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A B S T R A C T

Recommender systems have significantly developed in recent years in parallel with the witnessed advancements
in both internet of things (IoT) and artificial intelligence (AI) technologies. Accordingly, as a consequence of
IoT and AI, multiple forms of data are incorporated in these systems, e.g. social, implicit, local and personal
information, which can help in improving recommender systems’ performance and widen their applicability
to traverse different disciplines. On the other side, energy efficiency in the building sector is becoming a hot
research topic, in which recommender systems play a major role by promoting energy saving behavior and
reducing carbon emissions. However, the deployment of the recommendation frameworks in buildings still
needs more investigations to identify the current challenges and issues, where their solutions are the keys to
enable the pervasiveness of research findings, and therefore, ensure a large-scale adoption of this technology.
Accordingly, this paper presents, to the best of the authors’ knowledge, the first timely and comprehensive
reference for energy-efficiency recommendation systems through (i) surveying existing recommender systems
for energy saving in buildings; (ii) discussing their evolution; (iii) providing an original taxonomy of these
systems based on specified criteria, including the nature of the recommender engine, its objective, computing
platforms, evaluation metrics and incentive measures; and (iv) conducting an in-depth, critical analysis to
identify their limitations and unsolved issues. The derived challenges and areas of future implementation could
effectively guide the energy research community to improve the energy-efficiency in buildings and reduce the
cost of developed recommender systems-based solutions.
. Introduction

The use of energy has been increasing exponentially through the last
ew years around the world. Specifically, the building sector alone con-
umes more than 40% of the global energy produced worldwide [1,2].
his consumption is expected to increase by 1.3% per year on average
rom 2018 to 2050 in organization for economic cooperation and de-
elopment (OECD) countries (e.g. USA, Europe, Australia, etc.), while
his rate will be more than 2% for non-OECD countries (e.g. Middle
ast, China, Russia, etc.) [3]. Therefore, experts naturally assume that
he rise of population and quality of life in various regions will result
n a growing need for electricity-consuming devices and individualized
quipment, and hence, an increasing energy consumption rate [4,5].

In order to alleviate this issue, recent research and development
rojects and initiatives have been focused on developing nearly zero en-
rgy buildings (nZEB) in the last decade, which incorporate renewable
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and sustainable energy resources and energy management systems [6].
However, these kind of measures could not be supported in all countries
around the globe due to its high deployment cost [7,8]. Consequently,
finding other cost-effective or no-cost energy saving solutions became
the core of interest for the building energy community, especially
those based on the use of information and communication technolo-
gies (ICT) [9]. One of these challenging approaches is behavioral
change, which allows end-users to polish their energy consumption
behaviors and trim their wasted energy without investing more time
and elbow grease, but only by using recommender algorithms, arti-
ficial intelligence (AI) tools and already used smartphones [10–12].
To this regard, energy providers, policy makers and end-users in the
building sector have become progressively aware of the importance of
behavioral change in promoting energy saving and reducing carbon
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emissions [13,14]. In this context, an increasing number of literature,
projects and commercial products have recently arisen to explore the
research interest of sustainable behavior change, explicitly to address
the relation between attitudes in order to improve energy consumption
behavior [15]. This is also due to the widespread use of AI, Internet of
things (IoT) devices and other ICT tools, which have a positive impact
on raising end-users’ awareness, shaping their attitudes towards energy
saving and boosting their achievements [16,17].

While most of the research efforts have been conducted towards
developing and improving new technologies and materials that reduce
wasted energy and promote energy saving, human-related aspects,
especially those related to end-user’s behavior [18] have received less
attention. Therefore, strategies and objectives must be set in order
to shape the behaviors of buildings’ end-users and owners [19]. This
can be achieved through developing context-aware recommender sys-
tems [20] that combine the knowledge of AI, behavioral analytics and
human decision-making processes, to implement powerful behavioral
change support systems [21,22], in which recommendations could
be easily embedded into daily behaviors to reach an effective en-
ergy saving level. In this regard, changing daily behavior of end-users
has become a key challenge [23,24]. This challenge requires train-
ing and awareness exercises, incentive recommendations and feedback
assessments for inducing a permanent change.

Despite the success of recommender systems in different research
and development applications (e.g. in healthcare, online shopping,
movies, music, travel plans, etc.), there is still room for more research
to improve their performance, especially in the energy saving domain.
According to our knowledge, no work yet has been dedicated to the
survey of challenges, difficulties and future perspectives of energy
saving recommender systems. As a result, there are still open questions,
in the energy research community, about the reliability and efficacy
of recommendation systems. To alleviate these issues, we provide this
survey article that performs an in-depth, critical analysis of energy
saving recommender systems for buildings. More specifically, this pa-
per identifies the open issues and critical challenges that impede the
development of effective energy recommender systems that incorpo-
rate human-in-the-loop, by promoting energy efficiency behaviors and
reducing carbon emissions.

To that end, a taxonomy of energy recommender systems is pre-
sented. The currently available frameworks are described and the fac-
tors that impact the efficacy of current implementation are discussed.
Such factors refer to the nature of developed recommender algorithms,
the computing platforms used to implement them, their objectives,
the incentive measures utilized to motivate end-users and the evalu-
ation metrics that fit the context of energy. Moving forward, a critical
analysis and discussion is conducted to identify the limitations and dif-
ficulties encountered when developing energy recommender systems.
Finally, we derive and decipher the issues that remain unresolved and
attract an increasing research interest along with the hottest research
directions for recommendation systems’ performance improvement. To
summarize, the main contribution axes of the paper could be outlined
as follows:

• Propose the first review framework of recommender systems for
energy efficiency in buildings.

• Conduct a novel taxonomy of existing energy efficiency recom-
mender systems through analyzing the nature of the different
components used to build a recommender framework, e.g. (i) ob-
jective of the recommendations, (ii) methodology and algorithm
of choice utilized by the recommender engine, (iii) computing
platforms, and (iv) evaluation metrics and incentive measures.

• Perform in-depth, critical analysis of the existing frameworks
to identify the current challenges and difficulties that remain
unresolved.

• Provide insights about the future orientations that could be tar-
geted to overcome existing energy efficiency recommender sys-
tems’ issues, to improve their quality and facilitate their applica-
2

bility. ‘
The remainder of this paper is organized as follows. Section 2 briefly
explains the methodology that we followed in order to identify the
works related to the development of energy saving recommender sys-
tems. Section 3 begins with an introduction to recommender systems,
and then focuses on the analysis of human-driven energy efficiency
frameworks of buildings, using recommendation systems for triggering
and maintaining this behavioral change. Additionally, it summarizes
the objectives of such systems, methodologies and algorithms they
use, computing platforms and evaluation metrics. Moving forward,
Section 4 conducts in-depth and critical analyses of existing energy
recommender systems by discussing their limitations and issues. Fol-
lowing, Section 5 presents current challenges and future orientations
that should attract the attention of R&D communities in the near and
far future. Lastly, Section 6 derives the final conclusions.

2. Methodology

In order to perform our literature review, we based our method-
ology on the techniques presented in [25]. Identifying the need for a
review is of equal importance to the results of the review. The need
for this review derives from the fact that lots of systems and solutions
have been developed in the field of energy efficiency for buildings,
which add to the variety of the research field. Our study reveals that
there is not yet a systematic review that explains all the steps: from the
conception of an energy saving solution, to the delivery to end-users.
By conducting this review, the following questions will be answered:

1. Why have recommender systems gained significant attention for
energy efficiency in buildings?

2. What are the main research directions that existing energy sav-
ing recommender system frameworks followed?

3. What are the main objectives and which methodologies were
used to achieve them?

We performed our bibliometric research under the perspective of
a narrative review. Studies related to the use of recommendations for
improving energy efficiency and promoting energy savings in buildings
have been searched. Our search took place through the Scopus database
from 2000 to 2020. The following terms have been searched in titles,
abstracts and keywords: ‘‘recommendation’’, ‘‘recommenders’’, ‘‘recom-
mender systems’’, ‘‘energy saving’’, ‘‘energy efficiency’’, ‘‘buildings’’,
‘‘behavior’’.

A search in Scopus, in the title, abstract and keyword fields1 re-
turned 283 articles, which are broadly organized in three major re-
search directions, as we explain in the following paragraphs and depict
in Fig. 1:

(i) Recommendations for enhancing buildings energy efficiency
(ii) Intelligent systems that promote energy saving in buildings

(iii) Recommender systems that put humans in the center of the
decision making process for energy efficiency, in each of the
previous cases or in both

A large group of works focuses on energy efficient buildings by
design. Such ‘‘high-performance’’ buildings employ energy optimization
techniques by including natural ventilation, thermal storage and opti-
mal window size and placement. The number of works in this field is
vast, but most of them are slightly related to recommender systems and
human behavior. So we suggest readers to consult a few survey works
in this domain [26,27].

Another major group of works focuses on the use of intelligent
systems for monitoring and reducing the buildings’ unnecessary energy
waste. The survey of Boodi et al. [28] summarizes the state-of-the-art

1 TITLE-ABS-KEY ((‘‘energy saving’’ OR ‘‘energy efficiency’’ OR energy)
ND (‘‘recommendation’’ OR ‘‘recommender’’ OR ‘‘recommender systems’’ OR

‘recommendation systems’’) AND behavior AND buildings).
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Fig. 1. The impact of energy efficiency in buildings in bringing human-in-the-loop.
works in building energy management system (BEMS) and distinguishes
three types of models that combine environmental conditions, energy
prices, comfort criteria and occupancy prediction in order to optimize
the heating, ventilation and air conditioning (HVAC) systems operation:
white box, black box and gray box models. More work on intelligent
systems for energy efficiency in buildings can be found in a few more
surveys [29–31].

