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Human-oriented factors present unavoidable challenges and uncertainties in building energy strategic
planning. The uncertainties escalate when the target society is not fully known to the decision-maker
and can create performance gaps between the expected and actual outcomes of sustainability targets.
This article aims to investigate the role of socioeconomic and behavioral dimensions in residential energy
consumption patterns among regions that host high proportions of migrant communities with diverse
cultural and ethnic traits. This study evaluates the patterns in human-building interactions and energy
behaviors among local and migrant communities based on empirical evidence and survey analysis. The
survey data are investigated via machine learning approaches to identify the interdependencies between
and feature importance of critical factors that influence human-building interactions and to determine
elements that help to discern the energy behavior of locals and migrants. A simulation analysis is con-
ducted to analyze residential energy consumption under different human indoor thermal comfort
preferences in multiple case scenarios to demonstrate how improvements in human-building interaction
can create saving opportunities. The findings capture the main socioeconomic and behavioral contrib-
utors in residential energy consumption and demonstrate the impact of human factor at a high level in
regions with imbalanced demographics and societies in transition.

© 2021 Elsevier Ltd. All rights reserved.
1. Introduction

Built environments can be considered as one of the primary
contributors to the energy sector [1]. At the same time, the
immense role of human dimensions in built environments and
energy consumption cannot be ignored. As a result, buildings and
human factors can have a significant impact on energy decision-
making and the energy transition as the critical drivers of both
[2]. Investigating the critical drivers of energy consumption has
always been an important subject due to the impact of the energy
sector on the economy, environment, and society [3]. Worldwide,
energy policies are increasingly being oriented towards sustainable
development goals and challenges associated with the rapid
growth of urbanization and industrialization [4]. However, most of
the current practices in sustainable development and energy
transition are focused mainly on technical aspects, feasibility
studies, and economic dimensions, and the human factor and the
an and A. Abulibdeh, Simulat
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social dimensions are yet to either influence decision-making or be
incorporated in holistic energy policies. Social science scholars have
always criticized the dominant energy conservation studies due to
the lack of complex social aspects [5]. Although, mainly adding
short-term insight in energy policy, the role of social and de-
mographic factors, along with their interdependencies, need to be
incorporated effectively as part of interdisciplinary practice in en-
ergy transition [6]. In this regard, different stages of human action
phases (pre-decision, pre-action, action, and post-action) and
behavioral factors can be categorized, understood, and integrated
into energy transition targets [7]. These behavioral factors can be
social norms, personal norms, emotions, attitude, trust, skills, etc.,
each of which can affect high-level decision-making when in-
dividuals’ behavior in a society is aggregated and considered at
macroscales. Macroscale human behavior attributed to energy
consumption patterns can also influence energy policy and,
consequently, economic and environmental dimensions [8].

Although the role of social sciences is crucial, integrating such
elements in the energy transition is challenging and requires
further effort. Stern [8] demonstrates current research challenges
ion and impact analysis of behavioral and socioeconomic dimensions
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and differentiates between pure and applied Social Science Energy
Research (SSER). Stern [9] also categorizes research topics influ-
encing the field into a non-measurable/non-physical point of view
(e.g., global agreements associated with energy and climate, energy
development impact on society, and impacts of political and eco-
nomic factors) and a measurable physical point of view (e.g., so-
lutions for emission reduction in households). There are
comprehensive studies focusing on pure SSER, applied SSER, and a
combination of both approaches in the literature to investigate the
interconnection between human factor and technicaleeconomic
elements and to find solutions in energy conservation.

The implications of human behavior are highly stochastic, case-
specific, and a posteriori knowledge [10], meaning that valid con-
clusions must be drawn through empirical evidence [11]. Rinaldi
et al. outlined how influencing human dimensions can be gleaned
by means of surveys and empirical analysis [12]. Such analysis
concerning human dimensions and built environments is well
established in the literature and covers a wide spectrum of cate-
gories, specifically demographic and socioeconomic factors. Bhat-
tacharjee et al. [13] found correlations between residential energy
consumption and consumer attitude, along with demographics,
economy, and climate that can, in turn, be attributed to interven-
tion strategies. Authors in Ref. [14] reported the intercorrelations of
households age-compositions and education level with residential
energy use patterns. The influence of human factors, including,
socioeconomic and human attitude, on energy use patterns can be
seen in Ref. [15], where associations were reported between the
users' willingness towards home energy saving and possible con-
sequences on their indoor comfort. Koupaei et al. [16] demon-
strated users’ motivations behind using smart thermostats as
thermal comfort rather than financial goals. As seen in these
studies, an empirical analysis based on demographic and socio-
economic factors can become significantly case-specific with
various permutations between human dimensions and topics in
residential energy use. However, the analysis of human-building
factors seems to be more generic and applicable to wider per-
spectives when it comes to behavioral factors and psychological
traits.

Li et al. [17] used three different characteristics (motivation,
opportunity, and ability) for consumer segmentation to find
different energy use behaviors in buildings and their response to
control interventions through a statistical approach and based on
multiple hypothesis tests. Adua [18] identified phys-
icaletechnicaleeconomic practices and social behavior/lifestyle
elements as the main elements in energy use patterns. Moezzi and
Janda [19] identified energy interventions associated with mone-
tary savings and global good contributions by investigating factors
such as individual choice, information, and the transformation of
morals in building energy efficiency. As described in Ref. [17], aside
from human motivations, opportunity and ability are also signifi-
cant energy efficiency factors that can be attributed to building
environment and technology, such as automated systems and
building envelopes. Such building capabilities can establish better
directions of human behavior and also reduce consumption via
improved building operation, infiltration, or heat loss reduction
[20]. It is reported that raising awareness among residential end-
users and improving behavioral factors through non-monetary
intervention strategies have a potential saving up to 20%, and,
successful behavioral campaigns can achieve 2% total energy sav-
ings in the residential sector [21]. However, in order to incorporate
the role of human-driven factors in residential energy policy and
strategic planning, the challenges, means, and efficacies must be
fully investigated.

Jensen et al. [22] developed a framework to classify different
initiatives in Europe and investigate challenges and the role of
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social factors from individual consumers to societies impacting
energy use and the effectiveness of these energy and climate pol-
icies. Ohnmacht et al. [23] placed greater emphasis on individual
consumer behavior and the linkage between socio-psychological
factors and interventions. They developed a roadmap for a transi-
tion between behavioral phases based on socio-psychological fac-
tors and environmental contexts to determine how to establish
new habitual behaviors (attributed to energy) as a post-action
phase initiated from goal intention. Besides sociopsychological
factors, the intervention strategies to shape targets and behavioral
change techniques are categorized as positive motivational, coer-
cive, and incentives in Ref. [24]. The application of such practices
can be observed in government tax rebates, incentives, penalties,
education, feedback, and training across the world [25]. The impact
of the factors mentioned above has been assessed comprehensively
and implemented in energy market design and energy policy for
different demographics and societies [26]. The applications cover a
broad range, including new technologies, distributed energy re-
sources, storage systems, and electrification for individuals and
communities [27].

