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Abstract - Electricity is the essential ingredient of human
race progress. But the countless advantages of our
inventions are accompanied by their dark side effects.
Burning the fossil fuels to generate electricity belongs to
major factors causing environmental deterioration,
therefore effectivity in electricity consumption is among the
areas, which address the problem. Our study deals with
behavior changes related to simple access to user friendly
presentation of disaggregated data on energy consumption
enabled by Bidgely technology. The study includes
consumers from Slovakia and our presumptions are based
on the recognized behavioral principles. The research
consists of 2 parts. The 1st phase, where we have compared
consumers’ electricity consumption before access to
disaggregated data to consumption after activation of the
Bidgely, has been inspired by the study carried out in
California. Our aim was to confirm the trend in Slovakia as
a representant of Central European Region, based on the
insight, that energy consumption is strongly influenced by
climate conditions. In the 2nd phase of our research, we
have dived deeper into data available to examine the
relation between consumers’ behavior in energy efficiency
and demography factor of age.
Keywords - consumer behavior, household management,
energy efficiency, smart meter, disaggregation

I.

INTRODUCTION

The human natural desire is to simplify our ways to
satisfy our natural needs. To safe our own energy when
insuring food, health, security, relations and other. This
feature of ours has led us to inventions and since the
discovery of transforming mechanical energy into electric
energy, the electricity is the essential ingredient of human
race progress. Internet, appliances, vehicles and others.
Our activities have been significantly intensified since the
mid-20th century and along with the economic growth
they are accompanied by global warming and its negative
impact on Earth. Among the main ones takes place the
burning of fossil fuels particularly coal to generate
electricity. Coal-burning power plants in the United States
of America are the biggest polluters who produce about 2
billion tons of carbon dioxide yearly (United States
Environmental Protection Agency, 2016). (Cheong-Fatt
Ng, 2019).
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Along with the initiatives to increase the level of
energy produced by renewable resources, energy
conservation and energy efficiency are priorities for
governments worldwide. They have motivated intensive
research over the past decade into understanding how
energy is consumed, and how to translate that knowledge
into meaningful information to enable energy consumers
to take responsibility for their energy consumption
(Stankovič et al., 2016).
There have been numerous initiatives investigating
into options of stopping or at least slowing down the
climate change. One of the ways is decreasing electricity
consumption. To accomplish such initiative, it is a must to
fulfill the precondition of excluding radical impact on
comfort and behavior of electricity consumers as well as
provide relevant motivation.
Electricity bill is a strong candidate and energy
efficient appliances seem to be a natural tool for
consumption decrease leading to win-win through
satisfied consumer saving energy.
As far as numerous precautions are needed to reach the
decrease, there is an ongoing effort to explore new
options. Among them are attempts to change consumer’s
behavior directly related to electricity consumption based
on behavioral principles of policy making.
This study focuses on behavior changes of a consumer
based on a simple access to disaggregated data related to
their energy consumption presented in transparent and
easily understandable version. Our view stands on a set of
behavioral insights as for example that people need to feel
involved and effective to make change, they need relevant
reason as well as any effort to change behavior needs to
recognize the strength of habits (Dawnay, Shah, 2005).
The research consists of 2 parts. The 1st phase, where
we have compared consumers’ electricity consumption
before access to disaggregated data to consumption after
activation of the app Bidgely, has been inspired by the
study carried out in California (Gupta, Chakravarty,
2013). We aimed to confirm the trend in Slovakia as a
representant of Central European Region. Due to the fact
that among the main factors influencing the energy
consumption is weather and dwelling conditions, the
results of the study have a potential to effectively cover
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the Central European region. To enrich the research within
electricity consumption, we dive deeper into the data
available and examine the relation between consumers’
behavior within energy efficiency and demography factor
of age.
This paper is structured as follows:






Section 1 “Current state overview” introduces the
topic of energy dissagregation and its important
role in increasing energy efficiency. It also
provides brief description of the Bidgely
technology, which currently belongs to major
dissagregation techniques and data analyzed in
this study origin from there.
Section 2 “Data and methodology” describes the
dataset and approach to examining the data related
to energy consumption.
Section 3 “Results and limitations” presents our
findings within behavior related to energy
efficiency.
Section 4 “Conclusion and practical implications”
summarizes our study and provides the review of
implementing options for the findings.
II.

