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Abstract

Introduction. The building sector is responsible for about 40% of total energy usage in the
European Union, of which 60% can be attributed to residential building energy consumption.
Further, the gap that persists between predicted and actual energy consumption of buildings
presents an issue for investors. This gap can be partly explained by occupant behaviour not
being considered when estimating energy performance of buildings. Hence, this research
investigates the influence of bioclimatic conditions, habits, and moral licensing on occupant

behaviour.

Theoretical background. Bioclimatic architecture, habits, and moral licensing are the
theoretical foundations of this research. Bioclimatic architecture refers to a sustainable way of
designing buildings that considers the local environmental context of the building (e.g.,
bioclimatic conditions such as the orientation of a building, solar radiation, or ambient
temperature). Habits are unconscious behaviour that is triggered by environmental cues and
plays an essential role in energy consumption. Moral licensing describes the cognitive process
in which humans justify acting morally wrong without feeling guilt by having acted morally right

previously. It is a cause of rebound effect.

Methodology. To research the influence of bioclimatic conditions, habits and moral licensing
on occupant behaviour, a quantitative cross-sectional research design was chosen. Data is
collected through a survey questionnaire (N = 545) and supplemented by archival data.

Further, data is analysed through multiple linear regression.

Results. The results show 7% of occupant behaviour is explained by certain bioclimatic
conditions, while 17% is explained by psychological mechanisms. In terms of psychological
mechanisms, habits have a larger relative influence on energy-consuming behaviour than
moral licensing. Lastly, psychological mechanisms can predict occupant behaviour to a larger

extent than bioclimatic conditions.

Discussion. The effect of bioclimatic conditions on occupant behaviour was weaker than
expected. A potential explanation for this is the small size and the lacking variety in climatic
conditions within the Netherlands. Although some limitations to the research were identified,
it presents the first attempt at predicting energy consuming behaviour through bioclimatic
conditions of residential buildings and psychological mechanisms which can guide future

research.

Conclusion. The findings of this research added to the knowledge on energy-consuming

behaviour and how it is influenced. Architects, energy consultants for the built environment



and policy makers can all include the insights of this research to help bridge the gap between

predicted and actual energy consumption of buildings.



Executive Summary

This executive summary provides an overview of the key findings and implications of this
master’s thesis, titled “The influence of psychological mechanisms and buildings’ bioclimatic
conditions on occupant behaviour”. This research was linked to a research internship at
Space&Matter, a sustainable architecture and urban design office in North-Amsterdam. The

research questions that were answered were:

1) How is occupant behaviour influenced by the bioclimatic conditions of the residential
building they are in?
2) How conscious or unconscious is occupant behaviour? And hence, to what extent can

occupants be held responsible for their behaviour?

Bioclimatic conditions and occupant behaviour. The results of Analysis 1 showed that 7%
of energy-consuming behaviour can be robustly explained by two building orientations (i.e.,
East and West), as well as the need for artificial light and the average wind speed around an
occupant’s home. An Eastern or Western orientation of the building was linked to more energy-
consuming behaviour. Additionally, the need for artificial light due to the lack of natural daylight
was linked positively to occupants’ energy-consuming behaviour. On the other hand,
increased average wind speeds were negatively associated with energy-consuming
behaviour. Lastly, when energy efficiency decreases (lower energy labels), energy-consuming
behaviour decreases too. In other words, the worse the energy label, the less energy-
consuming the occupant’s behaviour is. This is in line with the prebound effect that explains
why buildings with worse energy labels consume (on average 30%) less energy. This can be
linked to occupants being conscious of the energy performance of their building and hence,

behaving more economically when the energy performance is worse.

Psychological mechanisms and occupant behaviour. The results of Analysis 2 showed
that 17% of energy-consuming behaviour can be robustly explained by habits and moral
licensing (i.e., the two psychological mechanisms that were considered). Both habits and
moral licensing were positively related to energy-consuming behaviour. Hence, the more
habitual the behaviour, the more energy-consuming it is too. Equally, the more moral licensing

is used, the more energy-consuming the behaviour of the occupant.

Combination of bioclimatic conditions and psychological mechanisms. Overall,
psychological mechanisms are a stronger predictor of energy-consuming behaviour than
bioclimatic conditions. However, the weak effect of bioclimatic conditions could potentially be
explained by the little variation in climatic conditions within the Netherlands. Indeed, the

Netherlands is a small country with a relatively stable climate. Hence, the same bioclimatic



architecture principles can be used for architectural projects within the Netherland. However,
the same might not hold for architectural projects in countries with a very different climate or
with more variation in bioclimatic conditions. For example, one of the projects of Space&Matter

was located in Abu Dhabi, where climatic conditions differ greatly from the Netherlands.

Research quality. This research presents the first attempt at predicting energy consuming
behaviour through bioclimatic conditions of residential buildings and psychological
mechanisms. A substantial dataset (i.e., 545 data points) was created which groups data on
energy-consuming behaviour, bioclimatic conditions of residential buildings, habitual
behaviour, and the use of moral licensing. The sample was representative of the student
demographic in the Netherlands. E.g., the presence of 55.3% of females in our sample is in
line with the national average, i.e., 54% of female students at university and 53% in higher
professional education enrolments (CBS Statistics Netherlands, 2023). Also, the rather equal
split between Dutch citizens and internationals reflects the reality of the student population in
the Netherlands. Additionally, data was gathered from diverse locations across the
Netherlands. Therefore, results are generalizable to the population of residential occupants in

the Netherlands, and hence, external validity is high.

Recommendations. For architects and designers, the results imply that bioclimatic conditions
and underlying psychological mechanisms can be consciously considered when designing
buildings. In terms of habits, they should consider that familiar environments trigger learned
habits, which can be inefficient. By considering these points, buildings could be designed such
as to optimise energy-consuming behaviour. Space&Matter already involves future occupants
in project with the aim to build thriving communities. By integrate the knowledge gained
through this research on occupant behaviour and how it is influenced, the design of their
projects can be further improved and include occupants even more. Finally, Space&Matter
works with an ecosystem of experts (e.g., energy consultants, biologists and ecologist,
municipalities, etc.) to come up with sustainable and innovative projects. Hence, by sharing
the gained knowledge with this ecosystem of experts, the practical value of this research can
be maximised. Indeed, energy consultancy firms advising architecture offices on the right
active and passive energy strategies to use for buildings can take occupant behaviour also
more consciously into account to bridge the gap between expected and actual energy
performance of buildings. Policy makers can integrate the results of this study into the updating
of current building norms and regulations. By considering the latest knowledge on occupant
behaviour and what influences it, building regulations and norms would stay up to date and

could potentially work more effectively toward CO2-emission reduction goals.

In conclusion, occupant behaviour is complex and hence often not considered accurately

when modelling energy performance of buildings or designing buildings for occupants. This



research advanced knowledge on how energy-consuming behaviour within residential
buildings is influenced by bioclimatic conditions and psychological mechanisms. It is now
better understood, and this research constitutes a first step towards the accurate integration
of occupant behaviour in building energy performance modelling, but also an additional step

for the appropriate consideration of occupants in architectural projects.



1.Introduction

1.1 The Building Sector and the Energy Crisis

The continuously growing energy demand, the highly volatile energy prices, and the need to
save energy used in buildings from an environmental perspective call for EREfGYNETfiCIEREY
@EESHES in the building sector (Markiewicz-Zahorski et al., 2021; Zakeri et al., 2022). Indeed,
energy efficiency is recognized as a cost-effective way to reduce energy demand related CO-
emissions in all end-use sectors (Balaras et al., 2007), and improve €energy security by
reducing the dependence on foreign energy supply (Trotta, 2020). Additionally, a switch from
fossil fuel to renewable energy while improving energy efficiency is necessary due to the
current climate crisis. In that sense, the building sector offers a great opportunity to save
energy and reduce the environmental impact of humanity on nature. In the European Union
(EV), the GHIGIRGESESIE) is considered the largest contributor to energy consumption,
accounting for up to 40% of the total energy usage (Berardi, 2017; Foucquier et al., 2013) and
a third of total energy-related CO; emissions (Balaras et al., 2007; Masseck, 2011; Pajek &
Kosir, 2021; Soares et al., 2017; Tzikopoulos et al., 2005). Therefore, ample attention is given
tolenergy-saving investments in the building sector in the EU, e.g., by setting goals to reduce
COs- levels of buildings by 90% until 2050 (compared to 1990), by introducing the Energy
Performance of Buildings Directive (EPBD) or requiring new buildings to be Nearly Zero
Energy Buildings (nZEB) (Berardi, 2017). The main opportunities to save energy in buildings
in the short and medium term come from retrofitting the existing EU building stock, as its
turnover is particularly low. Once buildings are built in the EU they stay operational from 50 to
more than 100 years and are therefore only slowly replaced (Balaras et al., 2007; Berardi,
2017; Grillone et al., 2020). Further, residential buildings are important to focus on as they
make up 60% of the total energy consumption of the building sector (Foucquier et al., 2013).
Retrofitting of buildings changes their structure or systems after the initial construction and is

estimated to save up to 33% of energy (Balaras et al., 2007).

1.2 Building Energy Performance Gap and Occupant

Behaviour

Unfortunately, there tends to be a significant difference between the actual and predicted

énergy consumption of buildings (i.e., ClSIgYINSHOIEREEITEP), c.g., retrofits not meeting the
predicted energy savings (Galvin, 2013). This brings frustration to parties investing largely in

energy efficiency measures of buildings, such as housing corporations. If investments fail to
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pay off due to this gap, this can lead to a decrease in energy retrofits, which poses a societal
issue. The gap can be (at least partially) explained through the prebound and rebound effect.
In the prebound effect, buildings predicted to consume high amounts of energy, often consume
(about 30%) less than predicted, due to occupants behaving more economically than
modelled. The rebound effect describes the opposite phenomenon, where low-energy
dwellings, i.e., buildings with a better energy performance certificate (i.e., energielabel in the
Netherlands), tend to Consume more energy than predicted or modelled. This is due to energy
savings being cancelled through increased consumption, e.g., excessive use of LED light
bulbs (Sunikka-Blank & Galvin, 2012). Consequently, occupant behaviour is one of the key
determinants of the energy efficiency of buildings (Masseck, 2011; Pajek & Kosir, 2021;
Soares et al., 2017; Tzikopoulos et al., 2005). Both moral licensing and habits can cause
inefficient energy consumption. Moral licensing is the cognitive process in which humans
justify acting morally wrong without feeling guilt by having acted morally right previously
(Dutschke et al., 2018; Simbrunner & Schlegelmilch, 2017). This has been recognized as a
potential cause for rebound effects (Ditschke et al., 2018). Habits, a type of unconscious and
automated behaviour that is triggered by certain environmental cues (e.g., bioclimatic
conditions) (Martin & Morich, 2011), can equally lead to inefficient behaviour (Pierce et al.,
2010). Even though occupant behaviour is a crucial part of energy efficiency in buildings, its
modelling is poor (Markiewicz-Zahorski et al., 2021; Sunikka-Blank & Galvin, 2012; Vazquez
etal., 2011) and psychological processes behind human behaviour are typically not taken into

account or well understood.

1.3 Energy Efficiency and Bioclimatic Architecture

Literature suggests taking buildings’ bioclimatic conditions (i.e., their environmental context
such as orientation, incoming solar radiation, ambient temperature, etc.) into account when
constructing or retrofitting them to optimise energy efficiency. Bioclimatic architecture deals
with improving energy efficiency by assessing the local bioclimatic conditions (Manzano-
Agugliaro et al., 2015) to optimize the use of both passive (e.g., daylighting, south-facing
windows for heat, natural ventilation) and active (e.g., solar panels, wind turbines, electric
lights) energy strategies (Masseck, 2011; Pajek & Kosir, 2021; Terrados & Moreno, 2014).
Bioclimatic buildings may consume up to 10 times less heating energy than conventional
buildings in the EU (Tzikopoulos et al., 2005). However, if a building’s bioclimatic conditions
are not carefully assessed and its energy performance is not carefully modelled, there is a risk
to decrease overall energy efficiency (Masseck, 2011). As mentioned before, one component

that is rarely modelled and understood is occupant behaviour (Pajek & Kosir, 2021;
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Tzikopoulos et al., 2005). As (inefficient) behaviour can be influenced by external factors (e.qg.,
bioclimatic conditions) and justified through certain psychological processes (e.g., habits or
moral licensing), it is necessary to better understand the link between bioclimatic conditions

of buildings and occupant behaviour.

1.4 Research Question

In conclusion, bioclimatic architecture principles can guide the retrofitting of the existing
building stock in the EU to achieve energy efficiency goals. For these (bioclimatic) retrofits to
be successful, it is necessary to model their energy performance. Further, to have an accurate
energy performance prediction, it is necessary to understand occupant behaviour which can
be linked to buildings’ bioclimatic conditions. Lastly, this behaviour can either be unconscious

or an outcome of conscious reflections. Therefore, the research questions are:

1) How is occupant behaviour influenced by the bioclimatic conditions of the residential
building they are in?
2) How conscious or unconscious is occupant behaviour? And hence, to what extent can

occupants be held responsible for their behaviour?

2.Theoretical Background

2.1 The Current State of Building Energy Performance
Modelling

As mentioned previously, the energy performance gap is a reason for investors (e.g., housing
corporations) to stop investing in sustainable retrofits, as their return on investment is either
diminished or delayed. To better understand why the energy performance gap persists, it is
necessary to analyse the current state of energy performance modelling. Part of energy
performance modelling is focused on the prediction of energy savings used to recommend
retrofitting strategies (Grillone et al., 2020). Within this modelling category, different
techniques, which are extensively reviewed by Grillone et al. (2020), are used to choose the
most optimal energy efficiency measures. The methods described are either data-
driven/statistical, deterministic/physics-based, or a hybrid form of the two. Behavioural
changes in occupants can define the success or failure of energy efficiency measures (Lee et
al., 2015). Even though it is such an important characteristic of energy performance in

buildings, occupant behaviour is extremely simplified in predictive models, which adds to the

10
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energy performance gap issue (Markiewicz-Zahorski et al., 2021; Sunikka-Blank & Galvin,
2012; Vazquez et al., 2011). The only type of “behaviour” that is taken into account in such
models is usually the @ccupancy rate, i.e., the ratio of total used space versus total available
space (Grillone et al., 2020), or broad averages (Markiewicz-Zahorski et al., 2021) because of
its complexity and difficulty to quantify (Soares et al., 2017). In other models, behaviour is
either set as constant (Pajek & Kosir, 2021) or not taken into account at all (Tzikopoulos et al.,
2005), limiting the effect of behavioural changes on predicted building energy performance. In
conclusion, the current state of energy performance models does not yet sufficiently
understand and integrate occupant behaviour in simulations, proving the importance of this

research.

2.2 Bioclimatic Architecture and Bioclimatic Conditions

As bioclimatic architecture is not a commonly known term, it is necessary to define what is
meant by it, as it guides this research. GiSGISHCIEIGRIESHES rcfcrs to a Sustainable way of
designing buildings by taking into account the characteristics of the plot of land of the building,
the characteristics of its neighbourhood, the local topography and the microclimate
(Almusaed, 2011). The goal of bioclimatic architecture is to use as little energy as possible,
i.e., optimizing buildings’ energy efficiency (Almusaed, 2011; Bajcinovci & Jerliu, 2016) but
also to guarantee human comfort conditions (Bajcinovci & Jerliu, 2016). As stated by Watson
(2013), bioclimatic design tries to cover “heating, cooling and daylighting needs for comfort,
health and safety when all power sources are off” (p.2). Hence, occupants are not expected
to intervene to improve their comfort. Energy savings from bioclimatic design can be made
during the construction phase by sourcing local materials (Tundrea & Budescu, 2013).
However, most energy is saved in the operational phase of the bioclimatic building
(Tzikopoulos et al., 2005). The term bioclimatic combines biology and climate, as this type of
architecture tries to fulfil the biological needs of beings (both human and non-human) - e.g.,
healthy indoor environments and thermal comfort of humans, as well as environmental
protection of non-human beings — but also adapts the design of buildings to their local

microclimate.

There are certain GiSGiNSCISICRESHIEINNRGIEIES guiding the choice of design strategies.

The most basic bioclimatic design principles are the following two: 1) during cold periods, heat
loss through the building envelope (i.e., the building skin/shell) is limited and solar heat gain
is promoted; 2) during hot periods, solar heat gain is limited and loss of heat through the
building envelope is promoted) From these two basic principles, other sub-principles can be
derived (see Watson, 2013). Understanding the GiSSIRSHSIESREESEES (i.c., the environmental

11
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context) of the building results in applying these principles to make choices of design
strategies (Watson, 2013). Examples of bioclimatic conditions include Solar radiation, wind
speed and direction, temperature, vegetation, and relative humidity. The design strategies can
be divided into active and passive energy strategies. Usually, bioclimatic architecture tries to
optimize the use of passive energy strategies (Manzano-Agugliaro et al., 2015; Pajek & Kosir,
2021). However, these are often coupled with active energy strategies to improve the overall
sustainability of buildings (Masseck, 2011; Pajek & Kosir, 2021; Terrados & Moreno, 2014)
and their self-sufficiency (Masseck, 2011).