However, implementing and assessing theoretical energy effi-
ciency or policy strategies are likely to result in performance gaps
between the actual and the expected outcomes. Gerarden et al.
[28,29] classify energy efficiency gaps as being between what is
technologically and financially feasible and the measures perceived
by individuals. These gaps can be categorized as market challenges,
pricing underestimation, and behavioral challenges. The energy
policy performance gap becomes larger when there is more un-
certainty and complexity in social factors, demographics, and the
economy. Therefore, empirical evidence for the efficacy of energy
decision-making is required to validate the theoretical assumptions
and achieve strategic goals. This is especially the case for societies
in transition, such as Gulf Cooperation Council countries (GCC),
with dynamic socioeconomic and urbanization development that
host large proportions of expatriate communities that vary from
30% to 90% of their total population [30,31]. The expatriate com-
munities exhibit a wide variety of psychological, cultural, and
ethnic traits, which create discrepancies between the local/foreign
communities and escalate the human-driven complexities in en-
ergy decision-making. The aforementioned discrepancies are
noticeable in factors, such as human-building interactions (HBI),
attitude, social norms, normative goals, gain goals, and perceived
responsibility factors [11], which in turn, can influence the outcome
of building sector strategies. Further, the inclusion of human di-
mensions in building energy policy and discerning the energy
behavior of local and foreign communities is critical in developing
countries due to the economic challenges the governments are
facing with regard to energy subsidies that primarily benefit the
residents [32]. To this end, reshaping building energy policy based
on the assessment of human drivers can offer a new set of alter-
natives to pursue sustainability goals. Given the diversified econ-
omy and the growing energy demand of GCC countries [33], even
slight enhancements could dramatically bolster the governments’
sustainability efforts.

The role of human-driven complexities in transient societies is
still in need of empirical analysis and comprehensive investigations
due to their rapid economic and demographic transition in the
recent years. Besides, there is a lack in the literature concerning the
discrepancies between migrant communities and local commu-
nities concerning behavioral dimensions in building energy sector.
This study combines pure and applied social science energy
research to identify the main human behavior drivers in residential
energy consumption and find potential energy-saving and emission
reduction solutions in Qatar, as a GCC founder, based on an
empirical and simulation analysis. Doha is the subject of this study,



Fig. 1. Qatar electricity consumption by sector in 2011.
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as there have been several concerns about evaluating whether the
sustainable energy policies of Qatar, as a fast-growing economy,
will achieve desirable transitions [34]. On the other hand, Qatari
citizens, unlike non-citizen residents, benefit from energy subsidies
that add more complexity to the social dimension in energy policy
strategies [35]. This study is the first survey study to assess
behavioral and socioeconomic dimensions in residential energy
consumption in Qatar, using a sample of more than 3200 house-
holds. The case study is unique and informative due to Qatar's
demography and energy policies that contain a variety of infor-
mation to facilitate understanding of the critical factors in energy
policy of the region. The survey data are evaluated to find the
discrepancies in energy attitude of Qatari citizens and non-citizen
communities. This insight is then attributed to indirect inferences
such as correlations between demographic traits and personal re-
sponsibility norms or the associations between energy subsidies
and energy behavior. We propose a statistical analysis where the
aim is to model the current electricity consumption behavior and
determine the significant factors that affect this behavior among
Qataris and Non-Qataries. In addition, a feature importance anal-
ysis via random forest method is conducted to find factors that
contribute most to residential energy consumption and factors that
help to discern citizens and non-citizens based on their energy
behavior traits. The survey data are deployed in a simulation
analysis to demonstrate how improving HBIs and establishing new
behavioral norms in indoor thermal preference, as the main
contributor to residential electricity consumption in the region, can
lead into noticeable energy saving potentials at an aggregate level.
The outcomes are then elaborated and discussed comprehensively
to demonstrate howhuman-oriented strategies must be targeted to
close the energy policy performance gaps. The paper is organized as
follows: the problem statement description, the survey structure,
the survey analysis to find significant factors in residential energy
consumption, simulations to find saving potential, discussions, and
conclusions.

2. Problem statement

2.1. Motivations

Energy policymaking in Qatar is challenging due to the country's
climate, unique demography, and fast-growing energy demand
[36]. Besides a uniform and arid climate that creates high cooling
demands [37], Qatar has a unique demography, with a population
consisting of 88% non-citizen residents and 12% Qatari citizens with
specific energy incentives and subsidies. Indeed, figures show that
Qatar has spent about $46,000 per Qatari citizen on desalinated
water and power production over the last decade [38]. Non-Qatari
must pay a combined electricity and water bill on monthly basis.
This is indicative of the vital role of the human factor in energy
policy that can make conventional energy policy practices be less
effective and less viable in Qatar. Conventional economic-based
strategies and incentives for energy efficiency in Qatar are not ex-
pected to be fully effective due to the existing energy subsidies and
high per capita income, especially in the residential sector [39]. The
residential sector in Qatar is the largest consumer of energy, ac-
counting for more than 40% of the total consumption. Thus, resi-
dential energy consumption patterns have become an essential
target for the electric power industry in Qatar to identify energy
conservation opportunities. Fig. 1 illustrates the breakdown of
Qatar's electricity consumption by sector in 2011 [40].

As mentioned above, Qatar's arid climate makes energy
decision-making even more challenging. To show the impact of the
hot weather conditions on Qatar's residential electricity demand,
we constructed a building simulation using EnergyPlus software
3

[41] for a single-family house with a total area of 200 m2 and ac-
cording to The American Society of Heating, Refrigerating and Air-
Conditioning Engineers (ASHRAE) 189.1 and 90.1 standards [42]
and climate zone 1 B assumptions (very hot and dry climate). We
note that Standard 189.1 provides total building sustainability
guidance for designing, building, and operating high-performance
green buildings. Standard 90.1 provides minimum requirements
for energy efficient designs for buildings except for low-rise resi-
dential buildings. As most of Qatar population are expatriates and
the majority live in apartments, we set in our simulation the house
area equal to 200 m2. The geometry of the building simulation is
shown in Fig. 2, where the model is based on a ducted packaged air
conditioner with DX cooling coil, uncontrolled single-duct air ter-
minals, constant supply fan, a window to wall ratio of 0.4, and the
distribution of weather conditions on hour-basis for 1 year, shown
in Fig. 3 (based on Typical Meteorological Year 2 (TMY2) [43]). Fig. 4
illustrates the breakdown of the electricity consumption of the
representative building.

The results are indicative of the fact that cooling demand is
highly dominant in electricity consumption in arid areas. A sensi-
tivity analysis between two different scenarios indicates that
changing the cooling setpoint temperature from 21 �C to 24 �C will
result in an 18.7% saving in total annual electricity consumption and
an 11.6% peak demand reduction, which is a noticeable change
(Fig. 5). Hence, since AC systems are controllable loads and highly
reliant on human choice and interactions, this end-use can offer
promising saving potentials concerning human drivers. This
improvement is noticeable but not particularly viable due to con-
sumers' attitudes, gain goals, normative goals, habits, thermal
perceptions, and indoor environment preferences. It should be
noted that improving cooling consumption based on human drivers
cannot be limited to the above HBI factors. For instance, consumers’
tendency to adopt energy efficiency solutions or willingness toward
participating in demand response programs are among human-
driven factors that offer additional energy saving potentials. The
objective in this situation is to identify the associations between
demographic/ethnic traits of segments of society and the factors
that contribute most to energy behavior changes, and as mentioned
previously, it is expected to observe discrepancies between the
local and expatriate communities in societies similar to GCC
countries.

