perceptions of individual profiles over 

RECs performance are further considered by introducing the moderator effect of 

socio-demographic characteristics on the association between REC performance 

and acceptation. The tested model is specified as follows: 

 

𝑌 ∼ 𝛽0 + 𝛽𝑛𝑃 + 𝛽𝑛𝐴 + 𝛽𝑚𝑃 ∗ 𝐴 + (1|𝑠𝑒𝑒𝑑)  (16) 

 
Where Y is the Boolean acceptance of the REC alternative, P is the vector of 

performance attribute of the alternative REC, A is the vector of socio-demographic 

characteristics of the respondent, and β are the coefficients of the linear regression 

model. Finally, a random intercept was included at the individual level to account 

for within-subject correlation (1|seed). 

Regarding LMM, they have been used to estimate the socio-demographic 

characteristics having an influence on the respondents’ decision models (i.e., 

homogeneous cluster of individuals sharing similar socio-demographic 

characteristics having an influence on the variation in the marginal utility associated 

with different REC performance attributes).  

The goal is to define a set of socio-demographic vectors defining types of 

individuals with similar marginal utility for different levels of performance of the 
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RECs. These types will be successively used to characterize the resident in order to 

generalize the decision models approximated by the UTA method. 

To do so, LMM have been run for each of the four performance attributes, setting 

the marginal utility of the attribute as the continuous dependent variable Y, and both 

the performance of the REC for that specific attribute and the socio-demographic 

characteristics of the respondents as determinant variables. The general form of the 

fixed slope LMM specified in each of the following models was as follows: 

 

𝑈𝑎 ∼  𝛽0 + 𝛽1𝑎 + 𝛽𝑛𝑋 + 𝛽𝑚𝑎 ∗ 𝑋 + (1|𝑠𝑒𝑒𝑑)   (17) 

 

Where Ua is the marginal utility for each performance attribute of the alternative 

REC, a is one of the performance attributes of the alternative REC (i.e., investment 

cost, cost savings, emission savings, and self-sufficiency), X is the vector of socio-

demographic attributes of the respondent, and β are the coefficients of the linear 

regression model. Again, the interaction terms are included to assess for moderation 

effects of socio-demographic characteristics over the performance characteristics 

of the REC associated with the marginal utility of its attributes. 

In the selection and comparison of both GLMM and LMM models, the common 

marginal R2 and conditional R2 metrics to describe the overall fit of the model have 

been used [188], while the Akaike information criterion (AIC) [189], and Bayesian 

information criterion (BIC), [190] are used to compare and select the most 

parsimonious models [191]. Finally, concerning the selection of the determinants 

associated with a value of the dependent variable, Wald-test and Confidence 

intervals have been used to exclude the null hypothesis.  

Finally, the model has been tested against multicollinearity using variance inflation 

factor (VIF), setting a threshold of 5 to allow for moderate correlation. 

Both GLMM and LMM analysis have been performed in R environment using lme4 

package [192,193].  

 

3.3 Generalization of the individual models 

Once the socio-demographic factors influencing the probability to accept an 

alternative REC and the preference model related to the ranking among alternatives 

has been evaluated, the method aims to generalize such information. The goal is to 

assess the probability of types of individuals to accept an alternative, and to 

determine which is the most preferred alternative among the available ones (i.e., the 

alternative most likely to be converted into functioning among the available set of 

capabilities at the disposal of the population). First, types of individuals are 



 

 

 

 
65 

constructed by combinations of socio-demographic attributes. Second value 

functions are clustered and the characteristic value function for each cluster is 

identified. Finally, the socio-demographic attributes of the types of individuals are 

used to match them with the characteristic value function for each attribute.  

3.3.1 Definition of types of individuals 

The first step of the generalization of the results from the individual scale is to 

construct a set of types of individuals sharing similar behaviors. For this purpose, 

the socio-demographic attributes associated with the probability to accept a REC 

from GLMM, and having an influence on the preference model of individuals as 

from LMM models have been used. These socio-demographic characteristics have 

been combined to determine the types of individuals. 

In a second step, the value functions estimated by means of the UTA method have 

been clustered to determine sets of characteristic value function in order to 

generalize the decision model estimated at the individual level.  

To determine the sets of characteristic value functions the k-medoids algorithm, 

also called partitioning around medoids (PAM), has been used [194]. 

K-medoids is an unsupervised clustering algorithm that uses median points to 

determine clusters. The advantage of this method is the possibility to center the 

cluster on an actual object of the dataset instead of a virtual one (as in the case of 

k-means that uses centroids). The algorithm is composed of two phases: a build 

phase, and a swap phase. In the first one, the first medoid is selected as the one with 

the smaller distance to all the other points (i.e., the central point in the dataset). The 

other medoids are then selected by calculating the distance of the candidate point 

to all the other points and selecting the one with the minimum cost (i.e., the sum of 

distances to the other points) as the next medoid. Finally, in the swap phase the 

algorithm calculates the cost of swapping the medoid with all the other non-medoid 

points, performing the swap with the lowest cost (the sum of distances) if its cost is 

lower than the current medoid candidate. 

The clustering with PAM has been performed using fpc package in R environment 

[195]. The partition has been based on the marginal utility value (on the y-axis) of 

the four discontinuity points of each of the piece-wise value functions. As in k-

means, the number of clusters must be specified in advance. The pamk function in 

the same R package has been used to estimate the most suitable number of clusters 

based on the silhouette metric. 
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3.3.2 Association of value functions to the types of individuals 

Once the clusters are defined, a supervised classification algorithm uses the value 

functions classes resulting from PAM as labels to calculate the probability of 

different types of individuals to belong to one cluster of value functions or another. 

Supervised learning constitutes a category of machine learning in which the 

classification algorithm is trained with labelled datasets constituted of input-output 

pairs. In this context, the inputs are represented by the socio-demographic 

characteristics of individuals, and the outputs correspond to the class of value 

functions to which the respondents belong. The fundamental goal of the algorithm 

is to construct a mapping from inputs to outputs, thus enabling it to make 

predictions or classifications on novel, unseen data. The efficacy of these models is 

contingent upon the availability and quality of labelled data, which are prerequisites 

for achieving optimal performance of supervised learning models [196]. 

Several algorithms are available, being the selection of the proper algorithm a self-

standing field of research [197]. In this study, nine classification algorithms have 

been performed using the caret package in R as a general framework [198]. Caret 

package makes it possible to perform an automatic grid search for the optimization 

of algorithms hyperparameters and to select the best ones based on the selected 

metric [197]. In Table 7 the tested algorithms are shown, together with the R 

libraries used form caret to run them, and the tuning parameters. 

 

Table 7 Summary of the supervised classification algorithms tested. In the “Library” column the 

packages called by Caret library are displayed, while in “Tuning parameters” column the 

hyperparameters for each algorithm are reported.  

Algorithm Library Tuning parameters 

Naive Bayes naivebayes laplace, usekernel, adjust 

Support Vector Machine (linear) LiblineaR cost, Loss, weight 

Support Vector Machine (Polynomial) kernlab degree, scale, tau 

Rule-Based Classifier (JRip) RWeka 
NumOpt, NumFolds, 

MinWeights 

Rule-Based Classifier (PART) RWeka threshold, pruned 

C5.0  C50, plyr trials, model, winnow 

Single5.0Tree C50 None 

C4.5-like Trees J48 RWeka C, M 

Penalized Multinomial Regression nnet decay 
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To measure the accuracy of the different models in predicting the expected 

outcome, a set of metrics could be extrapolated from a confusion matrix. The 

confusion matrix is a n*n table that shows the number of correct and incorrect 

predictions compared with the actual classifications in the dataset, where n is the 

number of classes. 

 

Table 8 Example of a confusion matrix in a two-class classification problem showing the four 

possible outcomes. 

 True class 

i j 

P
re

d
ic

te
d

 c
la

ss
 

 

True Positive 

(TP) 

False positive 

(FP) 

i 
j 

False negative 

(FN) 

True negative 

(TN) 

 

As shown in Table 8, taking a two-label classification problem with the i class as 

reference, the prediction performed by the model can lead to four possible outcomes 

displayed by the confusion matrix: 

 

• True Positives (TP): observations labelled as i class that are 

predicted in that class by the model; 

• True Negatives (TN): observations not labelled as i class that the 

model predicts in the j class; 

• False Positives (FP): observations misclassified by the model in 

the i class, referred as type 1 errors; 

• False Negatives (FN): observations labelled as i class that the 

model classifies in j class, referred as type 2 errors. 

 

From the outputs of the confusion matrix, four metrics could be gathered: Accuracy, 

Precision, Recall, and F-1 score. Accuracy is the ratio of the correctly predicted 

classification over the total classification made by the model, and it is calculated as: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
     (18) 

 

Precision focuses on the ability of the model to distinguish positive from negative 

classifications, and is calculated as: 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
    (19) 

Recall focuses on the ability of the model to predict positive samples and is 

calculated as: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (20) 

 

Finally, the F-1 score combines both Precision and Recall and is calculated as: 

 

𝐹 − 1 𝑠𝑐𝑜𝑟𝑒 =
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
   (21) 

 

F-1 score ranges from 0 to 1, with values close to one representing better performing 

models both in Recall and Precision. The calculation of Precision, Recall, and F-1 

score depends on the reference class considered as positive. For multi-class 

classification problems, it is possible to calculate their values using a one-vs-all 

approach translating the multi-class problem in a sum of binary-classification 

models. In this way, each time a class is taken as the reference positive one, and the 

confusion matrix is generated using all the other classes as the negative class. In 

Figure 15 a graphical representation of the one-vs-all approach is displayed. 

 

 
Figure 15 Graphical representation of the translation of the 3-class classification problem in 3 

binary classification problems following the one-vs-all approach.  
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With such an approach, the calculation of Precision and Recall could be calculated 

as an average of the values for each class taken each time as the positive one: 

 

𝑀𝑒𝑎𝑛 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
∑ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖

𝑛
𝑖=1

𝑖
    (22) 

 

𝑀𝑒𝑎𝑛 𝑅𝑒𝑐𝑎𝑙𝑙 =  
∑ 𝑅𝑒𝑐𝑎𝑙𝑙𝑖

𝑛
𝑖=1

𝑖
                 (23) 

 

Where Recalli and Precisioni are the two metrics calculated for each of the n classes 

using the i-th class as the reference true class. Regarding F-1 score, in case of an 

unbalanced number of observations in each class the weighted F-1 score could be 

calculated by weighing each class specific F-1 score by the number of samples in 

that class as expressed in the following equation: 

 

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝐹 − 1 𝑠𝑐𝑜𝑟𝑒 =  ∑ 𝑤𝑖 ∗ 𝐹 − 1𝑠𝑐𝑜𝑟𝑒𝑖
𝑛
𝑖=1   (24) 

 

With wi the ratio between the number of samples in class i and the total samples in 

the dataset, and F-1 scorei the value of F-1 score calculated with class i as the true 

reference class.  

Accuracy provides an overall evaluation of the predictive capacity of the model, 

while F-1 score is a single metric combining Precision and Recall. In this study the 

selection of the best performing classifier is based on the average of these two 

metrics. 

 

3.4 Spatialization of acceptability and preferences 

Once the generalized decision model (the probability of being assigned a specific 

set of characteristic value function or another) has been estimated for different 

individuals type, the distribution of these types across the city is estimated  by 

means of the generation of a synthetic population. Further on, different RECs 

alternatives could be generated at the urban scale. Finally, by matching the 

probability to accept a REC and the preference models estimated in the previous 

section with the distribution of types of individuals across the city, the percentage 

of population likely to accept to participate in the generated RECs as well as the 

most preferred alternative by the overall population could be estimated. 



 

 

 

 
70 

3.4.1 Generation of a synthetic population 

First of all, the distribution of the types of individuals is simulated by generating a 

synthetic population coherent with the socio-demographic distribution of the real 

population in the area. Popular in the transportation research field, Population 

synthesis refers to the process of creating a simplified microscopic representation 

of an actual population that matches the aggregated statistical measures of the actual 

population [2,199]. Population data are usually provided with a coarser aggregation 

at a higher spatial resolution (marginal distributions), while disaggregated at the 

individual level at a lower spatial resolution such as the regional or country scale. 

The population synthesis process allows to reconstruct the individual vectors of 

socio-demographic characteristics (gender, age, education level, etc.) of a 

population from the marginal distribution of socio-demographic characteristics of 

the population in a defined area as provided by census data. To generate a synthetic 

population, a Population synthesizer (the software that implements the process) 

requires two types of input data: (i) a disaggregate sample of the population’s 

vectors of socio-demographic attributes at the individual level, and (ii) the 

aggregated marginal distributions of socio-demographic characteristics of the 

population in the area of analysis [200]. By applying data fusion techniques, the 

synthetic population is generated expanding the disaggregated sample dataset to 

match the marginal distribution of socio-demographic characteristics in the area 

(Figure 16). The population’s aggregated marginal distributions represent the 

constraints for the population synthesis expansion procedure and might include 

social, demographic, and economic variables useful to describe the population 

living in a specific area under analysis (Census Block, Block Group, Census Tract, 

County, Metropolitan Statistical Area, or at any specified geography for which data 

are available). 
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Figure 16 Graphical representation of the construction of the synthetic population expanding the 

seed dataset to match the marginal distribution of the population in the area 

 

The disaggregated sample at the individual level is typically obtained by census 

data and other specific surveys to describe the population according to the goal of 

the study for which a synthetic population needs to be produced. This sample should 

contain socio-demographic characteristics corresponding to the marginal 

distribution used as controlling variables (age, sex, occupation, etc.), but it could 

also contain information that are not registered in the marginal distribution dataset, 

thus that are not used as controlling variables.  

Numerous are the software available to generate synthetic populations, among 

them, PopulationSim [200], is an open-source Python-based tool that is part of the 

collaborative framework ActivitySim [201]. PopulationSim accepts four types of 

comma-separated values (csv) files:  

 

• persons and households seeds. These two datasets contain the 

individual-level sample of socio-demographic characteristics 

vectors of the population derived from census survey at a regional 

scale. In the Italian context this statistical microdata could be 

found among the publicly available data provided by the National 

census institute (ISTAT); 

• marginal controls. This is the dataset of aggregated marginal 

distributions of socio-demographic variables presented at a more 

granular resolution. National census data could be used to gather 

this data; 

• geographic crosswalk file. This file specifies the hierarchy of 

geographies used to allocate the population specified at an upper 
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geography (persons and households seeds) to a lower geography 

(marginal controls); 

• controls file. This file is used to link the seeds to the marginal 

controls by specifying the match between variables in the datasets 

and by setting the importance of the marginal control with respect 

to each other. 

 

The main output of the synthetic population is an artificial population whose 

distribution is coherent with the actual distribution of the real population living in 

a specified area with individual-level granularity of data. 

Regarding the persons and household seeds, the publicly available “Aspect of daily 

life” (“Aspetti della vita quotidiana”, AVQ) dataset provided by ISTAT has been 

used. AVQ dataset is a yearly survey conducted on a sample of about 20,000 

households and 50,000 individuals, with its last release referring to the 2021 survey 

[202]. The survey is part of an integrated system of multi-scope analysis on 

households and focuses on several aspects of families and individuals’ daily life, 

collecting a total of 743 different variables provided as individual’s vectors of 

socio-demographic characteristics. 

As marginal controls dataset, the data collected during the last national census of 

2021 have been used [203]. 

In terms of granularity, the seeds dataset is aggregated at the regional level, while 

the marginal control is referred to the census track scale (in Italian “Sezione 

censuaria”). The allocation of the population from the upper geography (seeds at 

the regional scale) to the lower one (marginal controls at the census track scale) 

follows the hierarchical structure (from right to left) expressed in the geographic 

crosswalk, a sample of which is presented in Table 9. 

 

Table 9 Sample of the geographic crosswalk csv file from smaller census track (SEZ21_ID) to 

Regional scale (REG). Turin is divided in 6915 census tracks.  

Progressive 

number  

SEZ21_ID COM REG 

1 12720000001 272 1 

2 12720000002 272 1 

3 12720000004 272 1 

… … … … 

6915 12728888888 272 1 
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As displayed in Table 9, and according to Italian census data, region (REG) 1 refers 

to the Piedmont and Valle d’Aosta regions, municipality (COM) 272 is the 

identifier for the city of Turin, while SEZ21_ID refers to revised tessellation of the 

national territory in the census tracks according to the last national census survey 

(2021), with a total of 6915 census tracks in the city of Turin.  

Finally, the controls file allows to specify the link between seeds and marginal 

controls datasets. A sample of a controls csv file is reported in Table 10.  

 

Table 10 Sample of the controls csv file specifying the links between seeds and marginal controls 

datasets. The number of individuals in the seeds (“seed table”) are expanded to match each 

variable distribution in the marginal controls dataset (“control field”) at a specific scale 

(“geography”)  with different matching priorities among variables (“importance”). 

target geography seed 

table 

importance control 

field 

expression 

Num_HH SEZ21_ID households 1000000 HH_BASE 

(households.wgtp 

> 0) & 

(households.wgtp 

< np.inf) 

Num_pp SEZ21_ID persons 50000 Pop_Base 

(persons.wgtp > 

0) & 

(persons.wgtp < 

np.inf) 

HH_size_1 SEZ21_ID households 10000 HH_size1 
households.NP == 

1 

HH_size_2 SEZ21_ID households 10000 HH_size2 
households.NP == 

2 

 

With reference to Table 10, each row specifies a link between variables in the seeds 

datasets (persons or households) with those in the marginal controls one to be 

matched in the seeds expansion. In particular, the controls file specifies the 

marginal distribution of the specific socio-demographic characteristic to be used as 

a constrain to the expansion (“control field” column), the spatial scale (“geography” 

column) at which the marginal distribution of the variable refers, and the seeds 

dataset (“seed table” column) to which the control is applied during the expansion 

of the seed dataset itself. The controls file also allows to determine the weight of 

priority (“importance” column) with which PopulationSim attempts to match the 

control: a higher importance control will be attempted to be matched with higher 

priority than a lower importance one, with more deviations allowed in the final 

distribution of lower importance controls specifications. In this sense, higher 

importance controls could be interpreted as harder constraints, while lower 
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importance ones as softer constraints. Finally, in the “expression” column the link 

between the marginal controls to the households or persons seeds is expressed in 

the Python syntax. For instance, taking into consideration the 3rd row in Table 10, 

according to this control input, PopulationSim would take the households composed 

by one person (households.NP == 1) from the households dataset and try to 

populate the synthetic population produced as an output with a number of 

households of this size as close as possible to the amount registered in the marginal 

control dataset (variable HH_size1) in each specific census track (SEZ21_ID). 

Furthermore, in the process of expanding the individual vectors to match the 

marginal distributions, the algorithm will give higher priority in matching first the 

total number of households (first row of control with importance 10^6), then the 

total amount of population (second row of control with importance 50000), and 

finally the number of households composed by one person, allowing for more 

flexibility in matching such controls with a lower importance. 

3.4.2 Simulation of alternatives at the city scale 

To calculate the potential reduction of buildings energy consumption at the urban 

level, a first evaluation of the status quo has to be performed. To do so, different 

strategies have been developed in literature: some studies use a top-down approach 

starting from aggregated data at urban or national level and then disaggregate them 

by means of statistical methods [204], while others opt for a bottom-up approach in 

which data from individual buildings are extrapolated and elaborated [205]. The 

bottom-up approach usually takes advantages of the generation of archetypes in 

order to define the parameters used in the modelling such as construction materials, 

insulation values (U-values), window-to-wall ratio (WWR), infiltration levels, and 

mechanical system efficiencies [205,206]. These archetypes are largely based on 

the period of construction and building typology [205,207,208] and are built on 

several possible sources such as EU projects [209], national building libraries [210], 

and expert opinions and/or past studies. The use of archetypes is a generalization 

used by energy modelers to overcome inconsistencies and lack of data in available 

datasets, especially to retrieve non-geometrical data such as building assembly, 

system information and occupancy schedules [211].  

Once the status quo is modelled, alternative intervention scenarios could be 

proposed using different approaches as mentioned in Section 2 (such as linear 

programming and scenarios comparisons). 

In the present study, the new alternatives have been generated based on the 

alternatives used in the questionnaire. The performance of the best performing 
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alternative in terms of CO2 emission savings has been partially modified in order to 

evaluate the degree of acceptability of public oriented solutions.  

3.4.3 Estimation of acceptability and of the preferred alternative 

In the last step of the method, the probability to accept a REC alternative as well as 

the preferences of the types of individuals are matched with the newly constructed 

alternatives at the city scale. In this way, the percentage of population that might 

accept different REC configurations, as well as the most preferred alternative 

among them is assessed. 

In particular, the percentage of population likely to accept a REC solution has been 

estimated according to equation (25): 

 

𝑃𝑖(𝑌 = 1) =
∑ 𝑃𝑟𝑥,𝑖

𝑛
𝑥=1

𝑛
    (25) 

 

Where Pi is the percentage of the entire population likely to accept the alternative 

i, Prx,i is the probability of individual x to accept alternative i, and n is the number 

of individuals (total population). Furthermore, based on individual probability, it is 

also possible to estimate the probability density function  (PDF) of participation 

following Poisson generalization of binomial distribution. 

To calculate the preferred alternative among the possible solutions, a probabilistic 

approach has been used. In particular, the use of supervised classification 

algorithms (Section 3.3.2) allowed to estimate the probability of each type of 

individual to be assigned a characteristic set of value functions. Therefore, the total 

utility of a REC alternative for different types of individuals has been calculated by 

applying equation (26): 

 

𝑈𝑡𝑜𝑡,𝑖,𝑥 = ∑ 𝑃𝑟𝑐,𝑎,𝑥 ∗ 𝑈𝑚,𝑐,𝑎,𝑖     (26) 

 

Where Utot,i is the total utility of alternative i for an individual x, Prc,a,x is the 

probability for the individual to be assigned one of the characteristic value function 

c, relative to attribute a, while Um,c,a,i is the marginal utility for attribute a of 

alternative i, calculated using value function c. In this way, the total utility of an 

alternative for a specific type of individual is the weighted sum of the marginal 

utilities, where the weights are probabilities of participation to one clusters of 

characteristic value functions. The most preferred alternative for each individual is 

the one scoring the highest total utility. Consequently, the most preferred alternative 

across the population is the one ranking first for most of the inhabitants.  
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This last step of the method aims to highlight the areas of the city in which it could 

be expected that a lack of interest (or desirability) in joining a REC will arise. 

Furthermore, the degree of support from a third party (either public bodies or 

ESCOs) necessary to promote the preferability of these alternatives over those 

potentially preferred from a private initiative point of view could be estimated. Such 

results will support the consideration of possible variation of the enabling 

framework aiming at promoting the adoption of RECs at the local level in order to 

increase the acceptability of such interventions. A second possibility could be to 

identify possible sub-optimal solutions from the public interest point of view, such 

as the preference of inhabitants for more profit-oriented solutions. Again, the results 

provided could support the Decision-maker intervention in order to mitigate this 

less desirable effect in favor of solution that might enhance public utility, such as 

the maximization of GHG emission reduction.  
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Chapter 4 

Case study 

The method proposed in Chapter 3 has been applied to the case study of the city of 

Turin in the northwest of Italy (Figure 17). This section presents the results of the 

application.  

 

 
Figure 17 Turin and RECs already formed in the city. Renewable energy community (REC) and 

Group of self-consumers (GSC). In the labels the installed kW until December 2024 (source: 

author’s elaboration on [212]).  

 

In recent years Turin has been selected as one of the showcase cities for the EU 

Mission 100 climate-neutral cities by 2030 – by and for the citizens [4,5]. The 

Mission specifically targets Scope 1 (direct emissions from buildings, industry, 

transport, waste treatment, agriculture, forestry, and other activities within the city 

boundaries), and Scope 2 (GHG from grid-supplied energy) greenhouse gases 

emissions from cities [5], with the aim to support the transition of the selected cities 
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toward climate neutrality as experimental hubs. In this attempt the EU Mission 

highlights the necessity to promote bottom-up initiatives from citizens as well as 

new forms of governance to coordinate different streams of funding (public and 

private) to facilitate a systemic transformation to climate neutrality [4]. Among the 

potential innovative bottom-up initiatives that could help direct these streams, REC 

could play an important role as stressed in Chapter 2.  

From their early legal definition, several RECs configurations have been already 

implemented in Turin as shown in Figure 17 [212]. The selection of this case study 

could then represent a good choice to examine the potential synergy between the 

public and the private sphere in the promotion of RECs penetration.  

This section is organized as follows. Section 4.1 presents the results of the survey 

campaign. In Section 4.2 the respondents’ value functions are estimated using the 

UTA method. In Section 4.3 GLMM is used to estimate the individuals’ probability 

to accept a REC based on its performance and the respondents’ socio-demographic 

attribute. In Section 4.4 the socio-demographic characteristics having an influence 

on individuals’ value functions are analyzed. In Section 4,5 the socio-demographic 

characteristics individuated in the previous section (4.4) are used to construct the 

type of individuals to which the characteristic value functions are assigned in order 

to generalize the preference model. Finally, in Section 4.6 the synthetic population 

is generated according to the marginal distribution of socio-demographic 

characteristics. 

 

4.1 Collected responses from the population survey 

The questionnaire was distributed from October 2024 to June 2025 by email. 

Various channels have been used to distribute it (word of mouth, QR code on flyers, 

associations, social network groups, public professional registers) using a 

convenience sampling technique. Using this approach, participants in the survey 

were not selected using a random or systematic method, but rather based on 

availability and ease of data collection, at the expense of the possibility of 

generalizing the results of the analysis [213]. Although this being recognized as a 

limitation, the selection of the convenience sampling technique was justified by 

budget and time constraints, as well as the pilot nature of the study, which was 

intended to test the method. It is also worth noticing that the participation to the 

survey was completely voluntary and no forms of rewards nor compensation has 

been given to the respondents, with a high chance of increasing the reliability of the 

responses on one hand, but a substantial limitation in the response ratio on the other 

hand (on top of that, a certain number of missing data are present in the collected 
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observations). It could be expected that the introduction of a rewarding mechanism 

in the administration of the survey might result in a higher response ratio. 

A total of 1479 questionnaires were collected (the exact total number of people 

exposed to the questionnaire could not be estimated due to the way it was 

distributed). The incomplete questionnaires were excluded (i.e., those 

questionnaires in which the respondents did not reach the final page, meaning that 

questionnaires with missing data were accepted) yielding a total of 637 valid 

responses collected. In Figure 18 some preliminary analyses are presented to 

describe the sample of respondents, both for total number of questionnaires 

collected (blue bars) and focusing on those responses coming from individuals 

residing in the city of Turin (red bars). 
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e. Citizenship 

 
f. Household number 

 
g. Household property 

 
h. Household income 

 
 

Figure 18 Distribution of socio-demographic characteristics of the respondents to the population 

survey 

 

Regarding the information about the location of their households, a total of 380 

respondents reside in the city of Turin for which other information could be 

retrieved, such as the neighborhood where they live and the primary HV/MV 

substation to which they belong. The spatial distribution of these 380 respondents 

living in the city of Turin is shown in Figure 19 and Figure 20, subdivided in 

neighborhoods and HV/MV substations respectively. 
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Figure 19 Spatial distribution of the 380 respondents living in Turin and number of 

respondents in each neighborhood.  

 

  
 

Figure 20 Spatial distribution of the 380 respondents living in Turin and number of 

respondents in each HV/MV substation. 
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Most of the questionnaires were collected from respondents residing in the central 

areas of the city of Turin, while a lower number of questionnaires were collected 

from respondents residing in the peripheral neighborhoods, and from HV/MV 

substations serving these areas. This is a direct consequence of the convenience 

sampling technique resulting in an unbalanced number of respondents from 

different areas of the city. Considering the experiment as a pilot case to test the 

application of the method, such limitation was accepted at the expense of the 

possibility to generalize the results obtained.    

Finally, 26 respondents did not give their place of residence (or a point close to it) 

but agreed to give their postcode. This made it possible to assign them to a 

neighborhood and, consequently, to one of the eleven HV/MV substations present 

in the city of Turin. Including these last 26 respondents, the final number of 

questionnaires collected in the city was 406. For these respondents the HV/MV 

substation was identified by means of the online tool provided by the Energy 

services manager mapping the substations on the national territory [212]. In 

particular, it is worth recalling that the Italian legal framework on RECs requires 

the energy production system and the delivery point of the same configuration to 

be located under the same HV/MV substation [214].  

4.1.1 Imputation of missing data 

A relevant aspect to be checked in the dataset of respondents to the questionnaire is 

the presence of missing socio-demographic data. With the necessity to choose the 

best approach to solve the problem without reducing the statistical power of the 

analyses carried out on it. A simple strategy would have been to delete the 

incomplete observations, but this would have significantly reduced the number of 

entries in the already rather small dataset of responses collected. The number and 

frequency of missing data for each socio-demographic variable among respondents 

is presented in Table 11. 
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Table 11 Occurrence of missing values in the database of respondents 

 Missing values 

variable (%) (num) 

HH_income       23.2   148    

 

HH_age 7.06 45 

Location 5.02 32 

HH_property 4.87 31 

HH_type          4.87 31 

HH_size       4.24 27 

Gender 2.67 17 

Citizenship 1.41 9 

Occupation 1.26 8 

HH_choice         1.10 7 

HH_retrofit       1.10 7 

Age_class         0.78 5 

Edu_level         0.63 4 

   0 50 100 150 

 

Out of the 637 collected questionnaires, 430 respondents (67.5%) provided the 

complete set of socio-demographic information requested. The majority of 

variables exhibited a percentage of missing values lower than 8%. The only 

exception to this is the Income level of the Household (HH_income) variable, for 

which 23.2% of the respondents did not disclose this information. 

As previously mentioned, the questionnaire permitted respondents to specify either 

their postcode or to select a point on the map in close proximity to their approximate 

location (or both). In Table 11, the variable named “Location” was used to indicate 

whether the respondent provided the postcode or pointed a location on the map (or 

provided both).  

The presence of missing data represents a substantial problem for further analysis. 

It is common practice to include in the analysis only those observations for which 

no missing data are present, thus performing complete case analysis [215,216], with 

the risk of reducing the statistical power of the analysis [216]. This straightforward 

strategy, commonly referred to as “case deletion” [217] is deemed unsuitable for 

the case study under investigation, due to the already limited size of the dataset of 

respondents. In order to evaluate alternative approaches in dealing with the 

presence of missing data, it is first necessary to determine whether particular 

patterns exist between variables, and whether particular types of respondents were 

likely to not provide one type of information or another. 
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Figure 21 Co-occurrence of household income missing data and the remaining socio-demographic 

characteristics of the respondents (5 modalities/not provided) 

 

For this purpose, Figure 21 presents the rate of item nonresponse [217] for the 

various household income classes (HH_income) against the other variables. The 

figure shows no specific nonresponse pattern between the different levels of income 

of the household and other socio-demographic variables of the respondents. 

Furthermore, Figure 22 provides a series of heatmaps to illustrate the occurrence of 

nonresponses for each categorical value of one socio-demographic variable 

compared to the others.  
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a. Location of the household 

(provided/not provided) 

b. Property of the household 

(owned/rented/not provided) 

 

  
c. Number of people in the household 

(number/not provided) 

d. Gender  

(male/female/other/not provided) 

 

  
e. Citizenship  

(Italian/other/not provided) 

f. Occupation  

(11modalities/not provided) 
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g. Age class  

(13 modalities/not provided) 

h. Education level  

(6 modalities/not provided) 

  

 

Figure 22 Heatmaps of the percentage of missing values co-occurrence for the different socio-

demographic variables 

 

The highest ratio of missing values is recognizable in the “Non-Available” column 

(NA), meaning that the respondents that did not provide information regarding one 

socio-demographic variable (the “NA” on the x-axis in Figure 22) also did not 

disclose several other information. This could be interpreted as indicative of a 

general concern for privacy reasons, as opposed to being indicative of a tendency 

among certain respondents to omit specific socio-demographic data. Only 

exceptions to this pattern are represented by two high ratios of missing values for 

Education level class 1 (elementary) and Gender class 3 (non-binary) who present 

high values of missingness in combination with the information regarding the size 

of the household (HH_number) in Figure 22.d and Figure 22.h. In this case it is 

important to consider the limited number of respondents belonging to these two 

classes. These few respondents did not provide information also for the size of the 

household, explaining the high ratio of missingness but a low absolute number of 

missing data compared to the total of the responses. For this reason, this anomaly 

could be considered negligible, not representing a specific pattern in the distribution 

of missing data.  