The terms active and passive energy strategies are generally used in the context of low-energy
buildings. Buildings can be considered low-energy when they have an energy consumption of
150kWh/m?y or lower (Sunikka-Blank & Galvin, 2012), i.e., an energy performance certificate
equivalent to A or higher (Ministerie van Binnenlandse Zaken en Koninkrijksrelaties, 2023).
ACHVEISIFAtEgies consist of technical devices that are either used for generating and supplying
renewable energy or for converting resources more efficiently. Examples include mechanical
air-conditioning, heat pumps, solar panels, electrical lighting, and wind turbines. On the other
hand, (ESSNENEERABIEEIES refer to the design of a building (e.g., its shape, envelope, and
orientation) that is such that it captures, stores, and distributes both wind and solar energy.
Examples include the use of natural light through strategic window placement, natural
ventilation, insulation for better heat conservation, or mechanisms of natural heat-trapping
(Loonen et al., 2013). Both are typically used to replace the need for fossil fuels and make
buildings more sustainable. It is important to carefully assess the energy savings a bioclimatic
retrofit will bring since overall energy efficiency can be decreased if the retrofit and factors
influencing its success are not taken into account (Tzikopoulos et al., 2005). As occupant
behaviour influences such energy savings, it is important to understand the underlying

psychological mechanisms.

2.3 Occupant Behaviour

To hypothesize how bioclimatic conditions of buildings can have an influence on occupants, it
is necessary to understand two relevant underlying psychological mechanisms of behaviour.
First, unconscious mental processes that are relevant to this research will be discussed, in
particular habits. Second, a cognitive psychological mechanism and its link to the rebound

effect will be dived into, i.e., moral licensing.

12
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2.3.1 Habits - Unconscious Mental Processes

The generally accepted theories on human behaviour stipulate that information is processed
consciously, leading to the formation of attitudes, which in turn can lead to a certain decision
or behaviour, e.g., the Theory of Planned Behaviour (Ajzen, 1991). However, the assumption
that information is always processed consciously neglects the possible influence of factors
that lie outside of the conscious awareness of people on their behaviour (Martin & Morich,
2011). In the last 10 to 15 years, the fact that human behaviour often occurs outside of their
consciousness and intentions has gained acceptance outside the psychological field (Martin
& Morich, 2011; Vrabel & Zeigler-Hill, 2020). These unconscious mental processes contribute
to inefficient behaviour in terms of energy consumption: Research has shown that people who
interact daily with technology in the home do not consciously consider the consequential
energy consumption. Their behaviour is rather of habitual, unconscious and irrational nature
(Pierce et al., 2010).

Unconscious behaviour can be understood through the concept of automaticity. Automaticity
is the study of how environmental conditions trigger certain automatic processes that result in
a certain response. These environmental cues can be either internal (e.g., thoughts, moods,
feelings or changes in state that are all perceived by the mind) or eéxternal (e.g., smells, visuals,
noises, time, temperature or anything else perceived by human senses) (Martin & Morich,
2011). This is relevant for this research as these environmental cues could be brought back
to bioclimatic'conditions. @&EBI®, a form of automaticity, are Gnconscious behaviour that is
triggered without taking any goals or intentions of a person into account (Martin & Morich,
2011) and plays an essential role in energy consumption (Pierce et al., 2010). Almost 50% of
human behaviour is repeated on a day-to-day basis in a stable context, leading to a large
amount of unconscious habitual behaviour over time. After a habit is formed, the brain gives
environmental contexts control over human behaviour. Human behaviour is then triggered by
certain environmental cues (Martin & Morich, 2011), e.qg., bioclimatic conditions in the case of
this research. Habits are a very challenging type of behaviour to alter due to the common
heuristic: Why change it if it works? (Pierce et al., 2010). As this research tries to understand
how occupant behaviour is influenced by the bioclimatic conditions of buildings (i.e.,
environmental contexts/cues), it is of utmost importance to understand the psychological

mechanisms underlying this type of unconscious behaviour.

The level of automaticity of human behaviour is said to lie within a spectrum of
unconsciousness to consciousness and depends on the level of familiarity with a certain
context. Behaviour can either be fully automated (i.e., on “autopilot’, e.g., habits), partially

automated using heuristics (i.e., simple rules) or consciously evaluated (i.e., on “pilot”).

13
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Moreover, the more familiar a certain environmental context, the more automated behaviour
is. Familiarity infers that a certain context has been experienced repeatedly and the same
behaviour has been triggered as a response. On the other hand, the more novelty an
environmental context brings, the more actively the brain has to evaluate and interpret the
context first before deciding what the appropriate response is (Martin & Morich, 2011; Pierce
et al., 2010). Hence, if occupants do not perceive any changes in the bioclimatic conditions of
their building after a retrofit, their behaviour will stay on autopilot, and they will continue to
inefficiently consume energy. Strong habits would therefore influence energy consumption in
a stabilizing manner, neither increasing nor decreasing it. People can also become conscious
of the inefficiency of their routines and try to change them. However, there are obstacles to
the formation of new habits: comfort, inconvenience or lack of (awareness of) other
behavioural options (Pierce et al., 2010). If habits can explain why energy consumption stays
inefficient after retrofits, it does not explain why energy consumption sometimes increases.

The psychological mechanism of moral licensing explains such rebound effects.

2.3.2 Rebound Effect and Moral Licensing

The rebound effect (R) can be defined as the relative gap between the potential energy

PES—-AES
PES

savings (PES) and the actual energy savings (AES), i.e., R = (Dutschke et al., 2018;

Reimers et al., 2021). This effect describes the neutralization of energy savings (in total or in
parts) that arises when increased consumption of goods or services (in the same or another
domain) follows (energy) efficiency improvements. There are both economic (e.g., income or
price) and psychological (e.g., moral licensing) causes of the rebound effect. Considering this
research, the focus is on the psychological mechanism of moral licensing. A person’s morals
can trigger them to question and try to change some of their inefficient behaviour to try to
realign it to their inner values. However, people can also continue immoral behaviour by
justifying it with previous moral behaviour, e.g., driving more because a person has bought an
electric car. This psychological mechanism is called GiSIEIIEERSEAGnd can be the cause of

rebound effects that contribute to the energy performance gap issue (Ditschke et al., 2018).

The psychological mechanism of moral licensing was first conceptualized by Monin and Miller
(2001). It describes the cognitive process in which humans justify acting morally wrong without
feeling guilt by having acted morally right previously (Dutschke et al., 2018; Simbrunner &
Schlegelmilch, 2017). Monin and Miller (2001) conducted three experiments on the topics of
racism and sexism which all supported their claim. These experiments also show that there
does not need to be an audience that is aware of their past good behaviour for them to act

immorally in the future, but rather that an internal justification suffices. Since the initial study
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tested the hypothesis on the topics of racism and sexism more recent studies have shown that
it also applies to environmental behaviour (Burger et al., 2022; Reimers et al., 2021). Indeed,
Burger et al. (2022) found that people who remembered giving up flying for two years felt less
guilty about their meat consumption than those who did not. In that sense, behaving pro-
environmentally first decreases the likelihood of behaving pro-environmentally in a second
instance (Nilsson et al., 2017). There are two main perspectives that can lead to licensing
effects: moral credentials and moral credits (Reimers et al., 2021). According to the moral
credentials perspective, people justify immoral behaviour by having previously established
credentials as moral people (Monin & Miller, 2001) (e.g., going to many climate conventions,
thereby establishing pro-environmental credibility, but flying out to vacation spots). In the moral
credits perspective, people have metaphorical moral bank accounts where moral behaviour
increases the balance and immoral behaviour decreases it. These accumulated moral credits
serve as a way to buy out bad behaviour and keep the moral account in balance (Miller &
Effron, 2010). The more people are aware that they live in energy efficient buildings or use
energy efficient devices, the less they tend to care about energy saving behaviour (Gram-
Hanssen, 2014).

In conclusion, even though occupants might have core values around energy conservation,
sustainability or climate change, factors such as bioclimatic conditions of buildings, habits, or
moral licensing can influence their actual behaviour. How energy consuming behaviour of
occupants is influenced by the bioclimatic conditions of the building they live in constitutes an
important research gap. Additionally, the psychological processes of habits and moral
licensing are both potential underlying explanations for their (inefficient) behaviour and are not
considered when predicting energy savings from retrofits. Investigating and understanding
how these factors are linked is therefore crucial to thefsuccess of future energy retrofits and
can motivate further investors. Moreover, how conscious (e.g., moral licensing) or
unconscious (e.g., habits) occupants are of their behaviour can indicate to what extent they

can be held responsible for it and help implement the right behaviour change interventions.

3.Methodology

3.1 Research Design

To answer the research questions and hence, better understand how occupant behaviour is
influenced by bioclimatic conditions of buildings and to what extent occupants can be held
responsible for their behaviour, a quantitative cross-sectional research design'was chosen.

The dependent variable is EnergyBehaviourScore, a score indicating how energy-consuming
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the occupant’s behaviour is. In terms of bioclimatic conditions, the independent variables are
Orientation, Shading, ArtificialLight, SolarRad, AmbTemp, and WindSpeed. Further, in terms
of underlying psychological mechanisms, the independent variables are HabitScore, and
MoralLicensingScore. Additionally, control variables include basic demographics (e.g., Age,
Gender, TimeNL, NbWorkHours, Finances) and building energy efficiency (e.g.,
EnergyLabel). More details concerning the variables used in the statistical model can be found

in section 3.5 Operationalisation, as well as a complete overview in Appendix A.

3.2 Sampling Strategy

The studied population was residential building occupants and the buildings they live in. To
study this population, students living in studios of housing corporations in the Netherlands

were chosen as a homogenous sample. The reasons behind the sample choice are:

1) students due to a higher likelihood of being available for surveys, similar age, and
education level,

2) Sstudios as they ensure the same household size and individual measurement of the
outcome variable,

3) housing corporations as they have various studio apartment buildings with numerous
occupants, and

4) the Netherlands due to geographical accessibility.

Furthermore, to ensure that the results of this research have enough statistical power and
show any effect of behavioural factors on the dependent variable, a target sample size of
minimum 300 individuals was chosen. The size of the sample was chosen according to the
medium estimated effect of behavioural factors on energy consuming behaviour
(Sonderegger, 1978).

3.3 Data Collection

To quantitatively test the relationships between energy consuming behaviour of occupants,
bioclimatic conditions, habits and moral licensing, a questionnaire-based data collection has
been chosen for most variables (see Appendix B). The questionnaire was created on
Qualtrics. In addition, some archival data was used to complement self-reported data on
bioclimatic conditions and building energy efficiency that could not be reported by occupants.
The following sections give more detailed insights into the distribution of the survey and the

archival data collection.
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3.3.1 Survey Distribution

To distribute the survey, 15,000 flyers and 250 posters were distributed in a total of 14 cities
across the Netherlands, namely Amsterdam (8.76%), Breda (2.94%), Delft (9.74%), The
Hague (9.47%), Eindhoven (7.20%), Groningen (12.97%), Haarlem (1.83%), Leiden (8.47%),
Maastricht (9.48%), Nijmegen (1.34%), Tilburg (3.35%), Utrecht (16.07%), Wageningen
(3.26%) and Zwolle (5.13%). The cities were chosen due to their different geographical
locations to ensure variety in bioclimatic conditions and due to their student housing options.
In total, approximately 55 studio apartment buildings from different housing corporations were
visited, e.g., the SSH, DUWO, Xior, Holland2Stay, Campus Plaza, etc. All buildings were
carefully chosen to fit the target sample by means of desk research before fieldtrips were
executed. Moreover, to ensure an adequate response rate and good data quality, occupants
were incentivised to participate by being able to enter a giveaway draw at the end of the
survey. They were informed that 3 people would be drawn after the data collection phase, of

which each one would win a 50€ voucher for bol.com.

3.3.2 Archival Data Collection

Firstly, location-specific climatic/meteorological data of the Netherlands was collected directly
from the meteorological data portal of The Technical University of Delft: Their climate data
reflects weather conditions of different locations averaged over multiple decades (TU Delft,
n.d.) and is available for a total of 46 weather stations across the Netherlands. The data of
this portal is calculated by using measurements from the Royal Netherlands Meteorological
Institute (KNMI);

Secondly, energy labels were added manually for each participant under the variable
EnergyLabel. To find these, multiple self-reported variables were used, i.e., City, HouseCorp,
BuildingName and PostCode, as well EP-online. EP-online is the official Dutch website where

energy labels are registered (see https://www.ep-online.nl/Energylabel/Search).
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3.4 Participants

In total, 906 individuals participated in the survey questionnaire between the 215 of March
2023 and the 9™ of May 2023. These 906 responses were filtered using 4 conditions in SPSS*
syntax. To be considered in the statistical analysis of this research, participants had to have

responded “Yes”to the following 3 questions:

e Are you a student?

¢ Do you live by yourself? (meaning without any other housemates)

e Do you live in the Netherlands in a building of a housing corporation (e.g., the SSH,
DUWO, Xior, etc.)?

Further, the variable Progress had to be equal to 100.00, which was created by Qualtrics and
translates to participants having completed the survey. After filtering, the sample size was 545
participants, thereby exceeding the intended size of 300 participants. All participants signed
an informed consent form at the start of the survey. With this form, they consented to their
responses being used in this research. Participants are also informed of their rights and how

their data is handled.

Participants were on average 23.21years old (SD = 3.07; see also Figure F42?). Further, 565.3%
of the participants identify as “Female”, 41.1% as “Male”, 2.3% as “Other”and 1.3% preferred
not to answer the question (Table E1). Moreover, the sample was split rather equally between
Dutch citizens and internationals, indicated by the time they have been living in the
Netherlands (see Figure F5). On average, participants have been living for 13.18 years in the
Netherlands (SD = 11.08).

3.5 Operationalization

For the operationalization of the research, the relevant concepts were translated into variables
based on different scientific literature. In case certain variables could not be measured in the
same way as in previous studies, the operationalization of such variables was adjusted to
better fit the data that could be collected. For example, the orientation of a building is typically
measured through the azimuth, which cannot be measured by occupants. Instead, occupants

were asked to use a compass on their phones to determine the orientation of their building,

1 SPSS is the statistical software used for the data analysis.
2 All figures or tables that are numbered by a letter (and a number) are found in the appendix of the
corresponding letter. E.g., Figure F4 is the 4™ figure in Appendix F.
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making the variable categorical instead of continuous. The different variables are presented

in the following sections. An overview of all variables can also be found in Appendix A.

3.5.1 Dependent Variable

EnergyBehaviourScore was used as the outcome variable. It measures how energy-
consuming an occupant’s behaviour is on a continuous scale from 1 to 5. It is calculated using
self-reported data from the questionnaire. Participants were asked to take the last 4-8 weeks
into account when answering questions about their energy-consuming behaviour inside their
homes, i.e., corresponding to the months of March and April 2023. In total, 19 questions were
asked (see Appendix B) and were inspired by or adopted directly from previous surveys on

energy-consuming behaviour (Chen et al., 2013; Gram-Hanssen, 2003)3.

Each of the questions represents a variable that can take discrete values from 1 to 5, with 1

being the least energy consuming and 5 the most energy-consuming behaviour, e.g.:

EB_Dryer How often do you use the dryer per week approx.?
If you do not own said appliance, you can check the box "Never".

Never (1)

On 1-2 days (2)
On 3-4 days (3)
On 5-6 days (4)

Every day (5)

The 19 variables are EB_Oven, EB_Microwave, EB_Dishwasher, EB_Laundry, EB_Dryer,
EB_Hairdryer, EB_KettleCoffee, EB_TV, EB_LightDay, EB_LightNight, EB_Standby,
EB_Clothes, EB_Heater, EB_Curtains, EB_Doors, EB_Windows, EB_LightsForgotten,
EB_BackgroundNoise, and EB_HomeWeekTOT% EnergyBehaviourScore was then

calculated by taking the average of these 19 variables to give a final score indicating how

3For a comment on the reliability and a factor analysis of the dependent variable, see Appendix G.
“EB_HomeWeekTOT is a variable that reflects how much time participants spend at home in an average

week. It is calculated using multiple variables. For more details on its calculation, see Appendix C.
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energy-consuming the occupant’s behaviour is. The complete formula to calculate

EnergyBehaviourScore can be found in Appendix C, whereas the overview of all variables can

be found in Appendix A.

3.5.2 Independent Variables

3.5.2.1 Bioclimatic Conditions

In terms of bioclimatic conditions, six variables® were defined after assessing which ones were

the most mentioned in scientific literature in the domain of bioclimatic architecture. The six

variables are:

1)

2)

3)

Orientation, i.e., the orientation of the main windows of the participant’s
studio/apartment (e.g., North, North-East, East, etc.) (Fumo & Rafe Biswas, 2015;
Tzikopoulos et al., 2005; Wilson, 2013). This variable was divided into the following
dummy variables: BC_OrN, BC_OrNE, BC_OrE, BC_OrSE, BC_OrS, BC_OrSw,
BC_OrW and BC_OrNW. Each of these represents a value of the variable
Orientation (e.g., BC_OrN for “Bioclimatic condition Orientation North”) which takes
the value 1 when it is chosen and O when it is not. Multiple orientations can be
chosen simultaneously.

Shading, i.e., the degree of shade through vegetation and other elements on the
facade or windows of the participant's home (from 1 = “not shaded at all” to 5
“‘completely shaded”) for the months of March and April (Tzikopoulos et al., 2005;
Watson, 2013; Wilson, 2013).

ArtificialLight, i.e., the extent to which extra artificial light is needed in living
spaces due to lack of natural light (from 1 = “only need artificial light when it is dark
out’, to 5 = “need artificial light at all times”) for the months of March and April
(Tzikopoulos et al., 2005).

