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Abstract: This study investigates the preferences of Italian home-owners when choosing a new
domestic heating system. The focus is on understanding the influence on consumer choice of
a potential label certifying the effect of the heating system on the greenhouse effect. To this end,
we designed a survey including a discrete choice experiment and administered it to residents in
north-eastern Italy. Our findings reveal that, on average, respondents pay particular attention to the
green effect of their purchase. The carbon dioxide reduction label was considered second in terms of
importance after cost. Further analysis found that our sample presents three clusters of customers,
with intra-cluster homogeneous preferences. The cluster analysis showed that while the initial system
costs are considered to varying degrees by the whole sample, the carbon dioxide reduction label was
considered important by 79% of respondents (members of clusters 1 and 2). To achieve greater results
in reducing the greenhouse effect of the domestic heating sector, a combination of policies should
be used simultaneously to achieve greater effectiveness. Our simulations support the hypothesis
that policymakers should achieve greater results in terms of reducing the domestic greenhouse gas
emissions by applying a combined policy that leverages the importance citizens accord to the different
characteristics of a heating system. From our results, the application of a ‘low carbon dioxide (CO2)
emissions’ label will amplify the effect of a subsidy that reduces the initial system costs.

Keywords: greenhouse gas emissions; choice experiment; domestic heating; renewables; energy;
buildings

1. Introduction

According to the Intergovernmental Panel on Climate Change 2018 report [1], carbon dioxide
(CO2) emissions are responsible along with other greenhouse gasses for global warming and keeping
global warming 1.5 ◦C above pre-industrial levels ‘requires limiting the total cumulative global
anthropogenic emissions of CO2 since the pre-industrial period’ [1] (p. 14). The European policy
for reducing the effect of climate change currently targets CO2 emissions reduction. The European
Union [2] plans to achieve an 80% reduction in greenhouse gas emissions by 2050 (compared with 1990
levels). According to Muntean et al. [3], CO2 emissions from the European Union (EU28) increased by
1.1% in 2017 compared with 2016. Although EU28 emissions reached 3.5 Gt CO2 in 2017, the EU28
share of global fossil CO2 emissions has remained constant since 2015 at 9.6%, equivalent to 7 tonnes
CO2/cap/year. With 10.2% fossil CO2 emissions in 2017, Italy was among the largest contributors to
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total EU28 emissions. According to the 2018 EU Report, energy use in buildings is the second main
source of CO2 emissions in Europe after transport. The 2017 Italian CO2 emissions caused by energy
use in domestic buildings are nearly stable (−4%) compared with the 1990 level, and are 19% lower
compared with the 2005 level.

The importance of CO2 as a greenhouse gas is further emphasised by UK National Statistics [4]:
CO2 accounts for 81% of total UK greenhouse gas emissions. In 2017, the UK residential sector
accounted for 17% of all UK CO2 emissions and the main source of emissions from this sector was the
use of natural gas for heating and cooking.

According to the Enea 2017 annual report on energy efficiency [5] for Italy, ‘in 2015, residential
energy consumption was equal to 32.5 Mtoe with an increase by 10.0% relative to 2014. Natural gas
is the main energy source: it covers more than 50% of sectorial energy consumption, followed by
wood (19.5%) and electricity (17.5%)’. Considering domestic energy uses, heating is one of the major
sources of energy consumption and one of the main contributors to CO2 emissions. Therefore, energy
savings could be a win-win strategy for the domestic energy sector in reducing both the household
expenses as well as the environmental effect. Households could be incentivized to exchange their
current heating system with one that has better energy efficiency and that will, therefore, reduce the
annual heating costs.

There is an increasing awareness among citizens about the positive environmental effects of
energy saving [6]; however, the effect of the recession has considerably influenced the choice and use
of heating sources. On the one hand, households struggle to reduce energy consumption and costs
demanding alternative heating, and on the other hand, they consider alternatives that are not always
sustainable (e.g., room air-conditioners) [7].

Through their choices and preferences, households could play a significant role in affecting
environmental quality when they choose their residential heating systems. For example, according to Hong
and Howarth [8], ‘replacing any of the water heaters considered in this study with a heat pump
water heater will give net climatic benefits over all time frames (up to 100 years)’, even if the
electricity consumed by heat pumps is generated with carbon sources. Consequently, identifying and
understanding the factors that determine the choice of a new heating system by households could be
very important in the design of environmentally sustainable and climate mitigation policies. These will
help governments design future policies focused on creating the right incentives for households
in supporting the adoption of less-polluting energy sources and heating system technologies
and increasing the implementation of energy efficiency measures. Policies that encourage such
behaviour are even more important if we consider that a house-heating system is a long term
investment undertaken usually only every 10 or 15 years. Providing incentives to move towards
more environment-friendly heating systems is therefore a great opportunity that, if neglected,
would postpone the reduction of the environmental effects of the domestic sector for several years.