Finally, focusing on the distribution of missing data for different classes of variables 

in combination with household income (row named HH_income in Figure 22), it is 

possible to note that the ratio of missingness is fairly distributed among the classes. 
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The highest values are again observed in the NA column for each variable, thereby 

confirming the privacy motivation behind the choice to not disclose socio-

demographic information in general and not for specific aspects. In light of these 

considerations, it is possible to exclude the existence of a specific pattern in the 

refusal of certain respondents to disclose specific information depending on their 

other socio-demographic characteristics. 

It is common to classify missing data [216,217] as (i) missing completely at random 

(MCAR), (ii) missing at random (MAR), and (iii) missing not at random (MNAR).  

In the case under investigation, it is possible to interpret the missing data concerning 

respondents’ socio-demographic characteristics as MCAR [218] on the condition 

that there is no systematic difference between the missing and observed data.  

Under this assumption, it is possible to use multiple imputation methods to estimate 

missing values for a given unit (a respondent) based on the values observed for that 

given individual and similar pattern of data observed for other individuals [219]. 

This approach enables the analysis to proceed without discarding incomplete 

observations, thereby preventing the loss of statistical power that results from 

reducing the number of unit responses and preserving the variability within the data 

[215,217,218].  

Multivariate imputation by chained equations (MICE), also referred as sequential 

regression multivariate imputation [220], is one popular and well-known technique 

[216,220,221] belonging to the family of multiple imputation methods [220,222]. 

MICE procedure (for a more detailed description of the steps followed by the 

algorithm the reader might refer to [219,220]) starts with a simple imputation of 

missing values in the dataset interpreted as placeholders; then the algorithm fits a 

series of regression models for a specific variable containing missing values by 

treating it as a dependent variable and the others as independent ones. This process 

is looped across the other variables containing missing data and the probable values 

are predicted to generate a complete dataset. Following the standard multiple 

imputation procedure, the imputing process is then repeated m-times to generate m-

datasets of plausible complete observations [217]. These m-datasets are then used 

to perform the desired complete case analysis, pooling and combining results from 

all of the m-dataset following Rubin approach [220,222].  

Regarding the dataset under analysis, the MICE package in R [222,223] has been 

used to perform the multiple imputation of missing data. The first step of the process 

was to select the features to be used in the imputation, thus the variable used by the 

algorithm to recognize patterns of similarity among the individuals. Including 

auxiliary variables that are not further used in the subsequent analysis could 

improve the performance of the imputation [219,224]. For this reason, all the socio-
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demographic variables have been included together with the “Views of the World” 

set of qualitative responses to account for common perceptions among individuals. 

Other variables have been excluded from the imputation process as they were 

considered not related to socio-demographic missing data (i.e., they were not used 

to recognize the patterns in the similarities among respondents). These excluded 

variables were household type (HH_type), household age (HH_age), and if the 

dwelling had undergone a retrofit intervention (HH_retr). In order to account for 

potential differences or similarities across the respondents' various locations, the 

postcodes were included in the analysis. This latter variable was filled with a 

dummy 00000 value in case no information was available (i.e., the respondent did 

not specify neither the postcode nor the geographical coordinates of the residence). 

Finally, the other socio-demographic variables included in the process were: (i) 

Gender, (ii) Age, (iii) Education level, (iv) Household number, (v) Household 

property, (vi) Household income, (vii) Occupation, (viii) Citizenship. 

Further specification to be defined in the algorithm is the number of m-datasets to 

be generated through the process. Regarding this choice, literature does not agree 

on a common selection strategy. According to [225], the process has been repeated 

5 times to produce 5 different datasets. In Figure 23, the percentage distribution of 

the categorical variables with the highest number of missing values is presented for 

the original dataset (purple bar) and for the 5 imputed datasets (the variables with 

less than 2% of missing values are not showed due to their limited variation across 

different imputed datasets). 
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Figure 23 Comparison of frequency of imputed variables in the imputed datasets compared to the 

original one (with missing values). 

 

Figure 23 shows an overall similarity between the frequency of occurrence of 

different classes of variables in the 5 imputed (presenting only complete 

observations) datasets and in the original one containing missing values. As 

anticipated, the most significant discrepancy was observed in the household income 

variable, attributable to its highest proportion of missing values among the original 

dataset's variables. The remaining variables exhibited minimal disparities in their 

overall distributions. Considering this similarity in the distributions of imputed data 

across variables and the increase in computational burden related to the MICE 

process of pooling and combining results from several analysis on a multiple 

number of datasets without sensibly increasing the meaningfulness of results, the 

study has been limited by selecting only one dataset on which to further perform 

the data analysis. 
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4.2 Individuals’ value functions estimation 

The estimation of respondents’ value function has been performed by means of the 

MCDA library in Python environment [226]. As stated previously, the learning set 

to train the algorithm was built based on the responses gathered from the 

questionnaires for each individual respondent. Considering that several of them 

expressed only one alternative for which they would have been interested in 

participating either answering “Yes” or “Maybe”, a necessary threshold of two 

minimum preferences expressed has been set to have at least one pair of ordered 

alternatives on which to train the algorithm. This limitation resulted in the reduction 

of the number of useful questionnaires to 556 valid ones. 

The number of alternatives considered acceptable provided by several respondents 

(i.e., for which they answered “Yes” or “Maybe in the possibility to participate) 

was found to be quite limited, thus reducing the size of the learning set on which 

the algorithm would have been trained (i.e. a minimum of 2). In order to mitigate 

this issue, a number of additional dummy alternatives were introduced to enhance 

the initial learning set provided by each respondent.  

It is worth noticing that, even though these dummy alternatives do not add 

additional information regarding the preference of the respondents, they have been 

introduced for modelling reasons. In particular, UTAstar method is based on linear 

programming technique, with as objective function the minimization of the sum of 

two errors introduced to account for overestimation (𝜎+) and underestimation (𝜎−) 

when calculating the global value of the alternatives of the learning sets. Being such 

error estimated over pairs of consecutive instances in the learning set [181] its 

expansion by including additional alternatives (some of which dominated) is 

instrumental to refine the estimated shape of the value functions. 

These dummy alternatives were generated in a way that the respondent's preference 

for these alternatives over others in the data set would have been irrational, 

therefore, their introduction in the learning set would not have been in contradiction 

with preferences expressed by the respondents. In total, 11 dummy alternatives have 

been generated and introduced in each respondent’s learning set: 5 “dominated” 

alternatives, 4 “worsened” alternatives, and 2 alternatives generated with the best 

and worst performance levels in each attribute, respectively the “Best” and “Worst” 

alternatives. The “dominated” alternatives (i.e., those demonstrating substandard 

performance across all the descriptive criteria) for each of the 8 initial alternatives 

utilized in the questionnaire were identified from the list of case studies analyzed 

in the literature review (i.e., the same from which the eight alternative subsets used 

in the questionnaire were extracted). These alternatives were then introduced in the 



 

 

 

 
91 

preference order expressed by the respondent. In particular, for each alternative 𝑦𝑛 

the dominated alternative 𝑦𝑛−𝑑 was identified and added in the learning set by 

specifying a preference relation 𝑦𝑛 ≻𝑥  𝑦𝑛−𝑑. Furthermore, the four additional 

“worsened” alternatives have been introduced by duplicating the last ranking 

alternative in the learning set of selected alternatives (𝑦𝐼 ≻𝑥 𝑦𝐽) and worsening one 

performance attribute at a time to the minimum level of performance across the 8 

original set of alternatives of the questionnaire. This step generated four additional 

dummy alternatives denoted as (i) W_inv when the investment cost attribute was 

worsened, (ii) W_csav for the dummy alternative for which the cost saving attribute 

was worsened (iii) W_esav for the emission saving attribute detriment, and (iv) 

W_ssi for the alternative in which the self-sufficiency attribute was set to the 

minimum. Finally, the two additional alternatives “Best” and “Worst” have been 

introduced as the most and least preferred alternatives (being them dominating-all 

and dominated-by-all the alternatives respectively).  

In Figure 24, the process of constructing the final learning set from the original one, 

retrieved from the questionnaire for a random respondent is illustrated.  

 

 
Figure 24 Original (left) and enlarged (right) learning set for a random respondent. The preference 

order shows that this respondent selected 7 alternatives out of the 8 included in the questionnaire 

(only excluding alternative H). This original learning set was expanded with the 5 dominated 

alternatives (“dominated”). Moreover, the 4 dummy worsened alternatives (“worsened”) were 

added, together with the “Worst” and the “Best” alternatives occupying the first and the last 

positions. 
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For the same respondent, the performance of the alternatives used to train the 

UTAstar algorithm are presented in Table 12. It is worth noting that in the table, the 

performance of alternatives W_inv, W_csav, W_esav, and W_ssi depends on the 

specific order expressed by the respondent who ranked alternative B as the least 

preferred one (thus the performance levels of these dummy alternatives were based 

on the original alternative B). In Table 12 the dominated alternatives are denoted as 

“dominating alternative-dominated alternative” (e.g., alternative D-d1 is the 

alternative extracted from the dataset of all the case studies analyzed in Chapter 2. 

This alternative is dominated by Alternative D in the 8-alternative subset that has 

been presented to the respondent in the questionnaire). 

 

Table 12 Complete set of alternatives used to estimate the value functions. Alternative A to H 

were those included in the questionnaire.  

 

The algorithm then requires providing four additional parameters to estimate the 

value functions. For this purpose (i) the four criteria, (ii) their range, (iii) direction, 

Alternative Investment 

Cost [€] 

Cost 

Savings [€] 

Emission 

Savings [kgCO2] 

Selfsufficiency 

[%] 

original  

A  9400 1300 2600 82 

B  4650 500 1400 20 

C  6600 750 1150 61 

D  5300 700 2200 17 

E  5000 750 1850 37 

F  3400 400 850 27 

G  2550 400 650 33 

H  20000 1650 3100 0 

dominated  

D-d1  5322 694 2190 17 

G-d2  3950 359 554 29 

G-d3  4439 360 554 29 

G-d4  2778 210 264 16 

d4-d5  20000 210 264 15 

Best/Worst  

Best  2550 1650 3100 82 

Worst  20000 210 264 0 

worsened  

W_inv  20000 500 1400 20 

W_csav  4650 210 1400 20 

W_esav  4650 500 264 20 

W_ssi  4650 500 1400 0 
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and (iv) number of segments of the positive, non-decreasing, monotonous value 

function that the algorithm is asked to estimate have to be declared. The parameters 

used for the estimation are reported in Table 13. 

 
Table 13 Parameters used in the UTASTAR algorithm 

Criterion Range UoM Direction N segments 

Investment cost 2550-20000 € min 3 

Cost savings 210-1650 € max 3 

Emission savings 264-3100 KgCO2 max 3 

Self-sufficiency 0-82 % max 3 

 

The number of segments to define the value function as been set to 3 for all the 

criteria, resulting in a set of piecewise-linear functions, each of them of length 

(maxrange-minrange)/3.  

In Figure 25, the set of value functions coherent with the order expressed by the 

same random respondent seen above are presented. 

 

 
 

Figure 25 Example of the set of 3-segment piecewise value functions estimated for a random 

respondent in the dataset 
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It could be noted that several value functions present some flat parts. While this 

does not constitute a general mistake, it is related to some degree of model 

uncertainty due to lack of discriminatory information regarding the variation of the 

attribute level in these flat ranges. This is a consequence of the performance 

attributes of the alternatives ranked in the learning sets provided by the respondents. 

This aspect is further analysed in the discussion section. 

Finally, the marginal utility and the total utility perceived by each respondent for 

each alternative is estimate. As an example, in Table 14 the utilities for the same 

respondent as for Figure 25 is reported. 

 

Table 14 Performance, and estimated marginal and total utility of each of the alternatives 

according to the learning set provided by the random respondent. 
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C 6600 750 1150 61 0.111 0.220 0.009 0.232 0.573 

E 5000 750 1850 37 0.212 0.220 0.100 0.121 0.563 

G 2550 400 650 33 0.366 0.087 0.004 0.095 0.553 

A 9400 1300 2600 82 0.000 0.220 0.091 0.232 0.543 

D 5300 700 2200 17 0.193 0.220 0.018 0.037 0.469 

F 3400 400 850 27 0.313 0.087 0.006 0.059 0.465 

B 4650 500 1400 20 0.234 0.133 0.010 0.044 0.421 

H* 20000 1650 3100 0 0.000 0.220 0.181 0.000 0.401 

*this alternative was rejected by the respondent  

 

Beside the possibility to calculate the marginal and total utility for the known 

alternatives, this resulting set of value function allows to calculate the total 

perceived utilities for new alternatives outside of the set (e.g., real scenarios of 

RECs configurations), thus to compare them against each other and to order them 

in terms of preferability coherently with the preference model estimated for the 

specific respondent.  
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4.3 Estimation of individuals’ acceptance 

This subsection describe the process followed to estimate the likelihood of 

respondents to participate or not in a REC alternative based on its perfromance, and 

the socio-demographic characteristics of the respondent. 

The models are specified including a random intercept at the individual-level to 

account for within-subject correlation, thus the slopes coefficients (βn) of the fitting 

line were kept constant (fixed slopes), while the intercept regression coefficient (β0) 

was allowed to vary between different respondents (defined in R environment with 

the common syntax (1|seed) as reported in each model specification and captured 

by the output τ00). 

4.3.1 Test of the presence of a Turin/non Turin specificity 

A first analysis has been performed to test the hypothesis of the possible presence 

of a difference in the pattern of choices collected from respondents living inside or 

outside of Turin. This allows to evaluate whether to include all the observation 

present in the dataset or if it was necessary to exclude the respondents living outside 

of the city. 

In order to allow for an easier interpretation of results, in all the following models 

the variables representing RECs performance are expressed in thousands of Euros 

for Investment cost [Inv_cost(k€)] and cost savings [Cost_sav(k€)], tons of CO2 for 

the avoided emissions [Emis_sav(tCO2)], while the 1-unit increase in self-

sufficiency is set to a 10% increase [SSuff(%)]. Moreover, in terms of notation used 

in the tables reporting results of the regression analysis, OR stands for Odd Ratios, 

CI for Confidence interval, and p for p-value. Finally, the associated variables are 

marked in boldface. 

As specified in the method chapter, the best models have been selected using 

marginal and conditional R2 indicators, comparing AIC and BIC to account for 

parsimony of the model, while the Wald-test (p-value) and Confidence intervals 

(CI) have been used to select the determinants to be included.  

In Table 15, Model_1 and Model_2 are displayed. Model_1 estimates the odds of 

participants to the survey to answer “Yes” or “Maybe” to the proposal of an 

alternative REC as a function of the performance level of the alternatives in the four 

attributes used to describe it [investment cost (Inv_cost), cost savings (Cost_sav), 

avoided emissions (Emis_sav), and self-sufficiency (SSuff)]. Model_2 estimates 

the same association between determinants and observed output, but adds a Boolean 

variable to distinguish the respondents living in Turin from those living outside of 
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the city. Table 15 displays the two estimated GLMM models, as well as the results 

of the performed regression: 

 

Table 15 Association of RECs performance with the odds to accept a REC (Yes vs No), without 

(Model_1) and with (Model_2) the introduction of living in Turin as a determinant factor. 

Associated variables are in boldface. 

Models equations:  

Model_1: Y ∼ Inv_cost + Cost_sav + Emis_sav +SSuff + (1|seed) 

Model_2: Y ∼ Inv_cost + Cost_sav + Emis_sav + SSuff + Turin + (1|seed) 

Regression results:  

 Model 1 Model 2 

Predictors OR CI 95% p OR CI 95% p 

Numerical       

Intercept  0.22 0.18-0.26 <0.001 0.22 0.18-0.29 <0.001 

Inv_cost (k€)  0.76 0.75-0.77 <0.001 0.76 0.75-0.77 <0.001 

Cost_sav (k€)  3.94 2.99-5.19 <0.001 3.49 2.99-5.19 <0.001 

Emis_sav(tCO2)  1.65 1.50-1.83 <0.001 1.65 1.50-1.83 <0.001 

SSuff(%)  1.42 1.39-1.46 <0.001 1.42 1.39-1.46 <0.001 

Categorical        

Turin (no)     ref.   

Turin (yes)     0.95 0.73-1.24 0.701 

Random Effects      

σ2
  3.29   3.29   

τ00  2.18   2.18   

ICC  0.40   0.40   

Evaluation metrics      

AIC  10357   10359   

BIC  10401   10410   

Marginal R2 / 

Conditional R2 
 

0.511 / 

0.706 
  

0.511 / 

0.706 
  

 

As shown in Table 15, it is possible to notice that all the determinant factors 

describing the performance of REC alternatives are associated (marked in bold in 

the table) and follow an expected trend. For instance, every 1-unit increase in the 

Investment cost required to implement the alternative is associated with a decrease 

in the odd ratio of accepting to participate. On the contrary, performance 

representing benefits arising from joining the REC determine an increase in the 

odds to accept the alternative proposed (odd ratios of 3.94 for cost savings, 1.65 for 

emission savings, and 1.42 for self-sufficiency from the grid). In particular, it is 

worth noting how the 1-unit increase in cost savings determines almost a 4-time 
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increase in the odds to participate, revealing the sensitivity of respondents to this 

aspect in the implementation of a REC.  

Considering the results of Model_2, it is noticeable that these do not substantially 

differ from those of Model_1. The variable distinguishing the respondents that live 

in Turin from those living outside of the city is not associated with a variation of 

the odd to participate in a REC (CI including 1, and p-value > 0.05). This is also 

confirmed by the odd ratio resulting from the analysis for this determinant, showing 

a value close to one (thus having no effect on the dependent variable in a logistic 

regression model).  

A second set of analysis has been performed to assess the moderation effect of the 

location of the respondent on the association between determinants (i.e., the 

performance of the alternative RECs) and the odds to accept to participate in a REC 

(Model_3 to Model_6 in Table 16). Four different GLMM models have been 

estimated by adding the “residency in Turin” as a moderator term of each of the 

RECs performance variables one at a time. This allows to estimate the slope of the 

RECs performances at the specific value of the moderator (for respondents living 

in Turin or not in Turin). The four models have been specified as shown in Table 

15, where the summary of the estimates of these models is displayed. 

 
Table 16 Moderation effect of the location of the respondent (Turin/not Turin) on the association 

between RECs performance and the odd to participate. CI not displayed but in accordance with 

registered p-values (CI not including 1 for p-values<0.05). Associated variables are in boldface. 

Models equations:  

Model_3: Y ∼ Inv_cost*Turin + Cost_sav + Emis_sav + SSuff + (1|seed) 

Model_4: Y ∼ Inv_cost + Cost_sav*Turin + Emis_sav + SSuff + (1|seed) 

Model_5: Y ∼ Inv_cost + Cost_sav + Emis_sav *Turin + SSuff + (1|seed) 

Model_6: Y ∼ Inv_cost + Cost_sav + Emis_sav + SSuff*Turin + (1|seed) 

Regression results:   

 Model 3 Model 4 Model 5 Model 6 

Predictors OR p OR p OR p OR p 

Numerical         

Intercept  0.18 <0.001 0.20 <0.001 0.19 <0.001 0.21 <0.001 

Inv_cost (k€)  0.78 <0.001 0.76 <0.001 0.76 <0.001 0.76 <0.001 

Cost_sav (k€)  3.96 <0.001 3.49 <0.001 5.02 <0.001 3.95 <0.001 

Emis_sav(tCO2)  1.66 <0.001 1.83 <0.001 1.66 <0.001 1.65 <0.001 

SSuff(%)  1.42 <0.001 1.42 <0.001 1.42 <0.001 1.45 <0.001 

Categorical          

Turin (no)  ref.  ref.  ref.  ref.  

Turin (yes)  1.31 0.092 1.15 0.375 1.20 0.282 1.08 0.652 
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Interactions         

Inv_cost (k€) 

*Turin (yes) 
 0.96 <0.001       

Cost_sav (k€) 

*Turin (yes) 
   0.86 0.031     

Emis_sav(tCO2) 

*Turin (yes) 
     0.69 0.026   

SSuff(%) 

*Turin (yes) 
       0.97 0.165 

Random Effects         

σ2
  3.29  3.29  3.29  3.29  

τ00  2.20  2.18  2.19  2.18  

ICC  0.40  0.40  0.40  0.40  

Evaluation 

metrics 

       

AIC  10347 10356 10356 10359 

BIC  10405 10415 10414 10417 

Marginal R2 / 

Conditional R2 

 0.517 /  

0.710 

0.512 /  

0.707 

0.512 / 

0.707 

0.511 /  

0.706 

 

The results shows that in three models out of four the presence of an interaction 

effect of the geographical location of the respondents’ household on the association 

between the performance of the RECs an the odd to accept the offered alternative 

(only the moderating effect of the residency of the respondent being located in the 

city and the self-sufficiency performance is not associated with a variation in the 

odd to participate). In terms of parsimony of the models and their explanatory 

power, it is possible to notice a small increase in the conditional R2 compared to 

Model_1 where no interaction was introduced (conditional R2 = 0.706 in Model 1), 

while the AIC value sees a decrease in all the models except for Model_6, thus 

marking an improvement in the performance of the models. On the contrary, BIC 

registers a small increase in all the models with interactions compared to Model_1, 

therefore, highlighting a small detriment of models’ performance (it is worth 

nothing that this is due to a tendency of BIC to penalize the model complexity more 

than the AIC metric). In Figure 26 to Figure 28 the moderating effect of living 

outside/inside of the city on the probability of accepting a REC offer is displayed. 

In these figures the variation in odd to participate is plotted against the increase (or 

decrease in case of investment cost) of the performance attribute of the REC. In 

each plot, the variation in the slope of the curve is determined by the value assumed 

by the moderator, thus when the respondent resides in Turin (the dashed line) or 

outside of the city (the continuous line). Considering each REC performance 
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attribute, Figure 26 shows that each 1-unit increase in Investment cost (1 k€) 

determines a reduction in the odd to participate (OR=0.76). For individuals living 

in Turin this is further reduced (OR=0.96 when the moderator is present). This trend 

is similar also for the remaining two performance attributes of the REC. Indeed, for 

every thousand euros saved in energy expenditure (Figure 27), the odd to accept 

increases (OR=3.49), with participants living in Turin showing a less steep increase 

in this association (OR of the interaction with the moderator = 0.86). Finally, also 

for the emission saving performance attribute (Figure 28) the increase of the odd to 

accept (OR=1.66) is moderated by the location of the respondent (OR=0.69), 

showing a smaller effect of this attribute for the city residents. 

 

 
Figure 26 Association between Investment cost performance attribute and the odd to accept a REC 

with the moderating effect of the respondents’ location  
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Figure 27 Association between Cost savings performance attribute and the odd to accept a REC 

with the moderating effect of the respondents’ location 

 

 
Figure 28 Association between Emission savings performance attribute and the odd to accept a 

REC with the moderating effect of the respondents’ location 

 

In light of the above, it could be concluded that the location of the respondent inside 

or outside of the city acts as a moderator on the association between the 

determinants constituted by the performance attributes and the probability to accept 

to participate in a REC. This confirms a difference in the pattern of response from 

the two clusters of participants to the survey (those living in Turin from those living 

in other areas). For this reason, the observations referring to respondents located 

outside of the city have been excluded from the next analysis limiting the dataset  

only to the respondents living in Turin. 
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4.3.2 Estimation of likelihood to accept of Turin inhabitants 

After excluding the observations related to respondents living in locations other 

than the city, the analysis on the respondents living in Turin has proceeded to 

evaluate the socio-demographic variables that could have influenced the likelihood 

of accepting or not a possible REC alternative. Together with the respondents not 

located in the city of Turin, few other removals of specific observations have been 

performed on the dataset of respondents. This was necessary for two main reasons: 

(i) the presence of few cases for a specific class of respondence (i.e., Gender = non-

binary has been excluded due to the few number of respondents that provided this 

answer), and (ii) the impossibility to categorize the respondent in one of the 

available classes used for the national census survey (as stated in the method, the 

classes used to cluster the population have to be coherent with those provided by 

the census survey in order to link the different estimated decision models with the 

resident population in the city in the phase of spatialization of results). Furthermore, 

only those respondents who specified at least two preferences over RECs in the 

questionnaire (meaning that the respondent has provided a rank between at least 

two alternatives) were retained. This guarantees coherence with the next section 

(Section 4.3.2) and the possibility to include also the dummy alternatives described 

in Section 4.3, thus expanding the dataset of observations. 

The final dataset comprises 349 respondents living in the city Turin, with 19 

observations for each of them, for a total of 6631 observations.  

A number of preliminary analysis has been conducted to aggregate the classes of 

variables proposed in the questionnaire to limit their number. In this aggregation, 

particular care has been taken to ensure that the aggregated classes match those of 

the national census data in order to allow for the spatialization of the decision model 

estimated in this section and in the next one. This has determined the necessity to 

aggregate the classes of specific socio-demographic variables (i.e., Age and 

Education level of the respondents) coherently with the two datasets used for the 

generation of the synthetic population (see Section 3.3.2). For instance, concerning 

the education level of the respondents the possible matching classes were: (i) no 

title/elementary school, (ii) middle school, (iii) High school, (iv) degree and higher 

according to the classes registered by the census survey. For the age of the 

respondents, the modalities used in the two census survey datasets [202,203] are 

shown in Figure 29, together with a remap into matching classes ranges (“possible 

common modalities” in the figure). For instance, a common modality between the 

two datasets is the one clustering age classes 1 (0-2 y.o.) to 7 (18-19 y.o.) of  AVQ 

dataset, and classes P14 (<5 y.o.) to P17 (15-19 y.o.) of census survey dataset. The 
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higher age classes in the two datasets are quite consistent, with some pairs of the 

classes of the census survey dataset having an aggregated range equal to a single 

class in the AVQ dataset, thus presenting a higher granularity of the data. 

 
Figure 29 Matching between age classes modalities in the AVQ and census datasets 

 

In light of the above, six socio-demographic characteristics of the inhabitants have 

been used as categorical determinants. Two of them specified in 3 classes each: (i) 

age of the respondent (Age) and (ii) household income in thousands of Euros 

(HH_inc), and 4 dichotomous variables: (i) if the size of the household is bigger or 

smaller than 3 inhabitants (HH_num); (ii) if  the respondent has a degree level or 

not (Edu_lev); (iii) the gender of the respondent (Gender); (iv) the regime of 

property of the dwelling (HH_prop). In Figure 30 the original occurrence of the 

socio-demographic characteristics of the 349 respondents in the classes available in 

the online survey is displayed, together with their distribution in the remapped 

classes. In Appendix E the distribution of socio-demographic characteristics of this 

subset of respondents is compared to the marginal distribution in the city of Turin 

according to the last census survey. 
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 b. Education level 

 

c. Gender 

 

a. Age classes d. Property of the household 

  

e. Household size f. Household income level 

 

Figure 30 Occurrence of the socio-demographic characteristics of the 349 respondents in the 

questionnaire and in the remapped classes 

 

As mentioned in the construction of the questionnaire (Section 3.2.2), the 

respondents were enabled to specify the Income level of the households by selecting 

from pre-specified classes. This was justified by the necessity to reduce potential 

mistakes in the filling of the questionnaire at the expense of some degree of 

granularity. This limitation caused a rough reparameterization of the classes, 

resulting in a large range of values included in the same income level classes 

associated with the estimated likelihood to participate in a REC. A more granular 

set of data (i.e., the definition of this variable as numeric one instead of categorical) 

could result in a more refined modellization. 

Table 17 shows the GLMM model with the final aggregation of the socio-

demographic determinants (Model_7), together with the results of the regression.  
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Table 17 Association of RECs performance and socio-demographic attributes of the respondents  

with the odds to accept a REC (Yes vs No). Associated variables are in boldface. 

Models equations:  

Model_7: Y ∼ Inv_cost + Cost_sav + Emis_sav + SSuff + socio-demographic 

attributes + (1|seed) 

Regression results:   

Predictors OR CI 95% p 

Numerical     

Intercept 0.65 0.37-1.12 0.122 

Inv_cost (k€) 0.75 0.73-0.76 <0.001 

Cost_sav (k€) 4.57 3.20-6.52 <0.001 

Emis_sav(tCO2) 1.66 1.47-1.89 <0.001 

SSuff(%) 1.42 1.38-1.47 <0.001 

Categorical     

Age [< 35] ref.   

Age [35-60] 0.62 0.43-0.90 0.012 

Age [60+] 0.38 0.24-0.60 <0.001 

HH_num [>3] ref.   

HH_num [3+] 0.69 0.50-0.95 0.022 

HH_inc [<28k] ref.   

HH_inc [28-75k] 1.27 0.90-1.80 0.178 

HH_inc [75k+] 1.65 1.04-2.62 0.034 

Edu_lev [Dgr_N] ref.   

Edu_lev [Dgr_Y] 0.80 0.51-1.25 0.332 

Gender [Fem] ref.   

Gender [Mal] 0.82 0.62-1.10 0.191 

HH_prop [rent] ref.   

HH_prop [own] 0.82 0.58-1.16 0.256 

Random Effects     

σ2 3.29   

τ00 1.41   

ICC 0.30   

Evaluation metrics    

AIC 6079   

BIC 6174   

Marginal R2 /  

Conditional R2 

0.590 /  

0.713 

  

 

Considering the results, all the determinants related to the performance of REC are 

associated with the odd to accept, and follow an expected trend as in the model 
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tested for the Turin/non-Turin effect (every 1-unit increase of the investment cost 

decreases the odds to participate, while for each 1-unit increase in the remaining 

performances of the REC the odds to accept increases). Regarding the socio-

demographic attributes, the increase in age of the respondent is associated with a 

reduction in the odds to participate, suggesting a more positive attitude of younger 

respondents. Moreover, the increase in the size of the household (HH_num) 

decreases the odds of accepting the REC. The last determinant that shows an 

association with the odds to accept is the level of income of the household. 

Regarding this, the results seem to show an increase in the willingness to participate 

when the level of income increases, this potentially being explained by the higher 

availability of money. Finally, the other 3 socio-demographic variables (Education 

level, Gender, property of the household) do not seem to influence the odds of 

participating in a REC. Nevertheless, they have been retained in the final model to 

further test for possible interactions as moderators. 

Model_7 has been tested against multicollinearity, showing Variance inflation 

factors (VIFs) lower than 3 for two independent variables (Inv_cost and Cost_sav), 

and lower than 2 for the others, thus presenting no issues in this sense. 

A further analysis was conducted to investigate the possible moderating effect of 

socio-demographic characteristics on the association between performance 

attributes and the participation to a REC and to evaluate potential improvement in 

the explanatory power of the model. 

For this analysis, each socio-demographic attributes has been inserted as a 

moderator interacting with the association between the REC performance attribute 

and the odd to accept the alternative REC. Each interaction has been tested one at 

a time.  

These exploratory analysis are reported in Appendix D, while Table 18 shows a 

summary of the individuated moderating effect of socio-demographic attributes on 

the association of REC performances with the odds to accept. 

 
Table 18 summary of the individuated interactions between socio-demographic attributes and REC 

performance attributes on the odds to participate in a REC alternative. 