THE CURRENT STATE OVERVIEW

A. Energy disaggregation outputs
Energy disaggregation is called the Holy Grail of
energy efficiency (Gupta, Chakravarty, 2013). This
statement is based on a presumption than you cannot
improve what you cannot measure. Energy disaggregation
enables to measure how much energy is used by each
major appliance and provides inputs for eliminating
inefficiencies. Among inevitable preconditions of
applying NILM is the presence of smart meter in
consumers’ households. Electricity smart meters are being
installed in vast numbers worldwide. In Europe, there
were approximately 150 million smart electricity meters
installed in 2020 which represents 49% of total number. It
is expected to increase to 227 million units by 2026,
which means the trend is positive towards energy
efficiency through energy disaggregation.
Among current major tools providing energy
disaggregation is Bidgely software, which itemizes a
consumer’s energy bill, analyzes energy use and cost for
each of their household appliances, and makes
personalized and prioritized savings recommendations. It
is based on a Non-Intrusive Load Monitoring (NILM)
method, was first developed and patented by Hart et al. in
1986. NILM is the process of analyzing the aggregate
household mains power measurement in the house, and
disaggregating this into individual appliances (Devlin,
Hayes, 2019). The method disaggregates a household’s
total electricity consumption down to specific appliances
effectively creates virtual power sensors at each appliance
using purely software tools. In contrast to intrusive
approaches requiring monitoring devices or interventions
in the home, nonintrusive methods employing algorithms
inferring load profiles from smart meter data, increases the
success rating of global initiatives for decreasing
electricity consumption. In principle, NILM using smart
meter data can disaggregate which appliances were used,
when they were used, for how long, and how much energy
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they consumed. In the course of algorithm development,
the MIT group suggested four categories of appliances
(Zeifman, Roth, 2011):
1. Permanent consumer devices – consumer devices
that remain on for 24 hours a day, 7 days a week,
with approximately constant active and reactive
power draw like a telephone.
2. On-off appliances – most household appliances,
such as a toaster, light bulb belong to this category.
3. Finite state machines (FSM) – this category
includes consumer devices which pass through
several definite switching states (periodic) like a
washing machine.
4. Continuously variable consumer devices –
consumer devices with variable power draw, with
no periodic pattern of changing the states or power
like dimmer lights.
Next step to utilizing NILM data is identifying an
unusual activity, which can be categorized followingly
(Vápeník et al., 2018):
1.

Unusual activity - means that the activity was
carried out in an unusual time or its duration was
unusual. Unusual activity becomes each activity,
which was evaluated as non-standard.