In Italy, such policies have so far relied mainly on financial incentives in the form of a subsidy
covering 65% of the purchase cost, with a repayment timeframe of 10 years. It is therefore important
to understand whether a protraction of institutional financial incentives to increase the number of
renewable energy heating systems is still effective according to the public opinion.

Stated preference methods [9–11] are a suitable choice for analysing consumers’ preferences
especially when dealing with an ex-ante valuation, given that they allow the building of a hypothetical
market that includes some product characteristics not yet available in the real market. The literature
includes several applications of such methodologies in different fields, including renewable energy and
environmental policies. Several studies analyse awareness [12,13] and estimate citizens’ willingness
to pay (WTP) for the use of renewable energy sources (e.g., [14–20]). A number of studies also
investigate homeowners’ preferences for renewable domestic heating systems using the discrete choice
experiment (DCE) approach [21–35] or conjoint and variance analysis [36], and most of them suggest
that whilst renewable energy adoption is notably valued by households, this value is not enough to
counterbalance the importance of the economic factors while purchasing a new heating [24,25,27,29].
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In addition, Curtis et al. [37] state that knowledge of fuel costs or associated emissions, or engagement
in environmentally sustainable behaviours do not appear to explain the choice of heating system.
A number of studies focus on the estimation of Italian households’ WTP for reducing emissions of
energy production systems. For example, Bollino [38], Strazzera et al. [39] and Strazzera et al. [40]
perform Contingent Valuation studies to assess the potential trade-off between external costs and the
cost of energy for households. Their results show that households are keen to buy renewable energy,
and are willing to pay more for it. Similar results are obtained by Bigerna and Polinori [41], who state
that there is a noticeable WTP among Italian households for increasing Italian green energy production.
Cicia et al. [15] use a DCE to point out that Italian consumers are very inclined towards solar and wind
energy. Moreover, Vecchiato and Tempesta [19] show that respondents are willing to pay for electricity
contracts including renewable energies, whereas Caporale and De Lucia [42] find the existence of a
positive consumer attitude towards renewable energy sources (wind power) in the Apulia Region.
Vecchiato [43] adopts a DCE and finds a positive WTP for wind energy.

Nevertheless, to the best of our knowledge no studies have investigated Italian households’
preferences for reducing emissions from their domestic heating systems adopting a DCE.

The objective of this study is to understand:

1. the importance given by customers to the environmental impact—in terms of CO2

emissions—when purchasing a new heating system;
2. the effect on consumer choices of a public subsidy linked to the heating system performance in

terms of CO2 emissions.

The second objective will be studied using the DCE results to simulate the role of a public incentive
in leading consumers to choose the most energy-efficient and ‘climate-friendly’ heating system.

The rest of the paper is organized as follows. In Section 2 we describe the materials and the
methodology used in the study and present the survey design and implementation. Section 3.1
describes the socio-economic characteristics of the sample, whereas Section 3.2 analyses respondents’
opinions on energy sources. Section 3.3 presents the DCE results and their policy implications followed
by the discussion and conclusions in Section 4.