To this end, two main elements are emphasized and applied on
multiple case scenarios based on an empirical analysis in Doha,
Qatar:



Fig. 2. Different views of the building simulation of a single-family house representing a residential building in Doha, Qatar.

Fig. 3. Distribution of the annual weather condition in Doha, Qatar, used in the building simulation based on TMY2 database [44].

Fig. 4. Building electricity consumption by end use based on an EnergyPlus simulation
for a single-family house in Qatar.

Fig. 5. The impact of temperature setpoint change on building electricity demand over
a one-year period (8760 h).
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� Evaluating socioeconomic and behavioral factors in diverse de-
mographic communities to be integrated in energy policy and
addressing gaps and challenges associated with human factors
in residential energy use in Qatar and countries with transient
demographics and energy policies.

� Demonstrating the impact of human-building interactions on
residential energy consumption and identifying energy conser-
vation potentials associated with establishing habitual new
norms in human's indoor thermal comfort choice, as a quanti-
fiable and crucial HBI factor.
2.2. Methodology

This study, illustrated in Fig. 6, deploys a combined empirical
and simulation analysis to evaluate the patterns in human energy
behavior among local and migrant communities in Qatar. The
empirical analysis is based on a sample that represents a variety of
demographic, socioeconomic, and behavioral factors. The sampling
process is followed by imputationmethods and data preprocessing,
such asmultivariate feature imputation [45], for themissing data to
maintain the useful information in the whole sample. These tech-
niques include filling the missing values with zeros, the feature
median values across all samples and the multivariate feature
imputation. Afterwards, the observed human-dimension factors
are qualitatively investigated to compare the discrepancies be-
tween citizen and non-citizen communities with respect to traits,
such as consequence awareness, attitude toward energy efficiency
and building retrofit investment, alongwith self-perceived building
interactions with cooling system, lighting system, and appliances.
The discrepancies are then interpreted to find any associations
between citizenship status and crucial aspects, including sense of
responsibility and consumption patterns, especially considering the
important facts that the majority of the expatriates are not per-
manent residents and Qataris are benefited from energy subsidies.
Next, a statistical analysis is conducted to determine how signifi-
cance of the behavioral impact on both communities. Then, a
Fig. 6. The procedure and methodologies employed in this article, including data acquis
analysis.
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feature importance analysis based on random forest classification is
conducted to determine the key features that contribute most to
classifying citizens and non-citizens with respect to the behavioral
factors. Besides, the analysis is repeated to find the significant
features in human consumption patterns. Afterwards, k-means
clustering method is utilized to find groups of respondents with
similar attitudes and energy behavior traits. This set of analysis can
assist the decision-maker to develop targeted policies, such as
incentive modeling, energy pricing, energy awareness programs,
and improving HBI norms and prior habits, with more attention to
human drivers. HBI interactions with indoor thermal environment,
as tangible and quantifiable measures, are selected afterwards to
evaluate potential performance improvements by targeting human
energy behavior in built environments.

To conduct an impact assessment on creating new norms and
choices in HBI, specifically in indoor thermal environment, the
available information on the respondents' home features and
thermal preference are used in a simulation analysis. Multiple
building simulations are created via EnergyPlus software [41] for
different building sizes and residential types tomodel the impact of
indoor thermal condition variations on building total electricity
consumption. Afterwards, a regression analysis is conducted to
generalize the simulation results to various ranges of building sizes
and indoor thermal conditions. The self-perceived human building
interactions and reported residential building features in the sur-
vey are then used to estimate the annual electricity consumption of
the sample. Via different scenarios, the impact of improving
adverse human preference and prior habits concerning indoor
environment is estimated and the energy saving potentials are
presented. Finally, distribution functions, via Kernel density esti-
mation, are fitted to the sample's reported building features and
indoor thermal preference and the results are extended to the
population (Doha municipality) to show an estimated performance
improvement as a result of human behavior enhancements at an
aggregate level. The savings are discussed and indirect benefits,
such as emission reduction, are presented.
ition, data processing, machine learning applications, simulations, and case scenario



Table 1
The population sizes of different nationalities in the sample.

Nationality Group Size Sample Proportion

Arab 1445 45.8%
Qatari 1254 39.71%
Asian 372 11.8%
European 53 1.67%
Other 18 0.57%
North American 13 0.41%
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2.3. Survey framework

A sample of 3200 households in Doha, Qatar, was targeted to
conduct a user survey to understand the interdependencies and
discrepancies of human and technical factors in residential build-
ings among the local and expatiate communities and determine
behavioral notions within the sample. The survey was designed to
capture three main measures d a) building characteristics, b) so-
cioeconomic factors, and c) behavioral factors d to better under-
stand the distribution of the data, such as demographic
information, household attributes, building features, consumer's
awareness, consumption attitude, HBIs, and motivations. The sur-
vey was also designed to determine gain goals and normative goals
in behavioral dimensions.

One of the targets of the survey study was to acquire insight into
human consumption habits and human-building interactions
behavioral factors. Therefore, indoor temperature preference, in-
door lighting preference, and appliance use were selected as
measures to evaluate possible demographic and ethnic discrep-
ancies in HBIs. The indoor temperature preference was categorized
into cold for temperatures lower than 22 �C, moderate for tem-
peratures between 22 �C and 24 �C, and hot for temperatures
higher than 24 �C. Preferred indoor lighting was composed of dark,
moderate, and light preference, and appliance use habits were
broken down into rare, moderate, and very often. To better un-
derstand the human attitudes and pre-action behavioral factors,
subjects were asked about their concern about climate change as a
measure for perceived responsibility and normative goals. The
subjects’ willingness and motivation concerning upgrades and
building retrofits for cost and energy saving were regarded as a
measure to understand extrinsic motivational factors better. The
element was broken down into economic motivation as a gain goal,
and environmental/social motivations as normative goals, and
perceived responsibility. Lastly, an approximate monthly energy
bill was incorporated in the survey as a primary target variable in
behavioral factors.

As one of the significant dimensions interacting with residential
energy consumption, socioeconomic factors were embedded in the
survey study. Demographics factors such as nationality, age, gender,
employment category, level of education, and income level were
taken into account to assess the intercorrelation mentioned above.
The population was broken down into two target communities:
citizens (Qatari nationals) and non-citizens (rest of the
nationalities).

One of the main objectives of this survey was to find energy-
saving opportunities by creating new energy consumption habits.
Therefore, the general characteristics of the buildings were
collected to shape an overall estimation of the sample. These
characteristics also help in constructing building simulations and
performing sensitivity analysis evaluation if behavioral changes
enter the actional phase. The main elements selected to estimate
building consumption were home type, floor area, and indoor
temperature setpoint.