2. Unusual Long activity - It can occur, if the
appliance is switched on too long in compare with
standard duration.
3. Unusual Short activity - unusually short duration of
activities can occur, if the appliance is switched off
before accomplishing its purpose, thus, it fails.
4. Missing activity - This type of activities includes
activities that may occur in the case of expectation
specific activity by the user or the appliance at a
specific time with a specific duration, but the user
was absent or appliance did not switch on, so
activity was not performed.
Energy disaggregation by NILM method opens
furthermore opportunities than data on appliances
consumption. Beckel et al. (2014) study, one of the first
ones of its kind, has been an example of employing the
data to reveal more in-depth information on utility
customers. They have inferred 3 types of characteristics
from electricity consumption data with an accuracy
between 72 % – 82 %. These reflect the occupancy state
of the house (e.g. employment, unoccupied), the number
of persons in the house (e.g., single, family), and the
appliance stock.
B. Disaggregation as an essential tool for behavioral
change
Disaggregation provides valuable insights for
improvement of energy efficiency campaigns and make
them applicable to the mass market as they scale to
thousands or millions of customers with little additional
effort. Energy efficiency appears to be contra productive
activity to utility companies at first sight. But on the other
hand, it reflects the already ongoing trend of digitalization
and decentralization, which enables the expansion of Peer-
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to-Peer (P2P) model within energy market and makes enduser less dependent on utility suppliers. This probably
leads to the same impact as Airbnb or Uber models have
had on accommodation or taxi sector, by creating a highly
competitive way of satisfying related customer needs by
cutting down costs, especially intermediary ones.
Technologies allow this trend to enter the energy sector
and develop pressure on energy companies’
transformation and forces them to search for new sources
of income reflecting the needs of customers. One way is to
transfer the income from electricity supply to another
energy related services and products. Among the key
preconditions of success is image and reputation, therefore
proving it via consultancy and advice on energy efficiency
within households appears as an effective option. (JL,
Martins AG, Jorge H. Dealing with the paradox of energy
efficiency promotion by electric utilities. Energy 2013;
57:251-8).
More detailed information on customers also supports
improvement of customer retention, which is becoming
more relevant in a liberalized energy market (Sousa et al.,
2013). Utilities benefit from insights into customers that
they can reveal using the proposed system to estimate
household characteristics. The same information that helps
to make energy saving campaigns more effective can help
to better market products and services. The latter includes
identifying target households for specific offerings, e.g.,
promoting solar panels only to mid to high income
customers who live in a house rather than in an apartment
and offering green tariffs preferentially to families with
young children. The revealed household characteristics
might also help to lower the cost of efficiency campaigns
by targeting households with a high potential such as
those that show a mismatch between household
characteristics and energy demand. Other actions that
become possible include tailoring behavioral campaigns to
retired individuals or young professionals, or to
concentrate on behavioral campaigns rather than on
triggering investments in low-income households.
Increasing energy efficiency in low-income households
through targeting awareness and behavioral change, to
appear in renewable energy.
Given the advent of the outlined approach, policy
makers need to define the rules that govern the use of
metering data. It is crucial to promote the beneficial
effects including increased energy efficiency and more
targeted energy consulting services, and yet to limit the
undesired uses of these techniques.
C. Bidgely technology
The data analyzed in this study origin from Bidgely
technology, which currently belong to major current
disaggregation techniques. Bidgely’s approach to Energy
Disaggregation is based on a non-intrusive pattern
recognition technique. Every appliance when turned on or
off leaves a signature on the energy waveform. Bidgely
specializes in extracting those signatures using patented
algorithms and machine learning systems and presents the
energy consumption by each appliance category. Energy
Disaggregation can create a new paradigm in energy
management with its non-intrusive and cost-effective
approach. Disaggregated information has two major
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impacts: increased consumer engagement and reduced
energy usage. (Gupta, Chakravarty, 2013).
The service related to Bidgely includes the service of
obtaining regular reports on household’s consumption and
recommendations on the household management areas
such as: space heating, refrigeration, lighting, always on
appliances.
It also provides benchmarks that compare household’s
consumption to a group of similar households. The report
based on the data examined notices the consumer whether
his household is effective within electricity consumption.
It provides user friendly overview on their electricity of
consumption enriched with the recommendations for
behavioral changes within electricity consumption.

Figure 1. Illustrative pictures of application presented on various
appliances (source:algoritmxlab.com)

The reports disaggregating the data reflect following
principles from the behavioral economy related to the
sustainable changes in our behavior (Dawnay, E., Shah,
H.; 2005):
a) Habits. It is more difficult to change daily routines
which require little or no cognitive efforts, which
is of significant relevancy in case of electricity
use.
b) Rewards. The change is conditioned by reward,
ideally shortly after the action. Bidgely report
provides answer by data reflecting the reduced
consumption.
c) Consequences. The consequences of the change
are important to us. In this field it is an electricity
bill.
d) Involvement. People need to feel involved and
effective to make a change. In case of electricity
consumption, an accessibility of information and
complexity can lead to feeling of helplessness and
inaction. Bidgely application sends the userfriendly regular report with status of consumption
and tips how to lower it.
e) Approval. Humans’ behavior is strongly
influenced by other people’s behavior. Bidgely
uses benchmarking to similar consumers to
present the effective level of consumption and
supports the feasibility of recommendations.
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Results from two case studies conducted in real life –
one in California and other international support the
positive impact of disaggregation in energy efficiency.
The study in California, using an experimental design,
shows a statistical proof of average 14% energy reduction
in users exposed to Bidgely’s Energy Disaggregationbased solution with a maximum of 24% and a minimum
of 3.5%. The international study shows high levels of
consumer engagement, favorable consumer reaction and
an 80% approval from users on making this solution
available to all.
D. Smartmeter as a precondition of disaggregation
Exploiting the full benefits of disaggregation depends
on instalment of smartmeter in the consumer’s property.
As mentioned above, the trend is positive. EU Directive
2009/72/EC required from member states an analysis to
evaluate the economic long-term costs and benefits of
implementing smart meters at a national level. The
outcome in Slovakia was that smart meters had made
sense for specific groups of consumers such as: end-users
consuming at least 4 megawatts annually and a maximum
consumption of 30 megawatts; the second group is
comprised of end-users that: (1) have power generating
devices connected to the distribution system, (2) have a
charging station connected at the supply point for electric
vehicles, (3) have transfer points where they can produce
energy, and (4) are selected by the distribution system
operator to monitor the power and quality parameters of
their electricity supply. (Leal-Arcas et al, 2021)
In 2021 there has been approximately 480 000 smart
meters installed in households within Slovakia reflecting
Decree of the Ministry of Economy of the Slovak republic
No. 358/2013 Coll. determining households where smart
meter has to be installed by electricity distributors.
III.