5 Two more bioclimatic conditions, i.e., wind direction and relative humidity, could have been added to

these variables. However, data for these had to be downloaded directly from the KNMI website (a total

of 8640 files for the months of March and April 2023), extracted using R Studio, exported to an Excel

file, and finally, averaged per city. Due to time constraints, wind direction and relative humidity were,

hence, not considered. They should, however, be integrated in future research since they are also part

of the most mentioned bioclimatic conditions in scientific literature (see 5. Discussion).
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4) SolarRad, i.e., the average local incoming solar radiation on a participant’s building
measured in Watts per square meter (W/m?) for the months of March and April
(Fumo & Rafe Biswas, 2015; Tzikopoulos et al., 2005; Watson, 2013).

5) AmbTemp, i.e., the average local ambient temperature outside a participant’s
building measured in degrees Celsius (C°) for the months of March and April (Fumo
& Rafe Biswas, 2015; Tzikopoulos et al., 2005; Watson, 2013).

6) WindSpeed, i.e., the average local wind speed around a participant’s building
measured in meters per second (m/s) for the months of March and April (Fumo &
Rafe Biswas, 2015; Tzikopoulos et al., 2005; Watson, 2013).

The first three, i.e., Orientation, Shading and ArtificialLight, were self-reported by participants
through the survey and were specific to their own studio/apartment within a building. The
following three variables, i.e., SolarRad, AmbTemp, and WindSpeed, were part of the archival
data collection as described in section 3.3.2 Archival data collection. Each of these 3 variables
was measured by averaging climatic data from March and April for the different values of the
variable City (e.g., Amsterdam, Breda, Delft, the Hague, etc.). Then, the data is matched with

each participant using the variable City.
3.5.2.2 Habits

HabitScore is the independent variable that was used to measure how habitual a participant’s
behaviour is. The survey questions used to calculate this variable were based on a shortened
version of the Self-Report Habit Index (SRHI) that accounts for the three features of habits,
i.e., repetition/frequency, automaticity, and expressing identity (Verplanken & Orbell, 2003).
These three features were investigated in the questionnaire through four statements on
different habitual behaviours (see Appendix B) that were estimated to influence energy
consumption (Eurostat, 2020). For each statement, the participant agreed/disagreed (on a 5-
point Likert scale) with the three features of the habit mentioned in the statement. E.g., the

participant was given the following statement in the survey:

21



"Taking a warm shower before starting the day or at the end of the day is something..."

Indicate to what extent you agree/disagree.

Strongly Somewhat Neither agree Somewhat agree Strongly agree
disagree (1) disagree (2) nor disagree (3) 4 5)

| do frequently
(HabitShower_Fr)

| do automatically
(HabitShower_Auto)

That makes me feel
weird if | do not do
it. (HabitShower_ID)

The habit mentioned in the statement was “taking a warm shower” either at the start or end of
the day. Per statement, three variables were defined, one for each feature of habits (e.g.,
HabitShower_Fr for frequency, HabitShower_Auto for automaticity and HabitShower_ID for
identity). Hence, in total 12 variables relate to habits. HabitScore was then calculated by taking
the average of these 12 variables and its values therefore lie on a continuous scale from 1 to
5. The more a participant agrees, the higher their HabitScore becomes and, hence, the more
habitual their behaviour is. The complete formula to calculate HabitScore can be found in

Appendix C, whereas the overview of all variables can be found in Appendix A.

HabitScore has high internal consistency® (a = 0.75). Hence, HabitScore reliably measures
how habitual behaviour is. This was expected, as the variable is measured through a
shortened version of the Self-Report Habit Index (SRHI), a tested scale (Verplanken & Orbell,
2003).

3.5.2.3 Moral Licensing

MoralLicensingScore is the variable that measured to what extent participants use the
psychological mechanism of moral licensing. In the survey, participants were first presented
with seven statements about their previous pro-environmental behaviour to which they were
asked to react with Yes/No, e.g., “/ have stopped or decreased my meat consumption”. By
having to indicate whether these statements apply to themselves, participants were reminded
of their previous pro-environmental behaviour which acted as a trigger to the moral licensing

measured in the next part of the survey. The same logic was used in a survey conducted by

8 Internal consistency is measured through Cronbach’s Alpha a.
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Burger et al. (2022) that investigated moral licensing within climate-related behaviour (see

Appendix B).

After these seven questions, participants were asked to agree/disagree (on a 5-point Likert
scale) with different statements that measured to what extent they use licensing. E.g.,

participants were presented with the following question in the survey:

ML_NoDishwasher "Not using a dishwasher can make up for longer showers."
Strongly disagree (1)
Somewhat disagree (2)
Neither agree nor disagree (3)
Somewhat agree (4)

Strongly agree (5)

These statements were adopted from the survey conducted by Burger et al. (2022) mentioned
previously (see Appendix B). The more participants agreed with these statements, the more
moral licensing was present. Each statement is represented by a variable, i.e., ML_Indulge,
ML_Strictness, ML_Offset, ML_Standby, ML_NoDishwasher and ML_Vegetarian.
MoralLicensingScore was then calculated by taking the average of these six variables and is
hence measured on a continuous scale from 1 to 5. The smaller the value, the less moral
licensing was used by the occupant. The complete formula to calculate MoralLicensingScore
can be found in Appendix C, whereas the overview of all variables can be found in Appendix
A.

Internal consistency’ of MoralLicensingScore is on the lower side (a = 0.65). However, it is

still acceptable and MoralLicensingScore is used in the regression analysis.

3.5.3 Control Variables

To account for different factors that might influence the relationship between the dependent

variable and the independent variables, several control variables were chosen. These control

" Internal consistency is measured through Cronbach’s Alpha a.
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variables are either basic demographics or represent the building’s energy efficiency. The

following control variables were defined:

1) Age, i.e., the age of the participant in years.

2) Gender, i.e., the Gender of the participant with a choice between “Male” (1), “Female”
(2), “Other” (3) or “Prefer not to say” (4).

3) TimeNL, i.e., the total time (years and months) the participant has lived in the
Netherlands on a continuous scale®.

4) NbWorkHours, i.e., the average number of hours worked per month next to the
studies of a participant.

5) Finances, i.e., the financial situation of the participant with a choice between “Saved
money” (1), “Just got by” (2), “Spent some savings” (3), “Spent savings and borrowed
money” (4) and “Prefer not to say” (5).

6) EnergylLabel, i.e., the energy label of the home of the participant (taking values from

A to G and re-coded as a discrete numeric variable from 1 to 7 respectively)®.

The first five variables were self-reported in the survey, whereas energy labels were part of

the archival data collection as mentioned in section 3.3.2 Archival data collection.

3.5.4 Other Variables

To find energy labels of their homes, participants were asked to provide their postcode and
house number under the variable PostCode but were also given the alternative to give the
building name under BuildingName and the name of their housing corporation under
HouseCorp if they felt uncomfortable sharing their full address. As expected, most people only
filled in either the postcode without the house number or the building name with the housing
corporation. To find the registration of an energy label in the Netherlands, both the postcode
and house number are, however, necessary. Whenever a participant did not give their full
address, estimations about the energy label had to be made. Hence, an additional variable,
i.e., EL_Qual, was created to reflect the quality of the data in EnergyLabel. EL_Qual was

coded with discrete values from 1 to 8 (see Table 1).

8 TimeNL is calculated by using TimeNL_YR and TimeNL_MO (see Appendix C).
9 Interpretation: Higher values of EnergylLabel translate to worse energy labels (e.g., 7 = G). This needs

to be taken into account when interpreting the results.
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Table 1 Coding, Interpretation, Frequencies, and Percentages of EL_Qual

Code Label

Interpretation

%

1

Excellent

People who have provided their exact address

- 1 result in EP-online

57

10.8

2

Very Good

People who have provided the postcode (with
the house number of their building) and every
studio for that postcode or building number

having the same energy label.

- All results in EP-online have the same
energy label (100%)

223

42.1

3

Good

People who have provided the postcode (with
the house number of their building), but the

postcode/building has different energy labels.

- Multiple results in EP-online with different
energy labels but one clearly prevalent one
(90-99%).

54

10.2

4

Okay

People who have provided the postcode (with
the house number of their building), but the

postcode/building has different energy labels.

- Multiple results in EP-online with different
energy labels but one clearly prevalent one
(275%).

29

5.5

Bad

People who have provided the postcode (with
the house number of their building), but the

postcode/building has different energy labels.

- Multiple results in EP-online with different

energy labels, one prevalent one (50-74%).

32

6.0

6

Insufficient A

The postcode or building having a wide variety

of energy labels or no clear prevalent one.

46

8.7
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7 Insufficient B People not having filled out the survey 31 5.8
question or the energy label not being

registered in EP-online for the given address.

8 Insufficient C ~ The participant not having provided enough 58 10.9
information on their location and hence no

estimation being possible.

The variable was coded as such to be able to give more information in the descriptive analysis

of EnergyLabel (see Appendix H).

3.6 Data Analysis

The data analysis proceeded in multiple steps explained in the following paragraphs. The
different steps included doing a first variable check, matching archival data to participants,
identifying, and handling outliers, checking and managing missing values, and finally,

conducting the statistical analysis.

Variable check: The data was exported from Qualtrics to a .sav file that is compatible with
SPSS, i.e., the program chosen to conduct the statistical analysis. Before starting the analysis,
all variables and the data were thoroughly checked in SPSS. Each variable was checked to fit
the correct type (i.e., numeric or string) and measurement level (i.e., scale, ordinal or nominal).
E.g., NbWorkHours was imported as a nominal string variable and, hence, had to be re-coded
into a numeric variable measured on a continuous scale. All values of the variables were also
checked and re-coded if necessary. E.g., in the initial data import, Finances was coded from
2 to 6 instead of from 1 to 5. Finally, score variables were computed, e.g.,

EnergyBehaviourScore, HabitScore and MoralLicensingScore.

Matching. Archival data on solar radiation (SolarRad), ambient temperature (AmbTemp) and
wind speed (WindSpeed) was downloaded from the TU Delft Meteorological Data Portal for
each of the 14 cities where survey data was collected from. The data concerning the months
of March and April were then averaged per city. This data set was then imported into SPSS
and matched with the initial questionnaire data set using the key variable City. For
EnergyLabel, archival data was added manually for each participant as described in section

3.3.2 Archival data collection.
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Outliers. After that, multiple outliers were identified using boxplots and the Tukey method*°.

Some were filtered out (from N= 545 to N = 530) to avoid the distortion of results. More

precisely:

1)

2)

3)

4)

5)

6)

HabitScore: The extreme outlier with a HabitScore of 5 (the maximum) was filtered out,
since it was probably due to the participant arbitrarily choosing the same option every
time when answering questions regarding habitual behaviour.

SolarRad, AmbTemp and WindSpeed (bioclimatic conditions): Even though multiple
outliers were identified for these variables, none were filtered out initially. This choice
is justified by the data reflecting actual measurements from weather stations across
the Netherlands. The data is considered reliable since it is based on measurements
registered by the Royal Netherlands Meteorological Institute (KNMI) and was checked
for errors in the calculation of averages for March and April.

Shading (bioclimatic condition): SPSS identified all responses with a value of 4 or 5 as
outliers for the variable Shading. These were, however, not filtered out, since the
identified participants did not show any answering pattern that would indicate incorrect
measurements. They are therefore considered real measures and are included in the
analysis.

Age: Multiple extreme outliers were identified for Age. Responses, where Age was
higher than or equal to 39, were filtered out. These likely correspond to people that
participated in the survey even though they were no students. The decision to filter out
people that were 39 years or older is further supported by the very low number of
students aged 39 years and older in the Netherlands (OECD, 2019).

NbWorkHours: SPSS identified extreme outliers as those where NbWorkHours is
equal to 128 or higher. These likely correspond to participants who work full-time jobs
and are likely no students anymore (e.g., 150 hours). Hence, these were filtered out.
EnergyLabel: In total, 11 outliers were identified for EnergyLabel, four extreme ones
(i.e., one F and three G energy labels) and seven mild ones (i.e., three D and four E
energy labels). The quality of these energy labels (i.e., EL_Qual) was excellent (1)

except in two cases. Therefore, they were not filtered out at first.

101n the Tukey method, mild outliers are defined as values that lie further than 1.5 times the interquartile

range (IQR) from the quartiles, i.e., below Q1 — 1.5*IQR or above Q3 + 1.5*IQR. Extreme outliers are

defined as values that lie further than 3 times the interquartile range from the quatrtiles, i.e., below Q1 —
3*IQR or above Q3 + 3*IQR.
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Missing values. The last step before conducting the analysis was to check for missing data.

1) EnergyBehaviourScore: In total, there were only three missing values in the 19
variables used to calculate EnergyBehaviourScore. These are simply not considered
when calculating the mean of the 19 variables and, hence, EnergyBehaviourScore has
no missing values.

2) HabitScore: Out of the 12 variables that are used to calculate HabitScore, only 2 values
were missing for 2 participants. These are, again, simply not considered when
calculating the mean of the 12 variables and, hence, HabitScore has no missing
values.

3) Gender: Seven people (1.3%) preferred not to answer the question regarding their
gender identity in the questionnaire and are, hence, coded as missing values.

4) TimeNL: Only 2 missing values were reported in the two variables used to calculate
TimeNL, i.e., TimeNL_YR and TimeNL_MO.

5) Finances: 22 people (4.2%) preferred not to answer the question regarding their
financial situation and are, hence, coded as missing values.

6) EnergyLabel: After the estimation of energy labels where the full address was not
provided, 135 values are missing (25.5%), i.e., values of EnergyLabel that were coded
as “Insufficient” (6, 7 or 8) in EL_Qual. Without the estimation, the number of missing
values would be at 473 (89.2%), i.e., values of EnergyLabel that were coded from “Very
Good” (2) to “Bad” (5) in EL_Qual.

For EnergyBehaviourScore, HabitScore, Gender, TimeNL and Finances, the number of
missing values is very low (<5%). For EnergyLabel, the number of missing values has been

decreased through estimations.

Statistical analyses. To answer the research questions, three main analyses were conducted
(i.e., Analysis 1, Analysis 2, and Analysis 3). Each of these main analyses used multiple linear
regression modelling to investigate the relationship between energy consuming behaviour
(i.e., EnergyBehaviourScore) and different sets of predictor variables. Analysis 1 analysed
the relationship between bioclimatic conditions of participant’s buildings (i.e., Orientation,
Shading, ArtificialLight, SolarRad, AmbTemp and WindSpeed) and energy-consuming
behaviour (i.e., EnergyBehaviourScore). Analysis 2 analysed the relation between
psychological mechanisms (i.e., HabitScore and MoralLicensingScore) and energy-
consuming behaviour (i.e., EnergyBehaviourScore). In both, basic demographics (i.e., Age,
Gender, Finances, City) and building energy efficiency (i.e., EnergyLabel) were used as
control variables to account for potential confounding effects. Means, standard deviations and
correlation coefficients were also reported and interpreted for Analysis 1 and Analysis 2. The

optimal regression model for both analyses was found through backward variable elimination.
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Backward elimination of variables is an iterative process in which insignificant variables are
removed from the model to find the optimal one. Analysis 3 combined the optimised models
of Analysis 1 and Analysis 2 to determine which predictors have a stronger impact on

EnergyBehaviourScore.

If assumptions of multiple linear regression were not met (i.e., normality, linearity,
homoscedasticity, absence of outliers), bootstrapping was used. Bootstrapping is a
resampling method that can be used in combination with statistical analyses, such as multiple
linear regression, when assumptions are not fulfilled. Indeed, bootstrapping does not make
assumptions about the distributions of variables. Additionally, if the optimal models of Analysis
1 or 2 included variables with extreme outliers, a sensitivity analysis was conducted by
removing these, one variable at a time. The sensitivity analysis was conducted to investigate

the influence of extreme outliers on the overall findings and the robustness of the results.

3.7 Research quality indicators

The methodology of this research was checked on reliability, replicability and validity are the
3 most used quality indicators of research (Bryman, 2012). Firstly, the reliability of the research
was expected not pose a problem given that the research was based on tested theory and
methods which assures consistency. Secondly, since the procedures used for the research
were described extensively, replicability should be highly probable. Thirdly, validity of a study
can be categorised into: measurement validity, internal validity and external validity (Bryman,
2012). Measurement validity was assured by using tested frameworks, e.g., the Self-Report
Habit Index (Verplanken & Orbell, 2003), and using scientific articles that measure similar
concepts as a foundation to measure the different variables (see Appendix 2). Internal validity
was assured by using linear regression as a data analysis strategy, since it is recognized to
accurately predict energy consumption for residential buildings (Fumo & Rafe Biswas, 2015).
Moreover, control variables are introduced. Lastly, the research was expected to have external
validity as a homogenous sample was chosen to draw generalizable conclusion from the

results.

3.8 Ethical Considerations

Since this research collects personal information of survey participants, ethical issues are
touched upon. Firstly, survey participants are asked to sign an informed consent form at the

start of the questionnaire. They agreed to having filled out the survey voluntarily and to their
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data being collected and used for the purpose of this research. Participants were also informed
that they had the right to stop the survey at any moment and were never obligated to answer
questions if they did not feel comfortable doing so. Secondly, participants were informed that
all data is handled according to the General Data Protection Regulation (GDPR). Additionally,
all data is used anonymously, and participants have been informed of their rights to withdraw
their data. Data collected on participant’'s home addresses and Email addresses is saved in a
secured SPSS file that will only be shared with Utrecht University to secure confidentiality.
Email addresses were only collected for the giveaway at the end of the survey, for which an

additional consent was asked from participants.

