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Efforts to induce energyfriendly behaviour from endusers through behaviourahierventions are
AEAOAAOAOEUAA AU A 1 AAE Isi#fitdOIOI01 EROA ®ADIOD & 1Al
understanding about how different interventions interact with each other and contrasting evidence
about their effectiveness, as a resultgdor testing under real world conditions.

NUDGE has been conceived to unleash the potential of behavioural interventions fotdetigg
energy efficiency behaviour changes, paving the way to the generalized use of such interventions
as a worthy additiorto the policymaking toolbox. We take a mixed approach to the consumer
analysis and intervention design with tasks combining surveys and field trials. Firmly rooted in
behavioural science methods, we will study individual psychological and contextuabiesi
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clear bias towards interventions of the nudging type.

The designed interventions are compared against traditional ones in field trials (pilots)en fiv
different EU states, exhibiting striking diversity in terms of innovative energy usage scenarios (e.g.,
PV production for EV charging, DR for natural gas), demographic and-sgoieomic variables of

the involved populations, mediation platforms for odionalizing the intervention (smart mobile
apps, dashboards, web portals, educational material and intergenerational learning practices).

The project has received funding fromth&sO OT DPAAT S5TET 1860 (1 OEUT T WYoWwd
programme under grant agreement No 957012.
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Within this report, the primary aim has beento generate a better understanding agnergy
consume® Behaviour in relation to energy efficiey and to further explore factors that either
selve as barriers or facilitatorsto reduce energy consunption. To this end,in this report we
invesied effort in two mainresearch activitiesThefirst oneconsissin analyang which factors can
effectivelypredicttheAT AOCU A inten&i@redlic@ énrgy consumptioin thesecondone,
we ught to identify distinct groups ofenergy consumersaccordingto a range of psychosocial
factors that modulateenergy-savingbehaviourin positive or negative mannerthese twaactivities
complement each other innraveling the determinants oA T A OC U A behaVidufarkd iedid
critical insights forone of the milestone tasks of the overall projecti.e., identifying targeted
interventions, primarily of the nudging type, thaouldleverage thoseleterminantsand achieve
behaviaural change.

Input for both actvities were data collectedthrough a Europewide online survey(n=3129 after
pre-processingchecks and filtersvere applied. The survey was made aNable in 15 languages and
was completed by persons in 29 countries a result o detailed dissemination strategy that
involved several stakeholdes the public, private and civic sectdt broke fresh groundin the
study of energyrelated behaviaur by operationalizing three theoretical models of human
behaviour: he Theory of Planned Behaviour (TPB), the Vabatie-Norm theory (VBN) and the
Prototype Willingness model (PWMMeasuring the ifteen (15) psychosociaonstructs that
resulted from the synthesis of #se3 models washe subject ofone of the fivesurvey modules,
the core one Four more moduleslogged reOD T T A Aokidéndographic indicatorstheir
residence propertiestheir current energysavingbehaviaur in a number of activitiesand their
attitude against energy monitoring and contrplatforms, respectively

The first level of dta analysis concerned thelerivation of descriptive satistics. With regards to
energy-saving behaviour, weofund that closing the windows when heating occurs frequently, with
87.2% state often/always. Wateouservation is often related tthe duration of hot water use, with
people stating that they do not leave hot water running, or take shorter showers (respectively
70.1% and 45.6% often/alway#)lso notble is that turning down the lights is the most comnmo
saving behaviour, with 91.5% indicating that they often/always perform this action.

Our questions about data shariqgeferences of energy consumeaitso revealed some interesting
results, with the majority of our sampleportingunwillingnessto sharedetailed energy data, i.e.,

on, at least, dailyand upto reattime basis. Whereas 42.58tated that monthly energy data is not
shareable data, this proportion increast® 44% for daily and redime data. Furthermore, people

in our sample are more prone to share all types of energy data with their family members (67% real
time data and 90.3% monthly data).

Proceeding with the rain analysis, inafirst step, we exploredhe predictability of OOA OO06 ET OAT1
to reduce energy consumptionMe built a theoretical modelwhere we differentiate between

specific intentions to reduce heatingelated consumption and more general intentions towards
energy-saving Our analysis shwed that the degree to which people perceive that they have the

ability to conserve energys an important consideration, above and beyond any considerations
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such as environmental concern. We furtheumd strongstatistical evidenceor the importance of
subjective norms as antecedent for the intent to reduce consumption, pointing to the impoetan

DAi I A AOOAAE OiF OEAEO 108 FeQuatdrd GF théir ol ehergp AA OO
consumption. Overall, wefound support for providing consumers with practical ways to reduce
energyconsumption

In a second stegghe goalwasto identify groys (interchangeably: classes or clusters) of energy
consumers with distinct characteristics that facilitate the selection of (nudging type) behavioural
interventions for them.To this end we sought to leverage therich information about the
OAODIT 1 Aykhiofdlaichamcteristicsin the survey dataexperimening with two different
approaches. The first ongas based on clusteringnalysis a common technique for statistical data
analysis that systematically seeks to organize a set of objects into a number of groups (clusters) so
that objects in the same cluster are more similar to each other, according to some criteria, than to
objects inother clusters.Despite our experimentation with a range of clustering algorithms and
trying many different parameterizations, including feature selection and transformation
techniques, the obtained clustering structures routinely shared the same pattiere would
always be one cluster that scored top in all 15 constructs, one that would score second bedt in all
them, one that would score third best in aff them and so on. Namely, no groups with profound
differentiation across the 15 features coudd identified this way.

The second approach invad the a priori specification of energy consumer classes as
combinations of conditions that the aforementioned constructs should satiSiye accegable
value ranges for eaclenergy consumerclass involvedseveral threshtd values which were
determined as the solution of a nelmear optimization problemWe enced up with six distinct
energy consumer classesEnvironmentally conscious and weformed energy consumers
Concernedbut comfortoriented energy consumer€oncernedbut lacking awareness energy
consumersMaterialisticenergy consumerseaping personal responsibjllyone to social influence
energy consumerandindifferent energgonsumersT he firstgrouprepresents ideaénergy-savers
whereasenergy consumers eachof the other five groups sharene or twodistinct features that
either serve as barrierdowards their energy-saving intentions or prescribe specific type of
intervention for strengthening these intentionsThe withingroup variation of the socio
demographic indicators (age, gender, education levather resembled the respective distribution
across the full dataset, with a fesather mildexceptions

This reportis organized into four main chapters and a number of anne&d®mpter 1 provides a
brief introduction.In chapter 2, we present the human behawidheories underpinning the survey,
the underlying researchhypotheses and the sticture of the survey into five distinct modules
collecting different information about the respondent (residence properties and energy efficiency,
current energysaving activities, psychosocial constructs, attitude against energy monitoring and
control platforms, and sociedemographic information). We alspresentstatistical information
about thesurvey respondents as well #s responseghat were fitered out of the final dataset
according to different criteria. Chapter@ovidesdescriptive statistis out of the survey responses

s N £ o~ A

regional differences across different European countries/regions. Chapter 4 presents findings

NUDGEz D1.1z Profiling of energy consumers: psychological and contextual factors of energy behavior
30 September 2021



relevant to the one of two mainanls of this deliverable, i.e., the discovery atfitudinal and
behavioural predictors of intent to reduce energy consumptiamereas Chapter 5 presents the
outcomes of the experimentation with the two approaches towards the segmentation of energy
consurners, the clustering and the classification approach.

These four main chapters are complementeddayannexes.Two of them (Annex | and II) provide
additional results for Chapter 4 and 5, respectiv@lgnexllipresents a brief review of other energy
consumer segmentation studies in literatur&nnexIV provides a table with statistical terms used
in the document Annex Vreports material usedn the context of raising awareness about the
online survey; andjnally, Annex \ presents the full survey (question items as posed to the survey
participants
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Within the NUDGE project, our overall gasito explorevhich (technical) interventions can be used

to change domestie@nergyconsumption behaviour, without the use of financial intees, i.e.:
through socalledi OACAO8 $AEFET AA AO AT U AOPAAO 1T &£ OEA
behaviourin a predictable way without forbidding any option or significantly changing their
economic incentivegThaler & Sunstein, 2008)nudges build on top of existing theories of
behaviour, behavioural change and behavioural intent.

To this end, within NUDGEa largescale surveyavailable inl5 languageswvas developed, with

the overarching aim to findactorsthat can predict intent tareduce the use of energyCentrally,

the survey draws on three related but distinct models of human behaviour namely Theory of
Planned Behaviou(TPB), the ValudeliekNorm theory (VBN) and the Prototype Willingness
model (PWM)More generally, our survey also looks at energy saving behaviours and willingness
to share data about consumption with others.

Beyond exploring the predictors of energyfiefent behaviour, we additionally use these three
behavioural models as Isa& to classify consumers into different classes with regard to their
attitudes towardsenergy saving behaviour, which subsequently can be translated into nudges of
interest.

While different theoretical models such as TPB, PWM and VBN have previously been successfully
used ina variety ofstudiesto assess sustainable behaviofiwe.: TPB for recyclingTonglet et al.,

2004) PWM for ewvironmentally friendly behavioum general (Ratliff et al., 2017and VBN for
sustainable consumptiofiThggersen & Olander, 2002pur surveys the firstz to our knowledge

Z to combine these models in one instrumel@f additional interest in ousurvey is the inclusion

of other variables that further explore the rationale for energy saving such as environmental
concern,awarenessof energy consumption and the fear of losing comfort.

Moreover, our survey focussespecifically on hetng, given itslarge share of energy related
consumption in the EY which at 63,6% compromises a majority of energy consumed in EU
households, sggesting that improvements in this domain can have a significant impact on energy
saving.

1https://ec.europa.eu/eurostat/statisticexplained/index.php?titte=Energy_consumption_in_households
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As noted, our survey has two central objectives. Our first aim is to be abfedasureintent to
reduce heating related energy consumption in the win®ur basis for this analysis is derived from
existing models of behaviour, acting as a subsequent Hasigur cluster analysis. We discuksse
variables in more detail below, along with all our research hypothesis.

Our survey operationalises three more general models of human behaviour: the TheorynatBla
Behaviour (TPB), the Valdgelie-Norm theory (VBN) and the Prototype Willingness model
(PWM). Moreover, waccountfor several covariates for the attitudinal component of the Theory
of Planned Behaviour.

2.1.1. Theory of Planned Behaviour
AjU A TTeRYAjzen,1991p EO A OEAT OAOEAAI AOAI Ax1 OE AEI EI
choices. TPB suggests that certain motivational factors, including attitudes toward a behaviour,

subjective norm and perceived behavioural conttol B A A O imtehiio®tb alldpt@ behaviour.
Intent, in turn, can be associated with actual behavi@ijzen, 2002)

The dtitudinal componentrefers to someond €valuation or appraisal of an activity. Subjective
normrefers tothe perceived social pressure to engage in the activity, while perceived behavioural
control is the perceive difficulty to perform the activity. TPB has been widely used in studads
sustainable behaviour. This includes recycl{ignglet et al., 2004)food consumption(Olsen et

al., 2008)energy cosumption(Gadenne et al., 201,)ousehold energy seBufficiency(Engelken

et al., 2018)or investment in community ownetenewable energy sourcgBroudlove et al., 2020)

In the following paragraphs we witlriefly motivate our hypotheses based on previous research.

According to TPRAjzen, 1991JAbrahamse & Steg, 200) A DAOOT 180 AOOEOOAR
behaviourpredictstheir intent to engage in that behaviour. As a result, we praptsat:

H1: Positive attitudes towards lowering the temperature in winter will be associated with a
higher intent to reduce energy consumption by lowering the temperature.

Within the TPBmodelling framework subjective norm denotes the effect socfaessure haon
behavioural intention. In the case of energy reduction, we thus hypothesise that

H2: There is a positive association between subjective norm and intention to reduce energy
consumption by lowering the temperature in winter.

The third componentof the TPBframework is the perceived behavioural control. According to
Ajzen(Ajzen,1991n OT 1 AT 1T A8 O b A OA A mbehdvioufepBitskefrtent@ido AT CA
SO.

H3: There is a positive association between perceived behavioural control and intention to
reduce energy consumption by lowering the temperature in winter
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Finaly, the intent to reduce energy consumption will p®sitivelyassociated with actual energy
consumption reduction behaviour:

H4: There is a positive association between intent to reduce energy consumption in winter by
lowering the temperature and lowering the temperature in winter to conserve energy.

2.1.2. Antecedents ofAttitude

While TPB by itself provides valuable insights into intent (and actual behaviour), extending the
model with additionaldomain-related predictors offers a more irdepth view of how intent is
influencedwithin the context of energy conservatiofiPerugini & Bagozzi, 2001Jo this end, we
introduce the following predictors in our modedpecificaly related to attitude.

Financial concern

In general, persons with high financial conceme more likely to have positivattitudes towards
energy savingKarlin et al., 2014; Long, 1993; Van Raaij & Verhallen, 1BB@)ncial concern is
regardedas the extent to whichpeopled @ecisionsare motivatedby economic considerations
(Chen, Xu, Day, 2017

H5: Financial concern ispositively associated with the attitude towards reducing the
temperature to conserve energy in winter.

Loss of comfort

The perceivedrisk of losing comfort due to energgaving activitiess negatively associated with
the attitude towards reducing energy consumptidiVang et al., 2011, 2014)

H6: Perceived bss of comfortis negatively associated withthe attitude towards reducing the
temperature to conserve energy in winter.

Energy awareness

People with a high degree of knowledge about energy d@sdise will be more likely to have
positiveattitude towardsreducing their energy consumptiof/an Raaij & Verhallen, 1983; Wang
et al., 2014; Yoo et al., 2020Yyang et al., 2011, 2014)

H7: Energy knowledge is positively associated witthe attitude towards reducing energy
consumption by lowering the temperature in winter.

2.1.3. ValueBelieFNorm Theory

A further component in our modalriginates from theValue Belief Norm theory (VBNtheory) (P.
C. Stern et al., 1999 Conceptualized by SterfP. Stern, 200Q)the VBNtheory specifically
considers sustainable behavioun sunmary, choosing sustainable behaviocan be the result of
a perceived obligation to act envirormentally consciously. It operationalises awareness of
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consequences, ascription oésponsillity and personal moral normshe latter being associated
with intent. Givenits conception as a model to explain sustainable behavithe,VBN-theory has
seenwide adoptionin a varietyof sustainability domains. This includsastainable modes of travel
(Lind et al., 201%)r sustainable consumptiofThggersen & Olander, 2002)

Household energy conservation is framed in ternfsaosocial dilemma (Samuelson, 1990). The
dilemma arises from the conflict that exists between individual and collective outcomes of energy
conservation behaviour. While it would seem that energy use has many individual benefits (e.g
increased comfort ad welkbeing), the negative side of the equation is, however, that it can lead
to negative environmental consequences (g.glepletion of energy sources, environmental
degradation, carbon emission§i\brahamse, 2007)A moreintegrated approach whichconsiders

both theindividual and environmental beliefsvercomes the weaknesses of models that only take
into account seHinterest variables (e.g., TPB) or only psocial motives (e.g., Norm Activation
Model, ValueBelie-Norm) (Gao et al., 2017)

Awarenes®f consequencesd ascription of responsibility

Both the awareness of the consequences of high energy consumption for society and ascription of
OAODPT 1 OEAEI EOU xEI 1 EAOA A (BbraGaméeE200Y; ABrahBmisAD 1 1
Steg, 2011; Fornara et al., 2016; Guo et al., 2018)

H8a: Awareness of consequences is positively associated with personal moral norms.
H8b: Ascription of responsibility is positively associated with personal moral norms.
(Abrahamse et al., 2009; Abrahamse & Steg, 2011)

Persons who feel a moral obligation to act in govironmental ways will have stronger pro
environmental intentions and behaviou@brahamse, 2007; Abrahamse & Steg, 2011; Foretaira
al., 2016; Song et al., 2019; Steg et al., 2005; Wittenberg et al., 2018)

H9: Personal moral norms are positively associated with intent to reduce energy consumption
by lowering the temperature.

2.1.4. Prototype Willingness Model

Alongside TPB an&BNtheory, wetake into accounta third theoretical modelthe Prototype
Willingness Model (PWMGerrard et al., 2008Driginally developed as a model to assess health
related risk behaviour in adolescen{§errard et al., 2008)PWMarguesOEAO AAEAOET O
necessarily planned, as proposedthg TPBmodel. Rather, PWM suggests that behaviour is often

a result ofrisk conducive social situatiq@bbons et al., 2020PWM consists of two pathwaysne

based on reasoningdasonedpathway) and another based on social reactiosocial reactivg
Prototype, in the context of PWMlso refers to images of people who engage in a particular (risky)
behaviour(Gerrard et al., 2008)TPB also emphasises behavioural intent, while P¥¢dliseson
behavioural intent and behavioural willingness (jhat one is willing to do versus whabne is

planning to do).
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Although the PWMmodelisoriginally used to assess risky adolescent behavituras also been
used to assess positive healtblatedbehaviour such as exerci@Rivis et al., 2006)t has also been
used in tandem with TPERIvis et al., 2006Yan Gool et al., 2015inally, and ospecial interest

for this study, PWM has been used to assess sustainable behaviour such as @yeltag et al.,

2017)r general environmentally friendly behavio(Ratliff et al., 2017)

H10: Prototype similarity is positively associated with the willingness to reduce energy
consumption behaviour by lowering the temperature in winter
H11: Prototype favourability is positively associated with the willingness to reduce energy
consumption behaviour by lowering the temperature in winter.

Finally, following Gerrard et alGerrard et al., 2008)willingness can be associated with intention
to reduce energy consumption.

H12: Willingness is positively associated withthe intention to reduce energy consumption
behaviour by lowering the temperature in winter.

2.1.5. Control variables

Finally, our modetontainsthe following control variables: Gender, Country of Residence, Income,
Ageand Level of Education. Pending significance of these variables, they will be excluded from our
structural equation modelshown as a whole Figurel.

2.1.6. Conceptual reldonship to nudging

Our survey as a whole does not specifically ask questions about particular nudges or nudge
techniques. This is a deliberate decision since nudges are typically evaluated experimentally, as
opposed to through a survey. However, despiteetlack of explicit nudging assessment, the
different theoretical behaviour models presented in our survey do capture and align with several
types of nudges.

3SPAAEEEAAT T UR 1100 AOAOOGEIT EAO DOAAOEAAI I
conse® AT AAOG68 )T AEOEAOAI O OAT OET ¢ EECE 11 £&EETAT,
instead of the pleasure of gains. By means of fear and confronting nudges, namely emphasising
energy losses or the nearby and immediate impact of excessiveggneonsumption, can be
responded to the loss aversion bias.
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Theory of Planned Behaviour (self-interest motivation)
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Smilarity

Prototype Willingness Model

Figurel: Complete research modelith elements from three theoretical frameworksthe TPB model, the VBN
theory and the Protaype Willingness model and theontrol variables under consideration.

