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ABSTRACT

The term “complex decision environment” has been used in literature to describe situ-
ations that involve making a decision with one or more of the following aspects: mul-
tiple stakeholders, multiple viable alternatives, contradictory or incomplete informa-
tion, multiple sources, and dynamic settings. This thesis aims at achieving a better
understanding of the processes that take place in or under complex decision environ-
ments, with a focus on cases where multiple actors or multiple sources of informa-
tion are present. To that end, the first goal of this research work is to define specific
but sufficiently common scenarios in which multi-factor decision-making takes place.
Examining these scenarios can lead to a greater comprehension of the particular re-
quirements, decision processes and challenges faced by decision-makers when caught
in a multi-factor decision environment. After defining these scenarios and their char-
acteristics, a second research goal is to design and evaluate suitable methods to sup-
port the decision-making process that takes place in them.

The thesis presents investigations and developments in two different application
contexts. The first one concentrates on complex multi-actor decision environments,
illustrated by a group of non-collocated people who must jointly choose a hotel to
stay together. The second scenario deals with complex multi-source decision environ-
ments, and more specifically with consumers facing a purchase decision in a physi-
cal store setting where online information is also available. Methods have been de-
signed to assist decision-makers by taking into account the unique characteristics
of each scenario, for which the use of recommender systems and technological inno-
vations (especially in relation to augmented reality) has proven to be advantageous.
The evaluation of the developed methods provides insight into the cognitive processes
and constraints that emerge in multifactorial settings, and establishes design guide-
lines for future research.

Keywords: complex decision environment, multiple actors, multiple sources, group
recommender system, negotiation of preferences, in-store shopping support, aug-
mented reality





ZUSAMMENFASSUNG

Der Begriff “komplexes Entscheidungsumfeld” wird in der Literatur verwendet, um
Situationen zu beschreiben, in denen eine Entscheidung mit einem oder mehreren
der folgenden Aspekte getroffen werden muss: mehrere Akteure, mehrere realisier-
bare Alternativen, widersprüchliche oder unvollständige Informationen, mehrere
Quellen und dynamische Rahmenbedingungen. Ziel dieser Arbeit ist es, ein besse-
res Verständnis der Prozesse zu erlangen, die in oder unter komplexen Entschei-
dungsumgebungen ablaufen, wobei der Schwerpunkt auf Fällen liegt, in denen meh-
rere Akteure oder mehrere Informationsquellen vorhanden sind. Zu diesem Zweck
besteht das erste Ziel dieser Forschungsarbeit darin, spezifische, aber hinreichend
häufige Szenarien zu definieren, in denen eine multifaktorielle Entscheidungsfin-
dung stattfindet. Die Untersuchung dieser Szenarien kann zu einem besseren Ver-
ständnis der besonderen Anforderungen, Entscheidungsprozesse und Herausforde-
rungen führen, mit denen sich Entscheidungsträger in einem multifaktoriellen Ent-
scheidungsumfeld konfrontiert sehen. Nach der Definition dieser Szenarien und ih-
rer Charakteristika besteht ein zweites Forschungsziel darin, geeignete Methoden
zur Unterstützung des in ihnen ablaufenden Entscheidungsprozesses zu entwickeln
und zu evaluieren.

In dieser Arbeit werden Untersuchungen und Entwicklungen in zwei verschie-
denen Anwendungskontexten vorgestellt. Das erste Szenario konzentriert sich auf
komplexe Multi-Akteurs-Entscheidungsumgebungen, illustriert durch eine Gruppe
von nicht kollokierten Personen, die sich gemeinsam für ein Hotel entscheiden müs-
sen, in dem sie übernachten wollen. Das zweite Szenario befasst sich mit kom-
plexen Entscheidungsumgebungen mit mehreren Quellen, genauer gesagt mit Ver-
brauchern, die vor einer Kaufentscheidung in einem physischen Geschäft stehen, in
dem auch Online-Informationen verfügbar sind. Es wurden Methoden entwickelt,
um Entscheidungsträger zu unterstützen, indem die einzigartigen Merkmale jedes
Szenarios berücksichtigt werden, wofür sich der Einsatz von Empfehlungssystemen
und technologischen Innovationen (insbesondere in Bezug auf Augmented Reality)
als vorteilhaft erwiesen hat. Die Evaluierung der entwickelten Methoden bietet Ein-
blicke in die kognitiven Prozesse und Einschränkungen, die in multifaktoriellen Um-
gebungen auftreten, und legt Design-Richtlinien für zukünftige Forschung fest.

Keywords: komplexe Entscheidungsumgebung, mehrere Akteure, mehrere Quel-
len, Gruppenempfehlungssystem, Aushandlung von Präferenzen, Einkaufsunter-
stützung in Geschäften, erweiterte Realität
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1
INTRODUCTION

It is often said that “good information leads to good decision-making”. The statement
seems to be close to reality, as early research has shown that reaching a satisfac-
tory decision highly depends on the availability and quality of pertinent information,
while irrelevant one may instead hinder the decision-making process (O’Reilly III,
1982). Hence, an ideal decision environment is that which allows easy access to all
relevant information about all possible alternatives, so that a decision-maker is able
to identify the best possible choice. However, perfect information is rarely the case,
and usually a decision must be reached by using unreliable or incomplete data (Si-
mon, 1997; Nielsen, 2011). Any obstacle in the way of reaching a decision is also
further magnified when multiple decision-makers or information sources are con-
sidered. In this sense, research on decision-making support has been most notable
in the form of decision support systems (Arnott & Pervan, 2015) and recommender
systems (Ricci et al., 2011). The former approach offers methods for multi-criteria
decision-making and the creation of information reports by collecting and analysing
large amounts of data, but these solutions are mostly developed for their use in busi-
ness scenarios with organizational or managerial purposes. Recommender systems
(RS), on the other hand, place more emphasis on user preferences and their utiliza-
tion in the generation and presentation of a reduced number of relevant alternatives,
and may be better suited in a broader range of multi-actor and multi-source decision
environments. Nonetheless, new technology advances have resulted in the appear-
ance of more complex scenarios where decision making can take place, for which ex-
isting research may not be sufficient.

Concerning multi-actor decision scenarios, people are more connected today than
ever, but traditional face-to-face communication has been displaced in favour of less
direct conversational methods (Meier et al., 2021; Shufford et al., 2021). Although
voice and video calls are widely used, it is still more common to communicate via e-
mail or chat applications in most everyday situations (Romiszowski & Mason, 2013),
more so when the circumstances require for the persons involved to research and
think about a matter by themselves, or when scheduling a real-time meeting is not
possible. Using e-mail services or chat applications often implies asynchronous com-
munication, which precisely permits such kind of individual thinking and time orga-
nization (Berry, 2006); per contra, it also means that most relevant aspects of face-
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to-face group dynamics are lost, and the intent of a message can often be misinter-
preted and errors may be more frequent (Damian & Zowghi, 2002; Marlow et al.,
2017). These limitations may increase the complexity of multi-actor decision-making
scenarios where each individual has different preferences and access possibilities to
information, such as when collectively deciding on a film, a hotel, or a sightseeing
route. In these cases, reaching consensus on which alternative to choose may become
a long and convoluted process, at the end of which the likelihood of dissatisfaction
of some involved actors may escalate due to communication limitations. These com-
plex multi-actor decision environments may benefit from group recommender sys-
tems (GRS), as they provide recommendations that match the preferences of multi-
ple users (Felfernig et al., 2018). However, current GRS do not offer enough flexibil-
ity and user agency during the recommending process to sufficiently support group
decision-making, which would require the inclusion of appropriate preference nego-
tiation and consensus building methods.

Similarly, new technology advances allow for information to be accessible at any
time and place (Church et al., 2007; Hilbert & López, 2011). The growing ubiquity
of information, which in principle should ease the process of making a choice by pro-
viding useful data about different alternatives (Streufert, 1973; Citroen, 2011; Haas
et al., 2015), can also become an issue when decision-makers are left alone to collect
and filter information in a setting where many relevant heterogeneous sources have
to be considered. In addition to the demanding task of searching for, interpreting
and selecting information, it is also important to observe that some of these sources
may not even belong to the same medium, at which point integrating all the relevant
knowledge becomes a complicated process (Wolny & Charoensuksai, 2014). As an ex-
ample, this is the case for physical shopping scenarios, where product data is not only
accessible through sheets, posters, or sales personnel, but it also may have an expe-
riential origin through direct product inspection, and consumers may as well resort
to external online resources (Broeckelmann & Groeppel-Klein, 2008). Such amalgam
of information origins may result in a very complex decision environment, and risk
exists for issues like information overload or mental fatigue to appear, which amplify
the possibilities of poor decision-making (Chen et al., 2009; Mix & Katzberg, 2015;
Lu & Gursoy, 2015). RS can also be beneficial in multi-source decision situations, as
they enable a greater abstraction of the sources of information by displaying data re-
trieved from them in a more cohesive manner in the shape of recommended items.
Still, research is scarce when it comes to the joint presentation of recommendations
that make use of physical and digital sources, not only in terms of data visualization,
but also concerning the implications that such hybrid environment could have in the
way users navigate and evaluate information.
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Complex multi-factor decision environments such as these are not unusual today,
and will become more common as information technologies advance. Conveniently,
the same technology that has originated these new complex scenarios provides the
means through which their limitations can be alleviated, and also opens new pos-
sibilities for supporting them by applying RS in novel ways. For instance, modern
communication technologies allow the design of platforms to support group decision-
making supported by GRS, where group members can express and negotiate their
preferences on a matter by using more flexible methods than a simple text chat (Al-
varado Rodriguez et al., 2022). Moreover, technologies like augmented reality (AR)
are revolutionizing the way by which information is accessed, displayed and inter-
acted with, and open new opportunities for creating mixed environments where rec-
ommendations using information from multiple sources (physical or digital) can be
presented together (Cruz et al., 2019; Gutiérrez et al., 2019; Ludwig et al., 2020).

The search for methods to reduce uncertainty and support decision-makers has
been widely investigated in social and formal science fields (Eom, 1997; Arnott &
Pervan, 2015), and literature is extensive for most of the different areas discussed
here. Despite this, current research has mostly overlooked these type of complex de-
cision environments where providing support is not trivial. However, as technology
enables the increasingly frequent emergence of multi-actor and multi-source scenar-
ios, a more in-depth study of their specific characteristics and challenges is required,
along with the investigation of new methods for providing decision support in these
situations. As already mentioned, a promising research direction lies in the use of RS,
since they are capable to integrate information and reduce the effort that decision-
makers must do to analyse it, all while taking into account the preferences of one or
multiple actors. However, investigating appropriate methods for the application of
RS in these particular scenarios is still required.

This dissertation is structured as follows: chapter 2 presents the background and
related work; chapter 3 describes the research goals of the thesis and outlines the
specific application settings on which it focuses; chapter 4 summarizes the contribu-
tions of each paper included in this dissertation; and chapter 5 discusses the conclu-
sions of this research. Lastly, a full reproduction of each contributing paper can be
found in the appendix.





2THEORETICAL
BACKGROUND

2.1 The Decision-Making Process

Decision-making has been identified as one of the fundamental cognitive processes of
human behaviour (Wang et al., 2006). It is often defined as identifying and choosing
alternatives based on the values and preferences of the decision-maker (Harris, 1998).
This implies that multiple alternative choices must exist for a decision to be made,
from which the one that is likely to provide the most benefit and better fits certain
preferences is to be chosen.

Despite extensive research, decision-making is an area still full of competing mod-
els and theories, in part due to the multidisciplinary nature of the subject, which can
be approached from fields as varied as psychology, economics, sociology, computer sci-
ence, mathematics or cognitive science (Harrison, 1999; Wald, 1950; Edwards & Fa-
solo, 2001; Wang et al., 2006; Far & Wahono, 2003). However, historically two ba-
sic models are emphasized, the rational model and the bounded rationality model
(Lunenburg, 2010a).

In the rational model, decision-making is seen as a logical sequence of activities
performed under certainty, which may be repeated an unlimited number of times in
an iterative manner, until a satisfactory decision is made. The whole process can be
broken into six stages (Schoenfeld, 2010):

1. Identifying the problem: the goals of the decision-making process are estab-
lished by finding the problems that have to be solved. Identifying the problem
is crucial for deciding a course of action and evaluating the decision outcome.

2. Generating alternatives: the number of alternatives should be as large and
diverse as possible, but the search is limited by the importance of the decision,
and the cost and value of additional information (Zopounidis & Pardalos, 2010).

3. Evaluating alternatives: for each alternative, it must be analysed its feasibility,
to which extent it addresses the problem, and the consequences of choosing it.

4. Choosing an alternative: alternatives are compared and the most satisfactory
one is chosen. The comparison should be made in terms of the degree to which
their outcomes and consequences achieve the desired objectives.
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5. Implementing the decision: the chosen alternative is used to address the origi-
nal problem.

6. Evaluating decision effectiveness: the outcome of implementing the chosen al-
ternative is evaluated to check the extent to which it produces the desired ef-
fects. Depending on the effectiveness of the decision, it may be required to make
a new one, usually after revisiting the analysis of the problem, generating new
alternatives, or selecting a different one.

Some authors argue that having perfect information transforms the decision-
making process into a matter of optimization, where the choice of the most satis-
factory solution becomes “trivial”. In real world scenarios, neither decision-makers
are completely rational nor full information is usually available. Because our envi-
ronment is not a deterministic place, uncertainty becomes an important aspect of
decision-making, meaning that a decision must often be made when relevant data is
missing. Under these assumptions the model of bounded rationality was proposed,
which implies that (Simon, 1997; Nielsen, 2011):

• Decisions are based on an incomplete and probably inadequate comprehension
of the problem to solve.

• Decision-makers will never suceed in generating all possible alternatives.

• The evaluation of alternatives is always incomplete because of the impossibility
of predicting all the consequences of their implementation.

• Since it is impossible to determine what alternative is optimal, other criteria
are required to make the final decision.

Humans in the position of making a decision in a situation of uncertainty have to
rely on judgment and instinct, and use heuristics to reduce complex judgment tasks
to simpler ones (Moustakas, 1990). This is a valid approach for most day-to-day sit-
uations, as it is usually enough for decision-makers to find a satisfactory solution
rather than an optimal one (Nielsen, 2011). In more complex settings where many
variables and larger information amount are involved, or when the outcome of a deci-
sion may carry significant economical, political, or social consequences, new advances
in computer technology allowed research to focus on supporting decision-makers in
their task, more notably in organizational and managerial fields in the shape of de-
cision support systems (Eom, 1997; Arnott & Pervan, 2015). Similarly, in personal
and consumer decision-making, access to online services can highly leverage the dif-
ficulty of finding information to support a choice (Citroen, 2011; Haas et al., 2015),
and useful tools exist, such as recommender systems that help to discover relevant
alternatives. On the other hand, the interconnected world of today can also accentu-
ate some concerns of the bounded rationality model. Information load and relevance
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have shown to have effects on decision-making performance (Streufert, 1973); thus,
in digital contexts, the enormous amount of data available to decision-makers may at
some point be detrimental to their decision-making ability. For instance, achieving a
sufficiently informed view of all the relevant alternatives is unlikely, and many may
even remain unknown to the decision-maker; or, as another example, having more in-
formation does not mean that all is trustworthy or accurate, and contradictions may
be encountered. As a result, decision-makers must once again increasingly resort to
their judgment and intuition due to the growing complexity of computer-mediated
decision environments.

2.1.1 Complex Decision Environments

Previous studies have used the term “complex decision situation/environment” in dif-
ferent ways. For instance, Hogarth & Makridakis (1981) describe a complex environ-
ment where a large amount of information can be accessed, and which may change
over time due to how several decision-makers interact with it. Kleinmuntz (1985)
considers a complex decision environment as one that must be approached from a
probabilistic point of view, where decision-makers must base their choice on uncer-
tain cues and their limited information processing capabilities. This can occur when
multiple alternatives are potential solutions, but only under certain circumstances.
Kleinmuntz also address dynamic decision tasks in which the available information
is modified after a choice is made, thus triggering subsequent choices in a feedback
loop. Wood et al. (1990) mentions the existence of three aspects that define complex-
ity in managerial tasks: (1) the number of factors that require consideration; (2) the
need to coordinate and make trade-offs between different decisions; and (3) the sta-
bility of predictive factors in the decision environment. Wood et al. (1990) also states
that in a complex decision environment decision-makers must weigh and integrate
a wide array of information from diverse sources. Payne et al. (2008) discuss a com-
plex situation where decision-makers must choose between a set of alternatives with
many attributes each, and for which relevant information is only briefly accessible
and not available at the moment of choosing. Bennet & Bennet (2008) talk about
complex situations when referring to those that, among other factors, are difficult to
define and change in response to some solution, do not have a single “right”answer, or
have many stakeholders. It is also often the case that a single decision cannot solve
the problem, but requires a continuing process.

In summary, preceding research mentions “complex decision situation/environ-
ment” when referring to either multiple stakeholders, multiple viable alternatives,
management of contradictory or incomplete information, integration of multiple
sources, and dynamic settings. For the purpose of this research, complex environ-
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ments are those where either multi-actor or multi-source factors are present, as
these type of settings cover most of the aforementioned characteristics of complex de-
cision environments. In multi-actor scenarios it is often required to deal with oppos-
ing preferences; multiple alternatives can be valid options viewed from different per-
spectives; and criteria for choosing alternatives may evolve as group discussion takes
place. Multi-source decision environments, on the other hand, are prone to present
more uncertainty as there may be contradictory information between sources, or
some alternatives may remain unknown if a source is not sufficiently explored; it
may be harder to retain and integrate information from different sources; and crite-
ria may change as more alternatives are discovered.

In addition to the multifactorial aspects mentioned above, a technological context
also plays a significant role as a further layer of complexity. Although research has
shown that information technology is potentially beneficial in the improvement of
both efficiency and effectiveness of the decision-making process (Streufert, 1973; Cit-
roen, 2011; Haas et al., 2015), new technological developments may also introduce
additional obstacles. In multi-actor decision environments, computer-mediated com-
munication may suppose an increment in decision times, and a decrement in decision
effectiveness and quality in comparison to face-to-face meetings (Baltes et al., 2002).
Moreover, applying high level of virtuality to tasks of high complexity increases the
chances of misunderstandings and mistakes (Marlow et al., 2017; Damian & Zowghi,
2002), and asynchronous communication may also affect the patterns of decision-
making and understandings (Berry, 2011). These issues may greatly increase the
difficulty of finding a joint decision, or lead to a poorly made one.

As for multi-source settings, information technologies allow simultaneous access
to multiple sources (Hilbert & López, 2011), but users are often left alone with the
task of understanding, selecting, retaining, and integrating large amounts of infor-
mation (Wolny & Charoensuksai, 2014). Besides the intrinsic complexities of a multi-
source decision scenario, now decision-makers must interpret and evaluate data com-
ing from very different information channels, sometimes as different as a telephonic
discussion with a friend, an email, something read on a forum, a digital newspaper,
or a physical experience. Without proper support, decision-makers may soon suffer
from information overload, a condition where the individual has — or is exposed to,
or is provided with — too much information, and cannot make a decision (Levy, 2008;
Chen et al., 2009). Furthermore, the phenomenon of bolstering an alternative (Bub-
nicki, 2013), where decision-makers are biased towards information that reinforces
the choice of an option they already prefer and discard information that says other-
wise, may be accentuated in situations where contradictory sources are provided.
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While multi-actor and multi-source decision environments have received their
share of attention, their association with highly technological settings has rarely
been studied. Moreover, these situations have mostly been investigated from organi-
zational and managerial points of view, often overlooking that — in today’s digitally
connected world — multi-factor decision-making takes place in more varied and com-
mon scenarios. Therefore, further research is required, first for understanding the
challenges that decision-makers must face in modern digital settings, and second to
develop appropriate methods to provide support in real world scenarios.

2.2 Multi-Actor Decision Environment: Group
Decision-Making

In group decision-making (GDM), individuals collectively decide on an alternative to
choose. There are several factors that determine the quality of the decision, such as
the decision rules used, available time, or inner group dynamics. In all circumstances,
discussion is a key element of GDM, as it is used through the whole process: from
explaining and understanding the problem, to defining goals and searching alterna-
tives, as well as establishing the preferences and criteria to evaluate them. Through
discussion, participants are able to both present their own ideas and evaluate those
of the others, an activity that is beneficial for improving critical thinking and plan-
ning skills (Gokhale, 1995; Gauvain & Rogoff, 1989). Due to this interaction between
members, group decision-making has advantages and disadvantages over decisions
made individually, some of them listed below (Lunenburg, 2010b):

Advantages

• Greater sum total of knowledge: knowledge and experience of some members
complements those of the others.

• Greater number of perspectives considered in the decision-making: each mem-
ber contributes with a unique way of understanding and approaching each
decision-making stage.

• Greater number of alternatives: more knowledge, varied decision-making pat-
terns, and group discussion generated by them, may result in the development
of alternatives that one member alone would not be able to conceive.

• Increased acceptance of a decision: participating during the process of making
a decision increases the possibilities of acceptance, compared to a decision made
entirely by others.
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• Better comprehension of a problem and decision: participating in the process
helps to better understand the logic that lead to the final decision.

Disadvantages

• Social pressure toward conformity: with the purpose of avoiding conflict or being
judged by others, group members may comply with a proposed solution even if
they do not believe it is adequate, which may result in non-optimal decisions.

• Individual domination: rank, status, and personality play a role in group dy-
namics, by which equal participation may be hindered. Thus, some members
may have the power to make unilateral decisions.

• Undesirable compromises: opposing views can often lead to a compromise or
middle ground solution, which may not be the one that provides the greatest
overall benefit.

• Time: more time is needed to bring the group together and for the discussion
that takes place during each stage of the decision-making process.

As a summary of these points, GDM is useful in tackling complex decisions that
require collecting or processing large amounts of information, or where decision ac-
ceptance is important for its successful implementation; nevertheless, some negative
aspects of group dynamics are also present, most of them related to the way the dis-
cussion is moderated, the degree of satisfaction of individual participants, and the
adequacy of the final choice. Furthermore, the effectiveness of GDM is largely depen-
dent on the appropriate understanding of the problematic and the requirements for
an effective choice, and the appropriate assessment of positive and negative qualities
of alternative choices (Hirokawa, 1988).

Another relevant aspect of GDM are decision rules, i.e. the method by which a de-
cision is made. Decision rules can be placed on a continuum depending on who makes
the final choice (Sager & Gastil, 1999). According to this, “decision by expert” and
“decision by authority” fall at the low (autocratic) end of the continuum, “decision by
minority or majority” in the middle, and “decision by consensus” at the high (partic-
ipatory) end of the spectrum. Majority and consensus rules are most often preferred
by people, as they are seen as the fairest options (Johnson & Johnson, 1991). Major-
ity rule is generally more easily applicable, and several simple strategies exist for its
implementation (Masthoff, 2004):

• Plurality voting: each decision-maker can vote for his or her most preferred
alternative(s), and the one with the most votes is chosen as the group’s final
decision.
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• Utilitarian strategy: decision-makers provide ratings for each alternative that
represent their expected satisfaction if that option were to be chosen. Alterna-
tives are then ranked by how much they satisfy the whole group, which can be
done either by adding individual ratings, or multiplicating them. The one alter-
native that obtains the highest value is selected as the group’s decision.