The third group of works employ recommendation systems and
algorithms, usually as a complement to the previous two approaches
(i.e. on energy efficiency and smart buildings). The final decision is
always on the human, who plays a vital role in the efficacy of the pro-
posed solution. The recommendations in this group are either targeted
to building owners (mainly for large public or commercial buildings) or
to the occupants of residential buildings. The main difference between
the two, is that in the former case, recommendations refer to an energy
plan or an energy saving strategy that can be used to balance between
saving and comfort, whereas in the latter one, the recommendations are
about energy saving actions (e.g. device turn-off, or work shifting) that
can have an immediate impact on the building’s energy consumption.

As depicted in Fig. 1, the focus of our survey is on recommender
systems for energy efficiency and more specifically on the intersection
of the three aforementioned domains. In the following, we examine
various aspects of systems that combine intelligent systems and action
recommendations to improve energy efficiency and convert conven-
tional buildings into smart ones. The section that follows begins with an
overview of recommender systems and answers the last question of our
survey methodology by presenting the objectives and methodologies
used to achieve them.

3. Recommender systems for energy efficiency in buildings

According to the 2012 ACM Computing Classification System,2 rec-
ommender systems are categorized as information systems that focus on
information retrieval tasks. Under this prism, it is now very common
for more and more scenario-specific applications to adopt various kinds
of recommender systems to serve their needs and goals. Although they
have originally been applied online for content personalization based
on users’ explicit or implicit preferences [32,33], they soon have been
extended to a wide range of different real-world applications [34], from
place and people recommendations based on location [35] to action
recommendations for reshaping energy profiles [36,37]. In addition,
due to the high demand of personalization in most of real-life scenarios,
various approaches of adopting recommender systems have been pro-
posed based on the type of decision making the system has to support
and the goal these recommendations have to meet. Although all these
approaches still share the same logic as before (i.e. recommend items

2 https://www.acm.org/publications/class-2012.
3

to users), they go beyond content personalization and consequently
increase the requirements from recommended item, which apart from
matching a specific user’s interests, also have to be novel, profitable,
feasible in terms of the user context, generated at the right place and
moment [38].

The used approach for implementing a recommender system signifi-
cantly depends on the goal and applicability of the system. As depicted
in Fig. 2, the main phases that each recommendation process consists
of are:

1. Information collection phase: In this phase, all the necessary
explicit or implicit user information is collected in order to
profile the targeted users. Depending on the type of the used
recommender system, the information needed for user profiling
might differ in volume or attributes, but in minimum it has
to cover the case scenario for which the recommender system
is used. It is critical, in this phase, to recognize and prepare
this information, which will be used for system training and
fine-tuning in the next phase. The efficiency and impact of the
resulting recommendations rely on the utilized algorithm, but
also depend on the quality of training data.

2. Learning phase: In this phase, the system extracts the most
representative features and trains the model that best identifies
and quantifies the relationship among the users and the ‘‘items’’
that the recommendation engine will create recommendations
for.

3. Prediction and recommendation phase: In the third and last
phase of the recommendation process, the system predicts the
‘‘unknown’’ values of the user-to-items preferences using the pre-
trained model, and ranks the items that are most likely to fit
users’ preferences. As a result, it adds the top ranked items in
the list of recommendations that are to be presented to the user.
Of course, filters can be employed to rule out items that do not
match the user context, and more criteria can be used to improve
the ranking of items to be recommended [39].

In following sections, we present a taxonomy of energy saving
recommender systems, in which we describe state-of-the-art research
frameworks with the aim of identifying the most prominent and recent
advances of this technology. Fig. 3 illustrates a taxonomy of energy
saving recommender systems that is introduced based on different
parameters, including the objective of the recommender system, the
recommendation methodology, the computing platforms, the evalua-
tion metrics, and the employed measures to encourage end-users to
adopt energy saving behavior.

3.1. The objectives of energy efficiency recommender systems

The analysis performed in this article focuses on the third group of
research works that we identified through the literature survey. As we

https://www.acm.org/publications/class-2012
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xplained earlier, the group comprises two main subgroups, each one
argeting a different audience, and thus, having different objectives.

O1. Strategy recommenders: The objective of such systems is to
ecommend the best strategy for each case, either it is a building, an
nergy consumption forecast model, or an operational energy setup for
VAC or lights. For example, [40] proposes a building energy efficiency

ecommender system that relies on case-based reasoning (CBR). In a
imilar direction, [41] discusses a recommender system for selecting
he operational light intensity that satisfies user’s comfort that is suit-
ble for both user activity and energy saving. Finally, [42] presents
generalized structure for forecasting building energy trends based

n building specifications. The solution is mostly targeted to energy
rosumers and allows them to predict the total energy consumption of
building by choosing the right building profile.

O2. Action recommenders: These systems are tailored to the ev-
ryday needs of building occupants and their main objective is to
ecommend actions that minimize the energy footprint of occupants.
he actions can either assume static users and inelastic needs, or build
n their flexibility to move around the building or postpone their needs
4

t a later time (e.g. using the laundry machine after hours). For exam-
le, [43] develops a Resource-oriented rule-based engine that generates
dvice for energy savings in the form of real-time alerts or logged
ncidents for monitoring purposes. On the other side, [44] focuses on
ommercial buildings and distinguishes two types of recommendations,
hich both aim to maximize the space usage: recommendations for
ccupants to move from one space to another, and recommendations
or occupants to shift their schedule related to the building. In a more
ecent work [45], authors present a recommender system for reducing
nergy consumption in commercial buildings. They employ human-
n-the-loop methodologies and utilize deep reinforcement learning in
rder to learn actions with energy saving capability and actively deliver
ecommendations to building end-users. Once again, the recommen-
ations have to balance between user comfort and energy efficiency,
ut the final decision lies in the end-users’ hands. For example, Re-
iCEE [46] analyzes historic energy usage fingerprints and provides

ndividual and collaborative recommendations that balance between
omfort and efficient usage of energy.
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3.2. Methodologies and algorithms for energy efficiency recommendations

In this section, we overview recommendation systems methodolo-
gies widely used in the building energy saving field.

M1. Case-based recommender systems are in essence rule-based sys-
ems, which recommend actions for one or more end-users through
andling every end-user separately. Explicitly, specific energy usage
abits and preferences are examined with reference to an ensemble of
ules/heuristics and predetermined decisions that initiate, if achieved,
he associated energy efficiency acts.

In [47], a rule-based recommender system is implemented to effec-
ively learn the energy consumption patterns and interests of end-users,
nd hence, allows them to independently promote energy efficiency.
n this regard, a frequent-sequential data mining model is deployed to
xtract the characteristics of consumers. Similarly, in [48], a pairwise
ssociation rule-based algorithm is proposed for drawing the collective
references of groups of end-users. The resulting recommender system
s able to provide personalized suggestions to users without requiring

complex rating approach. While in [40], the authors propose a
ase-based reasoning recommendation system, which is built based on
ystem knowledge (i.e. cases) representing the historical energy con-
umption actions in order to shape the end-user behavior towards an
nergy efficiency comportment. Explicitly, the system is able to suggest
nergy efficiency actions to end-users at every different moment of
he day. This is done by analyzing their energy usage footprints and
omparing them with the ones already stored in the knowledge base.
n this line, in order to identify the similar behaviors at every time-
tamp, a k-Nearest Neighbor (KNN) approach is deployed, while a
upport vector machine (SVM)-based method is utilized to optimize
he weighting parameters of every example. Moving forward, an expert
ystem is then employed, which includes a set of ad-hoc rules for
nsuring the application of the developed scheme to the case under
onsideration. Recently, in [49], pattern mining techniques are used
or creating appliance usage profiles that consider user time context.
hen, they filter out the most prominent time-appliance patterns that

ndicate the ideal behavior and when they detect an appliance usage
hat deviates from the typical behavior, they send a recommendation
otification to the end-user to interact accordingly with the device.

2. Collaborative filtering methods assume that the ensemble of
nd-users select from a closed set of actions (or items). These explicit
r implicit choices are used to filter (predict) the preference of any
nd-user for any action in the set of available actions (or items).
herefore, the recommended actions to each end-user represent the
ost preferred to him/her (or those having the highest estimated

ating) [50] or those generated from the same group he/she pertains
o [51]. In this line, energy efficiency recommender systems, using
ollaborative filtering, utilize various intelligent agents, which interact
roficiently and dynamically identify the end-users’ preferences. This
elps in promoting energy saving actions to consumers by providing
hem with personalized recommendations that appropriately fit their
nterests.

For example, in [52], appliances’ consumption data of a specific
ousehold are analyzed before predicting the rating levels of different
nergy usage plans and identifying the related user preferences for
very plan. Moving forward, a filtering (prediction) model is used to
llow users to choose suitable consumption plans with adequate tariffs.
n the same way, the authors in [53] opt to generate energy efficiency
ecommendations based on a dual-step procedure, i.e. extracting fea-
ures and triggering tailored recommendations. Explicitly, at the first
tage, a matrix representation is adopted to adapt user preferences
ith reference to appliances usage. Following, a collaborative filtering
pproach is employed to detect similar users and generate person-
lized recommended actions using KNN clustering. While in [46],
he authors design the ReViCEE recommender system, which delivers
5

ailored recommendations to end-users at a university campus building
in Singapore, helping them curtail their electricity usage. Accordingly,
ReViCEE learns end-users’ interests by analyzing historic energy usage
fingerprints. In this regard, individual and collaborative preferences
related to the use of lights are captured from current consumption
patterns before triggering a set of recommendations to grant end-users
the best compromise between visual comfort and energy saving.

