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The continuous development of energy management systems, coupled with a growing population, 
and increasing energy consumption, highlights the necessity to develop a deep understanding of 
household energy consumption behavior and interventions that facilitate behavioral change. Using a 
data mining segmentation technique, 2,505 Northern Ireland households were segmented into four 
distinctive profiles, based on their energy consumption patterns, socio-demographic, and dwelling 
characteristics. The change in attitude towards energy consumption behavior was analyzed to evaluate 
the impact of smart meter feedback as well. The key finding was 81% of trial participants perceived 
smart meters to be helpful in reducing their energy consumption. In addition, we found that the potential 
to reduce energy bills and environmental concerns were the strongest motivations for behavior change.
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INTRODUCTION

The EU has set binding targets of a 40% reduction of domestic greenhouse gas emissions (compared 
to 1990 levels) to be reached by 2030 and a share of renewable energy of 32% (EC, 2018). The ability 
to accurately forecast electricity consumption is of great importance for utility providers in order to 
predict future costs, enhance the financial bottom line and reduce negative environmental impacts. 
Utility providers try to achieve these goals by using the ‘smart grid’ and ‘demand-side management’ 
(Corbett, 2013). Demand-side management is focused on the downstream activities related to the 
consumption-end of the value chain, with the objective of understanding, influencing, and managing 
consumer demand (Canever et al., 2008). Through incentives or different electricity prices, demand 

This article, originally published under IGI Global’s copyright on September 18, 2020 will proceed with publication as an Open Access 
article starting on January 13, 2021 in the gold Open Access journal, Journal of Global Information Management  (converted to gold Open 

Access January 1, 2021), and will be distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/
licenses/by/4.0/) which permits unrestricted use, distribution, and production in any medium, provided the author of the original work and 

original publication source are properly credited. 

https://orcid.org/0000-0001-7198-7197


Journal of Global Information Management
Volume 28 • Issue 4 • October-December 2020

22

response activities motivate behavior change (Albadi and El-Saadany, 2008). Smart meters are 
increasingly becoming common, and they are expected to foster intelligent energy consumption 
behavior through the flow of information between users and utility providers.

There are IS-enabled information processing capacities within smart meters that have a significant 
impact on the effectiveness of demand-side management (Corbett, 2013). Most of the demand-side 
research has focused on adoption and outcome of the adoption of smart meters by individuals (see 
Chou et al., 2017; Kuo et al., 2018; Murray et al., 2018; Dehdarian 2018; Hackbarth and Löbbe, 
2018; Wunderlich et al., 2019; Hielscher and Sovacool, 2019). Previous studies also have been 
predominantly restricted to factors that can be managed and manipulated by utilities but are silent 
on the factors specific to residential and household characteristics (Corbett et al., 2018). Wunderlich 
et al. (2019) argue few studies in IS literature have examined ‘household’ technologies in general 
and smart meters in particular, resulting in gaps in our understanding of why and how households 
adopt such novel and often complex technologies leading to calls for more research on this topic at 
the household level (Venkatesh et al., 2016).

‘Energy pricing’ and ‘environmental concerns’ have been identified as the key influencing factors 
with regards to energy consumption behavior (Karjalainen 2011; Vassileva et al., 2012c). However, 
the persistence of these factors over time and the impact of other important factors have not been 
fully investigated by previous studies (Loock et al., 2013). Hence, the objectives of the current study 
are twofold. The first objective is to segment households based on socio-demographic factors and 
energy consumption behavior. Identifying different clusters of households is central to understanding 
the consumption behavior and the household’s motivations for energy consumption reduction and 
participation in smart meter trial. Different clusters of households bring out specific contextual 
nuances that could develop our understanding of consumption behavior. The second objective is to 
investigate the impact of smart meter installation on attitude change towards energy consumption 
behavior. Previous research has found motivation and attitude towards conserving energy are pivotal 
in saving energy (Oltra et al., 2013; Hackbarth and Löbbe, 2018) so it is essential to have a deep 
understanding of how attitudes and behaviors towards energy consumption are formed and changed 
in order to develop more successful interventions by policymakers.

The utilization of data mining techniques to model residential electricity consumption has so far 
been limited in information systems (IS) literature. Few studies in the past have utilized data mining 
segmentation techniques to identify factors influencing residential energy consumption behavior 
(Baker and Rylatt, 2008; Van Raaj and Verhallen, 1983). A couple of other studies have also used 
data mining classification techniques, namely, decision trees and neural networks (Yu et al., 2010).