2. Material and Methods

2.1. The Discrete Choice Experiment Approach

To achieve this aim we used a DCE [44–46] to estimate consumers’ preferences regarding the
CO2 emission reduction of heating systems in Italian residential buildings. The DCE approach has
been widely used in the last couple of decades in marketing, agribusiness, environmental valuation,
health economics and transportation studies. Its popularity is due to its ability to estimate both the
value of a good/service as a whole and the implicit value of its attributes [47]. This method is commonly
used by scholars to assess the trade-offs underlying respondents’ choices and to compare the relative
importance of attribute levels. The DCE is based on the theory of stated preference [11], which enables
the portrayal of respondents’ preference structures using hypothetical contexts [44]. The DCE approach
uses questionnaires to collected data and such questionnaires include, among the other questions,
a hypothetical market, where respondents are requested to choose among a set of options (called choice
set). To build such choice sets the researcher adopts what is technically called an ‘experimental design’.
The first step of the DCE implementation process consists in the identification of the key attributes
of the good/service studied. A vector of levels (i.e., considering the attribute ‘color’ its levels can be
‘yellow, red and black’) is then associated with each attribute. By means of the experimental design it
is then possible to choose a subset of all possible combinations of attribute and levels and to define
the final choice sets that will be presented to respondents. Respondents are requested to choose
their preferred alternative among those presented in the choice sets. The respondents are assumed
to perform their choice among the alternatives in the choice set maximizing their expected utility.
The overall utility of an alternative can be considered to be the sum of the utilities of its attributes.
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In this respect the utility of an alternative is a function of the alternative characteristics. According
to Random Utility Theory [48,49], the utility function of each respondent is the sum of an observable
and an unobservable (random component) part. While the observable part of utility is a function
of factors that influence the respondent’s utility, the random part is unobservable. The researcher
is not able to directly measure respondent utility; nevertheless, he/she can observe people choices.
It is then possible to estimate the part-worths utilities of the attribute levels linking the probability of
choice to the respondent utility function. Assuming that the respondent chooses the alternative that
maximizes his/her utility, different models can be used in DCE studies for such purpose. Such models
are an extension of McFadden [50] conditional logit model, often referred to as Multinomial logit
(MNL) in the DCE literature. MNL models have been widely applied when studying sample mean
preferences. Specifically, the MNL model assumes homogeneous preferences among respondents and
is subject to the assumption of independence of irrelevant alternatives (IIA). Consequently, Random
Parameter Logit models (RPL) [51–53] and Latent Class models (LCM) are applied [54] for investigating
heterogeneity across respondents, as they are more flexible and not subject to the IIA assumption.
Although both models are suitable, they differ. RPL takes preference heterogeneity into account
in a continuous fashion, considering it random with a specific density function, whereas LCM can
be considered a semiparametric variant of MNL [51], as the probability of choosing an option is
conditional on two aspect: the good characteristics and the individual belonging to a cluster of people
with common preferences.

DCEs facilitate the understanding of whether the attributes considered in the experimental design
are important for customers in determining the probability of their choice and to determine the relative
importance of the attributes considered in the DCE.

2.2. Calculations

DCE data were analysed using R software (version 3.5.2) [55] and in particular the gmnl [56] and
mlogit [57] packages. First we analysed an MNL model to find the sample average preferences and
then we used an RPL and LCM to check for the presence of heterogeneity among respondents. When
using an RPL model, the scholars have to make strong distributional assumptions about the random
parameters’ distribution, and in our models, all random parameters were assumed to be normally
distributed. We applied a linear and additive parameters utility function in all three models and the
different levels of our attributes where dummy coded.

The utility function used in the MNL and RPL models is:

U(Xi) = βGas · Gas + βHP · HP + βWood · Wood

+βLow−emiss · LowEmiss + βLow−maint · LowMaint

+βEP03 · EP03 + βEP06 · EP06 + βCost · Cost

(1)

where Gas, HP, and Wood are alternative specific constants for the choice options labelled natural
gas, heat pump, and wood, respectively; LowEmiss is a dummy variable that equals 1 when the
system has a low emissions label; LowMaint is a dummy variable that equals 1 when the system has
low maintenance costs; EP03 is a dummy variable that indicates if the energy price of the system is
0.03 e/kWh; EP06 is a dummy variable that indicates if the energy price of the system is 0.06 e/kWh
and Cost is a continuous variable indicating the initial system cost (in 1000 e).

The LCM model utility function was similar to Equation (1), but some further parameters were
included to characterise the class membership according to the respondents’ sex, age class, and rating
given to the importance of the following items: low environmental impact of the heating system,
the presence of a public incentive and the cost of the system.

As described by Kuhfeld [58], the importance of an attribute can be computed as the ratio between:
(a) the part-worth utility range for each attribute; (b) the sum of all ranges. Such ratio should then be
multiplied by 100. Therefore, it is possible to determine the relative importance as:
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AttImportancei =
[max(βi)− min(βi)] · max(Zi)

n
∑

i=1

(
[max(βi)− min(βi)] · max(Zi)

) · 100
(2)

where i identifies the i-th attribute and Zi the attribute level of the i-th attribute (in our case Z can be 1
if the attribute levels are coded as dummies, or 10 for the Cost attribute—expressed as thousands in
the model—that is continuous). Considering Equation (2), min(βi) equals zero when an attribute is
continuous rather than discrete (e.g., the ‘Initial system cost’ in our design).

2.3. Survey Structure and Experimental Design

To analyse households’ preferences for the use of renewable energy systems for domestic heating
and estimate their WTP for reducing emissions, we carried out a survey including a DCE, which was
conducted during 2014 and 2015. Data were collected by means of a questionnaire. The final
questionnaire used for the data collection consists of three parts. The first part collects socio-economic
characteristics of respondents, whereas the second investigates respondents’ preferences and
knowledge of different energy resources and renewable energy sources including their supposed
environmental effects. Finally, the third part is devoted to the DCE, which first presents the hypothetical
market scenario and the selected attributes with the corresponding levels. Then, respondents were
requested to indicate their preferred option in each choice set.

