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Abstract: This paper investigates preference heterogeneity among Slovenian energy consumers and
attempts to ascertain how different consumer groups value various attributes of energy products
and services. More specifically, it aims to establish whether a consumer segment can be identified
that shows a preference for additional energy services—in particular services, associated with
energy-efficient and green behaviour. A latent class analysis is employed to classify consumers on the
basis of their preferences for energy services. Additionally, information about their attitudes and
behaviour toward green energy and energy efficiency, energy consumption, and usage of energy
services together with socio-economic characteristics is used in the latent class regression to explain
differences between latent consumer classes. Three classes are identified: the largest class of regular
consumers, energy-efficient consumers, and dissatisfied consumers. In contrast to regular and
dissatisfied consumers, energy-efficient consumers show a significantly higher interest in additional
services, energy efficiency, and green energy. In line with the found heterogeneity of consumer
preferences, suppliers should customise marketing strategies to meet the needs of specific segments.
Energy policymakers also need to pay more attention to consumer heterogeneity and behavioural
changes to increase the effectiveness of energy efficiency policies.

Keywords: energy efficiency; residential energy market; consumer preference heterogeneity

1. Introduction

Energy markets are undergoing a major transition, mainly driven by new market strategies aimed
at increased consumer engagement and climate change policies [1]. The transition, starting with the
deregulation of energy markets, has not only increased market competition but has also enriched the
suppliers’ offers with a variety of additional services, including green energy and energy-efficient
technologies [2,3]. Energy suppliers expanded their portfolio with additional products and services,
such as a combined (multi-fuel) energy supply, strengthened communication with consumers, sales,
and installations of energy-efficient electrical appliances, energy-efficiency consultations, and provision
of other energy-related services in order to meet the expectations of most consumer segments.
Their main goal is to establish effective relationships with consumers with the intention of building
long-term relationships. These trends may eventually change the perception of energy suppliers [4].
The product and service differentiation can be seen as one of the main results of energy market
deregulation since this also indirectly enhances consumers’ market activities. This is particularly
important when promoting green energy and energy efficiency (EE) with the current climate change
policies [5]. Consequently, consumers are free to choose an energy supplier, as well as to choose from
various energy products on the basis of not only the price but also several other factors impacting
consumer preferences for a supplier offer [6].
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Since consumer preferences are becoming more diverse with expanded supplier offers, it is
important to understand how consumers make decisions about energy products and services when
those decisions necessitate trade-offs between various benefits and costs [7,8]. Understanding consumer
preferences and identifying their potential heterogeneity when valuing various products and services
together with their attributes is crucial for effectively addressing consumers’ needs. Energy suppliers
are therefore forced to transform into active, consumer-oriented utilities with an emphasis on the
integration of energy services, while simultaneously promoting environmental sustainability [9].
The residential sector, which accounts for a considerable share of energy use, represents an important
potential for energy savings, especially because of the persistence of an energy efficiency gap [10].
Enriching the knowledge on household energy preferences, behaviours, and attitudes is thus crucial
to enhance the effectiveness of the energy efficiency policies, which should play a central role in the
European Union (EU) together with green energy and climate change goals.

It is expected that the consumer base will become even more heterogeneous, and so knowledge
about different consumer segments is crucial to develop an adequate approach towards consumers [11].
Especially in the energy sector, the primary goal for utilities is to understand which energy services
and which attributes consumers prefer. Ideally, the energy market should focus on the development
and the awareness of efficient energy use and the use of green energy, which may create, together
with the efficient relationship management, a competitive advantage strategy for any supplier [12].
As consumer preferences, attitudes, and energy consumption along with consumer heterogeneity may
be country-specific, they call for country studies.

The main objective of our study is to investigate preference heterogeneity among Slovenian
consumers and to establish how different consumer groups value different attributes of energy products
and services. Identification of consumer groups based on their preferences related to energy offers may
serve as important information in developing new business strategies and improving energy policies.
Our hypotheses are:

Hypothesis 1 (H1). Consumer preferences for energy services are heterogeneous, so more than one consumer
segment could be identified based on the range of preferences for energy services.

Hypothesis 2 (H2). A consumer segment could be identified that shows pro-energy-efficient behaviour and
higher preferences and attitudes towards energy efficiency and green energy.

Several studies have been trying to explain the influence of behavioural aspects on energy
consumption and consequently, on energy-saving behaviour [7,13,14]. While these authors mainly
focused on the factors that influence residential energy consumption, our paper enriches the
knowledge on the heterogeneity of consumer groups by taking into account their preferences
for energy services. To the best of our knowledge, there is no comparable study that examines
consumer heterogeneity and segmentation based on consumer preferences along with their attitudinal,
behavioural, and socio-economic characteristics.

The paper is organised into five sections as follows. Section 2 first reviews the literature on the
determinants of consumer preferences in general and specifically in the energy markets, while also
addressing their heterogeneity. In Section 3, the data and research methods for conducting the empirical
analysis are described. Section 4 presents the empirical results of the latent class analysis and the latent
class regression, which identify differences between latent consumer classes. The last section contains
a discussion of the results and suggests managerial and policy implications for energy suppliers and
energy policymakers, respectively.
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2. Theoretical Background

2.1. Slovenian Residential Electricity Market as a Research Setting

Slovenia is an interesting research setting since it is a young European Union member state whose
energy markets have become increasingly active in recent years [15]. Competitive pressure came
with the entry of new electricity suppliers after 2008 who introduced business strategies that focus on
consumers and product differentiation [16]. In 2015, the retail electricity market in Slovenia faced stiff
competition from 13 electricity suppliers to residential consumers [17]. The strengthened competition
caused a decrease in the contestable part of the final electricity price (i.e., the energy component) [17].
As a result, the savings from switching have been gradually shrinking. The potential annual benefit
from switching suppliers was between EUR 43 and EUR 85 in 2015, almost half compared to 2011–2014
when it peaked around EUR 110 [17]. As a result, rivalry in the electricity market has gradually
shifted from price competition to other forms of competition based on additional offers of a supplier.
Suppliers are, therefore, extremely interested in identifying heterogeneous consumer segments’ needs
to adequately tailor their package offers.