DATASET DESCRIPTION AND METHODOLOGY

A. Dataset description and hypothesis
Dataset examined contained data of approximately 30
000 electricity consumers within household segment in
Slovakia. The data analyzed include electricity
consumption of the consumers during 5 years - since 2015
until 2020. The data contains consumers meeting the
legislative criteria for obligatory installment of smart
meters, which has been proceeded sequentially in
Slovakia since 2014. These consumers are primarily
households using electricity for heating or equipped with
electric water boilers. The consumers with smart meters
have been offered a free application Bidgely and dataset
includes the ones, who have activated it.
This study deals with differences in customers’
behavior related to the incentive based on the increase of
individual’s control over electricity consumption based on
the access to energy disaggregation reports on her/his
household. We examine whether the data on history of
consumption show the difference in customers’
consumption after they have activated service providing
them detailed overview on their electricity of consumption
enriched with the recommendations for behavioral
changes within electricity consumption.
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The presumption is based on the following behavioral
principles:
1.

Humans are more likely to change in habits when
they feel involved and effective.

2.

The consequence must be relevant to them,
which in case of lowering electricity
consumption means lowering the electricity bill.

3.

Benchmarking within similar households
employs behavioral principle of Social proof
(Cialdini, 2007), that other people’s behavior
matters to what we do.

The study examines hypothesis:
HYPOTHESIS 1: Consumers’ access to customized
analysis of their electricity consumption, influences their
behavior and has impact on the decrease of the electricity
consumption.
HYPOTHESIS 2: There are differences in the
behavior of consumers related to energy efficiency due to
the demographic factor of age.
B. Methodology of analyzing trend in electricity
consumption
The analysis compares consumers’ electricity
consumption before access to disaggregated data via
Bidgely application to consumption after activation of the
app. It depicts the trend in electricity consumption based
on average monthly consumption of the customers even
we evaluate yearly trend of each customer.
As far as from the period before including the
disaggregation software there are data on yearly
consumption accessible, the yearly consumption had been
divided into monthly average consumption so that we
were able to reflect the fact that the date of activation of
Bidgely service is not necessarily the same as the date of
annual deduction of electricity consumption used mainly
for billing the differences in monthly pre-payments and
real consumption of the consumer. Yearly consumptions
were split into monthly periods to lower the complexity of
analysis and reflect that yearly consumption does not copy
calendar year and therefore there would be 12 subgroups
of consumers due to date of yearly consumption’s
deduction.
Even the average monthly consumption differs within
the year due to weather, which increases electricity
consumption mainly due to the exterior temperatures – in
case of low related to heating and in case of high
temperatures to air-conditioning, for the purpose of this
study we have considered this aspect as irrelevant as the
trend of consumption is analyzed in long term and is
evaluated on the basis of yearly consumption.
The data examined consumers who have activated
Bidgely in May 2018. The date of annual deduction could
have been any of the months within a year. The dataset
included data on consumption of households during years
2016 till 2019, so the dataset provided the history of
yearly consumption related to 4 years, approximately 2
years before implementing Bidgely and 2 years after.
Extreme values of electricity consumption, which had
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concerned 48 consumers, were removed from the dataset
as due to their countability were indicating an deviation,
that could have been caused by for example formally
incorrect registration of a consumers for electricity supply.
The assumption has been applied based on CRISP-DM
process including Business Understanding, Data
Understanding, Data Preparation, Modeling, Evaluation
and Deployment.
C. Methodology related to analyzing consumers’
consumption related to age
The second part of the research has examined, whether
there are differences in behavior within energy efficiency
between different age categories. factor of age. To analyze
the trend, we have used the same approach as in the first
part of the research related to Hypothesis 1.
We divided consumers into 3 age categories:
a) 18 - 34 years
b) 35 – 54 years
c) 55 – 70 years
The categorization has been realized based on the
following:
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The commodity consumption is usually billed to
property owner, which is restricted by the age of
18 years, when a person is considered an adult.
Due to the study of different age groups behavior
within media consumption (The Institute of
practicioners in Advertising, 2020), this
categorization reflects lifestyle of the particular
groups and the way they acquire information. It
influences the selection of effective tools and
relevant content to deliver them messages related
to education in energy efficiency, which is among
practical implications of our research.
Our categorization reflects also the current
society’s lifecycle through considering the age,
when people start managing households of their
own. In European union states it is between 17,5
to 32,4 years (Eurostat, 2021).
The above listed insight impacts interval of the
third category 55 to 70 years. We assume that in
this point of our lifecycle decreases the number of
households’
permanent
residents,
which
influences the household management including
the activities related to energy consumption. It is
established on the data on European union
population starting a family in the age between 26
to 31 years (Eurostat, 2021) combined with the
fact that average age of leaving parental
household is 26 years.
Consumers aged above 70 years were not
included in the dataset analyzed as the decisionmaking process related to household management
is realized with the strong influence of children or
grandchildren of the property’s owner. Therefore,
the online communication related to energy
efficiency are targeted to people aged under 70.
The reason also is, that the genuine dataset