M3. Context-aware recommender systems aim to produce more perti-
nent recommendations which are adjusted to the particular contextual
circumstances of the end-user [54]. This can be based on the detection
of historic energy consumption patterns and their underlying context,
which can then be used to develop rule-based recommendations aim-
ing to achieve end-user’s satisfaction [55,56]. They usually require a
longer interaction with end-users with the system in order to collect
a larger amount of data that helps in a better adaptation of the
generated recommendations to the specific contextual situation of the
consumer [57].

The authors in [58] introduce a context-aware recommendation
system based on (i) the analysis of power consumption footprints in
various contexts; (ii) the maintenance of a base of historic formulated
recommendations to avoid replicated recommendations; and (iii) a
social survey for evaluating the recommendations efficiency, in which
47 users adopted the recommender system suggestions and provided
feedback on their efficiency. The empirical assessment illustrates that
when the recommendations are chosen randomly and in large numbers,
they can overflow users and may have a detrimental impact on the
end-users.

M4. Rasch-based models represent a psychometric paradigm that is
generally utilized to analyze the user’s responses to a specific set of
recommendations [59]. It aims at identifying the best compromise
between the user’s behavior and the ability to implement the generated
recommendations. In this line, a Rasch-based recommender system
relies on performing a Rasch analysis, which explains the probability
of the end-user to perform a particular recommendation as a function
of the end-user’s ability and the recommendation’s difficulty [60].

For example, the authors in [61] investigate to what extent Rasch-
based recommendations could help in reducing the end-user’ efforts,
improving the system assistance while increasing the choice satisfaction
and leading to the promotion of energy efficiency behaviors in build-
ings. To this end, a Rasch-based recommendation system is developed,
where up to 79 energy-efficiency recommendations are generated to
assist end-users in making correct energy usage actions, enhancing
system support, collecting their feedback and rating their satisfaction.

M5. Probabilistic relational models (PRM) can be used to capture
the knowledge hidden in the energy consumption data in a probabilistic
manner, which represents the probability of an action to match certain
usage patterns or preferences [62]. PRMs replace the user–item prefer-
ence matrix with a relational database with ‘‘Users’’ and ‘‘Items’’ being
the main entities and real transactions being the captured relationship
between the two. When a transaction between a user and an item is
recorded, the probabilities for users and items with similar attribute
values increase. In this essence, probabilistic relational paradigms are
developed for predicting end-user’s preferences and habits, where tai-
lored recommendations are derived to motivate end-users to reduce
their wasted energy [63].

In [64], the authors record and analyze historical energy usage
footprints in a work space via the use of a continuous Markov chain
model. The model focuses on investigating time-series energy data
using a multi-objective programming scheme. Next, a tailored energy
usage advice is drawn and each end-user is notified to establish energy
saving measures and support the adoption of renewable energy solu-
tions. Similarly, in [45], a recommender system aiming at optimizing
power usage in commercial buildings is introduced using human-in-the-
loop model. Moving forward, the energy saving approach for a building
is implemented and modeled based on a Markov decision paradigm,
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t

and a deep reinforcement learning scheme is implemented to learn
energy saving recommendations, and engage consumers in effective
sustainable behaviors. The implemented system helps in learning end-
users’ energy consumption actions/habits with a good accuracy, and
hence, results in providing end-users with useful and personalized rec-
ommendations. Finally, further experiments are conducted to employ
a feedback rating procedure to evaluate user satisfaction and identify
the best recommendations.

M6. Fusion-based models rely on the analysis of different kinds
f data, such as energy consumption footprints, ambient conditions
i.e. temperature, humidity, light, and luminosity), outdoor weather
nformation and user preferences/habits, for producing better and
ell-timed recommendations [65]. The so-called fusion-based recom-
endation systems adopt data fusion approaches, which either col-

ect and analyze different kinds of data representations from dis-
inct sources before making decisions [66] or include various sub-
ecommenders and aggregate their recommendation outputs, thus,
uilding a recommendation ensemble [67,68].

For example, in [69], authors introduce a multi-modal embed-
ing fusion-based recommendation system that combines information
rom multiple sources and modalities. In [70], a hybrid recommender
ystem is proposed, which is based on the assumption that the end-
ser choice is generally impacted by its direct (and even indirect)
riends’ preferences. The system fuses different kinds of data (e.g. social
ata, score, and review patterns) and trains a preference prediction
odel, using a joint-representation learning process, to extract the best

ecommendations. In [71], authors incorporate additional information
rom the consumer’s social trust network as well as actionable semantic-
omain knowledge, in order to improve the recommendations accuracy
nd increase their coverage. In the same manner, in [72], by exploiting
ifferent social data sources (produced by the Internet, e.g. consumer
rofiles, social relationships, behaviors, preferences, etc.), a recommen-
ation system using social data fusion is proposed. Explicitly, it aims to
tilize social data fusion for identifying similar consumers, and hence,
pdating each consumer rating of recommended actions using similar
onsumers.

In [73], a multi-level fusion-based recommender system is devel-
ped to produce collaborator recommendations. It fuses deep learning
nd biased random walk models to provide tailored recommendations
or possible end-users having the same preferences. Following, in [74],
recommender system is introduced to support sustainable greenhouse
anagement in buildings using multi-sensor data aggregation based

ystem. Specifically, contextual information, mathematical formula-
ions and experts’ knowledge are used and fused to help in generating
ore effective recommendations.

7. Deep learning-based recommender systems, have gained signif-
cant attention recently in various research topics, including visual
ecognition, healthcare, fraud detection, natural language processing,
tc. [75]. Their use is extended due to their remarkable performance
n many learning tasks, and additionally because of their interesting
bility to learn characteristic representations from the ground up.
he impact of deep learning is widespread as well to other research

ssues, in which it demonstrates its efficiency to retrieve information
nd trigger recommendations. Evidently, the field of deep learning in
ecommender system is flourishing [76,77].

In [78], with the aim of addressing the gap in collaborative filtering-
ased methods, a deep learning model is adopted. In effect, collab-
rative filtering systems are seriously suffering from the cold start
ssue, especially with the absence of historic data about the users
nd their energy consumption preferences. Moreover, the latent pa-
ameters learnt by these systems are naturally linear. To that end,
eep learning is employed, where embeddings are deployed to rep-
esent users and their preferences, and thus, to allow the learning
f non-linear latent parameters. This approach better alleviates the
6

old start issue, since information about users and their preferences is t
embedded in the deep learning model. In [79], a collaborative filtering
approach, called DeepMF, which combines deep neural networks with
matrix factorization is introduced for improving both the predictions
of end-users’ preferences and the provided recommendations. In this
context, DeepMF applies an iterative refinement of a matrix factoriza-
tion paradigm based on multilayer architecture, in which the acquired
knowledge from a layer is used sequentially as input for the following
layer, and so on.

M8. Classical optimization is proposed in addition to learning-
ased recommender systems to achieve an optimal energy usage in
ouseholds and other kinds of buildings. Indeed, an essential part of
he literature review is based on classical optimization techniques,
hich can (i) provide relevant recommendations to both end-users and
nergy providers; and (ii) reduce wasted energy automatically through
ontrolling energy demand and electrical devices [80,81]. For example,
n [82], the authors propose an energy optimization approach, which
ims to predict the amount of energy used by the heating and cooling
ystems in a set of commercial or institutional buildings. Following,
he potential impacts of various energy saving measures based on
arameter optimization are investigated before recommending tailored
ctions to optimize energy consumption. Similarly, in [83], Rocha et al.
iscuss the potential of energy saving in buildings using efficient energy
nd policy measures. Accordingly, an optimization model that mimics
smart building energy management system is developed through the

ggregation of the decisions on heating and cooling systems operations
ith decisions on energy demand. Moving forward, an optimization
nd ontology-driven multi-agent recommender system is introduced
n [84] to reduce wasted energy. It can monitor and optimize energy
sage within an integrated home/building and/or microgrid systems
sing different renewable energy resources and controllable loads. In
his regard, several agents are developed and integrated together with
he aim of improving their cooperation and optimizing the operation
trategy of the whole energy system.

In [85], in order to optimize energy saving and guarantee a perfect
hermal comfort of the end-users, the uncertainties due to outdoor
eather conditions, building parameters and human behaviors are thor-
ughly modeled. Following, an adaptive economic dispatch approach is
ntroduced, which is based on conducting a thermal comfort manage-
ent process using a two-step algorithm. Similarly, in [86], aiming at

educing energy demand uncertainties and energy bills in households
nd small public buildings, a two-step energy monitoring framework is
roposed. Specifically, uncertainties due to energy demand variations
nd prediction errors of renewable generation are detected before
enerating appropriate recommendations to reduce wasted energy.
oreover, in [87,88], energy usage optimization is conducted by fore-

asting the heat and moisture transfer, which directly affect the indoor
limate and the overall thermal performance of buildings.

In [89], reducing wasted energy in various buildings is ensured by
ptimizing the consumed energy taking into consideration the abrupt
hanges produced by the rooftop solar generation and the real-time
rice of energy. Accordingly, a novel parameter called the load crit-
cality rate has been deployed, which represents the threshold value
pplied by each building occupants to their power consumption. Fur-
hermore, the energy reduction task is considered as a stochastic,
ulti-objective optimization issue. While in [90], an analytical model

hat describes thermal dynamic characteristics of district heating net-
orks in buildings is developed to optimize energy consumption while
eeping an acceptable comfort level of the end-users.