Moreover, previous research has mainly used low-resolution and aggregated energy consumption 
data due to lack of advanced metering technologies. We use electricity consumption data obtained 
via the smart meters and combine with socio-economic and behavioral data to understand different 
groups of electricity consumers. For customer segmentation, it is crucial to obtain information on 
the ‘actual energy consumption’ of customers using smart meters rather than low resolution and 
aggregated data, which is mainly used by previous research.

Finally, most of the previous studies have only collected partial data. However, interactions among 
different characteristics (i.e. the relationship between age of residents and heating appliance usage) 
offer a greater possibility for understanding the underlying determinants of electricity consumption, 
and so improving energy efficiency campaigns (Abrahamse and Steg, 2009). In order to fill the gaps in 
the literature, we focus on ‘household’ level and apply a large dataset comprising of varied household, 
socio-economic and behavioral characteristics, which is vital in modeling residential electricity 
consumption. The findings from segmentation analysis provide insight into the characteristics behind 
electricity consumption for different groups of households.

Corbett (2013) posits smart meters enable utilities to capture billions of data points regarding 
electricity demand under different conditions, customer segments, and time of use. With this additional 
information, utilities will be able to design and implement a range of innovative programs targeted 
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at different customer segments (Strueker and Dinther, 2012, Valocchi et al., 2007) rather than using 
a one-size-fits-all approach (Corbett, 2013).

The remaining sections of the paper are organized as follows. Section 2 reviews the relevant 
literature. Section 3 and Section 4 present the data and analysis respectively. The discussion of findings 
and implications appear in Section 5 and concluding remarks are presented in Section 6.

THE FACTORS IMPACTING ENERGY CONSUMPTION 
ATTITUDE AND BEHAVIOR

As mentioned earlier previous studies have found ‘energy prices’ and ‘environmental concerns’ are 
the two most significant motivating factors for energy consumption reduction (Karjalainen 2011, 
Vassileva et al., 2012b; Reuter and Loock 2017). Previous research also suggests ‘social norms’ 
embedded in the local social impact energy consumption behavior. They found those households 
that were not persuaded by potential monetary savings but frequently discussed electricity usage 
with their neighbors, became more willing to change energy consumption behavior over time. A 
qualitative study by Gram-Hanssen et al. (2004) found the distribution of electricity consumption 
amongst kitchen appliances differ depending on the number of occupants.

Pricing Information and Real-Time Feedback
There is strong evidence that pricing information leads to consumption reduction due to usage 
adjustments (Brutscher 2011; Reuter and Loock, 2017; Hackbarth and Löbbe, 2018; Wunderlich et 
al., 2019). More accurate billing information was found to be highly valued by households (Owen and 
Ward, 2006). For cost reduction-oriented households, availability of pricing options could give the 
desired feeling of control on energy bills via selecting the most relevant payment plan and adjusting 
energy usage. Consumers vary between those who do not know their payment type to those who analyze 
their bills thoroughly in order to adjust energy behavior to price fluctuations (Borenstein, 2009).

Shin (1985) found when estimated prices were slightly higher than real prices and households 
were ready to spend more on energy bills, they chose not to limit themselves, which led to total 
consumption increase in contradiction to government’s objective. Faruqui and Sergici (2010) analyzed 
15 energy-saving pilot programs in the US to examine the effects of the implementation of dynamic 
electricity pricing on household energy consumption and found Critical-Peak-Pricing (CPP) programs 
reduced domestic energy consumption in peak hour.

Hartway (1999) found that customers able to use real-time energy consumption information shifted 
their consumption load from the peak hours by simply adjusting their habits. Customers who obtained 
their historical electricity usage data were more willing to change their energy demand and were 
encouraged by other numerous health and environmental benefits (Liddell et al., 2013). Existence of 
individual utility companies that would help households to install smart meters and educate customers 
may also encourage occupants to change energy behavior (Livingstone and Energy, 2011).