included consumers over 100 or 110 years, where
we assume that the owner is deceased, the is
formal transfer of property hasn’t been completed
and the decision maker is a relative.
IV.

RESULTS AND LIMITATIONS

A. Results
Our research has focused on behavior changes of
electricity consumers based on a simple access to
disaggregated data related to their energy consumption. In
the 1st phase of our study, we have examined the
hypothesis, that consumers’ access to customized analysis
of their electricity consumption, influences their behavior
and has impact on the decrease of the electricity
consumption. The Shapiro-Wilk test was applied to verify,
if the data are normally distributed. From the output of the
Shapiro-Wilk test (Shapiro and Wilk, 1965), the p-value
turns out to be nearly zero (4.294872269383632e-06),
which results into the conclusion that data are not
normally distributed.
As the data are not normally distributed, the KruskalWallis test (Kruskal and Wallis, 1952) (nonparametrical)
was used to test the null hypothesis: All of the population
distribution functions are identical. From the output of the
Kruskal-Wallis test, p-values turned out to be nearly zero
(6.310464587248295e-09). Followingly, we rejected the
null hypothesis in advance of the alternative one: At least
one of the populations tends to yield larger observations
than at least one of the other populations. It means that
there is a statistically significant difference between
monthly average consumptions before and after start of
using Bidgely application.
We have visualized the results through graphs.
Graph 1: Presents the results on average monthly
consumption of electricity related to overall dataset related
to Hypothesis 1 stated in section 2. The average of
monthly consumptions during the period after the Bidgely
activation decreased by 4,4 % in comparison to average of
monthly consumptions before the comfortable approach to
disaggregated data.

Figure 2. Electricity average monthly consuption (kWh) (Source: Own
calculation in R programming)

To extend the research within electricity consumption,
we have examined the relation between consumers’
behavior within energy efficiency and demography factor
of age and we attempted to confirm the Hypothesis 2
stating, there are differences in the behavior of consumers
related to energy efficiency due to the demographic factor
of age. The null Hypothesis: There is not dependency
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between variable of age and the amount of electricity
consumption, was measured using the linear relation
between the two scale variables. The Pearson Correlation
Coefficient was used (Pearson, 1896) and according to its
value 0,0140416350209636, the null Hypothesis was
rejected and the alternative Hypothesis on dependency
between variables was confirmed. Graphs 2 to 4: Present
results on split into particular age categories and support
Hypothesis 2 stated in section 2





Figure 4. Electricity average monthly consuption (kWh) - Category
35-54 years (Source: Own calculation in R programming)

Decrease in electricity consumption

18 – 34

5,3 %

35 - 54

2,9 %

55 – 70

5,2 %

B. Limitations
Our current research has been accompanied by a few
limitations, that need to be taken into account in
application of the results:


Figure 3. Electricity average monthly consuption (kWh) - Category
18-34 years (Source: Own calculation in R programming)

Age category



The study investigates changes in consumers’
behavior triggered by comfortable access to user
friendly reports containing disaggregated data
related to their energy consumption. Consumers
included in our dataset receive the report on their
e-mail and open rate of the monthly reports is
within interval 50 % to 60 % percent, which
means that there is a group of consumers whose
behavior is not influenced by the access to
disaggregated data.
For the purpose of the further use of these results,
we would like to point out, that we have worked
with average values, which do not reflect the
seasonality of energy consumption. But still, it
hasn’t been relevant in our study focusing on
long-term trend.
The level of energy consumption and efficiency is
a complex topic influenced by the group of
factors. We focused on the impact of a tool based
on behavioral principles and reflect the insight
that the energy consumption is highly influenced
by climate and dwelling conditions, therefore we
recommend the practical implementation of the
results mainly in Central European Region.
We are also aware that the intrapersonal factor of
“age” should not be considered a sufficient
parameter to evaluate, predict customers’
behavior within household management and
improve targeting. But it is an easily accessible
and precise type of data about consumers.
V.