• Borda count (Borda, 1784): decision-makers rank alternatives by personal pref-
erence to create a list, and score them according to their position in it (the last
receives 0 points, the next 1 point, and so on). The final decision is the one that
obtains the highest value after adding up all points across lists.

• Copeland rule (Copeland, 1951): decision-makers rank alternatives by personal
preference. Then the Copeland index is used to order them, which consists
of subtracting the number of times an alternative loses against others to the
number of times it beats other alternatives, where ties count as half a point.

• Approval voting: decision-makers vote for as many alternatives as they wish,
which results in the election of alternatives that are not strongly disliked.

While a majority-based social choice may be the most straightforward approach,
it has been established that consensus produces more satisfying decisions — regard-
less of their actual effectiveness — (Sager & Gastil, 2006). However, reaching con-
sensus requires a more convoluted and time-consuming process as all members must
agree on the decision (Bressen, 2007), which can last indefinitely or be impossible to
achieve under limited time conditions. Besides, consensus may only be more effective
than the majority rule when supportive communication takes place, which seems to
depend on the presence of a certain set of traits in the participants, that is, agree-
ableness, extraversion, and openness (Sager & Gastil, 2006).

Besides the challenges that time constraints have over consensus-based GDM,
time limitations can also deteriorate the overall decision process and result in worse
decision-making no matter the decision rules used. The general effects of time pres-
sure can be summarized as follows (Zakay, 1993):

• Information search and processing are reduced.

• Negative information increases in importance.

• Positive attributes of the chosen alternatives are exaggerated.

• Relevant information is overlooked (denied, discounted, or forgotten).

• Information is processed only while there is time remaining.

• Non-compensatory choice strategies become common.

• Judgment and evaluation are more likely to be incorrect.
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The importance of group discussion and negotiation can be easily conveyed from
the challenges that members of a group must face in order to make a joint decision.
It is very important that clear and efficient communication takes place, so that the
presented information can be correctly understood and evaluated. A further compli-
cation can be extracted from the definition of decision-making provided at the begin-
ning of this chapter, as it stresses the importance of personal preferences in the eval-
uation of alternatives; thus, with multiple actors, negotiation between the involved
parts must be possible, and reducing the disagreement about problem definition, re-
quirements, goals and criteria becomes fundamental (Baker et al., 2001). In this re-
gard, criteria should be able to discriminate among alternatives, support their com-
parison, include all goals, non-redundant and few in number (Baker et al., 2001).
As the number of decision-makers increases, finding agreement on all these moving
parts becomes a complicated task, more so under the more difficult to implement con-
sensus decision rules or limited time conditions.

2.2.1 Computer-Mediated Remote Group Decision-Making

As communication technologies advance, their use as a basis for building group dis-
cussion and decision-making becomes increasingly relevant. This importance was
further boosted in recent times, when the COVID-19 pandemic forced social distanc-
ing, and most people’s social relationships, both on a personal and business level,
moved to a digital plane (Meier et al., 2021; Shufford et al., 2021).

The use of technology to support non-collocated GDM can be advantageous over
traditional (face-to-face) one. For instance, it allows enrolling participants in a con-
versation regardless of their physical location, and reduces travelling costs in terms
of time, money, and stress (Orlikowski, 2002; Hinds et al., 2002). However, real-time
communication (e.g. via video call) may not always be the best option, as it may
involve issues related to communication effectiveness (i.e. receiving messages in a
time-efficient manner) or scheduling convenient meeting times for all participants
(Berry, 2006). On the other hand, an asynchronous approach to group discussion
may not only be better for reconciling schedules, but creates a more flexible environ-
ment where partakers have more time to express their opinions and consider those
of the others (Cappel & Windsor, 2000). Moreover, no blocking or interruptions oc-
cur, and there is no need to compete for air-time, due to the possibility for various
threads of thought and concurrent themes to happen at the same time, where partic-
ipants do not need to wait for their turn to contribute (Berry, 2006; Cappel & Wind-
sor, 2000). Since in asynchronous communication the information is more readily
available at all times and threads are easier to re-examine, it is conducive to deep
and reflective thinking, which facilitates making better decisions (Jonassen & Kwon,
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2001). Lastly, because social, political, or power context cues are less apparent, asyn-
chronous computer-mediated GDM also supports a more equal participation (Berry,
2011).

On the negative side, computer mediated GDM generally requires greater effort to
to communicate with other group members (Jonassen & Kwon, 2001). Longer discus-
sion times are common, and consensus is harder to reach in comparison to face-to-face
meetings (Cappel & Windsor, 2000). Text-based communication is the usual method
to enable asynchronous conversations (Romiszowski & Mason, 2013), but written dis-
cussion lacks social context cues such as intonation, facial expression, and gestures
that listeners can perceive to fully comprehend the meaning of a message, and whose
omission can lead to misunderstandings (Sproull et al., 1991; Vroman & Kovacich,
2002; Marlow et al., 2017). Other general considerations of computer-mediated com-
munication are related to finding appropriate tools to share information, and coordi-
nating and synthesizing contributions from members in and understandable and ac-
cessible manner (Berry, 2006).

In conclusion, computer-mediated communication offers a broad set of advantages
to group decision-making, such as asynchronous and synchronous communication ca-
pacity, high interactivity, or multi-path discussion, and seems to encourage reflec-
tive and critical thinking. However, its own shortcomings are added to the complica-
tions of group decision-making, which creates a complex decision environment where
technology and group dynamics intertwine. To fully benefit from computer-mediated
GDM, it is required to provide participants with sufficient flexibility to express them-
selves and convey their thoughts, find methods to prevent misunderstandings by pre-
senting information in a clear, structured manner, and facilitate tools to conveniently
represent and synthesize criteria, alternatives, and their assessment.

2.3 Multi-Source Decision Environment: Purchase
Decision-Making

According to the work by Santos & Gonçalves (2021), a retail channel can be defined
as any medium through which consumers can interact with and purchase from sellers.
Thus, smartphones, personal computers or brick-and-mortar stores can be considered
retail channels. Touchpoints, on the other hand, refer to the specific moments in which
customer and brand make direct or indirect contact. Consequently, touchpoints are
mediated by channels, because channels allow for touchpoints to happen (Halvorsrud
et al., 2016); but these channels do not necessarily need to be directly controlled by
firms, as it is the case of word-of-mouth or independent reviews (Baxendale et al.,
2015).
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Before the digital era, traditional retailing was performed either by directly visit-
ing physical stores, or via catalogue sale by using telephone or mail. Widespread use
of the Internet allowed the appearance of e-commerce, and the subsequent expansion
of retailing channels and the creation of a plethora of new touchpoints. Over time
companies began to offer both physical and digital possibilities rather than focusing
on one or the other. This allowed consumers to move across channels more easily, and
supported the rise of multi-channel, cross-channel and omni-channel environments.
According to the classification given by Beck & Rygl (2015), multi-channel and cross-
channel retail refer to shopping environments where more than one channel are
available with no or limited integration, and where some interaction between them
may occur. However, these channels remain easily distinguishable, unlike in omni-
channel retailing, which offers a seamless experience that integrates all of them. The
omni-channel consumer experience promises to be the dominant approach in the near
future, and it is currently feasible thanks to smartphones and emerging technologies
such as augmented reality (Hilken et al., 2018).

Due to these new shopping possibilities, consumers today expect to be able to
travel through offline and online touchpoints without hassle, meaning that similar
operations must be possible to be performed in either space, and that what happens
in one channel must be transparent to the others. Although the benefits of such kind
of integration are clear, it also increases the complexity of shopping behaviours (Huré
et al., 2017), as, for instance, the practice of showrooming and webrooming, which
are becoming commonplace among consumers (Kang, 2018). In showrooming, clients
visit a physical store first, which permits viewing products in person and obtaining
a direct impression of their qualities, for later concluding the purchase via an online
channel. The opposite of showrooming is webrooming, where consumers evaluate
products online but make the final purchase in-store. Not only do these behaviours
increase the complexity of studying the consumer’s decision-making process, but also
showcase the relevance of physical and digital channels during the customer journey,
and their individual significance to make a purchase decision.

2.3.1 The Customer Journey

The process of making a purchase decision is often referred to as the “customer jour-
ney”. The concept consists of the different phases consumers go through on their way
to making a purchase. Several approaches exist that try to define what these phases
are, such as the hierarchy of effects model (Lavidge & Steiner, 1961), the buying be-
haviour model (Howard & Sheth, 1969), or the popular and frequently cited five-stage
consumer decision-making process (Cox et al., 1983; Kotler et al., 2014), which has
been generally accepted in the field of consumer behaviour (Blackwell et al., 2006;
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Darley et al., 2010). The five stages of this last model represent a series of sequential
cognitive phases that lead to the acceptance or rejection of buying a product, as well
as the repercussion that the current purchase decision may have in future ones:

Problem recognition: the need or problem that the purchase is supposed to satisfy or
solve is detected.

Information search: consumers gather information to learn about how that need can
be satisfied, as well as collect data in relation to the (probably several) possible
solutions.

Evaluation of alternatives: the different options are evaluated. They are also com-
pared against each other and against the needs of the consumer, filtering down
the most suitable ones.

Product choice: after the evaluation of all alternatives, the consumer finally choses
the one that may solve the original problem. However, choosing a product does
not necessarily mean that the purchase takes place, as the urgent need to solve
a problem may dissipate by the time the choice is made, or perhaps not even the
most suitable alternative is convincing enough.

Post-purchase evaluation: the consumer evaluates whether the purchase fulfilled its
purpose. The outcome of this stage will most likely have an effect on future
purchase decisions, as it will count as prior experience during the evaluation of
alternatives phase.

Phase length varies depending on the involvement of the consumer in the decision
process. While for habitual or emotional products the decision-making process is
usually short, in the case of high involvement ones extended problem-solving has
been recognized, because consumers are more likely to need to feel connected, search
more extensively, and share consumption experiences (Zaichkowsky, 1985; Solomon
et al., 2014). Moreover, the availability of several shopping channels can also extend
the duration and magnitude of the retail journey.

The five-stage model has been frequently and successfully applied in traditional
retailing, and research exists about its suitability in online settings (Darley et al.,
2010; Punj, 2012) and multi-channel retailing (Konuş et al., 2008). Nonetheless,
some researchers have highlighted the limitations of classic approaches to properly
represent the way by which modern consumers face a purchase decision, particularly
concerning the linearity of these previous models and its exclusive focus on cognitive
drivers. Newer models have appeared to address these issues, as, for instance, the
ORCA (Molenaar, 2016) or the model described by Wolny & Charoensuksai (2014),
both adapting the buying process to the various channels and touchpoints available
thanks to new technologies, with an emphasis on the non-linearity of the decision-
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making process within a multi-channel retailing context, and where emotional and
behavioural drivers are also added to the cognitive ones.

To exemplify these new trends in consumer behaviour modelling, the stages of the
consumer journey proposed by Wolny & Charoensuksai (2014) are listed:

Orientation/inspiration/horizon scanning: customers do not have the intention to buy
yet, but they scan consciously or unconsciously the marketplace. They obtain
information from friends, product displays, magazines, and online sources, such
as blogs, reviews or social networks. This is the phase where tailored advertise-
ments based on consumer preferences are more significant.

Information search: customers have the intention to buy, and collect information
prior to shopping. They focus on more specialized sources, such as product re-
views, ratings, blogs or friends.

Evaluation: the alternatives are narrowed down, for which customers focus on ele-
ments such as price, product characteristics, or availability, and it is common to
test products in-store. The main channels used at this stage are physical and
online stores, as well as friends and social media for confirmation. At this point,
it is important for companies to facilitate easy access to the required informa-
tion (Court et al., 2009).

Purchase: the final product is chosen and the purchase takes place. The used chan-
nels are either physical or online stores.

Post-purchase: the experience is shared through word of mouth to friends and/or in
social media.

This new view of the metaphorical journey where several, heterogeneous channels
intertwine is also acknowledged by Clark (2013), for whom the customer journey is
a description of customer experience in which different touchpoints characterize con-
sumer’s interaction with a brand, product or service of interest. All in all, this way
of understanding the customer journey emphasizes how clients access, interact with,
and process information during the pre-purchase phase, and how the simultaneous
availability of different information sources (i.e. retailing channels or touchpoints)
influence the shopping experience and the final purchase decision.

2.3.2 Information Search During the Pre-Purchase Phase

Besides the definition of decision-making that is included at the beginning of this
chapter, a second is also widely used: decision-making is the process of sufficiently
reducing uncertainty and doubt about alternatives to allow a reasonable choice to be
made from among them (Harris, 1998). This definition emphasizes the relevance of
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the search and information gathering process during decision-making. Schmidt &
Spreng (1996) defined information search as the stage of the decision-making process
wherein consumers actively collect and integrate information from numerous sources,
both internal and external, prior to making a choice. More recent texts provide simi-
lar definitions, as showcased by Blackwell et al. (2006), for whom consumer informa-
tion search is the motivated activation of knowledge in memory or acquisition of infor-
mation from the environment about the potential satisfiers. In either case, the search
for information is made in both internal (i.e. memory) and external sources, of which
the latter ones are of relevance in this dissertation.

Researchers have classified external consumer information sources in different
manners, but most of them broadly distinguish between the two dimensions of in-
terpersonal (e.g. family, friends or sales personnel) versus impersonal (e.g. advertis-
ing), and independent versus seller-dominated sources (Klein & Ford, 2003). More re-
cently, as the search for information via the Internet became more widespread, schol-
ars acknowledged the relevance of online sources (Klein & Ford, 2003; Kim & Ratch-
ford, 2012). This fact, added to the relevance that traditional methods still seem to
hold during the purchase decision process (Maity et al., 2014; Wolny & Charoensuk-
sai, 2014), contributed to the creation of a third dimension to represent the dichotomy
between offline and online information sources (Klein & Ford, 2003).

The category of offline information sources includes more traditional means of
communication, such as advertisements via newspaper, magazine, TV, radio, pam-
phlets or posters, recommendations and suggestion made by sales personnel, face to
face or telephonic word of mouth, expert opinions in specialized TV programs, mag-
azines or in person, and also direct physical contact with products, such as reading
characteristics written on the package, or direct product inspection and testing.

Within the category of online information sources one could include websites, on-
line recommendations and advertisements, vendor communication made via online
channels, word of mouth from consumer reviews or social networks, expert opinion
from blogs or specialized digital platforms, and the use of digital tools such as price
trackers, virtual try-on, or comparison sites.

A pre-purchase search is that which occurs when the person has the intention to
buy and is hence motivated by an imminent purchase decision (Schmidt & Spreng,
1996). During an external pre-purchase search, the use of smartphones and other
Internet-capable devices allow consumers for free online information access and thus
gain a better view of available purchasing alternatives and their properties, which
supports their evaluation (Church et al., 2007; Taylor, 2016). Consumers who make
use of offline and online channels as they suit them when informing themselves about
purchase alternatives appear to be “more knowledgeable” and “in control” of the pur-
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chase process (Rippé et al., 2015). However, having access to such large amount
of information can lead to longer consumer journeys as processing it involves more
thought (Hoyer, 1984). Furthermore, situations are more likely to occur where alter-
natives are not narrowed down after knowing more about them, but more are discov-
ered instead (Lye et al., 2005; Court et al., 2009). Problems of disorientation, con-
fusion and feelings of overwhelm can arise (Mix & Katzberg, 2015; Lu & Gursoy,
2015), and, particularly in multi-channel environments, the mental integration of of-
fline and online information may add a level of complexity, for which remembering
and selecting useful data can quickly become a difficult task (Wolny & Charoensuk-
sai, 2014).

Augmented Reality and Information Search in New Retailing Models

Continuing with the topic of channel integration enabled by new technologies, it is
necessary to mention the role played by augmented reality (AR) in current research.
AR consists of the visualization of 3D digital elements seamlessly integrated with
real-world objects in real time (Azuma, 1997). Therefore, with the addition of on-
line capabilities, AR becomes an enabler of omni-channel experiences (Beck & Rygl,
2015; Dacko, 2017; Hilken et al., 2018). Research has shown that mobile AR apps
have a positive effect on customer engagement, customer satisfaction, purchase in-
tention, and the overall shopping experience (Pantano, 2014; Dacko, 2017; Poushneh
& Vasquez-Parraga, 2017; Bonetti et al., 2019). More importantly, AR technology has
been proven to enhance information search at the point of sale and help customers
make a buying decision (Spreer & Kallweit, 2014; Chylinski et al., 2014; Ahn et al.,
2015). For all these reasons AR has found its place within the retailing sphere as a
viable solution to provide easy access to on-site information during the pre-purchase
phase, supported by the contextual awareness and information readiness enabled by
the technology. However, AR research is still immature in many aspects, and al-
though examples exist that showcase its capability to enable the access to extended
product information (Välkkynen et al., 2011; Gutiérrez et al., 2019), in-store naviga-
tion (Cruz et al., 2019), and functionality explanations (Ludwig et al., 2020), there is
still a long road ahead to clearly define which interaction and visualization methods
better support information search during the pre-purchase phase, and are more suit-
able for use in physical retail contexts.

2.4 Recommender Systems

Recommender systems (RS) arise from the need to provide users with suitable alter-
natives from among a large number of them, and for which a complete evaluation of
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all possible options is unfeasible or would require great effort. RS are conceived to
support users in various decision-making processes by analysing, reducing and con-
veniently presenting information that is tailored to their needs (Ricci et al., 2011),
hence alleviating issues such as information overload (Chen et al., 2009).

To achieve their purpose, RS generate predictions and recommendations of items
by integrating information from different sources, and balancing factors like accu-
racy, novelty, dispersity and stability (Bobadilla et al., 2013). The recommendation
problem can be reduced to a matter of estimating ratings for items not yet assessed
by the user, and then selecting those top N items that maximize the expected out-
comes (Adomavicius & Tuzhilin, 2005; Ricci et al., 2011). RS are usually classified
by the method by which these ratings are predicted, and literature generally recog-
nizes five of them: demographic, content-based, collaborative, knowledge-based, and
hybrid filtering techniques (Burke, 2000; Adomavicius & Tuzhilin, 2005; Candillier
et al., 2007; Ricci et al., 2011; Bobadilla et al., 2013; Kunaver & Požrl, 2017).

Content-based filtering

Content-based systems generate recommendations by comparing candidate alter-
natives against the attributes of items for which the user already gave an assess-
ment in the past. Therefore, items with features similar to other items that were
previously highly rated by the user also receive higher predicted ratings, and thus,
are more likely to be recommended. More specifically, a user profile is learned by
collecting user preferences on the properties of items that the user likes and dis-
likes; then, this user preference model is used to determine the recommendation
score of any unrated item. The user profile becomes more accurate over time, as it
is updated when new user interests are observed.

Some limitations of content-based systems are:

• Limited content analysis: the system can only rely on the features contained
by those items that the user has already rated. That means that sufficient at-
tributes have to be defined for each item manually, or methods have to be im-
plemented for the system to extract them itself (e.g. from a written descrip-
tion), but information retrieval techniques may not be as accurate with more
complex types of data (audio, images or video files).

• Overspecialization: recommendations are limited to those that are similar to
items the user already rated, and in some cases even items that are too simi-
lar are filtered out to avoid redundancy (e.g. news feed). As a consequence, the
resulting set of recommendations may lack diversity, which prevents users
from discovering new items that they may also find interesting, but that are
different from anything they rated before.
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• New user (cold-start): for a user profile to be reliable, a sufficient number of
items must be rated first to allow a content-based system to learn from them.
Hence, new users may obtain less accurate recommendations (which is known
as the cold-start issue).

Collaborative filtering

In a collaborative RS, user-specific rating predictions are obtained by exploiting
similarities between users or items. There are two main approaches to collabora-
tive filtering: user-based and item-based. User-based approaches explore similari-
ties between users, i.e. their rating patterns: missing ratings on an item for a par-
ticular user are filled by extrapolating the ratings given to the same item by the
user’s nearest neighbours. Item-based approaches, on the other hand, predict rat-
ings based on item similarity: the assigned rating to a given item on a given user is
calculated by analysing the ratings that the user provided for other similar items.

Collaborative RS avoid some issues encountered when using content-based fil-
tering techniques. Because they provide recommendations based solely on ratings,
the type of content that is being recommended has no impact on the process. Fur-
thermore, user-based approaches are capable of recommending items unrelated to
what the user has rated so far, but that other similar users did, hence offering
more diverse recommendations. However, other issues may arise instead:

• New user (cold-start): as with content-based filtering techniques, the system
requires first to learn a user’s preferences in order to generate accurate rec-
ommendations.

• New item: items with no ratings cannot be included in the recommendations
because the system lacks any information about them. This is the case for
recently added items, in which case time is needed until sufficient ratings are
obtained.

• Sparsity: generally, the number of ratings obtained are very small compared
to the number of unrated items, and to be able to generate recommendations
effectively, an RS requires to reach a critical mass of users. Not fulfilling this
requirement can lead to poor recommendations due to a lack of users similar
to the current one (known as the grey sheep problem), or because relevant
items do not have enough ratings yet.

Knowledge-based filtering

A knowledge-based RS makes use of predefined rules or “knowledge” about items
on a certain domain to generate recommendations, in order to meet a set of re-
quirements provided by the user. It offers advantages over previous filtering tech-
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niques, since no user base is required and gathering user information is typically
done in a conversational manner (thus, the cold-start problem is not present).
However, adding new features requires knowledge-engineering and, without a
learning component, the ability of the system for providing suggestions remains
static and does not improve over time, unlike collaborative and content-based fil-
tering techniques.

Hybrid filtering

Hybrid approaches combine collaborative and content-based filtering techniques,
with the goal of overcoming their individual limitations and reaching peak perfor-
mance. The different ways by which this is achieved can be summarized as follows:

• Implementing each approach separately and aggregating their outcomes.

• Incorporating some characteristics of one approach into a system that fully
implements another.

• Implementing a completely unified model.

Hybrid approaches can be further extended by including knowledge-based tech-
niques to address the cold-start issue and improve the general recommendation
accuracy.

In addition to sparsity, overspecialization and cold-start issues, RS also have to
face more general problems like scalability (performance of the system is often re-
duced as the number of users and items increase), robustness against untruthful
data (e.g. fake ratings inserted to decrease the recommender’s accuracy or influence
the recommendation outcome), and providing recommendations sets that include di-
verse and novel items (Khusro et al., 2016; Kunaver & Požrl, 2017).