Social Norms and Regulations
Communication between neighbors, persuasion and transfer of knowledge are the most commonly 
known informative policy instruments that are used by policymakers and energy companies (Schultz 
et al., 2007; Shipworth et al., 2009; Ek and Söderholm., 2010; Reuter and Loock, 2017; Hackbarth 
and Löbbe, 2018). Owen (2009) proposed that further research should examine whether low income 
and vulnerable households would benefit from flexible energy tariffs and whether additional available 
information would force them to reduce critical-for-living energy use in peak time. However, a trial 
in Northern Ireland found time-of-day tariff for pre-payment meter actually encouraged customers to 
develop and maintain energy consumption patterns, based on the new information. A ‘boomerang’ 
effect was discovered by Clee and Wicklund (1980) who found smart meter triggered non-deliberate 
households to match their energy usage to neighbors’ by either reducing or increasing their own 
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usage. Schultz (2007) found that boomerang effect was most common among low energy users, which 
indicates low energy users are most influential consumer groups and hence should not be targeted 
individually for energy efficiency campaigns but in combination with the neighborhood.

Socio-Economic and Demographic Factors
Socio-economic and demographic factors such as household income (Cayla et al., 2011, Vassileva 
et al., 2012b, Vassileva et al., 2013), property location, number of occupants, size and property 
ownership impact energy consumption behavior (Martinsson et al., 2011; Biying 2012). For instance, 
younger people with a high income would prefer reading news and communicating on the internet, 
while the older people with lower household income would often choose printed press to receive 
information about world affairs, and hand-written letters, telephone calls and face-to-face meetings 
for communication (Martinsson et al., 2011). Al-Ghandoor (2009) found income level and fuel prices 
were the key consumption predictors. Some studies found a positive correlation between occupants’ 
‘education level’ and environmental concern (Fransson and Gärling, 1999). Higher education reduces 
the costs associated with information acquisition and thus households with higher education more 
easily understand new technologies (Mills and Schleich 2010, 2012).

Environmental Concerns
Various studies found environmental concerns is a strong motivation for households to reduce energy 
consumption (Cook and Berrenberg 1981; Winett and Kagel, 1984; Stern, 1992; Schultz et al., 1995; 
Koger and Scott, 2007; Abrahamse and Steg, 2009; Hargreaves et al., 2010; Reuter and Loock, 2017; 
Hackbarth and Löbbe, 2018). The citizens who are more worried about their personal negative impact 
on the environment were more likely to change energy consumption behavior (Steg and Vlek 2009; 
Paço and Varejão 2010; Martinsson et al., 2011). However, many customers do not understand how 
their energy consumption habits impact CO2 emissions (Vassileva et al., 2012a), yet they feel guilty for 
living too wastefully (Hargreaves et al., 2010). Wunderlich et al. (2019) argue smart meter adoption 
in residential settings has concepts of innovative technology and environmental awareness embedded 
in it and thus is likely to evoke some different sets of behaviors (Frederiks et al. 2015).

Privacy Concerns, Habits, and Climate Change
Some have argued that policies aimed at improving household energy efficiency should address an 
individual’s daily routine (Ellegård and Palm, 2011). However, this could potentially be perceived 
by some households as personally invasive and hence make them more reluctant to changes. Privacy 
concerns have been raised by numerous researchers (Owen, 2009). Main concerns identified were: 
burglars could find out when houses were unoccupied, advertising companies could send targeted 
advertising, landlords could have a stricter control over occupants number, parents could spy on 
children when out of home, insurance companies could investigate if appliances were left on when 
nobody was in (Mckenna et al., 2012).

Meanwhile, information on its own may not be enough to change the habits that households have 
already established (Dahlstrand and Biel, 1997). Energy consumption behavior might be triggered 
by unconscious habits despite context changes. For instance, when a family relocates into a more 
environmentally conscious neighborhood, they may not recycle waste and constantly keep lights on 
(Maréchal, 2010). Energy consumption behavior also depends on lifestyle, cultural habits, comfort 
expectations and standard of living (Schipper et al., 1982, Deering et al., 1993; Mullaly 1998; 
Westergren et al., 1999; Yohanis 2012). Moreover, climate change affects energy consumption (Tso 
and Yau, 2003; Kaygusuz 2007; Ranjan and Jain, 1999). Energy consumption rose by 20% in 2010 
due to the cold weather and went down when it was warmer in 2012.
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RESEARCH METHODS

Data Collection and Pre-Processing
The Commission for Energy Regulation (CER) established the Smart Metering Project Phase 1 in 
late 2007 with the objective of setting up and running smart metering trials and assessing their costs 
and benefits and information required for the full rollout of an optimally designed national smart 
metering plan. There were three distinct strands to work: technology trials, customer behavior trials, 
and a cost-benefit analysis for the rollout of smart meters. The Irish Customer Behavior Trial is one 
of the largest and most statistically robust smart metering behavioral trials conducted internationally 
to date and thus provides a wealth of insightful information on the impact of smart metering enabled 
initiatives on electricity consumers.