Socio-demographic 

moderators 

Performance 

attributes 

Evaluation metrics 

AIC BIC Cond. R2 Marg. R2 

HH_inc Inv_cost No moderating effect 

 Cost_sav 6077.679 6186.471 0.714 0.591 

 Emis_sav 6078.590 6187.382 0.714 0.591 

 SSuff 6078.639 6187.432 0.713 0.591 

Edu_lev Inv_cost No moderating effect 

 Cost_sav No moderating effect 
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 Emis_sav No moderating effect 

 SSuff No moderating effect 

Age Inv_cost No moderating effect 

 Cost_sav No moderating effect 

 Emis_sav No moderating effect 

 SSuff No moderating effect 

HH_prop Inv_cost No moderating effect 

 Cost_sav No moderating effect 

 Emis_sav No moderating effect 

 SSuff 6068.165 6170.157 0.714 0.591 

Gender Inv_cost 6074.961 6176.954 0.714 0.591 

 Cost_sav 6079.584 6181.577 0.713 0.590 

 Emis_sav No moderating effect 

 SSuff No moderating effect 

HH_num Inv_cost 6073.430 6175.422 0.713 0.590 

 Cost_sav 6069.916 6171.909 0.713 0.590 

 Emis_sav 6076.573 6178.565 0.713 0.589 

 SSuff 6070.553 6172.546 0.714 0.591 

 

The associated interactions resulting from the models (summarized in Table 18) 

have been implemented in a full model shown in Table 19. This full model 

(Model_8a) has been simplified by excluding the less associated interactions to 

reach a stable and efficient model able to predict the probability to accept or not a 

specific REC. In the same Table 18 the final simplified model (Model_8b) is 

displayed as well. 

 

Table 19 Moderating effects of the socio-demographic caracteristics on the association between 

RECs performance and the odd to accept it including all the potential moderators (Model_8a) and 

only those associated (Model_8b). Associated variables are in boldface. 

Models equations:  

Model_8a: Y ∼ REC performance attributes * full set of moderators + Socio-

demographic characteristics + (1|seed) 

Model_8b: Y ∼ REC performance attributes * associated moderators + Socio-

demographic characteristics + (1|seed) 

Regression results:    

 Model_8a Model_8b 

Predictors OR CI 95% p OR CI 95% p 

Numerical      

Intercept 1.47 0.77-2.81 0.244 1.25 0.68-2.28 0.473 

Inv_cost (k€) 0.73 0.70-0.76 <0.001 0.75 0.73-0.76 <0.001 
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Cost_sav (k€) 2.99 1.46-6.13 0.003 2.60 1.64-4.10 <0.001 

Emis_sav(tCO2) 1.57 1.22-2.02 <0.001 1.68 1.48-1.90 <0.001 

SSuff(%) 1.28 1.19-1.37 <0.001 1.29 1.22-1.37 <0.001 

Categorical       

Age [< 35] ref.      

Age [35-60] 0.63 0.43-0.91 0.014 0.63 0.43-0.91 0.014 

Age [60+] 0.38 0.24-0.60 <0.001 0.38 0.24-0.60 <0.001 

HH_num [>3] ref.      

HH_num [3+] 0.35 0.22-0.57 <0.001 0.35 0.22-0.55 <0.001 

HH_inc [<28k] ref.      

HH_inc [28-75k] 1.10 0.66-1.84 0.713 1.27 0.89-1.81 0.180 

HH_inc [75k+] 1.04 0.52-2.07 0.917 1.66 1.04-2.64 0.034 

Edu_lev [Dgr_N] ref.      

Edu_lev [Dgr_Y] 0.79 0.50-1.25 0.320 0.80 0.51-1.26 0.330 

Gender [Fem] ref.      

Gender [Mal] 0.59 0.39-0.87 0.009 0.60 0.41-0.89 0.010 

HH_prop [rent] ref.      

HH_prop [own] 0.59 0.39-0.90 0.015 0.57 0.38-0.87 0.009 

Interaction

s 
     

Inv_cost (k€) 

*Gender [Mal] 
1.03 0.98-1.08 0.253 

 

 
  

Inv_cost (k€) 

*HH_num [3+] 
1.01 0.96-1.06 0.760    

Cost_sav (k€) 

*HH_inc [28-75k] 
1.10 0.52-2.31 0.810    

*HH_inc [75k+] 1.10 0.43-2.81 0.839    

Cost_sav (k€) 

*Gender [Mal] 
 

1.35 

 

0.78-2.33 

 

0.288 

 

1.71 

 

1.11-2.62 

 

0.014 

Cost_sav (k€) 

*HH_num [3+] 
1.62 0.77-2.33 0.288 1.96 1.25-3.06 0.003 

Emis_sav(tCO2) 

*HH_inc [28-75k] 
1.02 0.75-1.37 0.909    

*HH_inc [75k+] 1.23 0.84-1.80 0.286    

Emis_sav(tCO2) 

*HH_num [3+] 
1.05 0.80-1.37 0.733    

SSuff (%)  

*HH_inc [28-75k] 
1.02 0.94-1.10 0.641    

*HH_inc [75k+] 1.05 0.94-1.16 0.392    

SSuff (%)  

*HH_prop [own] 
1.10 1.03-1.18 0.006 1.11 1.04-1.18 0.002 
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SSuff (%)  

*HH_num [3+] 
1.08 1.01-1.16 0.027 1.08 1.01-1.16 0.020 

Random 

Effects 
     

σ2 3.29   3.29   

τ00 1.44   1.44   

ICC 0.30   0.30   

Evaluation 

metrics 
     

AIC 6065   6053   

BIC 6249   6175   

Marginal R2 / 

Conditional R2 
0.594 / 

0.718 
  

0.593 / 

0.717 
  

 

Model_8a shows that all the independent variables describing REC performance 

are associated, while, among the socio-demographic ones, the age and gender of the 

respondent, as well as the size and property of the household are associated. Among 

the possible interactions between the socio-demographic characteristics and the 

vector of REC performance, only the size of the household and being or not the 

owner of the household are associated, with a p-value <0.05. It is worth noting that, 

even if its use is debated [227], a threshold of 0.05 for the p-value has been used in 

this phase to select the variables to be included or excluded from the model. Using 

this threshold, a backward step regression has been used to remove step by step the 

hypothesized interaction effects presenting the highest p-value over the imposed 

threshold: (i) Cost_sav (k€)*HH_inc (CI 0.52-2.31, p-value 0.810, and CI 0.43-

2.81, p-value 0.839 for the two classes respectively); (ii) Inv_cost (k€) *HH_num 

[3+] (CI 0.96-1.06, p-value 0.759); (iii) Emis_sav(tCO2)*HH_num [3+] (CI 0.80-

1.36, p-value 0.755); (iv) SSuff (%)*HH_inc (CI 0.95-1.10, p-value 0.568, and CI 

0.95-1.16, p-value 0.341 for the two classes respectively); (v) 

Emis_sav(tCO2)*HH_inc (CI 0.86-1.28, p-value 0.655, and  CI 0.97-1.62, p-value 

0.085 for the two classes respectively); (vi) Cost_sav (k€) *Gender [Mal] (CI 0.81-

2.41, p-value 0.231). In Table 20 the two models without (Model_7) and with 

interactions (Model_8b) are displayed to better compare their results. 
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Table 20 Association of RECs performance and socio-demographic attributes of the respondents  

with the odds to accept a REC (Yes vs No). Comparison between the model without (Model_7) 

and with the socio-demographic moderating effect (Model_8). Associated variables are in 

boldface. 

Models equations:  

Model_7: Y ∼ Inv_cost + Cost_sav + Emis_sav + SSuff + socio-demographic 

attributes + (1|seed) 

Model_8b: Y ∼ Inv_cost + Cost_sav + Emis_sav + SSuff + Cost_sav*Gender + 

Cost_sav*HH_num + SSuf*HH_prop + SSuff*HH_num + (1|seed) 

Regression results:  

 Model_7 Model_8b 

Predictors OR CI 95% p OR CI 95% p 

Numerical       

Intercept 0.65 0.37-1.12 0.122 1.25 0.68-2.28 0.473 

Inv_cost (k€) 0.75 0.73-0.76 <0.001 0.75 0.73-0.76 <0.001 

Cost_sav (k€) 4.57 3.20-6.52 <0.001 2.60 1.64-4.10 <0.001 

Emis_sav(tCO2) 1.66 1.47-1.89 <0.001 1.68 1.48-1.90 <0.001 

SSuff(%) 1.42 1.38-1.47 <0.001 1.29 1.22-1.37 <0.001 

Categorical       

Age [< 35] ref.      

Age [35-60] 0.62 0.43-0.90 0.012 0.63 0.43-0.91 0.014 

Age [60+] 0.38 0.24-0.60 <0.001 0.38 0.24-0.60 <0.001 

HH_num [>3] ref.      

HH_num [3+] 0.69 0.50-0.95 0.022 0.35 0.22-0.55 <0.001 

HH_inc [<28k] ref.      

HH_inc [28-75k] 1.27 0.90-1.80 0.178 1.27 0.89-1.81 0.180 

HH_inc [75k+] 1.65 1.04-2.62 0.034 1.66 1.04-2.64 0.034 

Edu_lev [Dgr_N] ref.      

Edu_lev [Dgr_Y] 0.80 0.51-1.25 0.332 0.80 0.51-1.26 0.330 

Gender [Fem] ref.      

Gender [Mal] 0.82 0.62-1.10 0.191 0.60 0.41-0.89 0.010 

HH_prop [rent] ref.      

HH_prop [own] 0.82 0.58-1.16 0.256 0.57 0.38-0.87 0.009 

Interactions      

Cost_sav (k€) 

*Gender [Mal] 
   1.71 1.11-2.62 0.014 

Cost_sav (k€) 

*HH_num [3+] 
   1.96 1.25-3.06 0.003 

SSuff (%)  

*HH_prop [own] 
   1.11 1.04-1.18 0.002 

SSuff (%)     1.08 1.01-1.16 0.020 



 

 

 

 
110 

*HH_num [3+] 

Random Effects      

σ2 3.29   3.29   

τ00 1.41   1.44   

ICC 0.30   0.30   

Evaluation metrics     

AIC 6079   6053   

BIC 6174   6175   

Marginal R2 / 

Conditional R2 
0.590 / 

0.713 
  

0.593 / 

0.717 

  

 

Model_8b presents a higher conditional R2 (0.717), compared to Model_7 without 

interactions included (R2 = 0.713), Also AIC shows a better result, while BIC 

presents a small but negligible detriment in performance. Finally, Model_8b has 

been tested against multicollinearity showing acceptable values (VIF < 5).  

The results of Model_8b show that all the independent variables related to the 

performance of the REC are associated with the likelihood of the respondents to 

accept or decline to participate (a hindering effect for Investment cost, and an 

enabling effect played by the other three).  

Considering the socio-demographic variables, three of them are included in the 

model as covariates: age of the respondent, income level of the household, and 

education level of the respondent. The increase of age of the respondent seems to 

be accompanied by a reduction in the acceptance of participating compared to 

respondents younger than 35 years old. Regarding the income level of the 

household, both the two higher-level classes present an increase in the odd ratios of 

participating in a REC compared to the income level class lower than 28k€ a year. 

The increasing trend seems rational also in its magnitude, increasing from 1.27 for 

the second class (with income ranging from 28 to75k€) to 1.66 for the third class 

(income higher than 75k€). This might be justifiable with an increased probability 

to accept when the household has higher money availability. For this determinant, 

it is worth noting that only the third class (income higher than 75k euros) presents 

a p-value lower than 0.05, with the impossibility to exclude the null option for the 

class of income in a range from 28k€ to 75 k€. Finally, the education level of the 

respondents resulted as not associated with the probability of the respondent opting 

for acceptance. Also considering the odd ratio resulting from the logistic regression, 

the increase in education level seems to have a hindering effect when the respondent 

holds at least a degree compared to one with a lower education level. This latter 

might be counterintuitive, with the expectation that highly educated individuals 

might be more likely to be willing to accept the offer to participate. This effect 
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could be explained by the limited number of respondents, and especially by the 

unbalanced nature of the dataset for highly educated individuals. To test for any 

major changes in results with the exclusion of the education level of the respondents 

a further analysis has been run, showing no major differences in results. 

The analysis of the moderating effect of the socio-demographic variables on the 

association between performance attributes and odd to participate to a REC showed 

that four main interactions have been confirmed from the full set: (i) cost savings 

performance moderated by gender (Cost_sav (k€)*Gender [Mal]), and (ii) by the 

size of the household (Cost_sav (k€)*HH_num [3+]), and (iii) the self-sufficiency 

achievable by the REC moderated by the regime of property of the household 

(SSuff (%)*HH_prop [own]), and (iv) by the size of the household (SSuff 

(%)*HH_num [3+]). It is interesting to notice how these four interactions sort of 

counterbalance the effect of the Boolean socio-demographic independent variables. 

For instance, it could be seen how males seem to be less prone to accept the 

participation in a REC with respect to females (0.60 odd ratio), but they are more 

sensitive to the increase in monetary savings achievable by the REC (1.71 odd ratio 

for the interaction of the two variables). In the same way, bigger households are 

less prone to accept participating in a REC (0.35 odd ratio), while this independent 

socio-demographic variable presents a quite high moderating effect on the cost 

savings variable (1.96 odd ratio) and a limited one on the self-sufficiency 

performance of the REC (1.08 odd ratio). This reasoning also helps to explain the 

partially counterintuitive coefficient related to the regime of property (HH_prop). 

Indeed, the evidence suggests that owning the dwelling in which the household 

resides appears to reduce the propensity to participate. However, this is 

counterbalanced by the moderating effect that ownership of the dwelling exerts on 

self-sufficiency performance, thereby increasing the likelihood of acceptance of the 

alternative (1.11 odd ratio for the interaction of the two variables). As for the 

previous analysis on the effect of the location of the respondents inside or outside 

of Turin, this interaction effect between independent variables (interchangeably 

interpretable as moderator or moderated variables) is graphically displayed in 

Figure 31 to Figure 34. 
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Figure 31 Association between Cost savings performance attribute and the odd to accept a REC 

with the moderating effect of Gender 

 

 
Figure 32 Association between Self-sufficiency performance attribute and the odd to accept a REC 

with the moderating effect of the size of the Household 
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Figure 33 Association between Cost savings performance attribute and the odd to accept a REC 

with the moderating effect of the size of the Household 

 

 
Figure 34 Association between Self-sufficiency performance attribute and the odd to accept a REC 

with the moderating effect of the Household property condition 

 

Considering the results of Model_8b, it is possible to transform the odd ratios in 

regression coefficients by calculating the natural logarithm of odd ratios. In this 

way it is possible to express the probability of participating in a REC (Y=1) 

depending on REC performance attributes, socio-demographic characteristics of 

the respondents, and the moderating effect of the latter.  
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𝑃𝑟(𝑦 = 1) = 𝑙𝑜𝑔𝑖𝑡−1 (−0.288 ∗ Inv_cost + 0.955 ∗ Cost_sav + 0.519 ∗

Emis_sav + 0.255 ∗ SSuff  

 −0.462 ∗ Age[35−60] − 0.968 ∗ Age[60+] − 1.050 ∗

HH_num[3+] +  0.507 ∗ HH_inc[75k+] − 0.511 ∗

Gender[Mal] − 0.562 ∗ HH_prop[own]  

 

+0.536 ∗ Cost_sav ∗ Gender[Mal] + 0.673 ∗ Cost_sav

∗ HH_num[3+] + 0.104 ∗ SSuff

∗  HH_prop[own] + 0.077 ∗ SSuff

∗ HH_num[3+] 

) 
 

A further analysis was conducted including the neighborhood and the HV/MV 

substation to which each respondent belongs as additional random factors in the 

regression. This was done to investigate for potential differences in the behavior of 

respondents residing in different parts of the city. Although the results showed no 

effect on the likelihood to accept to participate in a REC (no variation in σ2 and 

ICC metrics), a potential effect could not be excluded due to the limited size of the 

sample and the unbalanced distribution of respondents within the city (as it was 

showed in Figure 19 and Figure 20).  

 

4.4 Socio-demographic influence on value functions 

As stated, Linear mixed models (LMM) are used to identify the set of socio-

demographic vectors constituting the types of individuals in order to characterize 

the resident population and generalize the decision models approximated by the 

UTA method.  

The analysis has been conducted discretizing the value functions for each 

respondent into equidistant segments. The coordinates of the resulting points have 

been used as observations on which to perform the analysis. This has ensured the 

reduction of any possible bias determined by higher density of observations around 

specific performance level. In Figure 35 an example is provided for the subdivided 

value function for investment cost attribute showing the points associated with 

specific marginal utility levels for the individuals in the dataset.  
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Figure 35 Value functions of the 349 respondents for investment cost performance attribute. The 

figure displays 248 unique value functions, 22 of them are shared by 2 individuals, 5 by 3 

individuals, 4 by 4 individuals, while 3 are repeated 5 times. Four value functions are repeated 6, 

10, 12, and 21 times respectively, while the remaining ones are only expression of single 

individuals. 

 

For consistency, the same classes used in the previous section to identify the 

probability of accepting to participate have been used to reparametrize the socio-

demographic attributes of the respondents. For each performance attribute, a first 

model tested the relation of the REC performance and socio-demographic 

characteristics of the individual with the marginal utility related to each attribute 

without including any moderating effect. Then, a full model for each attribute has 

been tested to account for moderating effects of the socio-demographic 

characteristics on the REC performance. From this full model, the less associated 

interaction effects have been removed following a backward step regression based 

on p-value and confidence intervals CI (the independent variable with the highest 

p-values in each iteration and with coefficient intervals including 0 were excluded). 

AIC and BIC values have been used to select the most parsimonious models. Each 

resulting model includes only the interaction effects having an influence on the 

association between the performance level of the REC in each specific attribute and 

the marginal utility related to that attribute, as well as the socio-demographic 

variables that are associated with a variation in marginal utility. The four models 

are displayed in Table 21, while the preparatory analysis are reported in Appendix 

F together with the indicators used to select the best models.   
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Table 21 Association of performance attributes and socio-demographic characteristics with the 

marginal utility of RECs attributes, with socio-demographic attributes acting as moderators. 

Associated variables are in boldface. 

Models equations:  

Model_9a: Y ∼ Inv_cost+ socio-demographic attributes + Inv_cost * (Age + HH_num + 

HH_inc + Gender + HH_prop) + (1|seed) 

Model_9b: Y ∼ Cost_sav + socio-demographic attributes + Cost_sav * (HH_num + 

HH_inc + Gender + HH_prop) + (1|seed) 

Model_9c: Y ∼ Emis_sav + socio-demographic attributes + Emis_sav * (HH_num + 

HH_inc + Edu_lev + HH_prop) + (1|seed) 

Model_9d: Y ∼ Cost_sav + socio-demographic attributes + Cost_sav * (HH_num + 

HH_inc + Gender + HH_prop) + (1|seed) 

Regression results:  

 Model_9a Model_9b Model_9c Model_9d  

Predictors β p β p β p β p 

Numerical        

Intercept 0.38 <0.001 -0.00 0.982 -0.02 0.341 0.07 0.016 

Inv_cost (10k€) -0.22 <0.001       

Cost_sav (k€)   0.05 <0.001     

Emis_sav(tCO2)     0.07 <0.001   

SSuff (%)       0.03 <0.001 

Categorical         

Age [< 35] ref.        

Age [35-60] -0.04 0.006 -  -  -  

Age [60+] -0.02 0.214 -  -  -  

HH_num [>3] ref.        

HH_num [3+] -0.05 <0.001 -0.01 0.537 0.00 0.942 0.03 0.208 

HH_inc [<28k] ref.  ref.  ref.    

HH_inc [28-75k] 0.00 0.943 -0.01 0.414 0.01 0.633 -0.02 0.538 

HH_inc [75k+] -0.05 0.008 -0.03 0.042 -0.01 0.498 -0.02 0.556 

Edu_lev [Dgr_N] ref.        

Edu_lev [Dgr_Y] -  -  -0.01 0.428 -  

Gender [Fem] ref.        

Gender [Mal] -0.01 0.240 -0.00 0.672 -  0.01 0.579 

HH_prop [rent] ref.        

HH_prop [own] -0.06 <0.001 -0.01 0.461 0.01 0.491 0.04 0.113 

Interactions        

* Age [35-60] 0.01 0.028       

* Age [60+] 0.01 0.464       

* HH_num [3+] 0.03 <0.001 0.02 <0.001 -0.01 0.002 0.01 <0.001 
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* HH_inc [28-75k] 0.00 0.995 0.02 <0.001 0.01 <0.001 -0.00 0.001 

* HH_inc [75k+] 0.03 <0.001 0.08 <0.001 0.01 <0.001 -0.01 <0.001 

* Edu_lev [Dgr_Y] -  -  0.01 <0.001   

*Gender [Mal] 0.02 0.002 0.01 0.010 -  0.00 0.025 

* HH_prop [own] 0.04 <0.001 0.02 <0.001 -0.02 <0.001 0.01 <0.001 

Random Effects        

σ2 0.01  0.01  0.00  0.01  

τ00 0.01  0.01  0.01  0.05  

ICC 0.50  0.60  0.64  0.81  

Evaluation metrics      

Marginal R2 / 

Conditional R2 

0.287 /  

0.641 

0.163 /  

0.666 

0.247 /  

0.728 

0.167 /  

0.841 

*Investment cost has been remapped to better grasp the effects of the performance. ** AIC and 

BIC not reported in the table, as no comparison among model is needed. 
 

Considering Model_9a, the size of the household and the property of the dwelling 

are associated with the estimated marginal utility (β=-0.05 and β=-0.06 in 

Model_9a), while age and income seems associated with only one class out of two 

as fixed factors (age [35-60] with β=-0.04, and HH_inc [75k+] with β=-0.05). 

The analysis reveals an interaction between the size (HH_num [3+]) and the 

property of the dwelling (HH_prop [own]) on the association between the 

performance attribute and the estimated marginal utility perceived. In particular, 

the positive coefficient associated to the interaction between household size and the 

investment cost (β =0.03) is balanced by the fixed effect of the household size in 

the marginal utility perceived by 1-unit increase in investment cost (β =-0.03), 

counterbalancing this counterintuitive association. The same trend is noticeable for 

the property of the dwelling, with owners associated with lower value of marginal 

utility as a fixed effect cost (β =-0.06 in Model_9a) but presenting a less steep 

descending curve in 1-unit increase thanks to the moderating effect (β =0.04). These 

effects are visible in Figure 36 where the association between Investment cost 

attributes and marginal utilities are plotted accounting for the moderating effects of 

the size and property of the households. In these curves it is possible to notice how 

the marginal utility perceived for both smaller size households and renters is higher 

in comparison with larger size households and owners, but due to the moderating 

effects the slope of their curve is steeper than those of the other two classes. 

Particularly focusing on the moderating effect that income level has on investment 

cost (Figure 36.c), it is possible to notice that the effect is only associated for the 
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highest class (more than 75k euros), while the intermediate class (from 28k€ to 

75k€) does not seem to be associated (p-value >0.05, CI=-0.01/0.01) 

 

  
a. Association between Investment cost and 

odd to accept moderated by Age 

b. Association between Investment cost and 

odd to accept moderated by Household size 

  
c. Association between Investment cost and 

odd to accept moderated by income level 

d. Association between Investment cost and 

odd to accept moderated by Gender 

 
e. Association between Investment cost and 

odd to accept moderated by property condition 

 

Figure 36 Association between Investment cost performance attribute and the odd to accept a REC 

with the moderating effect of associated socio-demographic caracteristics. 

 

Gender seems to be a moderator too for this performance attribute (Figure 36.d), 

while age acts as moderator only for one class (Age [35-60]), decreasing the slope 

of the marginal utility curve for this socio-demographic class (Figure 36.a). 

In Figure 37 the associations between cost saving performance attribute and 

marginal utility moderated by the socio-demographic attributes are displayed. 
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Also for this attribute (Model_9b) it is highlighted an interaction between the size 

(HH_num [3+] in Figure 37.a) and the property of the dwelling (HH_prop [own] in 

Figure 37.d) on the association with the estimated marginal utility perceived 

(β=0.02 for both socio-demographic characteristics). 

Furthermore, households with higher incomes (Figure 37.c) show increasing 

marginal utility levels for higher performance of the RECs in this performance 

attribute (β=0.02  and β=0.08 for the class [28-75k], and class [75k+] respectively). 

Gender seems to be a moderator too (Figure 37.b), with males receiving slightly 

more marginal utility for each thousands of euros of cost savings granted by the 

REC.  

 

  
a. Association between Cost savings and odd to 

accept moderated by Household size 

b. Association between Cost savings and odd 

to accept moderated by Gender 

  
c. Association between Cost savings and odd to 

accept moderated by income level 

d. Association between Cost savings and odd 

to accept moderated by property condition 

Figure 37 Association between cost savings performance attribute and the odd to accept a REC 

with the moderating effect of associated socio-demographic caracteristics. 

 

Regarding emission savings (Model_9c), the moderating effect of household size 

and the property of the dwelling is again present on the association between the 

performance attribute and the marginal utility received from it (Figure 38.a and 

Figure 38.b respectively), but in this case the smaller households as well as the 

renters seems to gain more marginal utility for increase in this performance attribute 

(β =-0.01 and β =-0.02 for HH_num [3+] and HH_prop [own] respectively). Again, 
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the income level of the household act as a moderator (Figure 38.c) increasing the 

perceived marginal utility due to each ton of CO2 emission spared (β =0.01 for both 

classes). Finally, unique case among all the performance attributes, the education 

level of the respondents acts as a moderator on the association between this attribute 

and related marginal utility (Figure 38.d), with higher educated individuals having 

a steeper curve compared to individuals not holding a degree (β =0.01). 

 

  
a. Association between Emission savings and 

odd to accept moderated by Household size 

b. Association between Emission savings and 

odd to accept moderated by property condition 

  
c. Association between Emission savings and 

odd to accept moderated by income level 
d. Association between Emission savings and 

odd to accept moderated by education level 

Figure 38 Association between Emission savings performance attribute and the odd to accept a 

REC with the moderating effect of associated socio-demographic caracteristics. 

 

Finally, considering Model_9d, The association between Self-sufficiency 

performance attribute of RECs and marginal utility seems to be moderated by the 

household size (β =0.01 for households composed by more than 3 people as 

displayed in Figure 39.a), property of the household (β =0.01 for owners shown in 

Figure 39.b), and income level of the household (β =-0.00 and β =-0.01 for the two 

classes respectively as in Figure 39.c). The interaction of gender (Figure 39.d) 

seems to be associated too, but with a negligible coefficient (β =0.00).  
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a. Association between Self-sufficiency and 

odd to accept moderated by Household size 

b. Association between Self-sufficiency and 

odd to accept moderated by property condition 

  
c. Association between Self-sufficiency and 

odd to accept moderated by income level 

d. Association between Self-sufficiency and 

odd to accept moderated by Gender 

Figure 39 Association between Self-sufficiency performance attribute and the odd to accept a REC 

with the moderating effect of associated socio-demographic caracteristics. 

 

Based on the previous analysis, it is possible to affirm that the six selected socio-

demographic characteristics have a moderating effect on the association between 

the four performance attribute of the REC alternatives and their marginal utility. 

This result is summarized in Table 22 where the presence of an associated 

interaction between performance attribute of a REC and socio-demographic 

caracteristics is highlighted (marked with X), together with the number of 

modalities for each socio-demographic independent variable. 

 

Table 22 Summary of the estimated interactions between socio-demographic characteristics and 

REC performance attributes (“X” represents an associated interaction). 

 Age 

3 classes 

Gender 

2 classes 

HH_num 

2 classes 

HH_inc 

3 classes 

HH_prop 

2 classes 

Edu_lev 

2 classes 

Inv_cost (10k€) X X X X X - 

Cost_sav (k€) - X X X X - 

Emis_sav(tCO2) - - X X X X 

SSuff (%) - X X X X - 
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4.5 Generalization of the preference model 

The six socio-demographic characteristics influencing the marginal utility 

highlighted at the end of the previous section have been combined to build the set 

of types of individuals. The number of types of similar individuals is a combination 

of classes (three for age and income of the household, and two for the other four 

socio-demographic characteristics) as follows: 

 

Number of types = 24*32 = 144 types of individuals 

 

For instance, taking the first class of each socio-demographic characteristics, the 

description of one type of individual will be a “less than 35 years old female without 

a degree, living in a rented apartment with up to another person, with an annual 

income of less than 28k€”. On the opposite side of the spectrum (taking all the last 

classes of the socio-demographic characteristics), another type will be a “male older 

than 60 years old, with a degree title, living in an owned household with at least 2 

other persons, and having an annual income of more than 75k€”.  

In this following sub-section, the value functions approximated for each respondent 

by using UTA method (Section 4.3) are clustered and the characteristic sets of value 

functions for each cluster are extracted. These sets are then assigned to each of the 

144 types of individuals. By matching the population in the city of Turin with the 

types of individuals, it will be then possible to spatialize the preference model at 

the urban scale. The final output of this section will be to assign the most probable 

sets of characteristics value functions to the different types of individuals in order 

to generalize the decision models estimated at the individual scale. The resulting 

match between decision models and socio-demographic variables will be the basis 

for the spatialization of the individuals’ decision models across the city of Turin. 

This section is composed of two parts. In the first part, an unsupervised 

classification algorithm is used to extrapolate clusters of value functions for each 

performance attribute and to identify the characteristic value function (the central 

one) for each cluster. In the second part, the types of individuals are assigned to one 

of the value function clusters by means of the application of a supervised 

classification algorithm. 

 

4.5.1 Definition of characteristic value functions 

The identification of the set of characteristic value functions has been performed by 

using k-medoids algorithm (Partitioning Around Medoids, PAM) on the sets of 
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respondents’ value functions approximated by UTA method. The clustering with 

PAM has been performed using fpc package in R environment [195], selecting the 

most suitable number of clusters based on the silhouette metric. In Figure 40 to 

Figure 43 the full range of value functions is displayed divided in the identified 

clusters. For each of these clusters the central value function (i.e., the medoid of the 

cluster) is represented with a thicker line.  

 

 
Figure 40 Clusters of investment cost value functions and identification of the characteristic value 

function for each of the clusters (thicker line). 

 

 
Figure 41 Clusters of cost savings value functions and identification of the characteristic value 

function for each of the clusters (thicker line). 

 



 

 

 

 
124 

 
Figure 42 Clusters of emission savings value functions and identification of the characteristic 

value function for each of the clusters (thicker line). 

 

 
Figure 43 Clusters of self-sufficiency value functions and identification of the characteristic value 

function for each of the clusters (thicker line). 

 

As shown in the figures, the most efficient number of partitioning clusters (and 

therefore of classes of characteristics value functions) according to the silhouette 

method is 3 for all attributes with the exception of cost savings for which the 

optimal number of clusters is 2. It is worth noting that such approach for the 

clustering of value functions into characteristic classes might result in a reduction 

of specificity of the information related to the description of the value functions. 

For instance, the low number of clusters determines that all of the classes of 

characteristics value functions (the medoid of the cluster) for the investment cost 
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attribute assign a zero marginal utility for investment cost higher than 14k€. This 

determines some degree of information lost compared to the original value 

functions estimated for a number of respondents. The second issue is determined 

by the initial parametrization of the value function using only three segments to 

define them. While the first issue (number of clusters) might be solved by 

specifying a larger number of clusters, the second one could be easily solved by 

increasing the number of segments to define the piece-wise value functions. Due to 

the limited number of respondents, it would have been not appropriate to specify 

more clusters (with the risk of having clusters populated by a low number of types 

of individuals). Regarding the parametrization of the value function, this has been 

kept with 3 segments in their definition in order to test the methodological approach 

to the problem. 

A sensitivity test has been conducted to evaluate the detriment between the ranking 

accuracy of the decision model approximated by the use of UTA method and the 

ranking accuracy determined by using the characteristic value functions (resulting 

from the PAM clustering) for the member of each specific cluster. In particular, for 

each respondent the total utility of the sub-set of alternatives selected and ranked 

by the same respondent have been calculated using the new set of value functions 

represented by the medoids of the clusters, and the number of pair-wise errors with 

respect to the original preference relation structure provided by the respondent have 

been calculated. Table 23 presents an example of the comparison between the 

original and the recalculated ranking for a random respondent. 

 

Table 23 Example of an error matrix between the alternative ranking provided by a respondent and 

the one recalculated with the respontent assigned set of characteristic value functions. 