Regardless of how recommendations are generated, the more information the sys-
tem has of users the more elaborated and accurate recommendations can be. Al-
though some information can be retrieved implicitly — e.g. browsing history, clicking
behaviour, location, social information (Kelly & Teevan, 2003) —, it is often required
to directly address users or let them have more control over their preferences. This is
achieved via interaction, which may occur at two stages of the recommending process:
user preference elicitation, and result presentation (Jugovac & Jannach, 2017). Dur-
ing the preference elicitation phase the system uses mechanisms to acquire explicit
information about user interests, which are to be utilized to generate recommenda-
tions. Some examples are ratings, likes, static profile forms, conversational inter-
faces, critiquing (i.e. user assessment of the features of a proposed item), or quizzes
(to infer information the user may not be aware of, such as personality traits or buy-
ing behaviours). After acquiring an initial set of preferences and filtering matching
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items, these are presented to the user. At this stage, the system may allow users to
give feedback and refine their preferences. This requires for users to be able to ex-
plore and learn about the suggested recommendations, thus obtaining a better idea
of their qualities and suitability. Visual presentation of items must be taken into con-
sideration, and offering access to relevant data and explanations is crucial (Papadim-
itriou et al., 2012). Users can then modify their original preferences accordingly, or
evaluate recommendations via rating or critiquing, which usually triggers a new it-
eration of the recommending process that can be repeated until one of the proposed
alternatives is chosen.

This introduction to RS has so far presented an overview of a number of challenges
that are assiduously addressed in past and current research in the field. Some of
these difficulties can be intensified when applying RS to complex multi-factor scenar-
ios like the ones studied here. For instance, a multi-actor decision environment re-
quires for recommended items to fulfil the preferences of several users at once. Ques-
tions arise about how individual preferences can be defined and aggregated, or how
recommended items are assessed and selected, all of them issues covered by a sub-
field of RS know as group recommender systems (Felfernig et al., 2018). Similarly,
the multi-source scenario has gained relevance in RS research due to the introduction
of the Internet in most aspects of daily life, which has fostered the use of recommen-
dations in a variety of areas (Park et al., 2012; Kunaver & Požrl, 2017), hence creat-
ing new opportunities for RS to access and incorporate different types of information
in their recommendations (e.g. product data, user-created, geo-social, or knowledge-
based). However, this has forced RS to use hybrid architectures through the employ-
ment of different technologies, each suitable for specific types of information sources
(Bobadilla et al., 2013), and new challenges have emerged in the search for appropri-
ate methods to integrate and present information to the user.

2.4.1 Group Recommender Systems

Group recommender systems (GRS) facilitate joint recommendations to groups of
users by considering their individual preferences (Felfernig et al., 2018). Since their
first implementation by McCarthy & Anagnost (1998), GRS have grown in relevance
and have been exploited in different areas involving group activities, such as listen-
ing to music (Crossen et al., 2002; Chao et al., 2005), watching television (Masthoff,
2004; Yu et al., 2006; Quijano-Sanchez et al., 2011), travelling (Ardissono et al., 2003;
Amer-Yahia et al., 2019), or going to a restaurant (Park et al., 2008).

GRS usually have a first stage where individual user information is collected. Af-
terwards, a collaborative filtering approach allows for four different techniques by
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which group recommendations can be generated depending on what and when user
information is aggregated (Bobadilla et al., 2013; Ortega et al., 2013):

Aggregation of recommendations: it occurs at the final stage of the recommendation
process. Recommendations for each user are calculated separately, and the set
for the group is made by merging them.

Aggregation of predictions: it happens after calculating rating predictions for each
user. These predictions are aggregated and then used to generate a recommen-
dation set.

Aggregation of neighbours: neighbours for each user are found based on their indi-
vidual similarity scores, and then joined to create a single neighbourhood of
users for the whole group.

Aggregation of preferences: individual user preferences are merged to create the
group’s preference model, which is directly used by the similarity metric.

Although the quality of the recommendations remains similar among approaches,
research shows that execution times are reduced the earlier in the process the aggre-
gation takes place, and therefore preference aggregation is the most efficient tech-
nique (Ortega et al., 2013). There is a wide range of methods by which the group’s
preference model can be constructed: from aggregating all individual preference mod-
els (Lieberman et al., 1998; McCarthy & Anagnost, 1998), to creating homogeneous
subgroups and finding a model that satisfies them (Ardissono et al., 2003), or includ-
ing additional group variables that are added to individual preferences (Beckmann
& Gross, 2010). Independently of the composition of the data to be combined, the ag-
gregation function by which user information is translated into the final group pref-
erence model also differs between existent GRS (Masthoff, 2004). The most straight-
forward method is the average strategy, where the average rating of all members on
an item is used as its group score (Ardissono et al., 2003; Jameson, 2004); the least
misery strategy focus on maximizing overall satisfaction by scoring items based on
their minimal individual rating (O’connor et al., 2001; Beckmann & Gross, 2010); the
average without misery strategy is a mix of the previous ones, which consists of us-
ing the average score but discarding those preferences where individual ratings are
below a lower limit (McCarthy & Anagnost, 1998; McCarthy et al., 2006); finally, an-
other commonly used method is the median strategy, which uses the middle value of
the rating of all group members (Jameson, 2004).

Nonetheless, all these approaches rely on the pre-existence of well-defined user
preference models, which is a requirement hard to meet under certain conditions,
such as for occasional groups that gather spontaneously or when user data is dis-
tributed among different systems. A further problem arises from the variability in
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user preferences due to situational context; that is, users may define a set of prefer-
ences when in a group situation that differs from what they would normally choose,
for the things enjoyed alone are not necessarily the same as those enjoyed with oth-
ers. The most direct way of addressing these limitations is to directly ask users to
define their individual preference model prior to the recommending process, as it is
the case for AGReMo (Beckmann & Gross, 2010); a different approach is used in the
Travel Decision Forum (Jameson, 2004), where users always start with an empty
profile, and collaboratively agree on specific group preferences during each session;
on the question of the variability of preferences depending on the context, in the Col-
laborative Advisory Travel System — CATS (McCarthy et al., 2006) — users can in-
crementally modify individual preferences to adapt them to the specific needs of the
group and influence the outcome of the recommendations. However, even in these in-
stances, group interaction during the preference elicitation phase is barely supported,
and instead occurs mainly at late stages of the recommendation process (when mem-
bers must choose an alternative among the recommended items), leaving users with
little control over the process itself. This is contrary to what happens in real world sit-
uations, where multiple actors facing group decisions interact from the beginning by
expressing their preferences, reviewing those of others, and revising their own, until
reaching a joint conclusion (Baker et al., 2001), and research has already highlighted
the important role that group discussion also plays in reaching consensus within the
GRS field (Basu Roy et al., 2010). Additionally, preventing users from actively par-
ticipating in the construction of the group’s preference model may also have reper-
cussions on the acceptance of the proposed recommendations as it can be harder to
understand the process that led to them, and therefore making a final decision may
pose a greater challenge (Lunenburg, 2010b).

Muti-actor decision-making is mainly concerned with collaboratively making
choices from a social point of view, where interaction, discussion and negotiation are
key factors. In that regard, research on GRS is increasingly concerned with support-
ing group decision-making mechanisms through the addition of interaction-based
and social functions (Alvarado Rodriguez et al., 2022). Initial approaches had to rely
on face-to-face communication, as it was the case for the system proposed by Mc-
Carthy et al. (2006), in which a collocated group could discuss recommendations and
each other’s preferences around a multitouch table. However, in today’s world group
discussion is more often performed thanks to computer-supported communication,
reason for which more modern approaches to GRS have appeared that include ele-
ments such as discussion chats, or cues to indicate user intentions or reactions, to
facilitate recommendations for non-collocated groups (Nguyen & Ricci, 2018).

Nonetheless, a research gap exists with respect to the full integration of a GRS
within a multi-actor decision setting, which should be able to support group nego-
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tiation and discussion at all stages of the recommendation process, from preference
elicitation to the selection of an acceptable alternative. User interaction comes into
play early and at various points: first, if users are aware of individual preferences of
other members, they may as well try to convince them to make modifications; if users
are granted direct control over what preferences are added to the group’s model, ne-
gotiation is necessary to decide their inclusion and importance; and finally, selecting
an alternative requires for users to discuss its suitability, and probably make conces-
sions and revisit group and individual preferences to reach mutual agreement. So
far, no research exists on a system that allows control, and provides discussion and
negotiation tools, over personal constraints, group preferences and the final selection
of alternatives (Alvarado Rodriguez et al., 2022). Hence, there are open questions on
how to effectively support decision-makers during the formulation and negotiation of
preferences, as well as to reach group consensus. In addition, it is also necessary to
define appropriate methods for presenting and organizing information on individual
and shared spaces that can be influenced by several actors at the same time.

2.4.2 Recommender Systems in Physical Shopping Contexts

So far, it has become clear the relevance of the Internet and its increasing ubiquity,
firstly as a source of complexity in multi-factor decision environments, and secondly
as the enabler of possible solutions. When it comes to retailing, the importance of the
Internet has to be stressed once again, as it made possible the rise of online stores,
and the more recent trends related to offering online services within traditional re-
tailing settings (Beck & Rygl, 2015).

Online shopping generally entails greater access to alternatives and information,
and therefore greater difficulty in making decisions (Perea y Monsuwé et al., 2004;
Chen et al., 2009). This has led to the development of mechanisms to support the
purchase decision-making process, such as comparison tools, price trackers, customer
reviews and ratings, or detailed product descriptions (Kocas, 2002; Park & Gretzel,
2010; Lackermair et al., 2013). With the same purpose, RS have also been success-
fully applied into online shopping environments, where they can collect implicit and
explicit user information, as well as access several information sources to provide
more accurate product recommendations (Schafer et al., 2001). Research on RS ap-
plied to e-commerce is extensive (Ricci et al., 2011), and has proven their useful-
ness during the purchase decision-making process to speed up the process of prod-
uct filtering, discovery, and information seeking, as well as their capacity to trans-
form browsing-only clients into buyers, improve consumer loyalty and provide cross-
selling opportunities (Schafer et al., 2001; Kourouthanassis et al., 2002). It is there-
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fore not surprising that many popular commerce websites have already included RS
for some time now, as it is the case for Amazon or eBay (Schafer et al., 2001).

More recently, the growing availability of online-capable and context-aware mobile
devices have fostered the investigation of RS in physical environments too, which, in
addition to many other applications, can be used to support customers by providing
in-store recommendations (Abbar et al., 2009; Ricci et al., 2011). RS may be particu-
larly useful in brick-and-mortar stores, where clients usually lack well-defined pref-
erences at the moment of their visit, and, instead, tend to build them progressively
as they learn about the product space (Payne et al., 1992). Existing research that
explores this topic is mostly focused on offering information and recommendations
based on the consumer’s location, surroundings, or behaviour. For instance, the sys-
tem presented by Kourouthanassis et al. (2002) keeps track of the clients shopping
list and offers promotions based on buying behaviour; Sae-Ueng et al. (2008) devel-
oped a RS that provides recommendations based on observed interactions towards
the available physical products; von Reischach et al. (2009) introduced a system for
mobile devices that lets consumers receive product data, recommendations and user
ratings of products scanned at the point of sale; Chen et al. (2015) investigated a
smart environment where RFID is used to collect user contexts with which to gener-
ate product recommendations; or the research by Fagerstrøm et al. (2020), which ex-
plores the benefits of using the Internet of Things (IoT) to create personalized offers
based on products in the basket. Prior studies demonstrate that using RS in physi-
cal environments offers advantages such as obtaining a better knowledge of the prod-
uct space and reaching more informed purchase decisions. However, most research
focuses on displaying recommendations and other information on static or handheld
devices, which means that real world offerings, and digital information and recom-
mendations are presented on different spaces, which also differ in the way clients in-
teract and navigate through them. A more homogeneous and integrated visualiza-
tion of product data and recommended items may grant benefits in terms of informa-
tion acquisition and comparison, and thus better support purchasing decisions.

Augmented Reality as Provider of In-Store Recommendations

As it was already highlighted at the end of Section 2.3.2, AR is particularly well
suited to provide on-site digital information that blends with physically present
items, while also bringing advantages in terms of information search and user expe-
rience. Therefore, enabling recommendations in physical shopping contexts through
digital augmentations would allow the combination of the enhanced decision sup-
port afforded by RS with the engaging experience delivered by AR. This represents
a promising step forward in both RS and AR research fields, and there are already
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indications that AR-enhanced product recommendations may offer some benefits in
contrast to standard browser based UIs (Huynh et al., 2018). The use of AR also
opens the door to investigating new retailing models, where digital catalogues could
be explored through the recommendations given for physical ones, and 3D augmen-
tations would enable their comparison.

Scientific and commercial spheres have already shown interest in exploring AR-
based solutions to support consumers, mostly in the shape of virtual try-on (Kim &
Forsythe, 2008; Javornik et al., 2016; Smink et al., 2019), or mobile-apps like the
Skin Advisor by Olay (2020), which detects the user’s face skin condition and recom-
mends suitable products. In spite of it, the issue of providing AR-based in-store rec-
ommendations has been largely overlooked, and only few examples exist in the lit-
erature (Zimmermann et al., 2022). To name some, Aisle 411 & Tango (2014) part-
nered to create an AR-based app for Walgreens stores to deliver product information,
personalized promotions and navigation; the research by Torres-Ruiz et al. (2020)
where the IoT and AR are used to recommend itineraries in a museum, although not
focused on retailing, could be applied to physical commerce; Mora et al. (2020) dis-
cussed the use of mixed reality to implement in-store shopping assistants that offer
personalized product recommendations; recently, Zimmermann et al. (2022) devel-
oped a prototype app for smartphones capable of providing in-store assistance includ-
ing explainable recommendations, the study of which indicates that AR assistance
offers benefits in terms of usefulness, entertainment and informativeness in contrast
to unassisted shopping, but also result in a more “irritating” process.

Altogether, there is sufficient indication that AR can be used to support the pur-
chase decision-making process by offering in-store recommendations, and other ser-
vices such as contextualized product data, explanations, navigation and easier com-
parison of alternatives. Still, due to the novelty of the approach, there are many open
questions concerning how these functions could be implemented to better support
customers, specially considering the idiosyncrasy of the consumer-journey in modern
multi-channel shopping contexts. Moreover, most consumers have little or no experi-
ence with AR, less so when it is used for non-ludic purposes. It is thus unclear what
visualization and interaction techniques are more appropriate, how consumers will
navigate and learn in a hybrid digital-physical shopping environment, or what im-
pact it may have on their decisions. There is also a need for investigating the driv-
ing factors in the acceptance of AR-based shopping assistance; classical theories such
as the technology acceptance model (Lee et al., 2003) may not suffice to justify ac-
ceptance in modern retailing contexts, where other factors, such as personality traits
(Zimmermann et al., 2022; Hermes et al., 2022), may be of greater relevance.
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On the basis of what has been presented in this chapter, recommender systems ap-
pear to offer the right tools to support decision-making in the multi-factor scenar-
ios studied in this dissertation: their main purpose is to support decision-makers by
filtering and homogenizing information from multiple sources and actors; they have
proven efficacy and extensive research in group and shopping environments; and
they are widely used and constantly evolve to make use of, and integrate with, mod-
ern technological currents. Nonetheless, there are still significant research gaps re-
garding their successful application in both multi-factor scenarios.

In the case of remote multi-actor decision environments, it is still required to find
appropriate tools to create and modify group preferences on the fly, while giving users
control over what information is shared with others. Due to the relevance of interac-
tion, discussion and negotiation between members in group decision-making, these
factors must also be present during the whole recommending process; however, such
elements have been largely under-explored in the GRS field, and it is still unclear
what information-sharing and consensus-finding methods that support social inter-
action may be more suitable under a remote multi-actor decision context.

On the other hand, the use of RS in multi-source decision environments within
a physical retailing context promises to bring benefits during the purchase decision-
making process, as suggested by previous research. However, in recent years, there
has been a revolution regarding how user data is collected and how users access and
interact with information (e.g. the emergence of the IoT or AR), for which research
is still scarce in shopping scenarios. AR appears to be particularly well-suited to
provide assistance during the purchase process, and brings exciting new opportuni-
ties to present and interact with digital recommendations. Additionally, its ability to
blend digital and physical information further enhances and complements that of RS
as source homogenizer. Nonetheless, many questions remain unanswered regarding
the possible implications that this new shopping paradigm may have on the way cus-
tomers learn, explore, and evaluate alternatives, and make decisions.



3RESEARCH GOALS AND
APPLICATION SCENARIOS

3.1 Research Goals

Research Goal 1

Identify and describe real-world complex multi-actor and multi-source decision
environments and investigate the challenges that they present.

The first research goal of this dissertation is to identify specific scenarios where com-
plex multi-factor decisions take place, with the purpose of better understanding the
implications of these type of settings and the challenges that decision-makers in these
situations have to face. Identifying all the intervening elements, and investigating
real world scenarios and their limitations, may be determinant for developing strate-
gies to provide decision support in complex multi-factor environments.

Based on the description of complex decision environments given in the back-
ground section (2.1.1), the multi-factor decision scenarios considered here can occur
at two levels: multiple actors and multiple sources. Therefore, this research is fo-
cused on two different application settings, that is, a situation where multiple ac-
tors are involved (group decision-making), and another where only one actor must
make a decision, but several sources of information are available (purchase decision-
making). In addition, the (limiting) role that technology plays in these contexts is
also taken into account, as it adds another level of complexity. A more detailed de-
scription of each application scenario and its specific research questions is provided
later in this chapter.

Research Goal 2

Develop and evaluate suitable methods by which recommender systems can be
used to support decision-making in complex multi-actor and multi-source decision
environments.

Through the investigation of the aforementioned scenarios and the challenges they
pose, this research aims at designing and developing suitable methods to support the
decision-making process that takes place in them.
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Multi-actor and multi-source settings, while similar in many aspects, differ in cru-
cial elements that makes them unique, and for which they require solutions adapted
to their particular idiosyncrasy. Consequently, it is within the scope of this disserta-
tion to design approaches that offer decision support with a focus on the two defined
multi-actor and multi-source decision environments, and that make use of current
technological advances and recommending techniques for their implementation.

A further goal consists in the assessment of the developed approaches, with the
purpose of drawing conclusions about their feasibility and effectiveness in relation to
specific criteria relative to each scenario.

3.2 Application Scenarios

3.2.1 Preference Negotiation and Decision-Making in Group
Recommender Systems

This first application context represents a situation where multiple actors must col-
laborate in defining of the preferences used to generate group recommendations, and
jointly make a final choice among the given alternatives.

Usually, group decision-making allows for more informed and better decisions, be-
cause it signifies the sum total of knowledge and information that each member in-
dividually possesses, as well as more variety regarding possible approaches to solve
a problem (Lunenburg, 2010b). However, it greatly relies on social factors related
to discussion and negotiation, through which the group can cope with disagreement
between members, and the different alternatives can be evaluated. Making a final
choice on a matter can be accomplished in different manners, such as unilaterally
(when only one group member decides), by majority, or by consensus (Bressen, 2007).
The latter is commonly seen in daily situations, like friends deciding on a restaurant
or a movie. However, reaching consensus is often the most problematic method, as it
means that all group members must agree with the chosen solution. It also implies
that members must be able to express their own preferences and sufficiently under-
stand those of the others, which requires a certain set of personal skills and group
dynamics to take place (Sager & Gastil, 2006).

Traditionally, group decision-making occurs within a physical space, where all par-
ticipants can discuss and present their arguments and preferences in person. When
members of a group are face-to-face, the one presenting his/her point of view has the
possibility to support the explanation on body-language (e.g. voice tone, look, or hand
gestures) that may help in conveying the message to the other members; likewise,
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feedback can be more directly received. Nonetheless, issues such as social pressure
or individual dominance may also arise (Lunenburg, 2010b).

The rapid development of telecommunications technology in the last two decades
has changed how people communicate (Romiszowski & Mason, 2013). This is also
true for how groups meet, and thus, the space where they make decisions (Berry,
2006). A virtual setting offers advantages over a physical one, as some of the neg-
ative implications of physical group meetings are mitigated — e.g. by allowing a
more equal contribution from all participants (Berry, 2011). Nonetheless, discussion
is heavily constrained by the limitations of the medium through which the commu-
nication takes place, and expressing oneself in a precise manner is more complicated
(Marlow et al., 2017; Damian & Zowghi, 2002). Furthermore, group discussion sup-
ported by digital technology is commonly asynchronous, which, although helpful in
reconciling participant schedules, also means longer and interrupted decision times
(Cappel & Windsor, 2000).

In addition to the aforementioned challenges of remote group decision, it is re-
quired to acknowledge the complications deriving from a consensus type of decision-
making and the complexity of finding a solution acceptable by all group members
(Bressen, 2007). Due to the digital context considered here, group recommender sys-
tems are a viable approach to help achieve group consensus, as they facilitate joint
recommendations based on the group’s preference model (Felfernig et al., 2018). Rec-
ommended items can then be taken as suitable alternatives that reduce the decision
space. However, group preferences are often the result of group interaction, and tend
to be created on the fly either because they depend on the situational context or the
group gather spontaneously. These considerations demand ways by which members
of a group can express their individual preferences and influence the outcome of the
recommendations dynamically, as well as methods to support discussion and negoti-
ation of group preferences. Nonetheless, existing approaches to GRS typically only
consider group interaction after the recommendations have been presented, and of-
fer little or no agency in the creation or direct manipulation of group preferences (Al-
varado Rodriguez et al., 2022).

Altogether, remote group decision-making with negotiation of preferences and con-
sensus support makes for a complex decision environment (Figure 3.1) that has not
been sufficiently researched, but that represents a fairly common scenario. To further
investigate it, a concept was designed for a platform that supports all stages of the
group decision process, facilitated by a group recommender system. Non-collocated
members of a group collaborate during the preference elicitation stage for creating a
shared preference model, which will be then utilized for generating group recommen-
dations. Members can discuss and negotiate about individual and shared preferences,
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which can be recursively modified through group interaction, until a suitable recom-
mendation is found. Several prototype systems were developed along these lines in
an incremental process, all of them focused on the hotel domain, with the aim to al-
low members of a group to jointly decide on which one to book.

Consensus 
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Final Choice
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Preferences

Personal

Criteria

Group Criteria

All Options
Matching

Alternatives

Personal
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Personal
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Figure 3.1: Decision-making process of a multi-actor decision scenario with negotiation of
preferences during the group’s preference elicitation stage, and consensus building to make
a final decision. Negotiation may occur at group and personal levels, after the evaluation of
current criteria and matching alternatives.

Research Questions

RQ1 What are effective means for supporting the formulation, the exchange and
the negotiation of group preferences in multi-actor recommending and decision-
making?

RQ2 How to structure the preference elicitation and construction process into pri-
vate spaces for setting up one’s individual preferences versus public spaces that
can be seen and criticized by the whole group?

RQ3 How do the proposed approach and developed system perform in terms of
usability and acceptance?
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3.2.2 Supporting Purchase Decisions in a Hybrid Physical-Digital
Setting

The application scenario focuses on a setting where relevant information is scattered
across different heterogeneous sources, and for which joint access for data collection
and examination is not trivial.