In line with the EU Energy Efficiency Directive (EED) [18], Slovenia as an EU member state is also
obliged to establish its energy efficiency obligation scheme, which should determine both the level of
energy savings by 2020, and the parties obliged to achieve these savings. In accordance with the EED,
the savings under the national energy efficiency obligation scheme in the period 2014–2020 have to
represent at least 1.5% of annual energy sales to final consumers in the previous year. Slovenia pursues a
combined policy in which half of these obligations will be achieved by the public Eco Fund programmes,
financed by levies on energy. Energy suppliers are motivated to fulfil these obligations, because, firstly,
in the case of a failure, a certain proportion of their revenue must be paid to the public environmental
fund, which could be perceived as a penalty. Secondly, the obligation provides the opportunity for
expanding their regular offer by providing energy efficiency consultation, services, and the installation
of energy-efficient appliances and technologies. Recently, Slovenia prepared the Integrated National
Energy and Climate Plan, which contains new energy-climate policy targets for the period until
2030 [15]. According to the new targets, Slovenia aims to improve energy efficiency by at least 35%
compared to the 2007 reference values. A significant increase in the targets requires significant energy
efficiency improvements, for which the involvement of all energy market participants is needed [15].

2.2. Consumer Preference Heterogeneity

The transition of energy markets, including recent advances in the demand-side management,
has rekindled interest in consumer behaviour [19] and how this knowledge can be fed into more
effective energy policies [20]. On the other hand, this knowledge is crucial for energy suppliers to
maintain their market shares, especially in terms of the awareness of the increasing importance of
differentiation and, above all, integration of energy services [21]. The latter encompasses the offer of
various energy fuels for the residential sector, as well as the offer of energy services focused on the
efficient use of energy, the reduction of energy-related costs, energy conservation, and environmentally
friendly use. A comprehensive offer of energy services provides opportunities for the sustainable
development of business strategies for energy markets since it takes into account both an increased
consumer engagement and climate change policies. The energy supply is becoming a heterogeneous
service that provides numerous energy products from various energy sources. However, energy is an
intangible and a low-involvement product, while consumer decisions are often based on other attributes
besides price. Identifying the diversity of consumer preferences is essential for developing effective
market strategies. Knowing the characteristics of each consumer segment can help develop product
and service differentiation that meets most consumer needs [22]. Through a better understanding of
consumers, the gap between consumer preferences and a product portfolio can be eventually closed [9].

Consumer preferences serve as standards for an assessment of service, and so importantly
determine the level of consumer satisfaction [23]. The literature reveals that consumer satisfaction can
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be successfully managed by improving so-called ‘supplier’s brand associations,’ namely, the perceived
technical service quality and service process quality, a perception of value-added services, environmental
and social commitment of the supplier, brand trust, and price perceptions [4]. Büscher and Sumpf [24]
argue that previous research has underestimated the importance of the social mechanism of trust
and confidence for consumers as technical innovation and institutional change cannot solely enhance
consumer’s participation. Building strong associations with suppliers relies on the attributes and
benefits of the supplier’s products and services [25].

Beside brand reputation, consumer preferences may be importantly influenced by the supplier’s
environmental awareness, which is exhibited by providing energy from renewable sources and
promoting energy efficiency. Moreover, emerging carbon mitigation measures are suggesting energy
suppliers also promote their care for low carbon footprints [26]. Since the community across Europe,
and in other developed countries, is becoming more sensitive to environmental issues, there is a
growing public concern for environmental protection [4], which consequently and importantly impacts
consumer preferences. Particularly important energy service attributes have to be considered with
great care. Although most consumers support green energy, they often hesitate to pay for it because of
a lack of transparency about their energy supplier’s environmental performance [5]. Their objective
that their money does not support unsustainable energy sources has to be satisfied in order to reap their
“environmental” trust. Energy suppliers are therefore trying to improve their image as environmentally
aware suppliers, either through their existing marketing strategies or through the implementation
of new marketing strategies, with an emphasis on energy efficiency and by offering green energy
with a particularly environmentally friendly public image. Accounting for multiple energy service
attributes enables jointly testing their relevance and also their importance for further examination of
consumer behaviour.

Consumer preferences related to energy efficiency activities are primarily affected by their
behaviour toward energy use, their attitudes and habits, their environmental values, and knowledge [27].
Energy-efficient behaviour reflects not only an environmentally friendly attitude but also the willingness
to reduce costs, both impacting energy consumption. Research on energy-efficient behaviour has
identified various non-technical determinants of energy consumption, which may be explained by
consumers’ socio-economic and socio-demographic characteristics, as well as their environmental
awareness [10,14,28–30].

Two recent studies by Belaïd [30] and Belaïd et al. [14], for example, emphasise the impact
of behavioural factors in residential energy consumption. Moreover, social interactions and beliefs
about other people’s willingness to reduce electricity consumption are potential triggers for one’s
energy-saving behaviour. Further, a high degree of social integration, e.g., in social networks, is also
positively related with the acceptance of energy-saving behaviour [29]. Ek and Söderholm [31]
concluded that among all possible triggers of energy-saving behaviour, price incentives, information,
and environmental moral concerns might be the most effective ones. A review on behavioural-based
energy efficiency programs conducted by Dougherty and Van de Grift [32] suggests that future studies
must evaluate their impact of how these programs generate energy savings, as well as explore the
most effective ways to integrate them into an existing service portfolio. However, according to
Blum [33], additional benefits from improved energy efficiency do not always outweigh the additional
costs. Thus, several market failures and barriers may importantly influence public acceptance of these
programs, where research in social science may help find ways to overcome them [34].

When analysing preferences for energy-saving behaviour, researchers were also interested in the
heterogeneity of consumers. Recently, Hille et al. [22] found heterogeneity in preferences for participation
in electricity-saving programs defined by several attributes (i.e., goal setting, tailored feedback provision,
and reward and penalty schemes) using a latent class approach. Consumer segments could then be
categorised in terms of their psychographic and socio-demographic characteristics in order to effectively
tailor marketing and communication programs. Consumer preference heterogeneity was also found in the
study of consumer attitudes to various attributes of electrical appliances, including their energy-saving
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and emission-reducing features. In a recent study, Sung-Yoon et al. [35] found a high heterogeneity
of consumer preferences for all characteristics of an electrical appliance (i.e., rice cooker) with high
importance of the price attribute. Similarly, heterogeneity was revealed in consumer preferences for the
heating system. Although consumers gave the highest priority to the heating system costs, followed by
the label indicating carbon dioxide emissions, three clusters were detected among Italian consumers in
relation to these attributes [36], which requires a combination of policies to achieve the largest reductions
of greenhouse gas emissions in the heating sector.