Further, the availability bias draws on readilyad&ble information in memory, which relatedto

I T Aén€@gy knowledge(Caraban et al., 2019)Home audits, where households receive
personalized information about energgaving measuresgapitalize on the avéability bias and
resultin increased energy conservatiknowledge(Winett et al., 1985)

Also, the confirmation biasr the tendency to be attentive to beliefonforming information(Yoo
et al., 2020jas been incorporated in our survey using the concept of environmental corigeimy
conscious of the natural rvironment might also influence how information is searched and
OAl AAOAA OEAO Z£EOO 1T1TAB8O0 AAI EAEOS

19
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Further, he herd instinct bia© A FA OO O1 DAT bl A5 O OA(ChrAdarAetal. 01 A
2019) By means of the subjective norm concepe measured® AT b1 A6 O OOOAADPOEA]
preferences and support for behavidur x EEAE | ECEO AA ET AEAAOEOA 1
conformity (Abrahamse et al., 2007; Staats et al., 2004)rthermore,the status quo bias shows

1 ET EACAO O1 pdideided Fehavidualizdntidi THE ighe extert to which individuals

feel capable operforming a particular behaviour, such as conserving enéAdyrahamse, 2007)
Facilitating rudges which provide practical information about energy conservatianigger an
automatic respons@r make alternatives more salie(€araban et al., 2018gter to the status quo

bias.

In this section, we provide an overview of the survey structure and its accondotylles The
complete survey can beetrievedin Complete Survey

2.2.1. Residence propertieand energy efficiency

The goal of the first module was to collect general informationtbe physical characteristicsf

PDAT Pl A6 O | A énergy/fliciedcyh BrfidSsibleenergy production andconsumption

facilities. The country of residence variable originatignsissof 15 countries but the open textbpx

letting people state other optionshasresulted in an additional4 countries After data cleaning

AT A EAOGET ¢ AT AAA AT Q paktiGgantsFdm 29 diffarendDEudpedn0duntred @ O A
remain. Given the small sample sizes in some countries Awestria, Finland), we recategorized

our sampleto larger regional categorieaccording to the United Nations Geographical Schéme

The onlyexceptionis Malta, whichhas beeradded tothe Southern Europeegion.

The question addressing house surfagas informed by the H2020 Penny projeartd addresss
fourAAOACT OEAONh ) Inidgaateam2h OV OERAD WibOARapplieshtothe AT T ¢
total living area of the dwelling and not the per person spadeeanswers have been recodeddin
10categorieswith a fixed range of 50 except for the fitsto and last categaes, i.e. (1)less than

20, (2) 21-50, (3)51-X @ & H9) 35]400, (10)more than 400To me questions(such as heating
source, renewable energy system, energy monitoring systang thermostat systemjhe OT OEA 08
category has been added, which provided respondemigh the opportunity to enter aunique
answer if itwasnot part of the predefined categoriesThese descriptive answers have been re
coded,and ifthey were deemedubstantal, additional categories have been added to the original
variable. Respondents estimated the energy performance of their residenneaacolour scale
ranging fromgreento red, which resulted im percentageestimate of the energyefficiency of the
respondertsdesidence

2 https://unstats.un.org/unsd/methodology/m49/
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222. # 000AT O O Ore@ysavinglactied 008 A
The second modulassessd OE AA OO A1 é&aviddgbdhaviouiof respondentsBy evaluating

the current state of energygaving behaviour, we can find out where there is still room for
improvement and which behaviours can be capitalized by nudging mechanisms.

The module is further structured into four distinct blocks gpig statements about energgaving
activities. The first block asks questions related to saving energy related tdirigga.e.: Wearing

more clothes instead of turning the heatingTupe second block asks questions about savings that
take place in thdathroom, relating most significantly to warm water usereferring a shower over
bathing Our third block focusss onsaving behaviour ithe kitchenOnly using dishwasher when

fully loaded.Finally, our fourth blockaddressesmiscellaneous other saving behaviours un and
around the homeSwitch of the TV when rane is watching~requencies had to be indicated on a

5D ET O , EEAO0O OAAI A EOI if anCactidit) Wa® not podsile 0 o@kE Of
household €.g., becausean air-conditioning system adishwasher atumble drier, or an electric
vehiclewere not availake), respondents had tindicate 'not applicable’Additionally, respondents

were asked to indicate theperceived impaan a ladder with 9 steps ranging fro@X B 11 O A
energy conscious and relative high energy Bifls| ety erergy consciouand relative low

AT AOcU AEI 1 06

2.2.3. Measuringconstructs

The third module consisted of seriesof attitudinal, motivational and behaviouratonstructs
measuringthe underlyingtheoreticalmodel. In essence, it entailthe above introducedrheory of
Planned BehaviouAjzen, 1991)the ValueBelieENorm Theory(P. C. Stern et al., 199ahd the
Protype Willingness Mode{Gerrard et al., 2008)In this module,participants were asked to
imagine a concrete energP A OET C A dadrg Eriergy b¥Iewkhd theGemperature setting in
winterd with accompanying questions about their attitudes, subjective norms and perceived
behavioural control about this action.

This energy saving activity has been determined based on its prevalence among Endfe
substantive impact on energy consetion. Moreover, he more tangible the situation, thbetter
respondents can assess their according behaviour in that particular situafioa.TPB model
prescribes thatattitude, subjective norm, and perceived behavioural control determine an
indivE A O AelgréeCofdetermination and wilhgness to undertake a particular activifAjzen,

1991) Given the specificity of our construct for intent (i.e.: savings related to heatth@), E O1 6§ O £
that our results can be generalised. Howewas,discussed belowve also includa construct that
measures general intent to save energy at home, allovastimations of how specific and general

intent relate.

All TPBconstructs, except attitude, have been measured onpofnt Likert scale ranging from 1 =
strongly disagree to 5 = strongly agree.

- Attitude (abbr.: ATT)isthe degree to which a persagvaluaes (unfavorablya particular
behaviour Exceptionally,it was measured withfive 7-point semanticdifferential scales
which have beerinformed bygeneral and topieelatedresearch uselesg useful, foolisly
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wise,disadvantageoug advantageous, ineffectivgeeffective, dulg interesting(Webb et al.,
2013)

- Subjective norm (abbr.: SN) is an individual's assessment of others' preferences and
support(Ajzen, 1991)It consised of fouritems, e.g.,Mostpeople who are important in my
life would approve that | save energy by lowering the temperature setting iroV@inter

- Perceived behaviairal control (abbr.: PBC)is the degree to which a person feels capable
of performing a particular activitAjzen,1991)and was measuredoy three items An
indicativeE O A i hae te dapabilities to save energy by lowering the temperature setting in
Winte6 8

- Behavioural intent (abbr.: INT)is an individual's degree of determination and willingness
to perform an activity, heresavingenergy at home(Ajzen, 1991)This variable has been
measuredat both general (abbr.: INT_GENand specific(abbr.: INT_SPECdgvel. Both
intent constuctsconsisted of three items E ®iBten®to save energy homeby lowering
the temperature setting iminted A O AT A @Al b1 AOU EOAI

The valuebelief-norm theory (P. C.Stern et al., 1999%tates thatpeople engage in a given pro
environmentalbehaviour, as they feel the moral obligatidire., moral norm}o behave properly if
they feel responsiblg(i.e., ascription of responsibilityjor the impact of their actionson the

environment(i.e., awareness of consequences)l VBNconstructs have been measured ona 5
point Likert scale ranging from 1 = strongly disagree to 5 = strongly agree.

- Moral norm (abbr.: PERS_NORMjvas covered bythree items(Abrahamse, 200Ayith ©
feel morally obliged to reduce my energy use, regardless of what other peEspbtmdf the
items.

- Ascription of responsibility (abbr.. ASQR_RESP)was addressed by three items
(Abrahamse, 2007)One of the items wasD take joint responsibility for the depletion of
energyOA OT OOAAOG

- Awareness of consequence¢abbr.. CONSEQ_AWAREJvas measured by three items
E&nergy conservation contributes to a reduction of global Wazlmb[@hamse, 2007 Th®

increasing energy demand is a serious problem for our GdietyDcreasing shortage of
energy sources is a serious problem for our gciety

The PrototypeWillingness modehssumes that individuals have clear social imagea pérson
their age who engag®in a give activity. The degree of likingi(e., prototype favairability) and the
degree of similarity to oneself.€., prototype similarity) determinesne'swillingnessto engage in
that particularactivity (Gerrard etal., 20082 AOPT 1T AAT 6O xAOA AOEAA OOI
saves energy by lowering the temperature se@in ET x ET OA 08 8
- Prototype favourability (abbr.. PROT_FAV) Respondents were asked to rate the
favourabilityof the energy-saver personan a 5point scale (1 = not at all to 5 = totall)ging
five adjectivesconscious, progressive, smart, greesponsiblgVan Gool et al., 2015)
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- Prototype similarity (abbr.: PROT_SIMyvas assessed with fouems (Elliott et al., 2017)
on a fivepoint scale. An example of thimonstruc6 O  EEGDb iy@D resemble the typical
persorwho saves energy bywering theemperature setting iwinter®d(1 = no to 5 = yes).

- Willingness (abbr.: WILL)was measuredy asking respondes to specify how frequently
they performfour specific actiongFrater et al., 2017n a 5point Likert scale from 1 =
Extremelyunlikely to5 = Extremely likely3 E O O A Yol lowebtte tethperature setting in
all unused rooms when you are at home afb dgyu [Bwer the temperature setting when you
leave hom& Wou Keep the doors closed to prevent head I#ssi Go tesleep and you lower
the temperature settiniy 8

Finally, snce previous research hasstablishedthe relation between attitudeand energy-saving
on the one hand, and financial concefikaiin et al., 2014)loss of comfort(Wang et al., 2014)
energy knowledggHan & Cudjoe, 2020; Wang et al., 20a4)l environmental concer(Karlin et
al., 2014, Taufique & Vaithianathan, 2008)the other, thefollowing variables were also included.

- Financial concern(abbr.: FIN._CONCERNChen et al., 2018g.,0) DPAU AOOAT QEI
OAOET ¢ OEDPO OI OAAOAA iu Al AAOOEAEOU AEIT O
- Loss of comfort(abbr.: LOSS_COMFORT(Abrahamse, 2008utterlin, B., Brunner, T. A.,
& Siegrist, M, 2001e.g.,.0 %1 AOCU Aniedn®lhavOtd EA GO AT | £ OOAAI
- Energy knowledge (abbr.: ENERGY_AWARKDianshu et al., 2010; Wang et al., 2014)
eg.,0) ETTOADERQCUAOEI AO xAl 14868
- Environmental concern(abbr.: ENV_CONCERNK:ilbourne & Pickett, 2008)e.g.,Oam
very concernedbout the environmeit 8

Each of these variables consisted of three items wagmeasured on &-point Likert scale ranging
from 1 = strongly disagree to 5 = strongly agree.

2.2.4. Energy montoring and control platforms

A fourth module explored the potential of energy platforms that provide reéime energy
monitoring but alsocontrol ard automate energy flowsThis moduleconsisted ofthe following
two question blocks

- The first question assessed the interestseventypes ofenergy data depending ondata
accuracy. Fie energy datdypesranged from@OA OACA 111 OEI U AfmBdOCU
OOACA 1T £ | Allnderedt bail itobbd indicdted ®n apwint Likert sale ranging
from 1 =None at all to 5 = A great deal.

- The second question evaluateghether peoplewere willingto share these energy data
types withsixparticular parties: family member neighbourhood, energy provider, energy
distributor, third partiesand the government.
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2.2.5. Socicdemographic indicators

A fifth and last moduleincluded sociedemographic indicatorsuch asgender, age, household
type, household oemposition, educational attainment, career status, and incamklore
specifically:

Gender To indicate gender, participants were asked totrstate what their gender is on their
national ID or passport.

Incomelncomewas presented as 15 categorical options, ranging from b&b04 per month QY @& X
-QX ® DD R-QANX e apts dbavEr000. Two more optionslo answedand® AT T dw@s ET 1T x
also providedIt wasexplicated thatincomedenotes thetotal net householdncome in 2020.

Education The moduledistinguished between seven ordinal categorical levégine, Primary
education, Lower secondary education, Upper secondary education, Bachelor's or equivalent level,
Master's or equivalent level, Doctoral or equivalével

A complete overview of all demographic factors can be found in our sunvéynex VI

2.3.1. Recruitment of participants

concrete survey dissemination stratedlyat involveddifferent external stakeholderdyoth private
and public. Cittadinanzattivawere the primarily responsible to plan and carry out this strategy

In particular contacts were made with number of civic and consumer organizati@tsoss Europe

that have shown interest in the issues of sustainability and gpetransition and theoverall
purpose ofthe Nudgeproject such aghe Croatian Association for Consumer ProtectidfifZP-
Croatia), the Center for education and informing consumeCElP- Croatia), the association
InfoCons (Romania), the Union of Worgi@onsumers of GreecBEEKE Greece), the Association

of Consumers Organizations in Slovakia (Slovakia), the association Talented Bdrderns), the
Confederation of Consumers and Users (Spain), IFOK (Germany), the National Association Saugok
Save (Lihuania), Lithuanian Consumer Associatifiithuania) Indecosa (France), the Consumers
Association of Malta (Malta), Association for Consumer Rights (Malta), Consumur (Spain): Social
Mentes Canarias (Spaithe3 1 1T OAT A #1 1 00| (APSLovehig) ONWE EACDEUDb 1
from the University of SofiagBulgaria),and the European Consumer Union through its member
organizations.These associations were actively involved in raising awareness about the survey and
disseminating the link to the online location of the survey through newsletters, their Web and social
media pages, and emails to their members.

These associations, in collaboration with the Consortium partners, had the primary role in
translating the surveyin their nativelanguage As a result, lte surveywasavailable online in the
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following languages: English, Dutch, French, Italian, Portuguese, Croatian, Greek, German,
Lithuanian, Latvian, Romanian, Slovenian, Slov@ganish and Bulgarian

Furthermore national consumer bodies accredited by the Bldre requestedto disseminatethe
survey through their website and constituencied'he European Consumer Centefrdom the
Netherlands, Bulgaria, Poland, and Spain have positively embraced our initiative @stddothe
link to the survey in their social media and newsletters.

The project partnergot in drect contact with different consortia of European projects in which

they have been involved in the past @restill actively participating. Some of the partners of these
consortia have supported the NUDGE project by filling in the survey and/or disseminating the
survey via their social media platformkikewise the 50 associations that support thater-

)T OOEOOOEI T Al :AQIEOR A3 ' @1 EiGéraidontidtedBoGhisni A OET 1
Moreover,the projecthas established different media partnersisipt international,regional, and

national level. The media partners includéne Innovation PlatfornSyncSci Publishingnd the

Italian online magazineCanale EnergiaSimilarly, the international nofor-profit ecolabel for

energy EKOenergy provided its support via its social media channels

In Annex Vof this deliverablene list some of the promotioal material we used for dissemating
the survey.

2.3.2. Final sample of participants and preliminary sedemographic analysis

Originally, 7089 people opened tiveebpage of thesurvey, but throughout the processa portion

of them droppedout: 954 (13.46%Yespondentsdropped out after reading the introductioand
536(8.74%)after readingthe privacy statement Another 689dropped out after thethird module
consisting of attitudinal, motivational and behavioural construtiscause theyalselyanswerel

one or bothcontrol questions Additionally, the Flemish survey applied recruitment quota of age,
gender and edcational degree in order to strive for a representative sample of the Flemish
population, and contained two control questions to warrant data quality. 1298 Flemish people
started the survey but matched with quota that were already fulfilled. Hence, thesewot able

01 DOl AAAA O OEA 1TA@0O OEIT O00a tqal, BEFANGMAALEA OE O
completed the survey.
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Attrition analysis = 7089- 3129)
Opened survey 7089
Read privacy statement mgigS e 954
Started block 'Housing characteristic NS oo 536

Quota control and/or filter questions; gender, age, 0 g r e e 0 1298

Started block 'Energy saving behaviongsonm e /| 0
Started block 'Psychological statement s ] 80
Started block 'Potential of future technologieSHgIo0mEEE T 689
Started block 'Socio-demographic gl )
Completed survey mgiig
Quality assessment g2 —] /

0 1000 2000 3000 4000 5000 6000 7000

m Successfully passed ' Delta

Figure2: Decrease of respondent participatiothroughout survey

Our datacleaning resulted in a final sample of n=91®&e subsequently refer to it as sample. Below
we disauss these removals in more detadnly people between 18 and 100 years (6 peopbee
removed and Europeans (15 respondents from outside Eurape,India, South Africa, Kuwalit,
Turkey, etc.were removed were retained.To warrant data quality, respondents who have
carelessly filled out multiple questions throughout the survey have been flagged (i.e., living surface
outside range of [15;1000], zeroastdard deviation for 3 attitudinal constructs and all saving
behaviours, survey completion time of less than 300 sec, test responses). Consequently, 44
respondents with 4 or more flags have not been considered in data anal@sg<f those 3129
respondens, 1321 (48.6%) participants are female, 1592(50.9%) male, with 16 (0.%6) people
stating that their gendemwas neither female or malén independent sampletstest revealed that
men(M = 53.355D = 16.)@&resignificanty older than womeni =47.34, SD = 15.2f)our sample
(t(3140) =10.727p = .000)Thisis also visiblén the figure below.
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Gender and age distribution (n=3129)
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Figure3: Gender per age group

Some groups in relation to agegender, andeducational attainment are slightly over or
underrepresentedHowever,we decided to not use weighted datsince the purpose of this report
isto presentresults from inferential statistics (and far less descriptive statiste®)no consensus

exists about this topic in academic literatuf@elman, 2007; Kott, 2007; Winship & Radbill, 1994)

We use odds ratio thresholds of 1.5 and 0.5 respectively,to declare agroup over or
underrepresentedin asample from a specific countryVith respect togender representatia, we
see an overrepresentin of females inthe Bulgarian, Spanish Croatian, and Latviam samples
whereas nales are overrepresented the Dutch sampleWith regard to age, rgpondentsin the
ageinterval20-39areoverrepresented ithe Bulgarian, German, Grele French, Croatian, Latvian,
and Portugiese samplesRespondentsof the Bulgarian and the Italian sampleshave higher
educaiton (from upper secondary education to doctoral level, ISCBP&mpared tatheir national
populations whereagpeople who havettained lower levels of educatiofup to lower secondary
education, ISCED@Q)are overrepresented ithe German, Greek, Spanish, Latvian, Lithuanian, and
Portuguese samples

After data cleaning participants from29 different Europeancountries remain Giventhe small
sample sizes in some countries (i.e.: AustFimland), we recategorized our sample according to
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the United Nations Geographical Schefavith the exception of Malta,which wasadded to
Southern Europe. We discuse more detaithe differences between geographregions in section
3.4

Table 1: Assignment of countries to geographic region

Country Code Eastern Europe N = 235

BG 31 (13%)

PL 3 (1.3%)

RO 117 (50%)

UK 4 (2.7%)

NO 3 (2.0%)

Fi 2 (1.4%)

IE 1 (0.7%)

ES 46 (4.1%)

GR 234 (21%)

HR 180 (16%)

PT 156 (14%)

XK 1 (<0.1%)

FR 74 (4.4%)

NL 299 (18%)

BE 1,136 (68%)

LU 1 (<0.1%)

3https://unstats.un.org/unsd/methodology/m49/
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Figure4: Proportion of respondents fromcountries inNorthern Europe(left) and Southen Europeg(right) in our
sample

cz
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BA -

Figure5: Proportion of respondents from Eastern Europe (left) and Western Europe (rigbtintriesin our sample
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Figure6: Participants per countryof residencen our sample
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Figure7: Native language distribution in our sample
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3.1.Housing characteristics

Threeout of four peoplein our sampleown theirhouse or apartmen{76.5%), oneut of five are
rentersand theremaining 3%ives in a fregesidence Two out of five peoplein our samplélive in
an apartment (41.5%)We also considereanaisonettes, student dormitories, porched houses,
guadrant houss, panel building, and boarding houss, as mentioned inthe open text-box
answersto be part of the@partmenticategory.Almostone third(31.1%)ives in a detached house
(also bungalows, cottagesind farmhouses. The remaining families live irerraced houses (also
townhouses) (14.3%) arsemidetached houses (also duplex)2(5%)More than one third (36%)
indicatesthat their house has not been renovated (as far as tamaware of).