Clients of a traditional physical store, may often make a purchase decision based
on a limited set of options and little available information. First, they can only choose
from among those items that are present at the store, which in many cases greatly
reduces the number of alternatives. Second, the information that they can obtain
of each available product can only be acquired from nearby sheets or posters, the
seller’s advice, or direct physical inspection of items. This creates a scenario with a
great deal of uncertainty, either regarding the existence of other possibly better op-
tions that are not available at the store, or concerning the completeness and veracity
of the information about the products that are physically available, all of which may
prevent consumers from making a confident purchase decision. For this reason, it is
often the case for clients to make their own research before actually visiting the store,
and take time to learn more about the product space by, for instance, identifying the
most important product characteristics, finding popular options or brands, asking
opinions from friends or family, or requesting expert advice (Wolny & Charoensuk-
sai, 2014). In this manner, it is possible to make a more informed purchase decision
even within the constraints of physical retailing, an issue that takes on additional im-
portance when dealing with high-involvement products, for which making the wrong
choice can have greater and longer-lasting consequences (Zaichkowsky, 1985).

Since the apparition of the Internet and the further development of communica-
tion technologies, the way by which consumers learn about products and evaluate
their alternatives has experienced a change, and now more possibilities exist to col-
lect relevant product information during the pre-purchase phase (Klein & Ford, 2003;
Wolny & Charoensuksai, 2014). Not only product characteristics are usually easily
accessible through spatialized websites, but also the opinions of other buyers, and
extensive reviews made by experts. The readiness and accessibility of this informa-
tion, by itself, supports making a better purchase decision and finding an adequate
product (Rippé et al., 2015); however, it also means that consumers have access to a
broader set of possible purchase alternatives, whose evaluation and comparison may
result in greater mental effort and choice overload (Chen et al., 2009). As a conse-
quence, narrowing down an acceptable product may become a more complicated and
frustrating task, and multiple approaches have been taken to alleviate the challenge
of filtering and evaluating all the available options, such as product comparison tools
and recommender systems (Schafer et al., 2001; Park & Gretzel, 2010). Nevertheless,
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after deciding on a product by using online methods, many of the final purchases are
completed in physical stores, in a process that is known as webrooming (Kang, 2018),
and which highlights the importance that physical retailing still has for many con-
sumers (even among those who make frequent use of online services).

Modern technology allows a new scenario to take place, where users of online shop-
ping functions have access to them within the context of physical retailing, mostly
thanks to the use of smartphones and other mobile devices (Taylor, 2016). In such
situation, clients have simultaneous access to several information sources from ei-
ther online or physical domains. The nature, accessibility, presentation, and interac-
tion with these sources may vary greatly from one to another: from reading physical
plantlets, or direct product inspection and talk with sales personnel, to visiting on-
line portals, reading product reviews, using online shopping tools, or discovering al-
ternatives not present in the shop’s current selection of products. Despite the many
benefits that having access to more complete and varied information has during the
purchase decision process, it may also bring along issues that were already present
in online-only environments, in relation with human capacity to assess all possible
alternatives and process all available information (Chen et al., 2009). Additionally, it
may as well create new problems, such as the challenge of mentally associating dig-
ital information with that which pertains to the physical space, all of which creates
a unique and rather complex decision environment. Although the seamless integra-
tion of retailing spaces is currently a trending research topic under the term of omni-
channel retailing (Beck & Rygl, 2015), not enough research has yet been done from
a decision support perspective to cover its feasibility, as well as other aspects such
as user acceptance of these type of systems or the implications that mixed online-
physical settings may have on the purchase decision.

To answer these questions, a new approach to shopping support systems was de-
signed and implemented for augmented reality head-mounted displays (Figure 3.2).
The system makes use of new AR advances to display digital data anchored to real-
world products. These augmentations provide detailed information about product
properties, including explanations and 3D visualizations of their components to bet-
ter understand their characteristics. Product recommendations based on physically
available items are generated and displayed next to them to support the discovery
and exploration of new ones. These recommendations can be refined by critiquing the
attributes of the products they are based on. Furthermore, recommended items may
contain products not physically available, but that are part of the store’s digital cat-
alogue, which integrates and expands the accessibility to more possible choice alter-
natives. Lastly, the system features a comparison tool that allows users to compare
the attributes of up to three products at once, no matter to which reality domain they
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belong. Several prototypes were developed and evaluated, each including new incre-
mental features, and focused on vacuum cleaners as product domain.

Learning and Definition of Preferences

Final Choice

Personal

Criteria

Unified

Information

(AR)

Physical

Sources

Digital

Sources

Matching

Alternatives

Figure 3.2: Decision-making process of a multi-source decision scenario with integration of
online and physical sources via AR. Decision-makers build their preferences by exploring
the unified information and evaluating current matching alternatives.

Research Questions

RQ4 How can AR-based functions in a physical shopping scenario support the
decision-making process in relation to information access, product discovery and
purchase confidence?

RQ5 What are the implications that a hybrid physical-digital setting may have on
the way users learn and explore the digital space?

RQ6 What is the significance of consumer psychological factors in the adoption of
AR-based shopping support systems?





4CONTRIBUTIONS OF THE PAPERS
INCLUDED IN THIS DISSERTATION

Due to the cumulative nature of this dissertation, the outcome of the research pre-
sented here is grounded on the results obtained in a series of related papers. Each one
of these papers addresses one or more research questions of those specified in section
3.2. However, it may be the case for a paper to not entirely answer a certain research
question, which means that no conclusive results were obtained, or only some partic-
ular aspects were covered, in which case further research was required. Questions
that were answered in one paper were taken as assumptions in subsequent ones, al-
lowing the overall research to progress. Nevertheless, papers are self-contained and
can be comprehended entirely on their own.

This section provides a summary of all the papers that contributed to this disser-
tation, the complete version of which can be found in the Appendix. For each paper,
the following information is provided: title, authors, publication venue, current pub-
lication status, and a summary of its background, approach and results. Additionally,
research questions addressed by each paper are indicated, where signifies that it
was fully addressed, and that only partially.
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4.1 Paper I

Table 4.1: Summary of Paper I. Full manuscript on page 75.

Preference Elicitation and Negotiation
in a Group Recommender System

Authors Jesús Omar Álvarez Márquez and Jürgen Ziegler

Venue 15th IFIP TC 13 International Conference on Human-Computer Interaction –
INTERACT 2015

Type Conference Paper

Status Published

RQs RQ1: RQ2: RQ3:

Background Group recommending presents challenges such as the collection of information
from separate individual users, the situational variability of group members’
preferences, or solving the complex balance between individual and group sat-
isfaction. These aspects are closely related to group decision making, partic-
ularly the social interaction that occurs when a group of people must make a
joint decision, for which they collaboratively define criteria and choose an al-
ternative solution. In spite of that, current group recommending techniques
generally overlook the significance of group interaction.

Approach To address this research gap, a novel approach to GRS was designed that bet-
ter takes into account group interaction during the recommending process.
First, group discussion is supported during the preference elicitation stage by
allowing users the definition and negotiation of their own individual prefer-
ences. These process consists of the definition of private features that can be
added into public lists of desired attributes ordered by importance (i.e. the
user’s preference model). Individual preferences are aggregated in real time
to generate the group model, which is also made available for direct inspec-
tion by the users. Second, the evaluation of alternatives is assisted by provid-
ing tools that facilitate consensus building to collectively select a final choice.
These ideas were implemented into a GRS prototype (Hootle) that generates
hotel recommendations for a non-collocated group of people. The system was
evaluated in a user study (48 participants) to investigate the performance of
the approach regarding different group sizes and in comparison to a baseline
GRS without negotiation support.

Results Results indicate that including discussion support during the recommending
process increases the overall satisfaction and perceived recommendation qual-
ity. However, these effects are more noticeable in small groups (3 members)
and are diluted the larger the number of participants, which calls for further
investigation of the effects of group size and optimization of the scalability of
the approach. Related to this, participants expressed concern about the com-
plexity of tracking changes in individual user profiles, which makes their ne-
gotiation more difficult and results in larger group preference models.
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4.2 Paper II

Table 4.2: Summary of Paper II. Full manuscript on page 95.

Hootle+: A Group Recommender System
Supporting Preference Negotiation

Authors Jesús Omar Álvarez Márquez and Jürgen Ziegler

Venue 22nd International Conference on Collaboration and Technology – CRIWG
2016

Type Conference Paper

Status Published

RQs RQ1: RQ2: RQ3:

Background An approach to GRS with discussion support to allow the negotiation of user
preferences and group consensus building was evaluated in previous research
(Paper I). Results showed that despite providing advantages in terms of user
satisfaction and recommendation quality, the effectiveness of the approach
was limited by group size effects, which motivates a follow-up research and
the development of a revised method and prototype.

Approach A new method was developed under the same premise as the previous one:
to allow users to collaboratively create and discuss group preferences, from
which recommendations are generated and a final one is selected jointly. How-
ever, the process by which the group’s preference model is created is simpli-
fied. Instead of creating individual preference models and negotiating the in-
clusion/priority of the features in them, users are now able to manipulate the
group model directly. The new method consists of two phases: (1) users define
and propose individual features, and (2) proposed features must be accepted
by the whole group to be included in the group’s preference model. Once a
feature becomes a group preference, each member may assign an individual
importance to it, the aggregation of which defines the feature’s overall rele-
vance during the generation of recommendations. Along these lines, a second
GRS prototype was implemented to provide hotel recommendations for non-
collocated groups (Hootle+) and evaluated in a user study (39 participants) fo-
cusing on the effects of group size.

Results The outcome indicates that the new method improves the scalability of the ap-
proach, by which bigger groups showed greater satisfaction and sense of help-
fulness when using the system than did the smaller ones. Furthermore, the
dichotomy between proposed and accepted features appears to serve as a filter
that keeps the attributes in the group model low in number, since the size of
group models was consistent through group sizes. On the other hand, a lower
success rate per session was obtained for larger groups (i.e. reaching consen-
sus on the final choice), some users were still concerned about the “convoluted”
generation of the group model, and there were issues regarding the complex-
ity of the user interface which resulted in a relatively low SUS score.
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4.3 Paper III

Table 4.3: Summary of Paper III. Full manuscript on page 113.

Negotiation and Reconciliation of Preferences
in a Group Recommender System

Authors Jesús Omar Álvarez Márquez and Jürgen Ziegler

Venue Journal of Information Processing – Vol.26, 2018

Type Journal Article

Status Published

RQs RQ1: RQ2: RQ3:

Background The previously developed method for group decision making supported by a
GRS (Paper II) contemplated the inclusion of features proposed by a user into
the group model only upon approval by the other group members. However,
the additional steps introduced were found complex by some users. Questions
arise as to whether the process could be simplified to further improve the tran-
sition from individually generated attributes to group preferences, and the im-
portance that private preferences have in the process.

Approach The negotiation of preferences is redesigned to create a more streamlined pro-
cess, where group members can add desired features directly into the group
model. However, not all the features within the group model are used to gen-
erate recommendations: users may give a rating to each attribute, and only
those with the top-N highest aggregated ratings are considered. In accor-
dance, a new GRS prototype was implemented to produce hotel recommenda-
tions for groups. This time, it was specifically designed for smartphones (Hoo-
tle Mobile), which pose a more realistic scenario where group discussion may
occur today. A user study was conducted (42 participants) to assess the per-
formance of the more recent method and prototype, also considering different
group sizes. Another goal of the evaluation is to obtain a better insight into
balancing private and shared areas, as it covers, in conjunction with previous
evaluations, a wide range of preference exposure methods: from handling in-
dividual preference models only, to their suppression in favour of direct ma-
nipulation of group preferences.

Results In comparison, the more streamlined method achieved higher success rates per
session than previous ones, a significantly better SUS score, slightly shorter
times per task and group’s model size, and was not outperformed by previous
methods in any other aspect no matter the size of the group. Therefore, the
lack of private preferences does not seem to have any drawbacks in the rec-
ommendation process, while it appears to have a positive impact on the user
experience. Thanks to the examination of the three elaborated methods, it is
possible to more clearly distinguish the different aspects and phases of a group
decision process supported by a GRS, which permits the definition of an initial
model for such processes.
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4.4 Paper IV

Table 4.4: Summary of Paper IV. Full manuscript on page 129.

Augmented Reality Based Recommending
in the Physical World

Authors Jesús Omar Álvarez Márquez and Jürgen Ziegler

Venue Mensch und Computer 2018 – MuC 2018
Workshop on VR and AR in Everyday Context (VARECo)

Type Workshop Paper

Status Published

RQs RQ4:

Background Advances in augmented reality technology create new opportunities for apply-
ing recommender systems to physical contexts. This possibility, however, has
been rarely addressed by current research, despite the benefits that RS may
bring in decision-making situations such as physical shopping scenarios, more
so when coupled with other decision support functions (e.g. function explana-
tions or comparison tools). Due to the lack of research, it is unclear to what ex-
tent AR-based recommendations can support decision-makers in physical set-
tings, and no guidelines exist regarding their successful implementation.

Approach To obtain initial insight into the capabilities of AR to enable recommending
functions, a prototype application was developed able to recognize physical
printers and provide content-based recommendations after collecting the cus-
tomer’s preferences, which can be fine-tuned via attribute critiquing. The ap-
plication was developed for Microsoft’s head-mounted display HoloLens, and
its implementation allowed experimenting with different interaction (gaze-
based selection, air tapping and natural language recognition) and informa-
tion acquisition (product functionality explained via 3D augmentations, text
and text-to-speech) techniques. An embodied virtual advisor was also included
to provide guidance through the buying process and give under request infor-
mation. The prototype was evaluated in a small laboratory user study (15 par-
ticipants) from which to draw initial design guidelines and usability insights.

Results Two main conclusion were obtained from the study: first, the number of in-
formation sources should be kept as low as possible, fitting on the screen and
anchored to real world objects, to avoid breaking the immersion and disorient-
ing the user; and second, the intention to use AR technology seems to depend
largely on whether the use of AR is sufficiently justified so as not to use an-
other alternative instead. Under these guidelines, a new concept for AR-based
RS is proposed, which removes distracting elements (e.g. embodied virtual ad-
visor) and places a greater focus on using AR advanced visualization capabili-
ties to support decision-making in ways hardly replicable by other means (e.g.
aids for physical product comparison).
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4.5 Paper V

Table 4.5: Summary of Paper V. Full manuscript on page 137.

Augmented-Reality-Enhanced Product Comparison
in Physical Retailing

Authors Jesús Omar Álvarez Márquez and Jürgen Ziegler

Venue Mensch und Computer 2019 – MuC 2019

Type Conference Paper

Status Published

RQs RQ4:

Background The application of AR for utilitarian purposes is still very limited outside of
professional contexts. The revolution that physical shopping is undergoing to
match the consumer experience to that of digital retailers makes it a promis-
ing playground where AR can be applied for practical reasons, as it has the po-
tential of bringing the physical and virtual shopping experience together. In
a physical shopping scenario, consumers often rely on physically comparing
products and evaluating information obtained from flyers or salespeople. Tak-
ing online stores as reference, AR can enable the addition of purchase decision
support tools into physical scenarios, such as product comparison aids and ex-
tended product information. As this approach has not been previously inves-
tigated, it is required to find suitable visualization and interaction methods to
support consumers in the exploration of product attributes in a comparative
manner.

Approach A prototype application was designed and developed for Microsoft’s HoloLens
to learn more about the design requirements of in-store AR-based shopping
support tools with comparison capabilities. Taking vacuum cleaners as prod-
uct domain, the system is able to detect physical products and uses digital aug-
mentations to provide a detailed view of product attributes, including expla-
nations, and to increase the user’s awareness of the differences between them.
Two user studies (50 and 29 participants) were performed to assess the valid-
ity of the approach and to investigate the performance of different attribute
comparison visualization methods and interaction techniques.

Results There was a very positive overall outcome in terms of user experience and sat-
isfaction. Although the inclusion of comparison features had a low impact in
that regard, as similar results were obtained by a control group where com-
parison functions were disabled, quicker information acquisition times were
reported when comparison was enabled. When comparing the values of an at-
tribute, their absolute (unmodified) presentation was generally preferred. Im-
plicit attribute selection (through head gaze and a timer) obtained better re-
sults than explicit one (via air tapping) in terms of hedonic quality and at-
tribute examination, but requiring a more careful navigation. According to
previous studies, explicit activation may be preferred in the long term.
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4.6 Paper VI

Table 4.6: Summary of Paper VI. Full manuscript on page 149.

In-Store Augmented Reality-Enabled
Product Comparison and Recommendation

Authors Jesús Omar Álvarez Márquez and Jürgen Ziegler

Venue 14th ACM Conference on Recommender Systems – RecSys 2020

Type Conference Paper

Status Published

RQs RQ4: RQ5:

Background Physical retailing lacks the ease with which online stores provide useful data
and shopping tools. AR can help bridge this gap by enabling customers to
explore product attributes through augmentations and assisting them in the
process of understanding their differences. Further extending these functions
with recommender technologies has the potential to increase search and deci-
sion support, more so if items from the vendor’s online offerings are also in-
cluded in the AR presentation, in line with new multi-channel retailing trends.
In this case, physical products can help clients to construct their preferences
more effectively and serve as reference points to better understand the at-
tributes of digital ones. Since this concept for in-store AR-based shopping sup-
port has not been explored before, the effectiveness of product recommenda-
tions provided via AR is still unknown, as are the effects of hybrid shopping
context on the way users learn and explore the product space.

Approach To investigate the aforementioned aspects, an AR-based shopping support sys-
tem was designed and developed for Microsoft’s HoloLens. It combines prod-
uct comparison and recommending methods for both physical and online prod-
ucts, significantly extending the work described in Paper V. By using the sys-
tem, users have access to relevant attributes of physical products, and receive
recommendations of items similar to the product they are currently inspect-
ing, which can be influenced by critiquing its features. Furthermore, the com-
parison of physical products against each other and against digital ones is also
supported. The prototype was used in a small laboratory study (10 partici-
pants) to evaluate the approach and investigate the implications of a hybrid
purchase scenario.

Results The system was positively rated and perceived as useful and intuitive. Physi-
cal items influenced how the digital space was browsed, as participants focused
on the recommendations given for specific physical products, more specifically
those they considered closer to their preferences. Moreover, physical products
were regarded as helpful for forming an opinion of the ones available only in
digital form. Despite the limitations of the study (the low number of partici-
pants, the lab setting and the lack of a baseline), there is enough evidence to
consider this to be a viable approach worth to be further explored.



44 4 Contributions of the Papers Included in this Dissertation

4.7 Paper VII

Table 4.7: Summary of Paper VII. Full manuscript on page 161.

Acceptance of an AR-Based In-Store Shopping Advisor
The Impact of Psychological User Characteristics

Authors Jesús Omar Álvarez Márquez and Jürgen Ziegler

Venue 18th IFIP TC 13 International Conference onHuman-Computer Interaction –
INTERACT 2021

Type Conference Paper

Status Published

RQs RQ4: RQ5: RQ6:

Background In the coming era of omni-channel retailing, AR could be used to bring online
and physical stores together by enabling the use of digital tools within physical
shopping scenarios. This idea was explored in previous research (Paper VI)
where an approach for AR-based in-store shopping advisors was presented,
capable of providing extended product information, comparison support and
product recommendations from physical and digital catalogues. However, it is
unclear whether the use of AR technology in such context is acceptable to all
users and which psychological characteristics may determine acceptance and
attractiveness, particularly when the system involves wearing an AR headset.

Approach An exploratory study was designed to evaluate the possible implications of
psychological characteristics on the acceptance of the approach. Tools to mea-
sure relevant traits were combined to create a user profile, more specifically
the scales: Technological Adoption Propensity (TAP), Decision Style (DS, intu-
itive or rational) and Chronic Shopping Orientation (CSO, experiential or task-
focused). An online survey was conducted (63 participants) to collect data on
personal characteristics (by using the mentioned scales) and user acceptance
of the concept, showcased through videos of an improved version of the proto-
type presented in Paper VI.

Results There is an indication of the existence of some psychological traits that have
an impact on the acceptance of an AR-based in-store advisor. It was possible
to determine the presence of four well distinguished types of consumers, who
also differ in their acceptance of the system. The results show that technology-
related aspects are not the only determinants of AR acceptance, but that other
factors are involved as well. The approach is generally well-received, but users
with low TAP scores are less less likely to make use of it. Both persons whit
high TAP and those with an experiential CSO present higher acceptance val-
ues. However, AR knowledge above the average has a moderating effect on the
acceptance of users with high TAP values. Most concerns related to privacy
and social acceptance factors, the latter being more prominent among users
with intuitive DS, although these aspects may become less significant as the
technology advances and head-mounted displays become less intrusive.
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4.8 Paper VIII

Table 4.8: Summary of Paper VIII. Full manuscript on page 185.

Creating Omni-Channel In-Store Shopping Experiences through
Augmented-Reality-Based Product Recommending and Comparison

Authors Jesús Omar Álvarez Márquez and Jürgen Ziegler

Venue International Journal of Human–Computer Interaction – 2023

Type Journal Article

Status Published

RQs RQ4: RQ5: RQ6:

Background Prior publications introduced a novel approach for enhancing the in-store
shopping experience and support the purchase decision by using AR. A sce-
nario is proposed where clients can inspect products physically and digitally
by accessing contextual information via superimposed augmentations, which
can also be directly compared against that of the other products. Recommen-
dations of similar items are made available too, which are retrieved from the
vendor’s online and physical catalogues to support the union of both retail
channels. Previous evaluations of a prototype system for HMDs indicate ben-
efits in terms of item discovery and decision support, and uncover consumer
concerns and target groups. However, these studies are limited by the lack of
a baseline, which would allow a better understanding of the real implications
of using an AR-based approach for offering in-store services.

Approach To analyse the real impact of providing in-store AR functions via HMDs, a
baseline system with similar functionality but without AR technology was de-
veloped for smartphones. An online exploratory study was conducted (64 par-
ticipants) to continue the work done in Paper VII, with the objective of better
identifying consumers types and their view of AR-based and baseline systems.
It was followed by a small lab experiment (13 participants) using an updated
version of the system in Paper VI to address more specific aspects regarding
usability and user experience.

Results The outcome suggest that the proposed functions create beneficial new dy-
namics in how consumers learn about, explore, and discover products. The re-
sults in Paper VII about the existence of stable consumer types are reinforced,
but no significant differences were found between the acceptance of the sys-
tems. Providing in-store services via AR HMDs maintains and even improves
the pragmatic qualities of using the baseline system. Only the practical as-
pects of the approach influence the intention to use AR at stores, and ease of
use and usability aspects are of great importance for choosing one system or
the other. These factors appear to pose a greater challenge in the adoption of
AR HMDs than privacy and social acceptance. It is therefore more urgent to
focus on defining practical uses for AR and suitable visualization and interac-
tion methods to make HMDs competitive against more standard displays.