A common conclusion in the literature on consumer preferences is that preferences are
heterogeneous and so a priori understanding heterogeneity of consumer preferences can improve
consumer satisfaction through customised services for individual consumers [37]. One important
indicator of successful identification of consumer heterogeneity for a particular service is the
supplier-switching rate, which is, for example, in banking and telecommunications twice as high as
in the energy market [38]. Studies by Yang et al. [7] and Hartmann and Apaolaza Ibáñez [6] confirm
that consumer preferences for energy services are heterogeneous, where failing to understand their
diversity may steer energy suppliers to develop ineffective market strategies. Ek and Söderholm [31]
conducted a study on the switching behaviour and found that both economic and psychological
factors help understand residential consumers’ behaviour. Recently, when investigating consumer
preference heterogeneity in supplier switching in relation to six non-price attributes of electricity services
employing a latent class analysis, Ndebele et al. [39] found three different latent consumer classes,
which confirms the importance of designing customised services in the strategies of energy suppliers.

Yang et al. [7] identified a consumer segment that is willing to pay more for renewable energy.
Among factors influencing consumer preferences, socio-demographic characteristics are found to
be important. Behavioural and attitudinal characteristics are also important drivers of consumer
preference heterogeneity.

Our study augments the range of findings of previous studies examining consumer preferences
for energy services in the residential energy market [7,9] by studying the heterogeneity of consumer
preferences for a core product (electricity) when the supplier also offers other energy products and
services, where some of them are targeted to increase the energy efficiency of households. In comparison
to other studies, our study examines both stated and revealed consumer preferences, which allows a
cross-checking between hypothetical and actual behaviour, and thus enables a comprehensive analysis
of complex consumer behaviour in the residential energy markets.

3. Methods and Data

3.1. Methods

To verify the two hypotheses, presented in the Introduction, a latent class analysis (LCA) is
augmented by a latent class regression (LCR) model. For the first hypothesis, the LCA is used to
identify a range of preferences for energy services that may cluster consumers into different segments
(latent classes). To test the second hypothesis, the LCR model is employed to provide empirical
verification of correlates with identified consumer segments in order to determine the consumer profile
of each segment. Besides preferences, the LCR classifies consumers according to their behavioural and
attitudinal characteristics toward energy.

The theoretical framework for analysing consumer preferences for energy services is based on a
probabilistic approach for determining the unobserved (i.e., latent) class membership of individuals,
named ‘latent class analysis’ (LCA) [40]. This is one of the most often used approaches for analysing
consumer heterogeneity in the literature [41–43]. Since the importance of preferences for energy services
may differ across underlying consumer classes, LCA is employed to capture this heterogeneity [44].
LCA allows the clustering of consumers into different classes on the basis of their expressed preferences
and consequently enhances the understanding of consumer behavioural dynamics [45]. Moreover,
LCA has the ability to integrate the information from a variety of factors such as attitudinal, perceptual,
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and other consumer characteristics into one model [46]. As a starting point, LCA assumes there
exists a finite number of subgroups of individuals (i.e., classes of residential energy consumers)
with heterogeneous preferences among groups and homogeneous preferences within groups [41].
Although the class membership of a consumer is unknown, the model probabilistically groups each
consumer into a “latent class”, which produces expectations of his/her responses to preference items
(variables). These are 16 5-point Likert scale items belonging to six dimensions of preferences for
energy services that will be explained in more detail in Section 3.2.

The latent class model consists of J variables (preference items), each of which contains K j possible
outcomes for consumers i = 1, . . ., N. Each consumer has a finite set of possibilities for outcomes
of size

∏
j∈J K j when scoring on all J items. The probability that a consumer scores a particular set

of outcomes for preference items assumes conditional independence of the outcomes is the product
of probabilities for scoring a particular outcome across all items. We denote each outcome with
Yi jk = 1 where the consumer i gives the kth response to the jth variable, and Yi jk = 0 otherwise.
The model then approximates the observed joint distribution of the preference items for a finite number
of R classes. With π jrk, the class-conditional probability that a respondent in class r = 1, . . . , R gives
the kth response on the jth preference item is denoted. With pr, we denote R mixing proportions that
provide weights in the estimation and

∑
r pr = 1 must hold. The latter values are prior probabilities of

latent class membership.
Then, the probability that a consumer i in class r gives a particular set of J responses for the

preference items, while the conditional independence of the responses Y given class membership is
assumed, is the following:

f (Yi;πr) =

J∏
j=1

K j∏
k=1

(π jrk)
Yi jk (1)

The corresponding probability density function across all classes is then the following weighted
sum:

P(Yi
∣∣∣π, p) =

R∑
r=1

pr

J∏
j=1

K j∏
k=1

(π jrk)
Yi jk (2)

In the second part of the analysis, we employ a latent class regression (LCR) model which aims
at predicting consumers’ latent class memberships by the inclusion of covariates into the model [47].
The basic LCA model assumes that every consumer has the same prior probabilities of latent class
membership, while the LCR model allows consumers’ prior probability to vary depending upon their
observed covariates. This approach is also known as the ‘one-step’ approach since it estimates the effects
of covariates simultaneously as a part of the latent class model. Moreover, Bolck et al. [48] demonstrated
that estimating the entire LCR model in a one-step approach is preferable to a step-by-step estimation
since the latter produces biased coefficients estimates.

Following Swait [42], the unobservable or latent membership likelihood function of consumer
i belonging to a specific class r (dependent variable) can be associated with consumers’
socio-demographic and socio-economic characteristics, as well as with the observed behavioural
and attitudinal profile (explanatory variables—covariates). This regression enables the estimation of
the effects of covariates on predicting latent class membership [47].

Mixing proportions in the LCR model are denoted as pri in order to reflect that these prior
probabilities are now free to vary by consumer. Similarly as before, the following assumption has to
be met:

∑
r pri = 1 for each consumer (prior probabilities are constrained to be greater than zero and

sum up to 1). Let Xi represent the observed covariates for consumer i. βr is the vector of coefficients
corresponding to the rth latent class. S is the set of covariates, and therefore vector βr has the length
S + 1 (one coefficient for each of the covariates together with a constant). In the estimation, the first
latent class is usually selected as a “reference” class, and so is assumed that the log-odds of the latent
class membership prior probabilities with respect to that class are linear functions of covariates.
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Since the covariates in the LCR model affect the probabilities of latent class membership, we can
specify a link function between the two. Here, we specify that the underlying model is a multinomial
logit model since the LCR model allows consumers’ probabilities of latent class membership to vary
upon their observed covariates. The latter is the case since the LCR model uses consumer-specific
characteristics as covariates. In order to use the membership likelihood functions described above,
which are random variables, the distribution of error terms must be specified. Swait [42] assumes that
the error term is independently distributed across consumers in terms of the extreme value distribution,
and thus the probability of a consumer i belonging to the latent class r can be rewritten as:

pri = pr(Xi; β) =
exp(Xiβr)∑R

q=1 exp
(
Xiβq

) (3)