No exact year
Yes, before 2005

Between 2005-2009

Count

Between 2015-2019

Major renovations from 2020

0 200 400 600 800 1000
Recency of renovations (n=3129)

Figure8: Recency ohousingrenovations among participantsn our sample

3.2.Energysavingbehaviourtypes

3.2.1. Heating and cooling

The firstset of energysaving behaviowsis related to heating and cooling. The most common
energy saving behaviour @osing the windows when heati(®y. 246 state Oftend@lwaysj. Since
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many families do not have air-conditioning installed, a percentage 0f65.3% mentioned that
turning the heating of while air-conditioning is on, isnot applicable.Based on the share of
participants who answexd Not applicableper question, wearing more clothes is the most
accessible behaviour in this category, nonetheldéss, the second least undertaken behaviour with
only 47.4% mentiomg that they ©ftend@&lwaywvear more clothes if it feels cold inside.

Saving behaviour relating to heating and cooling

Turning heating off while Not applicable
airconditioning is on Never (before)
Rarely
Closing windows when heating is on Sometimes
Often

Keeping the doors closed to unheated Always

areas in winter

Closing curtains and/or blinds to
prevent heat loss in winter and heat
gain in summer

Wearing more clothes instead of
turning the heating up

Lowering daytime/nighttime
thermostat setting

Turning off heating when absent

Turning down temperature in unused
rooms

80% 60% 40% 20% 0% 20% 40% 60% 80% 100%
Percentage of Responses

Figure9: Energysaving behavioumwith respectto heating and cooking

3.2.2. Hot water usage

The secondset of energysaving behaviours relates thot water usage in the bathroom. In
comparison to heating and aling saving behaviours, monariation can be noticedmong these
hot water savingoehaviours It appears thait is not the frequencyput rather the duration of hot
water saving behaviourthat isadjusted, i.e. hot leaving thewvater ruming, taking shorter showers
(respectively 70.1% andls.6% often/always)Across all categories,gople are least inclined to
reduce their number of showe(§5% never/rarely), which indicates that the majority is not willing
to give up comforiand personal hygiento save energyA percentageof 80.3% prefersndicated
preferring showeringoften or alwaysto bathing, however we cannotleduce from this question if
people only have a shower or badlshower and a bath. Moreover, taking a bath vs showering could
also be related to personal preference, above and beyond any conservation motives.
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Saving behaviour relating to water use

Reducing hot water temperature Not applicable
in thermostat settings -- Never (before)

i Rarely
Reducing the number of Sometimes
baths/showers per week -. = Often

. . ! - Always
Turning off tap when soaping -
up/cleaning teeth -
Preferring a shower over bathing -_
Reducing showering time --

70% 60% 50% 40% 30% 20% 10% 0% 10% 20% 30% 40% 50% 60% 70% 80% 90%
Percentage of Responses

FigurelQO: Energy-savingbehaviourrelatedto the use ofhot water

3.2.3. Kitchen activities

Approximately 28%of respondentsindicate not having a dishwasheifhe ones whohave a
dishwashemore oftenfully loadthe dishwasherMedian= 4)than usng the energysaving mode
(Median= 3)(Wilcoxon signedrank test,Z =-17,004, p = .000The most frequent energgaving
action performed in the kitchen is covering cooking pots (81.6% often/alwayls¢reasusing the
energy saving program of the dishwasher occurs least of{g®.4%often/always) Nonetheless,
this result should be nuanced, given the large share of persons who indicategpplicabléor this
option.
Saving behaviour in the kitchen
e S I —

Cooking with pots covered -——
Only using dishwasher when fully loaded I-_
Turning off tap when washing dishes -_—
e L. NN

i Never (before)

Defrosting of freezer to remove icing _-- Rarely

S . s Sometimes
Optimizing temperature set point of

i

|

cold appliances, such as refrigerator --- mmm Often

and freezer to prevent freezing of | mm Always
interior of the appliance I

40% 30% 20% 10% 0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Percentage of Responses

Figurell Energysaving behaviourin the kitchen
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3.2.4. Use of appliances

The last category examindgbe energy saving use of applianceswhich represents the category
of extremes the most frequenty DA O Al O AA A O A AMatkiGs acel parOof tAi® B 1 E
category. 66%of respondentsandicate not having Pyanels and 90.9%f respondentsstate not
havingeither PV panel®ran electric vehicle. I5o, but to a lesser extent, almost half of the sample
does notpossess a tumble ger (48.1% not applicablefonversely, turning i the lights is the
most common behaviour across all categorigih 91.5% indicatinghat they ©ften up to alway
perform this action Turning offunnecessary appliances, suchuagpluggingsettop boxesandnot
overcharging devicesare not commolty occurring emrgy-saving behavioursAlmost a third of
respondentsrarely or never perform thiaction (31.5%)Except for theprevious actionsthereisa
higher degree of similarity among theemaining energy-saving actios: switching off TV, and
loading and@cod mode ofwashing machine These actions are prevalent among the majority of
our sample with frequencids Ate@alwayd O O A Qdlyindfior®&3% up t082%

Saving behaviour related to the general use of appliances

Switching on electric devices when Not applicable
sun is shining as PV production is high Never (before)
Charging my electric vehicle when Rarely‘
sun is shining as PV production Sometimes
is high Often

Only using washing machine when Always

fully loaded

Frequently doing laundry at lower
temperature, i.e. 40°C instead of
60°C

Only using tumble drier when fully
loaded

Using a clothes line rather than a
tumble drier

Turning off all unnecessary
appliances completely when not
in use (not in stand-by)

Switch of the TV when no-one is
watching

Turning off lights when leaving a
room

100% 75% 50% 25% 0% 25% 50% 75% 100%
Percentage of Responses

Figurel2 Energysaving behaviour related to the general use of appliances

3.3.Interest insharingenergy data

People were asked to what extent they were interestegetting more insighsinto the way they
consume energyln generalpeople are mody interested in reatime energy usagevith 6 out of
10peopleindicating a lot oeven great interestln contrast people tend to be neutral towardfata
revealing theirdaily and occpancy of propertyand its activity(the 2'¥and 3¢ largestcategories)
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With regard to energy data sharinghree notabletendencies are apparenfhe majorityseems
unwilling to sharethe detailedenergydata, i.e.,on a daily to reatime basis Whereas42.5%feels

that monthly energydatais not shareable datdhis proportionincreaseso 44%for dailyand reat

time data. Furthermore people in our sample are more prone to share all types of energy data with
their family memberq67% reatime dataand for90.3% monthly data) Howeverpeople are less
willing to share detailed energy dataith all other entities On average, 88.1% of respondents

are willing to share monthly energy data with their neighbours, energy providers and
distributors, third parties, and the government. Additionally, peopleseem to have the most
diverse willingness$o sharetheir energydatawith their neighboursThe willingness to share real
time data with their neighbours decreases wialmost48% from monthly to reattime data.

To what extent are you interested to get more insight in the following energy consumption levels of your household?

None at all
Average monthly energy usage - A little

A moderate amount
Aot

Daily property occupancy (patterns) = A great deal
Active occupancy (i.e., residents are awake or asleep) _-
Energy type (i.e., gas and electricity) _-
Purpose of energy usage (e.g., space heating, _-
hot water preparation)
(e.g., washing machine)
many appliances

50% 40% 30% 20% 10% 0% 10% 20% 30% 40% 50% 60% 70% 80%
Percentage of Responses

Figurel3 Interest inmore detailed information about household energy consumption

3.4.Regional differencesacrossEurope

We report some regional differencdsetweenthe four geographic regions of Europe. However,
these results arproducedas a matter of form, rather than drawing aapsoluteconclusionsgiven
the extremely limited sample size notably for Northern Europe,containing only n=148
participants, the vast majority of whom are Latvian (n=100) and Lithuanian (n¥36).thus
strongly caution against oveinterpretation of these results.

The Organisation for Economic Goperation and DevelopmenfOECD income ofhouseholds in
Northern Europen our samplds significantly lower tharthose in Southern and Westeitaurope
(H3,1207) = 58.06,<.000).However, this data is baseaimost exclusively on Latviaim= 34 M =
522.06 EURaNd Lithuanianii= 21 M= 767.22 EURphiseholdghat shared their average monthly
income and as a result is not at all reflectiveacfual Northern European levels of inconfeor
reference the OECD income of WesteEuropearcitizensin our samplas 1355EUR (=451).
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Figurel4: OECD adjusted income per regi¢outliers removed)

Respondents were askagherethey peA AE OA OEAT OAT OAO 11 AstepdAl T OA
rangingfrom (1)not energyonscioust all (and having relativelirigh energy bills) td9)very energy
consciougandhaving relatively lowenergy bills).

A | i

Position on the conservation ladder
w

2 + +
1 + + ¢ +
Western Europe Northern Europe Southern Europe Eastern Europe

Region (n=3129)

Figurel5: Self-positioning on theenergy-conservation ladder per region
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Respondents from Northern Europe perceive themselves significantly less energy conscious
compared to the other European regiong(§,3112) = 19.08p@,= .00, seeFigurel15. This may

partly be explained by particular uses and behaviours that are common across regions. This finding
EO Al 01 ADPDPAOAT O lotwdr theetdmbdtailbe AditiAd irbwinter= ThOldwe<d intént

is measured in Northern Europ&i(= 2.89,SD = 1.10), which significantly differs from other
European regionsH3,3125) = 39.095,= .000). Nonetheless, we again emphasise that our total
northern European sample is modest, a mere 147 participants, and as such, we caution against
overinterpretation of these results.

Except for respondents from Northern Europe, gas is the most common heating source across
Europe (39.1% in Southern Europe, up to686.in Western Europe). Latvian and Lithuanian
respondents, who are almost exclusively populating the Northern Europe subsample, use more
frequently district heating (43.2%).

HOUSE_HEATING
Gas
Wood
District Heating
mmm FElectricity
mmm Pellets
Solar
80 Heat pump
Other
Fuel oil

100

60

Percentage

40

20

Eastern Europe Northern Europe Southern Europe Western Europe
Geographic Region

Figurel6: Use of leating technologies/meansacross thefour Europearregions

We furthermore note significant differences between the sedported estimates ofthe Energy
Performance Certificate (EP(Participants were asked to indicate og@ourgradient where they
felt their householdscored. Scores we normalised to range betweefl and 1 and subsequently
reversed so a higher score indicatetietter EPC rating (i.ebetter performance)As noted, this is
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a purely subjective rating and deviates from the formal E§@enthe slight national variations in
the implementation of the certificate.Overdl analysis of variance showed significant results
(H3,2704) = 31.3p<.001).

0.6

e
n

o
IS

o
o

Subjective Energy Performance Certificate (EPC) Rating
(=] o
S w

0.0
Western Europe Northern Europe Southern Europe Eastern Europe
Geographic Region

Figurel?. Regional differences ifcnergy Performance CertificateHPQ self-ratings
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A primary goal ofour surveyis to find attitudinal and behavioural predictors of intent to reduce
energy consumption focussing both on the very specific ainto reduce heating related
consumption [ intend to save energy by lowering the temperature setting in)aimtemore general
reductions of energy consuaption (I intend to save energy at hojnéds discussed earlier, our
attitudinal and behavioural predictorsere derived fronthree theoretical frameworks (TPB, VBN
and PWM)see sectiorD for a complete overview of hypothessd rationale for the use of these
framework).

Below, we will firstreview the reliability of our instrument, followed hyescriptive statistics. We
conclude with a summary of findings related to both intent to reduce heating related energy
consumption in general

When performing survey research, it is important to consider how consistent our participants
answered related questions of a particular construct (i.e.: Willingness). To do so, we performed
#O01T 1T AAAESO 4| ATATUOGEO 1T £ All AalleGd e padiiCularE T 1
AT 1T OOOOAO OEI Ol A AA EEGCEAO OEAT ®8¢8 #0171 AAI
theoretical models and all remaining variables were satisfactory, with the lowest value of .77 for
Willingness, well above the customary7Ghreshold. In table 2 the results of the reliability analysis

are presented per construct

Table2zaT T AAAE | OAIl OA@edingurfebréssioh mdd@ OO OA OO

Model construct Cronbachvalue
Specificintent (INT_SPEC) 0,90
Subjective norm (SN) 0,83
Attitude (ATT) 0,91
Perceivedbehaviouralbontrol (PBC) 0,82
Prototype favourability(PROT_FAV) 0,92
Prototype similarity (PROT_SIM) 0,95
WillingnesWILL) 0,77
Financialconcern(FIN_CONCERN) 0,80
Lossof comfort (LOSS_COMF) 0,90
Energyknowledge(ENERGY_AWARE) 0,94
Environmentalconcern(ENV_CONCERN) 0,82
Awarenessof consequence$CONSEQ_AWARE) 0,78
Ascribing responsihlity (ASCR_RESP) 0,93
Moral norm (PN) 0,80
Generalintent (INT_GEN) 0,84
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4.2.Correlations

Our correlation matrixshows significanpositivecorrelationsbetweenall measured constructs,
with the exception othe Loss of comfontariable which isnegativdy correlated with all other
variables

PREVBEH
INT_GEN  0.24
INT_SPEC
ATT
PBC

0.6

SN
0.4

PROT_FAV
PROT_SIM A H L . 0.52 0.56 —02
WILL 026 0.16 032 028 023 03
ENV_CONCERN 021 |05 33 026 028 0.18 - 00
FIN_CONCERN 0.26 :in 0. b 0.19 022 0.29 0.26

--02

ENERGY_AWARE ©0.17 0.28 021 028 0.18 0.19 024 033 0.17 0.34

LOSS_COMF -0.095-0.27 -0.31 -0.27 -0.14 -0.21 -0.24 -0.32 -0.I13 -0.34 -0.25 -0.17

CONSEQ_AWARE 021 031 029 03 0.22 023 031 0.17 &N 0.34 0.27 -0.19

ASCR_RESP 02 031 027 025 022 0.22 032 0.29 0.08 [UELE 0.24 0.24 -0.19 |

PERS_NORM | 0.3 “0EiE il vl 0.29 0.32 JUEXIOEES 0.19 UK DS 0.34 -0.31 kY]

Z
@

ATT
PBC
WILL

PREVBEH
INT_GEN
INT_SPEC

PROT_FAV
PROT_SIM
v_CONCERN
LOSS_COMF
ASCR_RESP
PERS_NORM

N_CONCERN

RGY_AWARE

ISEQ_AWARE

Figurel8: Visualised correlation matrix

4.3.Predicting intent to reduce energy consumption

We presentwo series of linear regression analysis, both related toateesumption of energyAs

noted earlier, we first examine the specific intent to reduce energy use related to heating, while in
our second series of models we exammore general intentOur conplete regressionmodelsfor

both our outcome variablesan be foundn page86. Table12 details specific intent while Table
13looks atgeneral intent In both cases, we first present our so@demographic variables (model

la and 2a). This is followed by our three theory of planned behaviour variables (model 1b)and 2b
The third model in the series examines our remaining attitudinal variables (modellc and model 2c).
Finally, we present the complete analysis, containing all variables (model 1d and 2d). We limit our
discussion here to the results in our final models @wlold and 2d).
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More specifically,we report the statistical significance for all relationships (p) taking .05 as
threshold of significant. Furthermore, we report B, which denotes the strength of the relationship
between our measured ariable (i.e.: attitude) and our outcome (i.e.specific intent while
controlling for all the others variables in our model. A complete overview of statistical
abbreviationscan be found on pag@9.

4.3.1. Gender inclusivity

As discussed earlier, we asked our participants to indicate their gender using the following
guestion: What is your gender, as indicated on your national ID or pasSpors2mple contained
n=1521 females, n=1592 males, while 16 persons indiciteetd The very small number of people
indicating ©ther8at first precludes their inclusion in our regression analydisthe same time, we
are aiming for an inclusive approa so that these respondents can further me included in the
analysis. We therefore tested for differences in the respesbased on genderUsing a one way
analysis of variance test, we find that gender is not associated sg#tific intent (p=0.076), bat
significant difference between men and women for general intent (p=.08)further assess the
impact of gender, we included it ascategorical predictor (and with removal of our 16 participants
who indicated®therd in both our models for spefic and general intentWe find no statistically
significant result once other factors are taken into consideratiGiven this, we hee elected to
includeour 16 paticipants who indicate@®thedwhile subsequently not using gender apradictor

of intentto ensuregender inclusivity

4.0
3.5
3.0
25

2.0

Specific Intent
General Intent

0.5

0.0
Male Female Other Male Female Other
Gender Gender

a) Specific Intent b) General Intent

Figure1od ' AT AAOS8O AOOT AEAOEIT xEOE ODPAAEAEA Al
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4.3.2. Specific Intent

Our first analysis concerngredicting specific intent, which relates to reductions of energy use
related to heatingduring the winter We find strong and significant assations between all three
main variablesof Theory of Planned BehavioyAttitude, Perceived Behavioural Contraind
SubjectiveNorms) and our main outcome variablgpecific intent We report the coefficient (B)

and the statistical significance (p)Attitude (B=0.14 p<0.001), Percéeed Behavioural Control
(B=0.47, p<0.001) and Social Norms@R28, p<0001)were all significantly associated with intent.

Of our remaining variables, financial concern is positively associated with specific intent (B=0.10,
p<0.001), whereas both loss of comfort (B0, p<0.001) and energy related knowledge-(B35,
p<0.001) are negatively associated.

These results can be seenkigure20 and Figure21 However, these results only show the direct
correlations between for exanple, Pereived Behavioural Control and Intent, without
consideration ofany othervariables (as is the caser our complete regression)As a result, the
strength of the associatiofor even its direction) can change once all other variables are taken in
account.This can be seen fanergy related knowledgewith a slight negative association in our
overall model, while having a positive association when seen in isolation with intent.

egional effects, while present, are muted, only Western Europe expressing significantly lower
impact when compared to our reference category, Eastern Europed(B2, p<0.05). Similarly, age
appears to have a very modest impact (B=0.01, p<0.001). In total, reapenand degree explain a
mere 4% of variance.
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Figure20: Attitude, Perceived Behavioural Control an8ubjectiveNorm and their relationship with Specific Intent
to reduce energy consumption related to heating
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Figure22 Regional differences in intent to reduce energy consumption

Of our remaining variablegsinancialConcernis positively associated with specific intent, while
both Loss of Comfort and Energy-related Knowledge are negatively associatedThe overal
variance explained by our modeld2%.