5CONCLUSIONS
AND FUTURE WORK

5.1 Results

Table 5.1 shows a summary of research questions addressed by each published paper,
as well as the contributions of each one of them.

Table 5.1: Research questions and contributions per paper.

Papers
i ii iii iv v vi vii viii

Complex multi-actor decision environments
RQ1 Information sharing and negotiation in GRS
RQ2 Private vs shared information spaces
RQ3 Usability and acceptance of negotiation-based GRS

Contributions:
Preference elicitation and aggregation methods • • •
Information sharing and visualization methods • • •
Effects of group size on consensus building • • •
Negotiation-driven GRS prototype implementation • • •
Model for group decision supported by a GRS •

Complex multi-source decision environments
RQ4 Advantages of providing in-store AR-based functions
RQ5 Implications of a hybrid physical-digital setting
RQ6 Effects of consumer psychological traits

Contributions:
In-store AR-based product comparison methods • • •
In-store AR-based product recommending methods • •
AR-based shopping support system implementation • • •
Effects on the purchase decision • • • •
Product exploration/discovery/learning in hybrid settings • • •
Consumer types and their acceptance of the system • •
Comparison against a non-AR baseline prototype •

Evaluations
Laboratory study • • • • • • •
Online study • •

RQ partially addressed RQ completely addressed • Outcome adds to the contribution
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Complex multi-factor decision environments can occur in a wide range of situa-
tions, and may comprise a variety of factor combinations. For the purposes of this the-
sis, we have focused on two specific scenarios, which we believe are good representa-
tives of the challenges that modern-day decision-makers may face, and in which the
use of technology is a source of complexity. Because of the unbridgeable differences
between multi-actor and multi-source decision environments, specific research ques-
tions were elaborated and investigated for each of scenario. Therefore, the investiga-
tion was divided in two independent lines of research, the results of which shed light
on the particular processes that take place in each setting, and define viable support
methods appropriate to them. In the following, each research question will be anal-
ysed separately to discuss the related results, and reference will be made to the per-
tinent papers where necessary.

5.1.1 Complex multi-actor decision environments

The research of complex multi-actor decision environments was designed in an iter-
ative manner. The first cycle (Paper I) comprised an initial conception stage for the
definition of methods to support the visualization and sharing of information, the
elicitation of individual and group preferences, and the generation of recommenda-
tions, all of them from a group negotiation and consensus building point of view. The
concept was implemented in a prototype, which was evaluated in a user study in or-
der to answer the formulated research questions. The subsequent iterations (Papers
II, III) were constructed on the results of previous ones, always focusing on the same
core elements but applying modifications based on the observed issues. The results
that follow summarize the outcomes obtained after three cycles, for which three dif-
ferent systems were developed and evaluated, each applying its own negotiation, vi-
sualization and preference aggregation methods.

RQ1: What are effective means for supporting the formulation, the
exchange and the negotiation of group preferences in multi-actor
decision-making?

An initial model to support complex multi-actor decision environments via GRS can
be draw thanks to the results obtained after the evaluation of different approaches
for the negotiation and reconciliation of group preferences (Paper III). The model
outlines the phases that group members must go through to reach consensus, where
each stage involves cognitive aspects that can be supported by the system.

1. Development of individual preferences Users make themselves aware of their
preferences, express them, reflect on them and potentially adapt them either
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based on their own insight or through interaction with other group members.
To this end, the system must provide means for users to explore and learn about
product and attribute spaces. The system should also be transparent about the
current set of individual preferences, and allow users their direct inspection
and modification.

2. Exchange of preferences Users reveal and communicate their preferences to other
group members or the whole group, either as complete preference profiles or
as single feature preferences. The system should offer tools to easily navigate
through shared preferences, and include indications about their significance for
individual members, and their impact on the group model.

3. Negotiation of preferences Group members discuss, criticize, or weight the indi-
vidual preferences or the group model as a whole, possibly involving voting
mechanisms to decide on the acceptability of individual preferences. Functions
to ease assessing, discussing, and accepting specific preferences should be in-
cluded in the system, such as links to make quick chat references, discussion
threads, or other methods to share the opinion given by a user to the prefer-
ences defined by others.

4. Evaluation and selection of alternatives Group members weight, criticize or vote
the resulting recommendations, converging on a joint decision. At this stage,
the system should provide an updated set of recommendations based on the cur-
rent state of the group model. Users must be able to explore the given alterna-
tives and propose interesting ones to the group. Functions are required to as-
sess the acceptance of proposed alternatives, as well as to allow their discussion.

It is also suggested to use a two-step process during the generation of recommen-
dations in order to provide a diverse set of alternatives, reduce individual discontent,
and foster group discussion and negotiation. After retrieving an initial set of alter-
natives based on the group model, a second “feature balancing” step can take place
to adjust the final set of recommendations to contain at least one fitting item per at-
tribute in the preference model. In this manner, group members with less popular
preferences are also given the opportunity to propose alternatives that are interest-
ing for them.

RQ2: How to structure the preference elicitation and construction process
into private spaces for setting up one’s individual preferences versus
public spaces that can be seen and criticized by the whole group?

Three different approaches to group preference elicitation have been explored in this
research (Figure 5.1). In all of them, users have a private space where they can ex-
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plore the available features and configure them to their liking. However, the ap-
proaches differ in how the selected attributes become part of the group’s preference
model.
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Figure 5.1: Approaches to group preference elicitation. Each box represents a stage in the
process. Text next to a box indicates the main actions that can be performed by users.

Approach 1: Negotiating individual preference profiles (Paper I) Attributes selected
by a member are added into the user preference model. This model is publicly
viewable, but can only be modified by its owner. An aggregation function is used
to create and update the group model, which can only be influenced by asking
other users to change their individual ones.

Approach 2: Negotiating group preferences (Paper II) Attributes selected by a mem-
ber are added into a public pool. Other members must vote to either accept or
reject a certain attribute into the group model. The accepted attributes become
part of the group’s preference model, where group members can assign an indi-
vidual relevance score to each attribute, which is then aggregated into its over-
all importance within the model. To modify the group model, negotiation must
occur, first, during the acceptance of preferences, and second, during the assign-
ment of individual relevance.

Approach 3: Negotiating the relevance of preferences (Paper III) Attributes selected
by a member are directly added into the group’s preference model. Members can
assign an individual relevance score to each attribute, which is then aggregated
into its overall importance within the model. Attributes are ranked accordingly,
and only the top N ones are used for generating recommendations. Members
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are aware of it, and must negotiate individual relevance scores to influence the
group model.

Each approach achieves a different balance between private and public spaces,
which affects what users can do, and what they must ask others to do, during each
phase of the group’s preference elicitation process. As a consequence, also the number
of interaction steps required to complete the process is different between approaches.

The outcome of the research shows that the method that requires the fewer steps
(that is, directly negotiating the relevance of preferences) is also the most efficient,
and results in a higher perception of the quality of the recommendations. In addi-
tion, this is also method with the highest group scalability, because it offers a more
centralized view of all preferences, in contrast to the other methods in which keep-
ing track of information is more difficult, either because individual preference mod-
els are displayed separately (approach 1), or because public preferences are scattered
over different sections (proposed versus accepted attributes in approach 2).

RQ3: How do the proposed approach and developed system perform in
terms of usability and acceptance?

In contrast to a non discussion-enabled GRS, the inclusion of discussion and negotia-
tion features has a positive effect on the overall user satisfaction and perceived qual-
ity of the recommendations, and offers increased probabilities for reaching group con-
sensus (Paper I). In addition, the assessment of both user satisfaction and recommen-
dation quality became more positive with each new iteration. That is, of the three
implemented systems, the more recent one, directly negotiating the relevance of pref-
erences, received the best results overall (Paper III), reaching a usability rate of “ex-
cellent” (Bangor et al., 2009). Larger groups had more trouble finding consensus due
to an increased complexity of the decision-making process, but appeared to be more
satisfied with the provided tools than smaller ones, and made a more extensive use
of the graphical interface for expressing their preferences (instead of using the chat).

5.1.2 Complex multi-source decision environments

The research of complex multi-source decision environments was designed in an in-
cremental manner. After the conception of functions to offer in-store shopping sup-
port via AR (Paper IV), an initial system with limited functionality was developed for
head-mounted displays (HMD), and evaluated in a user study (Paper V). That system
was redesigned and further extended and evaluated in following research (Papers VI,
VII). While initial papers are more concerned with the interaction, visualization and



52 5 Conclusions and Future Work

navigation aspects of the approach (Papers V, VI), the latter are more focused on the
investigation of the acceptance of such types of systems by considering, first, the ef-
fects of consumer psychological traits (Papers VII, VIII), and second, the system’s per-
formance against a non-AR baseline approach for smartphones (Paper VIII). The re-
sults that follow summarize the outcomes obtained after multiple laboratory and on-
line evaluations.

RQ4: How can AR-based functions in a physical shopping scenario support
the decision-making process in relation to information access, product
discovery and purchase confidence?

Study participants made extensive use of AR-enabled comparison and recommending
features, which gives a first indication that the tools were perceived as useful during
the decision-making process (Paper VI). On the one hand, allowing access to product
information and comparison in physical settings appears to allow for a quicker ac-
quisition of information (Paper V), even in juxtaposition to a more standard non-AR
smartphone system (Paper VIII); on the other hand, providing in-store recommenda-
tions, critiquing possibilities, and access to a digital catalogue seems beneficial for
discovering new and diverse products (Papers VI, VII, VIII). Users highly regarded ac-
cess to joint digital and physical information through AR to make the final purchase
decision, get a better view of the product space, and perform physical comparison of
products, especially when a large number of alternatives are available (Papers VII,
VIII). In this respect, not losing focus from the physical space that surrounds the user
seems to encourage product inspection and a more involved shopping process (Paper
VIII). Finally, an AR-based approach also brings added entertainment value during
the shopping experience (Paper VIII).

As possible limitations, the use of HMDs is generally perceived as a more event-
oriented approach (e.g. trade fairs or marketing actions), and issues may arise re-
garding social acceptance. In a physical store situation, a greater appreciation of the
practical value of using AR seems critical for its preference over more standard tech-
nological alternatives (Paper VIII). Additionally, it is still required to find adequate
methods to better explain the recommendations and explore the attributes in AR en-
vironments, in order to get the most out of the approach (Paper VII).

RQ5: What are the implications that a hybrid physical-digital setting may
have on the way users learn and explore the digital space?

The evaluation of the prototype systems suggest that a hybrid physical-digital envi-
ronment (i.e. where products from a digital catalogue can be compared to, and ex-
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plored through, the physical ones) has effects on aspects related to the information
search and evaluation stages of the purchasing process:

Physical products serve as filters for the digital space (Paper VI) Consumers in a hy-
brid setting make use of the physically present products to explore digital rec-
ommendations. Since these recommendations are similar to the product they
are attached to, users tend to first find a physical product that is close to their
needs, and then focus on exploring the linked recommendations. In this way,
clients seem to intuitively reduce the number of available alternatives to only
those that already meet certain criteria, and then narrow them down even fur-
ther via attribute critiquing.

Physical products showcase the digital ones (Papers VI, VII, VIII) When inspecting
digital products, participants find useful to utilize physically available ones as a
reference to better understand their attributes, and thus obtain a more realistic
perception of the qualities of digital-only alternatives. This facilitates forming
purchase preferences and the evaluation of suitable options, which ultimately
leads to a greater purchase confidence.

As for the use of AR to enable shopping support functions in hybrid environments,
the technology appears to provide a better view of the product space and physical
comparison, and users are more motivated to physically explore products than when
presenting digital information on a separated, standard display (Paper VIII)

RQ6: What is the significance of consumer psychological factors in the
adoption of AR-based shopping support systems?

The collection of psychological data from a total of 116 participants in two online
user studies made it possible to define four types of consumers according to their
propensity to adopt technology, their shopping behaviour and the way they make
decisions (Table 5.2).

Table 5.2: Overview of consumer types and their level of acceptance of in-store AR-based
functions (relative to the other types).

Type Traits Acceptance
1 Experiential shoppers, intuitive High
2 Technology adopters, highest knowledge about AR Medium
3 Technology rejectors, lowest knowledge about AR, least rational Low
4 Task-focused shoppers, most rational, least intuitive High

The analysis of their assessment of the approach indicates that there are differ-
ences in their acceptance of AR-based shopping support systems (Papers VII, VIII):
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• Experiential shoppers (Type 1) present a higher acceptance of AR-based in-
store shopping support functions, which may be directly related with the he-
donic value of AR technology and its effects on the overall shopping experi-
ence (Poushneh & Vasquez-Parraga, 2017). However, they also show more pro-
nounced concerns about privacy and social acceptance.

• Results show that higher technology adoption propensity generally correlates
with a higher acceptance of the proposed functions. Nonetheless, it also ap-
pears that the more participants know about AR (as it is the case for Type 2 con-
sumers), the lower they rate the AR-based approach; that is, AR knowledge has
a moderating effect on the acceptance of AR-based functions. This may happen
because most users are only exposed to AR for entertainment reasons, which
may increase their disbelief in the suitability of the technology for more practi-
cal purposes.

• Consumers who do not trust technology nor are interested in new technological
advances (Type 3) also present lower acceptance of in-store support. Their re-
luctance to use in-store functions is generalized, as they score AR and non-AR
systems similarly low.

• Task-focused shoppers with a marked rational decision-making style (Type 4)
express a more favourable perception of the utilitarian value of AR to access
information, compare products and discover new ones, and therefore show a
higher acceptance of the proposed AR-based in-store functions.

All consumer types agree on the better suitability of AR for special events like mar-
keting actions, rather than daily shopping activities. There is as well a widespread
feeling of concern for social acceptance, mostly due to the conspicuousness of current
HMDs.

5.2 Discussion

The study of specific complex multi-factor decision environments allowed to deter-
mine their particular characteristics and challenges, as well as opened the possibil-
ity to develop and test solutions to support decision-makers in these situations.

Non-collocated multi-actor decision environments must cope with difficulties in
the transmission of information, balance of preferences and selection of alternatives.
Data shows that the biggest challenge comes from the capability of group members
to express their own preferences and evaluate those of others. Balancing the impor-
tance of individual and group preferences is a complex matter, for which many ap-
proaches can be conceived depending on how the group’s preference model is created
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and how much agency members have to modify it. Supporting the group decision-
making process with a GRS and discussion and negotiation techniques seems to al-
leviate the aforementioned issues. The study of different methods for the negotiation
of preferences and consensus building allowed the elaboration of an initial model for
this type of systems. From the methods proposed in this research, the more stream-
lined one together with a simplified user interface appears to provide the best results
on the user experience. The final, simplified process resulting of the investigation re-
ceived good scores for usability-related criteria, scalability for larger group sizes, and
perceived recommendation quality in the case of larger groups. The proposed model
for supporting multi-actor decision environments through GRS, along with the de-
sign lessons learned from the iterative development process, provide a solid founda-
tion on which to build new research.

With respect to a multi-source decision environment, people in such situations
must face the challenge of compiling, filtering and evaluating alternatives from differ-
ent information sources, which may differ in aspects such as accessibility, availabil-
ity or reliability of the provided data. When dealing with hybrid environments where
digital and physical information coexist, the extent to which the decision-maker is
able to integrate and navigate through both information spheres has effects on sev-
eral stages of the decision-making process. Within the more specific case of making
a purchase decision, the obtained results indicate that consumers benefit from hav-
ing access to comparison and recommendation functions that support the acquisition,
understanding and evaluation of information in physical settings. Users also seem to
intuitively adapt to the specific characteristics of a hybrid environment supported by
these functions, and tend to use physical elements to explore and learn about digital
ones. Furthermore, providing such functions through AR HMDs yields greater value
in terms of product exploration and discovery than a non-AR smartphone approach,
while there is no significant loss regarding other pragmatic factors but exists a clear
advantage in hedonic ones. Nonetheless, using an AR HMD poses a higher level of
complexity, and further technological advances and research on visualization and in-
teraction techniques may be necessary to increase ease of use and decrease social ac-
ceptance concerns.

The developed approaches demonstrate the capability of current technology to sup-
port decision-making in multi-actor and multi-source situations. Although adapted
to each scenario, the use of recommendations resulted beneficial in either case. The
value of recommender systems in the decision-making process is evident, as is their
great capacity to adapt to each circumstance.

Limitations Although the results of studying the proposed scenarios can be par-
tially extrapolated to more general multi-actor or multi-source decision environ-
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ments, the developed methods have been designed to support decision-makers in
very specific situations. Both multi-actor and multi-source decision environments
can take a wide range of forms, and it is likely for each one to have its own partic-
ularities and require unique solutions. In addition, this work has focused on two
specific configurations of complex multi-factor decision environments, but there is a
third possibility that has not been contemplated here, which results from the combi-
nation of multiple actors and sources.

5.3 Conclusions and Outlook

In order to gain a better understanding of the main processes occurring in complex
multi-factor decision environments and how to support them, this dissertation has
focused on the independent investigation of two specific multi-actor and multi-source
scenarios. Insight into their characteristics and limitations was gained by studying
previous literature and conducting empirical evaluations. Support methods were de-
signed for each scenario that make use of recommender systems and new technologi-
cal advances. Their implementation into functional prototypes and subsequent eval-
uation in multiple user studies has allowed a better comprehension of the challenges
that decision-makers must face, and the implications of the proposed solutions in
that regard.

Non-collocated complex multi-actor decision environments find benefits in using
GRS that support discussion and consensus building. A model describing the phases
that a group goes through during the negotiation and reconciliation of preferences is
proposed in this dissertation, and design guidelines for negotiation-based GRS can
be extracted from the evaluation of the implemented prototypes.

Complex multi-source purchase decision environments in physical settings can
take advantage of product recommendations afforded by the use of AR-technology.
A concept for providing unified information access, product comparison and recom-
mending functions via augmentations was investigated, the evaluation of which pro-
vides valuable data about the suitability of the concept, its performance in contrast to
more standard information acquisition methods, and its acceptance among consumer
types.

The results of this research open several paths for further investigation. First,
it is possible to continue the work done in each one the proposed scenarios. The
approach here described for complex multi-actor decision-making environments re-
mains unique within its area of research (Alvarado Rodriguez et al., 2022), which of-
fers a great opportunity to keep exploring it. Similarly, decision support in hybrid
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physical-digital environments is a novel concept that relies heavily on new techno-
logical developments and requires constant adaptation to the latest innovations. Sec-
ond, the possibility exists to explore other complex multi-actor and multi-source deci-
sion environments that occur in completely different scenarios, and for which finding
specific solutions may be required. This could allow for a more general abstraction of
processes and support methodologies for multi-factor settings. Finally, the combina-
tion of multiple actors and sources has been purposely overlooked by this research,
but it could be interesting to further explore its implications.
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Abstract. We present a novel approach to group recommender systems that
better takes into account the social interaction in a group when formulating,
discussing and negotiating the features of the item to be jointly selected. Our
approach provides discussion support in a collaborative preference elicitation
and negotiation process. Individual preferences are continuously aggregated and
immediate feedback of the resulting recommendations is provided. We also
support the last stage in the decision process when users collectively select the
final item from the recommendation set. The prototype hotel recommender
Hootle is developed following these concepts and tested in a user study. The
results indicate a higher overall satisfaction with the system as well as a higher
perceived recommendation quality when compared against a system version
where no negotiation was possible. However, they also indicate that the
negotiation-based approach may be more suitable for smaller groups, an aspect
that will require further research.

Keywords: Group recommender system � Group preference elicitation �
Negotiation � Decision making

1 Introduction

Over the recent years, recommender systems have proven beneficial in supporting users
when selecting or buying items from large sets of alternatives [30]. Buying something
in a virtual shop, deciding which film to watch or planning where to go on holidays can
easily become a tedious task when solely relying on manual search and filtering
techniques, which may lead to information overload and choice difficulties. Therefore,
the importance of recommender systems has increased fast in the last years, being now
used widely throughout the internet. While the field of recommendations for single
users has already been deeply explored, the same cannot be said about group recom-
mender systems. Even though a significant number of group recommenders have been
developed in the past years [5, 18], there is still a range of issues which have not been
sufficiently investigated so far.

Most group recommending approaches rely on existing user profiles which are
either aggregated into a single group profile (model aggregation) before generating
group recommendations, or which are used for calculating individual recommendations
that are subsequently aggregated, using a variety of different strategies (recommen-
dation aggregation). However, while sufficient profile information is often not available
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in the case of single users – either due to a cold start condition, or because users do not
want their profile to be stored – this problem is even more pertinent for groups where
the likelihood of each user having a stored profile that can be exploited by the rec-
ommender is relatively low. This is especially the case for ad hoc groups who gather
spontaneously or who come from different organizational contexts. A further issue is
the situational variability of the group members’ preferences. This is also a problem in
single-user recommending, but is aggravated by the fact that the inherent heterogeneity
of preferences in a group may be amplified due to different responses to the situational
context. These issues ask for methods that can elicit group preferences on the fly and
that can aggregate individual preferences in a manner that best suits the individual users
as well as the group as a whole.

Solving the complex trade-off between the degree of satisfaction of individual users
and the group as a whole is typically attempted by applying one out of set of fixed
strategies, such as averaging the satisfaction of all group members or minimizing
discomfort for the least satisfied user. However, fixed strategies do not take the
dynamics of group settings and situational needs into account. In particular, the aspect
of social interaction when moving towards a joint decision is typically not sufficiently
supported in existing group recommenders.

In this paper, we propose a novel method that tries to approach group recom-
mendations from the point of intersection of traditional group recommenders and group
decision making theory, allowing users to collaboratively create a preference model
(thus addressing collaborative preference elicitation [28]), from which recommenda-
tions are generated. In this process, group interaction can happen at two (tightly
intertwined) stages: (1) users can online discuss and negotiate preferences stated by
others, and (2) they can discuss and rate items taken from the recommendation set to
arrive at a final consensus decision.

Following the idea that computer-mediated discussion groups have more equal
member participation [32], the goal is to avoid unfair situations in which some users
might not be satisfied with the items proposed by the system. Our system supports
remote online negotiation, although the approach can also be adapted to co-located
settings. Each user can specify an individual preference model by freely adding desired
features, using an explicit preference elicitation approach [27]. The individual prefer-
ences are then aggregated to form the group preference model and to determine an
initial set of recommendations. All members’ preferences, as well as the group
aggregation, are visible to the participants. Most importantly, individual preferences
can then be negotiated in a system-supported manner: by group discussion, members
may thus be able to convince other users to modify their preferences, so the group
model changes to better match all members’ desires. Recommendations are continu-
ously calculated and updated when the group preferences change, thus allowing users
to immediately see the effect of their actions. Different mechanisms are provided for
discussing and reaching an agreement, both for the creation of a group preference
model and for the final item selection.