To develop the DCE we conducted some focus groups involving 50 stakeholders
(public institutions and private citizens) to choose the relevant attributes and levels for the DCE
experimental design. To provide discussion points for the focus groups, a number of candidate
attributes were obtained from a literature review [24,59]. Then they were refined and tested during
the focus groups after a number of consultations with experts. Considering the indications collected
during the focus groups, five attributes were considered crucial for the study (Table 1): the heating
system technology depending on its combustion source (heat pump, wood, gas), the greenhouse
gas emissions (Low; High), the initial cost (e3000; e7000; e10,000), the annual maintenance cost
(Low—50 e; High—150 e), and the energy price (0.03 e/kWh; 0.06 e/kWh; 0.09 e/kWh).

Table 1. Choice experiment attributes and their corresponding levels.

Attribute Levels

Energy price (e/kWh) 0.03; 0.06; 0.09
Technology wood heating; heat pump;

natural gas heating
Greenhouse gas emissions Low; High
Annual maintenance cost Low; High
Initial system cost (e) 3000; 7000; 10,000

As regards technology, we considered wood heating, heat pump, and natural gas heating,
because of their different energy sources and greenhouse gas emissions. The attribute greenhouse
gas emissions mimics the potential ‘green label’ of the heating system and has two levels: low
and high emissions. Focus groups highlighted that when choosing a domestic heating system,
besides technology, consumers usually also consider both initial and maintenance costs [60–62].
For this reason, these attributes were also introduced, and their levels were established among the
focus groups by experts. Using IBM SPSS R© software (version 19), a fractional factorial orthogonal
design was used to reduce the original combinations of attributes and levels, resulting in six choice sets
with 4 options each. The design was labelled according to the system technology, and therefore in each
choice set, the respondents found 3 options (one for each heating technology) and a ‘none-of-these’
option. This latter option was necessary, because in reality respondents are not obliged to choose
between a number of alternatives. An example of the choice card is presented in Figure 1.
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SET 1 Wood stove Heat pump Natural gas boiler  
 
 
 
 
 
 

None 
of 

these 

Tecnology 
energy 

system/plant 

Energy price 

(€/ kWh) 

Greenhouse 
gas 

emissions 

Annual 
maintenance 

cost 

Initial 
system cost 

 

   

I would like to 

purchase 
    

 

€ 0.03 € 0.06 € 0.09 

€ 10,000 € 7,000 

 

low 

€ 3,000 

€ 150 € 50 € 150 

high low 

Figure 1. One of the DCE choice cards presented to respondents.

We conducted a preliminary pilot survey with 50 respondents. This pre-test resulted in a number
of minor changes in the formulation of questions.

Data were collected by a trained and supervised team carrying out a face-to-face survey using
a convenience sampling technique. Interviewees were contacted both at supermarkets/grocery stores
and at home by using a random approach. The survey was conducted in the Friuli Venezia Giulia
and Veneto Regions, in the north-eastern part of Italy. The male and female heads of households were
alternatively interviewed and, given the aim of the survey, interviewers were told not to interview
more than one member per family.

3. Results

3.1. Socio-Economic Characteristics of Respondents

Eight hundred and eighteen respondents completed the questionnaire. Respondents were,
on average, 37.4 years old and 53% were men. The level of education was good, in fact 77% of
respondents were relatively highly educated. Almost 42% were employees. The majority (59%) lived in
a household with three to four members. Ninety-four percent declared that they were environmental
association members. Table 2 presents the interviewees’ and population descriptive statistics.

Table 2. Respondents socio-economic characteristics.

Variable Respondents’ Mean Italian Population (Census Data-2011)

Age (years) 37.4 31.4
Gender ‘men’ 53% 48%

Educational level ‘High’ 77% 29%
Employment position ‘Employed’ 42% 57%

Family members: ‘3–4’ 59% 41%
Environmental assoc. membership: ‘No’ 94% /
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3.2. Respondents’ General Opinions on Energy Sources

The respondents were asked to specify their level of agreement or disagreement on
an ‘agree-disagree’ Likert scale for a number of statements. The range of the Likert scale should
capture the intensity of their feelings for a given item. In our survey, we used a uniform five-point
Likert scale ranging from 1 (disagreement) to 5 (agreement). According to scholars who over the
years have argued that the median and the mode should be used as the measure of central tendency
for Likert scale data, we calculate both. However, the mode could probably be considered the most
suitable for easy interpretation [63].