4.3.3. General Intent

Our second series of analysis examined which factors predict general intent to reshergy
consumption.As expected, the more general phrasing of our outcome variable results in a large
reduction of explained variance, from 62% for specific intenB484for general intent.
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Figure24: Impact of Energy knowledge,Lossof comfort and Financial concernconstructson Generalintent to
reduce energy consumption

On their own, our demographic variables explain 9% of variance ifmpact of age is modest (B=

0.01, 0.001) busignificant, while Northern Europe (B6.11, p<0.001) and Western Europe{B=
0.22, p<0.001) both have lower general intent when compared to Eastern Europe, our reference
category. Attitude has a very modest but statistically significant negatmpact (B=0.02, p<0.05),

while Perceived Behavioural Control (B=0.11, p<0.001) and Social Norms (B=0.06, p<0.001) are
both positivelyassocdated with general intent.

Beyond this, Financial Concern(B=0.20, p<0.001) Energy knowledge(B=0.05, p<0.001
Environmental concerB=0.14, p<0.001andPersonalNorms(B=0.06, p<0.001are all positively
associated withGeneral Intent, while Loss of Comfort (B=0.07, p= <0.00lhas a negative
association.As before, Figure 23 and Figure 24 display the simple correlations betweerior
example Energy Awarenessand Generallntent, not taking into account other variables.

4.3.4. Conclusios

To conclude, we reflect on some of our resultshe survey, most notably our efforts to assess the
intent reduce consumption. As suggested bggression we find strong support for perceived
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behavioural control, social norms and attitudes towarelsergy-savingas predictors of intent to
reduce heatingelated energy consumption.

For perceived behavioural control in particular, this points towards providing consumers with
practical ways through which consumption might be reduced. The importance of subjective norms
additionally suggests that emphasisinghat others think of lowering the temperature is an
important lever to nudge consumers to reduce less. Existing attitudes, by contrast, also has an
important role in shaping intent, but is somewhat lower in importance. Nonetheless, it remains an
important tool, suggesting that educational campaigns on energy consumption can have a positive
outcome.

Financial savings, while significant also has a role to play, but as seen in our regression, has a muted
impact when compared to perceived behavioural comtand subjective norms. In addition, the fear

of losing comfort has a negative association with intent, but should similarly be viewed within the
context of our remaining variables.

As expected, our explained variance for general intent to save energy liewar than our more
specific question®62% vs 34%)Additionally, our central variables within TPB do not accurately
capture the intended behaviour (i.e.: heating vs generally consumption). Given this; over
interpretation of our results should be avoidedHlowever, we still find support for perceived
behavioural control and social norms, strengthening the suggestion that what close family and
friends think about consumption isnportant, while practical ways through which energy might be
saved should also play a role in any efforts to reduce consumption.

The impact of loss of comfort remains broadly similar, while do find a stronger effect for energy
knowledge, which aligns with the elgar findings that perceived behavioural control is an important
predictor.
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The main objective othe data analysispresented in this sectiors to identify groups of energy
consumers with distinct characteristics that facilitate the selectiotedbredinterventions To this
end, we have experimented with two different approaches.

The firstapproachisbased orclustering.Clustering (or cluster analysis) is a common technique for
statistical data analysis that aims to organize a set of objects into a number of groups (clusters).
Each object (here: energy consumer) is described by a number of features (here:
variables/constucts such as those described in sections 2 and 3) and the goal of clustering is to
group them so that objects in the same cluster are more similar to each other, according to some
criteria, than to objects in other clusters. Cluster analysis provideshaamalytical framework
highly differentiated by the techniques used to select the features describing the objects, the
criteria used to assess the similarity of objects and the quality (fithess) of a particular clustering
structure as well as the algorithsrthat carry out the actual clustering task.

The second approach consists in a priori speaifon of classes of users as logical conjunctions of
conditions that the energy consumer variables should satisfy. Each energy consumer can then be
separately dssified into one or more of these energgnsumer classes.

The main advantage of the first approach is that it provides a solid analytical framework and that
we can leverage a rich arsenal of techniques to come up with clustering structures. On the other
hand, these structures need to be subsequently analysed and it cannot be taken for granted that
they will be highly informative regarding interventions that are appropriate for each cluster. On the
contrary, with the a priori specification of classes, wancfully take into account the set of
interventions at hand and specify classes in ways that the mapping of interventions is
straightforward. Nevertheless, the overall process is not automated as clustering is and we cannot
take for granted that all energgonsumers will be covered by one of those classes.

These points will become more obvious in what follows, as we describe the two approaches in more
detail and look into their outcomes. For the time being, here are some methodological choices that
are comnon across the two user segmentation approaches:

- The reference set of features consists of the 15 enerdgted psychesocial variables
(constructs) measured in the survey (sections 2233L4). Sociedemographic variables are
used in a second step, to sieribe the identified clusters. This choice is in line with reported
experience in literature (Rossiter and Persy, 1987), (Suetterlin et al, 2011).

- The score of each object in a given feature/construct is computed as the average of her
scores to the set dfems measuring the construct. All 15 features are ordinal, with individual
NOAOOET T EOAI(-midt LikeA scaldso Gat thé avekageYscores over all items
pertaining to a specific construct take a finite set of macessarily integer valuen [1,5]-
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the single exception is the ATT construct with items measuring on tpeiiit Likert scale
so that the average score over all its items ranges in [1,7].

- The sample of survey responses we consider for our analysis consists of the 3129 objects
(i.e., energy consumers) that survived the initial filtering of survey responses (ref. section
2.5).

Figure 25 showsthe histograms of the normalized soes achieved by all 3129 objects in all 15
features. Normalized score @ (zero)corresponds to 1 in the Likert scale, while normalized score

of 1 corresponds to 5 in the Likert scale (7 in the case of the ATT variable). These plots provide a
first clearindication that there is significant differentiation across the responses of the survey
participants. The intensity of differentiation is not identical for all constructs: for example, the
responses demonstrate high concentration at the high scores (er3hé Environmental Concern,
Awareness of Consequences and Financial Concern varjdhlethey are more uniformly spread

for the Prototype Similarity and the Loss of Comfort variables.
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0 0 0 0 0
0 0.5 1 0 0.5 1 0 0.5 1 0 0.5 1 0 0.5 1
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1000 1000 1000 = 1000 1000
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LOSS COMF PBC ASCR RESP PERS NORM PROT FAV
1000 1000 2000 1000 2000

0 0 0 0 0
0 0.5 1 0 0.5 1 0 0.5 1 0 0.5 1 0 0.5 1
PROT SIM SN WILL INT SPEC INT GEN

Figure25 Distribution of average scores in the 15 features subsequently used for the segmentation analysis of
energy consumers. The-axis values mark normalized scores in [0,1], while theaxis counts number of objects
(i.e., energy consumers)

It is the task of the analysis that follows to figure out whether there is some useful structure in the
way these features vary across usaswhether this variance is completely random
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5.2.Segmentation of energy consumers with clustering techniques

The goal of clustering in this study is to identify groups of energy consumers who share similar
psychasocial characteristics (e.g., concerns about environmental and/or financial aspects of
energy-saving, vulnerability to social pressure, presence or absence of certain values and beliefs),
as these are described in sections-2.4. The existence of groupsith distinct characteristics
would enable addressing them with targeted interventions.

Our clustering analysis has progressed along three main phasedepicted ifrigure26:

- Data pre-processing involving the imputation of missing values in the dataset, the
normalization of features and a first check on their clusterahility

- Clustering algorithm selection and parameterization including the selectioof features
that are input to the algorithm, the number of clusters when this is input to the algorithm
andmetrics for assessing the (dis)similarity between two objects or clusters

- Experimentation, involving the actual derivation of clusters atgbir analysis

. Clustering algorithm
Data Preprocessing selection and Experimentation and clustering analysis
parameterization

Clustering
algorithm Clustering performance
Missing values
: : —
imputation Fitness Informativity Balance
- J
Number of
clusters
Features
. . —eeeeee
normalization
—
Feature
selection / ) :
transformation Experiments - Analysis
Assessment of
data |
clusterability
—
Similarity
metrics
(distance)
—

Figure26: The three phases obur clustering analysis and the tasks involved in each of them.
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5.2.1. Datapre-processing

The data preprocessing phase includes a number of steps applied to the initial dataset befere th
clustering algorithms executed

Imputation of missing value# few of the 3129 records of survey responses that survived
the filtering steps in section 2.1, 0.99% or 31 records, contained unanswered questions in at
least one of the 15 variables of emést for the clustering study, resulting in missing values.

In order to proceed with the clustering approathe imputation of these valuewas carried

out. The knearest neighbours imputation algorithns used to this end: for each missing
value in a record, the 10 nearest neighbours with a-nossing value in the unanswered
item/feature are identified based on the Euclidean distance and the missing value is set to
the weighted average of those 10 valueshere weights are assigned inversely
proportionally to the distance between each neighbour and the record at hand.

Normalization The features of the dataset were transformed so that they are in the same
scale. In particular, we applied the Milax normaization method to map each feature
score on the [0,1] scale.df is the scoreof recordu on featuref, the normalized score is

given by
w | Eb

Qo AG

At this first phase, wéave also carried out a clustering tendency analysis on the 8133ataset
(CGross & Jain, 1982The goal of this analysis is to check whether the dataset indeed possesses a
non-random structure that can yield meaningful clusters. Such analysis is deemed useful because
clustering algorithms tend to produce clustering structuresen when the dataset does not
possess one and this typically results in random clusters without much value.

The( | D Edfalisticis anestablishedand powerful statistic for measuring the clustering tendency
of a datasefHopkins & Skellam, 1954lts computation for our dataset proceeded as follows:

A random sample of m data points wafiosen, with m ranging, as prescribed, within
[1/10,1/20] of the dataset size, and their distances to their nearest neigishd i p&y }
were computed (we discuss distance metrics later in sedi@m.4)

A second set of m uniformigistributed points was generated and their distanceg)i(
p&& } to their nearest neighbuors in our datasetverecomputed.

The statistic H was then computed as

O

B w
B o B
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The Hopkins statistic lies in the range @, Uniformly distributed data have a Hopkins statistic
value around 0.5 since and w tend to assume similar values. On the contrary, when data is
clustered, the values ab are typically much smaller thatd, pushing the Hopkins statistic value
closer to 1. Hence, the higher the value of the Hopkins statistthie stronger the indtationwe
havefor a clear clustering structure in the dataset.

We computed the statistic H multiple times, with different sets of dataset points and randomly
generated sets of size m, to increase the confidence in its value. We also applied the statistic
only to the full set of 15 features but also to particular subsets of features; in particular, to all 455
subsets of 3 features, 1365 subsets of 4 features and 3003 subsets of 5 fdateaeb. case, the

test was repeated for 100 times with samplees ranging from 1/20 to 1/10 of the full dataset.
Table5.1reports intervals of the average values the statistic assumes over the 100 runs in the case
of 3, 4 and 5 features.

Table3: Range of variation ofHopkins statisticvaluesover all possible feature sets of siZ& 4, 5and 15.

Feature set size 15 5 4 3
Hopkins statistic 0.678 0.650.79 0.720.0.86 0.8-0.94
value range

The main remarks out of Tablg presentingthe combinations with top Hopkinstatistic scores,
are:

- The value of the statistic increases as fewer features are retained to characterize the users,
pointing to tighter clusters.

- For a fixed number of features, the value of the statistic varies significantly depending on
which features are selected/retained for clustering. This is leveraged when using the
Hopkins statistic for feature selection purposes (see secti@Bx2.1).

- The statistic assumes smaller values when more dimensions are considered but even for the
full set of 15 feaires thevalue 0f0.678 is significant.

| OAOAT 1T h OEA OAOGO OOCCAOOO OEAO OEAOA EO bpi OA
the feature space is reduced down téb3eatures. This is pursued later in sectiod 3.2 1with the
feature selection process.

5.2.2. Clustering algorithm selection and parameterization

In this second phaseve studied the following issues in the context of the clustering procedure:

The optimal number of clusters is initiplunknown and several executions of the algorithm may
take place to determine the optimal choice. The number of clusters, when it constituted input to
the clustering algorithm, ranged from 2 to 6 throughout our experimentation
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Feature selection and feature transformation are two methods that determine the actual subset of
existing features (in case of feature selection) or new features (in case of feature transformation)
that the clustering algorithm work with.

The feature selection process, in particular, was carried out in three different ways, which take into
account the set of interventions to different extent:

- Standard/interventiorunaware At one extreme, the feature selection did rextcount at all
for the interventions at hand and proceeded all the way to select the most promising
features through the use of standard techniques such as the Hopkins statistic that do not
account for the interventions at hand (we described the Hopkiasistic earlier a measure
of clustering tendency in 3.1.1,andlater we will discuss its use for feature selection).

- Interventiondriven:At the other extreme, the feature selection algorithm was completely
bypassed and the set of features for clusterivgs chosen according to how informative
they can be for selecting interventions. For exam@abjectiveNorm (SN) is a feature that
can identify energy consumers possibly responding to interventions leveraging social
pressure; or, FIN_CONCERN may poiatusers who are more interested in monetary
incentives or should be targeted with retiine feedback on monetary implications of their
choices (e.g., every time they try to change their thermostat settings towards a higher
value).

- Interventionassisted:This was the intermediate case between the tvextremes, the
standard and the interventioraware feature selection. In this case, we first used the
OOAT AAOA AAAOOOA OAI AAOGETT bDHOI AAOGSO O1T AT I A
we considered their relvance to interventions as a secof&lel criterion to choose the
feature set to work with in clustering.

Feature transformation is an alternative to the feature selection process. The original features are
subject to dimensionality reduction using theiRcipal Component Analysis (PCA), which yssd

set of new features called Principal Components (PCs). The number of PCs that were input to the
clustering analysis was either as a fixeput parameter orit was determinechs the number of PCs

that couldexplain a certain percentage varexddtavariance. The total explained variance is the
sum of the explained varianedy each PCWhenvarexis used todetermine the number of PCs,

this is taken to behe minimum number needed such thatehtotal explained variance by those
PCsexceedsvarex (Lever et al, 2017).

We primarily worked with two popular clustering algorithms:

- k-means k-means is the most popular unsupervisegachine learning algorithmThe
parameterkindicates the number of clusters that will be formaddforms aninput of the
algorithm. Every observation is allocated to the nearest centroid, based on a distance
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metric, and the objective is to minimize the withitluster sum of squares distance
(variance). Given an initial allocation of cluster centroids, which can be either random or
driven by some criteria, an iterative process takes place, at each step of which the cluster
centroids are updated so that the objective function is minimized. The algorithm ends when
the cluster centroids have been stabilized.

- Agglomerative ierarchical clstering The objective imgglomerativehierarchical clustering
algorithms is to create a hierarchy of cluster®., the outcome of the algorithm ot just
oneclustering structue but ratherN different clustering structures with cluster sizanging
from 1 toN, whereN is the number of observationsThe number of clusters and the
corresponding clustering structure can then be choseposterioraccording todifferent
criteria that evaluate the fitness of the structureBhe algorithm proceds in a number of
sequential stepsin the beginning, each observation is viewed @ cluster(levetN
clustering structure)Then,the two most simar clusters are mergeidto a larger one giving
rise to the levelN-1) clustering structure consisting ™-1 clusters. The algorithm proceeds
with merging two existing clusters each step, thus reducing the number of cluster by one,
till all observations are merged into one big clustievel 1 clustering structure)

Distance or similarity measures are core components used by clustering algorithms to group similar
data points into the same clusters, while dissimilar data points are placed into different clusters.
The distance measures wese are the Euclidean and Manttan distances and the Cosine
Similarity.

Both Euclidean and Manhattan distances belong to the Minkowski family. The Minkowski distance
is defined as:

Q B w ws Th p
where m is a positive real number and x and y arewertors (observations) in the-dimensional
feature space andixy: their values in feature i. Then:

- TheManhattan distancés a special case of the Minkowski distance for m=1. This method is
very sensitive to outliers. The fact that the survey data ameao5point Likert scale (7 for
ATT), guarantees that there are no significant outliers, making it a proper choice.

- TheEuclidean distands a special case of the Minkowski distarioe m=2. Thetuclidean
distance is very popular for clustering. This methis less sensitive to outliers than the
Manhattan distance metric. One important characteristic is that the largesdled features
dominate the others. This is the reason why data scaling (normalization) was deemed
important during the data preprocessing phase.

- On the other hand, th&€osine&Similarity measure is defined as:
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wheredyé2 is the Euclidean norm of vectdr= @, ceh ~ @&)fefined as:

AVE ®w O E o
An obviousadvantage of Cosine Similarity is that it does not depend on the number of
features (length of vectod).

5.2.3. Experimentation and clustering analysis

Besides the extent to which the resulting clustering structure facilitates the identification of proper
behaviouralinterventions, we are also interested in the following aspects that characterize it:

Clusteing Fitness tAOOAOOA O ET x O/Glnbumbrd @3gigned @ Ahe daind O C
cluster as opposed to those assigned to different clusters. We measured it using the
3EI ET OAOOA 3AT OA8 4EA 3EI ET OAOOA OAT OA OAI
an object is well matched with its own clustend poorly matched with other clusters. The
average Silhouette score over all users counts as a metric to assess the fitness of the overall
clustering structure.

ClusterBalance It considers the distribution of cluster sizes, i.e., whether there are some
extremely large or small clusters. At the one extreme, one large cluster gathering almost all
consumers would not give us much information about targeted interventions. At the other
extreme, many small clusters with tens of users would not be very relablvalid targets

of distinct behavioural trends. We have not used a particular metric to assess the balance of
the clusters, but we used instead the rule of thumb that each cluster should not represent
less than 5% of the observations.

We have carried out a number of experiments that span in different ways the parameterization
space described in section22. Since their outcome is similar (as it will be shown and explained in
what follows) we report a indicativesubset of those experimentsvhich can be categorizeander.

clusteringwith feature selection based on the Hopkins statisénd

clusteringwith feature transformationwith Principal Components Analysis (PCA).

Additional experiments with different pameterization are presenteth Annex |l
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5.2.3.2.1Clustering with feature selection

The parameterization of this experiment is as follows:

Featureselectionintervention-assisted. We retrieve combinations of n features, n i4,63, that
score in the topl0 in the Hopkins statistic for each value of n, as shown in Zaée then select
sets of features that are more informative regarding applicable inteti@s and execute
clustering with 25 clusters as input.

Clusteringalgorithnt k-means. The Euclidean distance is employed as the distance metric and the
number of clusters is given as an argument to the algorithm.