4.Results

Three main analyses were conducted to answer the research questions, and hence, the
results are divided into three parts, i.e., Analysis 1, Analysis 2, and Analysis 3. Analysis 1
investigates how bioclimatic conditions of residential buildings influence occupant behaviour.
Analysis 2 investigates how occupant behaviour is influenced by two psychological
mechanisms, i.e., habits and moral licensing. It also gives insights into how conscious (moral
licensing), or unconscious (habits) occupant behaviour is. Finally, Analysis 3 investigates
which of the two has a stronger impact on occupant behaviour: bioclimatic conditions or
psychological mechanisms. Before reporting results that are more specific to each analysis,

some general results are presented:

1) EnergyBehaviourScore (N = 530). On average, participants scored 2.28 for
EnergyBehaviourScore (SD =0.31). The variable follows a normal distribution (see Figure
F1). For more descriptive statistics of EnergyBehaviourScore see Table D1.

2) HabitScore (N = 530). On average, participants scored 2.90 for HabitScore (SD = 0.70).
Further, the variable follows a rather normal distribution (see Figure F2). For more
descriptive statistics of HabitScore see Table D2.

3) MoralLicensingScore (N =530). The average score was at 2.79 for MoralLicensingScore
and the variable follows a rather normal distribution (see Figure F3). For more descriptive
statistics of MoralLicensingScore see Table D2.

4) Orientation (N = 528). For all the dichotomous variables BC _OrN to BC_OrNW
designating all the possible orientations of a building (i.e., North, North-East, East, South-
East, South, South-West, West and North-West), responses for each variable took the
value 1 between 10% and 17.2% of the time. A more detailed overview can be found in
Table E5.
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5) Shading (N = 530). Most participants indicated that their homes were not shaded at all
(65.7%), and the least participants had completely shaded homes (2.6%). On average,
participants scored 1.65 (SD = 1.06) for the level of shade on their homes (Table D4). See
also Figure F10 for the distribution of Shading.

6) ArtificialLight (N = 530). When it comes to the amount of artificial light needed in their
homes, 37.5% indicate needing artificial light only when it is dark out, whereas only 3.8%
always need artificial light. On average, participants scored 2.09 (SD = 1.11) for artificial
light needed throughout the day in their homes (Table D4). See also Figure F11 for the
distribution of ArtificialLight.

7) SolarRad (N = 530). On average, solar radiation was at 136.08 W/m? (Mdn = 134.53;
Mode = 135.38; SD = 6.43) for the sample (Table D4). The distribution is non-normal
(Figure F12).

8) AmbTemp (N =530). On average, the ambient temperature outside participant’s homes
is at 7.92°C (Mdn = 8.07; Mode = 8.10; SD = 0.32) (Table D4). The distribution is non-
normal (Figure F13).

9) WindSpeed (N = 530). On average, wind speed around participant’'s homes was at 4.32
m/s (Mdn = 4.46; Mode = 4.53; SD = 0.53) (Table D4). The distribution is non-normal
(Figure F14).

10) NbWorkHours. 45.8% of participants did not work next to their studies (N = 530).
Participants that worked next to their studies, worked an average of 34 hours per month
(N = 287; SD = 24.75). Further, NbWorkHours is not normally distributed (see Figure F6
and F7).

11) Finances (N =508). All categories of the variable were relatively equal in frequency: 24%
“Saved money”, 27.8% “Just got by”, 26.4% “Spent some savings” and 21.9% “Spent
savings and borrowed money” (see Table E2).

12) City (N =530). The highest proportion of participants comes from Delft with 19.8%. Utrecht
comes in second with 14.2%. For the rest, 10.8% come from Maastricht, 9.8% from The
Hague, 9.2% from Groningen, 9.1% from Leiden, 8.7% from Wageningen, 4.7% from
Amsterdam, 4.3% from Eindhoven, 4.2% from Zwolle, 2.6% from Tilburg, 1.5% from Breda
and 1.1% from Haarlem (see Table E4). Overall, the sample is very diverse in terms of
locations (see Figure F8).

13) EnergyLabel (N = 395). A large majority of participants had an A energy label (71.1%).
The second and third most prevalent energy labels were C (14.9%) and B (6.8%) (Table
E3). Other categories were present but only very rarely (see Figure F9).

14) EL_Qual (N = 530). Some comments can be made in terms of the quality of the data in
EnergyLabel. In 52,9% of cases, the label recorded under EnergyLabel is the actual label

of the participant’s home registered in EP-online (i.e., EL_Qual = 1 or 2). In 25.4% of
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cases, the quality is deemed insufficient and hence, no energy label was recorded in
EnergyLabel (i.e., EL_Qual =6, 7 or 8). For the last 21.7% of cases, estimations on energy
labels could be made and were recorded in EnergyLabel (EL_Qual = 3, 4 or 5). This

explains why N = 395 for EnergyLabel. See also Appendix H for a more detailed comment.

In the following sections, each analysis will be commented on in detail.

4.1 Analysis 1: Bioclimatic Conditions and Energy
Consumption

As mentioned previously, Analysis 1 investigated the influence of bioclimatic conditions (i.e.,
Orientation, Shading, ArtificialLight, SolarRad, AmbTemp and WindSpeed) on energy
consuming behaviour (i.e., EnergyBehaviourScore), through a multiple linear regression
analysis. Basic demographics and energy efficiency of the building were used to control for
other effects (i.e., Age, Gender, Finances, City and EnergyLabel). The assumption of normality
was not met by either SolarRad, AmbTemp or WindSpeed, all of which are part of the
independent variables. Further, outliers were identified for Shading, SolarRad, AmbTemp and
WindSpeed, which were not filtered out after sound reasoning (see 3.6 Data analysis). Overall,
bootstrapping was used for Analysis 1 to account for the issue of non-normality of the
independent variables and the presence of outliers. Bootstrapping is a resampling method that
increases the robustness of the findings for non-normal distributions among others. The
number of samples was set to 1000 for the bootstrapping and bias corrected accelerated

(BCa) confidence intervals are computed at a level of 95%.

The following section first reports some descriptive statistics of the variables used in Analysis
1 as well as their correlations. After, the multiple regression analysis is conducted as described
in section 3.6 Data analysis. The optimal regression model was found through backward
elimination of variables. The significance level (i.e., the p-value) for the inclusion of variables
was set at p < 0.10. Hence, if the effect of a variable in the model had a p-value greater than
0.10, it was eliminated from the model iteratively, starting with the highest p-value. The first
model started with all variables being included. Finally, a sensitivity analysis was conducted

by removing outliers to investigate the effect of extreme values on the overall findings.
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4.1.1 Means, Standard Deviations, and Correlations

First, bivariate correlations were calculated for all variables considered in Analysis 1 (see
Table 2). None of the absolute correlations exceeded 0.8, which could have caused issues in

terms of multicollinearity.

Table 2 Means, Standard Deviations, and Pearson’s Correlations (Analysis 1)

Variable M SD 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18
1 EnergyBehaviourScore 228 031
2 BC_OrN* .04
3 BC_OrNE* -03 -2t
4 BC_OrE* 57 16 =10
§ BC_OrSE* or  -18v -2t -10
6 BC_Ors* -07  -16*  -17* -15" .01
7 BC_Orsw* -10  -19" -5 13 -06 -.03
8 BC_OrWw 06 -16*"* -17" =10 -13* -05  -03
9 BC_OrNwe -.09 =07 -2 -3 -1t -3 120 210
10  Shading 165 1.06 04 07 .02 -07  -04 -09 -0 06 .13*
11 ArtificialLight 212 112 og A AT -03 -08 -21"™ -13" -05 -02 .30™
12  SolarRad 13499 584 -15" -01 .02 -10  14° 1 -02 -10 -04 09 08
13 AmbTemp 7.80 033 06 07 -.02 06 -01 02 -08 -08 .04 -.04 04 5™
14 WindSpeed 425 057 -11* -.06 .03 -03  -01 06 01 04 -07 08 12 56" -.04
15 Age 23.30 278 -.02 -.02 07 A1 -04 -01 03 .00 -.02 -.06 05 -07 -04 -2
16  Gender® 02 -.06 .07 .08 01 -.09 89 -04 -08 00 -.06 -10 -13* .01 01
17  Finances® 03 -01 00 -.05 05 08 00 -03 -43 -.08 -.05 .03 A3 -.08 04 .00
18  City* 01 .07 -.05 .03 02 -.04 00 -05 02 -07  -16"  -54* .30 .72 19 09 08
19  EnergyLabel -.03 00 =10 08 -10 -06 -03 .14* 02 -.02 =01 =20 00 -.02 00 01 -05 -10

#Point-biseral correlation coefficients (rp,) are reported for the dichotomous variables BC_OrN to BC_OrNW.

bSpearman’s correlation coefficients (o) are reported for the categorical variables Gender, Finances, City and EnergyLabel.
Numbers in red had BCa confidence intervals (95%) that included O, i.e., there is a lack of evidence for a significant correlation.
*p < 0.05.

p < 0.01.

Firstly, studios that are oriented to the East (BC_OrE) are positively correlated to energy
consumption behaviour (rp, = .15; p = .006; BCa 95% CI = [0.059; 0.251]), i.e., occupant
behaviour in eastern-oriented homes was more energy-consuming. This correlation is
statistically significant. Similarly, the negative correlation of incoming solar radiation
(SolarRad) and energy consumption behaviour is statistically significant (r = -.15; p = .008;
BCa 95% CIl = [-0.247; -0.033]), i.e., the more solar radiation there was in the local

environment of the occupant’s home, the less energy-consuming they were.

One can also recognize that correlations between the different orientations of occupants’
homes are usually negative (and significant; p < .01). These negative correlations reflect the

fact that occupants’ homes are usually oriented towards one direction instead of multiple.
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Further, Shading is positively correlated with BC_OrNW (r = .13; p = .016; BCa 95% CI =
[0.015; 0.260]), i.e., a North-West orientation of the building is associated with higher levels of
shade. Similarly, ArtificialLight is positively correlated with BC_OrN (r = .17; p = .002; BCa
95% CI =[0.069; 0.275]) and BC_OrNE (r=.17; p =.002; BCa 95% CI = [0.056; 0.280]), while
it is negatively correlated with BC_OrS (r =-.21; p <.001; BCa 95% CI = [-0.298; -0.112]) and
BC_OrSW (r = -.13; p = .025; BCa 95% CIl = [-0.213; -0.032]). Since higher values of
ArtificialLight translate to needing more artificial light, the previous correlations can be
interpreted as the following: A northern or north-eastern orientation of the building is
associated with a higher need for artificial light in the home, while a southern or south-western
orientation is associated with a lower need for artificial light. Additionally, ArtificialLight and
Shading are positively correlated (r = .30; p < .001; BCa 95% CI = [0.195; 0.406)), i.e., the
more the fagades and windows of the participant's home are shaded, the more artificial light

is needed.

Further, locations that have higher ambient temperatures tend to have more incoming solar
radiation. And places that have higher average wind speeds tend to be places with higher
average temperatures and incoming solar radiation. Indeed, AmbTemp is positively correlated
with SolarRad (r = .15; p = .006; BCa 95% CI = [0.063; 0.222]). And WindSpeed is also
positively correlated to AmbTemp (r = .12; p = .025; BCa 95% CI = [0.027; 0.225]) and
SolarRad (r = .56; p < .001; BCa 95% CI = [0.514; 0.596]).

Lastly, EnergyLabel is positively correlated to BC_OrW (o = .14; p = .013; BCa 95% CI =
[0.023; 0.248]), while it is negatively correlated to ArtificialLight (o = -.20; p < .001; BCa 95%
Cl =[-0.290; -0.099]). Given that increasing values of EnergyLabel translate to a decrease in
energy efficiency, a western orientation of the building is associated with worse energy labels.

On the other hand, worse energy labels are associated with a lower need for artificial light.

4.1.2 Regression

In total, 14 iterations led to the model where the p-values for all regression coefficients were
smaller than or equal to 0.10 and where all BCa confidence intervals did not include O.
However, the 13" iteration is considered the optimal regression model rather than the 14%
iteration. The two models are compared in Table 3. One can see that R? drastically decreases
by taking out the variable BC_OrSE in Iteration 14. Iteration 14 only explains 6% (R? = .06) of
variation in EnergyBehaviourScore, whereas Iteration 13 explains 7% (R? = .07). Since the p-
value for the regression coefficient of BC_OrSE is at the threshold of inclusion (i.e., p = 0.10)

Iteration 13 is chosen as the optimal model.
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Table 3 Comparison of Iteration 13 and Iteration 14 (Analysis 1)

Iteration 13 Iteration 14

(Optimal model)

Variables EnergyBehaviourScore EnergyBehaviourScore

BC_OrE BC_OrE

BC_OrSE (B = 0.088; p = 0.100)

BC_Orw BC_Orw
ArtificialLight ArtificialLight
WindSpeed WindSpeed
EnergyLabel EnergyLabel
R? .07 .06
Model ANOVA p <0.001 p < 0.001
F=5.06 F=531

The optimal model is composed of 7 variables, of which the unstandardized regression
coefficients (B), the coefficients standard errors (Std. Error), the standardised regression
coefficients (), the p-values and the BCa 95% confidence intervals are given in Table 4. The
p-values and BCa confidence intervals are taken from the “Bootstrap for Coefficients” table in
SPSS. Moreover, no collinearity has been found (Tolerance > 0.10 and VIF < 10 for all
variables). The optimal model significantly explains the relationship between
EnergyBehaviourScore and the predictor variables (F = 5.06; p < 0.001).
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Table 4 Optimized Regression Model for the Prediction of Energy-Consuming Behaviour

Through Bioclimatic Conditions (Analysis 1)

Variable B Std. Error B p BCa 95% ClI
EnergyBehaviourScore 2.48 12 <.001 [2.227; 2.757]
(Constant)

BC_OrE .18 .04 .20 <.001 [0.092; 0.269]
BC_OrSE .09 .05 .10 .100 [-0.026; 0.211]
BC_Orw .08 .04 .10 .058 [0.001; 0.174]
ArtificialLight .03 .01 .10 .032 [0.002;0.054]
WindSpeed -.06 .03 11 .039 [-0.116; -0.009]
EnergyLabel -.02 .01 -.10 .057  [-0.048; -1.009E-5]

The regression equation for the optimized model is therefore the following:

EnergyBehaviourScore
= 2.48 + 0.18BC_OrE + 0.09BC_OrSE + 0.08BC_OrW
+ 0.03NaturalLight - 0.06WindSpeed - 0.02EnergyLabel

Table 2 showed only BC OrE and SolarRad to be significant correlators of
EnergyBehaviourScore. The optimized regression model, however, identifies six variables to
be significant predictors of EnergyBehaviourScore, i.e., BC_OrE, BC_OrSE, BC_OrW,
ArtificialLight, WindSpeed and EnergylLabel (see Table 4). EnergyLabel is the only control
variable that has a significant effect on EnergyBehaviourScore. This shows that the energy
performance/efficiency of a building predicts to a certain extent how occupants behave in

terms of energy consumption.

The regression equation shows that an eastern, south-eastern, or western orientation of the
occupant’s home is associated with increased energy-consuming behaviour. Additionally, the
need for artificial light due to the lack of natural daylight is linked positively to occupants’
energy-consuming behaviour. l.e., for higher values of ArtificialLight, EnergyBehaviourScore
increases. On the other hand, increased average wind speeds are negatively associated with

energy-consuming behaviour. Lastly, energy labels are negatively related to energy-
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consuming behaviour. This should be interpreted with caution since energy labels A to G are
coded respectively from 1 to 7. Hence, lower numbers of EnergyLabel represent better energy
performance. In the regression model, when EnergyLabel increases, i.e., energy efficiency
decreases, energy-consuming behaviour decreases. In other words, the worse the energy

label, the less energy-consuming the occupant’s behaviour is.

In terms of the relative strength of the predictors, one has to look at the standardized
regression coefficients 8. BC_OrE is the strongest predictor (8 = .20) and WindSpeed comes
in second (B = -.11). BC_OrSE, BC_OrW, ArtificialLight and EnergyLabel have the same
relative predictive strength in absolute terms (3 = .10 for BC_OrSE, BC_OrW, AtrtificialLight; 8
= -.10 for EnergyLabel).

Solar radiation is not recognized as a significant predictor of energy-consuming behaviour in
the optimal model, although it had a significant negative correlation with it. Instead, wind speed
is part of the predictors in the optimal model. This could be due to bootstrapping combined
with backward elimination. Indeed, bootstrapping produces bootstrapped p-values and bias-
accelerated and corrected confidence intervals. These can slightly change each time the
regression model is run with bootstrapping. In terms of backward elimination, this could mean
that a variable could have been eliminated before another one due to the variation in p-values.
Hence, it does not necessarily mean that solar radiation does not have a certain predictive

power on energy-consuming behaviour (see Limitations).

4.1.3 Sensitivity Analysis

In the optimised regression model, outliers are still present in EnergyLabel and WindSpeed.
Three sensitivity analyses are conducted to investigate the influence of these outliers on the
previous findings. The first sensitivity analysis investigates the effect of extreme outliers of
EnergyLabel. The second sensitivity analysis investigates the effect of extreme outliers of
WindSpeed. The third sensitivity analysis investigates the effect of all extreme outliers, i.e.,

EnergyLabel and WindSpeed combined.