The mode value of importance of preferences among different energy sources assessed among
individuals in this sample was 5 for wind, solar, and geothermal energy, whereas the median score
was 5 for solar energy only (Table 3).

Table 3. Respondents’ general opinion on energy sources. Likert scale ranging from 1 (disagreement)
to 5 (agreement).

Variable Mean Mode Median Min Max Std.Err. 95% CI

I prefer:
- Solar 4.57 5 5 0 5 0.026 [4.52; 4.62]
- Wind 4.02 5 4 0 5 0.039 [3.95; 4.10]
- Geothermal 3.85 5 4 0 5 0.040 [3.77; 3.93]
- Hydropower 3.85 4 4 0 5 0.036 [3.78; 3.92]
- Wood 3.38 4 4 0 5 0.044 [3.29; 3.46]
- Natural gas 3.37 3 3 0 5 0.036 [3.30; 3.44]
- Oil 2.28 1 2 0 5 0.040 [2.20; 2.36]
- Nuclear 1.96 1 1 0 5 0.042 [1.88; 2.04]
- Coal 1.67 1 1 0 5 0.033 [1.61; 1.74]

When I choose an energy source I
pay special attention to:

- low environmental impacts 4.28 5 4.5 1 5 0.031 [4.22; 4.35]
- the presence of a public incentive 3.94 5 4 1 5 0.037 [3.87; 4.02]
- low cost sources 3.78 5 4 1 5 0.038 [3.71; 3.86]

We asked respondents if their choices were influenced when choosing a specific energy source
by its environmental effect, the presence of subsidies, and the low cost of the energy source.
The importance of energy sources producing low environmental effects was considered as a key aspect
by respondents (mean score = 4.28). Similarly, the presence of a market-based instrument (a subsidy)
to incentivise the choice of an energy source is strongly valued by the sample (mean score = 3.94).
Finally, respondents support the low cost of energy sources, despite considering it less important than
the previous two aspects (mean score = 3.78).

3.3. Choice Experiment Results

Our analysis was performed in three steps: first we estimated a multinomial logit model (MNL)
to check for the sample parameters mean values; then, we moved to a random parameter logit model
(RPL) to analyse whether the sample preferences were characterised by heterogeneity estimating
parameters at an individual level; finally, we applied a latent class model (LCM) to check if it was
possible to find clusters of respondents with homogeneous preferences.

3.3.1. Mean Sample Preferences

According to our analysis, all estimated parameters were significant in both the MNL and RPL
models (Table 4 and Figure 2). Looking at the McFadden pseudo-R2, both models have a good
fit (Louviere et al. [64] stated that a McFadden pseudo-R2 statistic in the 0.20–0.30 range is comparable
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to an ordinary least square adjusted R2 of 0.70–0.90. Consequently, according to Hensher et al. [44], it is
possible to state that our RPL model has an acceptable fit (McFadden pseudo-R2 = 0.30)) and explicative
capacity, and that it provides a better performance than the MNL model (McFadden pseudo-R2 = 0.304
vs. 0.221 of the MNL model).

Table 4. DCE models’ estimates.

MNL RPL

naturalgas ? 1.175 *** 1.280 ***
[0.92, 1.43] [0.92, 1.64]

heatpump ? 0.852 *** 0.688 ***
[0.65, 1.06] [0.40, 0.97]

wood ? 1.255 *** 1.346 ***
[1.06, 1.45] [1.05, 1.64]

emissions − Low ? 1.024 *** 1.765 ***
[0.89, 1.16] [1.54, 1.99]

maintenance − Low ? 0.510 *** 0.792 ***
[0.36, 0.66] [0.57, 1.02]

en.price0.03e/kWh ? 0.514 *** 0.923 ***
[0.43, 0.60] [0.79, 1.06]

en.price0.06e/kWh ? 0.199 *** 0.516 ***
[0.10, 0.30] [0.37, 0.66]

cost (1000 e) −0.153 *** −0.276 ***
[−0.18,−0.13] [−0.31,−0.24]

Standard deviation of random parameters distributions
gas 1.603 ***

[1.39, 1.82]
heat pump 1.403 ***

[1.20, 1.61]
wood 1.791 ***

[1.58, 2.01]
emissions low 1.328 ***

[1.13, 1.52]
maintenance low 0.982 ***

[0.82, 1.15]
en. price 0.03 e/kWh 0.739 ***

[0.56, 0.92]
en. price 0.06 e/kWh 0.083

[−0.41, 0.58]

Subjects 818 818
Choices 4908 4908
Log-likelihood −5297.103 −4734.918
McFadden Pseudo R2 0.221 0.304
BIC 10, 662.194 9597.316
AIC 10, 610.205 9499.837

? random parameter in the RPL model assumed normally distributed 95% confidence intervals in brackets.
*** p < 0.001.