Clustering fitnesassessmentilhouette score

Table4: Feature sets of size 31, 5 achieving top Hopkins statistic scores

Feature set size 5 4 3
Hopkins statistic 0.65-0.79 0.72-0.0.86 0.8-0.94
value range
'CONSEQAWARE, 'CONSEQ_AWARE,  'FIN_CONCERN,
ENV_CONCERMSCR_RESP ENV_CONCERN, INT_SPEGNT_GEN:;
PERS_NORMINT GEN": 0.79 ASCR_RESHNT_GEN' 0.86 0.94
'CONSEQ_AWARE, 'CONSEQ_AWRE, 'ENV_CONCERN,
ENV_CONCERN, ENV_CONCERN, INT_SPEQNT_GEN:;
FIN_CONCERNPERS_NORM, FIN_CONCERNNT_GEN: 0.93
INT_GEN" 0.79 0.85
'CONSEQ_AWRE,
'CONSEQ_AWARE, 'CONSEQ_AWAR ENERGY_AWARE,
ENV_CONCERN, ENV_CONCERN, INT_GEN" 0.93
FIN_CONCERMSCR_RESP, PERS_NORMNT_GEN":
INT_GEN" 0.79 0.85 '‘CONSEQ_AWARE,
ENV_CONCERN,
'CONSEQ_AWARE, 'CONSEQ_AWARE  ASCR_RESP": 0.93
Feature ses ENV_CONCERN, ENV_CONCERN,
with top score )N CONCERMSCR_RESP, FIN_CONCERN, 'ENV_CONCERN,
PERS_NORM'" 0.79 ASCR_RESP:0.85  PERS_NORMNT_GEN"
0.93
'CONSEQ_AWARE, 'ENV_CONCERN,
ENERGY_AWARE, FIN_CONCERN, '‘CONSEQ_AWARE,
ENV_CONCERMSCR_RESP PERS_NORMNT_GEN: ENV_CONCERN,
PERS_NORM' 0.79 0.85 INT_GEN" 0.93
'CONSEQ_AWARE, 'CONSEQ_AWARE 'CONSEQ_AWAREBC,
ENERGY_AWARE, ENV_CONCERN, INT_SPEC'; 0.93
ENV_CONCERMSCR_RESP ASCR_RESPERS_NORM:?
INT_GEN" 0.79 0.85 'ENV_CONCERN,
FIN_CONCERN,
'CONSEQ_AWARE, INT_GEN" 0.93

ENERGY_AWARE,
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ENV_CONCERN, 'ENV_CONCERN, 'ENV_CONCERN,
FIN_CONCERNNT_GEN"  FIN_CONCERMSCR_RESP ASCR_RESMNT_GEN"

0.79 INT_GEN'" 0.84 0.93
'CONSEQ_AWARE, 'ENV_CONCERN, 'ENERGY_AWARE,
ENV_CONCERMSCR_RESP ASCR_RESPERS _NORM, FIN_CONCERN,
WILL,INT_GEN" 0.78 INT_GEN'" 0.84 INT_GEN'" 0.93
'CONSEQ_AWARE, 'CONSEQ_AWAR,
ENERGY_AWARE, ENV_CONCERN,
ENV_CONCERN, FIN_CONCERN,
PERS_NORMNT_GEN" 0.78 PERS_NORM'" 0.84
'CONSEQ_AWARE, 'CONSEQ_AWARE,
ENV_CONCERN, ENERGY_AWARE,
FIN_CONCERNVILL, ENV_CONCERNNT_GEN?"
INT_GEN" 0.78 0.84

Experiment resultse have experimented with several of the feature sets listed in Table

present and discuss below one of those experiments that carried out clustering on the
{CONSEQ_AWARE, ENV_CONCERN, ASCR_RESP, PERS_f¢atM}subset. The Hopkins
statistic value equals 0.85 for this feature subset, whose features strongly point to important
motivating factors for energysaving behaviour. The results of experimentation with other subsets
are similar to what we report below for ithsubset and the conclusions drawn here apply for those

experiments as well.

Figure 27 showsthe clusteraverage scores of the resulting clusters ire th5 features under
clustering structures of 2 and 3 clusters, wiiilgure28does the same when we demand structures
of 4 and 5 clusters. The figuretsadepict the distribution of Silhouette values of all clustered

observations in each case.
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(a)Cluster-averagescores in 15 features and 3 sediemographic variables

Number of clusters: 3
Average Silhouette score: 0.36
Observations per cluster: {1: 1480, 2: 1268, 3: 381}

Number of clusters: 2

Average Silhouette score: 0.48
Observations per cluster: {1: 627, 2: 2502}
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Figure27 Boxplots of clusterbased scores in the 15 features as well as their age, income and educational degree

interventionassisted feature selection, ¥means with Euclidean distance, number of clusters

characteristics

equals 2 (I& column) and 3 (right column)
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Figure28: Box plots of clusterbased scores in the 15 features as well as their age, income and educational degree
characteristics: interventionassisted feature selection, #means with Euclidean distance, number of clusters
equals 4 (left column) and 5 (right colum)
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In terms of fitness, the clustering structures perform well: with very few exceptions, observations
have positive silhouette values, implying that they fit better in the group they were assigned to by
clustering rather than any other group. The averagdues over all observations range from 0.34
(for 5 clusters) up to 0.47 (for only 2 clusters).

Looking at the cluster sizes, we avoid the extreme cases of very large or very small clusters, as
shown in Tablé&. Only in the case of 5 clusters, we get arester (cluste2) with size marginally
smaller than the 5% of the overall observations.

Table5: Sizes of clusters emerging from the clustering experiment whemleans generates 2, 3, 4 and 5 clusters.

Number of Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Silhouette

clusters size size size size size value
2 627 2502 0.48
3 1480 1268 381 0.36
4 931 200 693 1305 0.35
5 1071 143 393 803 719 0.3

How informative are these clustering structures? Looking into theuster structure in Fig. 27
we can remark that there is one cluster (cluster 2) that scores consistently higher ifeatures
than the other (cluster 1). When we add one cluster to come up withlasBer structure, we get

- oneOCi T Ao Al OOOAO j Al OOOAO wgq OEAO 1060
- TTA OAAAG Al OOOAO j Al OOOA OatuegaslEOE OE
- a third cluster (cluster 1), which positions in between the other two in that it

consistently demonstrates intermediate scores in all 15 features. This cluster is

quite large one (1268 users), drawing a significant portion of users who weassigned
O OEA OxI OA@OOAI A6 j OEA ludteAstrdciurd. OE

When we look into the €luster structure, wecanstill identify oneOC1T T Aone@A AAS6 Al OO
(clusters 1 and, respectivelyjogether withtwo more clusters: cluster 3 that ranks consistently 3rd

in all 15 featureand clusterd that ranks consistently2nd in all 15 feature$?redictably, this trend

of proportional scaling of feature scores from cluster to cluster pertains to thkuster $ructure

as well. Thereby, the tojperforming cluster is clustet, followed by clusters 1, 5, 3 and 2, which is

the worstperforming onein all 15 features

Summarizing, this clustering experiment yields clustering structures that perform acceptably in
terms of fithess and balance but demonstrate a very particular pattern in the way the cloased
scores rank in the different features: thankingsof a given clusterin all featuresare identical. This
pattern of strongly correlated score ramigs is inagreementwith the quite high positive pairwise
feature correlations reported ifrigure 18in section 4.2 butdoes not provide us with much
information as to which intervention would be most appropriate for each energy consumer
group. In positive terms, if we attempted to interpret the information conveyed by such clustering
structure,we could conclude that:
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- There are energy consumers who demonstrateosy intentions to engage in energy
savingbehaviaur, motivated by a combination of factors (concern about the environment,
interest in savings related to heating arrangements, good awareness of how to save energy
and a strong sense of moral obligation save energy No intervention is particularly
needed for those consumers other than preserving their positive attitude towards energy
saving.

- Then, there are one or more groups of energy consumers who demonstrate these
characteristics in varying and highlgorrelated levels of intensity. These groups
consumersdo not exhibit someparticular behaviaural traits (e.g., concern for the
environment or the financial implicationef energy consumptiopto a distinctly higher
extent than other groups, so that they could be targeted through specific interventions. We
could essentially try the same (any) interventions, albeit at higher intensity, for each group,
as far as the specific intervention allowss regulation (e.g., tuning the frequency of real
time feedback on the financial or environmental footprint of a specific enesgying
action).

We have carried out the cluster analysis with different parameterization of its components
(clustering algoithm, distance measure)s described in sectionZ2. The same pattern has been
consistently observed in all these experimeftsfer to Annex Iffor more such eperiments)

5.2.3.2.2Clustering with feature transformatiaqnPCA

Principal Component Analysis (PCA) is a commonpaeessing technique for clustering analysis.

It transforms the original feature space (features and their variation range) to a {dimgension
feature space made up of weighted combinations of the original features called principal
components (PCs). We can then project the data on this space of fewer dimensions while
preserving as much of the data's variation as possible. In PCA, theetushprincipal components

that are used for this transformation is determined by the amount of the variance in the data they
can preserve (interchangeably: explain).

We report two experimentsmvolvingtransformationof the original feature space
PCAwith 15dimensional original feature space anedimensional transformed feature space
The parameterization of this experiment was as follows:

Featuretransformation Original feature space of 15 featurewansformed feature space of
dimension 4 the fou PCs explaing 62% of the variance in data.

Clusteringalgorithm:k-means. The Euclidean distance is employed as the distance metric and the
number of clusters is given as an argument to the algorithm.

Clustering fitnesassessmentSilhouette score

Figure29plots the per cluster scores in the 15 features undechu8ter structure. The results with
4-cluster and Ecluster structures are similaand follow the same pattern as the previous
intervention-assisted effort with the original feature set.
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(a)Clusteraveragescores in 15 features and 3 sacio

demographic variables (b) Silhouette values

Figure29: Box plots of clustetbased scores in the 15 features as well as their age, income and educational degree
characteristics (left) and cluster silhouette values (right): feature transformation,-kneans with Euclidean
distance, nunber of clusters = 3

PCAwith 10-dimensional original feature space an@rexusedto determinethe dimension of the
transformed feature space

Feature transformationOriginal feature space of0 features{ASCR_RESRCONSEQ_AWARE,
ENERGY_AWARE, ENV_CONCERN, FIN_CONCERN, LOSS REINHROT_FAWROT_SIM,
SN} which are the firslevel or independent model variables as they appear in the behavioural
researchmodel (Figure 1). The dimension of the transformed feature space resultsnrahe
requirement vaex= 60%

Clustering algorithmk-means. The Euclidean distance is employed as the distance metric and the
number of clusters is given as an argument to the algorithm.

Clustering fitness assessme8ilhouette score
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Figure30plots the per cluster scores in the 15 features undechster structure. The results with
4-cluster and Ecluster structures are similar and follow thensa pattern as in the other
experiments discussed so far.
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Figure30 Box plots of clusterbased scores in the 15 features as well as their age, income and educational degree
characteristics (left) and cluster silhouette values (right): feature transformation,-kneans with Euclidean
distance, number of clusters = 3

Weobserveagainthat the same pattern of identical clustdrased score rankings across constructs
persists in both scenarios where the PCA is applied. Looking at how the percentage explained
variance scales with the number of components in Té&ewe carsee that a single PC can already
explain more than 40% of variance. This is another symptom of the significant correthtibms
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evidenced between the features, reflecting the highly interrelated responses of the survey users to
the different constructs.

Table6: The number of principal componentseeded per explained variance threshold.

Explained

: 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Variance
Principal 1 1 2 4 5 8 11
Components

Hence,the combination of clustering with feature transformation yialdiusteringstructures that
resemble thosave obtained with feature selectionWe now turn into the second approaete

outlined in the beginning of sectiodthat specifies energy consumer classessa combination of
ATTAEOET T O OEAO OEAddifferdrdomaturesstholidsaisty. OAT OAO ET OE

>0 Al OAAAU hid apprdach lishekddblogi€allydistinct from clusteringanalysis The
input is the same, namelthe scores of respondents in theriables measured by the survey.
However, the groups of userE A O A A /O Alassed) Aré notdeferdingn automated manner
as the resulbf clustering We rather specifpeforehandcertain classes (interchangeably: profiles)
of usersand then seek toclassifythe surveyrespondentsinto one of those The specification of
clas®s is intevention-driven: we definethem so that it is clear which interventi¢s) is(are)
applicable tothem.

When compaing this approacho the clusteranalysis we can remark the following:

- With clustering, the groups that emerge need to be a posteriori analysed and chawscteri
to find their defining characteristicsDepending on tis cluster characterizationthe
selection of proper interventions for them may become a difficult teak $&n in sections
5.1.25.14). On the contrary, vih this interventionbasedclassdefinition, we know from
the beginning which interventions are proper for each class

- Clustering yields disjointiser groups whereby eachsurveyrespondent(user is uniquely
assignedo a single cluster. With the aipri specification of classeseveralsersmay find
themselves satisfying theequirements/criteriaof more than one clags, we call them
OlultihomA A6 GRAAIOMBnecessarily a problem in our case since this implies the
appropriateness of more than onmtervention for the specific users. If, however, it is
necessary to have onam-one mapping of users to @&$sesi.e., due to the cost of carrying
out interventions, we need madditional processing stefp choose one of thse casses for
each of those users.

- Likewise, there may baserswho arenot falling under anyf those classes. An, we need
a way tofind out how weare going to treat thoseusers and which intervention, if any,
applies to them.
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We can identify three steps in the w#yis interventionbased segmentation of energy consumers
proceeds:

5.3.1. Step 1:Specification of energy consumer classes
Eachenergy consumeclass isharacterized by the following components:

- the classfeatures namely the featureghat participate in the class specificatioAs class
features can servany subset of the originalbfeatures

- the range(interval) of acceptablescores in tle classfeatures In other words, each class
feature comes up with alassspecificacceptancenterval.

To classify a user into a given class, her scoresll class features should lie within the
corresponding acceptanceinterval. Assuming normalized scores i[0,1], the classspecific
acceptance intervafor a featurev may be of three types

- [thr, 1]: the used $Borein featurev should behigherthan somethreshold valuethr.

- [0, thr]: the useB $Borein featurev shoul belowerthan somethreshold valuethr.

- [thry, thry], thri< thr: the useB $Bore infeature v shouldlie withinan intervalfthry, thra].
In principle, thesethresholdvaluesarefeature-dependent

The specification of classes iauristicexercise combininghe analysis of the situation at hand
and experiencebased intuition.In our casethe iterative process has led us 8pecify6 classes of
energy consumers One of them represents ideal consumers who consistently score hightireall
15 featuresn Figure25. In the specification of theother five classes we try to identifydistinct
features (variablesthat (a) on the one hand, appear to be justifying lower intentions to adopt
energy-saving behaviourand, (b) orthe other hand, prescribepecific type of interventions for
strengthening these intentions.

Thesix classesare the following

1. Environmentally conscious and weHlinformed energy consumers Theseenergy consumers
resemble theOE A A A1 E GOOARMnBDkEkif, 8.UBrunner, T. A., & Siegrist, BD1). They
combine the high concern about the environment with good knowledge aboutdimate change
problem, its contextand its consequencesogether witha strong sense of personal responsibility
for action against itEnergy saving sets a faurable paradigm for them and théntentions to

engage intoenergy-saving activities, with respect to heating but also overall, are very strong

In terms offeaturesandfeature acceptance intervalshis class demands:

4The shape of acceptance intervals does not change if we consider original scores in the Likert scale. For instance, the
first type would become [thr, 5] for scores in thelLikert scale or [thr,7] in the-Iikert scale, with the threshold
numbers appropstely scaled in each case.
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users in all class features.

[thrig, 1] [thrio, 1] [thrig 1] [thrag, 1] [thris, 1] [thrie, 1]

At intervention level, thesare userswhose existing interest and behaviour need to be preserved
through regularreminders of the environmental issuesind the importance ofenergy-saving
behaviour Such reminders could be operationalized through educational materialg(
documentarieg, brief letters exposing the energy situation (similar to what huntarian aidNGOs
send to their members) but also genefalirpose marketing campaigns social media.

2. Concerned but comfort-oriented energy consumers In principle users in this class
demonstrate clear intentions for acting inan energy-friendly manner However, energy-saving
behaviaur with respect toheating in particular, implies compromisesthat appear not to be
acceptablefor them, such as setting the thermostat at lower temperature and wearmgre
clothes to make up for ifThe characteristic that opens the way to interventions is that users in this
classare highly concerned about thmonetary cost involvedn higher energy consmption.

In terms offeaturesandfeatureacceptance intervalsthis class demands:
Feature LOSS_COMF FIN_CONCERN INT_SPEC INT_GEN
Acceptance interval type [thrag, 1] [thrzz, 1] [0, thrag] [thr2s, 1]

where:
- thraiequalsa middleto-high valeto embrace users with bettethan-average score in the
loss comfort feature

- thrazis a high value demanding from class users high scores in the FIN_CONCERN feature;

- thrazalso equals aniddle-to-highvalue to capture intentions about heatingelated erergy
saving that clearlyag behind those in the first class

- thrastakes ahigh value to ensure that users in this class have strong intentions for saving
energy, in principle and asrfas this does not threaten their comfort

For thoseusers, the financial burden of excessive consumption may outweigh or, at least, balance
the discomfort that heatingrelated energysaving activitiesbring about. Hence, candidate
interventions for this class include retiine feedback messages thatemind her about the
additional cost (projected at yearly or mutannual basis) resulting frorher actions (e.g., raising

the thermostat target temperatureor wasting hot water in the bathrooin

3. Concerned but lacking awarenes&nergy consumers Much asloss of comfort serveasa
barrierfor energysaving behaviour ithe 2" class, energy awarenessthe Achillegheelof energy
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consumers in thisthird class. Whereas theyare concerned abut the environment, they
acknowledge the risks for it anthey are willing to undertake their share of responsibility in this
matter, they miss thepracticalknowledge that would strengthen their intention to adopideal
energy-saving behaviour

In terms offeatures and feature acceptance intervathis class demandse conditions
Feature = CONSEQ_AWAR ENERGY_AWAR ENV_CONCERN INT_GEN

Acceptance

interval type [thra, 1] [0,thre] [thrs, 1] [0, thra]

where:

- thra; and thrs equal middleto-high values, denoting highethan-averagescoresin the
CONSEQ_AWARE and ENV_CONCERN features

- thrazequals adowdvalueso that the acceptance interval for the Energy Awareness feature
includes users with distinctly lowasrcoresthan in other classes

- thrais a middleto-high value to reflect that the generic intentions of users in this class lag

There are two types of interventions that are candidate for this class of users. The firstrare
APDPOi POEAOA &I O OEA OI Auue OOAOO xET AOA 1160
save energyis the use oénergyfeating)-friendly defaultsin the operation of devicesThe second

one, more appropriate for those who want to learn new thinggshe use of tips, either online, when

users take some energselated action (e.g., changing the thermostat settingr offline

4. Materialistic energy consumes escaping their personal responsibility This class includes
energy consumers combining lower than average enesgying intentions with a lowanticipation
of personal resposibility to actand high concern for the financiahiplications of energysaving
activities on themonthly bills.