This study is centered around a representative sample of the
target population. To avoid biased findings, one of the major chal-
lenges was to avoid concentrating on specific regions or commu-
nities for data sampling. Due to budgetary and legal constraints,
this objective was not completely fulfilled. Furthermore, the
collected information reflects the perceived knowledge of the
subjects and how their attitudes toward energy conservation and
behavior. Hence the findings validation of self-reported responses
is highly contingent on the self-perception of the subjects. Finally,
the presence of missing datawas an additional challenge. Out of the
3200 surveyed households, 1960 provided complete information.
6

3. Survey statement

To capture the impact of demographics, our aimwas to achieve a
sample representative of national diversity. Table 1 shows the
make-up of the sample according to nationality. People from Arab
countries and Qatar are dominant. The nationalities are categorized
into two main groups of Citizen (Qatari national) and Non-Citizen
(Other nationalities). The breakdown by nationality is important
particularly between Qatari and Non-Qatari. Indeed, both com-
munities have different constraints, interests and concerns. Several
services are subsidized for citizens including water and electricity.
In addition, Non-Qataris are more economically and financially
concerned. Across the State of Qatar, both communities live
together in close neighborhoods, residential building or
compounds.

Demographic factors such as age, gender, and level of education,
along with financial measures (household income and expenses),
were categorized and are grouped by citizenship (Qatari citizens
and expatriate non-citizens) in Fig. 7. As demonstrated in Fig. 7, the
subjects are mainly aged from 29 to 50, male, and have different
education and job category distributions with regard to their
nationality.

Perceived behavioral factors are shown in Fig. 8. The results
indicate that the energy consumption preferences of Qataris and
other nationalities differ. Qatari subjects show a greater inclination
toward moderate indoor temperatures, whereas non-Qataris are
more inclined toward colder temperatures. Qataris show greater
inclination toward moderate indoor lighting, whereas non-Qataris
prefer lighter spaces. Non-Qataris report that they have high
appliance consumption, whereas Qataris have moderate appliance
use. These self-perceived human-building interactions indicate that
energy subsidies among the Qatari citizens do not create adverse
habits, compared to the noncitizen communities, in building en-
ergy consumption. As a pre-decisional factor, perceived behaviors
associated with the opinions about the effectiveness of equipment
upgrades and building retrofits on energy and cost-saving show
more positive opinions among local communities. However, more
than 20% of all targeted samples are not confident about the
effectiveness of building upgrades and retrofitting. Based on re-
sponses concerning participants’ opinions about the motivations
for adopting home energy efficiency solutions, Qataris show a
greater inclination toward normative goals and perceived re-
sponsibility (environmental and social priorities). This can be
explained by the fact that they are more driven by the sense of
responsibility towards their country, its sustainability and future,
whereas non-Qataris are more concerned about gain goals (finan-
cial priorities). More than 70% of both groups demonstrate climate
change concerns, whereas approximately 10%e20% of both groups
are still uncertain about climate change consequences.

The survey was distributed among different home types, as
illustrated in Fig. 9. There were four main types considered: a)
single-family houses, b) multi-family houses, c) townhouses, and d)
condominiums. The distribution of different building
Total 3155



Fig. 7. Demographic and financial factors in the survey results categorized according to Qatari citizens and non-citizens (expatriates).

Fig. 8. Perceived behavioral factors based on the survey results.

A. Ghofrani, E. Zaidan and A. Abulibdeh Energy xxx (xxxx) xxx
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characteristics is illustrated in Fig.10. These inputs are necessary for
the simulation, impact analysis, and assessment of saving oppor-
tunities resulting from establishing habitual new behaviors asso-
ciated with HBI and energy use.

As a crucial behavioral factor, the monthly estimated electricity
bill (reported by the subjects) is shown in Fig. 11. The ratio repre-
sents the percentage of samples whose electricity bill is < 500 QR,
between 500 and 1000 QR, etc, out of the total number of Non-
Qatari samples. It has to be noted that despite the fact that Qata-
ris benefit from an energy subsidy they still receive their monthly
electricity bills.

4. Identification and modeling of behavioral factors

This section employs analytical approaches to find associations
among behavioral factors. A statistical analysis is first conducted.
Next, an ensemble learning approach (random forest classifier) was
selected to identify the importance of behavioral features with
respect to (1) citizenship status and (2) monthly electricity con-
sumption (per area) of the subjects. Via different models, the
outcome of the feature importance analysis determines what
behavioral factors most contribute to the discrepancies between
local and expatriate communities (with citizenship as the target
variable) and what features contain insightful information to clas-
sify the respondents’ monthly electricity consumptions. The
endogenous and exogenous variables have been categorized as
follows:

� Endogenous variables

o Citizenship as a binary variable
o Monthly electricity bill per area of the whole sample
� Exogenous variables based on behavioral factors

o Climate change consequence attitude
o Motivations for home energy efficiency
o Indoor lighting preference
o Appliance use
o Willingness towards home retrofit and upgrade
o Indoor environment thermal comfort preference
� Exogenous variables based on building features

o Number of household members
o Type of residential building
o Number of bedrooms
o Building floor area
o Building construction year
� Exogenous variables based on demographic and socioeconomic
factors
Fig. 9. The distribution of the home types among the sample.
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o Gender
o Age
o Nationality
o Education
o Income
In addition, the k-means clustering algorithm has been used to
identify similar groups defined by their behavioral features. The
outcome of this clustering model would assist the decision-maker
to break down the population into segments with the same atti-
tudes and applicable targeted strategy.
4.1. Modeling current electricity consumption behavior

A binary logit regression model has been used to analyze the
current electricity consumption behavior among end-users and to
control for potential determinants, including the behavioral ele-
ments shown in Table 3. The model was designed to predict a
categorical variable from a set of predictor variables based on the
odds ratio between the variables. To compare the electricity con-
sumption behavior among the residents in Qatar, and to determine
the factors that might influence electricity consumption, the
dependent variable in this model was set to “0” for Qataris and to
“1” for non-Qataris. The Binary Logistic Model does not assume
linearity in the association between the dependent and indepen-
dent variables [46]. It can predict the possibility of the occurrence of
the specific event based on the independent variables. The model
can be formulated as expressed in equation (1):

Pn1¼
expðbX1nÞ

expðbX1nÞþexpðbX2nÞ
¼ 1
1þexpðbX2n�bX1nÞ

¼ 1
1þexpðDUÞ

(1)

where:
Pn1: is the probability that behavioral element n affects the

residents based on their nationality;
bXn1: is the utility function that behavioral element n affects

Qataris;
bXn2: is the utility function that behavioral element n affects

non-Qataris;
DU ¼ bX2n � bX1n ¼P ðai � biÞZi, where Zi is the ith variable; ai

is the coefficient of the ith variable in bXn1; and bi is the coefficient
of the ith variable in bXn2.