At a primary level, a pre-trial survey was carried out of participants in the Trial. The information 
gained from this survey provided insights, which informed the participant allocation and provided a 
benchmark for any subsequent change in behavior, which might be measured at the end of the trial. 
A post-trial survey was carried out of the same participants in January 2011, comparing the change 
in attitude, equipment or electricity use to the pre-trial findings. The dataset used in the current study 
covered residential pre-trial and post-trial surveys. The residential survey comprised of questions 
covering five areas including dwelling characteristics describing property features; socioeconomic 
information; appliance information section collected data on what electrical appliances and in what 
quantity belonged to the households; usage information section of the survey showed usage frequency 
of appliances; and attitudes towards energy-saving initiatives, as well as motivation to change energy 
consumption behavior.

The electricity consumption data collected via smart meters include total, highest and lowest daily 
energy consumption recorded during a 2-week period, which was made available in an anonymized 
format. Hence, no personal or confidential information is contained in the dataset. To achieve the 
research objectives, the analysis was divided into two parts: household classification and investigating 
attitude change towards energy consumption behavior. To achieve the second objective, answers to 
the pre-trial and post-trial survey questions were compared. 72 questions related to attitude towards 
energy consumption behavior that were in both surveys, were identified and compared (Appendix A). 
The main software we used to perform data cleaning, preparation and modelling process was IBM 
SPSS Modeler. It is a data mining and text analytics software to build predictive and prescriptive 
models and contains modelling options for cluster analysis and rule mining functions.

Segmentation for Examining Change in Attitude and Behavior
We use clustering analysis for segmenting 2,505 Northern Ireland households into groups based 
on their energy consumption patterns, socio-demographic and dwelling characteristics. Energy 
consumption patterns were generated from a 2-week period of electric use of the households. Total 
energy consumptions were split into 4 bins based the negative and positive distances measured by 
the standard deviation, and respectively labeled as “low,” “medium,” “high,” and “very high.” Other 
variables are available with the responses of the 2,505 households.

Clustering is an exploratory data analysis, which typically works by grouping objects with 
similar characteristics and hence it is widely used for segmentation. K-means are among the most 
well-known clustering algorithms, and iteratively relocate users among clusters to generate stable 
clusters. In general, too many variables in clustering analysis tend to reduce the stability of the 
clusters and makes the interpretations of the segments more difficult (Ayramo and Karkkainen, 2006). 
Therefore, we first used an artificial neural network (ANN) analysis to eliminate non-significant 
variables. Then, the remaining key factors were used in cluster analysis using K-means technique 
for segmenting the households. An ANN model is composed of a number of parallel interconnected 
neuron network systems where a neuron operates a mathematical function relating inputs to outputs. 
By parallel processing of multiple inputs, the network determines a structure of the relationships 
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between variables (Hamzacebi et al., 2009). Our segmentation procedure using ANN and K-Means 
algorithms follows an iterative approach described in Table 1.

The attribute set was selected based on the literature review and the ANN analysis. The highest 
daily and lowest daily energy consumption and property build year were also excluded due to non-
significance and high autocorrelation. We have measured the quality of the clusters by Silhouette 
coefficient. The higher Silhouette coefficient suggests better cluster quality. Our 4 and 5 cluster 
solutions demonstrated similar coefficient values around 0.5, suggesting significant differences 
between identified clusters. Despite being moderate, a value of 0.5 was the best possible result for 
the residential household classification based on energy consumption behavior (Swan and Ugursal, 
2009). On the other hand, the two clusters scenarios were highly similar, except the additional cluster 
with a very small proportion (0.8%) of the 5-clusters case as shown in Figure 1. Therefore, considering 
both the visual inspections of the cluster distribution and the achieved cluster quality, we chose the 
4-cluster solution. This process ensures that our clustering results are stable and consistent.

Furthermore, we conducted a post hoc analysis with Artificial Neural networks (ANN) using a 
classification analysis. The final key predictors of the model were ‘occupant type’, ‘internet access’, 
‘other occupant’s internet usage’, ‘other occupants do not want to reduce energy usage’ and ‘number 
of occupants who work for pay’. Varying segmentation scenarios were tested by ANN and the scenario 
with the 4-cluster achieved the highest accuracy.