Original 

ranking 

Recalculated 

Utot 

Recalculated 

ranking 

Error matrix 

G F B E D C A 

G 0.447 1 0 0 0 0 0 0 0 

F 0.379 2 0 0 0 0 0 0 0 

B 0.294 5 0 0 1 1 0 0 0 

E 0.308 3 0 0 0 0 1 0 0 

D 0.271 6 0 0 0 1 0 0 0 

C 0.240 7 0 0 0 1 0 0 0 

A 0.297 4 0 0 0 0 1 1 1 

 

As shown in Table 23, the recalculated total utility for the respondent led to some 

error with respect to the original preference structure expressed. For instance, 

alternative B originally ranked 3rd by the respondent, ranks 5th in the recalculated 

rank. This means that both the preference relation B ≻ E, and B ≻ A are violated, 
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and obviously the reciprocal E ⊀ B, and A⊀ B. This led to a total error with respect 

to the preference structure provided of 4. This could also be seen as the number of 

lower ranking indexes (intended as further from the preferred) preceding a certain 

object in the new ranking. For instance, taking alternative E, this was originally 

ranked 4th, while in the new order it was placed in the 3rd position. This means that 

by ordering the new ranking to the original ranking position, the index 3 is preceded 

by a lower ranking element (the index 5 in this case), this producing one error in 

the error count. It is worth noticing that the two ways of counting errors lead to a 

proportional number of errors (the first approach counting twice as many errors as 

the second one).  

Comparing the errors committed by the ranking calculated applying the individual 

specific value functions and the clustered ones, it is possible to observe an increase 

in the number of ranking mistakes of 22.9%. These mistakes are concentrated in the 

individuals on the border of the clusters. Accepting some percentage of errors might 

be necessary in order to generalize the preference models to types of individuals at 

the city scale. Nonetheless, in order to reduce the number of errors it might be 

advisable to optimize the selection of the number of clusters including the 

minimization of the errors in the pair-wise preference structure as specified above.  

4.5.2 Assignment of value function to types 

The second part of the section aims to assign the characteristic value functions (the 

medoids of the clusters) to the 144 types of individuals. In this attempt a 

probabilistic approach has been adopted rather than a deterministic one, thus the 

probability of a type of individual being assigned a class of value functions has been 

calculated. Several supervised clustering algorithms have been tested in order to 

define the one most fitting for the above specified goal. 

To properly evaluate the performance of the classification model, a 10-fold cross 

validation has been used [228]. K-fold cross validation requires splitting the dataset 

in k-parts (defined as folds) and to train the model on all the subsets but one that is 

used for the testing. The process is then iterated k-times using each time a different 

subset of size 1/k to perform the testing, and the performance of the k-models are 

averaged. Such a procedure is suitable to better assess the performance of the model 

on unseen data and avoid overfitting. The Caret package in R environment allows 

to perform an automatic grid search for the fine tuning of the hyperparameters used 

in each classification algorithm and to select the best ones based on the selected 

metric [197]. In the specified models, the fine-tuning parameter has been set to 5, 

with a total number of models tested equal to 5p for each algorithm, where p is the 
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number of hyperparameters that could be specified for each classification 

algorithm, and the selection metric being the accuracy of the model.  

In Table 24 the tested algorithms are displayed together with the calculated 

performance metrics. The selection of the best performing classifier is based on the 

average of Accuracy and F_1score metrics across the four attributes of performance 

of REC (investment cost, cost savings, emission savings, and self-sufficiency). 

 

Table 24 Performance metrics of the supervised classification algorithm tested. 

Algorithm Metric 

Attribute 

Inv_cost  Cost_sav  Emis_sav SSuff 

Naive Bayes Accuracy 

Average Precision  

Average Recall  

Weighted F_1score 

0.5091 

0.3378 

0.3947 

0.4692 

0.765 

0.3825 

0.5 

0.6632 

0.4613 

0.3599 

0.3387 

0.3380 

0.5119 

0.2546 

0.3317 

0.3526 

Support Vector 

Machine (linear) 

Accuracy 

Average Precision  

Average Recall  

Weighted F_1score 

0.4776 

0.3159 

0.3678 

0.4318 

0.765 

0.3825 

0.5 

0.6632 

0.4776 

0.2979 

0.3829 

0.4073 

0.5043 

0.3077 

0.3517 

0.4175 

Support Vector 

Machine 

(Polynomial) 

Accuracy 

Average Precision  

Average Recall  

Weighted F_1score 

0.5043 

0.3327 

0.3892 

0.4595 

0.7746 

0.6810 

0.5612 

0.7220 

0.4699 

0.1566 

0.3333 

0.3004 

0.5234 

0.3313 

0.3745 

0.4472 

Rule-Based 

Classifier (JRip) 

Accuracy 

Average Precision  

Average Recall  

Weighted F_1score 

0.5043 

0.3353 

0.3869 

0.4473 

0.7689 

0.6621 

0.5363 

0.7013 

0.4699 

0.1111 

0.3337 

0.3029 

0.5072 

0.2881 

0.3350 

0.3755 

Rule-Based 

Classifier (PART) 

Accuracy 

Average Precision  

Average Recall  

Weighted F_1score 

0.5005 

0.4010 

0.3912 

0.4657 

0.7727 

0.6695 

0.5726 

0.7291 

0.4527 

0.3881 

0.3776 

0.4134 

0.5072 

0.3915 

0.3638 

0.4355 

C5.0  Accuracy 

Average Precision  

Average Recall  

Weighted F_1score 

0.5091 

0.3400 

0.3960 

0.4704 

0.765 

0.6335 

0.5056 

0.6702 

0.4728 

0.3806 

0.3752 

0.3911 

0.5244 

0.3383 

0.3711 

0.4430 

Single5.0Tree Accuracy 

Average Precision  

Average Recall  

Weighted F_1score 

0.5033 

0.3383 

0.3913 

0.4610 

0.7622 

0.5496 

0.5023 

0.6670 

0.4737 

0.3640 

0.3722 

0.3838 

0.5119 

0.3766 

0.3647 

0.4370 

C4.5-like Trees 

J48 

Accuracy 

Average Precision  

Average Recall  

Weighted F_1score 

0.4976 

0.3297 

0.3831 

0.4494 

0.7736 

0.6768 

0.5605 

0.7213 

0.4976 

0.4510 

0.4020 

0.4207 

0.5158 

0.1719 

0.3333 

0.3510 

Penalized 

Multinomial 

Regression 

Accuracy 

Average Precision  

Average Recall  

Weighted F_1score 

0.4909 

0.3252 

0.3802 

0.4514 

0.7593 

0.3818 

0.4962 

0.6604 

0.4661 

0.3981 

0.3696 

0.3998 

0.4986 

0.4824 

0.3502 

0.4101 
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From the performance displayed in Table 24 it could be noted that the overall 

accuracy of all the tested algorithms is quite limited. This could be explained mainly 

due to the limited size of the dataset and its imbalance across different classes 

(among the reason for the low performance is that some classes would be less 

represented in the partitioning of the original dataset into training and testing sub-

sets when performing the 10-fold cross validation). The issue related to the size of 

the dataset and the consequent limitations for the 10-fold cross validation justifies 

the choice made in the previous sub-section to limit the number of clusters used in 

the partition around medoids. In fact, increasing the number of classes that the 

supervised classification algorithm has to predict would have further reduced the 

performance of the classifier (with the same small dataset). Again, it could be 

argued that a larger dataset of respondents (and a better constructed one) would 

have reduced the number of constraints that the application of the method had to 

face.  

The best classifier in terms of accuracy averaged across the four value functions for 

each performance attribute is C4.5-like Trees J48 algorithm (0.571 averaged 

Accuracy), followed by the polynomial Supporting Vector Machine (0.568 

averaged Accuracy); while the best one in terms of weighted F-1 score averaged 

across the four value functions is the Rule-Based Classifier (PART) with an average 

weighted F_1score of 0.510, followed by the C5.0 (0.494 averaged weighted F-1). 

Finally, by averaging the two metrics (Accuracy and F_1 score), it results that the 

best performing classifier is Rule-Based Classifier (PART) algorithm (0.532) 

followed by C5.0 (0.531) and the C4.5-like Trees J48 (0.528).  

PART algorithm is a rule-based algorithm that uses partial decision trees to produce 

classification rules [229] and is implemented in Caret by calling the RWeka 

package in Rstudio [230]. Among the advantages of rule-based algorithms is the 

enhanced interpretability of the model results. In fact, it is possible to examine the 

rule path followed by the algorithm to classify an instance in one class rather than 

another. In the following Table 25 the different rules that associate each type of 

respondent based on the combination of socio-demographic attributes with a 

characteristic value function (the medoid of each cluster in previous sub-section) 

are reported. 
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Table 25 PART algorithm rules for the assignment of characteristic value fuctions to the types of 

respondents 

Rules   class 

ID 

Investment cost 

If…   

1 HH_prop is owner & HH_num is 3+ & Age between 35 and 60y.o. 2  (78/30) 

2 HH_inc is above 75k€ & HH_prop is rent & HH_num is 1 or 2 1 (3/0) 

3 HH_inc is not above 75k€ & HH_num is 1 or 2 & Gender is female 1 (102/52) 

4 HH_inc is above 75k€ 2 (46/18) 

5 HH_inc is not 28k€-75k€ & Age more than 60y.o. 1 (5/1) 

6 Age is not over 60y.o. & Edu_lev is with a degree & HH_inc is 28k€-75k€ & 

HH_prop is rent 

1 (32/14) 

7 Age is not over 60y.o. & Edu_lev with a degree & HH_inc is not 28k€-75k€ 1 (36/19) 

8 Age is not in range 35-60y.o. & HH_inc is in range 28k€-75k€ & Edu_lev with 

a degree 

2 (31/11) 

9 None of the above 1 (16/7) 

   

ID 

Cost savings 

If…   

1 HH_inc is less than 28k€ 1 (98/13) 

2 HH_prop is owner & HH_inc is 28k€-75k€ & Edu_lev with a degree & Age is 

not over 60y.o. 

1 (83/18) 

3 HH_prop is rent 1 (60/8) 

4 Gender is male & Edu_lev with a degree & HH_inc is not 28k€-75k€ & Age is 

not over 60y.o. 

1 (26/9) 

5 Age is not in range 35-60y.o. & HH_num is 1 or 2 & Edu_lev with a degree & 

HH_inc is 28k€-75k€ 

1 (17/5) 

6 Gender is male 1 (38/13) 

7 Edu_lev with a degree 2 ((22/7) 

8 None of the above 1 (5/1) 

    

ID 

Emission savings 

If…   

1 HH_prop is owner & HH_num is 3+ 3 (102/41) 

2 Age more than 60y.o. & HH_prop is owner & HH_inc is not above 75k€ & 

Edu_lev with a degree  

1 (22/11) 

3 Age more than 60y.o. & HH_prop is owner 3 (31/12) 

4 Age is not over 60y.o. & HH_inc is not 28k€-75k€ 3 (95/49) 

5 HH_inc is in range 28k€-75k€ & Edu_lev with a degree & HH_num is 1 or 2 & 

Age is in range 35-60y.o.  

1 (31/16) 

6 HH_inc is in range 28k€-75k€ & HH_prop is rent 2 (43/22) 

7 Age is not over 60y.o 3 (21/9) 

8 None of the above 1 (4) 
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ID 

Self-sufficiency 

If… 

  

1 HH_prop is rent & HH_inc is not above 75k€ & Age is not over 60y.o. & HH_inc 

is in range 28k€-75k€ 

1 (51/15) 

2 HH_inc is above 75k€ & Edu_lev with a degree & HH_prop is owner & Gender 

is female 

2 (19/9) 

3 HH_inc is above 75k€ & Edu_lev with a degree & Gender is male & HH_prop 

is owner & Age is over 60y.o. & HH_num is 1 or 2 

1 (13/6) 

4 HH_inc is above 75k€ & Edu_lev with a degree 2 (34/15) 

5 HH_prop is rent & Age is not over 60y.o. & HH_num is 3+ & Edu_lev with a 

degree 

1 (12/2) 

6 HH_num is 1 or 2  1 (144/65) 

7 Age is not over 60y.o. 1 (66/39) 

8 None of the above 2 (10/4) 

*for a more clear interpretation, the classes of socio-demographic characteristics 

used by the algorithm to define the classification rules are expressed in a more 

readable way. For instance, rule 1 of investment cost performance attribute is 

HH_prop=[own] & HH_num=[3+] & Age=[35-60]. 

 

From the rules displayed in Table 25 it is possible to notice that the classification 

model is not well performing in predicting class 3 for both the Investment cost and 

the self-sufficiency performance attribute. Indeed, no rule leads to the assignment 

of this characteristic value functions to any combination of socio-economic 

attribute. Also for the cost saving performance attribute the classifier tends to be 

biased toward the first class of value functions, being seven out of eight rules 

pointing to class 1. This tendency could be determined both by the limited size of 

the dataset of respondents and the unbalanced frequency of classes. This latter 

aspect supports the argument in favor of opting for a probabilistic assignment of 

value functions to types of individuals, rather than using a deterministic approach. 

Figure 44 to Figure 47 graphically shows this issue by plotting the frequency of 

respondents in each profile of type of individuals defined by the vector of socio-

demographic attributes clustered by class of value function. In the same figures, the 

type of individuals among the 144 ones individuated by the combination of socio-

demographic attributes that were not observed in the respondents’ dataset are 

displayed in grey color. 
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Figure 44 Subdivision of the 349 respondents in types of individuals and clusters of investment 

cost value functions 

 

 
Figure 45 Subdivision of the 349 respondents in types of individuals and clusters of cost savings 

value functions 

 

 
Figure 46 Subdivision of the 349 respondents in types of individuals and clusters of emission 

savings value functions 
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Figure 47 Subdivision of the 349 respondents in types of individuals and clusters of self-

sufficiency value functions 

 

Looking at the figures above it is again possible to notice the unbalance of the 

dataset toward certain classes of value functions. For instance, class 3 is less 

represented compared to class 1 and 2 in the investment cost performance attribute 

(Figure 44), while class 1 in predominant in the cost saving performance attribute 

(Figure 45). Moreover, the different types of respondent present a quite dispersed 

propension toward one class of value function with respect to the others, with 

different probability to be in a cluster of characteristic value function. By looking 

at the figures it is also possible to notice the quite high incidence of unobserved 

types of respondents in the dataset: out of the 144 theorical types of individuals 

constructed by the combination of socio-economic attributes, 67 were not observed 

in the dataset containing the responses to the questionnaire.  

To generalize the decision model to all the different types of individual, the 

probability of both observed and unobserved types to be assigned one value 

function or another has been estimated using the outcome of the classification 

algorithm to the totality of the 144 types of individuals. In Table 26 the probability 

of belonging to one class or another of caracteristic value functions is reported for 

eight examples of both observed and unobserved types of individuals.The types of 

individuals reported in the table share the same level of socio-demographic classes 

for education level, size of the household, and income of the households, while 

varying in age. The first four individuals are in the “<35 years old” class, while the 

last four in age class “35-60 years old”. Finally the profiles are completed with the 

combination of the last two socio-demographic attributes determining the vector of 

socio-demographic attributes (gender and property of the household).  
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Table 26 Probability of a subset of types of individuals to be assigned to one cluster of value 

functions. The most probable class for each type is displayed in boldface. 

T
y

p
e
 

Age, Edu_lev, 

HH_size, HH_inc G
en

d
er

 

 H
H

_
p

ro
p

 

Inv_cost Cost_sav Emis_sav SSuff 

Class % Class % Class % Class % 

1 

Age = <35, 

Edu_lev = Dgr_N, 

HH_size = <3, 

HH_inc = <28k€ 

fem rent 

1 56.2 1 86.7 1 29.5 1 54.9 

2 37.5 2 13.3 2 22.1 2 27.1 

3 6.2 -  3 48.4 3 18.1 

2* fem own 

1 56.2 1 86.7 1 29.5 1 54.9 

2 37.5 2 13.3 2 22.1 2 27.1 

3 6.2 -  3 48.4 3 18.1 

3 mal rent 

1 49.0 1 86.7 1 29.5 1 54.9 

2 37.2 2 13.3 2 22.1 2 27.1 

3 13.7 -  3 48.4 3 18.1 

4 mal own 

1 49.0 1 86.7 1 29.5 1 54.9 

2 37.2 2 13.3 2 22.1 2 27.1 

3 13.7 -  3 48.4 3 18.1 

113* 

Age = 35-60, 

Edu_lev = Dgr_Y, 

HH_size = 3+, 

HH_inc = 28-75k€ 

fem rent 

1 56.2 1 86.7 1 27.9 1 70.6 

2 37.5 2 13.3 2 48.8 2 23.5 

3 6.2 -  3 23.2 3 5.9 

114 fem own 

1 32.0 1 80.0 1 24.5 1 40.9 

2 61.5 2 20.0 2 15.7 2 27.2 

3 6.5 -  3 59.8 3 31.8 

115 mal rent 

1 56.2 1 86.7 1 27.9 1 70.6 

2 37.5 2 13.3 2 48.8 2 23.5 

3 6.2 -  3 23.2 3 5.9 

116 mal own 

1 32.0 1 65.8 1 24.5 1 40.9 

2 61.5 2 34.2 2 15.7 2 27.2 

3 6.5 -  3 59.8 3 31.8 
            

*unobserved type 

 

Once the probability of each type of individual to be assigned a class of value 

functions is calculated, it is possible to spatialize the decision models by matching 

the type of individuals with the occurrency of the same types at the urban scale. In 

the next section the generation of the synthetic population will be used to determine 

the number of individuals in the urban area belonging to one or the other of the 144 

identified types. 
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4.6 Population synthesis 

As mentioned in the method section (Section 3.4.1), the population synthesis 

process allows to reconstruct the individual-level socio-demographic 

characteristics of a population in an area by expanding a sample of disaggregated 

data (the seeds dataset), to match the marginal distribution of population’s 

characteristics (the marginal control dataset). The output of the synthetic population 

is an artificial population with individual-level granularity of socio-demographic 

data whose distribution is coherent with that of the real population living in a 

specified area. 

Together with variables used to expand the seed to match the marginal distribution, 

the seeds sample could contain further information not controlled via the marginal 

distribution of variables. In the application under investigation this was the case for 

two socio-demographic information contained in the seeds dataset: dwelling 

property, and source of income of the household. Regarding the property of the 

dwelling (HH_prop) this is provided in the seeds dataset, but it is not controlled by 

a marginal distribution. Regarding the source of income of the household, this 

variable has been included to estimate the households’ level of income (described 

further on), and its marginal distribution is controlled only at the 

employed/unemployed level.  

As stated previously, the generation of the synthetic population has been performed 

using PopulationSim library in Python environment [200], using population data 

from the Italian national census institute: the aspect of daily life (Aspetti della vita 

quotidana, AVQ) and the 2021 census survey datasets. 

The AVQ provides information at the individual level (the seeds dataset), while the 

census survey dataset provides the marginal distribution of socio-demographic data 

at the census tracks scale. A dedicated Python script has been written (Appendix G) 

to split the AVQ dataset into the two required datasets (Persons and Households 

seeds datasets). 

Finally, the controls file allows to specify the link between seeds and marginal 

controls datasets. The specified controls csv file is reported in Table 27.  
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Table 27 Defined controls.csv file for the allocation of seeds population. The number of 

individuals in the seeds (“seed table”) are expanded to match each variable distribution in the 

marginal controls dataset (“control field”) in a specific census track (“geography”) with different 

matching priorities among variables (“importance”). 

target geography Seed 

table 

importance Control 

field 

expression 

Num_HH SEZ21_ID households 1000000 HH_BASE 

(households.WGTP > 0) 

& (households.WGTP < 

np.inf) 

Num_pp SEZ21_ID persons 50000 Pop_Base 
(persons.wgtp > 0) & 

(persons.wgtp < np.inf) 

HH_size_1 SEZ21_ID households 10000 HH_size1 households.NP == 1 

HH_size_2 SEZ21_ID households 10000 HH_size2 households.NP == 2 

HH_size_3 SEZ21_ID households 10000 HH_size3 households.NP == 3 

HH_size_4 SEZ21_ID households 10000 HH_size4 households.NP == 4 

hh_size_5 SEZ21_ID households 10000 HH_size5 households.NP == 5 

hh_size_6+ SEZ21_ID households 10000 HH_size6 households.NP >= 6 

Males SEZ21_ID persons 500 P_Male persons.Gender==1 

Females SEZ21_ID persons 500 P_Female persons.Gender==2 

Degree_Y SEZ21_ID persons 500 P_degree persons.Edu_lev==1 

p_Age19 SEZ21_ID persons 500 AGE_19 persons.AGE_p<=7 

p_Age24 SEZ21_ID persons 500 AGE_24 persons.AGE_p==8 

p_Age34 SEZ21_ID persons 500 AGE_35 persons.AGE_p==9 

p_Age44 SEZ21_ID persons 500 AGE_44 persons.AGE_p==10 

p_Age54 SEZ21_ID persons 500 AGE_54 persons.AGE_p==11 

p_Age59 SEZ21_ID persons 500 AGE_59 persons.AGE_p==12 

p_Age64 SEZ21_ID persons 500 AGE_64 persons.AGE_p==13 

p_Age74 SEZ21_ID persons 500 AGE_74 persons.AGE_p==14 

p_Age75 SEZ21_ID persons 500 AGE_75 persons.AGE_p==15 

p_Occ SEZ21_ID persons 500 OC_TOT persons.OCCUP==1 

 

As specified in Table 27, the variables for which the algorithm had to attempt a 

closer match with the marginal distribution, thus those with a higher importance 

value are the total number of households (importance 1000000), and the amount of 

population (importance 50000). Then, the sizes of the households are tried to be 

matched (HH_size_1 to HH_size_6) with a slightly lower importance. Finally, the 

gender of the individuals, their education level (Degree_Y registering the individual 

with at least a degree), their age (p_Age19 to p_Age75), and the employment status 

(p_Occ) are those variables for which the larger deviations from the marginal 

distribution of socio-demographic characteristics are allowed. 
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The AVQ dataset and the census dataset share the same classes for most of the 

socio-demographic variables (household sizes from 1 to 6+, gender, education 

level, and employment status), while the classes of age variable needed a first 

remapping to match the partitions in the census survey datasets. With specific 

reference to the occupation variable, it is worth noting that this variable was not 

used in the construction and assignment of the decision models in the previous 

sections (Section 4.3.2 and Section 4.5.2). Nevertheless, this variable has been 

included to further constrain the expansion of the seeds dataset to match the 

marginal data, better fitting the distribution of population across census tracks. 

Furthermore, the inclusion of occupation status in the controlled variables was 

useful to provide information regarding individuals recipient of an income or not to 

then estimate the income level of the households. In Table 28 a sample of the 

synthetic population generated is displayed.  

 

Table 28 Example of the final result of the synthetic population generation process. The first 8 

rows represent 5 households in the first census track identified by National tessellation code 

(SEZ21_ID=12720000001). The last two rows represent the last generated household 

(HH_ID = 433,469) in the last census track (SEZ_ID=12728888888). 

SEZ21_ID = 12720000001 

HH_ID Person 

number 

Age (y.o.) Gender Education 

level 

Employed 

 

Income 

source 

HH-

property 

1 1 30-34 Male High school Yes Employee Owned 

1 2 25-29 Female High school No Allowance Owned 

2 1 50-54 Male Secondary No Pension Owned 

3 1 55-59 Female Primary No Allowance Owned 

4 1 30-34 Female High school Yes Self-empl Owned 

5 1 35-39 Male Degree/+ Yes Employee Owned 

5 2 35-39 Female Degree/+ Yes Self-empl Owned 

5 3 11-13 Male Primary N.A. N.A. Owned 

…        

SEZ21_ID = 12728888888 

HH_ID Person 

number 

Age (y.o.) Gender Education 

level 

Employed 

 

Income 

source 

HH-

property 

…        

433469 1 25-29 Female High school Yes Support Owner 

433469 2 3-5 Male N.A. N.A. N.A. Owner 

 

As from Table 28, the first column represents the ID of the household in the 

generated synthetic population, while the second one identifies the progressive 

number of the person in the household. Columns three to six are the socio-
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demographic characteristics controlled by the marginal control dataset, while the 

last two columns (income source and property regime of the household) are 

individuals’ characteristics registered in the seeds dataset that are not controlled by 

the marginal distribution provided at the census track level. 

A total population of 837,559 individuals distributed in 433,469 households has 

been generated for the whole city of Turin. In the following figures (from Figure 

48 to Figure 52) the differences between the generated synthetic population and the 

real marginal distribution of a sub-set of socio-economic variables have been 

plotted and spatialized in order to check the reliability of results and to quantify the 

magnitude of errors committed by the algorithm. 

In the figures, the left-hand side shows the absolute difference between the marginal 

data and the generated synthetic population (census data𝑖 −

sythetic population value𝑖 for variable i), while the right-hand side shows the 

relative difference calculated as the ratio between the absolute difference and the 

census data (absolute difference𝑖  / census data𝑖 for variable i). It is possible to 

notice that the difference between the census marginal data and the generated 

synthetic population is generally limited. Some exceptions are present in a few of 

the census tracks for which the synthetic population presents a lower number 

compared to the marginal data provided by the census survey, but always limited 

considering the absolute population. 

 

 
Figure 48 Population difference. 4916 census tracks show no difference between census data and 

simulated population. 1 census track shows a difference of 584 people, 49 a difference between 50 

and 186 people. 
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Figure 49 Difference in the number of one person households. 6640 census tracks show no difference 

compared to the marginal data. 8 census tracks show an error between 2 and 3 households less than 

the marginal data.  

 

 
Figure 50 Difference in the number of males. 4731 census tracks show no difference with the 

marginal data. 3 census tracks differ by a number between 106 and 166 people less in the synthetic 

population. 100 by a number between 10 to 100 less, while 67 census tracks result in 2 or 3 males 

more than the marginal data.   
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Figure 51 Difference in the number of people with a degree. 4955 census tracks show no difference. 

1 census track show 52 people with a degree less than the marginal data, while 12 show a number 

of people with a degree between 10 and 27 less. All the other census tracks show errors within -4 

and 10 people. 

 

 
Figure 52 Difference between population in age class less than 10 years old. 4895 census tracks 

show no difference compared to the marginal data. 1 census track shows 53 people less in this age 

class compared to marginal data, while all the other errors are in a range from -4 to 48 difference in 

number of people. 

 

Neither the AVQ dataset, nor the census marginal data provide information 

regarding the income of inhabitants. This represents a problem in the attempt to 

spatialize the decision model evaluated in the previous sections, being this socio-

demographic characteristic among the variables influencing both the willingness to 

participate in alternative RECs, and the estimated rank of different alternative 

configurations. To solve this issue the information regarding the tax declaration of 

the population provided yearly by the national income revenue authority (“Agenzia 

delle entrate”) has been used. Such dataset contains the average gross incomes of 

individuals for difference source of income aggregated at the postcode scale [231], 
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thus, the households’ income level has been estimated by matching the source of 

income of individuals in the synthetic population generated with the information 

provided by the tax declaration dataset. First, the different income levels by type of 

source from the postcode scale has been assigned to each census track. In particular, 

in the city of Turin there are 33 postcode zones in total, thus determining a quite 

coarse resolution in the assignment of income levels. In Figure 53 it is possible to 

see the different spatial resolution of postcodes and census tracks in the city of 

Turin, with the displayed number showing the number of census tracks belonging 

to the same postcode.  

 

 
Figure 53 Number of census tracks in each of the 33 postcode zones in the city of Turin. 

 

After having assigned the average gross income by source to the different census 

tracks, the net income has been calculated by applying the Italian tax rate [232]. 

The two sources of data (the aspect of daily life dataset and the income revenue 

authority one) present a mismatch in the way the source of incomes is clustered, 

with the necessity to establish a strategy to match the income sources as presented 
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in the income revenue authority dataset, with those classified in the census survey 

one. Such logic is presented in Table 29. 

 

Table 29 Matching logic between the AVQ dataset and the tax declaration dataset to assign the 

income source. The first three source of income are the same in the two datasets, while the last 

four necessitated a remapping. 

AVQ dataset Tax declaration dataset 

Employee work Employee work 

Self-employed Self-employed 

Pension Pension 

Allowance 0 

Revenue from assets Average income 

Family support 0 

N.A. 0 

 

As specified in Table 29, for the first three source of income a direct correspondence 

could be established between the two datasets, while for the revenues from assets 

in the AVQ dataset it has been preferred to assign the average value for income 

from the tax declaration dataset due to a lack of information (i.e., related to 

magnitude of this type of income over the total income of an individual). 

Furthermore, it was not possible to establish a clear value for allowance and family 

support. Nonetheless, it might be argued that individuals relying on this source of 

income are unlikely to be able to allocate part of the income to energy related 

investments (in particular, out of the 23,654 individuals for which allowance was 

the source of income, 11,159 belong to the category of employment “inactive”, and 

12,396 to category “in search of occupation”, those two sources representing a 

minority of the population). For this reason, a value of zero has been assigned to 

these individuals. Finally, the individuals for which no data was available (N.A.) 

have been assigned a value of zero as well. In particular, it is worth noting that the 

majority of individuals for which no data was available are also those in age classes 

below 13 years old, thus the assignment of no income has been considered as 

rational. Once the income at the individual scale has been assigned, it has been then 

aggregated at the household scale by performing a simple sum among the 

individuals belonging to the same household.  

Finally, it is possible to compare the distribution of respondents to the questionnaire 

into the characteristics value functions with the distribution of types of individuals 

as generated with the synthetic population procedure (from Figure 54 to Figure 57). 

In particular, it is possible to notice that certain frequently occurring profiles do not 

see a proper representation in the number of observations collected with the 
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questionnaire, while other less frequently occurring ones according to the marginal 

distribution across the city are quite overrepresented in the observations present in 

the respondents’ dataset. This does not constitute a reduction of the applicability of 

the methodology, but even if the necessity to easily collect data has justified the use 

of a convenience sampling technique in this first experimentation, it would be 

advisable to use a more reliable sampling technique in case of a real application of 

the method to achieve more accurate results and provide more informed 

recommendations to Decision-makers.  

 
Figure 54 Comparison between the occurrence of the observed types of individuals (349 

respondents) subdivided by clusters of investment cost value function and the occurrency of the 

types of individuals in the synthetic population 

 

 
Figure 55 Comparison between the occurrence of the observed types of individuals (349 

respondents) subdivided by clusters of cost savings value function and the occurrency of the types 

of individuals in the synthetic population 
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Figure 56 Comparison between the occurrence of the observed types of individuals (349 

respondents) subdivided by clusters of emission savings value function and the occurrency of the 

types of individuals in the synthetic population 

 

 
Figure 57 Comparison between the occurrence of the observed types of individuals (349 

respondents) subdivided by clusters of self-sufficiency value function and the occurrency of the 

types of individuals in the synthetic population 
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Chapter 5 

Spatialization of the results 

5.1 Application of the decision model to RECs alternatives  

In this chapter, the two models defined in the previous chapter (Section 4.3.2 and 

4.4.2) are spatialized over the synthetic population distributed across the city and 

combined in order to evaluate both the propensity of the population to accept or not 

different alternative RECs, and to determine which of the alternatives might be the 

most preferred ones among the simulated population.  

As stated before, the Italian legislation regulating the constitution of RECs requires 

that both the energy production systems from renewable sources and the point of 

delivery (POD) to be located in the same HV/MV substation for each configuration 

of a REC. For this reason, the results of the spatialization of the probability to accept 

and the preferences among the population are at first presented at the scale of the 

HV/MV substation. 

In Figure 58 the areas of Turin served by each HV/MV substation in the city are 

displayed.  
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Figure 58 Map of the 11 HV/MV sub-stations in the city of Turin (elaboration from GSE data). 

 

The same aggregation scale has been used to map the percentage distribution of the 

socio-demographic characteristics of the synthetic population generated in Section 

4.5. In Figure 59 the percentage of population belonging to one class or the other 

of the socio-demographic attributes used to generate the 144 types of individuals 

are presented (for dichotomic variables only one of the two levels is displayed while 

the other can be easily calculated as the remaining percentage).  
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a. Percentage of population in age class [<35yo] b. Percentage of population in age class [35-

60yo] 

 
c. Percentage of population in age class [>60yo] d. Percentage of population in gender class [Male] 
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e. Percentage of population in Household 

property class [own] 

f. Percentage of population in Education level 

class [Dgr_Y] 

 

g. Percentage of population in Household size 

class [3+] 

h. Percentage of population in Household income 

class [<28k€] 
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i. Percentage of population in Household  

property class [28-75k€] 

j. Percentage of population in Household 

property class [+75k€] 

Figure 59 Distribution of the synthetic population in the socio-demographic classes 

 

By analyzing the distribution of population over the classes defining the types of 

individuals it is possible to notice that most of these classes are quite equally 

distributed. For instance, (d.) gender, (e.) property of the household, (g.) size of the 

household, and (a., b., c.) age variable vary in a percentage below 10% across the 

different substations. The major difference in the distribution of socio-demographic 

characteristics across substations is registered for the two socio-demographic 

variables of education level of the respondent and income level of the household. 