Sensitivity analysis 1. First, energy labels F and G were identified as extreme outliers and,
hence, defined as missing values to remove them. Next, the optimised model was run again
(using bootstrapping) without these extreme outliers. The model fit has slightly decreased (R?
=.07, F = 4.86, p <.001), since the F-statistic is lower than in the optimised model including
EnergyLabel outliers. Further, the regression coefficients, p-values and BCa confidence
intervals are presented in Table 5. By removing the extreme outliers of EnergyLabel, the

variable became an insignificant predictor of EnergyBehaviourScore with a weaker
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standardized coefficient (8 = -.07; p = .136; BCa 95% CI = [-0.051; 0.007]). This suggests that
the outliers were driving the relationship between EnergylLabel and EnergyBehaviourScore.
Additionally, BC_OrSE (i.e., a south-easter orientation of the participant’s home) also became
an insignificant predictor of the outcome variable, suggesting that EnergyLabel had an

influence on its relationship with EnergyBehaviourScore.

Table 5 Optimized regression model without extreme outliers of EnergyLabel

Variable B Std. Error B p BCa 95% CI
EnergyBehaviourScore 2.49 A2 <.001 [2.248; 2.723]
(Constant)

BC_OrE .18 .04 .21 <001 [0.096; 0.271]
BC_OrSE .08 .05 .09 .128 [-0.023; 0.196]
BC_Orw .10 .04 11 .037 [0.007; 0.189]
ArtificialLight .03 .01 10 041 [0.002;0.054]
WindSpeed -.06 .03 -11  .029 [-0.118;-0.005]
EnergyLabel -.02 .02 -.07 136 [-0.051; 0.007]

Sensitivity analysis 2. First, values for WindSpeed higher or equal to 7.08 were set as
missing, as these were identified as extreme outliers. Next, the optimised model was run again
(using bootstrapping) without these extreme outliers. EnergyLabel was left unchanged (i.e.,
including its extreme outliers), to analyse the singular effect of removing the outliers of
WindSpeed. The model fit has slightly improved, it explains slightly more variation in
EnergyBehaviourScore and has a slightly higher F-statistic than the optimized model including
outliers (R?> = 0.08; F = 5.12; p < .001). However, three variables become insignificant
predictors of EnergyBehaviourScore by removing extreme outliers of WindSpeed, i.e.,
BC_OrSE, BC_OrW and EnergyLabel (see Table 6). Indeed, their confidence intervals include
zero, indicating statistical insignificance!!. This suggests that the relationship between these

three variables and EnergyBehaviourScore was magnified by the outliers of WindSpeed.

11 When bootstrapping is used, the bias-corrected and accelerated bootstrap intervals (BCa Cl) give a

more accurate view on the statistical significance than the p-values alone.
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Table 6 Optimized regression model without extreme outliers of WindSpeed

Variable B Std. Error B p BCa 95% ClI
EnergyBehaviourScore 2.53 .14 <.001 [2.244;2.818]
(Constant)

BC_OrE .18 .05 .20 <.001 [0.083;0.265]
BC_OrSE .10 .05 .10 .092 [-0.013; 0.209]
BC_Orw .08 .04 .10 .077 [-0.008; 0.172]
ArtificialLight .03 .01 11 .035 [0.002;0.057]
WindSpeed -.07 .03 -11 .046 [-0.144;-0.002]
EnergyLabel -.02 .01 -.10 .063 [-0.049; 0.002]

Sensitivity analysis 3. In this analysis, both the extreme outliers of EnergyLabel and
WindSpeed are defined as missing values and hence removed from the regression model.
The optimised model is then re-run (using bootstrapping) without any extreme outliers to
assess their combined effect. The optimised model without any extreme outliers (R? = 0.07; F
=4.91; p <.001) explains 7% of the variation in EnergyBehaviourScore, i.e., the same as the
optimised model including extreme outliers from both EnergyLabel and WindSpeed (R?=0.07;
F = 5.06; p < .001). However, the F-statistic is slightly lower for the optimised model that
excludes outliers. Hence, the overall significance of the model is lowered. Table 7 shows which
variables become statistically insignificant predictors of EnergyBehaviourScore when all

extreme outliers are removed.
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Table 7 Optimized regression model without extreme outliers of EnergyLabel and WindSpeed

Variable B Std. Error B p BCa 95% ClI

EnergyBehaviourScore 2.53 .14 <.001 [2.216;2.814]
(Constant)

BC_OrE .18 .05 .20 <.001 [0.091;0.263]
BC_OrSE .09 .05 .10 .107  [-0.014; 0.202]
BC_Orw .09 .04 A1 .048  [0.004; 0.189]
ArtificialLight .03 .01 A1 .035 [0.003;0.058]
WindSpeed -.07 .03 -11 .044  [-0.141; 0.000]
EnergyLabel -.02 .02 -.07 .101 [-0.053;0.006]

Overall, the sensitivity analyses show that BC_OrSE and EnergyLabel become statistically
insignificant predictors of EnergyBehaviourScore, regardless of which extreme outliers are
removed, i.e., from EnergyLabel, WindSpeed or both. BC_OrW becomes an insignificant
predictor when extreme outliers of WindSpeed are excluded. And WindSpeed becomes an
insignificant predictor when extreme outliers of both EnergyLabel and WindSpeed are
removed simultaneously. Hence, outliers do have a considerable effect on the optimal

regression model.

4.2 Analysis 2: Psychological Mechanisms and Energy

Consumption

Analysis 2 investigated the influence of psychological mechanisms (i.e., HabitScore and
MoralLicensingScore) on energy-consuming behaviour (i.e., EnergyBehaviourScore), through
a multiple linear regression analysis. Basic demographics and energy efficiency of the building
were used to control for other effects (i.e., Age, Gender, Finances, City and EnergyLabel).
The assumptions of multiple linear regression were checked and fulfilled by all variables

included in the regression modelling (i.e., linearity, normality, and homoscedasticity).

The following sections first review some descriptive statistics of the variables used in Analysis
2 as well as their correlations. After, the multiple regression analysis is conducted as described
in section 3.6 Data analysis. The optimal regression model was found through the backward

elimination of variables. The significance level (i.e., the p-value) for the inclusion of variables
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is set at p < 0.10. Hence, if the effect of a variable in the model has a p-value greater than
0.10, it is eliminated from the model iteratively, starting with the highest p-value. The first

model starts with all variables being included.

4.2.1 Means, Standard Deviations, and Correlations

First, bivariate correlations were calculated for all variables considered in Analysis 1 (see
Table 8). None of the absolute correlations exceeded 0.8, which could have caused issues in

terms of multicollinearity.

Table 8 Means, Standard Deviations, and Pearson’s Correlations (Analysis 2)

Variable M SD 1 2 3 4 5 6 7
1 EnergyBehaviourScore 228 031

2 HabitScore 290 0.70 .43*

3 MoralLicensingScore 279 066 .26%* .21*

4 Age 2321 3.07 .01 -.03 -.04

5 Gender 2 - - .06 .01 .02 -01

6 Finances *# - - .00 -08 -01 .09 -04

7 City @ - - .03 -.05 -00 -16** .10* .07

8 EnergyLabel 2 - - =04 02 -14* -01 -01 -04 -12*

2Spearman’s correlations are reported for correlations with the categorical variables Gender, Finances and EnergyLabel.
*p < 0.05.

#p < 0.01.

Table 8 suggests that HabitScore has a significant positive correlation with
EnergyBehaviourScore (r = .43; p < .001). MoralLicensingScore has a significant positive
correlation with both EnergyBehaviourScore (r = .26; p < .001) and HabitScore (r = .21; p <
.001). In other words, both habitual behaviour and increased moral licensing are associated
with more energy-consuming behaviour. Increased use of moral licensing is also positively
linked to more habitual behaviour, i.e., there is an overlap of the two psychological

mechanisms. Finally, lower energy labels (e.g., energy labels F or G) are related to lower
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levels of moral licensing. Indeed, the negative correlation of EnergyLabel and
MoralLicensingScore (o = -.14; p = .005) has to be interpreted with caution. The different
energy labels A to G are respectively coded 1 to 7, i.e., higher values of EnergyLabel
correspond to lower energy labels, i.e., lower energy efficiency. The correlation shows that
when EnergyLabel increases, i.e., when energy efficiency becomes worse,
MoralLicensingScore decreases, i.e., moral licensing is used less. On the other hand,

improvements in energy labels are associated with an increase in the use of moral licensing.

4.2.2 Regression

In total, six iterations led to the optimal model where the p-values for all regression coefficients
were smaller than or equal to 0.10. The optimized model (lteration 6) is composed of 3
variables, of which the unstandardized regression coefficients (B), the coefficients standard
errors (Std. Error), the standardised regression coefficients (B), the p-values, the part
correlations and the 95% confidence intervals are given in Table 9. Moreover, there is no
collinearity issue since the tolerance for all included variables is 0.97 (> 0.10) and the VIF is
1.03 (< 10). Overall, the optimized model explains 17% of the variation in

EnergyBehaviourScore (R? = .17) and is considered significant (F = 33.67; p < .001).

Table 9 Optimized Regression Model for the Prediction of Energy-Consuming Behaviour
Through Psychological Mechanisms (Analysis 2)

Variable B Std. Error B p Part Correlations 95% Cl
EnergyBehaviourScore 1.58 .09 <.001 [1.404; 1.755]
(Constant)

HabitScore .16 .02 .34 <.001 .34 [0.110; 0.202]
MoralLicensingScore .09 .03 .19 <.001 .19 [0.042; 0.139]

The optimized model includes the dependent variable EnergyBehaviourScore and the two
independent variables HabitScore (B = .16; 3 = .34; p < .001) and MoralLicensingScore (B =
.09; B =.19; p < .001). For both independent variables, the effect is significant and, hence,
moral licensing and habits can significantly explain energy-consuming behaviour. The effects

of all control variables were insignificant and, hence, all of them were left out of the model.
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This leads to the following regression equation:

EnergyBehaviourScore = 1.58 + 0.16HabitScore + 0.09MoralLicensingScore

Both HabitScore and MoralLicensingScore are positively related to EnergyBehaviourScore,
confirming the significant positive correlation between the variables (see section 4.2.1 Means,
Standard Deviations and Correlations). This confirms that the more habitual the behaviour is,
the more energy-consuming the occupant’s behaviour will be. Equally, the more moral
licensing is used to justify immoral behaviour, the more energy-consuming the behaviour will
be.

When it comes to the relative strength of the predictors, HabitScore (8 = .34) has a more
important impact on the dependent variable than MoralLicensingScore (B = .19). Moreover,
the part correlations give the unique variance of the dependent variable explained by each
independent variable. HabitScore uniquely explains 34% and MoralLicensingScore uniquely
explains 19% of the variation in EnergyBehaviourScore. However, together the variables
explain only 17% of the variation in the dependent variable (R?=.17). This is due to the overlap
of variance from the independent variables, which was also shown through the significant

correlation between MoralLicensingScore and HabitScore in the previous section.

4.3 Analysis 3: Combination of Optimized Regression
Models

In Analysis 3, the optimised models of Analysis 1 and 2 are combined. A multiple regression
analysis using bootstrapping is run with the following variables: EnergyBehaviourScore as the
dependent variable, and HabitScore, MoralLicensingScore, BC_OrE, BC_OrSE, BC_OrW,
ArtificialLight, WindSpeed, and EnergyLabel as the predictor variables. Hence, the combined
model (R? = .23, F = 14.22, p < .001) is composed of 9 variables, of which the unstandardized
regression coefficients (B), the coefficients standard errors (Std. Error), the standardised
regression coefficients (), the p-values, and the bias-corrected and accelerated confidence
intervals (at the 95% level) are given in Table 10. In total, 23% of the variation in
EnergyBehaviourScore is explained by the model, i.e., more than the two optimised models
from Analysis 1 or 2 individually. Although the combined model explains more variation in the
dependent variable, the significance of the combined model is lower than the significance of

the optimised model from Analysis 1, i.e., the F-statistic is lower. Further, the model does not
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present any collinearity issues since the tolerance for all included variables is higher than 0.10

and the VIF is lower than 10.

Table 10 Combined Optimized Regression Models Using Bioclimatic Conditions and

Psychological Mechanisms as Predictors of Energy-Consuming Behaviour (Analysis 3)

Variable B Std. Error B p BCa 95% ClI
EnergyBehaviourScore 1.87 13 <.001 [1.611;2.120]
(Constant)

HabitScore .14 .02 .31 <.001 [0.096; 0.180]
MoralLicensingScore .10 .02 .22 <001 [0.057;0.144]
BC_OrE 12 .04 .13 .006 [0.036; 0.207]
BC_OrSE .06 .05 .07 215 [-0.035; 0.160]
BC_Orw .10 .04 11 .010 [0.021; 0.184]
ArtificialLight .01 .01 .04 B55 [-0.014; 0.040]
WindSpeed -.07 .03 -13  .011 [-0.125;-0.019]
EnergyLabel -.01 .01 -05 247 [-0.034; 0.007]

By combining the optimised models of Analysis 1 and 2, BC_OrSE, ArtificialLight and

EnergyLabel all become insignificant predictors of EnergyBehaviourScore (i.e., p-values >

0.10 and BCa 95% CI include zero). A potential explanation for this is that the effects of

HabitScore and MoralLicensingScore overshadow the effects of BC_OrSE, ArtificialLight and

EnergyLabel. Additionally, when analysing the standardized regression coefficients (), one

can see that psychological mechanisms (i.e., habits and moral licensing) have a stronger

influence on energy-consuming behaviour than bioclimatic conditions (i.e., Eastern/Western

orientation or wind speed).
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5.Discussion

5.1 Theoretical Implications

Knowledge contribution. The findings of this research have several theoretical implications.
First, both bioclimatic conditions and psychological mechanisms are shown to predict
occupant behaviour to a certain extent, thereby improving the simplistic representation of
occupant behaviour in predictive models of energy efficiency such as shown in Markiewicz-
Zahorski et al.(2021), Sunikka-Blank & Galvin (2012) or Vazquez et al. (2011). Second, the
optimized model of Analysis 1 showed that energy labels are negatively related to energy-
consuming behaviour, which needed to be interpreted with caution due to non-intuitive coding
of the variable. Indeed, when values of EnergyLabel increase, i.e., energy efficiency
decreases, energy-consuming behaviour decreases. In other words, the worse the energy
label, the less energy-consuming the occupant’s behaviour is. This is in line with the prebound
effect explained by Sunikka-Blank & Galvin (2012). Third, the results of Analysis 1 showed
that 7% of energy-consuming behaviour can be robustly explained by two building orientations
(i.e., East and West), as well as the need for artificial light and the average wind speed around
an occupant’s home (see 4.1.3 Sensitivity Analysis). This shows that external cues (here
bioclimatic conditions) have an influence on behaviour such as proposed by Martin & Morich
(2011). Fourth, the results of Analysis 2 showed that 17% of energy-consuming behaviour can
be robustly explained by habits and moral licensing (i.e., the two psychological mechanisms
that were considered). The positive relation between moral licensing and more energy-
consuming behaviour supports the work of Ditschke et al. (2018). Additionally, the
unconscious psychological mechanism (i.e., habits) is a stronger underlying explanation of
occupant behaviour than the conscious psychological mechanism (i.e., moral licensing). This
shows that energy-consuming behaviour happens on a more unconscious basis, which is in
line with Martin & Morich (2011). Last, 23% of energy-consuming behaviour can be explained
by combining bioclimatic conditions and psychological mechanisms, supporting the
importance of occupant behaviour as a key determinant of energy efficiency in buildings
(Masseck, 2011; Pajek & Kosir, 2021; Soares et al., 2017; Tzikopoulos et al., 2005). Analysis
3 also shows that psychological mechanisms have a much larger influence on energy-
consuming behaviour than bioclimatic conditions, a new finding that adds to the existing

knowledge of occupant behaviour.

Alternative explanations. GlSiiSiGIEOREINERS Wwere expected to have a more important
and clear effect on occupant behaviour (Tzikopoulos et al., 2005). There are multiple potential
explanations for the weak effect of bioclimatic conditions on energy-consuming behaviour.

Firstly, measures of(solar radiation, ambient temperature, and wind speed did not differ within
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cities. The measures of these bioclimatic conditions are taken from different weather stations
in the Netherlands, one per city the data was collected from. Secondly, the Netherlands is a
small country with a rather stable climate, which means solar radiation, ambient temperature
and wind speed vary only slightly within the country. The effect of bioclimatic conditions on
occupant behaviour is therefore more difficult to detect. Thirdly, the orientation of the
occupant’s building, the level of shade on their home and the need for artificial light were all
self-reported bioclimatic conditions. The weak effect of bioclimatic conditions could also be
linked to the self-report bias, where survey participants tend to answer always in the middle

or on the extremes of Likert-scales (Bauhoff, 2014).