We calculated the relative importance given on average by respondents to the different attributes
in choosing a new heating system (Figure 3). According to the RPL model, respondents seem to
be mainly concerned about the system initial cost (36.4% importance), followed by the level of CO2

emissions (23.3%), the type of energy source (17.7%), the energy price (12.2%), and finally by the
maintenance costs (10.4%). The results of the relative importance of attributes according to the two
models are similar with the exception of the positions of the level of CO2 emissions and the energy
price, which in the MNL are inverted, not taking into account preference heterogeneity results in
overvaluing the importance of the energy source.
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Looking at the estimated coefficients in the RPL model, a greater initial cost decreases the
probability of choice, whereas wood and gas are the types of energy sources that mainly increase such
probability. Low CO2 emissions and costs of maintenance are preferred, while the lower the energy
price, the better.

gas

wood

heat pump

energy price 0.03 €/kWh

energy price 0.06 €/kWh

emissions - Low

maintenance - Low

cost (1,000 €)

-.5 0 .5 1 1.5 2

MNL RLP

Figure 2. Comparison of the DCE, Multinomial logit (MNL) and random parameter logit (RPL) models’
estimated coefficients.

10.6%

10.6%

26.0%

21.2%

31.7%

10.4%

12.2%

17.7%

23.3%

36.4%

0.0% 5.0% 10.0% 15.0% 20.0% 25.0% 30.0% 35.0% 40.0%

Maintenance

Energy price

Energy source

Emissions

Cost

Average importance given to the attributes by respondents in performing the choice in the DCE

At
tri

bu
te

RPL MNL

Figure 3. DCE: MNL and RPL models’ estimated relative importance of attributes.
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3.3.2. Heterogeneity in Sample Preferences

According to the analysis of the statistical significance of the standard deviation of random
parameters in the RPL model (Table 4), all the variables, apart from energy price at 0.06 e/kWh,
present a significant level of heterogeneity (p-value < 0.05). This result is confirmed by the analysis
of the kernel density functions of the estimated random parameters (Figure 4). Looking in particular
at the multimodal distribution of the individual coefficient for the attribute level ‘emissions—Low’
(Figure 4d), it emerges that, especially for this attribute, there might be three clusters of respondents
with homogeneous preferences. This hypothesis was tested analysing the data with an LCM model.
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Figure 4. Cont.
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Figure 4. Kernel density functions of individual parameters distribution for RPL model.

The application of the LCM model confirmed the presence of three clusters of respondents.
According to the results reported in Table 5, the first class includes 16% of the sample, the second class
the majority of the sample (63%) and the third class the remaining 21%.

From the analysis of the relative importance given to the DCE attributes (Figure 5), it emerges that
the three classes are quite different in terms of preferences. Members of class 1 give nearly the same
importance to the system cost (29.5%) and the CO2 emissions (26%), followed by the energy source
(22.3%). The energy price (14%) and maintenance costs (8.1%) are given a secondary role in determining
the probability of choice. Members of class 2 have a similar structure in relation to the relative
importance of attributes: first, they consider the system energy source (35.3%) and then, the system cost
(28.7%) and CO2 emissions (21.4%). Similar to the previous class, the energy (7.1%) and maintenance
cost (8.1%) attributes have the least influence when choosing a new energy system. The third class
presents quite a distinctive character compared with the previous two. Its members are guided nearly
exclusively by the system energy source type (65.2%) when making their choices; all other aspects are
given relatively very low attention. The systems cost weight is 12.6%, maintenance and energy costs
are about 10%, and CO2 emissions are nearly neglected (2.3%).
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Figure 5. The Latent Class model (LCM)’s estimated relative importance of attributes.
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Table 5. Latent Class model results.