In terms of features and feature acceptance interyahgs clasprescribes the following

Feature ASCRRESP FIN_CONCERN INT_GH
Acceptance interval type [0, thraj] [thraz, 1 [0, thrag]
where:
- thrsiisalow-to-middle scoreso thatonly users with low scores in ASCR_RESP are included
in the class

- thrs2is a high valuglemanding from class users high scores in the FIN_CONCERN feature;
and
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- thrasis a middleto-high value, to reflecthat the generic intentions of users in this class lag
behind the top 1st clasplaying the same role that tesplays in the specification of the 3rd
class

The motivating idea for the specification of this class is thatfihencid concerrs of usersare the
characteristicthat can betargeted by an interventionintending to countebalancethe missing
sense of personaksponsibility for energysaving behaviar. Thelack of personal responsibiliig
a strong barrieto energy-savingbehaviour Targetng this directly rather than through the proxy
of financial concernsalls forlarger-scaleinterventionsat the level ofeducatioral system

5. Prone to social influence energy consumetsEnergy consumers in this classate low
intentions for hating-related energy savindgehaviaur but, contrary to the welbeing driven
consumers, theyexhibit distinctly higher than averagescores in the SubjectiveNorm variable
Ei Pl UET C OEAO OEAU AOA @pdleverdge thesbchvessre efféci OA OO

In terms of features and feature acceptance intervals, this class requires the following conditions:

Feature SN INT_SPEC INT_GH

Acceptance interval type = [thrsy, 1] [0, thrsy] [0, thrsg]

where:
- thrsiis a middleto-high scorethat lower-bounds the SN acceptance interval so thte
scores olsers classified into the 5th claggedistinctly higherthan-average;

- thrspand thiszvaluesshouldbe high serving for 5th class users the same purpose theis
and thrizdid for the 3rd and 4th class, respectively

The idea is that interventions of the social comparison type are most appropriate for this class of
users

6. Indifferent energy consumers The defining feature for this class, which appears to be serving
as a barrier towards strong intentions for energgving is the low perception of behavioural
control. In this case, this isore related toperceived sekefficacy, i.e.,if OE A  Oeabektntiidey
have the capacity to engage in activities related to enesgyingand really have an impact
(Bandura, 1991Fnergy consumers in this clads notreally identify with the prototype oénergy
saver

In terms of features and feature acceptance intervals, this class requires the following conditions:

Feature PBC PROT_SIM INT_SPEC INT_GEN
Acceptanceinterval type [0, thr6]] [0, thr62] [0, thr63] [0, thr64]
where:
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threy is alow-to-middle score thatupperboundsthe PBCacceptance interval so that the
scores of users classified into thth clasgpossess distinctly lower scores in the PBC feature

thre2is also a lowo-middle scorevhichsets an upper bound for the score of this class users
in the PROT_SIM feature;

thres and thrss are valuesdenoting moderate intentions for both genergurpose and
heating-related energysaving.

On the intervention side, dcilitating nudgesare applicable for this class. These may involve
practical tips aboutenergy conservation ouse of defaults tanake energy-savingalternatives
more salient.

The six energy-consumerclassesare parameterized. Their parameters are th@eshold valus
that determinethe class featur@acceptance intervas. As it can be seen in the class specifications
there are four kinds of thresholqsve assume normalized score values)

high values left bounding feature acceptanceervals(type 1thresholdg. They could lie
anywhere in the [0.D.85 interval. Assuch ahreshold grows higher, fewer usesatisfy the
respectivefeature acceptance interval.

high values right bounding feature acceptance interv@ge 2thresholdg. Plausible range
for them is the interval(.65, 0.79. The higher this type of threshold, the more usecore
within the feature acceptance interval.

moderate values left bounding feature acceptance intervals (typler&sholdg. They take
values in [0.45, 0%. Thehigher the valuethe fewer the users whee score lies in the
respective feature acceptance interval.

moderate values right bounding feature acceptance intervals (type 4 thresholds). They take
values in [0.3, 0.5As thresholds of this type grow largehe number of users satisfying the
score condition increases

In general, there arewto possibilitiesfor definingthe thresholdsthat are relevant to eaclfeature
and eaclclass:

Common thresholds. The first one is toet common thresholds for afeatures This means
that there are four parameters to be defined, saythhr2, thr3 and thr4, respectivelyfor

the thresholds of type 1 to 4, respectively. TPethreshold parametersof the six classes
are mapped to these four parameters as shown

Table7: Threshold parameterdo be defined under the common thresholds approach

Class feature threshold Threshold type
thrii- thrig thrag, throg thras thry
thrag thras, thras, thrsp, thrss, thress, thrss thr,
thray thrsy, thrsg thrs; thrs
thraz, thrag, thres, thrs, thrs
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- Feature-specific thresholds.Setdifferent threshold(s) for eachfeature |, irrespectivdy of
the class it relates torhis implies the determination of-4 thresholds for each one of the
features that appear one or more times in the clds©d Ob A AkeARdSHOOET 1
parameters that would need to be defined in this case are listed in the table below.

Table8: Threshold parameterdo be defined when thresholds are assumed to be feattspecific

Feature Relevant thresholds
CONSEQ_AWARE thry,thrs
ENERGY_AWARE thrsy
ENV_CONCERN thry, thrs
FIN_CONCERN thry
LOSS _COMFORT thrs
PBC thra
ASCR_RESP thry, thra
PROT_FAV thry
PROT_SIM thry

SN thrs
INT_SPEC thry, thro
INT_GEN thry, thro

Namely,we would need to find the values a7 different parametersfor the 12 features that are
involved in he class spafication process.

5.3.2. Step 2: Assignment of survegspondents to energygconsumer classes

The assignment of users to thexclasses is carried out simultaneously wiltle parameterization
of thesixclasses. Talatter is the goal of an optimaation problem hereafter abbreviated as(OPT).

Given the specification of classdbe objective of (OPT)is to determine the values ofthresholds
that end up minimizing the number of users who are not assigned to angf the six energy
consumerclasses. Forthis optimization problem:

- Itsdecision variables arthe parameter valueand may be 4 or7l depending on whether
we work with commoror feature-specific thresholds (see section 5.3\d)ith normalized
score values, thee decision variableare continuous variables in [0;1f scores are not
normalized, they are continuous variableg1,5]([1,7] in the case of ATT)

- Besides the allowed range of values for each parametestd are wo types of constraints
related to:

o The order of the four types of threkls, thr-thrs. Namely, for any feasible problem
solution it should holdhat thr1J throJ thrzJthra.

o The size of individual classé#e demand to derive classedth at least 86 of the
overall sampledround 156 users).
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One additional decision relates to whether we will work with common or feaspecific
thresholds.The firstoption implies lower computational complexity: we need to find 4 instead of
17values. In the second casee gainin terms of higher flexibilitgo optimize the objective at the
expense of processing overhead. Moreover,waild need more effort to reason about the choice
of different scores per variable to denote similar qualitative levels (e.g., high, low, moderate).

In what follows, we proceedith the first option Under common thresholdghe six classes are
parameterised as shown ifable9.

Table9: Specificationof energy-consumerclasses based on common thresholds

Class1 CONSEQ AWARH (ARMDMENV _CONCERBI (ARMASCR RESE (ARDOPROT FAV
thr; ANDINT_SPEQ O\RDINT GENJ OEO

Class2 LOSS COMB {ANMDFIN_ CONCERN (ANOINT SPEG ONNDINT GENJ OE

Class 3 CONSEQ AWARH {ANDENERGY AWARE ONNDENV_CONCERB (ARD
INT_ GENi ©OEO

Class 4 ASCR_RESP (ANOFIN_CONCERN (ANOINT GENI ©OEO
Class 5 SNJ Q\NMDINT SPEG ONEDINT GENI DEO
Class 6 PBCI OMNODPROT SIM  OMNDINT SPEG  ONNDINT GENi HE O

We then carry out an exhaustive enumeration over all possible combinations of values that
parametersthri-thrs can assume in the ranges [0.7,0.85], [0.65,0.75], [0.45,0.65] and [0.3, 0.5],
respectively, in steps of 020 TablelOsummarizes thalerivedoptimal solution

Table 10: Optimal threshold parameteization (after exhaustive enumeratior)

thry thro  thrs thrs Users classified in at class class class class class class
least one class 1 2 3 4 5 6
0.75 0.75 05 0.5 2132 529 400 440 259 392 112

Therefore,2132userscan be directly assigned to one or more classes through this prdoess
optimal threshold values the=thr2= 0.75 and th= thrs = 0.5 whenfeature scores areormalized
(thr1= thr, = 4 and thg= thrz = 3whenfeature scores are measurdd the 15 Likert scal@

Figure31plots the number of classde whicheach of these 232usersbelongs We can see that

the majority (1180, 55.27%) of the users can be assigned to one class, whereas the rest are
multihomed. h particular, 643 (30.16%) users satisfy the specifications of 2 classes, 262 users
(12.27%) could be classified into 3 classes, 43 (2.01%) users could belong to 4 classes and another 4
(~0.2%) of them could even fit into 5 classes.

The number of users whare at first eligible for each class are 529, 477, 507, 425, 1041 and 465
users, respectively. To assign each user to only one class, we can randomly rank the classes and
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Figure31: Distribution of classes a user is eligiblerfander the optimal parameterization of thesix classes

then parse them sequentially to eliminate each time users who have earlier been assigned to
another classFor instance, if we rank classes in the orde?-34-5-6, we come up with629
(24.81%)400(18.76%,) 440 (20.64%) 259 (12.15%,)392(18.39%) and 1125.25%)users in each of

the sixclasses, respectively.

Figure 32 plots howeach class of users scorieseach of the main 12+variables of interest in the
survey, considering the responses those 2.32users who have been assigned to one of the six
energy-saving behaviar classes.
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Figure32 Box plots of class scores-@xis) in the main 15 variables measured in the survey. The class score in a
variable equals the average score of users assigned to that clasaxis) in the particular variable, measured on
the 1-5 Likert scale (exception: ATT, which is measured on the Likert scale)
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5.3.3. Step 3: Assignment akemainingsurvey respondents to energgonsumer classes

By the end of the second step of the proces$32users have been identified as members of a

unigue class. What about the remaining 312B32=997users?

The way we handle them is as follows:

- First,for eachclasswe compute the averagecores over all users assigned to the class, for

each of the Bvariables of Figre32. Thiscould be viewed as the score of the classtroid.

- Then, for each of thos897users we compute its normalized distances from fifle class

centroids. These normalizedistancedake into account only the variables that are involved |
in the specification of each classhey AOA AT I DPOOAA AO OHE®Aso:OAEOL

Manhattan or taxicab distancesee sectio®h.2.2.4 between thecentroids and the sample

at hand. The normalization consists in dividing the distance metric over the number of
variablesnvolved in the class specification and used in the computation of the distance.

- Finally, we assign theserto the nearest class, i.ethe class, whose centroid lieksest to

the user.

After this step is executed, thé classes includ®17(29.31%), 733 (23.43%), 497 (15.88%), 311

(9.94%), 499 (15.95%and 172(5.49%) users respectively Table 11summarizes how the sizes of
the sixclasses evolve through the three steps of the overall process.

Table1l Evolution of sizes o§ix classesduring steps 2 and ®&f the user classificatiorprocess

Class size evolutiorthrough the | Class 1| Class 2| Class 3| Class 4| Class5| Class 6 | Sum

process

After identifying which users ar¢ 529 477 507 425 1041 465 3444
eligible for which class

After all 2L32users are assigne( 529 400 440 259 392 112 2132
to a class

After the remaining 1071 usersa| 917 733 497 311 499 172 3129

AOOECI AA Oi OE#

5.3.4. Characterization of energy consumer segments

Figure 33 plots howthe sixenergy consumerlas®s of users score in each of tHé features
corresponding to psychaocial constructsWhen we comparé&ig. 3 (after the assignment of the

997 users) to Fig23at the end of step 2we note a few more outliar observations, as expected,

but, otherwise, the class median scores and their relative renkain practically intact

NUDGEz D1.1z Profiling of energy consumers: psychological and contextual factors of energy behavior

30 September 2021




®

UDGE

® (&
Nudging consumers
xuwam-.un«»rqyovnuuncym
ATT CONSEQ AWARE ENERGY AWARE ENV CONCERN FIN CONCERN
I S T *TT*T5E*T*TT
GFHEED‘jQEEQE“jD'ﬁﬁt“jDEEQ ) Dﬁggﬂ
I I | I [ [ |
I [ | I [ 1 ] o I
4LTBL:¢:31D::.3:¢A:3L1.:
[ T B s L [ ¥ L y 1 3% [ P o
i\}ii;z-‘--ﬁ i+}2++:+1l24+ i+}2++i LJ‘_
N R IR L sy
++ii+i1++ + o+ o+ {1 + o+ + 4+ 11 + + o+ 1 + + 4
1 2 3 4 5 6 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6
LOSS COMF PBC ASCR RESP PERS NORM PROT FAV
5tr+ + 1 + + <+ 15 T 7T T 7 5 T T T THBIrT T 7T 7T 7 T1PB - 7 T -
A B L ]llll ]ll Lo jlllll ['l‘ T;
tiahlipiTeann i oo agpop onEs,
[ I I I I |
3T|i|i|'3¢||3i| 3}|[| IKSL:Ij
T B N e = | - o R 1 e e R A S S
ST T TR TR T T Sl
R S A 1l I S S S A O L I R S S S S N M A I B A
1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6
PROT SIM SN WILL INT SPEC INT GEN
5t - 7 T T 5 T ¥ - % 5 i 715 T T T T 5 T
LT I S i Ho 0 1 0 UH 1
4\»‘; T A ne : Al ! 41'3'2
i | D | | I T
3l T ogn Y el 3 L SR
Lo A L : g bl it P
;| IR :
S R : [ 1 +
1 2 1 2 3 1 3 4 6 3

N +++F44444|:|:|>I
(&)} +++F44444|:|:|>I

[e) I k_‘)»{-r-r-r

]
N L e B
O [+ + F444~| }»444

N f++rd

|
i
i
+
5

Bt

1
! | |

! | |

L | |
1 + + € €L
2 3 4

I
| |
H L
4 5 6
Figure33 Box plots of class scores in the main 15 variables measured in the survey. The class score in a variable

equals the average score of users assigned to the class in the particular variable.

Environmentally conscious and welhformed energy consumernsideed represena benchmark
in terms of energysavingbehaviour.They scoréhigh not only in the clas$eature set but also in
other constructsthat have been identified as important motivators for energgiving behaviour.
Besidesheingconcerred about the environmental mattersand awareaboutthe consequences of
irresponsible energyelated behaviouy they arewell informed about ways to savenergy. They
bear a strong sense of personal responsibilifgr acting in energyfriendly mannerand the
possibility of sacrificing some of their comfort to do so does not stand as a barraet this way

Concernedbut comfort-oriented energy consumergorm a very distinct segment of energy
consumers.Their overall intention to adopt an energgaving behaiour is highiq fact: the 2xd
highest after the $tbenchmarkclass) andhis is supported by highoncern about the envinoment
and good understanding of the risks involvedeimergy-wasting waysNevertheless, the intentions
of these consumers arelearlyweakerwhen the question is about eneregaving with respect to
heating and coolingNamely, thepossible sacrifice of comfort that might result from tolerating a
slightly lower temperature ast@l T OOA OGS O Od &dKighdr @he durfingenidr dppears
to be much less tolerable fahis segment of energy consumers than any other.

Concernedbut lacking awareness energy consumeexe one of the fourenergy-consumer
segments(ref. Figure33 INT_SPEC and INT_GEN Hawts), whose stated intentions to save
energycan be strengthenedboth specifically with respect to heating ajihore generally with
respect to otherenergy-consumingactivities (use of appliances, kitcherighting). The lack of
knowledge about practical ways to save energy serves as bdaiesn unconditionally positive
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attitude towards energysaving The latter existseven in less profound way than inetHirst
benchmark segment.

Materialistic energy consumersseapng personal responsibilityis the second energy consumer
segment that lags in overall energgavingintentions. Neither concern about therevironment, nor
knowledge about ways to save energy are missintheir caseYet, whereas theglaim awareness

of the consequences that increasing energy demand bears for the environment and the society,
they do notaccept their own share of responsibility to act onstf®n the other hand, and this gives
some hope for their treatment, they demonstrate high concern for the height of their energy bills
and the monetary fingerpnt of energysaving activities.

Prone to social influence energy consumextiribute high valie to the factthat people they deem
important in their livesapprove and supporenergy-saving which sets a strongly favourable
behavioural prototype. Hence, thi®rm of indirect social pressuraserves a facilitator of energy
savingin their case.

Indifferent energy consumersare users demonstrating profoundly low intentions for energy
saving They doubt their own capacity to adopt eneregaving behaviour as well as the impact this
can have on thenergysaving challenggeshaping heir overall attitude towards energgaving on
the negative They are nowhere close to the energgver prototype(which they do not find
favourable anywayand they do not perceive social pressure to adopt enesgying behaviour.

5.3.4.2.1 Gender

Overall, the classes do not exhilsiignificant differentiation with respect togender distribution.
For three classes, the Environmentally conscious and -imédkmed energy consumers, the
Concerred but comfort-oriented energy consumersand the Indifferentenergy consumers, the
portion of females and males is approximately identical with the one in the overall da{d8c86%
and 51.14%, respectively) For the other three classemalesare marginally overrepresenteas
shown inFigure34. The two-sample ttest for theproportion of males in each of the three clusters
and the overall dtaset are marginally rejecte¢67.42%males,p = 0.02 for the Concerned but
lacking awareness energy consumgbb.14%males with p=0.03 for the Materialistic energy
consumers escdpg their personal responsibilitand 53.85%maleswith p=0.0% for the Prone to
social influenceenergy consumers
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Figure34 Gender representation in the 8nergy consumer classemd the overall dataset.

5.3.4.2.330e

The within-class age distributions deviate from the one in the total datase6% significance level

the two-sample KolmogorovSmirnov testrejects the hypothesisthat the within-class age
distribution and the overalfaverage age M 50.41)) are identicd (samples of the same underlying
distribution) for allenergy consumer segmentexcept for theConcernedut comfortoriented
energy consumer@l =49.02 ,p =0.09): strongly forthe Environmentally conscious and well
informed energy consume(s=48.74, p=0.004), the Materialistic energy consumers escaping
personal responsibilifM=55.52, p=0.000), and theProne to social influence energy consumers
(M=53.49,p=0.004) and marginallyfor the Concerned but lacking awareness energy consumers
(M=48.36 p=0.027 and thelndifferentenergy consumers1£53.49,p=0.04).

Figure 35 shows thatMaterialistic energy consumers escaping personal responsiitityo be
older, with more than half of them exceeding the age of 57 yeaisereas theProne to social
influence eargy consumerexhibit similar mass concentratiom the interval 4469 years old,
prevailing in the aged4-56.The lack of seltonfidence is also prevalent in middle and high ages
7 out of 10 users in this class being older than 44 yd&amnsthe other hand, almost hH the
Concerned but lacking awareness energy consamgefsund in thewo youngest groups[18-43],
implying that educatingthe younger generationgsbout energysavingshould remain high in the
list of possible interventions.
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Figure 35 Age distribution within the six energy consumer classasd the overall dataset(minimumage = 18 years
and maximum age =9¥earsin the dataset).