Moreover, the EHEIGYISHIGIERAGY of a building and occupant behaviour were also expected to
be correlated more strongly (Sunikka-Blank & Galvin, 2012). Energy labels, indicating the
energy efficiency of a building, were first identified to be a significant predictor of energy-
consuming behaviour in the optimized model of Analysis 1. However, when removing extreme
outliers, energy labels became insignificant in the prediction of occupant behaviour. In
Analysis 2, energy labels were never considered to be a significant predictor of occupant
behaviour. This can potentially be explained by the 25.4% of missing energy labels and the
estimations about energy labels that had to be made. Most homes of participants had an A
energy label and only a very small number of homes had F or G energy labels, which could
explain why F and G energy labels were defined as outliers. The distribution of the energy
labels was very skewed, i.e., many A energy labels and very little F or G energy labels. This
could also explain why energy labels are considered significant in predicting occupant
behaviour in the optimized model of Analysis 1 but not in the optimised model of Analysis 2.
In Analysis 1, bootstrapping was used, which accounts for issues of non-normality (e.g.,
skewed distributions of variables). Hence, the distribution of the energy labels was “corrected”

in Analysis 1 but not in Analysis 2.

Research quality. Overall, this research presents the first attempt at predicting energy
consuming behaviour through bioclimatic conditions of residential buildings and psychological
mechanisms. A substantial dataset (i.e., 545 data points) was created which groups data on
energy-consuming behaviour, bioclimatic conditions of residential buildings, habitual
behaviour, and the use of moral licensing. The sample was representative of the student
demographic in the Netherlands. E.g., the presence of 55.3% of females in our sample is in
line with the national average, i.e., 54% of female students at university and 53% in higher
professional education enrolments (CBS Statistics Netherlands, 2023). Also, the rather equal
split between Dutch citizens and internationals reflects the reality of the student population in

the Netherlands. Additionally, data was gathered from diverse locations across the
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Netherlands. Therefore, results are generalizable to the population of residential occupants in

the Netherlands, and hence, external validity is high.

The identified research gap was the lack of understanding and integration of occupant
behaviour in building energy performance modelling/prediction. This gap was bridged by this
research since understanding of occupant behaviour was advanced. How energy-consuming
behaviour within residential buildings is influenced is now better understood and this research
constitutes a first step towards the accurate integration of occupant behaviour in building
energy performance modelling. Indeed, the optimized multiple regression models of this
research could be combined with other regression models that aim to predict energy efficiency

of buildings, e.g., the regression model found in Tzikopoulos et al. (2005).

5.2 Limitations

Despite the valuable scientific and practical insights of this research, some limitations that
impact both the interpretation and generalizability of results should be acknowledged. First,
wind direction and relative humidity are two bioclimatic conditions that could not be integrated
as the data collection of these was hindered due to the time constraint, impacting the content
validity of bioclimatic conditions negatively. However, even though they were not integrated
in this research, results still showed that bioclimatic conditions influence occupant behaviour
to a certain extent. Second, the quality of the energy labels poses a limitation to this research,
as they are partly based on estimations. However, the results still gave usefulinsights of the
relationship between energy labels and energy-consuming behaviour. Third, the Self-report
bias (as mentioned above) could have impacted the measurement of self-reported data. This
can be improved in future research by using more objective' measurements (see 5.3 Future
Research). Lastly, the results of the optimised model in Analysis 1 are not completely robust.
The model was already improved by bootstrapping to tackle the issue of non-normal
distributions. However, the extreme outliers in WindSpeed and EnergylLabel decreased the
robustness of the results. Therefore, a sensitivity analysis was conducted (see 4.1.3 Sensitivity
Analysis).

5.3 Future Research

In terms of avenues for future research, some recommendations can be given. First, future
research should further investigate the influence of bioclimatic conditions on occupant

behaviour by expanding the climatic scope of the study, i.e., by having more variation in terms
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of bioclimatic conditions. This could be done by including larger countries with more diverse
climate or different countries from different climatic zones in the data collection. Second, wind
direction and relative humidity are two bioclimatic conditions that should be added in future
research, as they were not included in this research but are often mentioned in scientific
literature. Third, in order to avoid the self-report bias (Bauhoff, 2014), future research should
include objective observations of occupant behaviour, bioclimatic conditions and energy
efficiency of their residential buildings. This would also solve the issue of quality of energy
labels. Lastly, building standards and norms, as well as municipalities and energy consultancy
firms, are usually the different parties that define how buildings are oriented, the minimum
sizes of windows, airflow, etc. Hence, future research should also focus on how well occupant
behaviour is integrated into such standards, norms, and municipality regulations. It should also
investigate to what extent energy consultancy firms take occupant behaviour into account

when advising architecture offices.

6.Conclusion

The aim of this research was to gain a more profound understanding of occupant behaviour
within residential buildings. More precisely the influence of bioclimatic conditions and two
psychological mechanisms (i.e., habits and moral licensing) on energy consuming behaviour
within homes was investigated. To achieve the aim of this research, a quantitative cross-
sectional study was conducted on a sample of 545 participants. Data was collected both
through a survey questionnaire and through archival data collection. Data was analysed
mainly by conducting multiple linear regression analyses to answer the two research

guestions:

1) How is occupant behaviour influenced by the bioclimatic conditions of the residential
building they are in?
2) How conscious or unconscious is occupant behaviour? And hence, to what extent can

occupants be held responsible for their behaviour?

The research showed that occupant behaviour is influenced to a small extent by bioclimatic
conditions. However, the small effect of bioclimatic conditions on occupant behaviour could
be due to the Netherlands being a small country with little variation in bioclimatic data.
According to Space&Matter, architects designing buildings in the Netherlands usually apply
the same sets of rules to take bioclimatic conditions into account wherever in the Netherlands
the building is being constructed. Hence, the rules do not have to be adapted depending on

the city within the Netherlands. However, this might not hold when buildings are being
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designed in areas where bioclimatic conditions differ more. Hence, it is imperative to
investigate the influence of bioclimatic conditions on occupant behaviour further as a small but
statistically significant effect was detected in this study.

The research also showed that occupant behaviour is Significantly influenced by psychological
mechanisms. More precisely, Unconscious habitual behaviour was shown to have a larger

effect on energy consuming behaviour than moral licensing (conscious). Since more than half

of human behaviour is unconscious, this shows the ifipoitanceloffakingihabitSlintoraccolint
(RERNdESIghRiRgNbUIldinGSNerprediciingNheienergyMperfofmance Not taking habits into

account can result in inefficient energy-consuming behaviour or decreased return on
investments when buildings do not meet predicted energy performances. Combining the
optimised regression models showed that psychological mechanisms have a larger influence

on energy-consuming behaviour than bioclimatic conditions.

Overall, the results of this research can be used to formulate practical recommendations for
different parties. For@iSRIESSIERMEESIGRES, the results imply that bioclimatic conditions and
underlying psychological mechanisms can be consciously considered when designing
buildings. In terms of habits, they should consider that familiar environments trigger learned
habits, which can be inefficient. By considering these points, buildings could be designed such
as to optimise energy-consuming behaviour. CHEIGYICORSHESRSYMRNS -dvising architecture
offices on the right active and passive energy strategies to use within buildings can take
occupant behaviour also more consciously into account to bridge the gap between expected
and actual energy performance of buildings. CEISYIRERES can integrate the results of this
study into the updating of current building norms and regulations. By considering the latest
knowledge on occupant behaviour and what influences it, building regulations and norms
would stay up to date and could potentially work more effectively toward CO?-emission
reduction goals. Finally, since occupant behaviour was shown to be more unconscious, the
occupants cannot be held fully responsible of their energy-consuming behaviour. Hence,

GEENiGINCRERgENRSNEREsEES \would potentially only work to a limited extent on occupant

behaviour.

Finally, this thesis presents the first successful attempt at predicting energy-consuming
behaviour through bioclimatic conditions of residential buildings and psychological
mechanisms underlying occupant behaviour (i.e., habits and moral licensing). This research
can support (iliiEIpEticiENENtRNERSoyNPENoIMancENmeaElRg by providing a first
guantitative model of energy-consuming behaviour explained through the lens of bioclimatic
conditions, habits, and moral licensing.
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Appendices

Appendix A: Overview of all Variables

Legend:

e Variables that are numbered are used in the statistical analyses directly. The other
variables have other uses more precisely described in the column “Use”.
e Variables that are highlighted are variables for which the calculation is described more

precisely in Appendix C.

Variable Survey/ Description Example

Datapoint

1 Age Numeric Text entry Age of participant in 24 years Control
Continuous years
2 Gender Categorical MCQ Gender of participant: “Female” Control
Nominal Male, Female, Other,
Prefer not to say
3 TimeNL Numeric Computed Time lived in the 1,4 years (1 Control
Continuous (Appendix Netherlands by year 5
Q) participant months)
TimeNL_YR | Numeric Form field Years lived in NL 1 year Used to calculate
Continuous (text entry) TimeNL
TimeNL_MO | Numeric Form field Months lived in NL 5 months Used to calculate
Continuous (text entry) TimeNL
4 City Categorical Text entry City in which Amsterdam Control & Used to
Nominal participant lives find local climatic
data for the
bioclimatic
conditions.
5 NbWorkHours Numeric Text entry Average number of 45 hours Control
Continuous hours worked per
month
6 Finances Categorical MCQ Description of financial | “Spent some | Control
Ordinal situation of the savings”
participant
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7 EnergyLabel Categorical EP-Online The energy label of the | Energy label | Control
Ordinal building the participant | B
lives in. Itis
determined using the
following variables:
City, HouseCorp,
NameBuilding and/or
PostCode.
HouseCorp | Categorical MCQ The housing SSH Used to find the
Nominal corporation that owns energy label of the
the building the building the
participant lives in. participant lives in.
NameBuilding | Categorical Text entry Name of the building Johanna Used to find the
Nominal the participant lives in. energy label of the
building the
participant lives in.
PostCode | Categorical Text entry The postcode and 3584SB, 29 Used to find the
Nominal house number of the energy label of the
building the participant building the
lives in separated by a participant lives in.
Outcome (Energy Behaviour)
8 EnergyBehaviour | Numeric Computed The score indicating 4.7 Outcome
Score Continuous (Appendix how energy-consuming
C) the behaviour of an
occupant is. The
higher the score, the
more energy-
consuming the
behaviour.
EB_Oven | Numeric MCQ Frequency of use of “On 1-2 Computation of
discrete (Likert 5) oven per week days” EnergyBehaviourSc
ore
EB_Microwave | Numeric MCQ Frequency of use of “On 1-2 Computation of
discrete (Likert 5) microwave per week days” EnergyBehaviourSc
ore
EB_Dishwasher | Numeric MCQ Frequency of use of “On 1-2 Computation of
discrete (Likert 5) dishwasher per week days” EnergyBehaviourSc
ore
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EB_Laundry | Numeric MCQ Frequency of use of “On 1-2 Computation of
discrete (Likert 5) laundry machine per days” EnergyBehaviourSc
week ore
EB_Dryer | Numeric MCQ Frequency of use of “On 1-2 Computation of
discrete (Likert 5) dryer per week days” EnergyBehaviourSc
ore
EB_Hairdryer | Numeric MCQ Frequency of use of “On 1-2 Computation of
discrete (Likert 5) hairdryer per week days” EnergyBehaviourSc
ore
EB_KettleCoffee | Numeric MCQ Frequency of use of “2 times/day” | Computation of
discrete (Likert 5) electric kettle or coffee EnergyBehaviourSc
machine per day ore
EB_TV | Numeric MCQ Frequency of use of “2 times/day” | Computation of
discrete (Likert 5) TV per day EnergyBehaviourSc
ore
EB_LightDay | Numeric MCQ Time period lights are “2-3 hours Computation of
discrete (Likert 5) turned on during per day” EnergyBehaviourSc
daytime per day ore
EB_LightNight | Numeric MCQ Time period lights are “2-3 hours Computation of
discrete (Likert 5) turned on during per day” EnergyBehaviourSc
evening per day ore
EB_StandBy | Numeric MCQ How many appliances “More than Computation of
discrete (Likert 5) are usually put on half of them” | EnergyBehaviourSc
standby ore
EB_Clothes | Numeric MCQ Disagree/Agree: “Somewhat Computation of
discrete (Likert 5) Putting on clothes agree” EnergyBehaviourSc
when cold ore.
EB_Heater | Numeric MCQ Disagree/Agree: “Somewhat Computation of
discrete (Likert 5) Turning up the heater agree” EnergyBehaviourSc
when cold ore
EB_Curtains | Numeric MCQ Disagree/Agree: “Somewhat Computation of
discrete (Likert 5) Closing curtains to agree” EnergyBehaviourSc
keep cold out ore
EB_Doors | Numeric MCQ Disagree/Agree: “Somewhat Computation of
discrete (Likert 5) Forgetting to close agree” EnergyBehaviourSc
doors ore
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EB_Windows | Numeric MCQ Disagree/Agree: “Somewhat Computation of
discrete (Likert 5) Forgetting to close agree” EnergyBehaviourSc
windows ore
EB_LightsForgotten | Numeric MCQ Disagree/Agree: “Somewhat Computation of
discrete (Likert 5) Forgetting to turn off agree” EnergyBehaviourSc
lights ore
EB_BackgroundNoise | Numeric MCQ Disagree/Agree: “Somewhat Computation of
discrete (Likert 5) Leaving agree” EnergyBehaviourSc
TV/Radio/Music ore
Box/Laptop on for
background noise
EB_HomeWeekTOT | Numeric Matrix in Score that indicates 35 Computation of
Continuous survey how much a participant EnergyBehaviourSc
is home during the ore
Computed
. week on a scale from 1
(Appendix
to 5.
Q)

orientation

9 Orientation Categorical MCQ The orientation of the
Nominal home of the participant
in the building. They
can check multiple.
See BC_OrN to
BC_OrNW.
10 BC_OrN | Binary dummy (Yes/No) Northern orientation Yes Predictor
1 BC_OrNE | Binary dummy (Yes/No) North-Eastern Yes Predictor
orientation
12 BC_OrE | Binary dummy (Yes/No) Eastern orientation Yes Predictor
13 BC_OrSE | Binary dummy (Yes/No) South-Eastern Yes Predictor
orientation
14 BC_OrS | Binary dummy (Yes/No) Southern orientation No Predictor
15 BC_OrSW | Binary dummy (Yes/No) South-Western No Predictor
orientation
16 BC_OrW | Binary dummy (Yes/No) Western orientation No Predictor
17 BC_OrNW | Binary dummy (Yes/No) North-Western No Predictor
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18 | Shading Categorical MCQ The extent to which 4 Predictor
Ordinal (Likert 5) their home is shaded
by vegetation or
another element.
19 | ArtificialLight Categorical MCQ The extent to which 4 Predictor
Ordinal (Likert 5) they need artificial
light.
20 | SolarRad Numeric >TU Delft In combination with 14.03 Predictor
continuous Weather City, the local solar
data portal irradiation (amount of
incoming sun). In
kwh/(m?2day).
21 | AmbTemp Numeric >TU Delft In combination with 8.64 Predictor
continuous Weather City, the local ambient
data portal temperature. In °C.
22 | WindSpeed Numeric >TU Delft In combination with 4.715 Predictor
continuous Weather City, the local wind
data portal speed. In m/s.

23 | HabitScore Numeric Computed A score indicating how | 3.7 Predictor
continuous (Appendix habitual the
C) participant’s behaviour
is.
HabitHeater_Fr | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Turning the heater up agree HabitScore
when cold (Frequency)
HabitHeater_Auto | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Turning the heater up agree HabitScore
when cold
(Automaticity)
HabitHeater_ID | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Turning the heater up agree HabitScore
when cold (Identity)
HabitShower_Fr | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Taking a hot shower agree HabitScore
before or after a day
(Frequency)
HabitShower_Auto | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Taking a hot shower agree HabitScore
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before or after a day

Energylnvest

Categorical
Nominal

Yes/No

background noise
(Identity)

Investments into

energy efficiency

(Automaticity)
HabitShower_ID | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Taking a hot shower agree HabitScore
before or after a day
(Identity)
HabitLight_Fr | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Turning on a light agree HabitScore
when entering a room
(Frequency)
HabitLight_Auto | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Turning on a light agree HabitScore
when entering a room
(Automaticity)
HabitLight_ID | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Turning on a light agree HabitScore
when entering a room
(Identity)
HabitDevices_Fr | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Turning on devices for agree HabitScore
background noise
(Frequency)
HabitDevices_Auto | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Turning on devices for agree HabitScore
background noise
(Automaticity)
HabitDevices_ID | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Turning on devices for | agree HabitScore

Yes

Not used in data
analysis, serves as
reminders of pro-
environmental
behaviour to
participants as a
trigger for moral

licensing.

Meat

Categorical
Nominal

Yes/No

Stopping/decreasing
meat consumption

Yes

Idem Energylnvest
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Bulk Categorical Yes/No Buying in bulk/avoiding | Yes Idem Energylnvest
Nominal packaging
EnergyCons Categorical Yes/No Conversations about Yes Idem Energylnvest
Nominal energy conversation
DryerUse Categorical Yes/No Using a clothes dryer Yes Idem Energylnvest
Nominal
Recycling Categorical Yes/No Recycling waste Yes Idem Energylnvest
Nominal
AirTravel Categorical Yes/No Avoiding flying as Yes Idem Energylnvest
Nominal much as possible
24 | MoralLicensingScore | Numeric Computed The score indicatingto | 3.7 Predictor
continuous (Appendix what extent the
C) participant is using
moral licensing.
ML_Indulge | Numeric MCQ Agree/Disagree: Somewhat Computation of
discrete (Likert 5) Participant is entitled to | agree MoralLicensingScor
indulge themselves e
from time to time even
if it's not the best for
the environment
ML_Strictness | Numeric MCQ Agree/Disagree: It's Somewhat Computation of
discrete (Likert 5) okay to be stricter in agree MoralLicensingScor
some areas than other e
for pro-environmental
behaviour
ML_Offset | Numeric MCQ Agree/Disagree: Bad Somewhat Computation of
discrete (Likert 5) environmental agree MoralLicensingScor
behaviour can be e
offset by pro-
environmental
behaviour in another
area
ML_Standby | Numeric MCQ Agree/Disagree: It's Somewhat Computation of
discrete (Likert 5) okay to leave energy agree MoralLicensingScor
efficient appliances on e
standby
ML_NoDishwasher | Numeric MCQ Agree/Disagree: Not Somewhat Computation of
discrete (Likert 5) using a dishwasher agree MoralLicensingScor

can make up for longer

showers

e
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ML_Vegetarian

Numeric

discrete

MCQ
(Likert 5)

Agree/Disagree: Eating
vegetarian can
compensate for more

driving

Somewhat

agree

Computation of

MoralLicensingScor

e

64




Appendix B: Survey Questionnaire

The following survey has been made using Qualtrics.