In the following, we first survey related research before presenting the conceptual
aspects of our approach. We then describe the prototype implementation Hootle and its
user interface design. We report on a user study we performed with groups of different
sizes and conclude by summarizing our work and outlining future work.
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2 Related Work

While the field of recommending items for single users has already received a great
deal of attention in recent research, leading to quite effective recommendation methods,
recommender systems for groups are, in comparison, a still less deeply investigated
area. Various group recommender systems have been developed over the recent years,
starting from early systems such as MusicFX [19], a group music recommender, that
use different approaches for generating recommendations [5, 12]. However, there are
still many open research questions concerning, for example, the best approach to
aggregating individual preferences, techniques for responding to the situational needs
of the group, or supporting the social interaction processes in the group for converging
on a joint decision.

To structure the wide range of different aspects involved in group recommending,
[14] suggest a design space comprising the dimensions preference input (including
dynamic aspects), process characteristics, group characteristics, and (presentation of)
output. In the process dimension, an important aspect is how individual, possibly
conflicting preferences can be merged to obtain recommendations that best fit the group
as a whole. Although different approaches in group recommenders gather and represent
users’ preferences in different ways, they commonly use one of two schemas [12]:

Aggregation of Item Predictions for Individual Users (Prediction Aggregation).
This approach assumes that for each item, it is possible to calculate a user’s satisfac-
tion, given the user’s profile. Then, using the calculated predictions and making use of
some specific aggregation strategy, items are sorted by the group’s overall satisfaction.
In [9] a video recommender that uses this strategy is described; also Polylens [26],
a system that suggests movies to small groups of people with similar interests, based on
the personal five-star scale ratings from Movielens [8] uses this method.

Construction of Group Preference Models (Model Aggregation). Instead of pre-
dicting matching items for each user, the system uses information about individual
members to create a preference model for the group as a whole. Recommendations are
generated by determining those items that best match the group model. The number of
possible methods for creating the group’s model is even bigger than it is for prediction
aggregation strategies. For example, in Let’s Browse [15] the group preference model
can be seen as an aggregation of individual preference models. In Intrigue [1, 2] (which
recommends sightseeing destinations for heterogeneous groups of tourists) the group
preference model is constructed by aggregating preference models of homogeneous
subgroups within the main group. MusicFX [19] chooses background music in a fitness
center to accommodate members’ preferences, also by merging their individual models.
AGReMo [4] recommends movies to watch in cinemas close to a location for ad hoc
groups of users, creating the group’s preference model not only by individual model
aggregation but also taking into account some specific group variables (e.g. time,
weight of each member’s vote). Furthermore, the Travel Decision Forum [10, 11]
creates a group preference model that can be discussed and modified by the members
themselves, aiming to non-collocated groups who are not able to meet face to face,
allowing asynchronous communication.
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Regardless of whether the aggregation is made before or after generating recom-
mendations, an aggregation method that is appropriate for the specific group charac-
teristics needs to be chosen. There are a number of voting strategies, empirically
evaluated in [18], that have been used in actual group recommender systems. Some
typical strategies (and systems using it) are:

– Average strategy, where the group score for an item is the average rating over all
individuals (Intrigue, Travel Decision Forum).

– Least misery strategy, which scores items depending on the minimal rating it has
among group members (Polylens, AGReMo).

– Average without misery strategy, consisting in rating items using an average
function, but discarding those where the user score is under a threshold (MusicFX,
CATS [20–23]).

– Median strategy, which uses the middle value of the group members’ ratings
(Travel Decision Forum).

On another dimension, the question of preference elicitation has to be solved,
which is concerned with how the user-specific preference information needed to
generate recommendations is obtained. One approach is to let users rate a number of
items in advance and to derive preferences from this set of ratings. AGReMo, for
instance, requires group members to create their own model of individual preferences
before the group meeting takes place by rating movies that they already saw. In Travel
Decision Forum each participant starts with an empty preference form that has to be
filled with the desired options, so group members define new preferences for each
session. A more interactive approach, although for single user systems, is described in
[17] which requires users to repeatedly choose between sets of sample items that are
selected based on latent factors of a rating matrix. The techniques mentioned also
address the cold-start problem when no user profile is available up-front but initially
require some effort on the part of the user to develop a sufficiently detailed profile.

However, most preference elicitation techniques do not take group interaction into
account. As pointed out in [16], to obtain adequate group recommendations it is not
only necessary to model users’ individual preferences, but also to understand how a
decision among group members is reached. While research on group decision making
[31] is concerned with collaboratively making choices, focusing on the social process
and the outcome, these aspects have mostly not been addressed in the development of
group recommender systems. The process of group decision making involves a variety
of aspects, such as the discussion and evaluation of others’ ideas, conflict resolution,
and evaluating the different options that have been elaborated. Also interesting for our
research is the concept of consensus decision-making [7], which seeks for an accept-
able resolution for the whole group. Within this context, Group Decision Support
Systems (GDSS) have emerged, that aim at supporting the various aspects of decision
making [24, 25]. Only few recommender systems attempt to include aspects of group
decision theory, for instance, by introducing automated negotiation agents that simulate
discussions between members to generate group recommendations [3]. However,
supporting the entire preference elicitation and negotiation process that may occur
when users take recommender-supported decisions is, to our knowledge, not realized
by current group recommenders.
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Lastly, taking into account the social factor that is involved in group recommen-
dation, one needs to contemplate the question whether a user would be willing to
change personal preferences in favor of the group’s desires, bringing up the importance
of group negotiation. Again in the Travel Decision Forum, users are able to explore
other members’ preferences, with the possibility to copy them or propose modifica-
tions. The Collaborative Advisory Travel System (CATS) focuses on collocated groups
of persons gathered around a multi-touch table. Recommendations are made by col-
lecting critiques (users’ feedbacks respecting recommended destinations) that can be
discussed face to face, since the system gives visual support to enhance awareness of
each other’s preferences. The main difference between CATS and the system proposed
here is that the former is focused in critiquing items once they have been recom-
mended, while the latter allows negotiation already in the preference elicitation stage.

3 Preference Elicitation and Negotiation Method

The method developed involves an iterative process of specifying, discussing and
negotiating preferences in a remote collaboration setting. Instead of only discussing
recommendations produced based on user profiles, interaction among group members
is supported right from the beginning of the preference elicitation process. The overall
process comprises the following stages which are not meant as sequential steps but
which can basically be performed in any order (algorithmic and interface details are
described in the next chapter):

1. Users begin by selecting desired features from a set of attributes describing the
items available. Since the feature sets may be very large (e.g. cities in our example
hotel recommender, users can first search for the features they want and place them
in a private area).

2. By moving a feature to the user’s individual preference list, the feature becomes
active and is visible to other group members. Several features can be placed and
rank ordered according to the relevance they have for the user.

3. The individual feature lists are constantly aggregated in a common, ranked group
preference list and the recommendations that best match the current group model
are immediately generated and shown to the group.

4. Users can discuss preferences stated by others and negotiate them by using a
‘petition’ function, potentially trading in own preferences for features other users
want. Based on the discussions and negotiations, users may change their prefer-
ences which is again immediately reflected in the group model and the resulting
recommendations.

5. From the recommendations users can at any time select the item(s) they really like
and propose them to the other participants who can accept them or propose alter-
natives. Also in this stage of the process, discussions are supported by the system.

The closed loop interaction with immediate feedback in the group model and the
recommendations increases participants’ awareness of others’ preferences and the
effects their own preference changes have on the group results. The approach also
entails aspects of critique-based recommenders since users can criticize or accept
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proposed features or recommended items. In contrast to fully automated recommender
system, users have a higher level of control over the process and can easily adapt it to
their current situational needs and context.

4 Description of the System

To demonstrate our approach we designed and implemented a prototype group rec-
ommender system that employs content-based techniques. The system is in principle
applicable in a wide range of application areas, such as candidate selection, require-
ments specification, or leisure activities, as long as it is possible to obtain the properties
of the items to be recommended. For demonstration purposes, we chose hotel selection
for group travel as application area and use an Expedia dataset consisting of 151.000
hotel entries with descriptive information.

Figure 1 shows a screenshot of the user interface, described as following:

1. Feature exploration. This area consists of a set of defined filters that let users
search for specific attributes and a space to store the selected ones. For example,
filters could be location, facilities or nearby points of interest.

2. Individual preferences. Features selected in area 1 can be added here by
drag-and-drop, meaning that the user wants these features to be present (or
excluded) in the recommended items (more details in the section about Individual
Preferences). Users can also rank their preferences to express different levels of
importance.
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Fig. 1. Areas of the interface.
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3. Group preferences. A ranked aggregation of all individual preferences is displayed
in this area. It is also possible for users to navigate through the preferences of other
participants here.

4. Global chat. In this section, the group can discuss arbitrary questions that come up
in the decision process. Requests for preference changes (“petitions”) and com-
ments about specific features can also be displayed here.

5. Recommended items. Here, the items that best match the current group preferences
and their relative weight are shown. The list is constantly updated in real-time when
users add or change features.

6. Recommendations selected by users. From the recommendations area, users can
pick the items they like most, and place them here. This space works as a shared
area, so each item added here is visible to all participants.

4.1 Feature-Based Preference Elicitation

Individual preferences are defined by each group member by selecting features from
the exploration area, where they can use different filters to locate them. Later, features
can be placed into the user’s individual preference space. The system allows to specify
both positive and negative features.

Positive features. Apositive property means that a user wants it to be found in the
recommendations. Users can specify an order of preference among positive attributes
by dragging them to a higher or lower position in the list, which denotes the degree of
importance that the user gives to each feature. Multiple features may have the same
preference level.

Negative features. Negative properties are those that the user does not want to get as
feature of the recommended items. They are placed inside a subspace within the

Fig. 2. Example of preference areas belonging to two different users. The ordered list represents
the positive (desired) attributes, while the area at the bottom contains the negative (vetoed) ones.
The cost of each attribute can be found at the top-left corner.
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individual area (Fig. 2), called the veto area. Vetoed attributes have no preference
order.

Cost of features. When users specify a large number of features as preferences, several
problems may arise: first, it may be difficult to create meaningful integrated group pref-
erences because the probability that features contradict each other increases, requiring
more complex and longer negotiation processes. Second, users may over-specify their
preferences making it difficult or impossible to calculate well-matching recommendations.
We therefore decided to devise a mechanism that gently pushes users towards only
specifying the features they really want.

For this purpose, a method for measuring the cost of each feature has been
implemented. Each attribute has a related cost depending on how restrictive it is (i.e.
how many items are left after using it as filter over the database). When a user selects a
feature he or she pays for it from a limited budget. Users only have a number of tokens
to exchange for attributes so they have to choose which ones are most important. This
way, users selecting very restrictive features will only be able to create a small list of
preferences as they will cost more tokens. It is also necessary to remark that the cost for
positive attributes differs from the one for negatives. Positive attributes are more
expensive the more restrictive they are; for negative features, more restrictiveness
means less cost.

Group Preferences. While creating their individual preference lists, users can
immediately see the overall results for the group. Inside the group preference area, an
aggregation of all individual user preferences is displayed. This list is called the group
preference list. The aggregation of individual preferences is performed using a variant
of the Borda Count method, combined with rules regarding the vetoed attributes.

Borda Count is a voting method in which voters rank options or candidates in order
of preference. In standard Borda Count, each option receives a score depending on its
rank, and to obtain the aggregated score the points that each voter has given to it are
summed up. In the case at hand, not only the rank of each option has been taken into
account, but also its cost. When a user chooses to place a relatively expensive
(restrictive) feature in the individual preference list, it is fair to think that the user cares
more about this specific attribute. The equation used to calculate the aggregated score
of an attribute i is presented in (1), where u is the number of group’s members, n is the
total number of different attributes used, pij is the preference value given to the attribute
i by the user j, ci is the cost of the attribute i and λ is used to correct the importance of
the cost (with λ = 0 the result would be a standard Borda Count voting aggregation).

PAtti ¼
X

j¼0::u

1
n

n� pij
� �� �

þ kci
n

ð1Þ

Attributes only receive points if users include them in their preferences. Finally, the
group preference list is created by calculating the total score for each item and sorting
them as usual (Fig. 3).

Vetoing a feature is a strong statement, it means that the person who stated it really
does not want items with this feature. It would be desirable to avoid this feature, even if
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someone else in the group still wants it. Thus, vetoed attributes are removed from the
group preference list and will not appear in any of the recommendations.

4.2 Generating Recommendations

Based on the aggregated user preferences the system applies a content-based filtering
method to generate recommendations (Fig. 4). In content-based filtering, items are
described by a set of attributes, and each user has a profile of preferences indicating the
item properties the user likes. In our case, the individual preference set in a session
represents the full user profile, thus, the system is applicable in cold-start situations
where no user profile exists yet.

To generate recommendations, group preferences are compared to the items’
properties in order to find the best matching ones. First, the system removes all the items

Fig. 3. Resulting preference setting for the group, using the individual lists shown at Fig. 2.

Group Profile DB

Set for the groupUser 

Profile 1

User 

Profile 2

User 

Profile 3

Final set

Content-Based Filtering

Individual Satisfaction

Fig. 4. Scheme of the filtering process.
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that contain a vetoed attribute. The remaining items receive a score based on how many
positive features they match, their total score being the sum of their attributes’ values.
The value of each attribute comes defined by the Borda Count method previously
described, so attributes with higher preference levels will give higher score values to the
items containing them. For distance attributes (coordinates, regions or points of interest),
the value they were assigned by the Borda Count is modified depending on how far an
item is from the given feature (closer items obtain higher scores).

If the system would simply present the ten top scored items, it could happen that for
some users whose attributes are lower in the group preference list, no good options are
returned. Since the main purpose of the system is to provide a negotiation environment,
it seems necessary to return a well-balanced set of items, in terms of member satis-
faction. For this reason, a subset of items is extracted, within the already found, in a
way that for each user there is at least one acceptable option, but giving at the same
time importance to the items that satisfy the group as a whole. An item is considered
acceptable for a participant when his/her satisfaction level concerning this option is
higher than a given threshold. Satisfaction is calculated taking into account the indi-
vidual preference model defined by a user, in a similar way an item’s group score is
calculated, but divided by the maximum points an item could receive (that is, when an
item contains all the features a user wants). Finally, the selected items are presented to
participants in the recommendation area of the screen (5 - Recommended Items in
Fig. 1).

As said before, the system is applicable without requiring the prior availability of
stored user profiles which is particularly beneficial in group contexts for the reasons
mentioned earlier. However, in principle more complex and longer-term user profiles
could be built if past choices were saved for future sessions. If this option was used and
is acceptable for users, the interaction effort needed for specifying the desired features
could be reduced, just specifying changes in the existing profile, and possibly
increasing the precision of the recommendations.

4.3 Negotiation

User preferences are typically not a static phenomenon but are influenced by the
situational context of the group and the social interaction that takes place within it.
Users may also differ in the extent to which they have already formed their objectives at
the beginning of the group process. They may react to preferences expressed by others,
either accepting or rejecting them. They may also be willing to dispense with a desired
feature if someone else in the group accepts one of their other preferences, thus
embarking on a negotiation process with other group members. For these reasons, our
system provides several functions that specifically support discussion, negotiation and
consensus finding among group members.

Communication. Users need the possibility to express their opinions about the deci-
sion process as a whole as well as about specific preferences stated by others. To
support these types of communication, two methods are implemented in the system.
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Discussion threads and global chat. Each feature has its own discussion thread, which
means that users can access it and say what they think about a specific property,
keeping the comments organized by attribute. A global chat is also available, placed in
area 4 displayed in Fig. 1. The global chat lets participants talk about arbitrary aspects
of the current session, and also informs group members about recent updates in specific
comment threads.

Petitions. Petitions are requests such as removing a feature or changing its rank. It is
not possible to request the addition of an attribute, as adding a feature to one’s indi-
vidual list is already an implicit petition to the rest of the group: every user wants the
others to adopt the same preferences as he/she has, since this would increase the fit of
the recommendations with this user’s wishes.

Finding and Resolving Conflicts. Conflicts appear when two or more participants
want features that contradict each other. Several mechanism help to resolve such
situations. First, users can explore the individual preferences of other participants and
discuss them if a conflict occurs.

Second, once a set of recommendations is presented, users can access information
about each item recommended. Also, those entries in the group preference list that are
not fulfilled by an item are highlighted in that list. Thus, when a user likes a recom-
mendation, he/she can see the preferences that are in conflict with it and try to change
the opinion of the members who added them.

Finally, for each recommendation, the calculated grade of satisfaction of each user
can be displayed in a spider diagram, so the group may choose items that are more
balanced with respect to the members’ individual desires (i.e. are less conflictive).

Proposing Items. From the recommendation area, users are able to express their
approval for a specific recommended item by placing it into the “recommendations
selected by users” space (area 6 in Fig. 1). This step shows the group that one user likes
a recommendation and proposes it as option. The other participants now can accept it as
a good option, reject it or just ignore it, waiting for more proposals to show up.

4.4 Repeat and Decide

The “adding features-get recommendations-negotiate” cycle can be repeated several
times, narrowing down the recommendations given with each new iteration, until the
group reaches agreement. If and when consensus is reached, however, is something that
only the group itself is able to decide. As has been said in the previous section, users
can add items that they like into a shared area, so the others can express their accep-
tance about it. For some groups, the item to be finally selected may be the one that is
accepted by more than fifty percent of the members; in other cases, there may be
situations where all users have accepted an item except one who finds it unsatisfactory.
While a fixed group recommendation strategy, for example, a ‘least misery’ approach
that might seem applicable in the latter case, would always try to satisfy user needs in
one prescribed manner, we believe that the system cannot generally resolve such
decision problems. Although the system provides tools for preference specification,
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discussion and acceptance measuring, it is up to the users to decide whether a rec-
ommendation fits their needs or not and to make the final choice.

5 Evaluation

To evaluate our approach, we performed a user study with several groups comprising
between three and five users. We did not consider larger groups at this point because
we believe this group size to be typical for the application domain chosen which is
selecting a hotel for a joint leisure or business trip. Also, Hootle, our Web-based
prototype implementation of the approach, while still work in progress, is stable
enough to support this group size but still has to be tested for larger-scale trials. The
main objectives of this study were to determine the usability of the approach and
the quality of the resulting recommendations, as well as, more specifically, to analyze
the impact of the cooperative preference elicitation and negotiation tools developed.

5.1 Setting and Experimental Tasks

To assess whether the preference elicitation, negotiation and recommendation methods
developed benefit group decision processes, we tested two different versions of the
system where one served as baseline for comparison. While one system version pro-
vided the full set of functions described including group discussion support (hereafter
version D – Discussion), we restricted the second version to specifying preferences and
calculating recommendations (version ND – No Discussion), similar to a conventional
group recommender system, but still offering the possibility to specify preferences in an
ad hoc manner without using existing user profiles. We decided against using an
existing alternative group recommender for comparison because the systems would
have differed in too many aspects, making it difficult to pinpoint the specific benefits of
the proposed innovations. In both cases, we make use of a hotel database provided by
Expedia with 151,000 entries. For each hotel, a full description and a set of attributes,
including property and room amenities (within a total of 360 possibilities), locations
(258,426) and points of interest nearby (94,512) was available. We deliberately decided
to focus the negotiation and decision process on the objective properties of the items,
excluding price information which would have opened up additional questions con-
cerning economic concerns and behavior in the test groups. This aspect, however, will
be subject of future research.

We prepared two types of task scenarios with different levels of complexity:

• In an ‘introductory’ task, the group was instructed to select a hotel knowing
beforehand some common, desired attributes, as well as the location of the hotel.
This task also served as a training session for the application, to allow participants
to explore the functions and possibilities the system supplies. Two scenarios for this
task were presented:
– Your group will be participating at a conference in Berlin. As the conference

always provides lunch and dinner, you just need to find a hotel including
breakfast. Your conference takes place near the Brandenburg Gate.
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– Your group wants to enjoy some days on the beach. You already decided to go
to an apartment, as you want to prepare meals on your own. Everyone loves
Spain so you also decided to go to Marbella.

• In the ‘open’ task which was always performed after the introductory task, only
unspecific instructions were given to the group such as “Find a place to stay during
summer vacation”. The possible scenarios were:
– It is summertime. You and your friends really need to get out of the daily

routine. Discuss where to stay.
– Your group wants to do some kind of city trip. Where are you going to?

To avoid the problem that in a test situation, participants do not bring with them the
objectives and preferences they would have in a real-life decision situation, or might
comply too quickly with the wishes of other participants, we tried to artificially induce
different backgrounds and objectives for each group member. For this purpose, we
created a set of role cards for the second task, depending on the scenario used. With this
method, we expected to generate conflicts and discussion when randomly distributing
the role cards among group’s members. As an example, the role cards for the first
scenario in task 2 were (abbreviated here):

1. You’re a sport addict. You like to eat healthy and don’t trust in hotel food. You hate
giant hotels and prefer small pensions or camping sites.

2. You’re allergic to nearly everything. Vacation at a camping site would be like a
death sentence to you. You prefer the pool over the sea. You don’t want to do
anything so you prefer all inclusive.

3. You like to go for long hikes. You’re fascinated by mountains. You don’t want to
cook but you won’t be there during the day so you just need breakfast and dinner.

4. You’re into cultural things. If you go on vacation, you want to see things. You also
like to go out for dinner so breakfast only would totally fit your needs.

5. You like to party. As you won’t be able to prepare your own food, there should be
someone who helps you with this. More important is the location of your hotel.
Nobody wants to walk for an eternity to go clubbing.

5.2 Method

A total of 48 students were recruited as participants (5 male, 43 female, average age of
20.94, σ 5.018), distributed in groups of different sizes: 4 groups of 3 persons (12),
4 groups of 4 persons (16) and 4 groups of 5 persons (20). Two groups of each size ran
a full version of the system (D), while the other two groups tested the version without
negotiation support (ND). Since the system is Web-based, all users were provided with
a normal desktop computer with a display screen of 21 in and running the same
browser. They sat in a large lab room but were separated from each other and instructed
to only communicate via the means provided by the system.

Each group first received a brief introduction to the system which was dependent on
whether the negotiation support was turned on or off for the group. After a brief trial,
they were asked to work on the two decision tasks, always in the order introductory
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task – open task. Before beginning the second task, they all received randomly one of
the role cards.

For the groups using version D, a task was considered complete when they reached
consensus about their preferred hotel or when they decided that it was not possible to
find agreement. Since the groups with version ND were not able to communicate at all,
their job consisted in defining their own preference model and, when the whole group
had done this, each user separately selected a hotel from the resulting set of
recommendations.

The first task including the explanation of the system was limited to a maximum of
40 min. As the explanation was no longer necessary, the second task, although more
complex, should also be completed during this time.

After completing both tasks, participants were asked to fill in a questionnaire
regarding aspects such as the quality of the recommendations or the ease-of-use of the
system, using a 1-5 scale. The questionnaire comprised the SUS items [6] to compare
the system against a well-established baseline as well as items from two
recommender-specific assessment instruments (User experience of recommender sys-
tems [13] and ResQue [29]). The recommender-specific items were measuring mainly
the constructs user-perceived recommendation quality, perceived system effectiveness,
interface adequacy, and ease of use.