Table 1. Segmentation Procedure Using ANN and K-Means Algorithms

Step 1 Input: The number of clusters K, and household database with n objects Output: A set of K clusters which 
minimize the criterion function of k-Means

Step 2 Begin with running all input variables through into neural network analysis

Step 3 Retain only the variables that are significant

Step 4 Continue with remaining variables and a random K cluster centers as the initial solution.

Step 5 Compute memberships of the data points to the current cluster centers

Step 5 Update cluster centers with respect to new memberships of the data points

Step 6 Repeat the previous steps until no change to the criterion function of k-Means or no data points change 
cluster

Figure 1. Four and Five Cluster Solutions
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Once the clusters were validated, we examined the change in household attitude and behavior 
towards energy consumption for clusters. A comparison of pre-survey and post-survey questionnaires 
identified 41 questions that were asked ‘before’ and ‘after’ the survey. The questions were analyzed 
to evaluate the change in attitude and consumption behavior of participants. The sample size was 
reduced to 2,505 from initial 3,834 due to missing values with the main 97 survey questions. For 
the analysis of the change in attitude and consumption behavior, the sample size further reduced to 
703 participants who answered the same questions before and after the smart meter trial. The next 
section provides the details of the analysis and discusses the findings.

Research Findings
Total energy consumption was split into 4 levels low, medium, high, and very high total consumption 
groups. Figure 2 demonstrates the distribution of energy consumption during the trial period among 
the 2,505 participants. From Figure 2 we can see interesting trends among the different clusters, for 
example, the low bin cluster 1 is the largest group but in the low consumption level when moving to 
medium the number of participants from the same cluster drops to almost half, and the drop continues 
when moving to the higher consumption level. The same trend is even more obvious when it comes 
to cluster 4. In cluster 2 and 3, we observe opposite trends. Cluster 2 grew from being the smallest 
group in the low consumption to a bigger group in the higher level of consumption. Whereas Cluster 
3 grew in size from being the smallest group in the low consumption to being the biggest cluster in 
the very high consumption with consistent growth in each higher level.

Motivation to Reduce Energy Consumption
The results show that 83.79% of the sample wanted or strongly wanted to reduce their energy 
consumption, with Cluster 2 being the most motivated to do such. The least interested in changing 
behavior was Cluster 1 with 13.21% of them not wanting or strongly not wanting changes compared 
to 7.11%, 6.88% and 4.85% from Clusters 4, 3 and 2, respectively. Although the majority of Cluster 
2 strongly wanted to reduce energy consumption, only 36.75% of them were very confident that they 
had done a lot to do so. All clusters predominantly said ‘No’ when asked if it was inconvenient to 

Figure 2. The Distribution of the Consumption Levels by Cluster
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change energy consumption. Those from Cluster 4 were the most accepting (65.20% versus 61.75% 
of Cluster 2, 59.80% of Cluster 1 and 56.36% of Cluster 3). Clusters 1 and 3 were found to be the 
ones needing additional information about how energy could be reduced. 55.07% of them expressed 
a strong wish to be advised about how to reduce energy consumption. Energy companies should use 
this information when targeting customers for new energy-saving policies.

Majority of all clusters reported that potential bill reduction strongly motivated them to reduce 
their energy usage, particularly in Cluster 2 (81.72%). Only 4.87% of the respondents disagreed 
or strongly disagreed with the statement that bill reduction motivated them to reduce the energy 
consumption, 50.02% of them belonged to Cluster 1. 54.65% of the sample strongly agreed that 
changing energy usage reduced bills. Cluster 2 households were the most confident with 61.57% 
of the cluster, then Cluster 3 with 55.78%, Cluster 1 with 50.99%, and lastly Cluster 4 with 49.51% 
of the cluster. Interestingly, despite that fact that Cluster 2 was the most motivated by the potential 
bill reduction, it was Cluster 1 that had the highest proportion of households that made significant 
reductions in energy consumption to reduce their bills.

Moving Energy Usage to Off-Peak Times
When it comes to moving energy usage from peak times, 77.52% of the sample answered the question 
of whether they made or did not make efforts to move the energy usage to off-peak times. 68.90% 
of those who answered that question indicated that they did not try to move their energy from peak 
times with Cluster 2 being the least pro-active. All remaining survey questions about peak time 
were responded by only 19.64% of the sample. However, the proportion of the small sample that did 
respond to the question about the convenience of moving energy usage to off-peak times showed a 
similar pattern with 54.47% admitted that it was very inconvenient to move the energy usage, whilst 
31.71% disagreed.