.3. Computing platforms

Aiming at bridging the gap between development and implementa-
ion of energy efficiency recommender systems, this section presents

he main computing solutions that can be utilized, as a standalone
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solution or in an integration of various ones, to implement these
systems.

P1. Cloud computing relies on the use of cloud infrastructure prin-
ciples to provide reliable and scalable methods to solve resource-
intensive computational issues [91]. The employment of cloud-based
services and solutions in home automation and building energy mon-
itoring has been widely and globally popular. The cloud computing
model facilitates a broad variety of processing applications, exploits the
potentials of IoT and leverages IoT processing restrictions by moving
the most demanding parts such as deep learning algorithms [92] to the
cloud. The main challenge for cloud computing solutions remains to be
the privacy of IoT data [93] that are transferred and processed on the
cloud platform.

P2. Edge computing receives increasing attention although transmit-
ting data to the cloud for processing has become a central topic in
recent decades, pushing cloud computing as a prevailing model in
computing [94]. In effect, the rapid growth in the amount of devices
and data traffic in the age of IoT puts major hurdles on the capacity-
limited Internet and on unregulated service delays. Through utilizing
cloud storage alone, it becomes impossible to fulfill the delay-critical
and context-aware service specifications of IoT apps. Met with these
problems, computing paradigms are moving from clustered cloud com-
puting to dispersed edge computing. Edge computing allows some of
the data processing to be done on the device (i.e. the edge) to lift some
of the burden off the cloud server [95–97] and guarantee privacy, grace
to the decentralized processing.

P3. Fog computing has been recently used for developing distributed,
low-energy recommender systems based on IoT architectures. Their
main applications are in the domains of healthcare [98], banking [99],
or information brokerage [100]. Despite the many advantages of fog
computing, which comprise low latency, privacy, uninterrupted service
and location awareness, there is still no application that combines fog
computing with energy efficient recommendations.

P4. Hybrid edge–cloud approaches stand between cloud and edge
computing, and their primary aim is to increase the flexibility of IoT
systems by moving data processing from the edge to the cloud and
vice-versa, depending on the system constraints [101]. For example,
when a small dataset is at use, hybrid systems decide to offload it to the
edge device for rapid processing and for reducing the communication
overhead, while in more demanding situations, data are pushed to the
cloud in order to get more efficient results. Also, employing an edge–
cloud architecture can help distribute computations between the edge
and cloud for performance optimization [102]. This flexibility of hybrid
approaches creates new, out-of-the-box possibilities for more powerful
yet resource-efficient IoT solutions.

3.4. Evaluation metrics

Modeling a recommender system that fits the need of the busi-
ness/initiative, encompasses an evaluation phase that tests the recom-
mender’s capabilities to the limits. A recommender system suggests
items (or actions) to the users, based on their own expected preferences.
Several metrics have been devised for this purpose that allow system
performance evaluation in predicting and providing sensible recom-
mendations that fit a given scenario. Among the long list of metrics that
can be used for the evaluation of provided recommendations [103,104],
we highlight those metrics that we see relevant to an energy efficiency
recommendation system.

E1. Rating accuracy measures the deviation between the predicted
and the actual ratings assigned by a user to each recommended item.
The simplest and most popular error are Mean Absolute Error (MAE) and
Root Mean Square Error (RMSE) [105], which are defined as follows:

𝑀𝐴𝐸 = 1
|𝑅̂|

∑

̂
|𝑟𝑢𝑖 − 𝑟̂𝑢𝑖| 𝑅𝑀𝑆𝐸 =

√

√

√

√

1
|𝑅̂|

∑

̂
(𝑟𝑢𝑖 − 𝑟̂𝑢𝑖)2 (1)
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𝑟̂𝑢𝑖∈𝑅 𝑟̂𝑢𝑖∈𝑅
here 𝑟𝑢𝑖 is the actual rating of user 𝑢 for item 𝑖 and 𝑟̂𝑢𝑖 is the predicted
ating.

2. Ranking accuracy assumes that items are ranked in a decreasing-
ating order for each user and only the top items are presented. So,
hey evaluate the similarity in the order of rated items, providing a
ore robust evaluation method than MAE or RMSE. Pearson (𝑐) and

pearman (𝜌) correlation coefficients measure the linear relationship
etween two (parametric/non-parametric) variables, as defined by the
ollowing equations:

𝑐(𝑥, 𝑦) = 1
𝑁 − 1

∑𝑁
𝑖=1(𝑥𝑖 − 𝑥̄)(𝑦𝑖 − 𝑦̄)

𝑠𝑥 𝑠𝑦

𝜌(𝑢, 𝑣) = 1
𝑁 − 1

∑𝑁
𝑖=1(𝑢𝑖 − 𝑢̄)(𝑣𝑖 − 𝑣̄)

𝑠𝑢 𝑠𝑣

(2)

here 𝑥𝑖 and 𝑦𝑖 are the 𝑖th elements in the variables of interest, and 𝑥̄
nd 𝑦̄ are the sample means. Similarly, 𝑠𝑥 and 𝑠𝑦 represent the sample
tandard deviation for a sample of size 𝑁 . 𝑢 and 𝑣 are the ranked
ariables counterpart of 𝑥 and 𝑦. The values vary between −1 and
where the former exhibits a strong negative relation between two

ariables, and the latter being a positive one. A value of 0 indicates the
bsence of any linear relationship.

Such metrics can evaluate the recommender system as a whole,
egardless of the used rating scale [106]. They enable developers to
ssess the recommender’s ability to provide ratings for energy sugges-
ions that are consistent with existing users’ ratings, thus, evaluating the
uality of the given suggestions. According to an experimental work
one by [107], both Pearson and Spearman produced quite similar
esults, thus, being redundant if both used. Therefore, one can only use
ither in the context of recommender systems.

3. Information retrieval metrics, such as precision, recall, and F1
core, are among the most relevant metrics that can be used in rec-
mmendation systems context with slight modifications. Since the item
atings are usually in a 1–5 scale, a threshold value 𝑇 is used to convert
n absolute rating to a binary prediction that classifies whether the item
s relevant or not [106].

The metrics are depicted in Eqs. (3)–(5). In the context of recom-
ender systems, true positive (TP) indicates that the recommended

nergy saving action is relevant within the user context, or has been
ccepted by the user, while false positive (FP) means that the recom-
ended action is irrelevant. On the other hand, false negative (FN)

ndicates that the recommender system failed to recommend an energy-
fficient action, that was actually performed by the user, and lastly, true
egative (TN) refers to a system that does not provide energy-efficient
uggestions when the context does not demand one.

𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(3)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(4)

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

= 2𝑇𝑃
2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(5)

To elaborate further, if an excessive energy consumption is detected,
multiple recommendations can be relevant to reduce the energy con-
sumption. For instance, if a television or a room’s lighting were left
on, while no one is in the room, the recommender system advising to
turn-off either the television or the room’s lighting would be relevant
(i.e. TP) to reduce household’s energy consumption. On the other hand,
FP would be suggesting to turn-off either the television or the lighting
in a room where someone is currently within.

E4. Serendipity and freshness measure the novelty and variability of
items recommended to the users in an effort to avoid recommending

the same items again and again. Serendipity measures the amount
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of surprise an accepted action generates for a user [103]. As if the
recommender system is informing the user about a new piece of infor-
mation accompanying an action, which is relevant but he/she has not
heard about before. From this perspective, a distance metric adapted
from [103], defined by Eq. (6), is utilized to check the serendipitous
virtue of the recommender system. It calculates the distance between
a suggested action 𝑎 and a set of previous suggestions 𝐴 that the user
considered. 𝑛𝐴, 𝑐 is the number of suggested actions within the same
roup 𝑐 ∈ 𝐶 in 𝐴, 𝑛𝐴 is the maximum number of suggested actions

from a single class 𝑐 in 𝐴, and 𝑐(𝑎) is the class of action 𝑎.

𝑑(𝑎, 𝐴) =
1 + 𝑛𝐴 − 𝑛𝐴, 𝑐(𝑎)

1 + 𝑛𝐴
(6)

Eq. (6) estimates the distance a recommender system accumulates
or a list of suggested actions. As an example, imagine a user 𝑖 was
ubjected to a list of actions 𝐴 throughout a certain period. By dividing
his set to two subsets of suggested observed actions 𝐴𝑖

𝑜 and hidden
ones 𝐴𝑖

ℎ, the 𝐴𝑖
𝑜 can be utilized by the recommender system to generate

nergy-efficient action suggestions. Now, if the recommender is asked
o generate 10 actions, we would like the recommender to suggest
alid and relevant suggestions to the user 𝑖, which are NOT in the 𝐴𝑖

𝑜
set, thus, increasing the system’s serendipitous virtue. This is measured
by calculating the distance score 𝑑(𝑎, 𝐴𝑖

𝑜) for each 𝑎 ∈ 𝐴𝑖
ℎ, where the

score will be reduced if actions from the same class as 𝑎, depicted
in 𝑐(𝑎), are numerous, i.e. 𝑛𝐴, 𝑐(𝑎) is large. It is worth noting that, in
a sense, serendipity battles the accuracy of the recommender system,
thus, it is important to periodically check the relevance of suggested
actions, as users can refrain from using the recommender system if it
kept suggesting irrelevant ones [103].