5.3 Results and Discussion

All tasks were finished within the allotted time. The D an ND groups differ on a
considerable number of criteria. The members in ND groups were not able to choose
the same hotel in a single instance. In two of these cases, some users couldn’t even find
a hotel that they liked when realizing the open task. On the other hand, all groups with
version D were able to choose one unique hotel in both tasks, despite starting the

Table 1. Results of the questionnaire (all the D/ND differences p > 0.05, effects of group size
were significant).

System version No discussion Discussion
Group Size 3 4 5 Avg. 3 4 5 Avg.

Overall 
satisfaction

m 3.40 3.00 3.70 3.39 4.33 4.00 3.60 3.92
σ 0.54 1.20 0.48 0.83 0.51 0.53 0.96 0.77

Would 
recommend it

m 3.20 2.38 3.30 2.96 3.50 3.25 3.30 3.33
σ 1.30 1.06 0.67 1.02 0.83 0.70 1.06 0.86

Would use it again
m 2.40 2.50 3.10 2.74 3.17 3.13 3.00 3.08
σ 0.89 0.92 1.10 1.01 0.75 0.99 0.66 0.77

Would use it 
frequently

m 1.60 1.88 2.30 2.00 2.67 2.75 2.70 2.71
σ 0.54 0.64 0.67 0.67 0.81 1.04 0.94 0.90

Recommendations 
were well chosen

m 3.20 3.38 3.80 3.52 4.33 3.38 4.00 3.88
σ 0.83 0.74 0.78 0.79 0.51 0.74 0.47 0.68
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process with strongly different individual preferences. To achieve this joint decision,
users had to iterate several times through the “adding features-get recommendations-
negotiate” cycle, as well as to renounce some desired features due to the influence
exerted by other members through discussions and petitions.

In terms of overall usability, both system versions received a SUS score which can
be considered as borderline good with no differences between the two systems
(ND = 68, D = 69). We performed a 2 × 3 ANOVA with system version and group size
as independent variables and questionnaire item scores as dependent variables. Most
item responses did not show significant differences between the two system versions
which may be due to the limited number of groups tested. In Table 1, we list some of
the results that were significant at a .05 level. Users in the discussion condition were
overall more satisfied with the system, are more likely to recommend it to others and
would be willing to use the system again and also more frequently. Also, the accuracy
of the recommendations was rated higher in the discussion groups. While these results
speak in favour of the discussion version, there appears to be an interesting interaction
effect between system versions and group size. Generally, satisfaction and willingness
to use and recommend the system tend to be higher for the small groups than the large
groups when discussion is available. Concerning recommendation quality, the largest
group had the highest ratings in the no-discussion condition while this is reversed in the
discussion condition where the smallest group had the highest rating. This picture is
somewhat blurred by the fact that the medium-sized groups (4 persons) had the largest
variability so there is no clear relation between group size and these variables.

For the remaining questionnaire items (which we cannot report here fully due to
space limitations) there is a tendency in favour of the discussion version both in the
items related to usability and acceptance of the system as well as concerning the fit of
the recommendations and the ease with which a matching hotel could be found.

The time needed to come to a decision differed significantly between the intro-
ductory task and open task (13,500 vs. 26,333, p = 0.05). Results concerning negoti-
ation behavior are listed in Table 2: both individual changes and number of petitions
increase with group size. In relation with Table 1, it may be concluded that users in
small groups are generally more satisfied because they were able to select more
preferences for themselves and made less changes in their individual lists (keeping their
initial wishes).

Discussion: The results of this study can only give a first indication of how well the
proposed approach works in comparison to other techniques and in different group

Table 2. Objective results (lower and upper bounds at 95 % confidence interval).

3 Participants 4 Participants 5 Participants
m LB UB m LB UB m LB UB

Time 21 31 10,9 17,2 7,23 27,2 21,5 11,4 31,5
Pref. Sel./Part. 3 2,37 3,62 2,31 1,76 2,85 2,80 2,31 3,28

Ind. Changes/Part. 7,33 1,79 12,8 10,1 4,64 15,7 13,1 7,61 18,6
Petitions/Part. 0,66 0 1,65 0,68 0 1,54 1,95 1,18 2,71
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contexts. We can see significant advantages for our approach of including discussion
and negotiation features in a group recommender in some relevant items, as well as a
tendency in favour of the system in the majority of other items. However, it appears
that the system may be more useful in small groups. This may be due to several factors:
first, as larger groups require more communication and negotiation to obtain an
acceptable end results, this may increase the complexity of the task and the interaction
effort. This may be true for other group decision making systems as well but will
require further research. A second factor may be artificially created by the experimental
method used. Since users were instructed to play the roles described in their respective
role cards, the diversity of preferences increased with group size, possibly making it
more difficult to make sense of the diverse standpoints and to lead the negotiation
towards a joint group decision. This may not be the case in typical real world settings
where group members’ viewpoints may be more homogenous due to the prior history
of the group. Also, the role card method can only be taken as an approximation of a real
situation. In any case, the observed tendencies raise interesting general questions
concerning test scenarios for evaluating group recommender systems.

6 Conclusions and Outlook

We have presented a novel approach to group recommending that provides more
interactive control over the recommendation process than typical group recommenders
and that does not require the prior availability of the group members’ preference
profiles, taking into consideration cold-start situations and potential privacy concerns.
Most importantly, the method provides discussion and negotiation support in a col-
laborative preference elicitation and negotiation process. Individual preferences are
aggregated in a group preference profile which is immediately updated when users
change preferred features or their relevance level. Also, the resulting recommendations
are continuously recalculated when group preferences change, and are always visible to
the whole group. Since producing recommendations constitutes just an intermediate
step in the group decision process, we also support group interaction in the final
decision steps where the group needs to find consensus about the item finally selected.

The proposed technique provides much higher flexibility and responsiveness to
situational needs than the fixed strategies typically used in group recommenders. While
this research has focused on specifying preferences in an ad hoc fashion, the method
can easily be extended by storing and re-using user profiles, thus reducing interaction
effort to simply adapting an existing profile. Since the preferences of other users and
resulting group preferences as well as the recommendations that match this profile are
always visible, participants’ awareness of individual and group views and of the effects
of their preference settings is increased.

Based on these concepts, we developed the prototype hotel recommender Hootle
and tested it in a user study. The results indicate a higher overall satisfaction with the
system as well as a higher perceived recommendation quality when compared against a
system version where no discussion was possible. However, we also saw an indication
of an interaction effect between group size and the two system versions which suggests
that the negotiation-based approach may be more suitable for smaller groups. Whether
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this effect is due to the increased communication effort in larger groups, or may be
dependent on the experimental scenarios used in the study is still an open question.

In future work, we aim at investigating the effects of group size more deeply and at
optimizing the system to better scale for larger groups. A further work item is to
consider alternative aggregation functions that may perform better than the Borda
Count variant currently used. Finally, we aim at further improving the user experience
with respect to the discussion and decision making features implemented. Also, more
extensive empirical studies are planned, addressing also domains other than hotel
selection.
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Abstract. This paper presents an approach to group recommender systems that
focuses its attention on the group’s social interaction during the formulation,
discussion and negotiation of the features the item to be jointly selected should
possess. The system supports a collaborative preference elicitation and negoti-
ation process where desired item features can be defined individually, but group
consensus is needed for them to become active in the item filtering process.
Users can provide feedback on other members’ preferences and change their
significance, bringing up new recommendations each time individual settings
are modified. The last stage in the decision process is also supported, when users
collectively select the final item from the recommendation set. We developed
the prototype hotel recommender Hootle+ and evaluated it in a user study
involving groups of different size. The results indicate a good overall satisfac-
tion, which increases with group size. However, the success ratio for bigger
groups is lower than for small groups, raising questions for follow-up research.

Keywords: Group recommender system � Group preference elicitation �
Negotiation � Decision-making

1 Introduction

Over the recent years, recommender systems (RS) have become an important and
widely used technology that can help users in selecting items from large sets of choices,
for example, in online shops or media portals [32]. RS are usually aimed at supporting
individual users in their search and decision-making, which is appropriate in many
cases where an item (such as a news article) is typically only utilized by a single user.
Already early on, RS research recognized that there are also situations where groups of
people utilize a product or service together, for example, when jointly going to a
restaurant or the movies. Polylens was the first system that supported group decisions
by providing recommendations based on the users’ preferences [28]. A number of
group recommender systems (GRS) have been developed since [6, 20] but there is still
limited research in this area and the question of how to optimally support a group
decision process based on recommendations is still open in several aspects. Usually,
GRS extract the information they need from existing user profiles, subsequently using
one out of two approaches for calculating the recommendations: either they aggregate
the user profiles to create a single group profile (model aggregation) before generating
group recommendations, or the recommendations are individually calculated for each
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user profile and then aggregated, using a variety of different strategies (recommenda-
tion aggregation). These approaches fail, however, when user preference data is not
available, either for single users or for the whole group, which is the case in cold start
situations. This obstacle is especially problematic for ad-hoc groups who gather
spontaneously or when user data are distributed over different unconnected systems.
A further issue is the situational variability of user preferences, which may amplify the
inherent heterogeneity of preferences due to different responses of group members to
the situational context. These issues ask for methods that can elicit group preferences
on the fly and that can aggregate individual preferences in a manner that best suits the
individual users as well as the group as a whole. In addition, other processes occurring
in group interaction, such as developing or refining one’s own preferences and
requirements based on the group discussion, or negotiating with others about the
desired features of an item, have so far been under-explored in GRS research.

In this paper, we present an approach to GRS that is based on the intersection of
conventional recommender techniques and decision-making support for groups. In a
precursor development [1], we obtained promising results but also uncovered some
issues that leave space for improvement, which motivated this follow-up research and
the development of a revised method and prototype. From the previous development,
we kept the underlying basic idea of allowing user to collaboratively create and discuss
a preference model (thus addressing collaborative preference elicitation [30]), from
which recommendations are generated. Although the old system let participants gen-
erate their individual preference model by creating public lists of features ordered by
importance that were subsequently aggregated into the group’s model, a user study
taught us that the information tended to be too complex for unexperienced users, and
that it was hard for participants to keep track of the changes, an issue that became more
noticeable for larger groups. With these concerns in mind, we reshaped the group
interaction process in a way that users do not only change and discuss their individual
preference model, but are also able to manipulate the group’s preference model
directly. In this process, group interaction can happen at two (tightly intertwined)
stages: (1) users can online discuss and negotiate preferences proposed and accepted,
and (2) they can discuss and rate items taken from the recommendation set to arrive at a
final consensus decision.

A major goal in this development was to avoid unfair situations in which some users
might not be satisfied with the items proposed by the system. Instead of applying a fixed
strategy, as is the case in most GRS, we based our work on the assumption that
computer-mediated discussion groups have more equal member participation [35]. Each
user can individually specify the features the jointly selected item should possess and
propose them to the group. The group decides through public voting which attributes
will be accepted and rate their significance, using an explicit preference elicitation
approach [29]. Features that are accepted become part of the group preference model,
which is used to determine an initial set of recommendations. By group discussion,
members may then be able to convince other users to modify their preferences that were
included into the group model. Recommendations are continuously calculated and
updated after each change, thus allowing users to see the effect of their actions imme-
diately. Different mechanisms are provided for discussing and reaching an agreement,
both for the creation of a group preference model and for the final item selection.
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In the following, we first survey related research before presenting the conceptual
aspects of our approach (Sects. 2 and 3). We then describe the implementation of the
prototype Hootle+ and its user interface design in Sect. 4. We report on a user study
performed with groups of different sizes in Sect. 5 and conclude by summarizing our
work and outlining future work in Sect. 6.

2 Related Work

While the field of recommending items for single users has already received a great
deal of attention in recent research, GRS are, in comparison, a still less deeply
investigated area. However, various GRS have been developed over the recent years,
starting from early systems such as MusicFX [21], a group music recommender, that
use different approaches for generating recommendations [6, 14]. However, there are
still many open research questions concerning, for example, the best approach to
aggregating individual preferences, techniques for responding to the situational needs
of the group, or supporting the social interaction processes in the group for converging
on a joint decision.

To structure the wide range of different aspects involved in group recommending,
[16] suggest a design space comprising the dimensions preference input, process
characteristics, group characteristics, and output. In the process dimension, an impor-
tant aspect is how individual, possibly conflicting preferences can be merged to obtain
recommendations that best fit the group as a whole. Apart from a few exceptions, group
recommenders commonly use one of two schemas for gathering and representing users’
preferences [14], already mentioned during the introduction. The first one, prediction
aggregation, assumes that for each item, it is possible to predict a user’s satisfaction,
given the user’s profile; then, making use of some specific aggregation strategy, items
are sorted by the group’s overall satisfaction. In [11] a video recommender that uses
this strategy is described; also, Polylens [28], a system that suggests movies to small
groups of people with similar interests, based on the personal five-star scale ratings
from Movielens [10] uses this method.

The second most used strategy, model aggregation, utilizes single user profiles for
generating a group preference model, which is then employed to generate matching
recommendations. There exists a high number of methods used for creating the group’s
model: in Let’s Browse [17] the group preference model can be seen as an aggregation of
individual preference models; in Intrigue [2, 3] (which recommends sightseeing desti-
nations for heterogeneous groups of tourists) the group preference model is constructed
by aggregating preference models of homogeneous subgroups within the main group;
MusicFX [21] chooses background music in a fitness center to accommodate members’
preferences, also by merging their individual models; AGReMo [5] recommends movies
to watch in cinemas close to a location for ad-hoc groups of users, creating the group’s
preference model not only by individual model aggregation but also taking into account
specific group variables (e.g. time, weight of each member’s vote). Furthermore, the
Travel Decision Forum [12, 13] creates a group preference model that can be discussed
and modified by the members themselves, aiming to non-collocated groups who are not
able to meet face to face, allowing asynchronous communication.
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Regardless of whether the aggregation is made before or after generating recom-
mendations, an aggregation method that is appropriate for the specific group charac-
teristics needs to be chosen. There are a number of voting strategies, empirically
evaluated in [20], that have been used in actual GRS. One of the most typically chosen
is the average strategy, where the group’s score for an item is the average rating over all
individuals (e.g., it is used by Intrigue and Travel Decision Forum); on the other side,
the least misery strategy scores items depending on the minimal rating it has among
group members (Polylens, AGReMo); placed somewhere in between, the average
without misery strategy consists in rating items using an average function, but dis-
carding those where the user score is under a threshold (MusicFX, CATS [22–25]); as a
final example of most used aggregation methods, the median strategy uses the middle
value of the group members’ ratings (Travel Decision Forum).

On another dimension, the question of preference elicitation has to be solved,
which is concerned with how the user-specific preference information needed to
generate recommendations is obtained. One approach is to let users rate a number of
items in advance and to derive preferences from this set of ratings. AGReMo, for
instance, requires group members to create their own model of individual preferences
before the group meeting takes place by rating movies that they already saw. In Travel
Decision Forum, each participant starts with an empty preference form that has to be
filled with the desired options, so group members define new preferences for each
session. A more interactive approach, although for single user systems, is described in
[19], which requires users to repeatedly choose between sets of sample items that are
selected based on latent factors of a rating matrix. The techniques mentioned also
address the cold-start problem when no user profile is available up-front but initially
require some effort on the part of the user to develop a sufficiently detailed profile.

However, most preference elicitation techniques do not considerate group inter-
action. As pointed out in [18], to obtain adequate group recommendations it is not only
necessary to model users’ individual preferences, but also to understand how a decision
among group members is reached. While research on group decision-making [33] is
concerned with collaboratively making choices, focusing on the social process and the
outcome, these aspects have mostly not been addressed in the development of GRS.
Group decision making involves a variety of aspects, such as the discussion and
evaluation of others’ ideas, conflict resolution and evaluating the different options that
have been elaborated. Also interesting for our research is the concept of consensus
decision-making [9], which seeks for an acceptable resolution for the whole
group. Within this context, Group Decision Support Systems (GDSS) have emerged,
that aim at supporting the various aspects of decision-making [26, 27]. Recent
examples of GDSS are Choicla [34] (domain-independent decision-making tool) or the
popular Doodle [8] (event scheduling). Only few GRS attempt to include aspects of
group decision theory, for instance, by introducing automated negotiation agents that
simulate discussions between members to generate group recommendations [4].
However, supporting the entire preference elicitation and negotiation process that may
occur when users take recommender-supported decisions is, to our knowledge, not
realized by current GRS.

Taking into account the social factor that is involved in group recommendation, one
needs to contemplate the question whether a user would be willing to change personal
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preferences in favor of the group’s desires, bringing up the importance of group
negotiation. In the Travel Decision Forum again, users are able to explore other
members’ preferences, with the possibility to copy them or propose modifications. The
Collaborative Advisory Travel System (CATS) focuses on collocated groups of per-
sons gathered around a multi-touch table. Recommendations are made by collecting
critiques (users’ feedbacks respecting recommended destinations) that can be discussed
face to face, since the system gives visual support to enhance awareness of each other’s
preferences. The main difference between CATS and the system we propose is that the
former is focused in critiquing items once they have been recommended, whereas the
latter allows negotiation already in the preference elicitation stage.

3 Preference Elicitation and Negotiation Method

The approach here described is built on the idea of letting users remotely collaborate to
create the set of preferences that will conform the group’s preference model. As a
result, users do not discuss only about recommendations, but also about which attri-
butes should be examined by the system when exploring the items to recommend. For
doing so, preferences are evaluated in a process that involves interaction among group
members almost since its very first stage until the last one. The result will be a very
well narrowed set of preferences and a collection of recommended items matching the
group’s overall wishes. The overall process is carried out as follows:

1. Each participant can individually select the features that the recommended items
should contain by placing them in a private area.

2. Once a feature is selected, the user may propose it to the rest of the group, together
with the importance this user thinks that this feature deserves.

3. By proposing a feature, it becomes visible to the whole group, which will decide
whether to accept it as a filter or not using the voting system provided.

4. If the feature is accepted, it becomes an active filter and influences the recom-
mendations depending on its significance. A feature’s significance is calculated by
aggregating the importance level that each user has given to it. Significance is
adjustable at any moment, bringing up new recommendations after any change.

5. Finally, a user is able to highlight specific recommended items and to state an
opinion (via voting/discussing) about the ones that have been selected by the rest of
users. More features can be proposed, accepted and rated continually, so the rec-
ommendations are narrowed until the group finds an item that satisfies their needs.

The proposition pool and the possibility to specify the filters’ importance indi-
vidually, having immediate feedback in the group model and the recommendations
increases participants’ awareness of others’ preferences and the effects their own
preferences have on the group results. The approach also entails aspects of
critique-based recommenders since users can criticize or accept proposed features or
recommended items. In contrast to fully automated recommender system, users have a
higher level of control over the process and can easily adapt it to their current situa-
tional needs and context.
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4 Description of the System

Following the aforementioned guidelines, a new, completely redesigned version of the
Hootle GRS described in [1] was implemented. The prototype makes use of
content-based techniques and is applicable to many different domains, provided
properties of the items to be recommended are available. For demonstration purposes,
we chose hotel selection for group travel as application area and used an Expedia
dataset consisting of 151.000 hotel entries with descriptive information.

The different areas in which the interface is divided are shown in Fig. 1.

1. Feature exploration. Area for exploring item features by using a set of given filters
(e.g. location, facilities or nearby points of interest). It is also possible to provide an
importance level and to specify if the attribute is negative or positive.

2. Proposed features. Proposed features are shown into this area, which is shared by
all participants. Voting is enabled for each proposed attribute, which can be
accepted as a group filter, rejected or vetoed, depending on the results.

3. Accepted features. This area contains the attributes that have been approved (or
vetoed) by the group. Together with their specific significance level (individually
set by group members), these attributes conform the group’s preference model.

4. Recommended items. The system calculates and displays recommendations into
this area. The list is constantly updated in real-time when some group filter is
added/removed or its significance changes.

5. Selected items. Recommended items selected by users are placed here, so other
participants can see them as well.

6. Chat. Chat to discuss arbitrary questions that come up during the decision process.
Specific discussion threads for attributes and items are provided too.

1. Feature
Exploration

2. Proposed Features

3. Accepted Features

4. Recommended
Items

5. Selected Items

6. Chat

Fig. 1. Areas of the interface.
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4.1 Collaborative Preference Elicitation

Selecting New Attributes. This is the first step in a process that might be repeated
several times. Users create new attributes by searching them through the filters located
into the “feature exploration” area. Creating an attribute to propose it as a group filter
(which means being part of the group’s preference model) consists in selecting one of
the attributes provided by the system and adding the value, type and importance
attached to it (Fig. 2). Possible attribute types are positive (the attribute should be part
of the recommendations features) and negative (where the opposite is preferred). For
the price related attributes, “negative” and “positive” types are changed for “higher”
and “lower” types. The importance level is a number between 1 and 100 that deter-
mines how relevant is the attribute in question for its creator.

Proposing an Attribute. Action that means moving a feature into the “proposed
features” section of the interface, where attributes become visible for the whole
group. When an attribute enters this phase, voting is enabled. Votes are not anonymous,
opening the door to discussion and negotiation regarding the acceptance or rejection of
the proposed features. Group members have four different choices to vote for (Fig. 3):

• To accept an attribute (blue check mark). The user acknowledges the attribute and
agrees in creating a group filter from it.

• To stay neutral (grey dot). The user doesn’t care about the attribute, but doesn’t
have any reason for not including it if others wish to do so either.

Fig. 2. Definition of two positive attributes and their negative counterparts. Importance level is
specified by the slider under the attribute and displayed as a value at the right side.

Fig. 3. Proposed attribute showing its importance level and voting results so far.
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• To remove an attribute (red cross). A user manifests willingness to remove an
attribute, although proposed attributes can only be removed by their creators.

• To veto an attribute (black slash). Vetoing an attribute prevents the system from
using it as an active filter, even when a majority of group members has accepted it.
An attribute vetoed by the whole groups becomes a veto filter and every single item
containing it will be removed from the calculated recommendations.

Creating the Group Preference Model. Attributes that make it through the voting
process are moved to the “accepted features” area. Features inside this area, together
with their significance, conform the group preference model. Significance of an attri-
bute is calculated using a predefined aggregation function over the importance level
that each user has given to the attribute in question. Individually assigned importance
levels are public knowledge among the group (Fig. 4).

An attribute that has been already accepted can be removed if the majority of the
group want to do so. A removed group filter is returned to the proposed features area.

4.2 Generating Recommendations

The system takes the given preference model and explores the DB using a
content-based filtering method (Fig. 5). In content-based filtering, items are described
by a set of attributes, which are compared against the preference model of a user (in our
case, the collaboratively created group model). Because the preference model is created
from scratch in each new session, the system is applicable in cold-start situations where
no user profile exists yet. Items in the DB are scored depending on how many positive
attributes they contain and their significance (items with negative attributes will receive
negative scores, while items containing vetoed features are removed). Once the items
have been rated, the system extracts those with the highest scoring.