The results of the model are shown in Table 2. The model was
able to predict 84.9% of the entries to fall in their respective groups.
Furthermore, the model goodness of fit is R2 ¼ 0.630 value, which
indicates that themodel has good explanatory power. The entries of
the table show that all the explanatory variables, except for indoor
temperature, climate attitude, and rare appliance use, make a sig-
nificant and substantial contribution to explaining the difference in
the behavioral elements between Qataris and non-Qataris in their
electricity consumption. The model results show that preference
for indoor lighting has a significant influence (P < 0.05) on elec-
tricity consumption between the two groups. This behavioral
element has a positive sign for both dark and moderate indoor
lighting, with an odds ratio of 5.495 and 4.800. This implies that
Qataris aremorewilling to use dark or moderate lightingmore than
light indoor lighting compared to non-Qataris. The same applies to
the extent that residents use electrical appliances. This variable is
significant in determining electricity consumption, and the coeffi-
cient of this variable is positive for moderate use compared to very
frequent use, with an odds ratio of 1.964. This implies that Qataris
use electrical appliances in a more moderateway compared to non-
Qataris.



Fig. 10. Distribution of building characteristics based on the survey results.

Fig. 11. Distribution of approximate monthly electricity bills reported by the subjects
[in Qatari Rials (QR)].
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On the other hand, the entries in the table show no significant
differences between Qataris and Non-Qataris in using electrical
appliances rarely, though non-Qataris use these appliances more
often. The residents’ willingness to upgrade to use more electrical
efficient equipment and to retrofit buildings in respect of energy
use shows some discrepancies between Qataris and non-Qataris.
This element is significant (P < 0.05) and has a negative sign for
“not interested in upgrades,” with an odds ratio of 0.642, and a
positive sign of “highly interested,” with an odds ratio of 2.047,
compared to the “not sure if renovationworks” option. This implies
that Qataris are willing to pay for renovations/upgrades at home to
reduce their energy consumption, and they are more confident
about doing so than are non-Qataris. This can be explained by the
fact that most of non-Qatari do not own their houses. In addition,
Non-Qatari are more financially concerned than Qatari citizens.
Furthermore, the entries in the table show that willingness to use
smart energy solutions is a significant factor in explaining the
consumption behavior among residents. The motivations to use
9

smart energy solutions were based on economic, environmental,
and social factors. In terms of personal gains, Qataris and non-
Qataris show no significant differences (P ¼ 0.117). This implies
that both Qataris and non-Qataris are willing to use smart energy
solutions if it is economically beneficial for them. On the other
hand, Qataris are more willing than are non-Qataris to use smart
energy solutions if this benefits the environment and society.
Finally, monthly household expenses is another significant indica-
tor of household electricity consumption behavior. This coefficient
has a negative sign. This implies that as the monthly household
expenses increase, the lower the willingness to conserve energy. In
addition, compared to non-Qataris, Qataris are less likely to
conserve energy if their average monthly expenses increase.

Amultinomial Logit (MNL) model has been utilized for assessing
the impact of the behavioral factors on electricity consumption. In
this model, the electricity bill is considered the independent vari-
able. Respondents were asked to report their average monthly
electricity bill. The electricity bill was classified into three cate-
gories: 1) less than QR 1000 ($275), 2) between QR 1000 ($ 275)
AND QR 2999 ($824), and 3) more than QR 3000 ($825). The MNL
can be expressed as:

PðiÞ¼ eUiP
jεJeUi

(2)

where:
P(i) is the probability of a decision maker choosing alternative i.
Ui and Uj are the utilities of alternatives i and j, and.
J is the number of alternatives.
The MNL was able to predict 85.6% of the entries to fall in their

respective groups, with R2¼ 0.663. The model results are shown in
Table 3. The model shows that indoor temperature is not a signif-
icant behavioral element. However, residents who pay less than
QR1,000 for the electricity bill per month tend to reduce their
preference and usage to cold air in their houses and prefer a more
moderate temperature. In addition, the indoor lighting preference
is also not a significant behavioral factor; however, residents who



Table 2
Model parameter estimates for electricity consumption behavior among end users (reference category: non-Qataris).

Behavioral elements b S.E. Wald df Sig. Exp(b) 95% CI for EXP(b)

Lower Upper

Indoor Temperature 6.375 2 .041
Cold (below 21 �C) .128 .225 .323 1 .570 1.136 .731 1.765
Moderate (21 �Ce23 �C) .399 .209 3.641 1 .056 1.490 .989 2.245

Lighting 140.407 2 .000
Dark 1.704 .200 72.356 1 .000 5.495 3.711 8.137
Moderate 1.569 .140 126.185 1 .000 4.800 3.651 6.311

Appliance use 28.963 2 .000
Rare .102 .226 .205 1 .651 1.108 .711 1.726
Moderate .675 .130 27.122 1 .000 1.964 1.524 2.532

Upgrade Willingness 61.692 2 .000
Not interested in upgrades -.443 .173 6.556 1 .010 .642 .457 .901
Highly interested .717 .136 27.776 1 .000 2.047 1.568 2.672

Smart Attitude 164.719 3 .000
Agree, if it is economically beneficial for me -.396 .253 2.452 1 .117 .673 .410 1.105
Agree, if it helps the environment 1.239 .276 20.127 1 .000 3.451 2.009 5.930
Agree, if it benefits the society 1.047 .267 15.415 1 .000 2.848 1.689 4.803

Climate Attitude 1.620 2 .445
Yes -.173 .152 1.296 1 .255 .841 .624 1.133
No -.240 .241 .997 1 .318 .786 .491 1.260

Monthly expenses 427.355 3 .000
Less than 5000 QR* �3.432 .171 404.439 1 .000 .032 .023 .045
Between 5000 and 9999 QR �2.236 .161 191.835 1 .000 .107 .078 .147
Between 10,000 and 14,999 QR �1.485 .174 72.722 1 .000 .227 .161 .319
Constant -.421 .328 1.647 .199 .656

*$1 USA ¼ 3.64 QR.
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pay less than QR 1000 per month prefer to use dark to moderate
indoor lighting than to use light indoor lighting when compared to
those who pay more than QR 3000 per month. The moderate use of
appliances is a significant behavioral factor (P < 0.05). The coeffi-
cient of this factor is positive, with an odds ratio of 4.476 for cate-
gory 1 (pay less than QR 1000 per month) and 2.234 for category 2
(pay between QR 1000 and QR 2999). The trend shows that as the
amount of the bill increases the frequency of use of the appliances
increases considerably. The table entries show that residents are
not sure whether renovations/upgrades at home work to lower
their energy consumption; this is particularly the case for those in
the first two categories, as the coefficient of this variable is negative
when compared to the third category. The subjects are willing to
use smart energy solutions such as central automation and smart
thermostats if these elements benefit them economically and also
benefit both the environment and their society. The coefficient is
significant in the first two categories and has a positive sign.
Furthermore, the concern about emission and climate change is a
significant factor that encourages subjects to conserve their elec-
tricity usage. The coefficient in the first two categories is positive,
which indicates that subjects in these two categories are more
concerned about the climate than are those who pay more than QR
3000 per month for electricity.
4.2. Random forest analysis for feature importance

In this section, we aim at training a machine learning model to
predict the household energy consumption using the following
attributes:

� The preferred indoor temperature at home
� The preferred lighting at home
� The extent of electrical appliances' use
� The extent of the willing to pay for renovation at upgrade at
home to lower energy consumption