5.3.4.2.3 Education degree

As explained in sectio®.2.5 the education level of respondents is measured as an ordinal number
on a scale of 0 to 6: None, Primary education, Epwecondary education, Upper secondary
education, Bachelor's or equivalent level, Master's or equivalent level and Doctoral or equivalent
level.

Applying the two-sample KolmogorOVSmlrnov testat 5% significance leveto assess the

hypothesis that the clustet AOAT AEOOOEAOOET T O T £# AAOAADOET T 8«
overall samplgaverageM = 3.972)

- the hypothesis is rejected for th&nvironmentally conscious and waformed energy
consumers(M=4.21, p<0.0001), the Materialistic energy consumers escaping personal
responsibilitfM=3.54 p<0.0001) and théndifferentenergy consumefp=0.@R). Note that
the average educational status of the 1st wielhaving cluster isoticeably higher than the
averagestatus in the overall sample, whereas it is the other way round (noticeably lower
educational statusyvith the Materialistic energy consumers escaping personal responsibility
and thelndifferentenergy consume(p=0.02).

- the hypothesis cannobe rejected for the other three classes, i.e., th€oncernedout
comfortoriented energy consuméké =4.03 p= 022), theConcerned but lacking awareness
energy consumerfM=3.8, p=0058), the Prone to social influence energy consumers
(M=3.93 p=099).
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Looking atFigure36, it isnoteworthy making the following remarks:

- 3 out of 4Environmentally conscious and waformed energy consumdnave at leasa
"AAEAT T 08 O. TheAedpkdtive ArdporanAsiare @ut of 3 for theConcernedut
comfortoriented energy consumesd 3 out of 5 for theProne to social influence energy
consumers

- On the other extreme more than halfof the Materialistic energy consumers escaping
personal responsibilignd 1 out of 2Indifferentenergy consumersave not obtained a
degree from a higher education institutiomhisobviouslyrelatesto the fact that these two
energy consumer groupsivolvethe oldest pn-averagg consumers
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Figure36: Education degree representation in the 6 energy consumer claskdssA OEA 1T OAOAI 1T AAO

5.3.5. On dentifying interventions for the six energy consumer segments

In what follows, we summarizevhichinterventions of the nudging type are deemed appropriate
for each of the six energy consumer classasdoing that, we ex@nd on the discussion in section
5.3.1where the energyconsumer cisseswvere specifiedn view of these interventionseveraging
additional information about these classefrom the characterization in section5.3.4and some
more insights drawn in this sectiofhe main reference for this task is the categorization of nudges
and their typesin NUDGE Rliverale 2.1 0 E O Dekign dézument of nudging interventions per
pilotd, where the mairtharacteristics as well reservations about these interventions are elaborated.
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Environmentally conscious and weHinformed energy consumers

This class otonsumes is the one in minimum need of an intervention treatmemhe main
requirement is tokeep them sensiied about energysaving and this can happen througimple
reinforcementnudges suclas regularlyproviding them with information about energysaving and
the positive consequences of their behavior.

Key points (Nudge) Description

intervention type
High scores in all Reinforcement Feedback & awarenedseep the interest warm througt
features regular but sparseinformation about energysaving

(selected notifications, regular marketing campaigns)

Concernedbut comfort-oriented energy consumers

For this energy consumer claghe interventions can targetheir concern about the financial
implications of energy consumption Otherwise, it is not straightforward to cope with their
concerns about losses in terms of personal comfldte that theoverall energysaving intentions
of this group arestrong butthe required compromisesiiterms ofcomfort serveas larrier for
heating/coolingrelated energysaving, in particular.

Key points (Nudge) Description

intervention type
Strong concerrabout Confronting Reminding of consequencpsompt the user to conside
comfort & financial the consequences @n actione.g., increasing théarget
implication of energy temperature ofthe thermostat or theair-conditioning,
saving insisting on the extracost it incurs.lt could be the net

increase of theenergy bill, projecting theimpact of the
action atmonthly/annual level.

Concerned but lacking awareness energy consumers

This group of users can be nudged in two ways: eithesecuringdefault operational conditions
that favor energysaving, essentally bypassng the missing know-how barrier, or bytrying to
(gradually) render it obsoletéoy gradually eduating and training peoplein the optimal energy
saving belaviors.

Key points (Nudge) Description

intervention type
Concern about the Facilitating Default: Tum energy-friendly operational settings of
environment devices (thermostat, air conditioning equipmernitjto
awarenes®f defaults, tosave the user fromthe Gurdendof learning
consequences buack what is appropriate and what is not

of know-how to
practically save energy

77
NUDGEz D1.1z Profiling of energy consumers: psychological and contextual factors of energy behavior
30 September 2021



UDGE

Nudging consumers
towards ener gy efficiency
through behavioural science

Reinforcement Justin-time prompts and tip$rovidethe user withtips
and recommendationsexactly upon thetime she
mingles withAAOEAAOS6 OAOOET CO
energy consumption.

- s A s~

This is anothetOA E £A£E A O1 06 C Ol ey Barier © Eshene@fshviod berakoA O
cannot betreated, at least in obvious and generic manner, by interventions of the nudging type.
Nevertheless,nudging can exploit theirsensitivity to thefinancial aspects of energselated
behavior andocus on thepossible direct monetary savingikat are feasible witrenergy-saving

Key points (Nudge) Description

intervention type
Concern about the Confronting Reminding of consequencesrompt the user to
environment, consider the consequences of e.g., increasing
awareness of target temperature of the thermostat or the air
consequences but lack conditioning, insisting on the extra cost it incurs.
of know-how to could bethe net increase of the bhill, projecting th
practically save energy impact of the action at monthly/annual level.

Prone to social influence energy consumers

The main goal with thigiroup of consumess to exploit their vulnerability to norms andsocial
pressure. Th idea of exposing users to social comparis@oneof the most explored ones in
experiments around nudgingncluding those related to mergy-friendly behavior Goal setting
programs on the other handareviewed asOi AOO xAUO O1 Al EArftOsatel 1 OOI
upon what they consume.

Key points (Nudge) Description

intervention type
Strong sense of Socialinfluence Enabling social comparisdaverage different means
subjectivenorms, (from written text and diagrams printed on a paper
average scoresio online social platforms andlynamic query responst
distinct differentiation systems) tdfacilitate the comparison with other peer
in other features (friends, neighbors, consumers of similarmrdegraphic

characteristic$.

Social influence Goal setting & commitmerget the consumers tgign
a formal commitmentto reduce the energy the
consune, many times in return of some (non
monetary) reward
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An additional check t@arry out when planning such interventions is the extent to which this group
of users is willing tehare data about their consumption and make it visible to atpeers (e.g.,
friends, neighborsor even more openly), also implying their processing frammercial entities
directly related to the energy provisioproviders, distributoryor third parties.

0.7

\ \ \
I class 1 [ class 2 [ class 3 M class 4 [ class 5[ class 6 [ lall

0.6

< < ot
w ~ &

Portion of observations

<
o

0.1

Friends Neighbors Provider/Distr 3rd party Govmnt
Data sharing

Figure37. Willingness withinenergy consumer classes and overallgshare chta abouttheir monthly energyusage

Figure37suggests that additional barriers exighis time to operationalize the aforementioned
interventions e.g., additional effort has to be invested forllexting data from this group of users.
Fewer than half of them (44.06%) are not willing to share monthly consumption data even with
friends of theirs, let alone with neighbors (41.05%) or the energy provider/distributor (30.18%).
Notably, even across th&nvironmentally conscious and wafbrmed energy consumekghich
emerges as the group with the comparatively stronger disposition to share monthly consumption
data, a good 40% resists sharing data even with their friends. Equally interesting is thindiact
people trust their governments less than the private sector (providers/distributors, -y
entities) on this matter.

Indifferent energy consumers

This is another difficulto-treat group. The original idea while specifying this class wasdlaie

users who perceive their sefffficacy to be low. The characterization of the group showed that
these users also share, on average, the lowest levels of environmental concern and energy
awareness and the lowest pressure from norms of any kind. Henaeh work may be needed with

this group of energy consumers on multiple fronts.
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Key points (Nudge) Description
intervention type

Low perception of self  Facilitating Default Turn energyfriendly operational settings o
efficacy and possible devices (thermostat, air conditioning equipment) ini
impact of personal defautOh O1 OAOA OEA Oddk
action, low concern and learning what is appropriate and what is not.

awareness about
environmental matters.

Reinforcement Feedback & awarenessgse tips, notifications,
marketing campaigns, to sensivitizhis group of
users and overcome their reservations about the
efficacy of their behavior.

Reinforcement Hedonic goalstress the big picture and the impact «
big things possibly with some exaggeratiotg render
energy-saving agoal.

5.4.Conclusions

We have carried out a segmentation study of energy consumelssng onself-reports of their
behaviors, beliefsnorms, and attitudesThe ultimate goal of this ggmentation was to identify
consumer segmets with loose intentions to save energy affakilitate the selection of proper
interventionsthat couldamend this.As mentioned in sectiod, the survey measured, fdhe first
time, alarge number of sychosocial construct§l5)that draw their origins into three distinct
theoretical models of human behavio®ne expectationabout this @peningd of the measured
construct spacewhich providesricher information about energy consumers at the psychosocial
level,is that itcouldbetter serve the goals of the segmentation study.

Thefindings ofour studyaretwo-f0ld in this respectOn the one hangwe couldspecify sk energy
consumer classegi.e., profiles of energy consumeérghat combine in distinct mannerthe
aforementioned constructsThese six classes range all the way from Environmentally conscious
and wdl informed energy consumers down to Indifferent energy consumarsl, with the
exception of the former, thegmbody characteristicthat serve as barriers towards energgving

but also others that motivate certain interventions for themOn the other had, standard
clustering techniquesised in literature for automated segmentation of observations (i.e., energy
consumers) tagroups with similar characteristics were not of much help in our cBsspite our
experimentation with a range of clustering afgithms and tying many different
parameerizations, including feature selection and transformation techniquéise obtained
clustering structuresoutinely sharedthe same patternthere would always be one cluster that
scored top in all 15 constructs (featuresie that would score second best in all features, one that
would score third best in all features and so blamely, no groups witlprofound differentiation
across the 15 featusecould be identified this waylhis is why in section 5.3 wellowed an
alternativeyet plausible approachwhich has a starting point the interventions at hand angiriori
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manuallyspecified energy consumegroups thatmake the intervention selectiomtuitive. This is
how the six energy consumer classes emerged.

An exhaustive experimentation with more clustering techniques (edgnsity-based or spectral
clustering techniques) would be needed befarencludingwhether clustering techniques as a
whole could be or could not beof help in our caseThe replyto this questionhas independent
theoretical interest and itprobably touches on the theoretical foundations of clustering that
determine how it works and what kind efusteringstructures it generates depending dhe data

it is applied to

The results of our studwill be used in later stages of the projan different ways. For instance,
they will inform the preparation of theco-creation workshops that wiltake place with pilot
participants They givesome concrete hints about possibd@ergy consumebehaviorsthat will be
met in the pilot triakbut also interventions thaare a priori relevant fothem. Then,the subject of
these cacreation sessionwill bethe operationalization of these interventions in ways that better
fit the user needs and particulacharacteristics Likewise, the study findings about the
psychosocial variablethat differentiate distinct consumer segmentare of direct interest to
stakeholders such asonsumer associationand energy providers, both within and outside the
project, in addressing their members/customerBinally, he studyaddsto the volume ofenergy
consumer segmentation studies in the scientific literature (8emex I}, giving new insightso the
problem, including methodological ones.
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Tablel2details specific intent, whil&able13looks at general intent. In both cases, we first

present our sociadlemographic variables (model 1a and 2a). This is followed by our three theory

of planned behaviour variables (model 1b and 2b). The third modéle series examines our
remaining attitudinal variables (modellc and model 2c). Finally, we present the complete
analysis, containing all variables (model 1d and 2d).

Age

Region (1)
Northern Europe
Southern Europe
Western Europe
Degree (2)

Upper secondary
Bachelor

Master

Doctor

Attitudinal Factors
Attitude
Perceived
behavioural control
Subjective Norms
FinancialConcern
Loss of comfort
Energy knowledge
Environmental
concern
Awareness of
consequences
Ascription of
responsibility
Personal norms
Constant
Observations

R?

Adjusted R
Residual Std. Error
F Statistic

Notes:

Table12 Linear regression with specific intent as outcome

Dependent variable Specific intent to reduce heating

Model 1a Model 1b Model 1c Model 1d
-0.003" -0.005™
-0.37" -0.10
0.32" 0.06
0.02 -0.12
0.01 -0.06
0.08 -0.07
0.10 -0.09
0.12 -0.12
0.16™ 0.14™
0.49™ 0.47"
0.33" 0.28™
0.16™ 0.10™
-0.18" -0.10™
-0.01 -0.05™
0.09” -0.01
0.07 0.01
0.004 -0.02
0.29™ 0.11"
3.35" -0.33 1.50™ 0.07
3,131 3,131 3,131 3,131
0.04 0.57 0.24 0.62
0.04 0.57 0.23 0.62

1.00 (df = 3122)
16.08" (df = 8;
3122)

0.67 (df = 3127)
1,399.52" (df = 3;
3127)

1: Reference categoryHasterrEurope
2: Reference category is Lower education

*p** p*** p<0‘001

0.90 (df = 3123)
137.3%" (df=7;
3123)
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Table13 Linear regression with general intent as outcome

Age

Region (1)

Northern Europe
Southern Europe

Western Europe

Degree (2)

Upper secondary
Bachelor

Master

Doctor

Attitudinal Factors
Attitude
Perceivedbehavioural control
Social Norms

Financial Concern

Loss of comfort

Energy knowledge
Environmental concern
Awareness otonsequences
Ascription of responsibility
Personal norms

Constant

Observations

22

Adjusted R

Residualstd. Error

F Statistic

Notes:

1: Reference category Eastern
Europe

2:Reference category is Lower
education

*p** p*** p<0001

Dependent variable

General intent to reduce

consumption

Model 2a Model 2b Model 2¢ Model 2d
-0.003™ -0.01™
-0.36™ -0.21™
0.11 -0.04
-0.25™ -0.22™
0.03 -0.04
0.15" 0.02
0.20™ 0.03
0.217 0.01
0.04™ -0.02
0.16™ 0.11"
0.13" 0.06™
0.19" 0.20™
-0.08™ -0.07"
0.04 0.05™
0.19" 0.14™
0.02 0.03
0.04 0.01
0.10™ 0.06™
423" 2.91" 2.07" 2.25™
3,131 3,131 3,131 3,131
0.10 0.12 0.28 0.34
0.09 0.12 0.28 0.34
0.70 (df =3122) 0.70 (df =3127) 0.63 (df=3123) 0.60 (df = 3112)
41.20" (df=8; 136.74" (df=3; 171.89" (df=7; 88.93" (df =18;
3122) 3127) 3123) 3112)
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Annex Il. Complementary material on clustering results

We report below some more experiments, with different parameterization, attempting to come
up with a segmentation of energy consumers usstgndard clustering techniques.

All.A Clustering with full feature set (15 featureso feature selection)

The parameterization of this experiment is as follows:

Feature selectiorNo feature selection is applied. The full set of 15 feat(see sectiord) is used.

Clustering algorithmk-means. The Euclidean distance is employed as the distance metric and the
number of clusters is given as an argument to &bgorithm.

Clustering fitness assessme8ilhouette score.
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Number of clusters: 3
Average Silhouette score: 0.29
Observations per cluster: {1: 1113, 2: 611, 3: 1405}

Number of clusters: 2
Average Silhouette score: 0.4
Observations per cluster: {1: 2242, 2: 887}
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(b) Silhouette values

, income and educational degree

ir age
number of clusters equals 2 (left column) and 3 (right column)

Box plots of clustetbased scores in the 15 features as well as the

Figure38
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Number of clusters: 4
Average Silhouette score: 0.29
Observations per cluster: {1: 717, 2: 871, 3: 1233, 4: 308}

Number of clusters: 5
Average Silhouette score: 0.26
Observations per cluster: {1: 1042, 2: 129, 3: 491, 4: 800, 5: 667}
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(b) Silhouette values

Figure39: Box plots of clustetbased scores in the 15 features as well as their age, inc@né educational degree
characteristics: number of clusters equals 4 (left column) and 5 (right column)

The quality of the resulting clustering structure can be summarized as follows:

Fitness The Silhouette scores are not improved in any tangibbey; they are rather worse than
those in section 5.2.3.2.1, obtained with the same clustering algorithm and parameters but with a
reduced subset of features, for all possible numbers of clusters.

Balance The sizes of the resulting clusters mostly sattbiy rule of thumb requirement (no cluster
should have fewer than 5% of the total observations). Only the experiment with 5 clusters, results
in one cluster (cluster 2) that violates this rule.

Structure: The results of this experiment follow the same patteeported in cluster analysis
(section 5.2.3.2.FFigure27and Figure28). Tre ranking of clusters across features is consistently
observed, asFigure38and Figure39%rror! Reference source not foundfor 2,3,4and 5 clusters
respectively

All.B Agglomerative clustering and standard feature selection

The parameterization of this experiment is as follows

Feature selectiorstandard basedon the Hopkins statisticThe best combination of 4 features is
selected such that the Hopkins score is maximized, ignoring the interventions. The selected
features set is {CONSEQ_AWARE, ENV_CONCERN, ASCR_RESP, INT_GEN}.
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Figure40: Box plots of clustetbased scores in the 15 features as well as their age, income and educational degree
characteristics (left) and cluster silhouette values (right): number of clusters = 3

Clustering algorithmAgglomerative. The Manhattan distance imployed as the distance metric
and the number of clusters is given as an argument to the algorithm.

Clustering fitness assessme8ilhouette score.

Figure40plots the per cluster scores in the 15 features and 3 sdemographic variables under a
3-cluster structure. The results with-eluster and Ecluster structures are similar and follow the
same pattern as in the other experiments discussed so far.

Fitness The Shouette score in this experiment is higher than all the experiments with 3 cluster
structures reported so far, scoring 0.48.

Balance The balance of the clustersless satisfactorygiven that there is one cluster (cluster 2)
gathering the vast majorityof the observations, while another cluster (cluster 1) has very few
observations violating the minimum rule of thumb of at least 5% of observations per cluster.

Structure The results of this experiment follow the same pattern reported in cluster analysis
(section 5.2.3.2, FHgures27,28). The ranking of clusters across features is obsehezd, aswell.

The green cluster (cluster 2) is the one to score higher in the features, with the yellow one (cluster
3) being the second in hierarchy and red cluster (clusteriipiting the worst scores
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1.The energy efficiency behaviour of individuals in large organisations: A case study of a
infrastructure operatqZierler, Wehrmeyer, & Murphy, 2017)

Study/scopeSurvey study about energgfficient behaviorin general (use of appliances, heating,
chargers etc). Exploratory factor analysis study

Participants mid and highsalary employees of the UK national rail company

Survey structure38 question items on-point Likert scale (not clear how they were chosen, i.e.,
with which constructs in mind); 9 additional statements represent (stateehavior(dependent
variable); 5 statements about demographic variables.