On the other hand, the question about moving energy usage to nighttime was responded by less 
than half of the sample. Among those who answered, more than half (52.17%) agreed and strongly 
agreed that it was very inconvenient to move their energy usage to nighttime. Cluster 3 was found 
to be the least motivated to moving energy usage to nighttime with 17.45% of the cluster versus 
16.00% of Cluster 1, 10.81% of Cluster 2 and 7.91% Cluster 4. The main reasons for this were: they 
very concerned about safety implications (43.07%) and the noise that appliances would make during 
the night (36.70%). The difference between night and daytime prices was very important to 31.48% 
% of the sub-group, and it was very inconvenient for 29.20% of those who answered the survey. 
Even though the majority of each cluster strongly felt moving energy consumption to nighttime was 
inconvenient, 22.95% of Cluster 1 strongly disagreed with that compared to only 14.98% of Cluster 
2. Cluster 4 showed a similar pattern to Cluster 1 in opinion distribution.

Internet Access and Environmental Concerns
We found the majority of the sample who had internet access wanted to reduce their energy usage. 
Internet access and its usage by household occupants was the most significant predictor of a household 
energy consumption behavior groups. However, the internet access did not influence occupants’ 
knowledge about energy consumption reduction methods; energy consumption of electrical appliance; 
and energy usage at peak times or different times of the day. Finally, regarding environmental concerns, 
among all clusters, those from Cluster 2 were the most environmentally concerned and 75.19% wanted 
to change their energy consumption to help the environment. Nevertheless, about 71% of all the other 
clusters shared the same strong motivation.

Discussion of Findings
Steg and Vlek’s (2009) argue knowledge about electric appliances energy consumption changes 
consumers’ attitudes and consequently, their consumption behavior. We found support for such an 
assumption with the majority of the sample stating smart meter trial improved their willingness to pay 
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more attention to the amount of electricity consumed. Yet we found different clusters of consumers 
did not react similarly. From analyzing the data, we found that, for example, cluster 1 and 4 where 
the most susceptible to change consumption compared to other clusters. In addition, more than half 
of the participant reported improved knowledge on how to reduce energy consumption due to the 
trial, yet only the third expressed increased motivation for lifestyle changes in order to reduce energy 
consumption. On the other hand, almost half of the observed sample did not want to be restricted in 
their electricity consumption, and almost the third felt more reluctant to change their energy usage 
habits, which could be explained by findings of the previous research (Ellegård and Palm, 2011) that 
showed some households found imposed energy-saving policies demotivating.

Attitude and Behavior Change
Households expressed mixed attitude towards shifting their energy usage to off-peak and nighttime. 
On the one hand, most of the consumers reported it became easier to reduce their energy consumption 
of peak hours, which was triggered by the tariff information. This is in line with the findings of the 
previous research (Faruqui and Sergici, 2010). The analysis showed 72% of the participants moved 
their usage to nighttime in order to reduce energy consumption and lower bills. This implies households 
were expecting more efficiency from using the smart meter and therefore did not mind having less 
comfort (Olmos et al., 2011).

Previous literature indicates that feedback and information raise consumer awareness and, 
consequently, encourage behavior change (Hargreaves et al., 2010). Gans et al. (2013) found consistent 
and informative feedback influences energy consumption habits. Participants stated that energy 
usage statements helped them reduce electricity usage during the trial. When participants were 
given additional information, 49% of them realized that they did not know enough about different 
electrical appliances usages. Hence, monitoring device only provided a ‘visual incentive’ to trigger 
behavior changes but it did not improve the knowledge much. Consumers should understand that 
energy savings result from a combination of adoption of smart meter technology, behavior change, 
and improved usage habits.

Energy Pricing and Environmental Concerns
The findings of the current study are in line with the findings of previous research (Karjalainen 2011, 
Vassileva et al., 2012a, 2012b). Energy consumption behavior is predominantly influenced by energy 
pricing and environmental concerns. The smart meter trial results demonstrated the consistency of 
energy-saving behavior over time. Trial participants mostly used non-renewable energy sources to 
heat both water and their properties. They stated they would reduce energy consumption if it helped 
the environment, particularly households in Cluster 2 that had strong environmental concerns and 
were fully aware of the fact that coal was directly responsible for global warming. Information on how 
energy consumption impacting the environment, as well as energy-saving tips should be provided by 
utilities and policymakers. Specifically, Cluster 2, which has the strongest environmental concerns 
and bill reduction motivations and hence we suggest policymakers use this cluster for further trials. 
Despite the fact that green energy production in the UK has been growing, the trial identified that 
less than 2% used it to heat water or their property. This should be reflected in future green energy 
supply-demand regulations.