Freshness, on the other hand, indicates the recommender capabil-
ity in suggesting new recommendations each time the user interacts
with [108]. However, since the given actions to reduce energy con-
sumption are limited by nature in small households, it is possible to
adjust the definition such that the same action is not recommended in
a matter of few hours/days. Thus, Eq. (6) can be revisited and utilized
every 𝑘 hours/days to ensure that an action 𝑎 was minimally suggested
in the previous 𝑘 hours/days.

E5. Acceptance ratio (AR) aims to quantify the agreement that a
certain user exhibits to energy efficiency suggestions provided by the
recommender system. In numbers, the ratio allows the recommender
system to understand the underlying probability of accepting the sug-
gestions it provides, either on a holistic-level, or for a certain en-
ergy efficiency suggestion, e.g. turning off the air conditioner, as seen
in Eq. (7).

𝐴𝑅 = 1
𝐶

𝐶
∑

𝑐=1
𝐴𝑅𝑐 𝐴𝑅𝑐 =

1
𝑀

𝑀
∑

𝑖=1

𝑎𝑖,𝑐
𝑟𝑖,𝑐

(7)

where 𝑟𝑖,𝑐 is a recommendation and 𝑎𝑖,𝑐 is either 0 or 1 depending
on whether the recommendation 𝑟𝑖,𝑐 is accepted. 𝑀 is the number
of recommendations per energy efficiency suggestion belonging to the
same group 𝐶.

The importance of this metric prevails when the recommender
decides to send a suggestion, where it helps in answering the question:
Which energy saving suggestion should the recommender system send,
an extreme energy saving suggestion with low acceptance rate, or a
moderate one with high acceptance rate?

E6. Other metrics aim to evaluate: (i) the Coverage of recommen-
dations in terms of the item or user space, which means that the
recommender systems must suggest all possible actions and recommend
actions to all users, (ii) the Confidence of the system in its recommen-
ations, (iii) the Trust of users to them, (iv) the Utility, (v) the Risk, (vi)

the Robustness and many more [36].
8

3.5. Incentive measures

Aiming at increasing the acceptance ratio of energy saving rec-
ommendations, recommender systems should provide the user with
incentives, to encourage and motivate them in promoting more sus-
tainable energy behaviors. In this context, several incentives have
been deployed in energy efficiency recommendation systems, such as
feedback rating, green currency and social comparison.

I1. Feedback rating is of significant importance, because it can show
the end-users’ satisfaction regarding the delivered recommendations
[109,110]. Therefore, gathering feedback ratings helps to efficiently
adapt the recommendations to the users’ preferences and interests,
and thereby results in a substantial contribution to deliver sustainable
reductions in energy consumption.

I2. Green currency is tightly coupled with the rapid development
and prevalent use of blockchain and cryptocurrencies. The energy
research community has also inspired the creation of green and/or CO2
coins, which can be used as motivation towards energy efficiency. For
instance, in [111], end-user engagement is promoted via the adoption
of monetary rewards, named CO2 credits, in recognition of energy
savings and effective achievements.

I3. Social comparison has recently been adopted in various recom-
mender systems with different applications (e.g. tourism and travels,
movies, e-commerce, e-learning, healthcare, etc.). In the energy effi-
ciency scenario, social comparison aims to motivate electricity saving
in households [112]. This research area relies on the use of fundamental
theories of social psychology which can teach us on how to encourage
end-users to preserve energy by recommending individuals with better
profiles as a Refs. [113,114]. More specifically, normalized comparison
modules (that perform consumer rankings) are incorporated in the eco-
feedback tools, in order to help end-users to compare their energy usage
patterns with those of their peers and neighbors. The effectiveness
of this incentive mechanism comes from the fact that end-users are
highly influenced by engagements and rankings of their peers on social
networks [115,116].

All in all, Table 1 summarizes the characteristics of the recent and
relevant energy efficiency recommender systems. It highlights their
advantages, and outlines the main information about their taxonomy,
which could be extracted from the overview conducted above.

4. Critical analysis and discussion

First of all, based on the overview of existing energy efficiency
recommender systems conducted above and by analyzing the summary
in Table 1, it has been clearly demonstrated that most of the frame-
works have been implemented using cloud computing. This is due to
its different advantages, among them is its flexible lease and release of
computing resources as per the end-user’s requirement [121]. However,
cloud computing has other issues, such as the privacy preservation
problem, which could be occurred whenever the data may outbreak the
service provider and the information could be deleted purposely [122].
Additionally, technical issues could also occur due to the fact that
servers could be down, and hence, it becomes hard to gain back
access to the needed resources/data at the right moment and from
anywhere. For instance, non-availability of services could be a result
of a denial-of-service attack (DoS) [123].

Furthermore, it is worth noting that most of the recommender sys-
tems have been used to polish energy consumption behaviors in house-
holds while there are also other frameworks that discussed their utiliza-
tion in commercial buildings, work spaces and other types of public
buildings (e.g. hotels and hospitals). While for the objectives of the
recommender systems, almost the same attention has been given for de-
veloping both action recommendations and strategy recommendations

in existing energy saving recommendation systems frameworks.
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Table 1
Summary of the relevant energy efficiency recommender systems proposed in the literature.

Framework Type of RS Advantages Computing
platform

Objective Application
environment

Pinto et al. [40] M1 Recommend operational light intensity satisfying users’ comfort P1 O1 Households
Kaur et al. [41] M1 Predict energy consumption ratings and offer personalized recommendations P2 O2 Households
Schweizer et al. [47] M1 Learn the energy usage habits and interests of consumers P1 O1 Households
Zhang et al. [52] M2 Generate tailored recommendations following predicted ratings of energy usage P1 O2 Households
Zheng et al. [53] M2 Provide appliance-level consumption recommendations P3 O2 Households
ReViCEE [46] M2 Predict collaborative recommendations of light preferences of end-users P4 O1 Households
Garcia et al. [117] M2 Produce tailored advice on end-users’ activities similar scenarios P1 O2 Households
Shigeyoshi et al. [58] M3 Produce contextual based advice with social experiment ratings P3 O2 Households
Luo et al. [118] M3 Tailored recommendations with textual appliance advertisements P1 O2 Households
Wei et al. [44] M3 Provide move and shift-schedule recommendations P1 O1 Commercial

buildings
REHAB-C [119] M3 Tailored recommendations with feedback on end-users’ preferences P2, P3 O2 Academic

buildings
Starke et al. [60] M4 Provide Rasch profile based recommendations of end-users’ behavior P3 O1 Households
Starke et al. [61] M4 Generate Rasch profile recommendations based on a social experiment P3 O1 Households
Li et al. [64] M5 Provide tailored recommendations to support the use of renewable energy solutions P1 O1 Work spaces
Wei at al. [45] M5 Optimize power consumption using human-in-the loop model P1 O2 Commercial

buildings
Bravo et al. [120] M6 Create energy saving recommendations based on electricity price P2 O1 Households
Aiello et al. [74] M6 Fuse contextual information, mathematical formulation and experts’ knowledge P2 O1 Public buildings
Kiran et al. [78] M7 Alleviate the cold start issue P1 O2 Households
Pinto et al. [79] M7 Improve predictions of consumers’ preferences and recommendations P3 O2 Public buildings
Rocha et al. [83] M8 Decision aggregation of heating and cooling systems operations with energy demand – O2 Public buildings
Anvari et al. [84] M8 Multi-agent based optimization P1 O2 House-

holds/public
buildings
On the other hand, recommender systems for energy efficiency
ace other difficulties and issues, which need to be overcome while
eveloping reliable solutions. In this section, we focus on introducing
hem along with discussing the commercialization potential of energy
aving recommender systems and related issues, i.e. identifying the
ain market barriers and market drivers [124].

.1. Limitations and difficulties

Although there has been a significant progress in developing rec-
mmender systems as discussed above, various issues that hinder the
stablishment of effective recommendation engines still exist. The most
ritical problems and difficulties that exercise a negative impact can
e summarized as portrayed in Fig. 4. Explicitly, it outlines the main
ifficulties and commercialization issues discussed in the context of
nergy saving recommender systems.

.1.1. Data sparseness
Recommender systems are mainly based on the analysis of historic

onsumer data, which usually comprise few customer demographics
nd mainly customer ratings for items (or actions). Because a consumer
ay only rate a small number of the actions that are available on the

ecommendation platform, this leads to a sparseness on the ratings for
ome actions or users [125,126]. Explicitly, this results in producing
nreliable recommendations, which in turn could reduce consumer
atisfaction [127].

.1.2. Cold start problem
This issue refers to the lack of data (i.e. ratings) for new consumers

r new actions. The problem is more acute in the start of the recommen-
ations generation process, when the platform still has a few consumers
nd limited information about their preferences [128]. Explicitly stated
ser preferences can be used to enhance customer profile, and user
imilarity metrics can be used to assign newcomers to existing customer
lusters with similar preferences. Another problem occurs in systems
hat refresh their catalog of items or actions. When a new action is
dded as an option to the system, it does not have any ratings yet, so
ollaborative methods cannot recommend them. Therefore, this leads to
he fact that an action cannot be recommended easily, and hence, less
9

likely to be noticed by consumers [129,130]. Probabilistic techniques
that recommend new items with lower probabilities and rule-based
recommenders can be used in place, to tackle the cold start problem.