The LCR model estimates R − 1 vectors of coefficients βr, which represent the parameters of
the model. Furthermore, the same as in the basic latent class model, the LCR model estimates the
class-conditional outcome probabilities π jrk. For the given estimates β̂r and π̂ jrk of the aforementioned
parameters (βr and π jrk), the posterior class membership probabilities in the LCR model, conditional on
the observed values of the preference items, are obtained using Bayes’ formula (in practice by replacing
the pr from the basic latent class model with the function pr(Xi; β)):

P̂(ri|Xi; Yi) =
pr

(
Xi; β̂

)
f (Yi; π̂r)∑R

q=1 pq(Xi; β̂) f
(
Yi, π̂q

) (4)

where ri ∈ {1, . . . , R}. Note that the π̂ jrk are estimates of outcome probabilities conditional on class r.
On the basis of the maximum posterior class membership probability, consumers are clustered
into classes.

The latent class parameter βr is estimated by a maximum likelihood estimation using a modified
expectation–maximisation algorithm with a Newton–Raphson step [49]. The log likelihood function is
given by:

lnL(β
∣∣∣R) = N∑

i=1

ln


R∑

r=1

pr(Xi; β)
J∏

j=1

K j∏
k=1

(π jrk)
Yi jk

 (5)

When assessing the model fit and determining the appropriate number of latent classes R for a
given data set, there is a variety of different statistical tests available. In practice, the number of latent
classes depends on both the model fit information, as well as on the explanatory power. We assess
the model fit with several model fit indicators, including the Bayesian information criterion (BIC),
the Akaike information criterion (AIC), the χ2 statistic, and the bootstrapped parametric likelihood
ratio test (BPLRT). The quality of classification or entropy is also an important factor due to the fact that
a higher value implies significant distinctions among classes [50]. There is no general rule saying which
test is the most adequate. The decision depends on the usefulness of results and their interpretability.
Although models with the lowest AIC, BIC, and the highest quality of classification (entropy) are
preferred, there is usually a trade-off between the statistical significance (probability) and the practical
significance (interpretability) of the results. For the best fitting latent class model, we therefore consider
the values of AIC and BIC. A low value of AIC is desired to obtain the best classification. A low BIC
value favours a small number of classes due to its sensitivity to the high number of parameters.

The presented model in our analysis is applied, first, to predict the class membership of consumers
on the basis of their preferences for energy services, and second, to associate their membership
with both individual consumer characteristics, as well as with information on their attitudinal and
behavioural profiles.
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3.2. The Sample and Data Description

The proposed model is validated and estimated using the data collected from an online survey of
electricity consumers of one of the largest energy suppliers in Slovenia, which also operates in more
than 10 energy markets in central and southern Europe. For more than 50 years the company’s main
business was the sale of petroleum products in gas stations in Slovenia. After the energy markets
liberalisation, the firm extended its portfolio with several energy fuels (electricity, liquefied petroleum
gas (LPG), natural gas, heating oil) and other energy-related services (automatic meter reading,
online billing system, sales of electric appliances and energy efficiency products, online shopping,
and other customised offers for households). From its database of electricity consumers, 5466 consumers
were randomly selected in order to gather the data with an online survey using a self-administered
questionnaire in February 2016. The final sample consisted of 984 consumers—holders of an electricity
supply contract with this supplier, which corresponds to an 18% response rate. The data were merged
with the supplier’s database containing consumers’ information on their energy consumption of other
fuels and the usage of other supplier’s services.

The socio-demographic profile of consumers is presented in Table 1. A comparison between the
survey sample (N = 984) and the base sample (N = 5466) was made to detect any potential discrepancy
between the two in the following three variables known for both samples: gender, age, and average
monthly electricity bill. After conducting t-tests of the equality of means between the two samples, we
can conclude that the differences are not statistically significant. The representativeness of the survey
sample in comparison to the base sample is thus fairly assured. Since data on electricity contract holders
at the national level are not available, we additionally provide a comparison with the population.
While the average monthly electricity bill and the household income closely correspond to the
population values, differences are detected in the socio-demographic variables. However, several other
descriptive statistics of the sample closely correspond with the population such as the distribution
of dwelling types and the share of urban population [21]. This is to some extent expected as the
characteristics of an average electricity contract holder do not match those of the general population.
Electricity contract holders are primarily men, around 50 years old, which also affects the bias towards
the household’s size and their education level. We should bear this in mind when interpreting the
results and generalising our findings.

Table 1. Socio-economic characteristics of the survey sample in comparison to the base sample and
the population.

Characteristics Sample (N = 984) Base Sample (N = 5466) Population

Gender
Male 63.3 63.4 49.1

Female 36.7 36.6 50.9
Age

Younger than 25 years 0.1 0.4 6.4
26–35 Years 10.5 10.5 16.7
36–45 Years 24.9 23.5 18.4
46–55 Years 29.4 26.6 18.3
56–65 Years 22.5 21.3 17.7

Older than 65 Years 12.6 13.7 22.5
Number of household members

1 member 7.5 32.6
2 members 24.9 25.1
3 members 22.5 18.6
4 members 25.2 15.2

5+ members 18.0 8.5
Education

Primary school education 1.9 11.9
Vocational education 41.8 63.4

Professional education/ General education 24.3 12.4
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Table 1. Cont.

Characteristics Sample (N = 984) Base Sample (N = 5466) Population

University and higher education 26.9 12.3
Do not know/ No answer 5.1 /

Monthly household income groups
Under 500€ 2.0 /
500–1000€ 10.9 /
1000–1500€ 22.5 /
1500–3000€ 33.8 /

3000€ or more 9.2 /
Do not know/No answer 21.4 /

Average Monthly household income (€) 1850.6 1800.1
Average Monthly household electricity bill (€) 58.1 58.7 57.8

Source: Statistical Office of the Republic of Slovenia [51].