Class 1 Class 2 Class 3
Class Shares 16% 63% 21%

natural gas −1.339 ** 2.678 *** 3.525 ***
(0.431) (0.495) (0.597)

heat pump −1.798 *** 2.577 *** 1.568 **
(0.374) (0.451) (0.582)

wood −0.641 2.175 *** 3.906 ***
(0.349) (0.432) (0.559)

emissions - Low 2.104 *** 1.625 *** 0.129
(0.258) (0.182) (0.162)

maintenance - Low 0.663 * 0.571 ** 0.603 **
(0.268) (0.179) (0.212)

en. price 0.03 e/kWh 1.130 *** 0.537 *** 0.595 ***
(0.143) (0.088) (0.131)

en. price 0.06 e/kWh 0.466 * 0.476 *** 0.167
(0.188) (0.112) (0.119)

cost 1000 −0.241 ***−0.217 ***−0.075 *
(0.044) (0.027) (0.033)

sex −0.083 0.174
(0.090) (0.102)

age16-29 −0.629 ***−1.345 ***
(0.162) (0.168)

age30-39 −0.194 −1.133 ***
(0.190) (0.201)

age40-49 −0.194 −0.742 ***
(0.193) (0.202)

age50-59 0.427 * −0.092
(0.199) (0.206)

imp. incentive 0.162 *** 0.132 *
(0.047) (0.054)

imp. cost −0.168 *** 0.228 ***
(0.046) (0.052)

imp. emissions −0.067 −0.239 ***
(0.054) (0.060)

Subjects 818
Choices 4908
Log-likelihood −4774.927
McFadden Pseudo-R2 0.298
BIC 9906.795
AIC 9633.853

Std. Error in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.

In more detail, members of class one (16%) are particularly keen on a heating system that is
environmentally friendly (Low CO2 emissions), and has low maintenance and energy costs and they
are very concerned about the system costs. We can define this class of people as ‘Green and cost
conscious’. In terms of energy source, the utility of this group of customers is negatively affected by
natural gas and heat pump systems (wood is not statistically significant).

The second class of respondents (‘Incentive driven’), which is the most numerous (63%),
has a slight preference for natural gas and heat pump over wood systems, and is careful about
CO2 emissions and all system costs. Compared with members of the first class, members of this class
are older, place more importance on public incentives, and less importance on the initial investment
cost in driving their choice.

Members of class three (21%) pay particular attention to the energy source, showing a strong
preference for wood, followed by natural gas, and finally by heat pump. These people care about
maintenance and energy costs, and less about initial system cost. This class of people is not affected
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by the environmental effect of the system in making their choices and declared to be less affected by
environmental concern than members of class one. In terms of age, class three has a higher age than
class one and declares that they give more importance to the system cost and the presence of incentives.
We can label this class as ‘Wood heaters lovers’.

3.4. Policy Implications

Looking in particular at the effect of a potential label reporting the CO2 emissions of the heating
system, we can conclude that it will have a significant and positive effect on 16% of the sample,
a good effect on 63% and no effect on the remaining 21%. A further datum that emerges from our
LCM analysis is that 79% of the sample pays great attention to the system’s initial cost, and that 21%,
despite being less sensitive to the investment amount, has a very strong preference for wood systems.

This scenario suggests that public subsidies would be useful in driving consumer choices for
a future environment-friendly heating system, but that they are not enough to induce consumers to
switch to more ‘climate-friendly systems.’ Such economic incentive should be targeted to systems
labelled as ‘greenhouse friendly’: the joint application of these measures (subsidy plus green label)
should be able to provide a stronger incentive to consumers and have a stronger effect in the long run
in terms of lowering the domestic sector climate effect.

To test this hypothesis we ran some simulations using the MNL model results, in order to check
how the market share changes when providing a subsidy and/or a green label on the heating system.
In the first simulation (simulation 1), we provided a progressive subsidy from 0% to 100% of the
natural gas system initial cost. In the second simulation (simulation 2), we applied the same subsidy
and labelled the natural gas choice option as ‘low CO2 emissions’. Results are displayed in Figures 6
and 7. Before the simulations, the initial market share was 7.93% for the ‘no choice’ option, 21.7% for
‘natural gas’, 35.17% for ‘heat pump’ and 35.2% for ‘wood’.
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Figure 6. Simulation 1: MNL simulation on market share change providing only a subsidy to
natural gas.

The first simulation results in an increase in people choosing the natural gas system; with a 100%
subsidy, the market share of natural gas grows to 41.5%, an increase of 19.8 percentage points, whereas,
with the second simulation at the same subsidy level, the final market share is 56.82% (35.12 percentage
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points increase). The joint application of the subsidy and ‘low emission label’ results in a market
share gain of 35.12 percentage points. It is interesting to notice that the effect of the label without any
subsidy brings the market share of natural gas from 21.7% to 29.2%: an increase of 7.5 percentage
points. If we compare the two simulations, the effect of the subsidy alone counts for a 19.8 percentage
points increase (at a 100% subsidy level—simulation 1), while the combined effect (simulation 2) results
in an increase of 35.12 percentage points, that is nearly 15.32 percentage points greater than the two
effects taken separately.
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Figure 7. Simulation 2: MNL simulation on market share change providing a subsidy and a ‘climate
friendly’ label to natural gas.