4.1.3. Lack of benchmark datasets
Due to the large variability in the type of buildings and the respec-

tive objectives for energy savings, when developing a recommender
system for this purpose, it is of utmost importance to use energy
consumption datasets form different environments (e.g. households,
commercial buildings and industrial areas) to evaluate the developed
systems and efficiently generate personalized recommendations. In this
regard, datasets are utilized as benchmarks for developing new recom-
mender models and comparing them to existing systems under the same
conditions. Therefore, datasets play a major role in the creation of suc-
cessful recommendation systems, and most of the effective and robust
recommender systems are those built upon large-scale datasets includ-
ing big amounts of consumers’ data [131]. However, for the energy
sector, another important issue that impedes the generation of efficient
recommendations is the absence of appropriate datasets along with the
difficulties encountered to collect them. Moreover, the lack of open-
access repositories containing existing datasets make the recommender
systems comparison very difficult, or even impossible [132,133].

4.1.4. Lack of reproducibility of results
As presented in Section 3.2, various recommender systems have

been developed and utilized for generating energy saving recommen-
dations. However, the comparison of their efficacy is a daunting task
since the assessment results could hardly be reproducible due to the
absence of toolkits that support such tasks [134]. Explicitly, the actual
issues that hinder reproducing recommendation systems results had put
recommender system community in a problematic situation [135,136].
Researchers and developers (who require effective recommender al-
gorithms and baselines against which to compare novel approaches)
usually obtain very limited guidance in existing research and develop-
ment sources [137]. In this line, to alleviate these issues and enable
reproducibility, recommendation systems community needs to (i) re-
view other research topics and inspire from them; (ii) establish a
common definition of reproducibility; (iii) capture and comprehend
the decisive factors that impact reproducibility; (iv) perform more
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Fig. 4. A summary of limitations and difficulties of energy saving recommender systems.
xtensive experiments; (v) promote developing and using recommender
rameworks; and (vi) launch experimental platforms that includes re-
ent state-of-the-art algorithms and datasets and establish best-practice
uidelines for recommendation system research, which will also ensure
fair comparison among systems [138,139].

.2. Commercialization of developed solutions

.2.1. Market drivers
Energy conservation and energy security have been big concerns

n recent years. Energy deficiency does not only affect the economy,
ulture and development of the world, but also results in global warm-
ng. This is why recommender systems play an imperative role in
ransforming end-user behavior towards improved energy efficiency.
herefore, it is of fundamental importance to investigate the main
arket drivers that will force the incorporation of energy-efficient

nd cost-effective technology, and to perform activities that help in
ontrolling the decision-making process for energy efficient buildings,
hus, providing an incentive for energy conservation [140]. An im-
ortant driver is the EU energy and climate package [141] for the
ear 2030 that includes the goals of 40% reduction of greenhouse gas
missions (compared to 1990 levels), and 27% increase of renewable
nergy sources (RES) in the EU-27 energy mix (today 6.5%) and 27%
itigation in the primary energy consumed (saving 13% compared

o 2006 scales). These goals have led the inception of many energy
fficiency research initiatives, some of which incorporate recommender
ystems [68].

A global driver, that is derived from the same incentives, is the
trategic decision, made by the top management of several firms, to
omply with the new energy saving plans. Such decisions include
nergy reductions within the firm itself, optimizations of the products’
nd/or services’ production pipeline, and efforts to reduce the overall
arbon footprint. The TARHSEED initiative, is a bright example: the
overnmental initiative’s aim to raise awareness on energy saving
ctivities and reduce unnecessary energy usage in the country as a
hole [142,143], has been boosted by several advertising initiatives,

tandards and competitions, which motivated both individuals and
orporations to optimize their energy efficiency.

.2.2. Market barriers
The technology readiness level (TRL), the compatibility (i.e. how

easible it is to integrate it with existing systems), and the business
odel behind a technological solution are crucial factors in its ability

o change its target market. The same factors hold for energy saving
ecommender systems and affect their impact to the energy market
andscape. The global energy landscape is changing, driven by the need
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o reduce emissions and increase the security of supply while increasing
the intermittent renewable energy in the energy mix. In this new
landscape, the increasing power consumption requires maintaining the
power grid reliability, regulating electricity flow with less mismatching
between electricity generation and demand and reducing the energy
footprint. The optimization of scheduling, the improvement of energy
quality and assets efficiency, the integration of dynamic pricing and
the incorporation of more renewable electricity sources are among the
continuous challenges of the traditional energy grid.

For a recommender system to penetrate the market and establish
its presence, there is a number of market barriers to consider. First,
technical barriers present a major milestone in adapting recommender
systems in mainstream products and services. Namely, there is a dis-
crepancy between the different evaluation standards of recommender
systems, i.e. there is no unified standard for objective benchmarking.
Moreover, the lack of comprehensive datasets impedes the progress in
creating powerfully dynamic recommenders.

From a legal standpoint, several market barriers exist, which in the
context of energy efficiency, comprise a number of regional standards
and regulations for residential and industrial energy consumption.
For example, in Greece, the Transposition of the European Directive
2009/28/EC was established in 2010. In order to acquire a new permit
to build in 2011, it is either appropriate to obtain an annual solar
percentage of 60% for the development of hygienic hot water from solar
thermal systems or to explain technological challenges in the event
of non-compliance. This, in turn, puts additional obstacles towards
commercializing recommender systems as they have to comply with
many standards to obtain international recognition.

5. Current challenges and future orientations

The focus in this section is to provide insights on where the actual
energy recommender systems research is heading to as well as the
related challenges attracting considerable R&D in the foreseeable and
far future. Specifically, Fig. 5 summarizes the current challenges and
future orientations of energy efficiency recommender systems, which
have been addressed in this framework.

5.1. Current challenges

5.1.1. Explainable AI & recommender systems
The recent success of machine learning (ML) techniques in solving

daily prediction or classification tasks has dramatically influenced the
number of applications that adopt ML models, using them as black
boxes that makes them difficult to understand by the end-users [144].
The ability of an ML model to ‘‘explain itself and its actions’’ to

the users is considered to be an emerging important factor for the
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Fig. 5. Current challenges and future orientations.
Fig. 6. The transition to explainable AI.
current modern AI applications transitioning to modern explainable AI
models [145,146], as depicted in Fig. 6.

In general, there are five key concepts that can describe each rec-
ommendation task and are referred to as ‘‘the five Ws of recommenda-
tions’’: 𝑊 hen, 𝑊 here, 𝑊 ho, 𝑊 hat and 𝑊 hy [147]. The fiveWs usually
represent the time-driven recommendations (when), location-driven
recommendations (where), their social component (who), application-
driven recommendations (what), and their explanations (why), respec-
tively.

Following the emergence of explainable AI, the goal of ‘‘Explainable
Recommendation Systems’’ is to offer helpful suggestions to consumers,
accompanied by explanations that generally relate to the reasons for
providing these recommendations or the advantages of selecting the
suggested alternatives [148,149]. The key contribution of these rea-
sons is that they will boost the system’s persuasiveness, customer
comprehension and happiness and offer an instant reward to the user.

Latest work on explanation-driven recommendations is centered
around two core aspects: (1) the type of explanations generated (e.g.
textual, visual, etc.); and (2) the employed algorithm or model to
generate the explanation, which can be loosely classified as matrix fac-
torization, subject modeling, graph-driven, deep learning, knowledge-
graph, interaction rules, and post-hoc models, etc. [147]. Explainable
recommendations, classified by the nature of explanation produced, are
enumerated as follows:

• User-based and item-based explanations: This is a traditional
type of explanation based on user’s feedback and is expressed
as a statement of similarity among the system’s different users
(in the case of user-based) or items (in the case of item-based
recommendations).

• Content-based explanation: This type is solely based on the
item’s feature space (e.g. for book recommendations the book
type, the writer, etc.).

• Textual explanations: In the textual explanations, the recom-
mendations include explanation sentences that may be based on
other users’ reviews or natural language processing techniques.

• Visual explanations: Visual explanations utilize item images for
explainable recommendations indicating the part of the image
that matches the item images that the user might be interested
in.
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• Social explanations: These explanations refer to items that user’s
‘‘friends’’ in the social networks or in a specific community also
prefer.

• Hybrid explanations: Hybrid explanations refer to combinations
of one or more of the previous types of explanations.

Focusing on energy saving recommender systems, currently we
identify the lack of recommendation systems in the area of energy
sustainability, which adopt the recent trends of explainable AI. Recent
surveys like [150] try to overview existing methods to set the cur-
rent research issues related to the explainable recommendations. For
instance, [151] proposes a deep explicit attentive multi-view learning
architecture for modeling multi-level characteristics of explanations,
or the framework in [152] that examines another scheme to create
a set-based recommendation platform to generate textual and trans-
parent explanations of film recommendations. Aiming at developing a
knowledge-based scheme to create explainable item recommendations,
a technique to leverage external knowledge is proposed in [153], which
is based on adopting knowledge graphs when information from content
and product/item reviews is unavailable for generating explanations.
Interpretable models, are based on transparent processes to decide the
recommendation lists, hence, it is easier for generating appropriate
explicit feature-level explanations to justify the reasons behind the
recommender’s suggestion for particular items [154]. Following the
same scenario of graph-based models, He et al. in [155] introduce a
technique that could rank the vertices of a tripartite graph and furnish
explanations for the top-ranked, aspects-target, and user-recommended
item triplets. By contrast, in the field of energy saving and recom-
mendations for energy-related behavior, there is limited literature that
elaborates on the rules of producing a particular recommendation.
Authors in [156] propose a user-centric and visual analytics approach
for developing an interactive and explainable forecasting and analysis
of electric power demand in prosumer settings. Moreover, it has been
advocated that this would be endorsed by behavioral analysis to enable
the treatment of possible relationships between energy usage footprints
and the interaction of prosumers with energy analysis tools, including
customer portals and recommendation systems.