Concerning the first one, substations 09 and 10 are those covering the areas of the 

city characterized by a majority of inhabitants with an education level lower than 

the degree. On the contrary, the highest number of inhabitants with at least a degree 

is located in the central areas served by substation 07 and 08, and those served by 

substation 05. The first two coincide with the areas with a high incidence of young 

strata of the population [233], the last one covers the areas characterized by 

households with the highest level of income and the highest housing prices in the 

city [234]. Households in the lowest class of income are more frequent in the 

substations serving the central areas and the northern one (substations 07 and 09 

respectively). These are the areas in which the presence of young and foreigner 

population is more significative [233].  

It must be highlighted here that the coarse resolution of the aggregation at the 

HV/MV substations scale has an averaging effect on the variation of the distribution 
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of socio-demographic characteristics across different census tracks at a finer scale 

resolution [233]. 

5.1.1 Estimation of percentage of accepting population 

The percentage of population that might accept to participate in a REC was 

calculated based on REC performance attributes and the socio-demographic 

characteristics of the generated synthetic population, according to the results of the 

logistic model. 

Figure 72 displays the percentage of the population likely to accept one or the other 

of the alternative RECs proposed in the questionnaire at the scale of the HV/MV 

substation. 

By recalling the equation estimating the probability to participate (Section 4.3.2), it 

is possible to analyze the spatialized results from three points of view. In particular, 

the same equation could be interpreted as the composition of three main parts: 

 

𝑃𝑟(𝑦 = 1) = 𝑙𝑜𝑔𝑖𝑡−1 ((∑ 𝛽𝑝 ∗ 𝑥𝑝

𝑛

𝑝=1

) + (∑ 𝛽𝑠 ∗ 𝑥𝑠

𝑚

𝑠=1

) + (∑ 𝛽𝑖 ∗ 𝑥𝑖

𝑞

𝑖=1

)) 

 

Where 𝑥𝑝 denotes the performance of the alternative RECs, and 𝛽𝑝 the relative 

regression coefficients, 𝑥𝑠 and 𝛽𝑠 the socio-demographic attributes and the relative 

coefficients, and 𝑥𝑖 and 𝛽𝑖 the same for the moderating effect that the socio-

demographic attributes have on the association between performance attributes and 

the odds to participate. 

It is possible to affirm that the first part of the equation (relative to 𝑥𝑝) estimates 

the odds of one alternative REC to be accepted based on its performance, thus 

independently from the area in which the acceptability is estimated. Therefore, in 

Figure 60 it would be possible to compare the percentage of population likely to 

accept one alternative or another in the same area (the same HV/MV sub-station). 

The second part (relative to 𝑥𝑠) associates the acceptance of the alternative with the 

socio-demographic characteristics of the population, therefore, in each figure it is 

possible to evaluate the areas in which the same alternative has a higher or lower 

percentage of population likely to accept it. Finally, the third part (relative to 𝑥𝑖) is 

responsible for variation in patterns of the percentage of population likely to be 

willing to accept a specific alternative across different areas. In particular, the 

variation of percentage of accepting population for different alternatives in different 

areas is expected to be proportional (if alternative X1 sees twice as much percentage 
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of population likely to accept it in substation S1 compared to substation S2, 

alternative X2 would see the same proportion of population likely to accept it in the 

same two areas). When this proportionality is not preserved, the effect could be 

explained by the moderating effect of the socio-demographic characteristics on the 

performance attributes.  

To better clarify this, let us consider the first two of the following figures at random 

(Figure 60.a and Figure 60.b), and to focus on the two HV/MV substations in the 

northern part of Turin (substations 09 and 10). In both areas alterative B (Figure 

60.b) has a lower percentage of population likely to accept to participate (36-37%), 

compared to alternative A (Figure 60.a showing a percentage of population likely 

to accept of 88-89%). Looking at Figure 60.a, it is possible to notice that in the first 

substation (09) the percentage of population likely to accept alternative A is 88.3%, 

slightly higher than the one estimated in the adjacent substation (10) where the 

percentage of population likely to accept the same alternative is 87.9%. If no 

interaction is to be considered we would expect to observe a similar pattern also in 

Figure 60.b, being the distribution of population unchanged in the same area, and 

the only variation being the performance of RECs A and B respectively. On the 

contrary, we observe a variation in the pattern from Figure 60.a to Figure 60.b. 

Indeed, Figure 60.b shows that in substation 09 the percentage of population likely 

to accept the alternative is 36.4%, while in substation 10 the percentage is 37.2%. 

This variation could be explained by the moderating effect of the socio-

demographic characteristics of the population on the performance attributes of the 

alternative.  
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a. Percentage of population likely to accept 

alternative A 
b. Percentage of population likely to accept 

alternative B 

 
c. Percentage of population likely to accept 

alternative C 
d. Percentage of population likely to accept 

alternative D 

 
e. Percentage of population likely to accept 

alternative E 
f. Percentage of population likely to accept 

alternative F 
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g. Percentage of population likely to accept 

alternative G 
h. Percentage of population likely to accept 

alternative H 

Figure 60 Estimated percentage of simulated population likely to accept each of the 8 alternatives 

presented in the questionnaire 

 

Table 30 summarizes the percentages of population likely to accept the different 

alternatives in each of the HV/MV substation, according to the spatialized results 

of the logistic regression model, together with the estimated Confidence intervals. 

In particular, due to the large number of individuals it is unfeasible to calculate the 

exact probability distribution function of acceptability. To solve this issue a Monte 

Carlo method could be used to repeatedly simulate the acceptance behavior of the 

entire population to estimate the distribution of acceptance percentages together 

with Confidence intervals.   

 

 
Table 30 Percentage of population likely to accept the different REC alternatives in each HV/MV 

substation according to the spatialized results of the GLMM. Confidence intervals are displayed in 

square brackets. 

HV/MV  

sub-stations 

Percentage of accepting population in each alternative [%] 

A B C D E F G H 

00 
88.10 

[87.73, 

88.46] 

35.90 

[35.36, 

36.45] 

63.62 

[63.07, 

64.17] 

45.50 

[44.95, 

46.07] 

62.57 

[62.03, 

63.12] 

40.15 

[39.60, 

40.71] 

48.83 

[48.26, 

49.39] 

4.33 

[4.10, 

4.56] 

01 
88.02 

[87.83, 

88.20] 

35.75 

[35.48, 

36.03] 

63.52 

[63.24, 

63.79] 

45.30 

[45.02, 

45.58] 

62.41 

[62.14, 

62.69] 

40.03 

[39.76, 

40.31] 

48.72 

[48.44, 

49.00] 

4.26 

[4.15, 

4.38] 

02 
88.04 

[87.80, 

88.27] 

36.59 

[36.25, 

36.94] 

63.95 

[63.61, 

64.30] 

46.13 

[45.77, 

46.49] 

63.02 

[62.68, 

63.37] 

40.89 

[40.54, 

41.24] 

49.55 

[49.19, 

49.91] 

4.37 

[4.22, 

4.52] 
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03 
88.08 

[87.84, 

88.31] 

36.32 

[35.97, 

36.67] 

63.83 

[63.47, 

64.18] 

45.87 

[45.51, 

46.24] 

62.85 

[62.49, 

63.20] 

40.60 

[40.24, 

40.96] 

49.27 

[48.90, 

49.64] 

4.33 

[4.18, 

4.48] 

04 
88.05 

[87.76, 

88.34] 

36.75 

[36.32, 

37.19] 

64.02 

[63.58, 

64.46] 

46.30 

[45.85, 

46.75] 

63.14 

[62.70, 

63.58] 

41.03 

[40.59, 

41.48] 

49.68 

[49.23, 

50.13] 

4.41 

[4.22, 

4.60] 

05 
88.37 

[88.14, 

88.59] 

37.79 

[37.45, 

38.13] 

64.99 

[64.66, 

65.33] 

47.35 

[47.00, 

47.70] 

64.10 

[63.76, 

64.44] 

42.13 

[41.78, 

42.48] 

50.80 

[50.45, 

51.16] 

4.60 

[4.46, 

4.75] 

06 
88.06 

[87.82, 

88.30] 

36.31 

[35.95, 

36.66] 

63.81 

[63.46, 

64.17] 

45.87 

[45.51, 

46.24] 

62.83 

[62.48, 

63.19] 

40.58 

[40.22, 

40.94] 

49.25 

[48.88, 

49.61] 

4.36 

[4.21, 

4.51] 

07 
88.24 

[87.93, 

88.57] 

38.16 

[37.68, 

38.64] 

64.83 

[64.36, 

65.30] 

47.69 

[47.20, 

48.18] 

64.19 

[63.71, 

64.66] 

42.46 

[41.97, 

42.94] 

51.05 

[50.56, 

51.54] 

4.59 

[4.38, 

4.79] 

08 
88.12 

[87.83, 

88.40] 

36.82 

[36.40, 

37.24] 

64.09 

[63.67, 

64.51] 

46.37 

[45.94, 

46.81] 

63.22 

[62.79, 

63.64] 

41.10 

[40.67, 

41.53] 

49.75 

[49.31, 

50.19] 

4.40 

[4.22, 

4.58] 

09 
88.31 

[88.14, 

88.48] 

36.40 

[36.15, 

36.65] 

64.04 

[63.79, 

64.29] 

46.08 

[45.82, 

46.33] 

63.06 

[62.81, 

63.32] 

40.64 

[40.38, 

40.89] 

49.32 

[49.06, 

49.57] 

4.45 

[4.35, 

4.56] 

10 
87.86 

[87.42, 

88.29] 

37.20 

[36.56, 

37.84] 

63.93 

[63.29, 

64.57] 

46.54 

[45.88, 

47.21] 

63.17 

[62.52, 

63.81] 

41.52 

[40.87, 

42.17] 

50.09 

[49.42, 

50.75] 

4.26 

[3.99, 

4.53] 

Average 88.14 

[88.07, 

88.21] 

36.59 

[36.48, 

36.70] 

64.03 

[63.92, 

64.14] 

46.16 

[46.05, 

46.27] 

63.08 

[62.97, 

63.19] 

40.87 

[40.76, 

40.98] 

49.53 

[49.42, 

49.65] 

4.40 

[4.35, 

4.45] 

 

To increase the readability of this part, the performance of the 8 alternatives 

presented in the questionnaire are reported in Table 31. 

 

Table 31 Performance of the 8 alternatives included in the questionnaire. 

 

Focusing on the percentage of population likely to accept the different alternatives, 

it is possible to notice that alternative A sees an average of 88% of accepting 

Alternative Investment 

Cost [€] 

Cost 

Savings [€] 

Emission 

Savings [kgCO2] 

Selfsufficiency 

[%] 

A 9400 1300 2600 82 

B 4650 500 1400 20 

C 6600 750 1150 61 

D 5300 700 2200 17 

E 5000 750 1850 37 

F 3400 400 850 27 

G 2550 400 650 33 

H 20000 1650 3100 0 
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population. This is mainly due to its second to best performance level among all the 

alternatives in cost savings and emission savings, while being by far the best one in 

terms of self-sufficiency achieved. Alternatives C and E follows with percentage of 

population likely to accept them around 64% and 63% respectively. These two 

alternatives present the same level of cost savings performance, with quite good 

performance in emission savings and self-sufficiency respectively. This balanced 

performance seems to determine the higher percentage of population interested in 

these two alternatives compared to others with lower investment costs but also 

lower cost savings (e.g., alternative G) and self-sufficiency performance (e.g., 

alternative D). Moreover, the same lower performance in cost savings and self-

sufficiency seems to determine a low acceptability of alternative B and F. Finally, 

the high investment cost and low self-sufficiency performance of alternative H 

determines its almost null likelihood to be accepted even if it is the alternative with 

the best performance in terms of cost-savings and emission savings. 

Overall, the difference in the percentage of population interested in each alternative 

does not vary much across different HV/MV substations, with a variation of less 

than 1%. This is linked to the recognized limited variability of socio-demographic 

characteristics averaged across the coarse aggregation on HV/MV sub-stations (see 

Figure 59). Also in this regards, it is worth recalling that it was not possible to test 

for the presence of a random effect related to different areas of the city in the 

analysis conducted in Section 4.3.2. Due to the small size of the respondents’ 

dataset and its uneven distribution across the urban area, it is not possible to exclude 

the possible presence of such an effect. Nonetheless, a variation in the pattern of 

acceptability across the different HV/MV substations could be highlighted due to 

the distribution of socio-demographic characteristics and their moderating effect on 

RECs performance. 

Focusing attention on the moderating effects, in all the substations except substation 

07 and substation 10 the interaction effect between gender and cost savings 

increases the odds to participate for each 1-unit increase in thousands of euros of 

cost savings (e0.536*Cost_sav(k€)*Gender[Mal]) compared to these two substations. Also 

considering the effect that the property regime of the household has on the 

probability of accepting the alternative with higher level of self-sufficiency 

(e0.104*SSuff(%)*HH_prop[own]), it is possible to notice that the higher percentage of 

owners in the southern part of Turin, as well as in the eastern and western parts 

increases the percentages of accepting population for alternatives A and C. 

Compared to these areas, the percentages results reduced in HV/MV substations 07, 

09, and 10 where the number of owners is the lowest in the city. Finally, a consistent 

interaction effect is represented by the moderation of household size on cost savings 
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performance achieved by the REC alternative (e0.673*Cost_sav(k€)*HH_num[3+]). Indeed, 

this effect is particularly evident in sub-stations 09. In this area the percentage of 

households of 3 people or more is higher than the other parts of Turin. This 

peculiarity explains the different pattern of acceptability of those alternatives for 

which the cost savings performance was among the highest, such as alternative A 

and H.  

As a general trend, the central and south-eastern part of the city (HV/MV 

substations 05 and 07) show higher percentage of population likely to accept any 

of the possible alternative RECs compared to other areas. This percentage radially 

decreases moving toward the outskirts of the city, with an exception represented by 

alternative A due to the interaction between the alternative performance and the 

socio-demographic moderators. 

The small variation in the percentage of population willing to accept an alternative 

or not could be explained by the large aggregation made at the scale of the HV/MV 

substation. A further analysis has been conducted at the single census track level 

for alternative A (being it the one with the highest percentage of population likely 

to participate) to observe whether the pattern of acceptability would vary at a finer 

scale. Two focuses have been made, one in the northern part of the city (HV/MV 

substation 09 and northern part of substation 06), and one in the central and south-

eastern part (HV/MV substation 05 and southern part of substation 06). In Figure 

61 and Figure 62 these two focuses are mapped. 

 
Figure 61 Focus on the percentage of simulated population likely to accept Alternative A at the 

census track scale in the northern part of Turin. 
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Figure 62 Focus on the percentage of simulated population likely to accept Alternative A ate the 

census track scale in the eastern part of Turin. 

 

From the first focus (Figure 61) it is possible to notice a fair increase in the variation 

of percentage of population likely to accept the alternative across the different 

census tracks clustered in the same HV/MV substation. These values range between 

76.6% and 96.5%, with some areas in the northern part presenting values close to 

the lowest among those estimated at the city level (76.6%), compensated by higher 

percentages of participation especially in some of the census tracks closer to the 

central part of the city. In the second focus (Figure 62) it is possible to notice a more 

homogeneous distribution of the percentage of population likely to accept 

alternative A, with the majority of areas presenting average values. Few areas 

present medium-to-low percentage of population likely to accept, these coinciding 

with large areas with few resident population (two census tracks showing values 

close to the lowest percentages as well). This analysis highlights a difference in the 

potential distribution of REC participation within the same HV/MV substation 

masked by the coarse data resolution at this scale. This is particularly evident in the 

northern areas of the city (Figure 61) where higher socio-demographic imbalances 

were highlighted. 
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5.1.2 Combination of the two models to estimate the acceptability 

of public oriented alternatives  

The final level of analysis combines the two approaches used to (i) evaluate the 

percentage of population likely to accept to participate in a REC, and (ii) to assess 

the most probably preferred alternative across the population of the city. The goal 

is to identify the trade-offs between the performance of a potentially widely 

accepted alternative and those of a “public oriented” one. Here “public oriented” 

alternatives could simply be defined as the ones prioritizing the reduction of GHG 

emissions from the use of energy, but other public goals such as the different 

distribution of financial benefits across the population (such as the Energy help 

indicator) could also be envisioned   

Second aim is to calculate the potential support from third parties (e.g., ESCOs or 

public authorities) to ensure the preference of the private bottom-up initiative for 

“public oriented” alternatives, thus prioritizing those solutions maximizing the 

positive outcomes for the society as a whole. In particular, considering the results 

of the two models (the likelihood to participate or not and the preference ranking of 

alternatives), this subsection evaluated the level of acceptability of new “public 

oriented” alternatives characterized by an high public desirability outcome [121], 

and the probability of those to become also the most preferred ones among 

individuals (i.e., ranking first among possible competing alternatives).   

With this purpose, the focus has been put on alternative H as the one with the 

highest performance in terms of CO2 savings among the RECs in the dataset, thus 

the one that could be considered the most preferred one from a public point of view 

[121]. Therefore, it is worth investigating the performance changes in the 

alternative to increase its desirability (i.e., increasing the percentage of population 

likely to accept it), as well as to increase its chance of becoming the preferred 

alternative over the others. First of all, it is worth recalling that alternative H 

implemented only passive retrofit solutions (i.e., no renewable energy production 

measure was included) determining a self-sufficiency performance of zero. 

Therefore, a first new alternative (public_H) has been generated by increasing the 

self-sufficiency performance of the original alternative H to the average of the 

alternatives (excluding the initial value of alternative H). This to assume the 

inclusion of renewable energy production among the energy efficiency measures 

implemented in the alternative, without changing its investment cost (it is therefore 

hypothesized that at the same cost fewer passive energy efficiency measures were 

implemented, while some energy production measures were proposed). To evaluate 

the increase in the alternative desirability, the initial investment cost has been 
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progressively reduced by steps of 5%. This cost reduction was introduced to 

account for potential public intervention to stimulate the constitution of alternatives 

(public_H) maximizing the community-oriented outcomes (i.e., the reduction of 

GHG emissions).  

A further new alternative (esco_H) has been proposed by further increasing the self-

sufficiency performance while reducing the cost savings achieved by the original 

alternative H. This again tests the extent to which the intervention of an external 

investor (such as an ESCO) with a different business model (e.g., financing the 

initial costs while using part of the cost saving to cover the investment) could 

increase the acceptability of the proposed alternative. The initial performance (with 

investment cost = 20,000€ as in the original alternative H) of the two newly 

generated alternatives (public_H and esco_H) are reported in Table 32, together 

with the performance of alternative A (reported as the one with the highest 

percentage of accepting population). 

 

Table 32 Performance of Alternative A, and the two newly proposed alternative public_H and 

esco_H maximizing the reduction of GHG emissions. The newly generated alternatives (public_H 

and esco_H) have the same investment cost of Alternative H (20,000 €), while for both 

alternatives self-sufficiency performance was increased. Alternative esco_H presents a reduced 

cost-saving performance too.  

 

In Figure 63 the percentage of the population likely to accept the participation in 

the two newly generated alternatives reducing the investment cost of the 

alternatives by steps of 5% is presented. 

 

Alternative Investment 

Cost [€] 

Cost 

Savings [€] 

Emission 

Savings [kgCO2] 

Selfsufficiency 

[%] 

A 9400 1300 2600 82 

public_H 20000 1650 3100 40 

Esco_H 20000 1300 3100 60 
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Figure 63 Percentage of population likely to accept alternative public_H and esco_H at each 5% 

reduction of investment cost. 

 

Observing Figure 63, it results clear the impact that a higher self-sufficiency 

performance has on the acceptability of the alternatives. For instance, the 

acceptability of both alternative public_H and esco_H with the same investment 

cost of 20,000€ as the original alternative H increases on average from 4.4% to 

16.1% and 18.6% respectively. As expected, by reducing the initial investment cost 

of the alternatives, and thus assuming an increasing involvement of potential 

external financial support, the percentage of population likely to participate 

increases. What is interesting to notice here is how the reduction of cost savings 

(even though by a small amount) from alternative public_H to esco_H does not 

affect negatively the participation, with potential for external investors to propose 

different potential business models to the population (such as the one described 

previously). On the other hand, the emphasis on self-sufficiency is confirmed, with 

a higher level of performance in this attribute determining a higher percentage of 

people likely to accept solution esco_H compared with alternatives public_H with 

the same investment cost.  

In terms of spatialization of the preferences, it is also possible to establish which 

alternative might be preferred in each HV/MV substation by analyzing the 

preferability of the two new alternatives compared to alternative A (being it the one 

with the highest percentage of population likely to accept) and with each other. This 

will give an idea of the minimal intervention of the public body (or of external 

investor in case of alternative esco_H) necessary to ensure that the publicly 

preferred alternative coincides with the private individuals’ one. As specified in the 
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description of the method, this is done by calculating the total utility of the 

alternatives and calculating which ranks first for the majority of the population. 

Figure 64 shows the most preferred alternatives in each HV/MV sub-station for 

different reductions of initial investment costs.  

 

  
a. Preferred alternative between option A and 

public_H (investment cost=14k€) 

b. Preferred alternative between option A and 

public_H (investment cost=13k€) 

 
c. Preferred alternative between option public_H 

(investment cost=14k€) and esco_H (investment 

cost=14k€) 

d. Preferred alternative between option public_H 

(investment cost=14k€) and esco_H (investment 

cost=14k€) at the census track scale 

Figure 64 Estimated preference among different versions of public oriented alternatives and 

alternative A 

 

In particular, Figure 64.a compares alternative A with alternative public_H 

characterized with an investment cost of 14k€, while Figure 64.b compares 
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alternative A with alternative public_H characterized by an investment cost of 

13k€. Figure 64.c compares the latter (alternative public_H with 13k€ investment 

cost) with alternative esco_H characterized by 14k€ investment cost. Finally, 

Figure 64.d compares the same alternatives as in Figure 64.c but displays the 

preferences at the census track scale. 

By observing Figure 64.a, it is possible to conclude that comparing alternative A 

with alternative public_H requiring an investment of 14k€ (thus with a public 

intervention of 6k€), this latter would be preferred in the majority of the HV/MV 

substations with the exception of substation 05. Figure 64.b shows that in case of 

alternative public_H with investment cost equal to 13k€ (thus increasing the public 

intervention to 7k€) all the substations would prefer this alternative over alternative 

A on average. Moreover, comparing alternative public_H requiring 13k€ 

investment cost with esco_H with investment cost equal to 14k€ (Figure 64.c.), it 

results that the latter is preferred over alternative public_H in all the substations. 

This confirms the importance given to self-sufficiency performance by the 

population, determining the preference for a more self-sufficient alternative even if 

this performs worse in the other financial aspects (investment cost and cost savings 

performance). 

As shown in Figure 64.d, the analysis confirms the preference for alternative 

esco_H over alternative public_H in all the census tracks but four. Two of them still 

prefer alternative public_H (in green color), while the two alternatives are equally 

preferred in the remaining two census tracks (in magenta in the figure). 

In light of the above, it would be possible to calculate the necessary support to 

ensure that the public point of view is taken from the majority of the individual, and 

the alternative with the highest level of CO2 reduction potential is preferred over 

others. In the specific case, the support to ensure that alternative public_H would 

be the preferred one could be determined as the difference between the original 

investment cost for alternative H (20k€) and the alternative public_H requiring 

13k€ to be implemented. Therefore, with a needed financial support of 7000€ per 

apartment and a total of 433,469 apartments in the city, the total expenditure for the 

third-part actor would amount to 3,034,283,000€. 

On the other hand, in case of alternative esco_H with a required investment cost of 

14k€ this support is reduced to 6000€/apartment, therefore resulting in a total 

financial support by a third party of 2,600,814,000€ (6000€/apt*433,469apartments 

in the city). These values are theoretical, and consider only one alternative to be 

implemented (either public_H or esco_H). Indeed, several different configurations 

could be proposed, especially considering site-specific REC scenarios. Moreover, 

further analysis could be performed to estimate the preferred configurations (in 
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terms of performance levels) based on types of individual giving more importance 

to one or the other performance parameter with the possibility to optimize and tailor 

the alternatives on their preferences (for instance combining the financing strategies 

of the analyzed public and ESCO subsidized alternatives). 

It is worth noting that alternative H was the most expensive among all the others 

with comparable performance with respect to alternative A. For this reason, this 

value must be taken as a proof of concept rather than a case specific value, with the 

necessity to calculate the specific potential performance of different alternatives of 

interventions in the different areas of the city. It might also be argued that the value 

functions as parametrized in this experimental analysis are not so fitted in 

describing the preferences of the population for expensive alternatives (in case of 

the value functions related to the investment cost attribute, most of the times these 

give a null marginal utility for values greater than 14k€) due to their coarse 

parametrization with only three segments. This aspect will be further discussed in 

the next section, considering possible refinement of the proposed method. 

5.1.3 Discussion of limitations and improvements 

From the analysis described in the previous subsection, we can see that the two 

models provide different but complementary information. In particular, the first 

model identifies the percentage of the population likely to accept a particular 

alternative at different scales (HV/MV substation or census tracks). Although it can 

be argued that an alternative characterized by a high percentage of acceptability 

may also be the one preferred by the majority of people, in the case of two 

alternatives with similar acceptance rates, it is not possible to say which of the two 

will be preferred (and thus potentially realized). The second model estimating the 

people’s preferences complements the previous one by providing information on 

which, among the alternatives potentially accepted, is also the one that is likely to 

rank first in the majority of individuals’ preference ranking. 

In this way, the two models can be integrated to answer the question on what are 

the sufficient conditions (high percentage of participation) and necessary conditions 

(position in the ranking of preferences) for the individual initiative to be in line with 

the public purpose of prioritizing solutions that maximize the beneficial impacts for 

the community (in the specific case, those that guarantee a high level of greenhouse 

gas reduction). It is worth noting that different objectives can be translated into the 

same performance attributes used to define RECs. In fact, the reduction in energy 

cost savings seen for the esco_H alternative can also be seen as a way of freeing up 

economic resources that can be used for community aiding purposes (such as the 

case of the Energy Poverty Help Indicator, EPHI [47]). The integration of the two 
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approaches may therefore prove to be a way of channeling individual private action 

towards the goals of a just environmental transition.  

Although the application is promising, it is necessary to recognize the limitations 

found in the results obtained. First of all, on average alternative A and public_H 

with an investment cost of 14k€ are estimated to have a percentage of accepting 

population of 50% and 88% respectively according to the GLMM model. 

Considering the second model (preference ranking), alternative public_H is 

preferred in almost all the substations compared to alternative A. Even if it is 

accepted that both alternatives A and public_H are present in the individual 

preference set each time, it is hardly credible that alternative public_H is the one 

preferred on average in all the substations of the city. This discrepancy in results 

could be imputed to the choice of parameterizing the value functions with 3 

segments. In particular, this coarse parametrization limits the ability of the value 

functions to discriminate between competing alternatives with high initial 

investment costs. In fact, it can be seen that all three value functions defined as 

characteristics for the investment cost attribute estimate a null marginal utility for 

the investment cost performance of the alternative falling in the third segment of 

the value function. This means that the ranking of alternatives for expensive 

solutions is estimated based on the remaining performance attributes due to 

(estimated) indifference for investment costs above 14k€. It is useful to note that 

this result cannot be considered reliable or unreliable a priori, given the lack of 

information on this subject resulting from the answers obtained from the 

questionnaire proposed to the respondents (in particular due to a limited number of 

alternative in this range of performance inserted in the questionnaire). 

This potential discrepancy between the results obtained by the two models can be 

further analyzed by recognizing that the first one, based on logistic regression, 

suffers from less severe limitations due to the initial input data. On the contrary, the 

second model might present a potential issue in the choice of the initial parameters 

for the construction of the value functions (in particular their piece-wise definition 

in three segments). In order to test for a possible increase in the reliability of the 

results, the value functions were re-estimated using a five-segment parametrization 

with the inclusion of additional dummies alternatives (dominated by alternatives A 

and H), with investment costs in the 9.4k€-20k€ range (the investment cost of 

alternative A and H respectively). 

The maps in Figure 65 show the comparison between alternative A and public_H, 

and between alternative A and esco_H applying the decision model with the 

reparametrized value functions as 5-segment piecewise curves. This in order to 

evaluate if this refined construction of the value functions would increase the 
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interpretability of the complementary results from the two models constructed (the 

one estimating the percentage of population likely to accept a solution, and the one 

estimating the preference among competing alternatives). Differently from the 

comparison shown in the previous subsection, in Figure 65 both alternative 

(public_H and esco_H) are compared to alternative A due to the fact that none of 

the simulated versions of public_H (even the one with the maximum reduction of 

investment cost) are preferred over alternative A. 

  

 
a. Preferred alternative between option A and 

public_H (investment cost=13k€) 

b. Preferred alternative between option A and 

public_H (investment cost=10k€) 

 
c. Preferred alternative between option A and 

esco_H (investment cost=12k€) 

d. Preferred alternative between option A and 

esco_H (investment cost=11k€) 

Figure 65 Estimated preference among different versions of public oriented alternatives and 

alternative A 
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In Figure 65.a alternative public_H with an investment cost of 13k€ (the one 

resulting preferred across all the substation from the previous parametrization of 

value functions in 3 segments) is not preferred over alternative A. Moreover, Figure 

65.b shows that not even the versions of alternative public_H with the lowest 

simulated investment cost (10k€) is able to surpass alternative A in the preference 

ranking of the population. On the contrary, alternative esco_H is preferred over 

alternative A when its investment cost is reduced to 11k€ (Figure 65.d).  

These final results do not seem to contradict the previous ones achieved with a 

coarser parametrization of the value functions, but confirm the pattern highlighted 

previously. In particular, the preference for higher level of self-sufficiency holds 

true in the last results (as confirmed by the impossibility of alternative public_H to 

become the preferred one when compared to alternative A). Moreover, alternative 

esco_H characterized by the same level of cost savings, comparable self-sufficiency 

performance, and maximizing the reduction of GHG emissions become the 

preferred alternative even when its investment cost is reduced only to 11k€ (1600€ 

more than alternative A). This highlights the presence of different levers apart from 

financial one in preferring a REC alternative over another. Finally, the total amount 

of financial support from third-party to guarantee that alternative esco_H becomes 

the preferred one is 3,901221,000€ (9000€/apartments*433,469 apartments).  

To complete the analysis, in Figure 66 the comparison between alternative A and 

esco_H with investment cost 12k€ is displayed at the census track scale, while 

Figure 67 shows the comparison between alternative A and esco_H with investment 

cost of 11k€ at the same granularity level. 
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Figure 66 Estimated preference between alternative A and esco_H with an investment cost 

performance of 12k€ at the census tracks scale. 

 

 
Figure 67 Estimated preference between alternative A and esco_H with an investment cost 

performance of 11k€ at the census tracks scale. 
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Clearly, the majority of preferences towards alternative A is confirmed in Figure 

66 with the results presented at the HV/MV substation aggregation scale, as it is for 

preferences toward alternative esco_H in Figure 67. Again, it is possible to notice 

a small variation within different census tracks toward one or the other alternative  

This last analysis highlights how the variation in the pattern of preference across 

different options confirms the analysis made in the previous subsection. It could be 

sustained that the discrepancy between the results from the two models (one 

estimating the percentage and the other the preferences of the population) have been 

reduced by a finer definition of the value functions. In particular, it is worth 

remembering that the last two alternatives compared (alternative A and alternative 

esco_H with 11k€ investment cost) showed similar percentages of population 

estimated to accept them (on average 89% and 74% respectively). These 

considerations confirm the possibility to complement the information gathered by 

the application of one model with those resulting from the other.  