4. Discussion and Conclusions

This study investigates the preferences of Italian home-owners when choosing a new domestic
heating system. The focus of our analysis was on understanding the relative importance of key
attributes that drive consumer choice and, consequently, the role of a potential label certifying the
greenhouse effect of the heating system.

We used a DCE to elicit respondents’ preferences, and this study is the first, to our knowledge,
that applies this technique to domestic heating system choices to investigate the relative importance of
economic vs. green attributes and to simulate the effect on respondents’ preferences of the introduction
of ‘green subsidies’ (i.e., a subsidy on the system cost linked to its environmental performance) in Italy.

Whereas the results of our analysis showed that, on average, respondents place primary
importance on the initial system cost (36.4% importance), and then on its environmental performance
(23.3% importance) and the type of energy source (17.7% importance) (RPL model results), they also
highlighted that respondents have quite heterogeneous preferences with regard to the heating system
choice. This aspect should be taken into careful consideration when designing policies aiming at CO2

reduction from the domestic sector. For example, according to the LCM model results, a potential label
reporting the CO2 emissions of the heating system will have a great and positive effect on 16% of the
sample, a good effect on 63%, and no effect on the remaining 21%. A further datum that emerges from
our LCM analysis is that 79% of the sample (members of clusters 1 and 2) pays great attention to the
system’s initial cost, and that 21%, despite being less sensitive to the investment amount, have a very
strong preference for the energy source and wood systems in particular.
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Although in a number of previous studies [65], environmental concerns seem not to be
an important factor in guiding households’ heating system choices, our results suggest that greenhouse
gas emission concerns could be a key determining factor in heating system choice across households.
On the one hand, respondents consider it important to have heater systems that reduce the emissions
into the atmosphere; on the other hand, they place primary importance on the magnitude of the
investment in adopting green technology. As also highlighted by Balcombe et al. [66], on the one
hand, environmental benefit appears to be a significant motivation to install greener heating systems,
but on the other hand, capital costs are the most important barrier to installing these systems. Our
results seem to confirm Balcombe et al. [66] findings: it seems that, all things being equal, to encourage
Italian people to install heater systems that reduce carbon emissions, it would be better to contribute
to the initial cost of the plant than to reduce the management costs. It seems that an incentive-based
regulation could influence the willingness of private home-owners and motivate them to renovate their
heating systems. Our simulations support the hypothesis that policymakers will achieve greater results
in terms of reducing domestic greenhouse gas emissions by applying a combined policy that leverages
the importance citizens accord to the different characteristics of the heating system. Our results suggest
that the application of a ‘low CO2 emissions’ label would amplify the effect of a subsidy that reduces
the initial system costs. The combined effect of a ‘low CO2 emissions’ label and a subsidy on the
system cost leads to an increase in the market share that is nearly 15.32 percentage points greater than
the effect of a subsidy alone (considering a subsidy of 100% of the system cost, while the increase is of
13 percentage points greater with a subsidy of 65% of the system cost alone).

A further aspect that should be considered is the strong role that a specific energy source plays
on people’s preferences: for example, in our case 21% of people show a very strong preference for
wood systems. This might be because of the regional environment of the person, such as the Alpine
mountains with a high availability of wood for heating purposes, or because of a subjective preference
for the kind of heat that a system provides, for example, a perceived ‘drier heat’ provided by wood
systems. In this respect, policymakers should consider such differences, and design a green-labelling
policy/low emissions certification for the different systems. This would also help capture the attention
of people that would otherwise stick to an ‘energy source’ specific system, neglecting to consider its
greenhouse effect.

These insights could support designing socially acceptable governmental policies and tools,
to improve and increase the share of sustainable systems used by residential households for heating.

Given the objective of the survey data, this study might not include all aspects of renewable energy
sources. For this reason, it is suggested that future studies should incorporate respondents’ opinions
on a larger range of heating systems characteristics. Moreover, it would be interesting to investigate
consumers’ preferences in other regions and countries in order to compare our results. Despite its
limitations, we believe this study contributes to the existing literature on consumer perceptions about
’climate friendly’ domestic heating systems by identifying the drivers of heating system choices and
adding information that may be useful both to marketers and institutional decision makers.
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Abbreviations

The following abbreviations are used in this manuscript:

CO2 Carbon dioxide
DCE Discrete Choice Experiment
LCM Latent Class Model
IIA Independence from Irrelevant Alternatives
MNL Multinomial Logit
RPL Random Parameter Logit (also known as Mixed Logit)
WTP Willingness to pay
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