5.1.2. Psycho-cognitive recommender systems
Most of the actual tailored energy recommender systems are, by
and large, limited in terms of effectiveness [157]. To improve their
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performance, the incorporation of cognitive and behavioral knowl-
edge, is essential, where tailored recommendation frameworks can be
friendlier and more human-centric [158,159]. Thus, this results in
eventually enhancing users’ experience and loyalty and increase their
satisfaction. To that end, more effort should be established in this
direction aiming at developing psycho-cognitive method recommen-
dation systems that generate personalized energy saving actions and
advice based on consumers’ preferences, emotional states and centers
of interest [160,161].

Accordingly, psycho-cognitive recommender systems are new intel-
ligent recommender systems that help in (i) comprehending end-users’
preferences; (ii) detecting changes in end-users’ habits and attitudes
through time; (iii) predicting end-users’ unknown choices and behav-
ioral change; and (iv) investigating adaptive techniques for generat-
ing intelligent recommendations within a changing environment [162,
163]. All these tasks mixed together could improve end-users’ behaviors
and increase their awareness towards a more sustainable and energy-
efficient usage [164,165]. A typical representation of psycho-cognitive
recommender system is illustrated in Fig. 7, in which three important
mechanisms called knowledge-driven, cognition-driven and data-driven
are used to develop a psycho-cognitive recommendation framework.

The same category also includes recommender systems that build on
persuasiveness in order to maximize acceptance [166]. In some cases,
the messages sent to the user are also personalized to match user’s
preferences and values [24]. Active learning is a key component in such
approaches because it allows the system to continuously adapt to the
changing user needs and demands [167].

5.1.3. Privacy preserving recommendations
The preservation of user privacy is a key requirement in several

recommender systems, especially in online social communities. Several
techniques have been proposed in the past, ranging from k-anonymity,
to differential privacy and homomorphic encryption. This kind of
frameworks could be split into three main groups: (i) perturbation-
based techniques that introduce noise to the existing data [168],
without affecting the final recommendation result; (ii) encryption-
based schemes that transform the original information within the main
recommendation technique (e.g. within the matrix factorization com-
ponent [169]); and (iii) techniques that develop novel matrix factor-
ization algorithms under local differential privacy (LDP) [170]. In the
case of content recommender systems, group-based approaches [171]
implement the principles of k-anonymity in order to maintain rec-
ommendation efficiency without affecting user privacy. Similar chal-
lenges are set for navigation solutions that rely on crowd-sourced data
collection [172].

Another essential challenge in privacy-preservation is
servers-related, and tackles their features, especially when they are un-
reliable (untrusted) or comprise security weaknesses (vulnerabilities),
and thereby collecting consumers’ feedback may result in cyber liability
owing to data leakage [173]. Early works in the privacy of consumer
data in electric load monitoring applications [174] mostly focus on
non-intrusive monitoring techniques to combat potential invasions of
privacy [175]. Later works minimize the amount of collected refer-
ence data through sampling. For example, in [176] authors remove
redundant energy traces, which do not contribute new knowledge to
the recommender system.

To the same direction end, privacy-preserving recommendation ap-
proaches aim at preserving consumers’ privacy through hiding their
rating feedback from servers and/or other consumers [177,178]. Fig. 8
presents a typical representation of an energy saving recommender
systems. It illustrates what are the sensitive information that need
to be encrypted before submitting them to the recommender sys-
tem’s server, such as energy consumption data (provides the intruder
with information about the presence/absence of the end-user in his
household), end-users’ feedback and ratings and private information
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(personal data, location, number of end-users, etc.) [179,180]. After
storing and processing collected data, the recommender system en-
crypts the generated recommendations before sending them to the
targeted end-user. Moreover, end-users could collaborate with each
other to compute action similarity using their private keys. On the other
hand, with the arrival of the blockchain technology, new opportunities
have been opened up to develop a novel generation of recommender
systems that can overcome the privacy-preservation issues and protect
consumers’ data [181,182]. For example, Bosri et al. propose Private-
Rec, which is privacy-preserving recommender system using AI and
blockchain [183]. Explicitly, blockchain has been used to provide the
end-user with a secure mechanism using the distributed attribute where
data could be exchanged with the required permission. While in [184],
blockchain is deployed as the backbone of a decentralized recom-
mender system, in which a secure architecture has been introduced
using decentralized locality sensitive-hashing classification along with
recommendation generation.

5.1.4. Time-aware recommendations
The concepts of time-aware and concept-aware recommendations

have been widely discussed in the recommender systems’ community.
From the early works on movie recommendations [185], to the more
recent works on time-aware point-of-interest recommendations [186,
187], several frameworks for modeling, computing and presenting
time-aware recommendations have been proposed in the general do-
main [188,189].

Recommender systems for the energy sector differ highly from
those used in other research topics. Explicitly, most existing models
concentrate on recommending energy saving actions that fit consumers’
preferences while putting a slight importance on the temporal informa-
tion and its influence on the recommendations [190]. In this respect,
we assert that further attention should be paid for time-aware recom-
mendations in energy saving applications in buildings to push them
into the foreground [191,192]. This kind of recommendations is more
appropriate to emergency situations, e.g. the case of the Coronavirus
COVID-19 pandemic, where real-time and time-aware recommenda-
tions should be provided according to the current situation. Explicitly,
due to the mass restrictions imposed on people’s movement, the rise
of teleworking and online learning has led to an increase of energy
consumption in domestic buildings [165,193]. On the other side, with
the widespread use of ML tools, using deep learning models would be a
promising approach to develop recommender systems that encompass
contextual information into neural collaborative filtering recommender
frameworks [194,195].

5.1.5. Large-scale recommender systems
As we are in the big data era, modern energy saving recommenda-

tion systems face tremendously increasing data volume and complexity
due to the use of a massive number of connected devices. Traditional
computation algorithms and experiences on small datasets may not
be efficient today. Therefore, developing robust recommender systems
that is capable of processing large-scale data, is becoming a challenging
endeavor for several applications. Authors in [38] provide an interest-
ing survey on the challenges and solutions for recommender systems for
large-scale social networks. Big data, variety, and volume are the three
major challenges for recommender systems in large social networks,
which bring state-of-the-art collaborative filtering algorithms to their
limits. Additionally, the large volatility of social network data (e.g. new
users and items added or removed on a daily basis) has raised the
interest for new evaluation metrics, that promote recent [196] and
diverse [197] entries (e.g. diversity, freshness, serendipity, etc.) and
tackle the cold start problem.

From the ML and deep learning perspective [198], graph convolu-
tional methods are gaining the researchers’ interest [199], since they
can summarize the graph structure of social networks and combine
it with the lateral information that may be hidden in the items or in

the relations among them. Compact latent factor models that combine
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Fig. 7. Typical representation of a cognitive recommender system for energy saving.
Fig. 8. A typical privacy-preserving recommender system based on encryption and collaborative filtering.
content with ratings [200] prove to be more efficient than simple
collaborative filtering algorithms in tackling the cold start problem.
In order to balance the exploration–exploitation dilemma (exploit in-
teresting items while exploring new items) and continuously capture
user feedback without relying on item context, multi-armed bandit
approaches [201–204] have been recently proposed.

In order to solve the technical issues that may arise from the
scalability of recommender systems in large datasets, several parallel
and distributed algorithms have been proposed, which either rely on
the splitting of the dataset, using social or other information [205,206]
and its parallel processing, or on the refactoring of existing algorithms
in order to take advantage of the use of graphical processing units
(GPUs) [207–209]. The issue of big data handling has also been studied
in the domain of energy efficient recommender systems for recommend-
ing energy plans [210], providing actionable recommendations [157]
or improving comfort and energy efficiency in tandem [211]. The
13
solutions discussed so far in the pertinent literature focus on data
sampling or compression.

5.2. Future orientations

This section highlights the most promising research directions that
will have a significant impact on improving the effectiveness of energy
saving recommender systems in the near future.

5.2.1. Explainable recommender systems
As described before, increasing the user’s trust and transparency to

the system is an important concept in modern ML models and also
a tool for maximizing the recommendations’ acceptance in modern
recommender systems. Thus, in the field of recommender systems for
energy saving, the system has to accompany every recommendation for
an energy saving action with:
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(i) an explanation of why this particular advice is suggested
(ii) a statistical fact on what are the benefits following the recom-

mended action

Hence, we have introduced the (EM)3 explainable recommender sys-
em for energy efficiency,3 and described the two most essential char-
cteristics that recommendation explainability is based on, as depicted
n Fig. 9 [119,212]:

(i) Reasoning: This feature explores the context of global recom-
mendations and seeks to provide thorough justification of why
each recommendation has been made. It may be metadata of the
end-user context (e.g. the end-user is not present in the room),
about the device consumption (e.g. it is turned on for a long time)
or about the external circumstances that cause the appliance to be
switched off.

(ii) Persuasion: This aspect draws on end-users’ expectations, moti-
vations and long-term values, and adopts their ratings to pick the
most suitable and relevant explanation about each recommended
intervention.