5.1.4 Possible improvements of the workflow 

Examining the method, it is possible to identify potential areas in which this could 

be improved. This will enhance the quality of results provided to Decision-Makers 

when considering possible interventions on the policy framework in place to 

support the alignment of private individual actions with the public utility. In the 

previous subsection the issue related to the parametrization of value functions has 

been discussed and their refined formulation has been tested. Two main areas of 

improvement could be identified (i) in the construction and distribution of the 

questionnaires, and (ii) in the way the collected data have been analyzed. Regarding 

the first area, an improvement could be identified in the size of the dataset and in 

the population sampling technique used. From the descriptive analysis conducted 

in Section 4.1 on the collected data, and the synthetic population generated in 

Section 4.5, it results clear that the responses retrieved from the survey cannot be 

considered as explanatory of the actual population present in the city. Moreover, by 

plotting the distribution of the respondents clustered in types of individuals against 

the distribution of the same types across the synthetic population generated it was 

clear how several types of individuals were overrepresented in the sampled 

population, while others were underrepresented in comparison with their 

distribution at the city scale (Figure 54 to Figure 57). Furthermore, the alternatives 

used to construct the choice and ranking experiment were selected from a 

metanalysis of case studies from academic production over RECs in the Italian 

context. Even though these alternatives could be considered suitable, a better 

selection might have been done among alternatives constructed using specific data 
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from Turin context (in terms of performance achievable), with the possibility to 

better define the range and distribution of performance among the alternatives (even 

if the adopted approach has been deemed as convenient in terms of time consumed 

and replicability of the study). In particular, the selection of the alternatives through 

the metanalysis had a direct effect on the estimation of the sets of value function 

with the UTAstar method. In particular, the uneven distribution of the attribute 

performance level of the alternative across the overall range of performance 

determined a lack of discriminatory information in the modeling, and thus the 

presence of flat parts in the estimated sets of value functions. Again, the use of site-

specific data could reduce this issue, reducing also the performance range to that 

achievable by real case alternatives specific of the area under investigation (being 

the inclusion of unachievable performance levels useless for the scope of the 

application). Furthermore, it is necessary to keep in mind the final goal of the 

application, and in particular the determination of the tradeoffs to ensure that the 

most desirable RECs from a public point of view (i.e., those prioritizing public 

benefits) would be favored over private oriented ones (i.e., those maximizing 

private benefits). In this sense, the focus on those two competitive clusters of 

scenarios would also determine the best set of alternatives to be included in a real 

case application of the presented method. 

Regarding the filling in of the questionnaire, the approach used did not require any 

further interaction with the respondents after the first administration of the 

questionnaire. This resulted in a faster collection of data at the expense of possible 

further information collected from the respondents. In terms of the cognitive effort 

required by the respondents, the number of alternatives among which they had to 

make a choice was limited, thus lessening such effort. An improvement in the 

collection of learning sets from the questionnaires could be seen in the possibility 

for the respondent to specify more relation structures between alternatives (i.e., 

weak preference, indifference [235]). Nonetheless, limiting the possible answer to 

only the strict preference relation was deemed convenient to reduce the cognitive 

effort required from the respondent, as well as the risk of misunderstanding in the 

absence of interaction with the respondent.  

In the area of improvements of the analysis of data, the first improvement could be 

seen in the estimation of value functions for each individual. Regarding that, the 

first argument that could be raised relates to the identification of one specific set of 

value functions among all the possible sets coherent with the learning set provided 

by the respondents. In particular, for small learning sets (i.e., when the respondent 

ranked few alternatives, thus expressing only one or few pairwise comparisons on 

which to train the UTA algorithm used) several sets of possible value functions 
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could have been identified, representing a limitation in the presented workflow. 

While acknowledging that, it could be argued that the presented application 

represents a proof of concept on the possibility to generalize the individual values 

to a population by pivoting on socio-demographic characteristics. For this reason, 

the main focus of the application was not to identify the best value function 

describing the individual behavior, but to estimate common values among group of 

individuals. That justified the retention of the learning sets provided by respondents 

that performed the ranking among few selected alternatives. A possible relaxation 

of this limitation could be seen in the extension of the method including procedures 

to estimate a number of sets of value functions for each individual starting from the 

provided learning sets and to identify similarities among the value functions 

provided by different individuals in order to select those shared by several 

individuals to be further generalized at the city level.  

Another limitation related to the modeling of the value function has been previously 

discussed regarding the flat parts due to the lack of information in the learning sets. 

Even though this issue could be partially reduced by the inclusion of more even 

distributed alternatives across the performance range, a further improvement could 

be, for instance, to include curvature bounds in the estimation. Even if this method 

could have reduced the presence of plateaus in the value functions, the lack of 

information on which basing this refinement justified to avoid its inclusion.  

A further improvement is related to the clustering of the individual value functions 

performed with the unsupervised algorithm (partitioning around medoids). The 

definition of the characteristic value function might be performed by minimizing 

the error calculated with the error matrix described in Section 4.4.1 in order both to 

better shape the characteristic value function and to determine the optimum number 

of clusters selected. It is worth noting that the limited number of clusters specified 

in the application of the method was also necessary due to the limited size of the 

dataset. Indeed, specifying a higher number of clusters would have been 

incompatible with the aim to generalize the decision model to the city level due to 

a higher dispersion of data from the limited number of respondents in the dataset.  

The low performance achieved by the supervised clustering algorithm (PART) is 

directly linked to the previous limitation and the small size of the dataset of 

respondents. As showed, the unbalanced distribution of classes across the type of 

respondents has deeply affected the capability of the algorithm to predict the classes 

to be assigned to one or the other type of individuals. In Appendix H a speculation 

has been done inflating the dataset to check if better performance could be achieved. 

Finally, due to the unbalanced distribution of the collected questionnaire across the 

city it was not possible to test for potential variation in both the acceptability and 
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preferences toward RECs specifically related to the residency location of the 

respondents (i.e., the introduction of neighborhood and HV/MV as random effects 

in the GLMM model). This latter represents an interesting further development of 

this study to check for influence of the geographic location of the respondents as an 

intra-clusters effect. 
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Chapter 6 

Conclusions 

6.1 Outcomes and audience 

The European goal of achieving climate neutrality by 2050 requires profound 

structural changes across sectors and scales. Urban areas are key arenas for climate 

action due to their high environmental impact (especially due to their high emission 

levels) on a global scale. This led to several initiatives aiming to demonstrate the 

possibility to achieve climate neutrality at the city scale, such as the European 

Mission 100 Climate Neutral City. Furthermore, in the urban context, reducing 

carbon emissions from the building stock has been identified as a priority, primarily 

because of the building sector's impact on the overall emissions budget of cities, 

but also because of the mitigation potential that the sector offers in the short term.  

The role of civil society has been increasingly recognized as an integral part of the 

energy transition. Bottom-up initiatives and participatory models offer a promising 

way to foster citizen engagement, improve energy literacy and democratize access 

to clean energy. These developments signal a paradigmatic shift in the governance 

of urban energy systems - one that moves away from a technocratic model towards 

a more inclusive, citizen-centered approach. 

Academic and policy discourse has emphasized the need to scale up interventions 

beyond the individual building level to community and neighborhood approaches, 

enabling synergies across building typologies and consumption patterns. 

Despite the potential that the building sector could have in driving the urban energy 

transition, both from a technical perspective by reducing its greenhouse gas 

emissions, and from a civil society perspective by changing the role that citizens 

can play in the energy market, the transition to more sustainable energy use at the 

building scale is still slow.  

The relatively recent introduction of the Renewable energy communities legal 

framework could specifically target this slowness by encouraging the creation of 

bottom-up initiatives to promote more sustainable energy use and the diffusion of 

technologies capable of producing renewable energy locally. The benefits that the 

Renewable energy community should bring to its members and to the areas in which 
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they operate cover several dimensions, such as economic, environmental and social. 

If considered as a specific realization among the possible options that individuals 

have at their disposal (borrowing from the formalization made by the urban 

capability approach), it is then important to investigate individuals’ prioritization 

of outcomes in the conversion process from opportunities to their realization. This 

can eventually highlight the mismatch between private bottom-up initiatives and 

the public utility in the implementation of such legal entities. In particular, different 

actors might pursue more private objectives when deciding if and which alternative 

participation scheme they would prefer when comparing different options, thus 

missing the opportunity to unlock the maximization of positive impacts for the 

community as a whole (such as not opting for initiatives that would maximize the 

level of GHG emissions reductions, even if this alternative might not be the most 

convenient one in terms of possible financial outcome for the promoter). 

In light of the above and considering the four research questions posed at the 

beginning of the study, the present work has proposed a combined method to 

estimate (i) the percentage of the population that might participate in a Renewable 

energy community at the local level, and (ii) the preferential order of possible 

solutions among the offered ones.  

The first question investigated the “socio-economic characteristics of individuals 

and the performance attributes of the potential intervention scenarios that influence 

citizens’ decision to accept to participate in a Renewable Energy Community”. In 

this perspective, a logistic and a linear regression models have been used to 

extrapolate the association between socio-demographic characteristics of 

individuals and both the probability to accept a REC option and the preference 

related to its performance attributes. This has highlighted that five socio-

demographic characteristics (age, gender, and size, income level and property of 

the household) are associated with the odds to participate in a REC, while three of 

them (gender, size and property of the household) also act as moderators in the 

association between RECs performance and the odds to accept it. Furthermore, the 

individuals’ value functions have been estimated by applying a UTA method, and 

the association between the socio-demographic characteristics of individuals with 

the marginal utility perceived from performance attributes of the RECs have been 

investigated. Six influential characteristics have been individuated (age, gender, 

education level, and size, income and property of the household). These 

characteristics have been combined into 144 types of individuals to which sets of 

characteristic value functions have been assigned. 

Directly related to the first research question, the second one investigated “to which 

extent could different renewable energy communities proliferate at the city scale, 
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and which are the most probable solutions to be implemented based on the 

inhabitants’ preference models”. To this end, the distribution of the 144 types of 

individuals at the city scale has been simulated by means of a population 

synthesizer. Then, the two previously defined models (logistic regression and the 

preference model based on value functions) have been spatialized pivoting on the 

distribution of the types of individuals. Focusing on the application of the logistic 

regression model, the percentage of population that might accept the participation 

into the alternative configurations of renewable energy community have been 

estimated matching the results from this model with the socio-demographic 

characteristics of the types of individuals.  

In this manner, the expected percentage of accepting population for the alternatives 

proposed in the questionnaire has been calculated at the city scale. This has  

highlighted the interest of individuals for alternatives characterized by a high level 

of independency from the grid (such as alternative A with a self-sufficiency 

performance of 82% estimated to be accepted by 88% of the population on average), 

while a lower penetration capacity of alternatives maximizing GHG emission 

reductions and cost savings due to a sharp increase in their investment cost 

(alternative H with percentage of accepting population of 4.4% on average).  

The potential variation in the participation to different configurations of Renewable 

energy communities among the inhabitants in different parts of the city has been 

posed by the third research question.  This has been examined by spatializing the 

results first at the High-Voltage/Medium-Voltage substation, and then at the 

different census track. In particular, an overall similarity in terms of percentages of 

the population likely to accept different RECs alternatives was estimated across the 

different substations of the city of Turin (with a variation of few percentage points 

across them). At the finer scale of the census track, this variation increases fairly, 

with a variation of around 20% in the percentage of population accepting a REC 

solution from areas with less interest to areas characterized by a larger amount of 

population likely to accept (such as in the northern part of the city). A further 

analysis introducing the geographical location of the individual as a random factor 

in the logistic regression model has been tried without showing meaningful results. 

It is worth stressing here that it was not possible to exclude the existence of such an 

effect due to the limited spatial distribution in the data collected during the survey. 

Finally, the fourth question specifically addressed the possibility of the public 

authority and third parties to “foster the alignment of the private initiative with the 

public perspective”. This has been targeted in the last part of the research where the 

two estimated models (logistic regression and value function sets) have been 

combined. In particular, two new RECs (public_H and esco_H) have been 
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simulated based on the alternative of the questionnaire with the maximum reduction 

of GHG emissions, and applying some variation to the other two beneficial outputs 

(self-sufficiency and cost savings). These alternatives have been considered as 

those more aligned with the public goal of maximizing the positive environmental 

impact of the implementation of a possible REC solution. For these alternatives, 

both the percentage of population likely to accept them, and the degree to which 

they would be preferred over other alternatives have been investigated by applying 

the two models (the logistic one for the percentage estimation, and the preference 

model for the definition of the ranking among different alternatives).  

The final aim of this analysis was to calculate the external support needed to ensure 

that the preferred alternative among residents (i.e. the one most likely to be adopted 

by the private initiative) coincides with the one consistent with the public 

perspective of a more sustainable use of energy at the building scale. 

This has led to the calculation of a total amount of financial support from the public 

sector (or from energy service providers) of 3,901,221,000€ to ensure that the 

alternative that maximizes the reduction of GHG emissions would become the most 

preferred one compared to others across the city. Furthermore, the trade-offs in the 

acceptability levels of performance among different alternatives have been also 

evaluated, with the possibility to propose different business models to compensate 

across different levels of performance of alternatives. 

It must be stressed that these simulations must take into consideration several 

limitations and possible refinements in the application of the method (as discussed 

in Section 4.6.3), while alternatives based on case specific energy simulations will 

lead to different results across different parts of the city. Nonetheless, these results 

could assist the Decision-makers in tailoring and fine-tuning the enabling 

framework to promote the acceptance of renewable energy communities and 

participation in such schemes. Considering the application of the proposed 

methodology to the question of the diffusion of Renewable energy communities, 

both public authorities and potential independent investors could benefit from the 

information provided by this simulation. In particular, the estimation of the space 

of acceptable solutions at the urban scale could be informative for the construction 

of alternatives considered satisfactory by the majority of the population, and also 

for the consideration of performance trade-offs in the allocation of resources and 

benefits. 

Moreover, it is possible to consider the method as a predictive tool with the aim to 

forecast decision outcomes in hypothetical settings (i.e., different scenarios of 

implementation of a REC), supporting the Decision-maker in estimating the 

possible realization of one or the other of the possible scenario at the disposal of the 



 

 

 

 
175 

individuals. Similar to this, the proposed method could also represent a tool to 

estimate the elasticity of the demand. As demonstrated in Section 5.1.2 for instance, 

the method has been used to analyze the variation of the probability of the 

individuals to participate at specific configuration of a REC varying the price for 

their implementation, thus estimating an elasticity of the demand for such services. 

In this sense, a possible extension of the study could consist in further analyzing the 

acceptability of the different alternatives by the different types of individuals whose 

preference system has been estimated. This analysis would be an extension of the 

test performed in comparing the acceptability of the two alternatives public_H and 

esco_H, evaluating the different propensity of groups of individuals towards 

specific performance levels of the same REC proposed with different business 

models. For example, by analyzing the trade-offs between investment costs and 

energy savings for different groups of individuals (defined through their preference 

models), it would be possible to propose customized participatory models in order 

to optimize the economic resources involved while maximizing the probability of 

participation. 

It should be stressed that the present application represents a proof of concept for 

the applicability of the proposed method. Even if the method could be replicated in 

other urban areas, the results of this specific application could not be directly 

generalized. In particular, in the preliminary analysis conducted to determine if all 

the respondents could have been included in the analysis or not (Section 4.3.1), a 

substantial difference among the preferences of the respondents living in Turin and 

those living outside the city has been highlighted. For this reason, it may be 

concluded that the results cannot be generalized. Nevertheless, extending the scope 

of the research including respondents from different areas (thus enlarging the 

sample of respondents) some preference patterns at higher scales could be 

estimated. 

Two further considerations are necessary regarding the reliability of the results. The 

primary concern pertains to the utilization of stated preferences as the foundation 

for the study's empirical analyses. This particular aspect renders it difficult to 

eliminate the possibility of a discrepancy between the choice behavior that 

respondents claim to exhibit and the actual behavior they would demonstrate when 

confronted with the tangible prospect of allocating their resources. The integration 

of the proposed method with an analysis of revealed preferences could facilitate a 

comparison between the results obtained with the two approaches. However, it is 

important to note that the current lack of widespread diffusion of REC 

configurations limits the possibility of applying methods related to the revealed 

preference family. In any case, at present, the participation in RECs through 
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bottom-up initiatives by private citizens is still not a widespread phenomenon. 

Therefore, the main result of the study could be seen in the assessment of the 

individuals' trade-offs and preferences with regard to the performance of RECs 

depending on socio-demographic characteristics.  

Finally, the analysis performed combined a series of methods based on different 

assumptions (e.g., linearity of predictors in regression methods, parameters for 

determining value functions and absence of interaction between criteria in the 

UTAstar method, choice of socio-demographic characteristics, etc.) with the 

consequent risk of reducing the reliability of the final results. Once again, the study 

focused on testing the applicability of a formal model for analyzing individuals’ 

subjective characteristics (preferences) in relation to objective (socio-demographic 

characteristics) linked to urban transformations (in this specific case, the reduction 

of energy consumption in the built environment). A future development of the study 

could be to analyze specifically the individual methods used and the related 

assumptions, such as the possibility of evaluating multi-additive models in the case 

of interactions between selection criteria. 

For such reasons, it is recommended that the results of this study are interpreted 

with a degree of caution. 

6.2 Replicability and flexibility of the method 

The specific application of the method has focused on demonstrating its possible 

use in estimating the degree of acceptability of Renewable energy communities in 

the city of Turin. In particular, all the population data used to estimate both the 

percentage of the population likely to accept one configuration or another, and to 

determine the distribution of decision models in the urban environment, came from 

official open-source repositories provided by public authorities. The analysis of the 

data (from combining different datasets to generate the simulated population in the 

area, the spatialization of the results, and application of the regression models and 

the UTA method) was carried out using open-source scripts (either in Python 

language or in RStudio environment) and software (QGIS). This ensures the 

possibility to replicate the same method in different contexts, with only the need to 

carry out the population survey to collect data specific to the environment under 

study. In addition, the comparison of different results in different contexts could 

also prove useful in considering similarities and differences between individuals, 

with the possibility of studying possible intervention alternatives tailored to each 

specific case. 

It could also be emphasized that the same method could be useful in cases where 

the decision problem is different from the one analyzed in the present research. In 
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particular, by adapting the survey to case-specific situations in which the decision 

problem may affect the urban community, and thus the acceptability of the proposed 

intervention may be in line with (or in conflict with) the trade-offs of the population, 

it may be possible to study the population's preference for urban transformation 

interventions. This may help the public Decision-Maker in choosing the option that 

could be supported and accepted by the vast majority of the population, and also to 

consider possible corrective actions to accommodate divergent preferences in the 

commonly agreed solution. 
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 Appendices 

A. Case study: “A preference Learning-based approach 

for the design of green infrastructures” 

The application of the Preference Learning method has been already performed as 

a preparatory study in the determination of citizens’ preference toward the design 

of a new urban park in the city of Turin1. In the present section an extract of the 

study is presented. Aim of the study is to analyze the relation between socio-

economic attributes of users and urban park features in order to support Decision-

makers in the identification of different design alternatives for new urban parks. 

The research uses Preference Learning techniques in order to profile different park 

users based on their specific socio-economic attributes and to retrieve their 

preferences toward existing parks. The goal is to provide DMs with a data-driven 

supporting tool to analyze urban population’ demand in terms of green areas 

configuration and provided services (such as leisure infrastructures and facilities) 

in order to better design the layout of urban green areas. The investigation of park 

users’ profile could also give information about the possibility to establish 

participatory process tailored on the different categories of users. The proposed 

methodology extracts preferences from perceived characteristics recognized by 

interviewees when stating their preference for specific urban park. A case study 

concerning the introduction of a new urban park in the city of Turin (Italy) is 

proposed.  

A.2 Application 

The study focuses on a downgraded area called Basse di Stura (Figure A.1), located 

in the city of Turin (Italy). Due to the natural potentialities of the site and for its 

strategical location, local public administration has expressed its interest for the 

area, and has planned the construction of a new park in it. 

 

 

 
1 The present research has been conducted by Professor Marta Bottero, the candidate, Professor 

Alexis Tsoukias and Professor Brice Mayag, at the Laboratoire d’Analyse et de Modélisation de 

Systèmes pour l’Aide à la Décision (LAMSADE) - University Paris Dauphine. 
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Figure A.1 Existing parks in Turin and Basse di Stura study area (elaborated from Bottero et al., 

2020) 

Grounding on a previously conducted survey, the present study, analyses city users’ 

preferences toward the possible configuration of the forecasted park. The research 

focused on retrieve information about respondent’s preferred existing urban parks 

in the city, the perceived characteristics of that parks, and the socio-economic 

attributes of the interviewee (Table A.1). A total of 408 valid questionnaires have 

been collected, forming the dataset for the analysis conducted in the present 

research.  

 

Table A.1 Socio-economic attributes of respondents 

Attribute Type Range Number of attribute 

possible values 

Declared gender nominal [male; female] 2 

Age cardinal [18; 87]  

Nationality nominal -  

Family with kids dichotomic  [Yes; No] 2 

Single person family dichotomic [Yes; No] 2 

Elder living with the family dichotomic [Yes; No] 2 

Study level ordinal [elementary; PhD]  

Profession nominal -  

Income ordinal [<600;>10000]  

Weekly working hours ordinal [<20; >40]  

Residency neighbourhood  nominal [1;23]* 23 

Working neighbourhood nominal [1;23]* 23 
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*numeric ID of the city neighborhoods 

 

A.2.1 Process scaffolding 

The process to determine the users’ preferences toward the new park characteristics 

is divided in two subsequent steps by means of the construction of different 

matrixes (Figure A.2). The first one (Matrix of the users’ profile) will display each 

respondent’s socio-economic attributes and her preferred existing urban park (this 

will answer the question “who is the typical user?”); the second matrix (Matrix of 

parks characteristics) displays the existing characteristics of the preferred urban 

parks (answering the question “what are the characteristics on which the users base 

their preferences?”). A third matrix (Global profile matrix) will be constructed by 

the combination of the previous two. This matrix will contain the characteristics of 

each preferred park, and the typical profile of the respondents that prefer that park. 

By analyzing this last matrix, it will be possible to determine the socio-economic 

characteristics of each park user and to support the DM in defining the layout of the 

new urban green area according to different users’ preferences. In Figure A.2 it is 

displayed the process and analysis conducted to determine the three matrixes. The 

analysis on the socio-economic characteristics of the respondents have been 

performed using several algorithms embedded in the WEKA software. 
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Figure A.2 Research workflow 

 

> 1-Rule algorithm 

A preliminary analysis has been conducted applying a simple 1-Rule Algorithm 

(OneR) that classify instances using a single attribute among the set in order to 

provide a benchmark for further analysis. Applying the algorithm to the dataset, it 

chose the one socio-economic attribute that performs best in predicting the 

respondent preferred park. The analysis has been repeated recursively excluding the 

best performing attribute at each repetition. 

 

> Algorithms and attributes subset selection 

A second round of analysis aimed at investigating different algorithms and sub-sets 

of socio-economic attributes to predict respondents’ preference. The performance 

of each method has been evaluated considering the percentage of correct prediction 

and AUC value. The same dataset as been used both for training the algorithm and 

to validate it using a 10-fold-cross validation splitting method. Different subsets of 

attributes have been tested by adding or removing them using different wrapping 

techniques. 

 

> Matrixes construction 
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The Matrix of the users’ profile is constructed using the best performing algorithm, 

together with the subsets of attributes most frequently used in the previous step. 

The Matrix of parks characteristics has been built by calculating the frequency with 

which each characteristic has been noted as present in each preferred park by means 

of the following equation: 

 

𝐹𝑃𝑖,𝑥𝑖
=

∑ 𝑛𝑥𝑖

𝑁𝑃𝑖

           (2) 

 

where 𝐹𝑃𝑖,𝑥𝑖
 is the frequency with which a specific attribute 𝑥𝑖 is perceived as 

present in the park 𝑃𝑖, ∑ 𝑛𝑥𝑖
is the total number of questionnaires in which the 

respondent affirm that the attribute 𝑥𝑖 is present in park 𝑃𝑖, and 𝑁𝑃𝑖
 is the total 

number of questionnaires in which park 𝑃𝑖 is the preferred choice. 

 

A.3 Results  

In order to apply PL techniques to the dataset, it is necessary to set a minimum 

threshold of expressed preferences. In fact, using the same dataset for both training 

and testing the algorithms, the inclusion in the evaluation of less frequently 

preferred parks would have likely reduced the performance of the models. Further 

on, considering very specific preferences would have been outside of the scope of 

providing guidelines for the future park features design. Following these 

hypothesis, a minimum threshold of 30 preferences has been set, reducing the 

number of valid questionnaires to 328 ones, and the number of considered parks to 

5, namely 1) Valentino, 2) Pellerina, 3) Dora park, 4) Ruffini, and 5) Giardini Reali. 

A.3.1 Gravitation Effect  

The first analysis highlighted that the OneR model based on the attribute “Neighbor 

of residency” was the best performing one (57.68% precision and 0.70 AUC). The 

resulting preference are mapped in Figure A.3, dots mark the barycenter of 

neighbourhoods, and arrows the preferred park of respondents living there. 
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Figure A.3 preferred parks depending on the Neighborhood of residency 

 

The second and third best performing OneR model is the one using the working 

neighborhood (51.54% precision) and age (47.44% precision) to base the 

prediction. The other models perform close to the classification of instances 

assigning them always to the most popular class (i.e., Valentino park), with a 

41.77% of precision (see supplementary materials). The low performance of the 

latter models might reside in the number of possible values of the attributes used 

(Table A.1), being them fewer than the possible classes of preferred parks. 

Nonetheless, this first analysis highlights a certain degree of proximity effect, being 

the park closest to a respondent house her preferred one.  

A.3.2 Matrix of park characteristics  

The features that each respondent could have stated as present in her favorite park 

is displayed in Table A.2, and their frequency has been calculated according to (2). 

The results have been discretized in 5 possible clusters of frequency: (i) 0-25%, (ii) 

26-50%, (iii) 51-75%, (iv) 76-100%, while complete absence of an attribute is 

assigned when no respondent registered its presence. 
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Table A.2 Matrix of parks characteristics 
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1) Valentino 137                     
2) Pellerina 66                     
3) Dora 58                     
4) Ruffini 37                     
5) Giardini R. 30                     

 

 Absent 

 0-25% 

 26-50% 

 51-75% 

 76-100% 

 

From Table A.2, it appears clear that there is an overall homogeneity among the 

parks perceived features, with some specificity. The “sport oriented” features (Sport 

fields, Outdoor equipment, Cycle path, Children playground and Dog park) are the 

most registered ones, with specific concentration in the Ruffini park: here almost 

all the respondents affirm the presence of such characteristics without noticing 

almost any other characteristic. Valentino park and Giardini Reali one are the only 

two in which the presence of historical features is recognized, testified by the 

presence of “Educational tour” feature. The other characteristics are perceived by a 

low amount of respondents justifying the assumption that they are either not 

present, or their presence is not perceived. 

A.3.3 Matrix of users’ profile 

Eight algorithms have been tested together with three attribute selection methods 

(backward, forward and bi-directional selection) and their performance evaluated 

regarding their prediction accuracy and AUC value. Results are shown in Table 

A.3. 
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Table A.3 algorithms and set of attributes used in the different models 

 

Selection 

method 

  Selected 

attributes 
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Naïve Bayes 

X   47.26 0.729             

 X  46.04 0.725             

  X 46.65 0.729             

SMO 

X   47.26 0.656             

 X  48.48 0.648             

  X 49.70 0.657             

Multilayer Perceptron 

X   46.65 0.646             

 X  48.48 0.674             

  X 48.78 0.682             

IBK 

X   55.18 0.733             

 X  57.93 0.777             

  X 57.93 0.777             

PART 

X   54.88 0.741             

 X  55.18 0.761             

  X 54.88 0.764             

JRip 

X   55.18 0.675             

 X  53.05 0.683             

  X 55.18 0.677             

J48 

X   56.90 0.737             

 X  59.15 0.735             

  X 58.54 0.739             

Random Forest 

X   58.54 0.794             

 X  56.40 0.793             

  X 58.23 0.799             

Total appearance      16 9 7 13 9 8 10 7 8 7 23 8 

 

The best performing algorithm is the J48 (decision tree), with an accuracy ranging 

from 56.90% to 59.15%, and an AUC from 0.735 to 0.739. Due to this good 

performance the J48 has been further used to extract the park users’ profile. To do 

so, four J48 models have been tested using a 10-fold cross validation approach 

repeated 25 times each, and the results averaged. The four algorithms (Table A.4) 

used different subsets of attributes: (i) the first model used the same subset as the 

most accurate J48, while the other three add (ii) “Age” and (iii) “Study Level” and 

(iv) both attributes. In particular, the choice of subsets is derived by Table A.3, 

being “Age” and “Study level” the two most frequent attributes other than the subset 

used by the best performing J48. 
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Table A.4 Decision tree models applied to construct the users’ profile 
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Average 

Percentage of 

correct Average AUC 

1st  X  X X X  X X 62.04 0.772 

2nd  X X X X X  X X 55.32 0.729 

3rd  X  X X X X X X 54.72 0.727 

4th  X X X X X X X X 55.88 0.719 

 

All the models yelled quite good AUC values (higher than 0.5). The first model has 

the highest percentage of correctness but resulted in a pretty big tree (tree size = 71) 

making it hard to interpret the results. The same could be said about the third model 

(tree size = 49). The second model has the second to highest AUC, with a 

percentage of corrected prediction aligned with the second to best one, while 

keeping the dimension of the tree manageable (tree size = 25). The third model has 

a quite good prediction capacity but lacks information regarding one of the parks: 

Giardini Reali is not represented in any leaf of the tree, making it impossible to 

determine a user profile for this park. Therefore, the second model has been used 

to extract the users’ profile and its graphical representation is presented in Figure 

A.4. 

 
Figure A.4 Decision tree of the 2nd model 

 

The Decision Tree in Figure A.4 could be analyzed to define the rules that lead to 

the preference for a specific park. In particular, starting from a leaf, it is possible to 

reconstruct unique socio-economic user’s profile in the form of “if…, then…” rules, 

following the splitting conditions up until the first one (in our case being “Age” 

either lower or greater than 30). Taking the left outermost leaf, for example, a set 
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of rules is extracted: “if the respondent (i) works in neighborhood 1, and (ii) she 

lives in a neighborhood with ID in the range 1 to 4, and (iii) she is younger than 30 

years old, then she will prefer Giardini Reali Park”. The same procedure is repeated 

for each leaf to build the Matrix of the users’ profile, each set of rules representing 

the socio-economic profile of a user preferring a specific park over all the others. 

A.3.4 Global profile matrix 

Combining the two previously generated matrixes, the Global profile matrix is 

constructed (Table A.5). Each row of this matrix identifies the socio-economic 

profile of a park user (Matrix of the user’s profile), and the attributes that are present 

(or perceived as so) in her preferred park (Matrix of park characteristics). 

 
Table A.5 Global profile matrix 
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R
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 I
D

 

Valentino 137                     A 

 

Age<=30, & Work>1, & 

Res∈[1;3] 

Age∈[21;30], & Res∈[4;13] 
Age>30,& Res∈[1;2]⋃[9;13] 

B 

C 

Pellerina 66                     D Age<=21, & Res∈[5;23] 

Age∈[21;30], & Res∈[13;23] 

Age>30, & Gen=M, AND 

Res∈[6;8] 

Age>30, & Res=14 

E 

F 
 

G 

Dora 58                     H 

 

Age>30, & Gen=F, AND 

Res∈[6;8] 

Age>30, & Res∈[15;23] I 

Ruffini 37                     L 

 
Age>30, & Res∈[3;5]⋃[12;13] 

Giardini 

Reali 

30                     M 

 

Age<=30, & Work=1, & 

Res∈[1;4] 

 

By spatializing the identified rules (Figure A.5), it is possible to highlight which are 

the preferences of the respondents depending on their Neighborhood of residency, 

and, considering the proximity effect, the preference of the individuals that are most 

likely to become the most frequent users of the forecasted park.  
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Figure A.5 Spatialization of the Decision rules 

 

In particular, it appears clear that the respondents located in the gravitational area 

of the forecasted new park follow rules D, E and I, with a main preference for 

Pellerina Park and Dora Park, the main predictors being the age of the respondents. 