The analysis was performed on 788 observations, as all missing values (except income) had to be
excluded from the latent class regression analysis. This resulted in dropping 196 observations. In order
to see if the survey sample (N = 984) and the regression sample (N = 788) are sufficiently similar,
we tested for the statistical equality of explanatory variables’ means included in the regression analysis.
The results do not show significant differences between variables of the two samples. This indicates
that the missing values do not present an important source of sample bias in our case. For the purpose
of LCR, we constructed four dummy variables on the basis of income groups (see Table 1): low income,
medium income, high income, and unknown income. The low-income group consists of two groups
below 1000€, the medium income of two groups between 1000€ and 3000€, the high income of one group
above 3000€, while the unknown income group includes all missing data observations. The medium
income group represents the reference category in LCR.

Table 2 presents the descriptive statistics related to the consumption and usage of energy services.
Overall consumer satisfaction with the energy supplier is measured on a 5-point Likert scale anchored
by “very dissatisfied” (1) and “very satisfied (5).” In line with the results of previous studies [38],
consumers’ satisfaction rates are very high. The description of the variables related to the energy
consumption is the following: the usage of additional services represents the monthly frequency of
usage of a supplier’s services; the usage of additional energy fuels is the number of additional energy
sources used in the household (heating oil, gas, and/or biomass); average monthly consumption is the
consumption of electricity recoded into five classes of consumption. Furthermore, three attitudinal
variables are included to capture the environmental awareness and attitudes towards green energy and
energy efficiency, and an additional four behavioural variables capture the energy-efficient behaviour
of respondents. These variables are measured on a 5-point Likert scale except the last two, the number
of household’s investments in EE, and the number of household’s EE activities which are constructed
by summing the five binary variables described and presented in detail in Appendices A and B.

Table 2. Descriptive statistics related to the consumption and usage of energy services.

Variables (Scale) Mean Standard Deviation Min Max

Satisfaction with the energy supplier (1–5) 4.38 0.69 1 5
Usage of additional services (1–6) 2.73 1.21 1 6

Usage of additional energy fuels * (0–3) 1.23 0.53 0 3
Average monthly consumption (1–5) 2.76 1.04 1 5

Interested in EE and in green energy (1–5) 3.85 1.12 1 5
Environmental concern is important (1–5) 2.18 1.43 1 5

Prepared to pay a 10% higher premium for green energy (1–5) 2.92 1.22 1 5
Using EE home appliances (1–5) 4.26 0.84 1 5

Seeking ways to reduce energy costs (1–5) 4.46 0.79 1 5
Number of household’s investments in EE (1–5) 3.29 1.14 1 5

Number of household’s EE activities (1–5) 3.40 1.11 1 5

* Note: Since this variable is taken from the supplier’s database it enables us to check whether there is a statistically
significant difference in means between the survey sample (=1.23) and the base sample (=1.24). The t-test with
p-value = 0.734 indicates that the means are not significantly different.
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The questionnaire was developed following a comprehensive literature review and exploratory
interviews with marketing consultants of the collaborating energy supplier. The survey questionnaire
consists of four sections. The first section contains questions regarding preferences for energy services,
as well as questions about overall satisfaction with the supplier. The second section contains questions
about consumer attitude and behaviour toward green energy and energy-efficient technologies.
The third part contains a set of socio-economic and socio-demographic questions. In the last part,
an examination of consumer loyalty behaviour was conducted. All questions are in a close-ended format.

The development of measurement scales and indicators is based on the theoretical framework
reviewed in Section 2. Drawing on the literature, consumer preferences for energy services can be
captured by six constructs: (1) core service quality, (2) service process quality, (3) low and transparent
pricing, (4) brand reputation, (5) offer of additional EE services, and (6) offer of green energy. The details
are given in Appendix C. These preferences are assessed by a multidimensional scale on a 5-point
Likert scale [52]. The scale of importance of preferences for energy service constructs is anchored
by “strongly disagree” to “strongly agree.” The items of service quality and service process quality
constructs have been adapted from the 22-item SERVQUAL scale [23] as well as from the specific scales
on energy services [4] with our modifications and extensions to suit the needs of our research setting.
We follow the recommended approach by authors of the scales arguing that, if relations between
measured constructs are subsequently assessed, the measurement should be based on preferences and
not exclusively on perceived results. Preferences for additional EE services are also measured as a
multi-item construct on a 5-point Likert scale, following Hartmann and Apaolaza Ibáñez [4], on two
items with an additional self-administered three items, which include specific services related to energy
supply. To measure preferences for brand reputation and preferences for green energy, appropriate
items were adapted from Fombrum et al. [53]. Measures of preferences for the low and transparent
pricing were adapted from Lichtenstein et al. [54], and are also measured with a single item on a
5-point Likert scale.

Measurements of preference constructs utilised in our model may slightly differ from the literature
outlined above as they were modified to fit the context of the energy service sector. Our modification
was primarily aimed at providing a comprehensive collection of possible determinants of consumer
preferences, as well as at considering the modalities of our research setting.

4. Results

In the first part of the analysis, the energy service preference items presented in Appendix C
are utilised in a latent class analysis (LCA) to determine the class membership probability. We use
single-item scores rather than factor analysis scores in LCA, since we assume that single items might
add more detailed information about scoring patterns and thus improve this probabilistic assignment
to preference classes. The number of latent classes depends on both the model fit information and
explanatory power. In what follows, we assess various numbers of LCA classes with several model fit
indicators. All empirical estimations in our study were conducted using R statistical software [55]
Specifically, LCA was performed using R’s package poLCA [56].

When estimating our model with LCA, we assessed one to five class solutions. For each class
solution, we applied the assessment procedure 10 times (with random starting values), and chose the
one with the best fit. Best scores for each class solution are presented in Table 3. The results show
that BIC favours a 3-class solution, while AIC prefers a 5-class solution. Although both BIC and AIC
suggest a different class solution, the entropy value indicates the smaller one (3-class solution) as more
appropriate. As mentioned, the choice of the number of latent consumer classes should rest on the
interpretability of the results for a particular case. Three models were taken into consideration since
they provide the highest statistical significance. First, we examined the models with four and five
consumer classes. However, we realised that differences in values of BIC and AIC became smaller
after the three-class solution, indicating a lack of significant improvement in classification by using
the four-class solution. We also carefully examined the four-class solution and noticed that two of



Sustainability 2020, 12, 9870 11 of 19

the classes were small with almost no difference. Thus, we decided to choose a three-class solution,
because it gives the most reasonable explanation, and the size of each consumer class is sufficiently
large for a further examination. The three-class solution also corresponds to our expectations after
conducting a control cluster analysis.

Table 3. Statistics for determining the number of consumer classes.