� The stand on smart energy solutions
� The concern about emissions and climate change.
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The trained model enables conducting a feature importance
analysis to determine the critical behavioral factors. Random Forest
is a robust ML algorithm that outperformmultiple other algorithms
thanks to its design. RF is an ensemble learning approach that relies
on the “wisdom of the crowd”. Specifically, multiple decision trees
are trained at the same time and the final decision is aggregated
(e.g. majority vote) to output the final classification/prediction.
Decision trees have the capability of fitting intricate patterns both
for classification and regression tasks. There are several decision
tree learning algorithms that, in general, have the objective of
recursively splitting samples into homogenous subsets (nodes)
based on an attribute. Themeasure of the quality of split is based on
metrics such as Gini impurity, defined as:

Gi ¼1�
Xn
k¼1

p2i;k (3)

where Gi is the Gini impurity of node I, and pi; k is the ratio of class k
among all instances in node i. The cost function to train a decision
tree based on Gini impurity, CART algorithm to find the optimum
split is defined as follows [44]:

Jðk; tkÞ¼
mleft

m
Gleft þ

mright

m
Gright (4)

where Jðk; tkÞ is the cost function based on feature k, threshold tk,
Gleft=right is the impurity of the left or right subset, and mleft=right is
the number of instances on the left or right. In a random forest
classifier, random sampling is applied to both the training dataset
and the feature set. An inherent feature of random forest classifiers
is their capability to measure the relative importance of features.
The feature importance is determined based on the extent to which
a feature, on average, reduces the impurity measure based on
Equations (5) and (6).

NIi ¼wiGi �wright; iGright; i �wleft;iGleft;i (5)



Table 3
The behavioral elements that contribute to explaining the electricity consumption. The reference category is: Monthly Electricity Bill more than 3000 QR.

Behavioral Elements b S.E. Wald df Sig. Exp(b) 95% CI for EXP(b)

Lower Upper

Category 1: Monthly Electricity Bill - less than 1000 QR
Intercept �2.347 1.217 3.719 1 .054

Indoor Temperature Cold (below 21 �C) �1.581 1.002 2.491 1 .115 .206 .029 1.466
Moderate (21 �Ce23 �C) .797 .968 .677 1 .411 2.218 .333 14.798
Hot (Above 23 �C) 0b 0

Lighting Dark �1.302 .747 3.032 1 .082 .272 .063 1.178
Moderate -.429 .415 1.066 1 .302 .651 .288 1.470
Light 0b 0

Appliance use Rarely .366 .789 .215 1 .643 1.441 .307 6.762
Moderate 1.499 .426 12.374 1 .000 4.476 1.942 10.315
Very Often 0b 0

Upgrade Willingness Not interested in upgrades �1.206 .567 4.524 1 .033 .299 .099 .910
Highly interested �2.994 .406 54.345 1 .000 .050 .023 .111
Not sure if renovation works 0b 0

Smart Attitude Agree, if it is economically beneficial for me 2.095 .810 6.689 1 .010 8.128 1.661 39.772
Agree, if it helps the environment 3.652 .931 15.374 1 .000 38.557 6.212 239.306
Agree, if it benefits the society 2.503 .915 7.487 1 .006 12.221 2.034 73.412
I disagree 0b 0

Climate Attitude Yes 1.501 .519 8.364 1 .004 4.488 1.622 12.414
No 1.124 .940 1.430 1 .232 3.076 .488 19.398
Not sure 0b 0

Monthly expenses Less than 5000 QR* 7.382 .845 76.243 1 .000 1607.243 306.499 8428.186
Between 5000 and 9999 QR .968 .480 4.058 1 .044 2.632 1.027 6.747
Between 10,000 and 14,999 QR 4.273 .583 53.795 1 .000 71.739 22.901 224.729
15,000 QR or more 0b 0

Category 2: Monthly Electricity Bill - Between 1000 and 3000 QR
Intercept .080 1.108 .005 1 .942

Indoor Temperature Cold (below 21 �C) �1.153 .931 1.532 1 .216 .316 .051 1.959
Moderate (21 �Ce23 �C) .426 .911 .219 1 .640 1.531 .257 9.123
Hot (Above 23 �C) 0b 0

Lighting Dark .817 .672 1.480 1 .224 2.265 .607 8.451
Moderate .320 .391 .667 1 .414 1.377 .639 2.964
Light 0b 0

Appliance use Rare .015 .722 .000 1 .984 1.015 .246 4.182
Moderate .804 .402 3.991 1 .046 2.234 1.015 4.914
Very Often 0b 0

Upgrade Willingness Not interested in upgrades �2.450 .569 18.550 1 .000 .086 .028 .263
Highly interested �2.628 .383 47.131 1 .000 .072 .034 .153
Not sure if renovation works 0b 0

Smart Attitude Agree, if it is economically beneficial for me 1.574 .730 4.646 1 .031 4.828 1.153 20.209
Agree, if it helps the environment 2.168 .863 6.309 1 .012 8.741 1.610 47.453
Agree, if it benefits the society 1.271 .830 2.343 1 .126 3.563 .700 18.132
I disagree 0b 0

Climate Attitude Yes 1.208 .474 6.494 1 .011 3.347 1.322 8.474
No .537 .895 .360 1 .548 1.711 .296 9.879
Not sure 0b 0

Monthly expenses Less than 5000 QR* 2.854 .809 12.448 1 .000 17.354 3.555 84.701
Between 5000 and 9999 QR -.217 .385 .318 1 .573 .805 .378 1.712
Between 10,000 and 14,999 QR 2.006 .505 15.808 1 .000 7.436 2.766 19.993
15,000 QR or more 0b 0

A. Ghofrani, E. Zaidan and A. Abulibdeh Energy xxx (xxxx) xxx
FIi ¼
P

j:node j splits on feature i NIjP
j 2 all nodes NIj

(6)

where NIi is the importance of node i, w is the weighted number of
instances, and FIi is the importance of feature i. FIi is a ratio, in
which the values closer to 1 contain more variance and information
to determine the class of a target variable based on the feature's
splitting frequency during CART algorithm.

Multiple random forest classifiers were constructed with the
objective of measuring the relative importance of each behavioral
factor with respect to the main target variables. The random forest
models were based on an ensemble of 500 decision tree classifiers
trained via the bootstrap algorithm, random patches method, and
Gini impurity. Based on a cross-validation analysis with 10 folds,
11
the random forest estimators are capable of classifying the target
variables based on the each set of exogenous variables according to
Table 4. Although the model accuracy is not as high as possible due
to the human driven factors and the reliability of self-perceived
inputs, the classifiers still possess a significant amount of infor-
mation to differentiate the consumption patterns within the sam-
ple along with local/expatriate communities. Fig. 12 shows the
patterns of the feature importance analysis for the aforementioned
classifiers and averaged based on 1000 runs. As seen in Fig. 12,
indoor thermal comfort preference, respondent's willingness to-
ward home upgrades, and self-perceived appliance use are among
the important features containing information to classify monthly
electricity bills. Building construction year and floor area demon-
strate the highest feature importance values associated with the
building features, and among demographic/socioeconomic factors
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income and education show significant feature importance values
to classify monthly electricity bills. Besides, within local and
expatriate communities, willingness towards home upgrades,
home energy efficiency motivations and indoor lighting preference
possesses a significant amount of information to differentiate the
two communities. The similar analysis in any population can pro-
vide insight what human driven factors must be prioritized in en-
ergy policy.