Furthermore, Table A.6 displays a comparison between the original Matrix of park 

characteristics, and a second one constructed by limiting the application of equation 

(2) to the profiles that satisfy the highlighted Decision Rules (D, E, and I). 

 

Table A.6 Matrix of park characteristics according to the Decision Rules 
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Pellerina  66 .05 .02 .08 .05 .05 .06 0 .02 0 0 .02 0 .65 .23 .47 .53 .64 .64 .23 .03 

Pellerina 
limit 

20 

.05 .05 .10 .05 .10 .05 0 0 0 0 .05 0 .75 .10 .55 .40 .65 .60 .20 .05 

∆Pellerina   .03 .02  .05 -.01  -.02   .03  .10 -.13 .08 -.13 .01 -.04 -.03 .02 

Dora  58 .03 .19 .02 .05 .03 0 .03 .02 .02 .22 .03 .16 .55 .69 .66 .60 .71 .60 .26 .03 

Dora limit 45 .04 .24 0 .04 .04 0 .04 .02 .02 .22 .04 .18 .56 .69 .67 .60 .71 .58 .24 .02 

∆Dora  .01 .05 -.02 -.01 .01  .01    -.01 .02 .01  .01   -.02 -.02 -.01 
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The perceived frequency of park feature remains quite stable, with some prominent 

variations limited to the Pellerina park, where “Sport fields” and “Outdoor 

equipment” rise by 10 and 8 percentage points respectively, while “Skatepark” and 

“Cycle path” reduce their perceived frequency by 13 percent. 

 

A.4 Discussions 

> Urban green area accessibility and services provision 

The first analysis conducted using a simple 1-rule algorithm (OneR) has highlighted 

the presence of a gravitational effect confirming the propensity to prefer a park 

close to the residency neighborhood. This trend seems to be confirmed by the 

spatialization of rules A, G, and L, while rule F and H might be explained with a 

potential deficit in the provision of park characteristics: these two profiles prefer to 

commute longer distances to enjoy spending time in a park further away. The same 

holds true for rule D, E and I when spatialized in the eastern and southern part of 

the city, and thus distant form the preferred parks located in the north-west part of 

the city. Also rule B follows the same pattern: with its corresponding user’s profiles 

(age between 21 and 30 years old) preferring the Valentino park located in the 

eastern part of the city, rather than parks closer to their neighborhood of residency 

(mostly located in the western part). It is worth noting that Valentino Park is located 

near one University, and this preference might reflect this aspect. In fact, “Working 

neighborhood” attribute did not specifically take into consideration faculties 

locations as working places for university students for example (aspect that might 

be worth investigating in the future).  

> Socio-economic predictors 

The present study found that several attributes could be used as predictors of the 

individual preference towards urban parks such as gender, neighborhood of 

residency, and attributes related to family composition (presence of kids or elder 

people or a single person family). This outcome is consistent with other studies 

related to landscape and park preferences based on gender and family composition. 

Marital status influences on park attributes perception is also highlighted together 

with a negative correlation between the distance from respondents’ home to an 

Urban Green Area.  

Similar to other studies, the analysis of the different algorithms (Table A.2) has 

shown that other attributes such as “Age” and “Study level” have some potential in 

preferences prediction. The influence of these two socio-economic attributes is 

consistent with several sources). The high predictive potential of the Residency 

Neighborhood (used in 23 out of 24 of the models) seems coherent with the fact 



 

 

 

 
190 

that people tend to consider important to have urban green areas close to their home 

while it also gives important insight of the possible lack of green area provision and 

their specific characteristics in certain parts of the city. Rather than being related to 

specific park amenities, the gender attribute might be related to safety perception. 

Regarding this, no specific question has been designed in the questionnaire to 

evaluate this aspect, representing a possible further expansion of the analysis.  

Also the highlighted attributes describing family composition seem reasonable to 

influence the preference: families with fragile members such as elder people or kids 

might prefer specific parks, while single person might favor them depending on 

social interactions possibilities. Finally, considering the study level, this attribute 

has been often associated with vegetation perception. While it might be difficult to 

establish a correlation between Study Level and park attributes, it has been argued 

that the interactions among demographic variables should not be neglected. In light 

of this, for example, we might consider some sort of overlapping between age, 

educational level, and the family composition. A further investigation of this aspect 

might be beneficial in order to better understand the predictive capacity of such 

attribute. 

> Design of the new park 

As already showed, rules D, E and I are the one that are spatialized in the area where 

the new park is meant to be established. Especially rule D and E might be 

interpreted as a lack of the provision of recreational activities in the area: the matrix 

of parks’ characteristics (Table A.2), in fact, shows an increase of the frequency of 

respondents noticing the presence of such characteristics in the park that they have 

chosen as their preferred one (“Sport field” +10%, “Outdoor equipment” +8%). 

Considering the low score of the majority of characteristics (most of them less than 

10%), and the reduction of other frequently perceived ones such as “Cycle path” (-

13%), and “Dog park” (-4%) both actually present in the Pellerina park2 it might 

be said that there is a demand for outdoor sport facilities in the area among the 

young population. 

Regarding the presence of such facilities in parks, there is no agreement over their 

influence on user perception. Some Authors recognize a low importance attributed 

to furniture and recreational facilities, while others highlight the presence of trade-

offs between recreational facilities and natural characteristics. 

Our study confirms the importance of recreational facilities, suggesting that one of 

the principal characteristics that determine the preference of parks is their presence 

in the park. For these reasons, it is desirable that the design of the new park to be 

 

 
2 http://www.comune.torino.it/verdepubblico/parco-della-pellerina/ 
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established in the Basse di Stura area would focus explicitly on the provision of 

these types of infrastructures (i.e., sport fields, outdoor equipment). This strategy 

would likely attract the younger population more interested in these characteristics 

(rule D and E). 

Considering rule I, the preference towards Dora park seems to confirm the demand 

for recreational facilities, being them the most perceived features. Limiting the 

frequency of park attributes to the users that have expressed their preference for this 

park (Table A.6), the scores of each attribute remains quite stable, with the highest 

difference registered for the presence of “Educational tours” (+5%). Indeed, the 

Dora park is deeply informed by its industrial heritage features that constitutes the 

most iconic element of the park and this is acknowledged by the respondents (19% 

and 24% frequency of  “Educational tour”). Also the Pellerina park is characterized 

by the presence of cultural heritage buildings, but this aspect is less noted by the 

respondents. Indeed, it might be argued that cultural attractions are less valued in 

park use motivations. The results suggest that the cultural heritage preservation 

might not be a priority in the design of the new park. This outcome could suggest 

the possibility for the DMs to envision adaptive reuse of the cultural heritage in the 

area, with the necessity to further investigate this specific aspect. 

Also other human-nature interaction characteristics have been highlighted, 

especially in the Pellerina park. Here, the presence of natural trails and the 

possibility for birdwatching are not neglected by respondents’ perception, requiring 

a specific attention to be given to the balance of natural-artificial aspects of the new 

park design. 

 

A.5 Conclusions 

The provision of green spaces has been stressed as fundamental to enhance the 

quality of life of urban population, providing them with a large variety of benefits. 

Considering the preferences of final users towards Urban Parks characteristics is 

fundamental to increase their satisfaction and the public support of urban green 

infrastructure administration. 

In this research, the Preference Learning approach has been used to determine 

possible design guidelines of a new urban park in Turin by deriving people’s 

preference for existing parks in the city.  

First of all, a “gravitational effect” on park preferences has been confirmed by the 

use of a simple Machine-Learning algorithm (OneR). Furthermore, socio-economic 

characteristics like gender, neighborhood of residency, family composition, age, 

and educational level could be used as predictors to determine individual 
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preferences toward different urban parks characteristics. Finally, the combination 

of park users’ profile and the preferred parks perceived characteristics in the Global 

profile matrix has allowed to determine the demand for certain park characteristics 

in different areas of the city. Specifically considering the area under investigation, 

the recognition of the features that are most frequently perceived by the proximity 

users of the future park reveals the demand for recreational and sport facilities. At 

the same time, the respondents do not seem to have preferences towards the possible 

preservation of the historical building heritage of the area. This information could 

be useful to help Decision Makers to define strategies in defining the most 

successful layout of the “Basse di Stura” regeneration project.  

This study proves that the application of Machine Learning technique could be used 

as a decision supporting tool in regeneration processes. Furthermore, such 

techniques might enhance participation by individuating possible stakeholders 

potentially interested in the process, as well as their preferences. The followed 

workflow could be useful to reduce the bias of respondents in expressing their 

preferences toward attributes and the limitation of other methods (i.e. the limited 

number of characteristics in a Choice Experiment).   

This study is fundamentally explorative in nature, and it might be extended in order 

to provide a wider spectrum of insight on the design of urban green areas 

alternatives. First of all, a more complex Decision Tree might be used to generate 

more rules and thus identify more specific park users’ profiles. Furthermore, the 

expansion of the number of respondents might be welcome to include some existing 

urban parks excluded in the data pre-processing phase. This last possibility might 

also help solve one of the limitation of the current study: the absence of several 

facilities in existing urban parks, in fact, limits the spectrum of possible features 

and characteristics that could be envisioned for the new urban area to the one 

existing in the 5 analyzed ones. Further considering the less frequently perceived 

green areas characteristics, it might be possible to deepen their analysis, as well as 

to focus on others that are not present in the existing parks of the city by combining 

different evaluation methods (Choice experiment, Social Media reviews etc.), thus 

ensuring the meeting of the population demands and proposing more innovative 

alternative uses and amenities. 
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B. Meta-analysis of Italian case studies 

 
Table B.1 Meta-analysis of the reconstructed Italian case studies analyzed in the literature review 
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[29]†         

Baseline 5,760 1,900 0 0.0 0.0 0 1,975 1,223 

1 4,160 1,900 1,250 23.6 56.1 1,341 1,533 929 

2 3,495 1,900 585 33.4 79.5 2,533 1,349 806 

3 3,720 1,900 810 30.1 71.6 1,760 1,412 848 

4 3,085 1,900 175 39.4 93.9 3,303 1,236 731 

5 3,895 1,900 3,835 27.5 32.7 2,261 1,460 880 

6 2,055 1,900 1,995 54.6 65.0 5,149 952 542 

7 2,975 1,900 2,915 41.1 48.9 2,992 1,206 711 

8 1,610 1,900 1,550 61.2 72.8 6,600 829 460 

9 4,160 1,710 355 25.1 87.5 1,824 1,495 913 

10 3,720 1,710 155 31.6 94.6 2,243 1,373 832 

11 3,895 1,710 405 29.0 92.9 3,950 1,422 864 

12 3,895 1,710 165 29.0 97.1 4,439 1,422 864 

[28]*         

Baseline(Crocetta) 1,660 15,978 0 0.0 0.0  3,686 1,739 

1_Cr 1,212 15,978 192 4.4 70.0 644 3,562 1,641 

2_Cr 780 15,978 377 8.6 70.0 2,136 3,443 1,546 

Baseline(Arquata) 1,180 10,754 0 0.0 0.0  2,498 1,184 

1_Ar 861 10,754 137 4.6 70.0 472 2,410 1,114 

2_Ar 389 10,754 339 11.3 70.0 2,291 2,280 1,011 

[98]         

Baseline(TN) 8,974 0 0 0.0 0.0 0 2,470 1,967 

1_Tn 6,836 0 1,745 24.0 55.3 1,151 1,889 1,504 

2_Tn 6,365 0 3,224 28.8 44.4 1,651 1,759 1,400 

3_Tn 6,156 0 5,011 31.5 36.1 2,056 1,701 1,354 

Baseline(PD) 8,646 0 0 0.0 0.0 0 2,383 1,898 

1_Pd 6,401 0 2,000 25.9 52.8 1,151 1,769 1,408 

2_Pd 6,020 0 3,642 30.2 41.7 1,651 1,663 1,324 

3_Pd 5,830 0 5,674 32.8 33.4 2,056 1,611 1,283 

Baseline(Bl) 9,196 0 0 0.0 0.0 0 2,533 2,017 

1_Bl 7,018 0 1,862 23.9 54.2 1,151 1,939 1,544 

2_Bl 6,564 0 3,382 28.4 43.5 1,651 1,814 1,444 

3_Bl 6,338 0 5,220 31.1 35.4 2,056 1,751 1,394 

[101]*         

Baseline 1,470 10,073 0 0.0 0.0 0 406 366 

1 1,136 10,073 33 4.9 91.0 238 314 283 

2 1,000 10,073 265 6.8 64.0 425 276 249 

3 941 10,073 573 7.7 48.0 597 260 234 
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4 911 10,073 911 8.1 38.0 759 252 227 

[102]         

Baseline(Pi) 2,750 9,410 0 0.0 0.0 0 2,661 1,414 

1_Pi 1,819 9,410 224 11.9 80.6 1,281 2,403 1,209 

2_Pi 3,869 344 270 20.4 79.4 4,825 1,138 881 

Baseline(Ab) 2,750 6,939 0 0.0 0.0 0 2,161 1,202 

1_Ab 1,827 6,939 217 14.2 81.0 1,194 1,906 999 

2_Ab 3,208 323 261 22.8 79.3 4,288 952 733 

Baseline(Ba) 2,750 6,089 0 0.0 0.0 0 1,990 1,129 

1_Ba 1,824 6,089 215 15.4 81.2 1,125 1,734 925 

2_Ba 3,026 256 255 23.8 79.5 4,023 888 688 

Baseline(Cal) 2,750 3,966 0 0.0 0.0 0 1,561 946 

1_Cal 1,825 3,966 208 18.9 81.7 1,083 1,305 742 

2_Cal 2,526 272 248 26.8 79.8 3,336 753 579 

Baseline(Cam) 2,750 5,454 0 0.0 0.0 0 1,861 1,074 

1_Cam 1,829 5,454 219 16.2 80.8 1,138 1,607 871 

2_Cam 2,856 347 252 24.2 79.4 3,754 859 658 

Baseline(ER) 2,750 8,722 0 0.0 0.0 0 2,522 1,355 

1_Er 1,841 8,722 227 12.2 80.0 1,277 2,271 1,155 

2_Er 3,696 402 253 20.2 79.7 4,651 1,102 848 

Baseline(FVG) 2,750 10,086 0 0.0 0.0 0 2,797 1,472 

1_Fvg 1,861 10,086 214 10.9 80.6 1,312 2,552 1,277 

2_Fvg 3,921 648 251 18.9 79.8 4,761 1,214 918 

Baseline(La) 2,750 5,124 0 0.0 0.0 0 1,795 1,046 

1_La 1,811 5,124 215 17.0 81.3 1,129 1,536 839 

2_La 2,765 311 259 25.4 79.4 3,725 827 635 

Baseline(Li) 2,750 7,273 0 0.0 0.0 0 2,229 1,230 

1_Li 1,846 7,273 207 13.6 81.4 1,237 1,979 1,032 

2_Li 3,263 488 245 21.8 80.0 4,055 1,000 760 

Baseline(Lo) 2,750 9,106 0 0.0 0.0 0 2,599 1,388 

1_Lo 1,852 9,106 219 11.7 80.4 1,261 2,351 1,191 

2_Lo 3,875 279 235 19.4 80.5 4,701 1,127 876 

Baseline(Ma) 2,750 7,390 0 0.0 0.0 0 2,253 1,241 

1_Ma 1,838 7,390 228 13.5 80.0 1,247 2,001 1,040 

2_Ma 3,370 320 246 21.4 79.7 4,443 996 769 

Baseline(Mo) 2,750 7,093 0 0.0 0.0 0 2,193 1,215 

1_Mo 1,822 7,093 222 14.1 80.7 1,173 1,936 1,011 

2_Mo 3,237 325 265 22.7 79.1 4,124 960 740 

Baseline(Pu) 2,750 4,458 0 0.0 0.0 0 1,660 988 

1_Pu 1,810 4,458 216 18.2 81.3 1,098 1,401 782 

2_Pu 2,641 240 255 26.4 79.6 3,626 778 602 

Baseline(Sa) 2,750 4,243 0 0.0 0.0 0 1,617 970 

1_Sa 1,791 4,243 216 19.1 81.6 1,084 1,352 759 

2_Sa 2,569 264 247 26.9 80.2 3,395 763 588 

Baseline(Si) 2,750 3,625 0 0.0 0.0 0 1,492 917 

1_Si 1,797 3,625 207 20.3 82.1 1,033 1,229 707 

2_Si 2,443 208 253 28.3 79.9 3,300 717 555 

Baseline(To) 2,750 7,155 0 0.0 0.0 0 2,205 1,220 

1_To 1,822 7,155 224 14.1 80.6 1,217 1,949 1,016 

2_To 3,212 427 261 22.5 79.3 4,213 974 743 

Baseline(TAA) 2,750 11,224 0 0.0 0.0 0 3,027 1,570 

1_Taa 1,888 11,224 187 9.8 82.2 1,283 2,789 1,381 

2_Taa 4,278 652 234 17.8 81.1 4,879 1,314 997 
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Baseline(Um) 2,750 7,990 0 0.0 0.0 0 2,374 1,292 

1_Um 1,833 7,990 221 13.0 80.6 1,190 2,120 1,090 

2_Um 3,515 352 245 20.8 79.9 4,410 1,042 804 

Baseline(VDA) 2,750 14,627 0 0.0 0.0 0 3,714 1,863 

1_Vda 1,879 14,627 183 8.2 82.6 1,308 3,474 1,671 

2_Vda 5,075 607 271 16.8 80.1 5,322 1,525 1,169 

Baseline(Ve) 2,750 8,495 0 0.0 0.0 0 2,476 1,336 

1_Ve 1,852 8,495 216 12.3 80.6 1,253 2,228 1,138 

2_Ve 3,711 272 235 20.0 80.4 4,598 1,080 840 

[60]*†         

Baseline 2,902 9,410 0 0.0 0.0 0 2,703 1,448 

1 1,876 9,410 571 12.9 64.3 1,347 2,419 1,222 

[47]*         

Baseline 3,524 3,625 0 0.0 0.0 0 1,706 823 

1 2,396 3,625 851 20.6 57.0 1,671 1,394 659 

[236]         

Baseline 2,373 6,939 0 0.0 0.0 0 2,057 1,119 

1 2,008 6,939 0 6.0 100.0 347 1,956 1,038 

2 1,723 6,895 4 11.0 99.5 972 1,869 972 

3 1,609 6,752 7 14.1 99.3 1,509 1,809 935 

4 1,546 6,659 142 16.0 90.3 1,816 1,772 913 

5 1,500 6,789 694 15.6 62.1 1,960 1,786 914 

6 1,465 6,939 1,287 14.9 41.4 2,083 1,806 919 

7 1,437 6,939 1,625 15.3 36.5 2,431 1,799 913 

8 1,416 6,939 1,970 15.7 32.7 2,778 1,793 908 

[151]         

Baseline 36,000**  0 0.0 0.0 0 8,429 5,357 

1 23,143**  0 0.0 0.0 20,024 5,333 3,714 

[150]*†         

Baseline 3,826 9,234 0 0.0 0.0 0 2,922 1,498 

1 4,472 0 463 29.3 80.0 4,121 1,236 823 

2 3,962 0 2,270 37.4 51.0 4,996 1,095 729 

3 3,823 0 4,447 39.5 36.0 5,799 1,056 703 

4 4,032 0 23 36.3 99.0 5,104 1,114 742 

5 4,217 0 208 33.3 91.0 4,483 1,165 776 

6 2,146 0 454 66.1 90.2 7,784 593 395 

7 3,286 0 1,593 48.0 65.6 5,560 908 605 

8 1,155 0 1,779 81.7 74.4 9,376 319 213 

9 2,795 0 3,418 55.8 50.8 6,452 772 514 

[62]*†         

Baseline 4,097 9,410 0 0 0 0 3,033 1,711 

1 2,718 9,410 57 15 96 1,187 2,652 1,407 

2 2,681 9,410 74 15 95 1,232 2,642 1,399 

3 2,603 9,410 112 16 93 1,335 2,620 1,382 

4 2,536 9,410 173 17 90 1,438 2,601 1,367 

5 2,475 9,410 221 18 88 1,541 2,585 1,354 

6 2,421 9,410 296 18 85 1,643 2,570 1,342 

7 2,372 9,410 379 19 82 1,746 2,556 1,331 

8 2,328 9,410 442 19 80 1,849 2,544 1,321 

9 2,289 9,410 540 20 77 1,951 2,533 1,313 

10 2,253 9,410 615 20 75 2,054 2,523 1,305 

11 2,220 9,410 694 20 73 2,157 2,514 1,298 

12 2,190 9,410 779 21 71 2,259 2,506 1,291 
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13 2,161 9,410 911 21 68 2,362 2,498 1,285 

14 2,134 9,410 967 21 67 2,465 2,490 1,279 

15 2,109 9,410 979 22 67 2,568 2,483 1,273 

16 2,085 9,410 1,084 22 65 2,670 2,477 1,268 

17 2,062 9,410 1,195 22 63 2,773 2,471 1,263 

18 2,041 9,410 1,315 22 61 2,876 2,465 1,258 

19 2,021 9,410 1,384 23 60 2,978 2,459 1,254 

20 2,003 9,410 1,517 23 58 3,081 2,454 1,250 

21 1,985 9,410 1,593 23 57 3,184 2,449 1,246 

22 1,969 9,410 1,672 23 56 3,286 2,445 1,242 

23 1,953 9,410 1,826 23 54 3,389 2,440 1,239 

24 1,938 9,410 1,915 24 53 3,492 2,436 1,236 

25 1,923 9,410 2,007 24 52 3,595 2,432 1,232 

*for these data, the energy consumption for heating from Canova et al. [102] have been 

taken,  

**only given as primary energy consumption,  

***all the electricity self-consumed within the community is considered (also the one used 

for energy conversion).  

†: for these studies SSR was not given, but it has been calculated based on self consumption 

and production data. 
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C. The questionnaire 

The following images show the online questionnaire that the respondents were 

asked to fill in. These were preceded by an introductory part explaining the 

questionnaire and its aims. A short video was included to provide information 

regarding the REC concept 

 

 
Figure C.1 Screenshot of the explanatory video presented in the questionnaire 

 

 
Figure C.2 Introductory 4-point Likert scale questions to gather introductory data regarding 

respondent’s inclination toward RECs and their possible economic, environmental, and social 

benefits. 
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Figure C.3 Selection of the alternatives that the respondent would have accepted, maybe accepted, 

or rejected. It is worth noting that the respondent was exposed to all the alternatives in the same 

webpage (this part was explained with a short video to explain the meaning of the different 

performance attributes of the offered REC). 

 

 
Figure C.4 First ranking of alternatives in which the respondent was asked to assign an order of 

preference to the alternatives for which the answer “YES” was given. This part was introduced by 

a short video to explain how to proceed with the ranking of the alternative 
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Figure C.5 Second ranking of alternatives in which the respondent was asked to assign an order of 

preference to the alternatives for which the answer “MAYBE” was given. 

 

 
Figure C.6 Set of questions to gather socio-demographic information regarding respondents and 

their household 
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Figure C.7 Final question regarding the position -or in proximity- of the respondents’ household of 

residency. Alternatively, respondents were asked to specify their postcode.   
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D. GLMM models 

In the following tables the preparatory analysis to the definition of the Generalized 

linear mixed model are presented 

 

 

Table D 1 First analysis including all the variable classes from the questionnaire 

Predictors OR CI 95% p    

Numerical       

Intercept 3.70 0.67-20.52 0.135    

Inv_cost (k€) 0.75 0.73-0.76 <0.001    

Cost_sav (k€) 4.58 3.21-6.53 <0.001    

Emis_sav(tCO2) 1.66 1.47-1.89 <0.001    

SSuff(%) 1.43 1.38-1.47 <0.001    

HH_num 0.87 0.75-1.00 0.052    

Categorical        

Age [20-24] ref.      

Age [25-29] 0.98 0.36-2.67 0.970    

Age [30-34] 0.83 0.31-2.24 0.716    

Age [35-39] 0.57 0.20-1.58 0.281    

Age [40-44] 0.31 0.10-0.97 0.045    

Age [45-49] 0.60 0.22-1.68 0.332    

Age [50-54] 0.57 0.20-1.65 0.305    

Age [55-59] 0.57 0.21-1.57 0.276    

Age [60-64] 0.30 0.10-0.86 0.025    

Age [65-69] 0.34 0.12-0.98 0.045    

Age [70-74] 0.51 0.14-1.88 0.310    

Age [75+] 0.26 0.07-0.92 0.037    

Age [< 35]       

Age [35-60]       

Age [60+]       

HH_num [>3]       

HH_num [3+]       

HH_inc [<15k] ref.      

HH_inc [15-28k] 0.98 0.43-2.20 0.954    

HH_inc [28-55k] 1.35 0.60-3.03 0.472    

HH_inc [55-75k] 1.26 0.54-2.97 0.596    

HH_inc [75k+] 1.72 0.72-4.11 0.220    

HH_inc [<28k]       

HH_inc [28-75k]       

HH_inc [75k+]       

Edu_lev [middle] ref.      

Edu_lev [high] 0.21 0.05-0.92 0.039    

Edu_lev [Dgr] 0.20 0.05-0.87 0.032    

Edu_lev [Dgr+] 0.16 0.04-0.71 0.016    

Edu_lev [Dgr_N]       
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Edu_lev [Dgr_Y]       

Gender [Fem]       

Gender [Mal]       

HH_prop [rent]       

HH_prop [own]       

Random Effects       

σ2 3.29      

τ00 1.36      

ICC 0.29      

Evaluation metrics      

AIC 6093      

BIC 6277      

Marginal R2 / 

Conditional R2 

0.595 / 

0.714 

     

 

 

 

Table D.2 Interaction between household income level and REC performance on the association 

with the odd to accept 

Predictors OR p OR p OR p OR p 
Numerical         
Intercept 0.71 0.245 0.78 0.407 0.73 0.280 0.75 0.336 

Inv_cost (k€) 0.73 <0.001 0.75 <0.001 0.75 <0.001 0.75 <0.001 

Cost_sav (k€) 4.57 <0.001 3.38 <0.001 4.58 <0.001 4.58 <0.001 

Emis_sav(tCO2) 1.66 <0.001 1.67 <0.001 1.52 <0.001 1.66 <0.001 

SSuff (%) 1.43 <0.001 1.43 <0.001 1.43 <0.001 1.36 <0.001 

Categorical          

Age [< 35] ref.  ref.  ref.  ref.  

Age [35-60] 0.62 0.012 0.62 0.013 0.62 0.013 0.62 0.013 

Age [60+] 0.38 <0.001 0.38 <0.001 0.38 <0.001 0.38 <0.001 

HH_num [>3] ref.  ref.  ref.  ref.  

HH_num [3+] 0.69 0.022 0.69 0.022 0.69 0.021 0.69 0.021 

HH_inc [<28k] ref.  ref.  ref.  ref.  

HH_inc [28-75k] 1.19 0.430 1.06 0.819 1.15 0.512 1.08 0.736 

HH_inc [75k+] 1.27 0.405 1.07 0.827 1.19 0.544 1.19 0.540 

Edu_lev [Dgr_N] ref.  ref.  ref.  ref.  

Edu_lev [Dgr_Y] 0.80 0.335 0.80 0.325 0.80 0.327 0.80 0.321 

Gender [Fem] ref.  ref.  ref.  ref.  

Gender [Mal] 0.82 0.189 0.82 0.191 0.82 0.191 0.83 0.195 

HH_prop [rent] ref.  ref.  ref.  ref.  

HH_prop [own] 0.82 0.254 0.82 0.258 0.82 0.259 0.82 0.261 

Interactions         

Inv_cost (k€) 

    *HH_inc [28-75k] 

 

1.01 

 

0.641 

      

    *HH_inc [75k+] 1.04 0.096       

Cost_sav (k€) 

    *HH_inc [28-75k] 

   

1.36 

 

0.224 

    

    *HH_inc [75k+]   2.05 0.022     

Emis_sav(tCO2) 

    *HH_inc [28-75k] 

     

1.08 

 

0.451 
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    *HH_inc [75k+]     1.30 0.041   

SSuff (%)  

    *HH_inc [28-75k] 

       

1.05 

 

0.181 

    *HH_inc [75k+]       1.10 0.042 

Random Effects         

σ2 3.29  3.29  3.29  3.29  

τ00 1.42  1.42  1.41  1.41  

ICC 0.30  0.30  0.30  0.30  

Evaluation metrics       

AIC 6080  6078 6079 6079 

BIC 6189 6186 6187 6187 

Marginal R2 / 
Conditional R2 

0.590 /  

0.714 

0.591 /  

0.714 

0.591 / 

0.714 

0.591 / 

0.713 

 
 

 
Table D.3 Interaction between education level and REC performance on the association with the 

odd to accept 

Predictors OR p OR p OR p OR p 
Numerical         
Intercept 0.64 0.155 0.63 0.159 0.63 0.148 0.70 0.261 

Inv_cost (k€) 0.75 <0.001 0.75 <0.001 0.75 <0.001 0.75 <0.001 

Cost_sav (k€) 4.57 <0.001 4.81 <0.001 4.57 <0.001 4.57 <0.001 

Emis_sav(tCO2) 1.66 <0.001 1.66 <0.001 1.70 <0.001 1.66 <0.001 

SSuff (%) 1.42 <0.001 1.42 <0.001 1.42 <0.001 1.39 <0.001 

Categorical          

Age [< 35] ref.  ref.  ref.  ref.  

Age [35-60] 0.62 0.012 0.62 0.012 0.62 0.012 0.62 0.012 

Age [60+] 0.38 <0.001 0.38 <0.001 0.38 <0.001 0.38 <0.001 

HH_num [>3] ref.  ref.  ref.  ref.  

HH_num [3+] 0.69 0.022 0.69 0.022 0.69 0.022 0.69 0.022 

HH_inc [<28k] ref.  ref.  ref.  ref.  

HH_inc [28-75k] 1.27 0.178 1.27 0.178 1.27 0.178 1.27 0.178 

HH_inc [75k+] 1.65 0.034 1.65 0.034 1.65 0.034 1.65 0.035 

Edu_lev [Dgr_N] ref.  ref.  ref.  ref.  

Edu_lev [Dgr_Y] 0.82 0.472 0.83 0.538 0.82 0.493 0.73 0.269 

Gender [Fem] ref.  ref.  ref.  ref.  

Gender [Mal] 0.82 0.192 0.82 0.255 0.82 0.255 0.82 0.192 

HH_prop [rent] ref.  ref.  ref.  ref.  

HH_prop [own] 0.82 0.256 0.82 0.255 0.82 0.255 0.82 0.257 

Interactions         

Inv_cost (k€) 

    *Edu_lev Dgr_Y] 
1.00 0.915       

Cost_sav (k€) 

    *Edu_lev Dgr_Y] 
  0.94 0.858     

Emis_sav(tCO2) 

    *Edu_lev Dgr_Y] 
    0.98 0.870   

SSuff (%)  

    *Edu_lev Dgr_Y] 
      1.03 0.586 

Random Effects         

σ2 3.29  3.29  3.29  3.29  
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τ00 1.41  1.41  1.41  1.41  

ICC 0.30  0.30  0.30  0.30  

Evaluation metrics       

AIC 6081  6081 6081 6081 

BIC 6183 6183 6183 6183 

Marginal R2 / 
Conditional R2 

0.590 /  

0.713 

0.590 /  

0.713 

0.590 / 

0.713 

0.590 / 

0.713 

 

 

 

Table D.4 Interaction between age and REC performance on the association with the odd to accept 

Predictors OR p OR p OR p OR p 
Numerical         
Intercept 0.61 0.091 0.61 0.094 0.62 0.097 0.66 0.150 

Inv_cost (k€) 0.75 <0.001 0.75 <0.001 0.75 <0.001 0.75 <0.001 

Cost_sav (k€) 4.58 <0.001 5.06 <0.001 4.57 <0.001 4.54 <0.001 

Emis_sav(tCO2) 1.66 <0.001 1.66 <0.001 1.73 <0.001 1.67 <0.001 

SSuff (%) 1.43 <0.001 1.43 <0.001 1.43 <0.001 1.42 <0.001 

Categorical          

Age [< 35] ref.  ref.  ref.  ref.  