Number of Classes Npar LL AIC BIC Entropy

1 64 −13,728.21 27,584.42 27,883.26
2 147 −12,470.228 25,234.457 25,920.873 0.87
3 230 −12,011.456 24,482.912 25,556.896 0.88
4 313 −11,744.324 24,114.649 25,576.202 0.86
5 396 −11,551.138 23,894.276 25,743.398 0.85

Note: Npar = number of free parameters; LL = log likelihood; AIC = Akaike information criterion; BIC = Bayesian
information criterion.

To support our decision, we performed also the bootstrapped parametric likelihood ratio test [57].
This test compares the increase in the model fit between the k − 1 and k class model. In our case,
we compare the three-class with the four-class model, where the null hypothesis sets the probability of
an individual being in the fourth class to zero. The p-value of 0.078 indicates that we failed to reject the
null hypothesis, implying that the restricted three-class solution is not rejected.

The posterior class assignment probability for the 3-class solution is presented in Table 4.
The numbers in the columns are the average probabilities of belonging to each class for each class of
individuals. For example, 0.95 means that individuals in class 1 have on average a 95% probability of
belonging to this class, compared with 3% and 2% for the other two classes, respectively. Moreover,
based on probabilities assigned for belonging to a given class, it is shown how well the respondents
are classified in each of the three classes. According to diagonal values of the classification matrix
(Table 4), the accuracy of classification is relatively high across classes. It varies from 93% to 96%.

Table 4. Assignment probability by class.

Assigned Class Probability to Each Class
Assigned Class Membership * Class 1 Class 2 Class 3

Class 1 0.95 0.04 0.07
Class 2 0.03 0.96 0.00
Class 3 0.02 0.00 0.93

* Individuals were classified according to the highest estimated probability of belonging to a specific class.

Further, Table 5 compares identified consumer classes by the six dimensions of preferences for
energy services. The results of LCA reveal that consumers are heterogeneous when comparing different
dimensions of energy services. As expected, the most important dimension for all consumer classes is
the core service quality, i.e., the reliability of services. This could be explained by the fact that energy and
particularly electricity are necessity goods, so a reliable supply is viewed as a fundamental requirement
for the offer of any supplier. Core service quality is closely followed by the service process quality
and low and transparent prices, while the other three dimensions on average are given somewhat
less importance. Differences in preferences among the three classes can also be observed. Class 1,
the largest consumer group, appears to represent regular consumers. It predominantly focuses on the
core service quality, service process quality, and low and transparent pricing, while in comparison to
other two classes it attributes the lowest importance to the other three dimensions of the supplier’s
offer. In contrast, compared to other two classes, class 2 attributes the highest values to the offer of
additional EE services, the offer of green energy, as well as brand reputation, while evaluating the first
three dimensions similarly as class 1. In comparison to other two classes, class 3 does not reach the
highest score in any of the dimensions; it scores the lowest on the first three dimensions and between
the other two classes in the last three dimensions.
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Table 5. Comparisons of consumer classes.

Description Class 1 (48.0%) Class 2 (36.0%) Class 3 (16.0%) F-test p-Value

Mean (and Standard Error)
1. Core service quality 4.71 (0.69) 4.73 (0.53) 4.62 (0.80) 62.03 <0.001

2. Service process quality 4.61 (0.51) 4.57 (0.51) 4.48 (0.78) 466.90 <0.001
3. Low and transparent pricing 4.60 (0.58) 4.54 (0.57) 4.51 (0.80) 108.4 <0.001

4. Brand reputation 3.88 (1.13) 4.05 (1.04) 3.96 (1.15) 134.1 <0.001
5. Offer of additional EE services 3.77 (0.74) 3.95 (0.73) 3.80 (0.88) 262.5 <0.001

6. Offer of green energy 3.66 (1.17) 3.85 (1.11) 3.77 (1.24) 74.65 <0.001

The analysis of variance (ANOVA) with the corresponding F-test and p-values reported in Table 5
allows rejecting the null hypotheses that all group means are equal. In addition, we conducted a
comparison of group means with t-tests. The tests show that significant differences between class 1
and class 2 are found in variables “Brand reputation” and “Offer of green energy,” between class 1 and
class 3 in “Service process quality,” and between class 2 and class 3 in “Offer of additional EE services.”

The three consumer classes have been identified on the basis of the importance attributed to six
different types of preferences for energy services. To characterise these consumers in terms of their
attitude and behaviour toward green energy and energy-efficient technologies, as well as in terms of
their socio-demographic and socio-economic profiles, the LCA is augmented with the LCR model
to include the respective explanatory variables. These variables have been commonly suggested in
marketing literature on consumer segmentation [58]. An empirical review of studies examining the
correlation of these segmentation variables with green behaviour has been, for example, provided in
Getzner and Grabner-Kraüter [59]. Table 6 presents the results of the latent class regression. The results
show significant differences between class 2 and the other two consumer classes when considering
their energy-efficient behaviour, as well as their intention to adopt green energy programs.

Table 6. Estimation results of the latent class regression.

Explanatory Variables Energy-Efficient vs. Regular Dissatisfied vs. Regular

Coefficient and Standard Error
Intercept −7.99 *** 1.591 3.850 * 2.127
Gender −0.310 0.233 0.471 0.369

Age −0.001 0.010 −0.010 0.014
Number of household members −0.142 0.107 −0.091 0.140

Household income
− Low income −0.126 0.345 0.172 0.550
− High income −0.017 0.445 0.762 0.537

− Unknown income −0.012 0.291 0.419 0.408
Education −0.282 *** 0.107 0.196 0.160

Satisfaction with the energy supplier 0.848 *** 0.205 −0.782 *** 0.249
Usage of additional services −0.017 0.105 −0.084 0.137

Usage of additional energy fuels −0.346 0.249 0.540 0.351
Average monthly consumption 0.130 0.116 0.183 0.188

Interested in EE and in green energy 0.285 ** 0.113 −0.127 0.172
Environmental concern is important 0.811 *** 0.166 −0.158 0.220

Prepared to pay a 10% higher premium for green energy 0.128 * 0.078 0.023 0.135
Using EE home appliances 0.302 * 0.169 −0.402 * 0.230

Seeking ways to reduce energy costs −0.022 0.098 −0.171 0.163
Number of household’s investments in EE −0.098 0.102 −0.209 0.142

Number of household’s EE activities 0.224 ** 0.106 −0.073 0.162

The overall model has 788 observations: 788, 230 estimated parameters and 558 residual degrees of freedom.
AIC(3) = 24482.91, BIC(3) = 25556.9, χ2(3) = 5.418763 e(+15)

Note: EE—energy efficiency. Complete descriptions of items are given in Appendices A, B and D. * Significant at
the 0.10 level; ** Significant at the 0.05 level; *** Significant at the 0.01 level.