RESEARCH AND POLICY IMPLICATIONS

Research Implications
This study contributes to research in different ways. First, we contribute to research on smart meters 
and energy consumption behavior at the ‘household’ level, which is limited in IS literature. Second, 
the utilization of data mining techniques to model residential electricity consumption, which is the 
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focus of the current study has so far been limited in IS literature. The findings from segmentation 
analysis provide insight into the characteristics behind electricity consumption for different groups 
of households. Third, previous research has mainly used low-resolution and aggregated energy 
consumption data due to lack of advanced metering technologies. We use electricity consumption data 
obtained via the smart meters and combine with socio-economic and behavioral data to understand 
different groups of electricity consumers. For customer segmentation, it is crucial to obtain information 
on the ‘actual energy consumption’ of customers using smart meters rather than low resolution and 
aggregated data, which is mainly used by previous research.

Fourth, previous studies have only collected partial data. However, interactions among different 
characteristics offer a greater possibility for understanding the underlying determinants of electricity 
consumption, and so improving energy efficiency campaigns. In order to fill the gaps in the IS 
literature, we apply a large dataset comprising of varied household, socio-economic and behavioral 
characteristics, which is vital in modeling residential electricity consumption. We lay a stronger 
focus on attitudes, environmental awareness, openness to change, and we analyze the impact of peer 
effects and social norms. These findings provide a deeper understanding of the household energy 
consumption and behavior changes and therefore, leads to implications for practice.

Practical Implications
When creating new policies positioned at specific household groups, we recommend using 
classification model to allocate residential households into identified clusters and develop 
‘tailored’ energy-saving incentives and energy efficiency campaigns, based on the cluster’s 
energy usage information and their attitude. Analyzing energy consumption and household 
behavior changes by segments can guide policymakers to make better decisions based on each 
household groups and assist them in implementing changes more effectively. Corbett (2013) 
argues smart meters enable utilities to capture billions of data points regarding electricity 
demand under different conditions, customer segments, and time of use. With this additional 
information, utilities will be able to design and implement a range of innovative programs 
targeted at different customer segments. Rather than using a one-size-fits-all approach, better 
collection of data will allow utilities to design a more segmented and effective portfolio of 
demand-side management.

Sodenkamp et al. (2015) argue that the classification of utility customers based on electricity 
consumption data solves a well-known business problem of a large industry, and improves the 
effectiveness of energy conservation campaigns. Similarly, Loock et al. (2013) have shown that 
information systems providing specific feedback on individual households are extremely valuable 
for energy companies in order to design targeted motivational policies that engage customers with 
energy efficiency campaigns.

Energy suppliers should identify ‘the most reluctant’ groups and explain the benefits of reducing 
energy consumption to these groups. This should include advising how to do it, as well as providing 
extensive support and incentives. For example, households that fit the profile of Cluster 1 should be 
contacted via mail, as they are unlikely to have Internet access. In addition, these households should 
receive help to improve dwelling insulation to escape fuel poverty. More affluent households (such 
as households in Cluster 2) should be encouraged to reduce energy usage by environment-related 
incentives. All respondents demonstrated a strong acceptance of electronic monitoring devices along 
with the additional information resources and tools (like fridge magnet). Furthermore, a separate 
program should be implemented supporting ‘fuel poor’ households due to the high number of such 
households in Northern Ireland in order to improve insulation in the dwellings and probably offer 
better price incentives.
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CONCLUSION

This study found it is possible to segment household customers in Northern Ireland into four distinct 
clusters. The most influencing factors when defining these segments were total energy consumption, 
internet access, other occupant’s internet usage, occupant type, willingness to reduce energy, and 
the number of occupants who work for pay. The trial participants largely demonstrated a positive 
attitude towards the trial. Majority of respondents initially did not believe in making energy savings. 
However, they tried using the feedback on their electricity usage, and some were encouraged by 
the potential to reduce energy bills or help the environment and were more willing to change their 
lifestyle. Respondents did not change how they cooked. However, some of them changed the timing 
of using their appliance to nighttime despite concerns to wake up neighbors or cause a fire. At the 
same time, some felt more reluctant to adopt the new technology, as they felt they did not have to be 
told how and when to use energy.