Figure 5. Electricity average monthly consuption (kWh) - Category
55-70 years (Source: Own calculation in R programming)

The decrease in average of monthly consumptions
during the period after the Bidgely activation in
comparison to average of monthly consumptions before
approach to user friendly reports on disaggregated data
differs among particular age categories. Quantification of
the decrease in electricity consumption was conducted
through the comparison of the average values of the
monthly consumptions during the period before the
Bidgely activation and the period after the Bidgely
activation.
The decrease presented in % is summarized in Table 1.
TABLE I.

CONCLUSION

Our study examined, if there is continuous decrease in
the level of average consumption after providing
consumers access to user friendly and simplified reports
containing disaggregated data related to their energy
consumption. Our results show that in the period after the
Bidgely activation, the average of monthly consumptions
decreased by 4,4 % in comparison to average of monthly
consumptions before the comfortable approach to
disaggregated data. The decrease differed in particular age
groups from 2,9 % to 5,3 %.
Additionally, there have been revealed further
findings, which underline differences in the strength of
dependency within particular categories of electricity
consumption. Mainly in those, which present the major
share of households’ electricity consumption such as
space heating. More detailed analysis will be the subject to
the following research.

DECREASE IN ELECTRICITY CONSUMPTION
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The most significant decrease has been observed in the
group aged 55 to 70 years. We assume that one of the
reasons is their behavior related to opening e-mails
concerning household management. The assumption is
supported by our previous research (Héjjová, Exenberger,
Bucko, 2021), which resulted into finding that within the
customers over 53 years old, there is a bigger portion
present of those, who open the e-mails and react in the
way expected by the vendor. As we listed in limitations
section, consumers included in our dataset receive the
report on their e-mail and open rate of the monthly reports
is within interval 50 % to 60 %. It means, that there is a
group of consumers whose behavior is not influenced by
the access to disaggregated data. Even the open rate is
above the benchmarks (https://mailchimp.com), we
believe that the increasing the effectivity in delivery of
reports mainly in the group of consumers aged 35 to 54
could lead to more significant decrease in energy
consumption.
Based on the results, we consider the following
behavioral principles to be functional in the area of energy
efficiency:
1.

Humans are more likely to change in habits,
when they feel involved and effective.

2.

The consequence must be relevant to them,
which in case of lowering electricity
consumption means lowering the electricity bill.

3.

Benchmarking within similar households
employs behavioral principle of Social proof,
that other people’s behavior matters to what we
do.

The results provide another evidence that continuous
saturation of energy market with disaggregation
technologies enabling easy approach to the data would
matter in energy efficiency campaigns. Topic of energy
efficiency along with the initiatives to increase the level of
energy produced by renewable resources and energy
conservation are priorities for governments worldwide.
There have been established numerous initiatives
investigating into options of constraining the climate
change and decrease in electricity consumption belongs to
the ways of accomplishing the goal. Behavioral approach
practically implied through detailed approach to
disaggregated data on energy consumption is a tool
containing motivation without radical impact on comfort
and behavior of electricity consumers, which is a major
precondition in successful permanent behavioral change.
Along with the environmental motivation, very
relevant and strong motivator supporting behavioral
change is electricity bill. Current prognosis declare that
energy prices are going to rise due to increasing demand
based on the human inventions dependent on energy, to
environmental pressure to eliminate energy production
from coal and insufficient volume of energy from
sustainable resources. The average energy bill in Slovakia,
where the maximum energy prices for households are
regulated, presents 10 % of households’ monthly
expenditures. There has been discussion on governments
interference on energy market over the past years and in a
long term deregulated market is not unreal option, which
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makes energy efficiency a topic from a financial point of
view.
The aim of our study was to investigate the data on
electricity consumption in Slovakia, which we consider to
be a relevant representant of Central European Region.
Due to the fact that among the main factors influencing
the energy consumption is weather and dwelling
conditions, the results of the study have a potential to
effectively cover the Central European region.
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