4.3. Clustering of socioeconomic and behavioral factors

A k-means clustering model [47] was used to identify how so-
cioeconomic and behavioral factors can form various segments in
the target population with similar energy-oriented traits. This
segmentation can simplify human-energy strategic planning so
that a set of traits, as a whole, can be attributed to a community in
order to target multiple relevant concerns simultaneously. Among
several permutations of human drivers, two sets of traits are
selected as (1) energy use behavior and HBI factors (Table 5), and
(2) a combination of socioeconomic factors, education and income,
and attitudes towards home energy efficiency motivations, climate
change, and home retrofit (Table 6). The Elbow-method [48] was
used to find the optimal number of clusters factors as being 4 for
both models.

As shown in tbl5Tables 5 and 6,tbl6, different groups with
different attitudes can be identified. According to Table 5, those in
cluster 4 show high consumption of air conditioning, lighting, and
appliances are the only cluster with high energy use category,
which can be intuitively validated. Besides, Table 4 demonstrates a
cluster of respondents (cluster 4), in which the subjects show
adverse attitudes towards energy topics and they fall into a low-
income category and with a bachelor's degree. To this end, based
on the decision-maker's strategy, using unsupervised learning ap-
proaches, such as k-means clustering, can potentially help to create
main targeted segments with similar traits.

5. Simulations

5.1. Building simulation

As demonstrated previously, air conditioning constitutes the
largest proportion of energy consumption of residential buildings
in Qatar. Therefore, human indoor temperature preference (as the
main factor in air conditioning demand) can become a major target
in shaping new behaviors associated with residential energy con-
sumption. Temperature preference as a behavioral factor was
introduced previously as cold (less than 22 �C), moderate
(22 �Ce24 �C), and hot (greater than 24 �C) indoor temperature
categories. To estimate the impact of establishing habitual new
preferences in indoor temperature for different residential build-
ings on energy consumption at an aggregate level, electricity con-
sumption must be estimated as a function of indoor temperature
setpoint, floor area, and building type. We categorize the buildings
in Doha, Qatar, into two major types: Palaces/Villas and Apart-
ments. Approximately 180 EnergyPlus building simulations were
conducted to find the annual building electricity consumption for
Table 4
The model accuracy of the random forest classifiers with respect to the ta

Target Variables Set of Exogenous Varia

Monthly Bill Behavioral Factors
Monthly Bill Building Features
Monthly Bill Demographic/Socioeco
Citizenship Category Behavioral Factors
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fixed indoor temperature setpoints that range from 20 �C to 26 �C
(within ASHRAE 55 thermal comfort zone [49]), floor areas from 50
m2 to 1600 m2, and two different building types. We note that we
have opted for a wide range of floor areas in order to accommodate
the discrepancy between citizens and non-citizens in terms of the
house type and area as Qatari live in more spacious households,
villas and palaces while most of expatriates opt for apartments. The
simulations were all deterministic with no stochasticity in terms of
occupancy, weather conditions, lighting use, and appliance use.
Therefore, the sensitivity analysis was only conducted on various
cooling loads and floor areas with other input variables as being
fixed. The simulation results are shown in Fig. 13. All the simula-
tions are based on simplified assumptions similar to the model
presented in section 2 (ASHRAE 189.1 and 90.1 standards, climate
zone 1 B assumptions, ducted packaged air conditioner, and TMY2
weather condition). Although the sample does not represent the
exact building stock in Doha, but they provide an estimation about
the role of cooling load in electricity consumption at an aggregate
level. The outcome was implemented in different what-if scenarios
to assess energy savings as a result of establishing habitual new
indoor temperature preferences.

To avoid running building simulations for all input ranges, a
multi-linear regression was constructed to estimate the annual
electricity consumption based on Equation (7).

by¼ q0 þ q1x1 þ q2x2 (7)

where by is the estimated annual electricity consumption, xi vari-
ables are indoor temperature and floor area as inputs, and qi is a
model parameter. Equation (6) was trained based on 180 data
points for two different building types and based on a mean
squared error cost function to find the optimal model parameters,
as below:

JðqÞ ¼ 1
m

Xm
i¼1

ðy� ðq0 þ q1x1 þ q2x2ÞÞ2 þ a
1
2

X2
i¼1

q2i (8)

where JðqÞ is the model cost function, y is the actual annual elec-
tricity consumption, m is the total number of the instances, and a is
a regularization term to avoid overfitting. The cost function com-
bines two terms: the first one models the mean square error be-
tween the model prediction and the actual values. The second term
is added for regularization purpose to avoid overfitting. The model
parameters are demonstrated in Table 7.

Having an estimation of annual electricity consumption for
different indoor temperature ranges and floor areas, we were able
to estimate the household electricity consumption for the sample
based on the acquired information. The analysis was categorized
into 4 case scenarios:

� Scenario 1: or the reference scenario, where all consumption
estimates are based on the reported indoor temperature pref-
erences in the sample (Fig. 10).

� Scenario 2: all the end-users with a cold indoor temperature
preference switch to a moderate indoor temperature, and the
rget variables and exogenous set of variables.

bles Average Model Accuracy

81.2%
76.6%

nomic Factors 84.6%
84.3%



Fig. 12. Feature importance order with respect to respondent electricity consumption patterns and citizenship based on sets of independent variables: energy behavioral factors,
building features, and demographics. The solid red line is the average of 1000 runs of feature importance analysis for each case. (For interpretation of the references to colour in this
figure legend, the reader is referred to the Web version of this article.)

Table 5
Forming various groups based on HBI factors and consumption patterns via k-means clustering.

Attribute Indoor Temperature preference Lighting Preference Appliance Use Energy Use

Cluster Label

1 Cold Dark Moderate Low
2 Moderate Light High Low
3 Moderate Moderate Moderate Low
4 Cold Light High High

Table 6
Forming various groups based on socioeconomic factors and energy attituded of the respondents via k-means clustering.

Attribute Education Income Home Upgrade Willingness EE Motivation Climate Change Awareness

Cluster Label

1 Master 30 k QR- 40 k QR Agree Economic Concerned
2 High School <10 k QR Disagree Economic Concerned
3 Master 20 k QR- 30 k QR Agree Economic Concerned
4 Bachelor <10 k QR Disagree No Motivations Indifferent
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remaining temperature preferences are assumed to be
unchanged.

� Scenario 3: all the end-users with a cold indoor temperature
preference switch to a moderate indoor temperature, and the
end-users with a moderate indoor temperature switch to a hot
indoor temperature.

� Scenario 4: all the end-users switch to a hot indoor temperature
preference.

To construct the aforementioned scenarios for the individual
users in the sample, the user's home floor area and indoor tem-
perature value were required to estimate the annual electricity
consumption of the user based on Equation (5). In the sample data,
the floor area of the residential buildings were acquired (Fig. 10).
However, due to the fact that self-perceived indoor temperature
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preference was based on qualitative temperature range categories
and the actual values were unknown, indoor temperature setpoint
values were estimated based on a Gaussian distribution with a
standard deviation of 1 �C and mean values of 21 �C, 23 �C, and
25 �C for cold, moderate, and hot indoor temperature preferences,
respectively as below (Fig. 14).