Eligibility Hello there!

Before introducing the topic of my research, let's make sure you are eligible to participate in
this survey. Answer the following three questions and you're good to go! (All data is
anonymised and treated confidentially according to the GDPR).

Eligibilityl Are you a student?

Yes (1)
No (2)
Skip To: End of Survey If Are you a student? = No

Eligibility2 Do you live by yourself? (meaning without any housemates)

Yes (1)
No (2)

Skip To: End of Survey If Do you live by yourself? (meaning without any housemates) = No

Eligibility3 Do you live in the Netherlands in a building of a housing corporation (e.g., the
SSH, DUWO, Xior etc.)?

Yes (1)
No (2)

Skip To: End of Survey If Do you live in the Netherlands in a building of a housing corporation (e.g.,

the SSH, DUWO, Xior... = No

Introduction If you are reading this, congrats: You passed the eligibility test!

Thank you for taking the time to read and fill out this survey. As part of my master’s thesis, |
am researching how certain aspects (psychological and physical) influence energy
consumption behaviour. This survey takes approximately 15-20min to complete and
provides guidance on how to answer questions. Note that it is best to fill out this survey from

home, as there are questions regarding physical features of your home.
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Those who fill out the survey can participate in a giveaway draw separate from this survey (to
ensure anonymity of results). In total, 3 people will be drawn for the giveaway and will each
receive a 50€ voucher for bol.com. At the end, you will have the opportunity to obtain the

results of this research. For any questions you can email me (Anne-Jil Clohse), the researcher,

at a.clohse@students.uu.nl.

Participation in this survey is voluntary and you can quit the survey at any time without giving
a reason and without penalty. Your answers to the questions will be shared with the research
team. We will process your personal data confidentially and in accordance with data protection
legislation (the General Data Protection Regulation and Personal Data Act). All data will be
reported as summaries across participants. Please respond to the questions honestly and feel

free to say or write anything you like.
Thank you for your participation!
Informed consent

| confirm that:

e | am satisfied with the received information about the research.
¢ | have no further questions about the research at this moment.
¢ | had the opportunity to think carefully about participating in the study.
¢ | will give an honest answer to the questions asked.
| agree that:

¢ the data to be collected will be obtained and stored for scientific purposes.
o the collected, completely anonymous, research data can be shared and re-used by
scientists to answer other research questions.

| understand that:

¢ | have the right to withdraw my consent to use the data as long as they can be
identified.

e | have the right to see the research report afterwards.
Do you agree to participate?

Yes (1)
No (2)

Skip To: End of Survey If | confirm that: | am satisfied with the received information about the

research; | have no further... = No
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Introduction Basic demographics

Reminder: All information is handled confidentially according to the GDPR.

Age What is your age (in years)?

Gender What is your gender?

Male (1)

Female (2)

Other (3)

Prefer not to say (4)

TimeNL How long have you been living in the Netherlands? (in years and months)

If you have lived in the Netherlands for 4 years and 5 months, write “4" in the first field, then "5" in the second. If it has been less
than a year, write "0" in the first field and the number of months in the second field.

Years (1)
Months (10)

City In which city in the Netherlands do you currently live?

Write for example "Amsterdam”

NbWorkHours How many hours do you work on average per month (at a side job, to earn

money next to your studies)?

Write for example "52" for 52 hours per month. If you do not have a side job/don't earn money on the side, write "0".
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Finances How would you best describe your financial situation over this last year? During the

past year, | ...

Saved money (2)

Just got by (3)

Spent some savings (4)

Spent savings and borrowed money (5)
Prefer not to say (6)

Introduction Building energy efficiency

In order for me to find out which energy label the building you currently live in has, | need
information on the housing corporation the building belongs to and the name of the building.

All information given by you is handled confidentially according to the GDPR.

HouseCorp Which housing corporation owns the building you live in?

SSH (1)
Holland2Stay (2)
DUWO (3)

Xior (4)

Canvas (5)

The Fizz (6)
Other (7)

Skip To: NameBuilding If Which housing corporation owns the building you live in? != Other

HouseCorp2 You selected "Other" in the previous question. Please specify which housing

corporation owns your building.

NameBuilding What is the name of the building you live in?

Write for example "Johanna" for the building on Bisschopssteeg in Utrecht from the SSH. Write N/A if you are giving the postcode
and house number in the following question instead.
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PostCode If you do not know the name of the building you live in, you can also alternatively

give the postcode and house number of the building.

Write for example "3584SB, 29" for the postcode 3584 SB and the house number 29 (separated by a ", "). Write N/A if you have

given the name of your building.

Introduction Energy behaviour

In the following section, multiple questions around behaviour in your home will be asked. This
is important to better understand occupant behaviour and to assess it. While answering the
following questions, take into account your behaviour in the building you currently live in as a

student in the Netherlands.

Keep the last 4-8 weeks as a reference for your behaviour (March and April 2023) when

answering these questions.

EB_Oven How often do you use the oven per week approx.?
If you do not own said appliance, you can check the box "Never".

Never (1)

On 1-2 days (2)
On 3-4 days (3)
On 5-6 days (4)
Every day (5)

EB_Microwave How often do you use the microwave per week approx.?
If you do not own said appliance, you can check the box "Never".

Never (1)

On 1-2 days (2)

On 3-4 days (3)

On 5-6 days (4)

Every day (5)
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EB_Dishwasher How often do you use the dishwasher per week approx.?
If you do not own said appliance, you can check the box "Never".

Never (1)

On 1-2 days (2)
On 3-4 days (3)
On 5-6 days (4)
Every day (5)

EB_Laundry How often do you use the laundry machine per week approx.?
If you do not own said appliance, you can check the box "Never".

Never (1)

On 1-2 days (2)
On 3-4 days (3)
On 5-6 days (4)
Every day (5)

EB_Dryer How often do you use the dryer per week approx.?
If you do not own said appliance, you can check the box "Never".

Never (1)

On 1-2 days (2)

On 3-4 days (3)

On 5-6 days (4)

Every day (5)

EB_Hairdryer How often do you use a hairdryer per week?
If you do not own said appliance, you can check the box "Never".

Never (1)

On 1-2 days (2)

On 3-4 days (3)

On 5-6 days (4)

Every day (5)
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EB_KettleCoffee How often do you use the electric kettle/coffee machine per day approx.?
If you do not own said appliance, you can check the box "Never".

Never (1)

1 time/day (2)

2 times/day (3)

3 times/day (4)

4+ times/day (5)

EB_TV How long do you watch TV per day approx.?

If you do not own said appliance, you can check the box "Never".

Never (1)

<1 hour/day (2)
2 hours/day (3)

3 hours/day (4)

4+ hours/day (5)

EB_LightDay For how long are the rooms of your home lit during the daytime (when it is light
outside)?
If you never turn on your lights during daytime, you can check the box "Never".

Never (1)

0-1 hour/day (2)

2-3 hours/day (3)

4-5 hours/day (4)

6+ hours/day (5)

EB_LightNight For how long are the rooms of your home lit during the evening/night (when
the sun sets)?
If you never turn on your lights during evening/night, you can check the box "Never".

Never (1)

0-1 hour/day (2)

2-3 hours/day (3)

4-5 hours/day (4)

6+ hours/day (5)
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EB_StandBy How many of your appliances do you put on stand-by (instead of turning them

off)?

None (1)

Less than half of them (2)
About half of them (3)
More than half of them (4)
All of them (5)

IntroStatements In the following part, different statements are given, and you are asked to

agree/disagree with them on the basis of how well it applies to your own behaviour. The less

likely vyou are to do it, the more vyou disagree (and Vvice

Remember to take the last 4-8 weeks as a reference for your behaviour.

EB_Clothes "If | am feeling cold, | put on more clothes"

Strongly disagree (5)
Somewhat disagree (4)
Neither agree nor disagree (3)
Somewhat agree (2)

Strongly agree (1)

EB_Heater "If | am feeling cold, I turn up my heater"

Strongly disagree (1)
Somewhat disagree (2)
Neither agree nor disagree (3)
Somewhat agree (4)
Strongly agree (5)

versa).
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EB_Curtains "l close the curtains in the evening or when it is cold to avoid incoming

cold/humidity"

If you do not have curtains, select "strongly disagree"”. If you close them, but for other reasons unrelated to energy savings, also
select "strongly disagree".

Strongly disagree (5)

Somewhat disagree (4)

Neither agree nor disagree (3)

Somewhat agree (2)

Strongly agree (1)

EB_Doors "l sometimes leave doors open behind me when | enter a room"
In case you live in a studio with only one room, select "strongly disagree".

Strongly disagree (1)
Somewhat disagree (2)
Neither agree nor disagree (3)
Somewhat agree (4)

Strongly agree (5)

EB_Windows "l leave windows open for longer than 15min to air out my home"

Never (1)

Sometimes (2)

About half the time (3)
Most of the time (4)
Always (5)

EB_LightsForgotten "I sometimes leave lights on when | leave the house"

Strongly disagree (1)
Somewhat disagree (2)
Neither agree nor disagree (3)
Somewhat agree (4)

Strongly agree (5)
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EB_BackgroundNoise "l leave the TV/radio/music box/laptop on for background noise while
doing something else at home"
For example, while cleaning, studying, washing the dishes, etc.

Strongly disagree (1)

Somewhat disagree (2)

Neither agree nor disagree (3)

Somewhat agree (4)
Strongly agree (5)

EB_HomeWeekTOT In a typical week, how much time do you spend at home on average?

Indicate in the following matrix when you are usually home (you can check multiple per day).

The days don't play a very big role, it is more about how much time you spend at home in total. If you know you are not home 2

days/week usually, it doesn't matter which days you do not check.

Monday Tuesday Wednesday Thursday Friday Saturday Sunday
@ 2 ®) (4) ®) (6) @)

Morning
(HomeWeek_Morning)

Afternoon
(HomeWeek_Afternoon)

Evening
(HomeWeek_Evening)

Night (HomeWeek_Night)

Introduction Physical features and environmental context of your building

The physical features of your home and its local environmental context can have an influence
on how you use energy. Therefore, | need some insights from you on those. While answering
the following questions, refer to the building you currently live in as a student in the

Netherlands.
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Orientation When you look outside the window(s) of you living space, which direction (N, E,
S, W) are you looking at?
Choose multiple if your living spaces are on multiples sides of the building (e.g., on a corner).

iPhones should have an integrated compass app. You can find free compass apps on the AppStore (iPhone) or GooglePlay
(Android). Alternatively, you can use an online compass (see websites below). Note that not every smartphone and very few

laptops have magnetic sensors built in, so this compass will not work on every device.
Online Compass:

https://bytetool.web.app/en/compass/
https://lamplightdev.github.io/compass/

North (1)
North-East (2)
East (3)
South-East (4)
South (5)
South-West (6)
West (7)
North-West (8)

Shading To what extent do vegetation (e.g., a tree) or other elements (e.g., another building)
shade either the fagade or windows of your living spaces?
(from 1 = “not shaded at all” to 5 “completely shaded”)

1(1)

2(2)

3(3)

4 (4)

5(5)
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ArtificialLight How much natural daylight do you have in your main living spaces? Provided
you were to stay at home and work from there the whole day, indicate to what extent you (do
not) need extra artificial light.
(from 1= “only need artificial light when it is dark out’, to 5 = “need artificial light at all times”).

1(1)

2(2)

3(3)

4 (4)

5 (9)

Introduction Psychological mechanisms | (Habits)

To determine how habitual your behaviour is, you are asked to react to multiple statements
relating to different behaviours within buildings. For each statement you are asked to
agree/disagree on how frequently and automatically you do these things and how weird it

would make you feel not to do them.

When answering these questions, keep the last 4-8 weeks as a reference in mind and

answer truthfully.

HabitHeater "Turning up the heater when feeling cold is something..."

Indicate to what extent you agree/disagree.

Strongly Somewhat Neither agree Somewhat agree Strongly agree
disagree (1) disagree (2) nor disagree (3) 4 (5)

| do frequently
(HabitHeater_Fr)

| do automatically
(HabitHeater_Auto)

That makes me feel
weird if | do not do
it. (HabitHeater_ID)
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HabitShower "Taking a warm shower before starting the day or at the end of the day is

something..."

Indicate to what extent you agree/disagree.

Strongly Somewhat
disagree (1) disagree (2)

| do frequently
(HabitShower_Fr)

| do automatically
(HabitShower_Auto)

That makes me feel
weird if | do not do it.
(HabitShower_ID)

Neither agree
nor disagree (3)

Somewhat agree

4

HabitLight "Turning the light on when entering a room is something..."

Indicate to what extent you agree/disagree.

Strongly disagree Somewhat
(2) disagree (2)

| do frequently
(HabitLight_Fr)

| do automatically
(HabitLight_Auto)

That makes me
feel weird if | do
not do it.

(HabitLight_ID)

Neither agree nor
disagree (3)

Somewhat agree

4)

Strongly agree
(5)

Strongly agree
©)
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HabitDevices "Turning on the TV, the radio or another device for background noise is

something..."

Indicate to what extent you agree/disagree.

Strongly Somewhat Neither agree Somewhat agree Strongly agree
disagree (1) disagree (2) nor disagree (3) 4) (5)

| do frequently
(HabitDevices_Fr)

| do automatically
(HabitDevices_Auto)

That makes me feel
weird if | do not do it.
(HabitDevices_ID)

Introduction Psychological mechanisms I

Indicate (Yes/No) whether the following statements apply to your situation. It is not a question
of frequency but rather statements that apply generally. Keep in mind what applies to your

current living spaces/situation.

When answering these guestions, keep the last 4-8 weeks as areference in mind (March

and April 2023) and answer truthfully.

Energylnvest "l have invested into energy efficient lighting in my (studio) apartment/room
(e.g., switched to LEDs)."

Yes (1)
No (2)

Meat "I have stopped or decreased my meat consumption.”

Yes (1)
No (2)
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Bulk "I try to buy in bulk what | can (and avoid packaging where | can)."

Yes (1)
No (2)

EnergyCons "l have conversations about energy conservation with friends and/or family."

Yes (1)
No (2)

DryerUse "l use a clothes dryer."

Yes (1)
No (2)

Recycling "l recycle."

Yes (1)
No (2)

AirTravel "l avoid flying as much as possible."
Yes (1)

No (2)

Introduction Psychological mechanisms llI

ML_Indulge "I am entitled to indulge myself in something that is not entirely exemplary from

an environmental perspective occasionally."

Strongly disagree (1)
Somewhat disagree (2)
Neither agree nor disagree (3)
Somewhat agree (4)

Strongly agree (5)
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ML_Strictness "When it comes to climate-relevant behaviour, it's OK if I'm less strict with

myself in some areas than in others."

Strongly disagree (1)
Somewhat disagree (2)
Neither agree nor disagree (3)
Somewhat agree (4)

Strongly agree (5)

ML_Offset "Behaviour that is not so beneficial for the climate can be offset by environmentally

friendly deeds elsewhere."

Strongly disagree (1)
Somewhat disagree (2)
Neither agree nor disagree (3)
Somewhat agree (4)

Strongly agree (5)

ML_Standby "If you have energy-efficient appliances, it's okay to leave them on standby."

Strongly disagree (1)
Somewhat disagree (2)
Neither agree nor disagree (3)
Somewhat agree (4)

Strongly agree (5)

ML_NoDishwasher "Not using a dishwasher can make up for longer showers."

Strongly disagree (1)
Somewhat disagree (2)
Neither agree nor disagree (3)
Somewhat agree (4)

Strongly agree (5)
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ML_Vegetarian "A vegetarian diet can compensate for more frequent driving."

Strongly disagree (1)
Somewhat disagree (2)
Neither agree nor disagree (3)
Somewhat agree (4)

Strongly agree (5)

Feedback Are there any aspects (personal preferences, aspects of your home, culture etc.)

that influence your energy consumption that have not been addressed in this survey?

Results You can obtain the results of this research by sending an email to
a.clohse@students.uu.nl with the subject "Bioclimatic conditions and behaviour thesis".

You will then receive an email back once the research is completed.

Congrats, you did it! Now it's time to enter the giveaway draw if you'd like!

Introduction Giveaway

As announced at the start of this survey, you get the chance to win a prize by participating in
a giveaway draw. 3 people will be drawn randomly out of the participants of the giveaway,
who will each win a prize worth 50€. The giveaway is organized in a separate survey so as to
guarantee that the responses of the main survey remain anonymized. All data is handled
according to the GDPR.
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Consent Would you like to participate in the giveaway of this research?

By clicking "Yes" you will be brought to a separate website for the giveaway. If you click "No"

you will simply be brought to the end of this survey.