Based on the latent class regression results (Table 6), the three consumer classes could be categorised
as “regular” consumers (48%), “energy-efficient” consumers (36%), and “dissatisfied” consumers
(16%). The largest class of regular consumers presents the reference class in the latent class multinomial
regression model. Several variables significantly influence the membership between energy-efficient
class and regular class: showing an interest in EE and green energy, finding environmental concern
important, being prepared to pay a 10% higher premium for green energy, and using EE home
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appliances increases the likelihood of being a member of an energy-efficient class. Compared to
regular consumers, energy-efficient consumers are also significantly more satisfied with the supplier.
Exhibiting more energy-saving habits in households (e.g., using electrical appliances during lower
tariffs, turning lights off when not in use, avoiding a stand-by mode, washing at lower temperatures,
and instantly closing the doors of cooling appliances after use) also positively impacts the membership
of the energy-efficient class. Since both green energy and energy efficiency programs contribute to
reducing greenhouse gas emissions, consumers that support either of these two issues can be considered
environmentally friendly. This is additionally illustrated in Appendix D, where three consumer classes
are descriptively compared with respect to their green and energy-efficient attitudes and behaviour.

When examining the differences between the socio-demographic profiles of the two largest classes,
the results reveal a significant and negative impact of education on the membership in energy-efficient
class, while household income and the number of households members are not significant. The main
difference between the regular and dissatisfied consumer segment has been found in the significantly
lower satisfaction with the supplier of the latter group. This is also clearly seen from the descriptive
statistics, where the average satisfaction rate of regular consumers closely corresponds to the sample
mean (4.35), while it is found to be considerably lower in the dissatisfied consumer segment (3.93).
Considering the energy efficiency, using EE home appliances frequently decreases the likelihood of
being members of the dissatisfied segment. Other explanatory variables do not point to significant
differences between these two groups.

5. Discussion and Conclusions

This paper clearly reveals heterogeneity in residential consumer preferences for energy supplier
offers, thereby re-confirming the findings of several other studies examining consumer preference
heterogeneity [7,9,60]. When accounting for residential energy consumer attitudes and behaviour
toward green energy and energy efficiency, and their socio-demographic and socio-economic
characteristics, the paper establishes that energy consumers can effectively be segmented into
three different groups: regular consumers, energy-efficient consumers, and dissatisfied consumers.
The identified energy-efficient segment also shows the highest preference for additional energy-efficient
services and green energy. The results of our study therefore support both hypotheses.

Some managerial implications can be derived from our study. First, suppliers should carefully
analyse consumer preferences to design appropriate marketing strategies in the rapidly changing
energy markets. These findings complement the findings of the Accenture study [60] that marketing
strategies in the transformed energy world require a novel approach to consumer segmentation.
They should be based on non-traditional criteria, where suppliers should understand consumers’
values based on their attitudes and behaviour and their sense of environmental responsibility,
rather than continuing to offer traditional “low-cost services” combined with the minimisation of credit
risk [60]. Differentiated marketing campaigns and service offers are needed to maximise revenues
and meet mandatory energy-saving targets at consumer sites at the lowest cost. Focusing primarily
on the energy-efficient consumer segment with customised offers of additional services is a more
beneficial approach than addressing all consumer segments with the “one type fits all” retention and
acquisition strategy.

Furthermore, as expected, our results for consumers that are the most inclined towards energy
efficiency reveal that these consumers are interested in green energy programs and are willing to pay a
higher premium for green energy. Therefore, there is no gap between stated and revealed preferences
in this consumer segment, as their actions are in line with their intentions. Conversely, consumers
in the regular class support energy efficiency and green energy; however, their actions regarding
green energy do not follow their intentions. The resulting gap between the stated and revealed
preferences for green energy is to some extent expected, as the willingness to pay is often found
to be overestimated [61] and strategic answers may appear in respondents’ answers. One possible
explanation could be that consumers may not be interested in green energy because they are suspicious
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of the actual environmental performance of the supplier [5]. Another reason could be their concern
about the risks associated with the increasing share of green energy, which can reduce the reliability of
supply, and which, together with low price, is according to our findings their preferred attribute of
energy services. Significant drops in public acceptance of renewables also happen when consumers
consider their drawbacks on a concrete (local) level [62].

The energy-efficient consumers are also less educated compared to regular consumers. This is a
rather surprising result, as education is typically believed to be positively correlated with environmental
awareness. Further examination would be needed to see if the education effect was offset by the social
status effect, as Belaïd et al. [14] explained when they failed to find education among influential factors
of residential energy consumption. A higher social status inspires less energy-saving behaviour due to
living comfort priorities.

While energy-efficient consumers are already prepared to invest in energy efficiency,
regular consumers have to be motivated and persuaded to pursue such behaviour. The same pertains
to the less satisfied consumers. More personalised and detailed information on available options
is needed to induce energy-saving behavioural changes [31]. Moreover, technology adoption and
ecological use can be enhanced through education on product features and activation of consumer’s
pro-environmental behaviour [63]. Consumer retention programs should also focus more intensively
on these two segments of consumers, as this study shows that regular consumers tend to be less satisfied
with the supplier compared to the energy efficiency group. The satisfaction with the supplier is a
particularly critical issue in the dissatisfied group, which demonstrates significantly lower satisfaction
with the supplier than the regular group. Given the fact that the dissatisfied group encompasses a
small consumer base (16.0%), it remains to be answered if paying more attention to this segment
pays off. Targeting the other two consumer segments with additional customised offers and customer
relationship programs (CRM) is a more promising strategy for the supplier. To increase the satisfaction
level of the least satisfied group, which may prevent switching the supplier, more thoroughly designed
customer relationship management programs should be designed.

It should also be noted that despite shrinking price differentials among suppliers, price competition
still plays a significant role in the residential electricity market [17]. Despite other priorities, all three
identified consumer groups rank the reliability of supply, service process quality, and low-priced
services the highest in comparison to other preference attributes. Suppliers, thus, should not neglect
the reliable low price offers at the expense of prioritising other marketing strategies associated with
additional offers complemented with adequate communication campaigns. The consumer switching
flows observed in the Slovenian electricity market [15] supports the found importance of preferences
for low-priced energy services in our study. However, because price differences among suppliers
are shrinking, preferences for low prices and related savings may gradually become less crucial for
consumers when comparing different offers.