8<
:

Trandom; cold � Nð21 �C ; 1 �CÞ
Trandom; moderate � Nð23 �C ; 1 �CÞ
Trandom; hot � Nð225 �C ; 1 �CÞ
Equation (7) was used to estimate the annual electricity con-

sumption based on the random indoor temperature distributions in
Fig. 14 and the reported building types and floor areas in the survey
according to Fig. 10. It should be noted that the four house types
used in the survey were simplified to villas/palaces and apartments



Fig. 13. Annual energy consumption as a function of building floor area and indoor temperature setpoint for single-family and apartment building types.

Table 7
Annual consumption estimator model parameters for two building types.

R2 q0 q1 q2

Villa/Palace 0.961 188.17 (t ¼ 10.8) 0.09 (t ¼ 32.2) �7.58 (t ¼ �10.1)
Apartment 0.964 484.89 (11.4) 1.2 (t ¼ 30.7) �18.1 (t ¼ �9.9)
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in this analysis. Annual energy consumption estimation was
calculated for the sample data (3200 annual consumptions) and the
impact of indoor temperature variation on energy consumption
was modeled for all the case scenarios to find the total estimated
energy consumption of the sample under different indoor tem-
perature preferences. The results of four different scenarios for the
aggregate annual electricity consumption of the sample are
demonstrated in Fig. 15. As seen in this figure, a saving of from 4 to
15% in total electricity consumption of the residential buildings can
be achieved for the sample. This energy consumption reduction is
Fig. 14. Generated indoor temperature based on a

14
approximately 23 GWh to almost 74 GWh of savings, which is a
noticeable change.

5.2. Random sampling process and aggregate behavior simulation

To extend the insight from the sample to the Doha municipality
and generate data from statistical simulations, it was assumed that
the aggregate statistics of the sample represent the population.
Two sets of discrete probability distributions were estimated, ac-
cording to the sample data, for building type and indoor temper-
ature preference. Also, Gaussian Kernel Density [50] functions were
estimated, based on the sample distribution, for floor areas, and, for
villa/palace and apartment types. Fig. 16 demonstrates density es-
timations and generated data for two sets of 100,000 instances.
Given Qatar's 2015 census data and the estimations for the 2018
households, it was assumed that the Doha municipality consists of
150,000 households. The estimated aggregate annual electricity
demand for 150,000 households and under 4 what-if scenarios
Gaussian distribution for all 4 case scenarios.



Fig. 15. Energy savings as a result of adopting new temperature setpoints in scenarios
2 to 4 for the sample data.
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introduced previously are presented in Fig. 17. Based on the results,
the savings can vary from 4 to 16% under different scenarios asso-
ciated with human behavior and indoor temperature preference.

The aggregate savings show substantial changes in electricity
consumption. Given that the electricity is all supplied by gas-fired
power plants, the energy saving and emission reduction [51] with
respect to each case scenario will result in Table 8.
6. Conclusion and policy recommendations

The framework presented in this study was designed to find the
main socioeconomic and behavioral factors impacting energy
consumption in residential buildings. The analysis was based on a
survey among a sample size of 3200 subjects in Doha, Qatar, to
understand the pre-decisional phase distribution of energy con-
sumption and humanpreference (indoor temperature, lighting, and
appliance use) and targets for a transition to an actional phase and
policy planning in the energy sector. The study tried to compare the
Fig. 16. Kernel density estimation for the distribution of
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attributes of two different communities of Qatari citizens (with
benefits and energy subsidies) and non-citizens to investigate the
impact of energy subsidies on energy conservation attitude and
consumption behavior. The results demonstrate that a community
that benefits from energy subsidy does not necessarily show weak
signs of perceived responsibility and normative goals. The results
indicate that citizens, in general, are more concerned about climate
change and social outcomes of energy conservation compared to
non-citizens, whose concerns are more economical in respect of
energy conservation. This seems to be a result of income level and
socioeconomic factors. Consequently, energy policy planning can
be formed to incentivize other nationalities toward assuming re-
sponsibility and normative goals via motivation, opportunity, and
ability factors. There is more positive feedback from citizens
regarding the inclination toward retrofitting and upgrading than
can be justified by the house ownership and income levels. Retro-
fitting pre-decisional uncertainty can be addressed with tax re-
bates, incentives, training, education, and advertisement. Both
groups show high concern about climate change, though approxi-
mately 20% of the sample remain either uncertain or negative,
which finding necessitates creating greater insight about the
severity of climate change in society. In addition, the citizens
demonstrate low energy-consumption behavior (moderate indoor
temperature, indoor lighting, and appliance use) compared to the
non-citizens, with high-consumption preferences that cannot be
justified by income level. The high consumption patterns can be
mitigated by different intervention strategies, such as energy
pricing schemes. It also can be addressed by launching awareness
campaigns to encourage the different communities about the
environment. Indeed, our findings show that a slight change of AC
setpoint can contribute in electricity saving while consumer stays
in his comfort zone. The feature importance analysis also demon-
strates, on the one hand, that monthly expenses, upgrade willing-
ness, and energy conservation attitude are themost critical features
that differentiate the two communities.

On the other hand, the feature importance and analytical results
demonstrate that indoor temperature preference has a high impact
floor area for different building types in the sample.



Fig. 17. Savings based on simulation results based on 150,000 households in Doha.

Table 8
Energy savings and emission reduction compared to the reference scenario for
aggregate level what-if scenarios.

Scenario 2 Scenario 3 Scenario 4

Energy Saving (GWh) 1561.6 4056.71 5633.97
CO2 Reduction (106kg) 803.95 2088.5 2900.52
NOx Reduction (106kg) 1.41666 3.68 5.11
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on the monthly energy bill. Thus, a simulation was designed to
evaluate the impact of indoor temperature preference on the
sample and population in different what-if scenarios. The simula-
tion results show that if indoor temperature preferences can be
reshaped, a noticeable saving amount, of 4%e16%, can be achieved
in aggregate annual residential consumption in Doha municipality.
The reduction in energy consumption can have environmental and
economic benefits, such as considerable emission reduction and
T&D (Transmission and Distribution) upgrade deferral. However,
this transition in residential indoor temperature cannot necessarily
be achieved only by establishing habitual new behaviors but also
requires the use of interactive energy efficiency solutions, such as
smart control, and intervention practices, such as energy pricing.
That is, smart thermostats, central control, and dynamic pricing
have the potential to achieve the aforementioned energy savings.
Evaluation of the long-term benefits will require a separate econ-
omy study. In addition, building energy efficiency must be
addressed with great consideration as it is a significant factor
affecting energy consumption. For example, in 1995, Hong Kong
government issued The Building Energy Efficiency Regulation and
applied it for commercial buildings and hotels. Such policies have
shown great reduction in energy consumption in China [52] where
65% adoption of the standard contributed in reducing cooling and
heating electricity use while 50% adoption lead to 38% reduction.
We note also this research study did not take into account the ef-
ficiency of AC systems. In future work, we will attempt to collect
these information and refine the study findings accordingly.
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