Age [35-60] 0.70 0.112 0.72 0.162 0.65 0.054 0.68 0.080 

Age [60+] 0.39 0.001 0.38 0.001 0.44 0.003 0.31 <0.001 

HH_num [>3] ref.  ref.  ref.  ref.  

HH_num [3+] 0.69 0.022 0.69 0.022 0.69 0.022 0.69 0.022 

HH_inc [<28k] ref.  ref.  ref.  ref.  

HH_inc [28-75k] 1.27 0.176 1.27 0.178 1.27 0.177 1.27 0.183 

HH_inc [75k+] 1.65 0.034 1.65 0.034 1.65 0.034 1.64 0.036 

Edu_lev [Dgr_N] ref.  ref.  ref.  ref.  

Edu_lev [Dgr_Y] 0.80 0.328 0.80 0.330 0.80 0.333 0.80 0.322 

Gender [Fem] ref.  ref.  ref.  ref.  

Gender [Mal] 0.83 0.196 0.82 0.191 0.82 0.190 0.82 0.189 

HH_prop [rent] ref.  ref.  ref.  ref.  

HH_prop [own] 0.82 0.253 0.82 0.253 0.82 0.255 0.82 0.256 

Interactions         

Inv_cost (k€) 

    *Age [35-60] 

 

0.98 

 

0.354 

      

    *Age [60+] 1.00 0.869       

Cost_sav (k€) 

    *Age [35-60] 

   

0.79 

 

0.342 

    

    *Age [60+]   1.01 0.969     

Emis_sav(tCO2) 

    *Age [35-60] 

     

0.97 

 

0.740 

  

    *Age [60+]     0.89 0.355   

SSuff (%)  

    *Age [35-60] 

       

0.98 

 

0.521 

    *Age [60+]       1.06 0.198 

Random Effects         

σ2 3.29  3.29  3.29  3.29  

τ00 1.41  1.41  1.41  1.41  

ICC 0.30  0.30  0.30  0.30  

Evaluation metrics       
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AIC 6082  6082 6082 6079 

BIC 6191 6190 6191 6188 

Marginal R2 / 
Conditional R2 

0.592 / 

0.714 

0.591 / 

0.714 

0.591 / 

0.714 

0.590 / 

0.713 

 
 

Table D.5 Interaction between household property and REC performance on the association with 

the odd to accept 

Predictors OR p OR p OR p OR p 
Numerical         
Intercept 0.74 0.299 0.72 0.272 0.61 0.090 0.85 0.575 

Inv_cost (k€) 0.73 <0.001 0.75 <0.001 0.75 <0.001 0.75 <0.001 

Cost_sav (k€) 4.56 <0.001 3.80 <0.001 4.56 <0.001 4.48 <0.001 

Emis_sav(tCO2) 1.66 <0.001 1.66 <0.001 1.75 <0.001 1.67 <0.001 

SSuff (%) 1.42 <0.001 1.42 <0.001 1.43 <0.001 1.32 <0.001 

Categorical          

Age [< 35] ref.        

Age [35-60] 0.62 0.013 0.63 0.013 0.62 0.012 0.63 0.013 

Age [60+] 0.38 <0.001 0.38 <0.001 0.38 <0.001 0.38 <0.001 

HH_num [>3] ref.        

HH_num [3+] 0.69 0.023 0.69 0.022 0.69 0.022 0.69 0.021 

HH_inc [<28k] ref.        

HH_inc [28-75k] 1.27 0.185 1.27 0.180 1.27 0.178 1.27 0.178 

HH_inc [75k+] 1.65 0.035 1.65 0.034 1.65 0.034 1.66 0.034 

Edu_lev [Dgr_N] ref.        

Edu_lev [Dgr_Y] 0.80 0.337 0.80 0.334 0.80 0.332 0.80 0.330 

Gender [Fem] ref.        

Gender [Mal] 0.82 0.189 0.82 0.191 0.82 0.191 0.83 0.196 

HH_prop [rent] ref.        

HH_prop [own] 0.67 0.065 0.65 0.105 0.89 0.598 0.55 0.004 

Interactions         

Inv_cost (k€) 

    *HH_prop [own] 
1.03 0.107       

Cost_sav (k€) 

    *HH_prop [own] 
  1.31 0.239     

Emis_sav(tCO2) 

    *HH_prop [own] 
    0.93 0.432   

SSuff (%)  

    *HH_prop [own] 
      1.13 <0.001 

Random Effects         

σ2 329  329  329  329  

τ00 1.42  1.42  1.42  1.42  

ICC 0.30  0.30  0.30  0.30  

Evaluation metrics       

AIC 6078  6079 6080 6068 

BIC 6180 6181 6182 6170 

Marginal R2 / 
Conditional R2 

0.588 / 

0.712 

0.589 / 

0.712 

0.590 / 

0.713 

0.591 / 

0.714 
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Table D.6 Interaction between gender and REC performance on the association with the odd to 

accept 

Predictors OR p OR p OR p OR p 
Numerical         
Intercept 0.76 0.350 0.76 0.351 0.71 0.229 0.69 0.201 

Inv_cost (k€) 0.73 <0.001 0.75 <0.001 0.75 <0.001 0.75 <0.001 

Cost_sav (k€) 4.57 0.012 3.48 <0.001 4.57 <0.001 4.55 <0.001 

Emis_sav(tCO2) 1.66 <0.001 1.66 <0.001 1.55 <0.001 1.66 <0.001 

SSuff (%) 1.43 <0.001 1.43 <0.001 1.42 <0.001 1.40 <0.001 

Categorical          

Age [< 35] ref.        

Age [35-60] 0.62 0.012 0.63 0.013 0.62 0.013 0.63 0.013 

Age [60+] 0.38 <0.001 0.38 <0.001 0.38 <0.001 0.38 <0.001 

HH_num [>3] ref.        

HH_num [3+] 0.69 0.021 0.69 0.022 0.69 0.022 0.69 0.022 

HH_inc [<28k] ref.        

HH_inc [28-75k] 1.26 0.188 1.27 0.180 1.27 0.178 1.27 0.176 

HH_inc [75k+] 1.64 0.036 1.65 0.035 1.65 0.035 1.65 0.034 

Edu_lev [Dgr_N] ref.        

Edu_lev [Dgr_Y] 0.80 0.332 0.80 0.332 0.80 0.332 0.80 0.333 

Gender [Fem] ref.        

Gender [Mal] 0.63 0.012 0.62 0.014 0.70 0.055 0.73 0.083 

HH_prop [rent] ref.        

HH_prop [own] 0.82 0.257 0.82 0.245 0.82 0.255 0.82 0.255 

Interactions         

Inv_cost (k€) 

    *Gender [Mal] 
1.05 0.016       

Cost_sav (k€) 

    *Gender [Mal] 
  1.62 0.025     

Emis_sav(tCO2) 

    *Gender [Mal] 
    1.14 0.144   

SSuff (%)  

    *Gender [Mal] 
      1.04 0.251 

Random Effects         

σ2 3.29  3.29  3.29  3.29  

τ00 1.42  1.42  1.42  1.42  

ICC 0.30  0.30  0.30  0.30  

Evaluation metrics       

AIC 6075  6076 6079 6080 

BIC 6177 6178 6181 6182 

Marginal R2 / 
Conditional R2 

0.591 / 

0.714 

0.590 / 

0.713 

0.590 / 

0.713 

0.590 / 

0.713 

 

 

 
Table D.7 Interaction between education level and REC performance on the association with the 

odd to accept 

Predictors OR p OR p OR p OR p 
Numerical         
Intercept 0.73 0.280 0.76 0.351 0.71 0.221 0.74 0.286 
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Inv_cost (k€) 0.73 <0.001 0.75 <0.001 0.75 <0.001 0.75 <0.001 

Cost_sav (k€) 4.57 <0.001 3.46 <0.001 4.57 <0.001 4.49 <0.001 

Emis_sav(tCO2) 1.66 <0.001 1.66 <0.001 1.55 <0.001 1.67 <0.001 

SSuff (%) 1.42 <0.001 1.42 <0.001 1.42 <0.001 1.37 <0.001 

Categorical          

Age [< 35] ref.        

Age [35-60] 0.62 0.012 0.62 0.012 0.62 0.012 0.62 0.013 

Age [60+] 0.38 <0.001 0.38 <0.001 0.38 <0.001 0.38 <0.001 

HH_num [>3] ref.        

HH_num [3+] 0.51 0.001 0.44 0.001 0.55 0.002 0.48 <0.001 

HH_inc [<28k] ref.        

HH_inc [28-75k] 1.27 0.182 1.27 0.181 1.27 0.179 1.27 0.179 

HH_inc [75k+] 1.64 0.036 1.65 0.035 1.65 0.035 1.65 0.034 

Edu_lev [Dgr_N] ref.        

Edu_lev [Dgr_Y] 0.80 0.319 0.80 0.328 0.80 0.332 0.80 0.338 

Gender [Fem] ref.        

Gender [Mal] 0.82 0.176 0.82 0.190 0.82 0.193 0.83 0.207 

HH_prop [rent] ref.        

HH_prop [own] 0.82 0.263 0.82 0.260 0.82 0.257 0.82 0.253 

Interactions         

Inv_cost (k€) 

    * HH_num [3+] 
1.05 0.006       

Cost_sav (k€) 

    * HH_num [3+] 
  2.09 0.001     

Emis_sav(tCO2) 

    * HH_num [3+] 
    1.21 0.037   

SSuff (%)  

    * HH_num [3+] 
      1.11 0.001 

Random Effects         

σ2 3.29  3.29  3.29  3.29  

τ00 1.41  1.41  1.41  1.41  

ICC 0.30  0.30  0.30  0.30  

Evaluation metrics       

AIC 6073  6070 6077 6070 

BIC 6175 6172 6179 6172 

Marginal R2 / 
Conditional R2 

0.590 / 

0.713 

0.590 / 

0.713 

0.589 / 

0.713 

0.591 / 

0.714 
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E. Socio-demographic distribution of the sample 

The following figures show the distribution of socio-demographic characteristics 

of the 349 restrained respondents to the questionnaire living in Turin is compared 

to the marginal distribution in the city according to the last census survey. 

 

 
Figure E.1 Age class distribution comparison between respondents and census data. No 

respondents younger than 20 years old responded to the questionnaire 

 

Table E.1 Age class distribution comparison between respondents and census data in absolute 

values and percentage. 

Age 

Respondents          Census data 

number % number % 

20-24 10 2.9 38157 5.3 

25-29 47 13.5 44023 6.2 

30-34 59 16.9 49686 7.0 

35-39 40 11.5 50410 7.1 

40-44 16 4.6 54040 7.6 

45-49 37 10.6 65442 9.2 

50-54 26 7.4 69388 9.7 

55-59 39 11.2 65547 9.2 

60-64 27 7.7 56168 7.9 

65-69 29 8.3 48894 6.9 

70-74 9 2.6 48819 6.8 

>74 10 2.9 123170 17.3 
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Figure E.2 Education level distribution comparison between respondents and census data. In the 

questionnaire the respondents were able to differentiate between holding a degree and higher 

education level. These respondents are aggregated coherently with the available marginal data 

provided by the census survey 

 

Table E.2 Education level distribution comparison between respondents and census data in 

absolute values and percentage. 

Education level 

Respondents Census data 

number % number % 

No title 0 0.0 30826 3.9 

Primary 0 0.0 97165 12.3 

Middle 3 0.9 217537 27.4 

High 39 11.2 281335 35.5 

Degree & higher 307 88.0 165934 20.9 
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Figure E.3 Gender distribution comparison between respondents and census data. 

 

Table E.3 Gender distribution comparison between respondents and census data in absolute values 

and percentage. 

Gender 

Respondents Census data 

number % number % 

Female 151 43.3 441686 52.0 

Male 198 56.7 407062 48.0 

 

 

 
Figure E.4 Employment status distribution comparison between respondents and census data. The 

census data are provided for individuals in a age range from 15 to 64 years old. For the sake of 
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comparability, the data for respondents have been truncated to eliminate respondents older than 64 

years old. 

 

Table E.4 Employment status distribution comparison between respondents and census data in 

absolute values and percentage. 

Employment status  

(15-64 y.o.) 

Respondents Census data 

number % number % 

Employed 277 92.0 346734 65.6 

unemployed 24 8.0 181778 34.4 

 

 

 
Figure E.5 Citizen distribution comparison between respondents and census data. 

 

Table E.5 Citizen distribution comparison between respondents and census data in absolute values 

and percentage. 

Citizenship 

Respondents Census data 

number % number % 

Italian 338 96.8 724163 85.3 

Other 11 3.2 124585 14.7 
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Figure E.6 Households size distribution comparison between respondents and census data. 

 

Table E.6 Households size distribution comparison between respondents and census data in 

absolute values and percentage. 

 

HH_size 

Respondents Census data 

number % number % 

1 79 22.6 205865 47.5 

2 139 39.8 117005 27.0 

3 68 19.5 59793 13.8 

4 52 14.9 38548 8.9 

5 9 2.6 8996 2.1 

6+ 2 0.6 3262 0.8 

 

The comparisons between socio-demographic characteristics collected with the 

survey and the census data demonstrate the non-representativeness of the collected 

sample.  
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F. LMM models 

In the following tables the preparatory analysis to the definition of the Linear mixed 

model are presented 

 

Table F.1 Association between socio-demographic attributes and investment cost with marginal 

utility 

Predictors β CI 95% p 

Numerical    

Intercept 0.33 0.28/0.37 <0.001 

Inv_cost (10k€) -0.16 -0.17/-0.01 <0.001 

Categorical     

Age [< 35] ref.   

Age [35-60] -0.01 -0.06/0.01 0.228 

Age [60+] -0.03 -0.06/0.00 0.041 

HH_num [>3] ref.   

HH_num [3+] -0.01 -0.04/0.01 0.274 

HH_inc [<28k] ref.   

HH_inc [28-75k] 0.00 -0.02/0.03 0.807 

HH_inc [75k+] -0.02 -0.05/0.02 0.334 

Edu_lev [Dgr_N] ref.   

Edu_lev [Dgr_Y] -0.02  0.298 

Gender [Fem] ref.   

Gender [Mal] 0.00 -0.02/0.02 0.921 

HH_prop [rent] ref.   

HH_prop [own] -0.01 -0.04/0.01 0.287 

Random Effects    

σ2 0.01   

τ00 0.01   

ICC 0.49   

Evaluation metrics    

AIC -10,083   

BIC -10,002   

Marginal R2 / 

Conditional R2 

0.276 / 

0.629 

 

VIF [1.00;1.62]  

 

 

Table F.2 Association between socio-demographic attributes and investment cost with marginal 

utility, with moderating effects included. 

Predictors β CI 95% p β CI 95% p 

Numerical       

Intercept 0.40 0.35/0.44 <0.001 0.38 0.35/0.41 <0.001 

Inv_cost (10k€) -0.23 -0.24/-0.21 <0.001 -0.22 -0.24/-0.21 <0.001 

Categorical        

Age [< 35] ref.      
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Age [35-60] -0.03 -0.07/0.01 0.153 -0.02 -0.06/0.01 0.214 

Age [60+] -0.05 -0.08/-0.01 0.005 -0.04 -0.08/-0.01 0.006 

HH_num [>3] ref.      

HH_num [3+] -0.05 -0.08/-0.02 <0.001 -0.05 -0.08/-0.03 <0.001 

HH_inc [<28k] ref.      

HH_inc [28-75k] 0.00 -0.03/0.03 0.808 0.00 -0.03/0.03 0.943 

HH_inc [75k+] -0.05 -0.09/-0.01 0.015 -0.05 -0.09/-0.01 0.008 

Edu_lev [Dgr_N] ref.      

Edu_lev [Dgr_Y] -0.02 -0.06/0.02 0.270    

Gender [Fem] ref.      

Gender [Mal] -0.02 -0.04/0.01 0.208 -0.01 -0.04/0.01 0.240 

HH_prop [rent] ref.      

HH_prop [own] -0.06 -0.09/-0.03 <0.001 -0.06 -0.09/-0.03 <0.001 

Interactions       

Inv_cost (k€) 

   *Age [35-60] 

 

0.01 

 

0.00/0.03 

 

0.026 

 

0.01 

 

0.00/0.03 

 

0.028 

   *Age [60+] 0.01 -0.01/0.02 0.429 0.01 -0.01/0.02 0.464 

   *HH_num [3+] 0.03 0.02/0.04 <0.001 0.03 0.02/0.04 <0.001 

   *HH_inc [28-75k] -0.00 -0.01/0.01 0.957 0.00 -0.01/0.01 0.995 

   *HH_inc [75k+] 0.03 0.01/0.04 <0.001 0.03 0.01/0.04 <0.001 

   *Edu_lev [Dgr_Y] 0.00 -0.01/0.02 0.702    

   *Gender [Mal] 0.02 0.01/0.02 0.002 0.02 0.01/0.02 0.002 

   *HH_prop [own] 0.04 0.03/0.05 <0.001 0.04 0.03/0.05 <0.001 

Random Effects       

σ2 0.01   0.01   

τ00 0.01   0.01   

ICC 0.50   0.50   

Evaluation metrics      

AIC -10,219   -10,236   

BIC -10,083   -10,114   

Marginal R2 / 

Conditional R2 

0.288 /  

0.641 

  0.287 / 

0.641 

  

 

 

 
Table F.3 Association between socio-demographic attributes and cost savings with marginal utility 

Predictors β CI 95% p 

Numerical    

Intercept -0.05 -0.09/-0.01 0.007 

Cost_sav (k€) 0.11 0.10/0.11 <0.001 

Categorical     

Age [< 35] ref.   

Age [35-60] -0.00 -0.03/0.02 0.726 

Age [60+] -0.01 -0.04/0.02 0.616 

HH_num [>3] ref.   

HH_num [3+] 0.01 -0.01/0.03 0.312 

HH_inc [<28k] ref.   
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HH_inc [28-75k] 0.01 -0.01/0.04 0.360 

HH_inc [75k+] 0.05 0.01/0.08 0.007 

Edu_lev [Dgr_N] ref.   

Edu_lev [Dgr_Y] -0.00 -0.03/0.03 0.958 

Gender [Fem] ref.   

Gender [Mal] 0.01 -0.01/0.03 0.555 

HH_prop [rent] ref.   

HH_prop [own] 0.01 -0.01/0.04 0.272 

Random Effects    

σ2 0.01   

τ00 0.01   

ICC 0.59   

Evaluation metrics    

AIC -13,766   

BIC -13,684   

Marginal R2 / 

Conditional R2 

0.147 / 

0.651 

  

VIF [1.00;1.62]  

 

 

Table F.4 Association between socio-demographic attributes and cost savings with marginal 

utility, with moderating effects included. 

Predictors β CI 95% p β CI 95% p 

Numerical       

Intercept -0.00 -0.04/0.04 0.935 -0.00 -0.03/0.03 0.982 

Cost_sav (k€) 0.05 0.04/0.07 <0.001 0.05 0.04/0.06 <0.001 

Categorical        

Age [< 35] ref.      

Age [35-60] -0.00 -0.03/0.02 0.763    

Age [60+] -0.01 -0.05/0.02 0.450    

HH_num [>3] ref.      

HH_num [3+] -0.01 -0.03/0.02 0.497 -0.01 -0.03/0.02 0.537 

HH_inc [<28k] ref.      

HH_inc [28-75k] -0.01 -0.04/0.02 0.483 -0.01 -0.04/0.02 0.414 

HH_inc [75k+] -0.03 -0.07/0.00 0.085 -0.03 -0.07/-0.00 0.042 

Edu_lev [Dgr_N] ref.      

Edu_lev [Dgr_Y] 0.00 -0.03/0.04 0.872    

Gender [Fem] ref.      

Gender [Mal] -0.00 -0.03/0.02 0.752 -0.00 -0.03/0.02 0.672 

HH_prop [rent] ref.      

HH_prop [own] -0.01 -0.01/0.02 0.655 -0.01 -0.03/0.02 0.461 

Interactions       

Cost_sav (k€) 

    *Age [35-60] 

 

-0.00 

 

-0.01/0.01 

 

0.946 

 

 

  

    *Age [60+] 0.01 -0.01/0.02 0.427    

    *HH_num [3+] 0.02 0.01/0.03 <0.001 0.02 0.01/0.03 <0.001 

    *HH_inc [28-75k] 0.02 0.01/0.03 <0.001 0.02 0.01/0.03 <0.001 
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    *HH_inc [75k+] 0.08 0.07/0.10 <0.001 0.08 0.07/0.10 <0.001 

    *Edu_lev [Dgr_Y] -0.00 -0.02/0.01 0.562    

    *Gender [Mal] 0.01 0.00/0.02 0.017 0.01 0.00/0.02 0.010 

    *HH_prop [own] 0.02 0.01/0.03 <0.001 0.02 0.01/0.03 <0.001 

Random Effects       

σ2 0.01   0.01   

τ00 0.01   0.01   

ICC 0.60   0.60   

Evaluation metrics      

AIC -13,984   -14,039   

BIC -13,848   -13,944   

Marginal R2 / 

Conditional R2 

0.162 / 

0.668 

  0.163 / 

0.666 

  

 

 
Table F.5 Association between socio-demographic attributes and emission savings with marginal 

utility 

Predictors β CI 95% p 

Numerical    

Intercept -0.01 -0.04/0.03 0.752 

Emis_sav(tCO2) 0.07 0.07/0.07 <0.001 

Categorical     

Age [< 35] ref.   

Age [35-60] 0.00 -0.02/0.02 0.956 

Age [60+] -0.01 -0.04/0.02 0.357 

HH_num [>3] ref.   

HH_num [3+] -0.01 -0.03/0.01 0.232 

HH_inc [<28k] ref.   

HH_inc [28-75k] 0.02 0.00/0.05 0.047 

HH_inc [75k+] 0.02 -0.01/0.05 0.188 

Edu_lev [Dgr_N] ref.   

Edu_lev [Dgr_Y] 0.00 -0.03/0.03 0.880 

Gender [Fem] ref.   

Gender [Mal] -0.01 -0.02/0.01 0.551 

HH_prop [rent] ref.   

HH_prop [own] -0.03 -0.05/-0.01 0.006 

Random Effects    

σ2 0.00   

τ00 0.01   

ICC 0.63   

Evaluation metrics    

AIC -15,976   

BIC -15,894   

Marginal R2 / 

Conditional R2 

0.241 / 

0.721 

  

VIF [1.00;1.62]  
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Table F.6 Association between socio-demographic attributes and emission savings with marginal 

utility, with moderating effects included. 

Predictors β CI 95% p β CI 95% p 

Numerical       

Intercept -0.01 -0.05/0.03 0.539 -0.02 -0.05/0.02 0.341 

Emis_sav(tCO2) 0.07 0.06/0.08 <0.001 0.07 0.06/0.08 <0.001 

Categorical        

Age [< 35] ref.      

Age [35-60] -0,01 -0.03/0.02 0.582    

Age [60+] -0.01 -0.04/0.02 0.585    

HH_num [>3] ref.      

HH_num [3+] 0.00 -0.02/0.02 0.912 0.00 -0.02/0.02 0.942 

HH_inc [<28k] ref.      

HH_inc [28-75k] 0.01 -0.02/0.03 0.554 0.01 -0.02/0.03 0.633 

HH_inc [75k+] -0.01 -0.04/0.02 0.659 -0.01 -0.04/0.02 0.498 

Edu_lev [Dgr_N] ref.      

Edu_lev [Dgr_Y] -0.01 -0.04/0.02 0.373 -0.01 -0.04/0.02 0.428 

Gender [Fem] ref.      

Gender [Mal] -0.00 -0.02/0.02 0.804    

HH_prop [rent] ref.      

HH_prop [own] 0.01 -0.01/0.03 0.385 0.01 -0.01/0.03 0.491 

Interactions       

Cost_sav (k€) 

    *Age [35-60] 

 

0.00 

 

-0.00/0.01 

 

0.055 

 

 

  

    *Age [60+] -0.00 -0.01/0.00 0.295    

    *HH_num [3+] -0.01 -0.01/-0.00 <0.001 -0.01 -0.01/-0.00 <0.002 

    *HH_inc [28-75k] 0.01 0.00/0.01 <0.001 0.01 0.00/0.01 <0.001 

    *HH_inc [75k+] 0.02 0.01/0.02 <0.001 0.01 0.00/0.01 <0.001 

    *Edu_lev [Dgr_Y] 0.01 0.00/0.02 0.001 0.01 0.01/0.02 <0.001 

    *Gender [Mal] -0.00 -0.01/0.00 0.312    

    *HH_prop [own] -0.03 -0.03/-0.02 <0.001 -0.02 -0.03/-0.02 <0.001 

Random Effects       

σ2 0.00   0.00   

τ00 0.01   0.01   

ICC 0.64   0.64   

Evaluation metrics      

AIC -16,070   -16,121   

BIC -15,934   -16,026   

Marginal R2 / 

Conditional R2 

0.249 / 

0.729 

  0.247 / 

0.728 

  

 

 

Table F.7 Association between socio-demographic attributes and self-sufficiency with marginal 

utility 

Predictors β CI 95% p 

Numerical    

Intercept 0.04 -0.05/0.12 0.408 
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SSuff (%) 0.04 0.04/0.04 <0.001 

Categorical     

Age [< 35] ref.   

Age [35-60] 0.02 -0.04/0.08 0.548 

Age [60+] 0.03 -0.04/0.11 0.381 

HH_num [>3] ref.   

HH_num [3+] 0.06 0.01/0.11 0.030 

HH_inc [<28k] ref.   

HH_inc [28-75k] -0.04 -0.10/0.02 0.178 

HH_inc [75k+] -0.06 -0.13/0.01 0.137 

Edu_lev [Dgr_N] ref.   

Edu_lev [Dgr_Y] -0.01 -0.08/0.07 0.886 

Gender [Fem] ref.   

Gender [Mal] 0.02 -0.03/0.07 0.399 

HH_prop [rent] ref.   

HH_prop [own] 0.08 0.03/0.14 0.004 

Random Effects    

σ2 0.01   

τ00 0.05   

ICC 0.81   

Evaluation metrics    

AIC -9185   

BIC -9104   

Marginal R2 / 

Conditional R2 

0.164 / 

0.838 

  

VIF [1,00;1.62]  

 

 

Table F.8 Association between socio-demographic attributes and emission savings with marginal 

utility, with moderating effects included. 

Predictors β CI 95% p β CI 95% p 

Numerical       

Intercept 0.07 -0.02/0.16 0.123 0.07 0.01/0.13 0.016 

Emis_sav(tCO2) 0.03 0.03/0.03 <0.001 0.03 0.03/0.03 <0.001 

Categorical        

Age [< 35] ref.      

Age [35-60] 0.02 -0.04/0.08 0.596    

Age [60+] 0.03 -0.05/0.10 0.498    

HH_num [>3] ref.      

HH_num [3+] 0.03 -0.02/0.08 0.242 0.03 -0.02/0.08 0.208 

HH_inc [<28k] ref.      

HH_inc [28-75k] -0.02 -0.08/0.04 0.482 -0.02 -0.07/0.04 0.538 

HH_inc [75k+] -0.03 -0.11/0.05 0.459 -0.02 -0.09/0.05 0.556 

Edu_lev [Dgr_N] ref.      

Edu_lev [Dgr_Y] -0.00 -0.08/0.07 0.947    

Gender [Fem] ref.      

Gender [Mal] 0.01 -0.04/0.06 0.643 0.01 -0.03/0.06 0.579 
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HH_prop [rent] ref.      

HH_prop [own] 0.04 -0.02/0.09 0.225 0.04 -0.01/0.10 0.113 

Interactions       

Cost_sav (k€) 

*Age [35-60] 

 

0.00 

 

-0.00/0.00 

 

0.737 

 

 

  

*Age [60+] 0.00 -0.00/0.01 0.303    

*HH_num [3+] 0.01 0.00/0.01 <0.001 0.01 0.00/0.01 <0.001 

*HH_inc [28-75k] -0.00 -0.01/-0.00 0.001 -0.00 -0.01/0.00 0.001 

*HH_inc [75k+] -0.01 -0.01/-0.00 <0.001 -0.01 -0.01/-0.00 <0.001 

*Edu_lev [Dgr_Y] -0.00 -0.00/0.00 0.676    

*Gender [Mal] 0.00 0.00/0.00 0.040 0.00 0.00/0.00 0.025 

*HH_prop [own] 0.01 0.01/0.01 <0.001 0.01 0.01/0.01 <0.001 

Random Effects       

σ2 0.01   0.01   

τ00 0.05   0.05   

ICC 0.81   0.81   

Evaluation metrics       

AIC -9235   -9293   

BIC -9099   -9198   

Marginal R2 / 

Conditional R2 

0.168 / 

0.842 

  0.167 / 

0.841 
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G. Households and person seeds generation 

1 CE="AVQ_2021.xlsx" 

2 data=pd.read_excel(CE) 

3 Piemonte=data.loc[data['REGMf'] == 10] 

4 Piemonte.to_excel("AVQ_Piemonte_2021.xlsx") 

5 Piemonte=pd.read_excel("AVQ_Piemonte_2021.xlsx") 

 

# retained variables 

6 Piemonte_sub=Piemonte[["PROFAM", "NCOMP", "RELPAR", "ETAMi", 

"SESSO", "STCIVMi", "CONDMi", "POSIZMi", "COEFIN", "CITTMi"]] 

7 Piemonte_struct=Piemonte_sub.drop(columns=["RELPAR", "ETAMi", 

"SESSO", "STCIVMi", "CONDMi", "POSIZMi", 

CITTMi"]).groupby(by="PROFAM").mean() 

 

# max number of component in household 

8 max_HH = Piemonte_sub["NCOMP"].max() 

 

# extract the list of households ID  

9 ID_famiglie=Piemonte_sub['PROFAM'].drop_duplicates().to_list() 

 

10 dummy=pd.DataFrame() 

11 for h in ID_famiglie: 

12 HH=h 

13 pro_test=Piemonte_sub.loc[Piemonte_sub['PROFAM'] == HH] 

14 d=pd.DataFrame([[0]],index=[HH],columns=["NaN"]) 

15 df_test = d.copy(deep=True) 

16 len(pro_test) 

17 for i in range(0,len(pro_test)): 

18  prs=pro_test.iloc[i:i+1] 

19  v_1, v_2, v_3, v_4, v_5, v_6, v_7 = prs.iat[0,2], prs.iat[0,3], 

prs.iat[0,4],   

prs.iat[0,5], prs.iat[0,6], prs.iat[0,7], prs.iat[0,9] 

20  var_1, var_2, var_3, var_4, var_5, var_6, 

var_7="RELPAR_P"+str(i+1),  

"ETAMi_P"+str(i+1), "SESSO_P"+str(i+1), 

"STCIVMi_P"+str(i+1),  
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"CONDMi"+str(i+1), "POSIZMi"+str(i+1), 

"CITTMi"+str(i+1) 

21  df_test[[var_1, var_2, var_3, var_4, var_5, var_6, var_7]]=[v_1, 

v_2, v_3, v_4,  

v_5, v_6, v_7] 

22   dummy = pd.concat([dummy,df_test]) 

 

# reconstructed households  

23 HH = pd.merge(Piemonte_struct.reset_index(), 

dummy.reset_index().rename(columns = 

{'index':'PROFAM'}).drop(columns=["NaN"]), how='left', on='PROFAM') 

24 HH.to_excel("/content/gdrive/My 

Drive/POPSIM/elaborazioni/SEED_HH.xlsx") 
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H. Inflation of the dataset  

 

In this appendix an inflation of the original dataset has been performed to test for 

improvements in the performance of the supervised classification algorithm. 

It is worth noting that this process is NOT advised in real case situations, therefore 

this part has to be considered only a speculation to account for the limitation 

discussed regarding the 10-fold cross validation procedure on the small size dataset 

available in the application of the method. 

In particular, the original dataset has been multiplied 2-, 3-, 5-, 10-, and 20-times to 

check for improvements in the accuracy of the PART algorithm performance. 

In the following Figure H.1 the accuracy results are plotted for different dataset 

inflation, while in Table H.1 the relative confusion matrices are displayed. 

 

 
Figure H.1 accuracy results are plotted for different dataset inflation 

 

Table H.1 Confusion matrices for different inflation factors of the original dataset 
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