Based on this strategy, and adopting a hybrid type of explanation
n our approach, we enhance a persuasion fact along with the textual
xplanation in the recommendations’ body. Using this approach, we
ry to provide the actual benefit the recommended action will achieve
or the end-user, in an attempt to persuade him/her to increase his
cceptance over the provided recommendations. Initial results of our
valuations show that such an approach can impact users’ trust to the
ystem and can bring an increase of 20% in the acceptance ratio of
rovided recommendations.

.2.2. Visualization recommender systems
In this technological age, it is not a secret that humans are attracted

o imagery type of media, much more than the ones of textual nature.
his can be witnessed by how millennials are exploiting technology
owadays. With this in mind, it can be argued that in order to have
better recommendation dialog with end-users, aiding such recom-
endations with visualized charts and evidence can significantly aid

n making them persuasive. By stating this, it is by no means indi-
ating that the textual recommendations, i.e. explanations provided
y the recommenders, should be discarded, but rather they are com-
lementary to one another. Visualization and textual interpretations
and-in-hand can be integrated fully to structure suggestions given by
he recommender systems, which are deemed to influence behavioral
hange. All the following discussed frameworks have used visualiza-
ions one way or the other to influence behavioral change in their
ystem.

A semantic smart home system for energy efficiency, namely
ESAME, is proposed in [213] to provide daily and monthly over-
ays of energy consumption data, CO2 footprint and financial impact.
lso, the user interface (UI) to control the appliances and create
ertain rules is also shown. On the other hand, Fernández et al. [214]
howcase a heatmap exhibiting, in hourly fashion, the usage of air
onditioning facilities for a whole week. Similarly, friendly UI is also
rovided to allow users more control over given services through smart
evices. On the other hand, enCOMPASS framework push visualiza-
ions aided by context-aware collaborative recommender systems on
obile platforms to provide energy-efficient recommendations from

ocio-technical point-of-view [215,216]. Moreover, the framework also
reated two games on smartphones to teach children about the im-
ortance of rationalizing the consumption of both water and energy.
he former being taught through ‘‘Drop! The Question’’ application,

3 (EM)3: Consumer Engagement Towards Energy Saving Behavior by means
of Exploiting Micro Moments and Mobile Recommendation Systems (http:
//em3.qu.edu.qa/).
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which is developed with SmartH2O framework, and the latter through
‘‘Funergy’’ application [217]. Entropy, another framework, provides
conventional time-series visualization for sensor data streaming in
a desktop application to aid the recommender system [218], while
both Bernard and HEMS-IoT create a mobile application for that
purpose [219,220]. CASER framework produces both web and mobile
applications for data visualization but showcase variant visualization
including time-series and heatmap charts on both household and sub-
station levels (multiple households) [221]. Lastly, (EM)3 creates two
distinct applications, where the first application on iOS showcases data
visualization in recommendations [222] and the latter on both Android
and iOS, developed on React Native, studies the effect of different
charts on end-users understanding [223]. Fig. 10 depicts the flowchart
of the visualization recommender system developed in the (EM)3.

From the previous illustrated work, three important prospects can
be further investigated when integrating the data visualization pillar
with the recommendations. Firstly, further studies can be established
to understand the impact different visualizations have on end-users
as in [224]. Not only that, but also create novel data visualizations
specifically for energy consumption data, which are deemed simple
for end-users from different backgrounds. Secondly, using the visual-
ization graph hand-in-hand when the recommendation is suggested. In
other words, the recommender system refers to the visualization and
demonstrates the anomalous consumption through such visualizations.
Thirdly, with the recent pandemic humanity is facing (i.e. COVID-19),
people are working from home for social distancing, and thus, the
energy consumption has increased in the domestic sector [225]. There-
fore, it would be more important than ever to generate personalized
and timely recommendations.

5.2.3. Non-intrusive recommender systems
Non-intrusive load monitoring (NILM) has been deployed in dif-

ferent energy saving projects instead of submetering for detecting
appliance-level consumption data and other related information, e.g.
when exactly a specific appliance is turning on/off without the need
to install further submeters [226,227]. In this line, collecting energy
consumption feedback using NILM has turned around good perfor-
mance at low/no cost. On one hand, developing efficient energy saving
recommender systems relies on an accurate analysis of energy con-
sumption data, especially at the appliance-level, and on the detection of
abnormal energy usage. Tailored recommendations are then produced
following the feedback of the anomaly detection stage. Thus, the devel-
opment of non-intrusive recommendation systems using submetering is
a promising solution to be investigated, which is not scalable because
it needs to analyze individual appliance consumption traces [228]. On
the other hand, for energy data analysis and visualization, NILM has
been considered as a scalable and practical alternative to submetering.
However, the use of NILM in recommender systems has not been
discussed before since the aim of NILM is to provide appliance-level
energy footprints. In this regard, it is of significant interest to assess
the signal fidelity of devices’ fingerprints generated by existing NILM
algorithms to develop effective non-intrusive recommender systems.
This could figure out end-users’ preferences and related information
as well [229]. Consequently, by using NILM instead of submetering,
the development cost of recommender systems will significantly be
reduced [118,230].

5.2.4. Edge/Fog recommender systems
Energy recommender systems have become an essential solution

for energy efficiency in buildings. While a large number of existing
frameworks are focused on using cloud-to-edge architectures, in which
recommended energy saving actions are transmitted to the edge device
(e.g. consumer’s smartphone) after completing the computing task in
the cloud server [231]. Although these architectures allow to achieve

a good efficiency, they are prone to serious noticeable delays in the

http://em3.qu.edu.qa/
http://em3.qu.edu.qa/
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Fig. 9. The flow of explainable recommendations generated in the (EM)3 framework.
Fig. 10. Example of the visual recommender system proposed in the (EM)3 framework.
system’s feedback and user’s reaction because of the network band-
width and latency between the cloud and edge [232]. By contrast,
implementing the recommender algorithms directly on the edge can al-
low real-time computing and identify consumers’ interests/preferences
more accurately and thereby increasing their satisfaction and trust of
the generated recommendations [233,234]. Thus, recently, a great deal
of attention is devoted to develop and implement recommender systems
on the edge and/or on fog devices, which can tremendously reduce
15
the computational time, minimize the cost of cloud hosting and ensure
privacy-preservation [235–237].

To that end, various frameworks have been proposed in different
research fields to investigate the applicability of edge-based and fog-
based recommender systems [238,239]. For instance, in [100], aiming
to satisfy the new requirements of recommender systems, e.g. the low
latency and uninterrupted service, Wang et al. propose a fog-based
recommendation framework based on collaborative filtering. It can
overcome the problem of information overload in fog computing and
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Fig. 11. Example of a typical representation of a fog-based energy recommender system.
help in generating personalized recommendations for improving system
performance. In the same manner, a fog-based recommender system
which helps to bridge the gap between the cloud and end-devices is pro-
posed in [240]. This system has been used to improve the performance
of the E-Learning environments. Furthermore, in [241], a fog-based
recommender system is introduced to provide recommendations re-
garding the lifestyle, dietary plans and exercises to an ensemble of
cardiovascular disease patients. While in [231], an edge-based recom-
mender system is proposed to allow (i) capturing real-time end-users’
preferences more precisely; and (ii) generating personalized and satis-
fying recommendations. Fig. 11 describes a typical representation of a
fog-based recommender system for multiple users, in which a hybrid
computing scheme, using cloud and fog servers, is generally adopted
to implement the main tasks of the recommendation framework.

6. Conclusions

This article presents a critical review of recommender systems
for energy efficiency in buildings. Accordingly, a taxonomy of rec-
ommender systems is firstly conducted based on different aspects.
Following, a critical analysis is conducted to highlight their strengths
and limitations before deriving the current challenges and cutting-
edge topics, which can be targeted in the near future to improve their
performances.

By and large, energy saving recommendation systems are prov-
ing to be a promising solution to promote sustainability and reduce
carbon emissions, especially with the widespread deployment of smart-
meters, IoT sensors and ML tools. Their evolution is accompanying
the evolution of the intelligent Internet systems. The first generation
of recommendation frameworks were based on collaborative filter-
ing, case-based, PRM and Rasch-based engines through analyzing only
energy-based data. While the second generation relies on the use of
16
information fusion and deep learning models, in which other kinds of
data are gathered and transmitted to the recommender engine to be
analyzed together with energy consumption footprints. This movement,
that the second generation is promoting for, helps in generating more
accurate recommendations.

Moving forward, we have also discussed the third generation of
recommender systems for energy efficiency, which relies on adding
other innovative modules into the recommender engines, i.e. explana-
tions, visualizations and time-aware information processing. The use
of edge computing technologies and edge AI is playing a major role
in making development real-time recommendation systems a reality.
Moreover, this results in improving the quality and acceptance of
recommendations and increasing the end-users’ satisfaction. In this
line, future research will focus on fostering the existing systems and
technologies for improving both the quality and applicability of rec-
ommendation frameworks. Concurrently, novel directions of research
will be furthered to develop a novel generation of highly automated
recommender system via the use of (i) NILM strategies instead of
conventional smart-metering; (ii) edge computing as an alternative
to cloud computing; and (iii) privacy-preservation recommendation
systems to increase end-users’ trust.

Finally, it is worth noting that the application of recommender sys-
tems in the building energy sector is a very promising field since it does
not only recommend energy saving actions but can also be extended to
help consumers acquire appliances. In this regards, several factors could
impact the choice of the consumer, such as the energy consumption
of the appliance, its manufacturer, its price and other specifications.
However, this will make the development of a more comprehensive
energy efficiency recommender systems more challenging. In the grand
scheme, recommender system will remain a strong pillar in the future
of artificial intelligence and behavior change.
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