Methodology PCA with veimax rotation and Kaiser normalization (in SPSS). Three criteria used for
extracting constructs (factors): eigenvalue >1, at least three question items with loadings > 0.5 and
Cronbach alpha > 0.6 over all items with loadings > 0.4

Ten constructs/factors are derived. 35 out of 38 items are uniquely mapped to only one construct
(two items load high on two questions). Eventually, six out of the 10 constructs (with Cronback
alpha> 0.6) are retained for dter analysis: Technology Adoption Norms, Benefit Evaluation,
Energy Intentions, Goal Flexibility, Energy Awareness and EnergyEsahcy

Clusteringesults The input to the clustering task are the scores of participants to the 6 constructs
that came out of the PCA. They apply a thvel method with logdistance as metric5 clusters
emerged:

O4AAETTITCEAAT 3AADPOEAGS rgySdifEsfdacy, BedditiEya@ation] ahdx OA
Energy Intentions, and no particular high scores. Interpreted as a group who neither feel able nor
willing to save energy, and cannot see the economic or environmental benefits to the company of
doing so. The onlygluster which groups together both low Energy Intentions and low Benefit
Evaluation, suggesting this as a key defining feature for this cluster.

OnALEAEMAIAIL CcOT 6P j wasamdgqg OAT OAA OAOU EECEI
for Energy SdtEfficacy, with no particularly low scores. This cluster identifies individuals with the
highest awareness of energy efficiency campaigns who feel that energy savings are relatively easy
for them, but not necessarily those with the highest intention tosto It perhaps represents those

with the best (perceived) access to information.

O" AOOEAO 3AT OEOEOAS CcOiI 6P j1 BXQih wwsaxmq OAT O
but have low scores for Energy Awareness, Energy-Biiiacy, Technolog Adoption Norms and
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Goal Flexibility. This grouping of Factors suggests a personal intention to save energy and a high
level of support for energy efficiency measures, but may be held back by a perception that the rest
of the organisation needs to adopethnologies faster, and that their personal efforts to save
energy will therefore have minimal effect.

O/ OCAT EOAOGET T AT "AOOEAO0O0S 1 hi ah -Eficag/@nddiryOAT O 4
high for Benefit Evaluation, but exhibit low scorfes Energy Intentions, Energy Awareness, and

Goal Flexibility. Of all the clusters, this group had the lowest overall intention to save energy in
future, but the highest perceived ease of doing so at a personal level, particularly in economic
terms. Thissuggests that this group may perceive conflicts in desired performance goals as a
reason for not pursuing energy efficiency efforts within the business.

O"ATAZEZEO 3AAPOEAG j xY8imq EAOA EECE OAT OAO £
Energy Sdf-Efficacy, and Goal Flexibility, and low scores for BenEfialuation,and Energy
Awareness. The exceptionally high score T@chnology Adoption Norms suggests that this group
receives the highest perceived technological support from the company, hetlow Benefit
Evaluation score implies that they are not necessarily in agreement that energy efficiency is a
worthwhile use of company resources.

Comments/thoughts

(a) A possible correspondence between the factors derived by PCA amtis¢ructs in our study

is:

Technology Adoption Norms not clear mapping, partial correspondence to Social Norms
Benefit Evaluations Environmental Concern AND Financial Concern AND Consequence
Awareness

Energy Intentionss Attitude

Goal Flexibilityyg No mapping

Energy Awareness Energy Awareness

Energy SeHEfficacys PerceivedBehavioralcontrol

(b) One variable is used for Benefit Evaluation, including both Financial Concern and Environmental
Concern.

2. Who puts the most energyto energy conservation? A segmentation of energy consumers based
on energyrelated behavioural characterist{&oetterlin, Brunner, & Siegrist, 2011)

Study/scope Study based on emailed questionnaird$he aim was to derive a segmentation of
customers that is suited to mapping measures/interventions/marketing campaigns.
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Participants Random sample of Swiss householdsis emailed 1506 returned out of 3200+ sent
out, 214 with missing values, a total D292 responses were subsequently processed.

Survey structure organized into seven sections addressing enesgying efforts; motives;
acceptance of policies; energy beliefs; general energigted attitudes; energyawarenessand

socio-demographic vaables. Several items score in scal®, 5ome others are binaryD

They distinguish and measure curtailmenehavior(related to habits and everydayehaviorn and

once-done action (such as purchasing eneff§icient products) in various domains (fodthusing,

mobility). They also question the acceptance of different policy measures.

Methodology The clustering features (variables) are 17, including both what we could call
independent (factors influencingoehavion and dependent variables (actual eggfrelated
behavior). With regard topsychasocialvariables, they adopt the VBN model constructs (ascription

of responsibility, awareness of consequences and personal norm) and add to it factors such as social
norms, personal comfort, perceived sadfficacy and personal efficacy (reminiscent of perceived
behaviorcontrol) and perceived response efficacy (belief that a specific measure will have a positive
outcome). They also (directly) measure financial concerns and environmental concerns, as well as
the perceived social pressure for a total of 11 psychosocial variabéy use hierarchical clustering
(agglomerative) with the Euclidean distance serving as the distance metric and Ward's method for
driving the clustermerging process. The fitness is measditbrough the clustering coefficient.

Clustering resultsThey end up with six clusters, 5.3% is the smallest one (around 60 consumers)
and 26.4% the layest (around 330 users).

O) AAAT EOOCEA %):fhéyGtbre3oh & 8 @i»d11 psyclosial constructs and come

only 3rd in the financial concern variable and 6th in perceived social pressure.

They show the most energgaving efforts based on both curtailment and energy efficiency
behaviorand fully acept policy measures in terms of sales and use regulations.

O3 A1 £ AGO ET AT 1T OANOGAT O AT AOCU OAOAOOGSE j wasl mc
Ppi 1 EAU OAcCOI AGETTO0h DBOITTOTAAA AxAOAT AOGG 1T £ |
saving ations; on the other hand, their energgaving efforts, in particular with respect to
curtailment in food domain and energy efficiency in the housing domain, seem rather
inconsequential. Their median scores in the 8 pure psychosocial constructs rank 2meags 3rd.

They are 3rd and 4th in financial and environmental concern and second last in perceived social
pressure.

O4EOEEOU AT AOCU OA &dkastighlyjenghge i@ enerBp0iBg/Efios ad oy O C U
as they involve no financial disadvages. Accordingly, they disapprove policy measures based on
sales or regulations that are associated with additional financial efforts. Their ersagyng efforts

are, in general, rather extrinsically motivated, since besides financial consideratiays also
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experience the most social pressure to engage in eneaa@yingbehavior. The group scores in the
psychasocial variables rank in positions42(3 times 2nd, 3 times 3rd, 2 times 4th).

They have top scores in financial concern gceived social pressure (1st) and environmental
concern (2nd).

O- AOAOEAI EOOEA AT AOCU Adaling éitbris, @spécially W theddmmaths o A x A
mobility and food. Energasaving actions based on energy efficiency measures in the housing
domains, however, are considerably pronounced. Policy measures with possible financial
consequences are less accepted. If they engage in ersagingbehavior, this is mainly due to
financial considerations.

They hold rank no 4 in almost all variablésefy are 2nd in financial concern and 3rd in personal
efficacy)

O#1 1 OATI GRRAAAA ET AEAZAOAT O AT A O otientediindifie@it A OO 6
energy consumers are least likely to engage in enesgying actions. They largely ignore the fact

that the increase in energy consumption and its consequences constitute a serious problem for
society, and they neither feel jointly responsible for the present energy situation, nor have energy
consciousness anchored in their personal norms. Thrhavia is less driven by financial
considerations than by concerns regarding personal comfort and convenience. Restrictive political
regulations and interference are strongly disapproved of. They have the worst score in all constructs
(8+3) and the lowest score statedbehavior.

00 OT -Awark welbeingl OEAT OAA AT AOcuUu AT 1 001 AOOGG j XxQ8am
saving actions. Their awareness of consequences is rather pronounced and they believe that their
energy-saving efforts can make a difference. Wever, they still do not feel obliged to avoid
unnecessary energy. Furthermore, they consider their ability to perform enseyng behaviors

as rather limited. A possible loss of comfort and convenience constitutes a barrier to their
engagement in energygaving effortsput on the other hand, they perceive a certain social pressure

to save energySecond worst replies to most variables except for consequences of awareness (3rd)
and perceived social pressure (2nd).

The proposed interventionper clusterare:
Idealistic energy savers no special measure needed, just keep their interest warm through
reminding them the energy situation, related problems etc

Selfless inconsequent energy saversnore emphasis on trustworthiness of information and
sources, iformation at sales/action points through brochures and expert info

Thrifty energy savers lowest income and with financial concerns, information campaigns
stressing the financial consequences of enesgwing measures

Note: This class of users is defirieldaracterized with respect to itbehavioracross different
domains (food, transportation, energy) and depends on the different repokteddaviorsin each of
them.
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Materialistic energy consumaersfinancial incentives, subsidies, rewards, campaign tha¢rgy
savings and quality of life are not incompatible.

Convenience oriented indifferent consumeEvoke curiosity and address their desire for pleasure
and novel experiences

Comments/thoughts

(a) The study includes/measures the VBN variables we have in our model plus a set of variables that
we have covered under TPB and its antecedents, even without explicit reference to the TPB model.
There are no variables from the Prototype Willingness model

(b) The clusters exhibit a trend towards uniform ranking across all psgobi@l variables, at least
in the 8 basic ones. The Perceived social pressure (~SN) and the Financial Concern, mainly, break
this uniformity.

3. Are you an energy saver at home? The personality insights of household energy conservation
behaviors based on theory of planned behgioy et al., 2021)

Study/scopeSurvey study aiming to explore the effects of Big Figespnality traits on the energy
savingbehaviorof residents based on the extended theory of planrhavior(TPB).

Participants], XXXi OOO0OOAU PAOOEAEDPAT OO ET B8EBAT h #E

Survey structurel119 valid survey responses out of 2276 participants. Demograjaniables
included age, education, income, marital status, and occupation. The questionnaire employed in
this study has four parts: (1) typical household enesgyingbehaviors (2) psychological factors
affecting energysaving behaviors (3) fivefactor personality traits, and (4) socidemographic
information.

Methodology k-means used to cluster participants into four groups: i) positives, ii) temperates, iii)
conservatives, iv) introverts

Three stepgake place as follows
i) SEM to exam the vility of the theoretical framework

i) Cluster the respondents using hierarchicainkans according to personality characteristics.

Oi AAO T &£ A1l OOOAOO AAOAOI ET Eiclidéatdistarge. 7 AOAG O 1 A
i) Group analysis to compare the psychological drahavioralcharacteristics across clusters.
ANOVA takes place to determine whether TPB factors and household ersagiyngbehaviorhave
significant differences based on the cluster analysis resultsnTheomparison of TPB attributes
and household energgavingbehaviorsis executed to find out the differentia of each cluster.
Secondly, the study conducts SEM on analysing the psycholog-icabelmalvioralpatterns of each
Al OOOA O3 O OA Omrkdlthe AHa@derisfick éf eadh cluser with the overall model to
explore thebehavioralfeatures of different clusters.
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Clustering resultsThe following five personality attributes have been used for clustering:
Extra-version, Agreeableness, Conscienisness, Neuroticism and Openness
4 clusters emerged:

Positive people (n=169) have the highest score in most personality components: conscientiousness
(i.e., 1.534), agreeableness (i.e., 1.407), openness (i.e., 1.375), and extra- version (i.e., @850). Th
have the lowest neuroticism score (i.e., 1.607), which suggests their highest emotional stability.
Positive re-spondents have higher seéliscipline and friendliness than others, and they usually
have no persistent negative emotions.

2. Temperate peopl@ © 1 PYWi q "EC &EOA 0AOOITAI EOU 40!/
balanced, and their personality trait scores are higher than the average. The extent of neuroticism
(i.e., 0.755) and extraversion (i.e., 0.555) is relativigly within the Big Fie personality traits. The
Temperate individual is highly perceptive and likes to communicate with others actively, but their
emotions are reacting strongly with life experience changes.

3. Con-servative people (n=391) have a high score on neuroticisiO(iL&7), while its other Big
&EOA DPAOOTT AT EOU OOAEOO AOA AAIT T x AOAOACAS
AT 1T OAEAT OET OO1 AGO j EB8A8h ¢ ®8¢1nq AOA 1T xAO O
to the routine and reservation and ar@sly influenced by the external envi-ronment.

4. The cluster of introverted (n=330) has higher neuroticism (i.e., 0.160) and openness (i.e., 0.143)
ATA 1T xAO ACOAAAAI ATAOO jE8B8A8h ¢ ®8YXiqQ AT A
cluster seem to have passive emotion regulation and response but are willing to accept new
perspectives.

Comments/thoughtdhis studyconfirmsthe differences in terms of energy savibghaviorsacross
the four groups otnergy consumersaccording to their persoality characteristicsAn interesting
outcome of the clustering analysis is that the pattern of ranking of clusters across feaapeged
in our cluster analysis (section 5.2.3.2.1), appears in this study ag-igeites 6,7).

4. What makes people seal the green power deallustomer segmentation based on choice
experiment in Germarfyabu, Hille, & Wistenhagen, 2014)

Study/scopeThis study aims at identifying the drivers that niwdite consumers to subscribe to
green electricity tariffs. The main goal of the research is to provide an estimation of the size of the
market that could potentially be reached with green electricity products. A great focus has been
given to determine thdactors that differentiate the consumers that have already subscribed to a
green electricity tariff (Adopters) and those that display strong preferences towards a green
electricity product without having completed a subscription (Potential Adopters).

Surveg structureBased on the 4968 experimental choices of a sample of 414 German consumers,
different consumer segments were identified based on their preferences for different electricity
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product attributes. The survey data were retrieved by a previous nesedach participant
received a series of 12 choice tasks involving comparisons of different electricity products with
varying levels of attributes. Each question includes a choice of electricity products depending on 7
different characteristics. The vables included socidemographics (age, gender, income,
education, household size, et@hd behaviorajuestions related with practical examples of energy
saving awareness and willingness to adopt aiming at eliminating the hypothetical bias of providing
more generic and common answers to the questions

Methodology A latent class analysis is carried out, with the range of clusters ranging from two to
five. To determine the best model fit, four criteria are mainly used; Percent Certainty (Pct Cert),
Consisent Akaike Information Criterion (CAIC), &yquare and Relative Gkguare. One segment

was excluded and formed a cluster prior to the latent class analysis, as described below. The rest of
the consumers were separated into four more clusters, formingtafive clusters in total.

Clustering Results: The consumers are categorized into 5 clusters as follows:

- Adopters (n=29): 29 respondents were already subscribed to a green electricity tariff, and
therefore, characterized as Adopters.

- Potential Adoptes: These profiles are described as Potential Adopters based on their
preference for green electricity products. They can be further categorized as:

- Truly Greens (n=117):Truly Greens demonstrate similar product attribute preferences to
Adopters.

- Price Sesitive Greens (n=78): These consumers put some emphasis on the electricity mix,
but mainly take into account the monthly electricity costs.

- Local Patriots (n=108): Local Patriots show the strongest preferences for local electricity
generation compared to all other clusters. Members of this group also consider the monthly
electricity costs to be the most important product attribute.

- Likely NonAdopters (n=82): This segment is the most premnsitive and takes into
consideration the cost of the monthly electricity product. The members of this group are
the least likely to choose to buy green electricity due to its higher price.

A further analis is carried out to evaluate whether significant differences appear across different
clusters based on socidemographic characteristics. Some of them (gender, age, household net
income and household size) were similarly distributed across the fiveethiekcept from the level

of education (Adopters were higher educated). In addition, the average net income of the Truly
Greens was significantly higher than that of Price Sensitive Greens and Local Patriots. With regard
to psychological characteristicsegments with a high preference for electricity mixes sourced from
renewable energy are characterized by a higher degree of concern for issues related to climate
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change. Potential Adopters also believe that science and technology will improve many
environmental issues without requiring changes in our ways of living.

Comments/thoughtsThis study does not directly examine the energy saving behaviour of the
consumers. It mainly focuses on their willingness to subscribe to green electricity tariffs, a factor
that combines attributes related to both their environment and financial concerns in order to
change their behaviour. The findings are very interesting, by confirming the previous literature and
providing some new characteristics that seem to play an intguatrrole in order to promote energy
efficient policies in the future.

Annex IV. Statistical abbreviations

Table14: Abbreviation table br statistical terms used throughout the document

Abbr. 3O0AOEOOEAOSE OAOI
Cl Confidenceanterval

F FOAOO 1 O &EOEAOBO0 & OAOEI
ANOVA Analysis of variance
SE Standard error
R?> Regression
R Pearson's product moment correlation coefficient
M Mean
OR Odds ratio

A1 D E Significance level of a hypothesis test (also type | error rate).
n Sample size
p p value / value of statistical significance
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Annex V. Survey dissemination strategy

We present below some of the material that was used to contact different stakeholders for the
prupose of raising awareness about the survey.

A5.1Sample email for contacting energy sector stakeholders

Dear Sir/Madam,
| hope this email finds you well.

| am writing to you on behalf of the Italian consumer organizatioritadinanzattiva- Active
Citizenship Network

As you might alreadknow, we are currently engaged in a European initiative focused on energy
transition and theactive role of citizens in achiewgra lowcarbon futureacross Europe.

The project, funded by the EU H2020 progral®© A AUDidyAon@imers towards enerGy
Efficiency through behavioral scienée § . 5% ' %Q8 ) OO0 | AETyugiéagnithe EO
potential of behavioral interventions towards achieving higher energy efficiency, paving the way
to the generalized use of such interventions as a worthy addition to the pafiaking toolbox

At this stage, we are engaged in the disseminatiaf an online survey that will allow us to learn
how European citizens consume and save energy in their households. Consequently, and given
your commitment to energy issues, it would be great if you could participate in the survey!

The survey is availablonline in 14 different languages.
Click thisink, select the language you prefer, and join the survey now!

To find the questionnaires in all the availaldaduages, you canlick here
Thank you in advance for your help!
Best regards,

Manuela Amadori
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https://www.cittadinanzattiva.it/
http://www.activecitizenship.net/
http://www.activecitizenship.net/
http://www.activecitizenship.net/files/clippings-web-press-articles/The_Innovation_Platform_ISSUE_3_2020-09.pdf
https://www.nudgeproject.eu/
https://www.nudgeproject.eu/
https://ghentunipss.eu.qualtrics.com/jfe/form/SV_0BNIaYZmySIeWRD?Q_Language=EN
http://www.activecitizenship.net/consumers-rights/news/381-nudging-consumers-towards-energy-efficiency-through-behavioral-science.html

@uncs

Nudging consumers
towards energy efficiency
through behavioural science

A5.2Hyers prepared for raising awareness about the survey

Flyer 1

Flyer 2
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