Although our study provides valuable insights into how suppliers should design their marketing
strategies to address the needs of various consumer groups, and is therefore in particular informative
for suppliers, it also provides valuable insights for policymakers. While policymakers usually design
policies looking at customers as a homogenous group, this study clearly reveals that the same
policy measures may achieve different effectiveness in different consumer segments. If the suppliers
get to know their customers through customer relationship management involving, for example,
loyalty programs, they could help policymakers implement energy policy measures more effectively.
Their energy-saving offers could be directly aimed at promoting the involvement of the most
energy-efficient consumers, while publicly designed information campaigns should primarily target
consumers who are less inclined to exhibit energy-efficient behaviour.

Effectively addressing the energy-efficient consumer group may also serve as a useful managerial
tool to effectively implement mandatory energy efficiency targets, contributing to the national economy
sustainability goals [15]. With expanded offers, energy suppliers could provide added value to their
consumers while increasing revenues and meeting energy efficiency policy objectives.
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More challenging for policymakers are the other two consumer groups, less interested in energy
efficiency and representing the majority of the consumer base. Policymakers should be encouraged to
carry out publicly supported studies that reveal reasons for their lower preferences and commitment to
energy efficiency. As these consumers may not be informed about different energy efficiency options,
publicly funded information campaigns can be a useful tool to complement the dissemination of
information embedded in supplier’s marketing strategies. Information on the environmental impacts
of their energy use should be part of these campaigns, as many do not link, for example, their electricity
consumption (as opposed to gasoline) to the environment [60]. As consumers also show a strong
preference for low prices, these campaigns can also inform them that searching for a low price is not the
only way to reduce energy costs. A clear message should be conveyed to them that the installation of
EE technologies and appliances could serve the same goal, as their use ultimately translates into lower
energy bills. The publicly supported information campaigns should also disseminate information and
promote the use of publicly funded programs (such as subsidies, grants, lower interest rates, other fiscal
incentives, and public audits) that are available in many countries as, for example, a lack of finances
and inability to afford appear among key barriers to the EE home retrofits [64–66]. Such information
and awareness-raising campaigns would simultaneously promote both behavioural changes in energy
use and technically related interventions including building retrofits.

Finally, some limitations of the study should also be noted that might limit the generalisation
of results. This study was done on a relatively small sample of the residential electricity consumer
base of one energy supplier. Although the sample is representative of the consumer base of this
supplier, it would be useful to further check the results by expanding the consumer base and including
other energy suppliers in the market. Replicating the study on residential energy consumers in other
countries may also bring insights into country-specific modalities in consumer preferences. However,
our findings largely support the aforementioned Accenture’s study [60] conducted over a much wider
geographical area and larger consumer numbers.
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Table A1. Distribution of measurements of preferences for energy services.

Description Mean (Standard
deviation)

Totally
Disagree N (%)

Disagree
N (%)

Neither Agree nor
Disagree N (%) Agree N (%) Totally Agree

N (%)

1. Core service quality
Offering reliable,

uninterrupted services 4.71(0.67) 9(0.9) 7(0.7) 44(4.5) 145(14.7) 779(79.2)

2. Service process quality
Organising a network of firms

providing repair of
household appliances

4.76(0.57) 4(0.4) 3(0.3) 35(3.6) 142(14.4) 800(81.3)

Company is a
consumer-friendly company 4.52(0.76) 8(0.8) 10(1) 80(8.1) 254(25.8) 632(64.2)

Rewarding consumer loyalty 4.64(0.66) 5(0.5) 6(0.6) 56(5.7) 202(20.5) 715(72.7)
Free-of-charge help to

the consumers 4.59(0.71) 5(0.5) 12(1.2) 61(6.2) 222(22.6) 684(69.5)

Offering advice on reducing
electricity consumption 4.39(0.87) 16(1.6) 20(2.0) 101(10.3) 274(27.8) 573(58.2)

3. Low and transparent pricing
Offering the lowest price 4.65(0.68) 6(0.6) 7(0.7) 59(6) 179(18.2) 733(74.5)

The company’s bill is clear
and transparent 4.50(0.80) 11(1.1) 13(1.3) 87(8.8) 237(24.1) 636(64.6)

4. Brand reputation
The company has a

great reputation 3.93(1.11) 48(4.9) 53(5.4) 193(19.6) 311(31.6) 379(38.5)

5. Offer of additional EE services
Offering multiple tariff

billing systems 4.06(1.11) 43(4.4) 52(5.3) 164(16.7) 273(27.7) 452(45.9)

Offering tailored offers to
household specifications 4.01(1.00) 34(3.5) 38(3.9) 167(17) 386(39.2) 359(36.5)

Offering an online electricity
bill payment 4.18(0.99) 28(2.8) 34(3.5) 140(14.2) 314(31.9) 468(47.6)

Offering an online consumption
monitoring system 4.18(0.99) 23(2.3) 40(4.1) 148(15) 302(30.7) 471(47.9)

Offering a specialised shop with
electric appliances 3.27(1.27) 118(12) 142(14.4) 283(28.8) 242(24.6) 199(20.2)

Offering an energy
performance certificate 3.21(1.29) 141(14.3) 120(12.2) 305(31) 224(22.8) 194(19.7)

6. Offer of green energy
Offering green energy 3.72(1.17) 63(6.4) 78(7.9) 231(23.5) 310(31.5) 302(30.7)
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Appendix D

Table A2. Comparison of environmental awareness and EE behaviour between consumer classes.

Description Class 1 Class 2 Class 3

Mean (Standard deviation)
Interested in EE and in green energy 3.76 (1.00) 4.28 (1.05) 3.50 (1.05)
Environmental concern is important 2.08 (1.31) 2.50 (1.74) 2.06 (1.15)

Prepared to pay a 10% higher premium for green energy 2.93 (1.08) 3.28 (1.41) 2.43 (1.09)
Using EE home appliances 4.09 (0.76) 4.66 (0.63) 3.77 (1.00)

Seeking ways to reduce energy costs 4.42 (0.70) 4.77 (0.59) 3.96 (0.94)
Number of household’s investments in EE 3.35 (1.03) 3.35 (1.16) 2.98 (1.20)

Number of household’s EE activities 3.32 (1.03) 4.28 (1.05) 3.08 (1.11)

Note: Differences in means of almost all variables across the three classes are statistically significant, except for
variables “Number of household’s investment in EE” between class 1 and class 2, and variables “Environmental
concern is important,” and “Prepared to pay a 10% higher premium for green energy” between class 1 and class 3.
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