Yes (1)
No (2)
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Appendix C: Calculation of Variables
C1 Computation of TimeNL

TimeNL is the continuous variable that describes how long participants have lived in the
Netherlands (in years). Participants were asked to answer how many years (TimeNL_YR) and
months (TimeNL_MO) they had been living in the Netherlands. TimeNL_YR and TimeNL_MO

are used to calculate TimeNL in the following way:

TimeNL = TimeNL_YR + (Timeiv#)

C2 Computation of EnergyBehaviourScore

EnergyBehaviourScore is an average of scores from 19 variables concerning occupant
behaviour related to energy consumption. After the different variables have been re-coded
from categorical ordinal to numeric discrete ones, the variable EnergyBehaviourScore is

calculated as follows:

EnergyBehaviourScore

1
=19 (EB_Oven + EB_Microwave + EB_Dishwasher + EB_Laundry

+ EB_Dryer + EB_Hairdryer + EB_KettleCof fee + EB_TV + EB_LightDay
+ EB_LightNight + EB_StandBy + EB_Clothes + EB_Heater + EB_Curtains
+ EB_Doors + EB_Windows + EB_LightsForgotten + EB_BackgroundNoise
+ EB_HomeWeekTOT)

The variable is continuous and measured on a scale from 1 to 5 with 1 indicating the least

energy consuming behaviour possible and 5 the most.

C3 Computation of EB_ HomeWeekTOT

EB_HomeWeekTOT is calculated by taking the average of 28 variables and multiplying it by
5 such that it is measured on a continuous scale from 0 to 5. The 28 variables are created by
Qualtrics when using a matrix question with multiple checkboxes. The question that

participants are asked to answer is the following:
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EB_HomeWeek In a typical week, how much time do you spend at home on average?

Indicate in the following matrix when you are usually home (you can check multiple per day).

The days don't play a very big role, it is more about how much time you spend at home in total. If you know you are not home 2

days/week usually, it doesn't matter which days you do not check.

Monday Tuesday Wednesday Thursday Friday Saturday Sunday
@ @ ©) 4 5 (6) ™

Morning
(EB_HomeWeek_Morning)

Afternoon
(EB_HomeWeek_Afternoon)

Evening
(EB_HomeWeek_Evening)

Night
(EB_HomeWeek_Night)

Hence, for each day of the week, 4 variables are created to indicate whether or not a
participant is usually home at that time, i.e., 1 if Yes and O if No. The formula of
EB_HomeWeekTOT is then:

EB_HomeWeekTOT

= % (EBHomeweekMONMorning + EBHomewee'kMONAfternoon + EBHomeweekMONEvening

+ EBHomeweekMONNight + EBHomeweekTUEMorning + EBHomeweekTUEAfternoon
+ EBHomeweekTUEEvening + EBHomeweekTUENight + EBHomeweekWEDMorning

+ EBHomeweekWEDAfternoon + EBHomeweekWEDEvening + EBHomQWQERWEDNight
+ EBHomewee"THUMorning + EBHomeweERTHUAfternoon + EBHomeweekTHUEvening
+ EBHomeweekTHUNight + EBHomeweekFRIMorning + EBHomeweekFRIAfternoon

+ EBHomeweekFRlEvening + EBHomeweekFRINight + EBHomeweekSATMorning

+ EBHomeweekSATAfternoon + EBHomeweekSATEvening + EBHomeweekSATNight

+ EBHomeweekSUNMorning + EBHomeweekSUNAfternoon + EBHomeweekSUNEvening

+ EBHomeWeekSUNNight)
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C4 Computation of HabitScore

After all the variables concerning how habitual behaviour is have been re-coded from
categorical ordinal to numeric discrete variables, the variable HabitScore is calculated as an

average of these variables:

1
HabitScore = IV (HabitHeater_Fr + HabitHeater_Auto + HabitHeater_ID

+ HabitShower_Fr + HabitShower_Auto + HabitShower_ID + HabitLight_Fr
+ HabitLight_Auto + HabitLight_ID + HabitDevices_Fr
+ HabitDevices_Auto + HabitDevices_ID)

C5 Computation of MoralLicensingScore

After the different variables used to calculate MoralLicensingScore have been re-coded from
categorical ordinal to numeric discrete variables, MoralLicensingScore is calculated as an

average of these:

MoralLicensingScore

1
= 8 (MLIndulge + MLStrictness + MLOffset + MLStandby + MLNoDishwasher

+ MLVegetarian)
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Appendix D: Descriptive statistics overview

Table D1 Descriptive Statistics of EnergyBehaviourScore (Dependent Variable)

Valid 530
N Missing 0
Mean 2.28
Std. Error of Mean .01
Median 2.24
Mode 2.082
Std. Deviation 0.31
Variance 0.10
Skewness 0.31
Std. Error of Skewness A1
Kurtosis 0.36
Std. Error of Kurtosis 21
Range 1.98
Minimum 1.38
Maximum 3.36
Sum 1,207.46

aMultiple modes exist. The smallest value is shown

Table D2 Descriptive Statistics of HabitScore & MoralLicensingScore (Independent Variables)

HabitScore MoralLicensingScore

N Valid 530 530

Missing 0 0
Mean 2.90 2.80
Std. Error of Mean .030 .03
Median 3.00 2.83
Mode 3.00 3.33
Std. Deviation 0.70 0.70
Variance 0.50 0.43
Skewness -0.20 -0.16
Std. Error of Skewness A1 A1
Kurtosis -0.31 -0.40
Std. Error of Kurtosis .21 .21
Range 3.67 3.50
Minimum 1.00 1.00
Maximum 4.67 4.50
Sum 1,539.58 1,481.17
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Table D3 Descriptive Statistics of Age, TimeNL and NbWorkHours (Control Variables)

Age TimeNL NbWorkHours

N Valid 530 528 530

Missing 0 2 0
Mean 23.21 13.19 18.41
Std. Error of Mean A3 48 1.08
Median 23.00 18.08 6.00
Mode 23 0.67 0
Std. Deviation 3.07 11.08 24.87
Variance 9.43 122.76 618.50
Skewness 0.72 -0.01 1.49
Std. Error of Skewness A1 A1 11
Kurtosis 0.98 -1.86 1.74
Std. Error of Kurtosis 21 21 21
Range 20 30.83 120
Minimum 17 0.17 0
Maximum 37 31.00 120
Sum 12,303 6,961.42 9,756

Table D4 Descriptive Statistics of Shading, ArtificialLight, SolarRad, AmbTemp and

WindSpeed

Shading ArtificialLight

SolarRad AmbTemp WindSpeed

N Valid
Missing
Mean
Std. Error of Mean
Median
Mode
Std. Deviation
Variance
Skewness
Std. Error of Skewness
Kurtosis
Std. Error of Kurtosis
Range
Minimum
Maximum

Sum

530 530
0 0
1.65 2.09
.05 .05
1.00 2.00
1 1
1.06 1.11
1.12 1.23
1.56 0.86
11 11
1.46 -0.02
.21 .212
4 4

1 1

5 5
876 1,108

530

0
136.08
.28
134.53
135.38
6.43
41.38
1.12
11
-0.18
.21
19.30
129.05
148.34

72,121.53

530 530
0 0
7.92 4.32
.01 .02
8.07 4.46
8.10 4.53
0.32 0.53
0.10 0.28
-1.14 1.40
.106 A1
0.49 6.76
.21 21
1.12 3.68
7.16 3.40
8.28 7.08
4,194.95 2,288.51
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Appendix E: Frequencies and Percentages

Table E1 Frequencies and Percentages of Gender

Gender f %  Valid % Cumulative %
Valid 1 (Male) 218 41.1 41.7 41.7
2 (Female) 293 553 56.0 97.7
3 (Other) 12 23 2.3 100.0
Total 523 98.7 100.0
Missing 4 (Prefer not to say) 7 1.3
Total 530 100.0
Table E2 Frequencies and Percentages of Finances
Finances f % Valid % Cumulative %
Valid 1 (Saved money) 122 23.0 24.0 24.0
2 (Just got by) 141 26.6 27.8 51.8
3 (Spent some savings) 134 25.3 26.4 78.1
4 (Spent savings and borrowed money) 111 20.9 21.9 100.0
Total 508 95.8 100.0
Missing 5 (Prefer not to say) 22 4.2
Total 530 100.0
Table E3 Frequencies and Percentages EnergylLabel
EnergyLabel f % Valid % Cumulative %
Valid 1(A) 281 53.0 71.1 71.1
2 (B) 27 5.1 6.8 78.0
3(C) 59 11.1 14.9 92.9
4 (D) 13 25 3.3 96.2
5 (E) 4 8 1.0 97.2
6 (F) 1 2 3 97.5
7(G) 10 1.9 25 100.0
Total 395 74.5 100.0
Missing 135 255
Total 530 100.0




Table E4 Frequencies and Percentages of City

City f % Valid % Cumulative %

Valid 1 (Amsterdam) 25 4.7 4.7 4.7
2 (Breda) 8 15 15 6.2
3 (Delft) 105 19.8 19.8 26.0
4 (Den Haag) 52 9.8 9.8 35.8
5 (Eindhoven) 23 4.3 4.3 40.2
6 (Groningen) 49 9.2 9.2 494
7 (Haarlem) 6 11 1.1 50.6
8 (Leiden) 48 9.1 9.1 59.6
9 (Maastricht) 57 10.8 10.8 70.4
10 (Tilburg) 14 2.6 2.6 73.0
11 (Utrecht) 75 14.2 14.2 87.2
12 (Wageningen) 46 8.7 8.7 95.8
13 (Zwolle) 22 4.2 4.2 100.0
Total 530 100.0 100.0

Table E5 Frequencies and Percentages of BC_OrN to BC_OrNW

BC_OrN BC_OrNE BC_OrE BC_OrSE BC_OrS BC_OrSW BC_Orw BC_OrNwW

N 528 528 528 528 528 528 528 528
f 88 81 81 66 76 62 91 53
Valid % 16.7 15.3 155 12.5 14.3 11.7 17.2 10.0

The sum of frequencies from BC_OrN to BC_OrNW is equal to 598. Given that 528
participants answered the question relating to the orientation of their building, a maximum of

70 participants had chosen (at least) 2 orientations for their home.
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Appendix F: Histograms and Bar Charts

Figure F1 Histogram of EnergyBehaviourScore

Histogram

&0 Mean = 2.28
Std. Dev. = 311
N =530

Frequency

1.00 150 2.00 2350 3.00 350

Mean of all variables relating to energy behaviour giving a score on a
continuous scale from 1 to 5.

Figure F2 Histogram of HabitScore

Mean of all variables relating to the habit index score on a continuous scale from 1 to 5.

Mean = 2.90
Std. Dev. = 70
M =530

Frequency

1.00 200 3.00 4.00 5.00

Mean of all variables relating to the habit index score on a continuous
scale from 1to 5.
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Figure F3 Histogram of MoralLicensingScore

Mean of all variables relating to the determination of the moral licensing score (ML_X) on a continuous scale

from1to 5.
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Mean of all variables relating to the determination of the moral licensing
score (ML_X) on a continuous scale from 1 to 5.
Figure F4 Histogram of Age
Age of participant in years
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Figure F5 Histogram of TimeNL

Total time the participant has lived in NL (years + months)

120 Mean = 13.18
Std. Dev. = 11.08
N =528

100

a0

Frequency

oo 10.00 2000 30.00 40.00

Total time the participant has lived in NL (years + months)

Figure F6 Histogram of NbWorkHours (N = 530)

Average nb of hours worked per month next to studies
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Std. Dev. = 24.67
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Average nb of hours worked per month next to studies



Figure F7 Histogram of NbWorkHours Excluding Non-Working Participants (N = 287)

Average nb of hours worked per month next to studies

40 Mean = 33.99
Std. Dev. = 24.746
N =287

Frequency

-20 o 20 40 60 80 100 120

Average nb of hours worked per month next to studies

Figure F8 Bar Chart of City

City participant lives in (Netherlands)
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Figure F9 Bar Chart of EnergyLabel

The energy label of the home of the participant.

300

200

Frequency

100

A B C B E F G
The energy label of the home of the participant.

Figure F10 Histogram of Shading

Level of shade through vegetation and other elements on facade or windows (from 1 = “not shaded at all” to 5
“completely shaded”)

400 Mean =1.65
Std. Dev. =1.058
M =530

Frequency

o] 1 2 3 4 5 ]

Level of shade through vegetation and other elements on facade or
windows (from 1 = “not shaded at all” to 5 “completely shaded”)
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Figure F11 Histogram of ArtificialLight

Level of natural light in living spaces/Extent to which extra artificial light is needed. (from 5= “need artificial light
at all times”, to 1 = “only need artificial light when it is dark out”).

Mean = 2.09
Std. Dev.=1.108
M =530

Frequency

0 1 2 3 4 S [

Level of natural light in living spaces/Extent to which extra artificial light
is needed. (from 5= “need artificial light at all times”, to 1 = “only need
artificial light when it is dark out”).

Figure F12 Histogram of SolarRad

Average incoming solar radiation in city participant lives in for March and April

120 Mean = 136.0784
Stel. Dev. = 6.4325
M =530
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Average incoming solar radiation in city participant lives in for March and
April



Figure F13 Histogram of AmbTemp

Average ambient temperature in city participant lives in for March and April

Frequency

120

100

&0

&0

40

20

7.0000 7.2500 7.3000 7.7500 &.0000 8.2500

Average ambient temperature in city participant lives in for March and
April

Figure F14 Histogram of WindSpeed

Average wind speed in city participant lives in for March and April

Frequency

120

100

3.0000 4.0000 5.0000 6.0000 7.0000 &.0000

Average wind speed in city participant lives in for March and April

Mean = 7.9150
Stel. Dev. = 3167
M =530

Mean = 4. 3180
Stel. Dev. = 5276
M =530
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Appendix G: Internal Consistency of

EnergyBehaviourScore

Cronbach’s Alpha was calculated for EnergyBehaviourScore with all 19 variables considered,
i.e.,a=0.37.If EB_Curtains is left out, a = 0.41. Usually, Cronbach’s Alpha needs to be higher
than 0.7 to be considered acceptable. If reflects how reliably different items of a scale measure
a certain concept. An explanatory factor analysis is conducted to see whether the 19 variables
used to calculate EnergyBehaviourScore can be grouped into factors. However, the
explanatory factor analysis identifies 8 different factors. When interpreting which variables are
grouped together, not much sense can be made of the pairing, e.g., Factor 5 pairs
EB_Microwave, EB_HomeWeekTOT, EB_Windows and EB_Hairdryer together. Another
approach was to check Pearson’s correlation coefficients between the different variables to
try to identify the factors to conduct a confirmatory factor analysis. However, there are no
strong correlations between the variables, with 2 exceptions, i.e., EB_Laundry and EB_Dryer
have a correlation coefficient of 0.62 (at the 0.01 significance level) and EB_Clothes and
EB_Heater have a correlation coefficient of 0.44 (at the 0.01 significance level). The more
people do laundry per week, the more they need to use a dryer. The more people put clothes

on when feeling cold, the more inclined they are to turn up the heater when feeling cold too.

Both Cronbach’s Alpha and inter-item Pearson’s correlations indicate a rather low internal
consistency. However, EnergyBehaviourScore is a variable that tries to measure a construct
with many different facets. All questions of EnergyBehaviourScore were based on previous
research surveys conducted on energy consumption behaviour within homes (Chen et al.,
2013; Gram-Hanssen, 2003). Hence, it is built upon scientific research to integrate many

facets of real-life energy consumption inside homes.
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Appendix H: Data Quality of EnergyLabel

EL_Qual defines the quality of data in EnergyLabel. Frequencies and percentages are shown

in Table G, whereas the distribution is shown in Figure G.

Table H Frequencies and Percentages of EL_Qual

EL_Qual Frequency Percent Valid Percent Cumulative Percent

Valid 1 (Excellent) 57 10.8 10.8 10.8
2 (Very Good) 223 421 42.1 52.8
3 (Good) 54 10.2 10.2 63.0
4 (Okay) 29 5.5 5.5 68.5
5 (Bad) 32 6.0 6.0 745
6 (Insufficient A) 46 8.7 8.7 83.2
7 (Insufficient B) 31 5.8 5.8 89.1
8 (Insufficient C) 58 10.9 10.9 100.0
Total 530 100.0 100.0

Figure H Bar Chart of EL_Qual

Defines the data quality of the energy label..

250

200

150

Frequency

100

50

Excellent Very Good Good (90- Okay (75% Bad (50% Insufficient Insufficient Insufficient
(100%) 99%) -89%) _74%) A B C

Defines the data quality of the energy label..

Only 10.8% of participants gave their full address. For these, individual energy label

registrations could be found on EP-online. Next, 42.1% of participants gave a partial address
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but all energy labels were the same (100% certitude). Hence, 52.8% of the energy labels could
be found and are not approximations. They correspond to the real energy labels of the
participants’ homes. On the other hand, 10.2% of energy labels had a “Good” quality, 5.5%
were “Okay” and 6% were “Bad”. For these three categories (21.7% of energy labels),
approximations had to be made. These estimations differed in certitude as indicated by the
different categories but were still included in the analyses to improve the variety of energy
labels in the sample. Lastly, a total of 25.4% of energy labels had an insufficient quality and
were hence defined as missing values (8.7% as “Insufficient A", 5.8% as “Insufficient B” and
10.9% as “Insufficient C”).
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