This study is not free from limitations. We primarily focused on energy consumption records 
and respondent opinions. Various external factors, like weather, time of the year, inflation, household 
income was unknown, hence, their impact on the energy consumption behavior was not analyzed. 
It was impossible to estimate household energy savings resulted after the trial, as no information 
was publicly available about how much each household paid for two-week energy usage before and 
during the trial.

Previous research has also found consumption behavior depends on whether occupants are 
property owner or tenants. The property owners might be more willing to make long-term investments 
in dwelling energy efficiency, while tenants are more likely to change their energy habits to reduce 
bills (Davis, 2010; Dillahunt et al., 2010). There is a need for more sophisticated proactive policies 
that would regulate consumers’ expectations concerning the benefits and challenges of smart meter 
installation. Moreover, relevant communication strategies for different clusters should be identified. 
Future research should also examine the information quality and usefulness to consumers. This would 
improve the quality of feedback provided to the end-users.
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APPENDIX A

Table 2. Energy Consumption Behavior Part 1

Construct Corresponding Items Items Sources

Performance 
Expectancy (PE)

PE1. I find m-government service useful in my daily life.
(Hoque & Sorwar, 
2017; Venkatesh 
et al., 2003)

PE2. Using m-government service helps me accomplish things more quickly.

PE3. Using m-government service increases my productivity.

PE4: Using m-government service improves my quality of work.

Effort Expectancy 
(EE)

EE1. Learning how to use m-government service is easy for me.
(Hoque & Sorwar, 
2017; Venkatesh 
et al., 2003)

EE2. My interaction with m-government service is understandable.

EE3. I find m-government service easy to use.

EE4. It is easy for me to become skillful at using m-government service.

Social Influence 
(SI)

SI1. People who are important to me think that I should use m-government 
service.

(Hoque & Sorwar, 
2017; Venkatesh 
et al., 2003)

SI2. People who influence my behavior think that I should use 
m-government service.

SI3. People whose opinions that I value prefer that I use m-government 
service.

Facilitating 
Condition (FC)

FC1. I have the resources necessary to use m-government service.
(Hoque & Sorwar, 
2017; Venkatesh 
et al., 2003)

FC2. I have the support necessary to use m-government service.

FC3. M-government is compatible with other technologies I use.

Technology 
Anxiety (TA)

TA1. Using m-government services would make me very nervous.
(Hoque & Sorwar, 
2017; Xue et al., 
2012)

TA2. Using m-government services make me worried.

TA3. Using m-government services may make me feel uncomfortable.

TA4. Using m-government services may make me feel confused.

Resistance to 
Change (RC)

RC1. I don’t want to use m-government services to change the way I deal 
with public service-related problems.

(Bhattacherjee & 
Hikmet, 2008; R. 
Hoque & Sorwar, 
2017)

RC2. I don’t want the m-government services to change the way I keep 
myself active.

RC3. I don’t want the m-government services to change the way I interact 
with other people.

Self-actualization 
(SA)

SC1. Learning m-government services gives me the opportunity for personal 
development.

(Phang et al., 
2006; Porter, 
1963)

SC2. Learning m-government services increase my feelings of self-
fulfillment.

SC3. Learning m-government services give me a feeling of accomplishment.

Declining 
psychological 
conditions (DPC)

DPC1. I require more physical and mental effort to perform m-government 
services.

(Phang et al., 
2006)DPC2. I found to use m-government services limit my ability that I can 

performed earlier.

DPC3. It is difficult for me to operate m-government services.

Behavioral 
Intention﻿
(BI)

BI1. I intend to use m-government service in the future.
(Hoque & Sorwar, 
2017; Venkatesh 
et al., 2003)

BI2. I will always try to use m-government service in my daily life.

BI3. I plan to use m-government service frequently.
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Table 3. Energy Consumption Behavior Part 2

Variable Description Frequency Percentage

Gender
Male 188 64%

Female 106 36%

Age

60–64 155 53%

65–69 90 31%

70–74 30 10%

More than 75 10 3%

Educational Qualification

SSC or below 32 11%

HSC 116 39%

Bachelor 104 35%

Higher 42 14%

Own Mobile Phone
Yes 204 69%

No 90 31%

Mobile phone usage 
experience

1-3 years 33 11%

4-7 years 176 60%

8 -10 years 65 22%

More than 10 20 7%