Every time that the group’s preference model changes, new recommendations are
obtained, enabling real time feedback. It could happen that none of the collected items
completely fulfills the group model. In the case that only the top rated items were
selected, it would be possible that for some of the attributes inside the group preference
model not a single matching recommendation were provided. Because the system’s

Fig. 4. Accepted feature. Individual importance levels and group significance are displayed.
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raison d’etre is to serve as a tool for discussion and consensus finding within the
context of GRS, it makes sense to try to return a well-balanced set of recommendations,
allowing these who have chosen less popular attributes to be an active part of the
negotiation process. Thus, a further step is done before sending the found recom-
mendations to the session’s participants, attempting to collect a set of items where there
is at least one fitting item per attribute in the preference model.

As firstly said, the system does not require of any previously stored user profiles,
something of a great usefulness when dealing with a group situation for the reasons
mentioned earlier. Nevertheless, there is still plenty of room for expanding the method
with more complex and longer-term user profiles, built upon the user’s past choices.
The interaction effort needed to specify the desired features could be lightened by
starting the session with some auto-generated proposed features or letting the system
elaborate a preset group preference model. Increasing the precision of the recom-
mendations could also be a possibility by using attributes that participants have not
defined for the current session, but knowing that they were selected in the past.

4.3 Negotiation

Many of the preferences stated by a user depend to a great extent on the situational
context of the group and the social interaction that takes place within it. Opinions can
be influenced by others through negotiation, making possible the reconciliation of
adverse points of views. Thus, group decision making is an important part of the
process and group agreement may not be found without an appropriate set of tools
supporting discussion, negotiation and consensus finding.

Communication. Being able to talk, explaining the own decisions and questioning the
reasons of others are fundamental actions in group decision making; therefore, written
communication (for non-collocated groups) is of great importance. It is supported via
chat and enhanced by other mechanisms, detailed in the following paragraphs.

Selected Features Area 
(Group Profile) 

DB

Set for the group

Feature 
Creation
Area 1

Feature 
Creation
Area 2

Feature 
Creation
Area 3 Final set

Content-Based Filtering

Feature Balancing

Proposed Features Area 

Fig. 5. Scheme of the filtering process.
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• Chat. A general chat is provided where users can discuss questions that involve the
whole process. Besides it, specific discussion threads for each attribute and rec-
ommendation are available too, keeping comments organized.

• Significance. A visual mechanism for expressing an opinion in relation with a
particular feature. Each attribute has a slider that allows the users to individually
define how important a feature is for them (within a scale from 1 to 100). This
action, besides helping the system to generate the recommendations, provides to the
rest of users a quick view of who likes and who dislikes an attribute.

• Voting. Users can express their consent to accept/remove/veto an attribute by
voting. Votes are not anonymous, which means that a user knows at any moment
what the others think about the feature at issue, giving them the chance to convince
the other members and negotiate the outcome of the polling. Much the same hap-
pens with the recommended items, where users are able to vote recommendations
up and down.

Conflict Resolution. A conflict appears when two or more participants want features
that contradict each other. This situation is reflected by the system when the same
attribute is proposed twice, once positively and once negatively, or when two
incompatible (but different) attributes are added. For the first case, when one of the
attributes is accepted by the group as filter, the other one is removed and no further
discussion is needed. However, the second circumstance is a little bit trickier, because
in many cases the system is not able to notice the contradiction by itself and the task of
dealing with them relies on the users. As an attempt to support the participants visually,
they have access to information about each recommended item. Those entries in the
group preference model that are not fulfilled by an item are highlighted in red color, so
a user can easily tell apart the conflictive attributes and try to change the opinion of the
members who added them, with the expectation of removing them or lowering their
significance.

4.4 Towards the Right Decision

Finding a recommendation that matches the group whishes may require several tries.
Usually, it will be necessary to move through the different stages of the process in a
cyclic and iterative fashion, modifying the group preference model and exploring the
new recommended items once again. When negotiation and discussion are the driving
force of this changes, with each new iteration the group should get closer to a solution,
optimizing the group filters and narrowing down the recommendations.

Nevertheless, even when the process is carried out properly, the criteria for
selecting the “right item” may differ from one scenario to another: in some cases, it
could be the one that has been accepted by the majority; in others, it could be unac-
ceptable to choose an item that has been rejected by only one member of the
group. While a fixed group recommendation strategy might be used, we believe that the
system cannot generally resolve such decision problems. Our approach provides tools
for preference specification, discussion and acceptance measuring, but it is not possible
to talk about the one right solution when dealing with group decision making in a real
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life situation. Ultimately, it is up to the users to decide whether a recommendation fits
their needs or not and to make the final choice.

5 Evaluation

To evaluate our approach, we performed a user study with several groups comprising
either three or six users, which is the range of group sizes we expect to occur in real
applications. In a user study with the previous system version, we noticed an interesting
correlation effect between group size and satisfaction, but had groups of three, four and
five members, which may have limited the reliability of the results due to the limited
range. We thus decided to slightly increase the range and focus on the extreme values.
We also set up a group who used a limited version of the system with discussion
facilities disabled as control, but for practical reasons could only set up one group of
each size, leading to inconclusive results that are not further considered here. The main
objectives of this study were to determine the usability of the approach and the quality
of the resulting recommendations, as well as, more specifically, to analyze the impact
of the cooperative preference elicitation and negotiation tools developed.

5.1 Setting and Experimental Tasks

We made use of a hotel database provided by Expedia with 151,000 entries. For each
hotel, a full description and a set of attributes, including property and room amenities
(within 360 possibilities), locations (258,426) and points of interest nearby (94,512)
were available. We prepared two task scenarios with different levels of complexity:

• In an ‘introductory’ task, the group was instructed to select a hotel knowing
beforehand some common, desired attributes, as well as the location of the hotel.
This task also served as a training session to allow participants to explore the
functions and possibilities the system supplies. The following scenario was pre-
sented –“Your group will be participating at a conference in Berlin. As the con-
ference always provides lunch and dinner, you just need to find a hotel including
breakfast. Your conference will take place near the Brandenburg Gate.”

• In the ‘open’ task, which was always performed after the introductory task, only
un-specific instructions were given to the group. The scenario used for this task was –
“It is summertime. You and your friends really need to get out of the daily routine.
Discuss where to stay.”

To prevent participants from complying too quickly with the wishes of other users,
we artificially induced different backgrounds and objectives for each group member.
For this purpose, we created a set of role cards for the second task that were randomly
distributed among group’s members, with the intent of generating conflicts and dis-
cussion. A problem detected in the precursor study was that the roles used were so
different one from each other that in many cases they created an artificial situation that
is not commonly found in real life, where groups that plan to travel together tend to
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share similar preferences. Thus, for this occasion the roles were simplified and created
with shared characteristics:

1. You love shopping and you are interested in cultural things.
2. You are interested in cultural things and clubbing.
3. You love partying every night. During the day, shopping keeps you awake.
4. You like to spend your time on the beach. When that is not possible, hiking fits well.
5. You prefer to hike the whole day and do sport related activities.
6. You are a sport addict and you love the beach.

5.2 Method

39 people (22 females, 17 males, average age of 22.63, r 3.65) took part in the study,
distributed in 5 groups of 3 participants and 4 groups of 6. Since the system is
web-based, all users were provided with a normal desktop computer with a display
screen of 21” and running the same browser. They sat in a large lab room but were
separated from each other and instructed to communicate only via the means provided
by the system.

Each group first received a brief introduction to the system and was asked to work
on the two decision tasks, always in the order introductory task – open task. Before
beginning the second task, they all received randomly one of the role cards. A task was
considered complete when the group found consensus (i.e. agreed on a hotel) or the
time ran out (25 min maximum per task).

After completing both tasks, participants were asked to fill in a questionnaire
regarding aspects such as the quality of the recommendations or the ease-of-use of the
system, using a 1–5 scale. It comprised the SUS items [7] as well as items from two
recommender-specific assessment instruments (User experience of RS [15] and ResQue
[31]). The recommender-specific items measure the constructs user-perceived recom-
mendation quality, perceived system effectiveness, interface adequacy, and ease of use.

5.3 Results and Discussion

Not all groups were able to find a solution, reaching the time limit for the tasks. For the
3 person groups, agreement was always achieved in contrast to the 6 person groups,
where only a 25 % of the tasks were completed with consensus regarding the item to
select. An average success rate over all sessions of 66 % was reached. Despite the low
success ratio for the bigger groups, the percentage of agreement among users (par-
ticipants who selected the same hotel) was 77 %, as shown in the objective data listed
in Table 1. Time needed per task was higher for the 6 people groups, as well as the
amount of individual preference changes made per user (importance level, vote
selection), but the number of comments written per user in the bigger groups was lower
than in 3 people groups. This could mean that participants in bigger groups made a
more extensive use of the graphical interface for showing their wishes and opinions to
the rest of the group, because relying only in chat communication for transmitting ideas
is usually more complicated the more people are writing at the same time. Despite these
differences, both group types elaborated preference models with similar sizes.
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In relation to the usability of the system, it received a SUS score of 65, placing the
prototype slightly under the average. An independent-samples t-test was conducted to
compare the items of the questionnaire, taking group size as independent variable.
While many items did not show big difference between cases (Table 2), some con-
clusions can be extracted from them. In general, it seems harder for bigger groups to
find recommendations that match the participants’ individual wishes and to agree with
the rest of members, which is a logical consequence of group size increase. Interesting
is the fact that the groups of 6 are in general more satisfied with the tool than the
smaller groups, despite being easier for the latter to find a solution through consensus.

Discussion. The outcome of the evaluation seems to indicate that some of the issues
found during our previous study have been lessened, specifically the one related with
how well the system scales up with group size. Even if having bigger groups increases
the complexity of the decision-making process, the results point to a greater satisfaction
and sense of helpfulness when using the system. This is more noticeable when one
looks to the preference model size, which is almost the same through group sizes

Table 1. Objective results. Lower (LB) and upper (UB) bounds at 95 % confidence interval.

3 people groups 6 people groups Avg.
m LB UB m LB UB m

Time per task (minutes) 13,60 10.18 17.01 17,63 13.8 21.43 15,61
Preference Model Size 6,10 3.85 8.34 6,38 3.87 8.88 6,23
Changes per user 12,33 6.123 18.54 14,56 11.09 18.03 14,35
Comments per user 7,16 2.42 11.90 6,41 3.77 9.06 6,92
Solution found 100 % – – 25 % – – 62.5 %
Agreement among users 100 % – – 77 % – – 88 %

Table 2. Some results of the evaluation.

Group size 3 6 Avg.
m r m r m r

The recommended items fitted my preferences 4.00 0.50 3.83 1.16 3.88 1.02
I liked the items recommended by the system 3.78 0.83 3.79 0.88 3.79 0.86
*It was very easy to find a good solution together 3.78 1.09 2.62 1.31 2.94 1.34
The other team mates agreed my opinion 4.00 0.70 3.29 1.19 3.48 1.12
*Even with different opinions we could find a good
compromise

4.44 0.73 3.46 1.06 3.73 1.06

I can make a better choice with the system 3.78 0.97 3.96 1.2 3.91 1.18
I can find a solution in less time using the system 3.56 1.33 4.04 1.08 3.91 1.15
I think the program is easy to use 3.67 0.87 3.46 1.06 3.52 1.00
I think the functions in this program are well integrated 3.56 0.88 4.00 0.72 3.88 0.78
In general, I am satisfied with the system 3.56 1.13 4.33 0.96 3.76 1.00

*Significant (p < 0.05)
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indicating that users limited the number of preferences expressed in a well-considered
manner in order to facilitate consensus finding. The low ratio of solutions found for the
6 people groups could be explained as a consequence of limiting the time to finishing a
task to only 25 min, but further research may be needed in order to obtain some final
conclusions. In a real world situation, where the time span for finding a solution in a
non-collocated group setting could be days or even weeks, and where individual
preferences may tend to be more homogenous without artificially inserting roles, a
higher success ratio would be expected.

6 Conclusion and Outlook

We have presented an approach to group recommended systems, which enables col-
laborative preference elicitation on the fly, avoiding a cold-start situation and providing
more control during the recommendation process. The system supports negotiation and
discussion during the preference elicitation and item selection phases. Participants can
freely define and propose features, adding them to a shared pool of attributes where the
group will collaboratively select those to conform the group preference model. Once
the attributes are extracted, users are able to individually assign an importance level to
each one of them and the system calculates their significance to the group. Recom-
mendations are then generated after the given group preference model and will be
recalculated each time that it changes. Recommendations are shown to the group
members, letting them to select and discuss about those that they like, or to redefine the
group preference model to obtain new recommended items.

The technique here described provides higher flexibility and awareness than the
fixed strategies typically used in group recommenders. Since preferences and matching
recommendations are always visible, participants’ awareness of individual and group
views and of the effects of their preference settings is increased.

Based on prior work, a novel prototype version of a hotel group recommender
Hootle+ was developed, following the ideas described above. The results of the user
study we conducted show that the new system appears to handle bigger groups better
than the previous system version which did not allow users to influence the group
model directly. On the other hand, we obtained a lower success rate per session, which
may be due to tighter time constraints.

A work in progress is the idea of having different privileges levels defined within a
session, which could be assigned to participants so their opinions would have distinct
weights when voting or calculating the significance of an attribute (e.g. expert’s
opinion). This feature would also allow creating personalized rules for vote counting in
relation to the acceptance or rejection of a feature, conferring even more flexibility to
the system. It is planned to add moderator specific functions too, enabling a user to
control the session’s flow and to take the final decision. In future work, we will also
further improve the usability of the interface, which raised some negative comments in
the study. Furthermore, a detailed empirical comparison to a suitable baseline system is
planned. In addition, receiving feedback from real groups of users would be a solution
to the problem inherent to the use of artificial roles during the test sessions, so we are
considering an online version with a realistic use case for future research.
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Abstract: This article presents an approach to group recommender systems that focuses its attention on the group’s
social interaction during the formulation, discussion and negotiation of the features the item to be jointly selected
should possess. Current group recommender techniques are mainly based on aggregating existing user profiles or on
a profile of the group as a whole. Our method supports collaborative preference elicitation and negotiation process
where desired features have to be chosen individually, but group consensus is needed for them to become active in the
item filtering process. Users provide feedback on the selected preferences and change their significance, bringing up
new recommendations each time individual settings are modified. The last stage in the decision process is also sup-
ported, when users collectively select the final item from the recommendation set. We explored the possible benefits
of our approach through the development of three prototypes, each based on a different variant of the approach with
a different emphasis on private and group-wide preference spaces. They were evaluated with user groups of different
size, addressing questions regarding the effectiveness of different information sharing methods and the repercussion of
group size in the recommendation process. We compare the different methods and consolidate the findings in an initial
model of recommending for group.

Keywords: group recommender system, group preference elicitation, negotiation, decision-making

1. Introduction

Recommender systems (RS) are well-established tools that aim
at supporting users in choosing items, such as products, movies
or hotels, from large sets of alternatives [36]. RS are widely ap-
plied in applications such as online shops, news portals, or media
platforms and have been shown to have strong commercial im-
plications, e.g., by increasing the number of sales [32]. A wide
range of recommender techniques have been developed, both in
academia and industry, that are mostly based either on users’ rat-
ings of items (provided explicitly by the user or implicitly based
on interaction behavior or purchases) which is known as collabo-
rative filtering, or on properties of the items themselves (content-
based filtering). Classical approaches to collaborative filtering
apply k-nearest neighbor techniques for identifying users with a
similar rating behavior and predicting the user’s rating for un-
known items through weighted averages of similar users’ ratings.
Although the basic techniques have been refined and expanded
over the years, a major assumption in most of them is that users
have personal preferences that are stable and do not change over
time. While this assumption may be considered questionable
in the case of single-user recommendations (and has been aban-
doned in several research works), it is even more problematic if
one wants to recommend items to a group of persons. There are
numerous situations where the decision to buy or use a particular
product or service needs to be taken by a group of people, for ex-
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ample, when jointly going to a restaurant or to the movies. The
complexity of arriving at a joint decision acceptable to all group
members is mostly higher than in the individual case since the
preferences of the group members will typically differ and may
be hard to reconcile. It is indeed not obvious what the preferences
of a group are and how they may be derived from the preferences
of their individual members. Due to the communication and so-
cial interaction in a group that happens before taking a joint deci-
sion, the overall preferences of a group tend to be more dynamic
than in the single-user case and often only emerge in the group
interaction process. This aspect needs to be taken into account
when designing group recommender systems, but it has not yet
received sufficient attention in that specific research field.

Already early on, RS research recognized that RS may have a
role in facilitating group decisions, provided they offer appropri-
ate functions for dealing with diverse user preferences and the
characteristics of group decision processes. Polylens was the
first system that supported group decisions by providing recom-
mendations based on the users’ preferences [31]. A number of
group recommender systems (GRS) have been developed since
Refs. [7], [22] but there is still limited research in this area and
the question of how to optimally support a group decision pro-
cess based on recommendations is still open in several aspects.
Usually, GRS extract the information they need from existing in-
dividual user profiles, subsequently using one of two approaches
for calculating the recommendations: either they aggregate the
user profiles to create a single group profile (model aggregation)
before generating group recommendations, or the recommenda-
tions are individually calculated for each user profile and then
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aggregated, using a variety of different strategies (recommenda-
tion aggregation). These approaches fail, however, when user
preference data are not available, either for single users or for
the whole group, which is the case in cold start situations. This
obstacle is especially problematic for ad-hoc groups who gather
spontaneously or when user data are distributed over different un-
connected systems. In addition, the situational variability of user
preferences is higher than in the single-user case, amplifying the
inherent heterogeneity of preferences due to different responses
of group members to the situational context. A general prob-
lem with existing approaches is that they typically only consider
the interaction among group members in a late phase of the pro-
cess where recommendations have already been calculated and
the group needs to decide which of the recommendations to se-
lect. In real situations, however, the interaction in the group tends
to begin much earlier when group members, for example, artic-
ulate their preferences, try to convince others to share them, or
revise their preferences to enable the group to come to a joint con-
clusion. In some cases, individual preferences will only emerge
during this process of social interaction. These issues ask for
methods that can elicit group preferences on the fly and that can
aggregate individual preferences in a manner that best suits the
individual users as well as the group as a whole. In addition,
other processes occurring in group interaction, such as develop-
ing or refining one’s own preferences and requirements based on
the group discussion, or negotiating with others about the desired
features of an item, have so far been under-explored in GRS re-
search.

In this paper, we present an approach to GRS that aims at sup-
porting the entire process of group-decision making. Our ap-
proach provides a novel contribution by focusing particularly on
the early phases of group decision making, incorporating features
for preference negotiation, discussion and reconciliation. The
group preference profile emerging in this process is continuously
fed into a recommender system that suggests items which can
then be voted on or weighted by the group. We investigated these
concepts in three successive prototype developments which we
evaluated in empirical user studies with groups of different size.
With these developments, we aimed at answering the following
research questions:
• What are effective means for supporting the formulation, the

exchange and the negotiation of user preferences in a dis-
tributed GRS?

• How to structure this process with respect to private spaces
for setting up one’s individual preferences versus public
spaces that can be seen and criticized by the whole group?

• How does group size affect the usability and the acceptance
of the approach and the different techniques?

Instead of applying a fixed strategy, as is the case in most GRS,
we based our work on the assumption that computer-mediated
discussion groups have a more equal member participation [39].
Following this idea, our approach allows a group of users to col-
laboratively create and discuss a preference model (thus address-
ing collaborative [34] and explicit [33] preference elicitation). A
first prototype was designed [1] where users were able to create
their own individual lists of features ordered by importance, ob-

taining immediate feedback on the aggregated group’s preference
model and its matching recommended items. The results obtained
from the consequent user evaluation were promising, suggest-
ing that our approach effectively improves the quality of recom-
mendations when compared against standard group recommender
systems. However, these results also brought to light some issues,
mostly related with the performance of the approach regarding
group scalability and the complexity of the displayed informa-
tion, motivating a first revision of the method and the creation of
a second prototype [2]. For this prototype, the method was re-
shaped in a way that users do not create their preference models
individually, but each one of them can specify the preferred fea-
tures of the item to select and propose them to the group. The
group decides through public voting which attributes will be ac-
cepted and weights their significance, building the group’s pref-
erence model together. In an empirical study of the revised proto-
type, results with respect to group scalability showed a consider-
able improvement. Nevertheless, new concerns appeared as well,
in this case in relation to the dichotomy between private and pub-
lic areas (within the tool’s workspace) and if such a distinction is
beneficial at all for the recommendation process. These findings
led to the development of a third prototype, Hootle Mobile, based
on a revised, streamlined method where private spaces have been
completely removed and preferences could be directly added to
the group model.

This paper provides an aggregated and extended account of
work reported in a prior publication [2], incorporating a design
synopsis and empirical findings from a first version of the sys-
tem [1] as well as more details on its empirical evaluation. In
addition, we report for the first time on a mobile version of the
system that also modifies the approach by directly expressing user
preferences in the shared group space. We also present the results
of an empirical evaluation of this mobile version of the system.

In the following, we first survey related research and enumer-
ate the basics of our approach (Sections 2 and 3). In Section 4,
the first version of our method is described, followed by the pro-
totype GRS Hootle based on it and the results of its study. Sec-
tion 5 presents the conceptual aspects of the revised approach, its
implementation in a second prototype (Hootle+) and the pertinent
results of a new evaluation. The final version of the method is re-
ported in Section 6, together with a last implementation adapted
to mobile devices (Hootle Mobile). We conclude by summarizing
our work and outlining further research possibilities in Section 8.

2. Related Work

While the field of recommending items for single users has al-
ready received a great deal of attention in recent research, GRS
are, in comparison, a still less deeply investigated area. How-
ever, various GRS have been developed over the recent years,
starting from early systems such as MusicFX [23], a group mu-
sic recommender, that uses different approaches for generating
recommendations [7], [16]. However, there are still many open
research questions concerning, for example, the best approach to
aggregating individual preferences, techniques for responding to
the situational needs of the group, or supporting the social inter-
action processes in the group for converging on a joint decision.
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To structure the wide range of different aspects involved in
group recommending, Ref. [18] suggest a design space com-
prising the dimensions preference input, process characteristics,
group characteristics, and output. In the process dimension, an
important aspect is how individual, possibly conflicting prefer-
ences can be merged to obtain recommendations that best fit the
group as a whole. Apart from a few exceptions, group recom-
menders commonly use one of two schemas for gathering and
representing users’ preferences [16], already mentioned in the in-
troduction. The first one, prediction aggregation, assumes that
for each item, it is possible to predict a single user’s satisfac-
tion, given the user’s profile; then, through some specific aggre-
gation strategy, items are sorted by the group’s overall satisfac-
tion. In Ref. [13] a video recommender that uses this strategy
is described; also, Polylens [31], a system that suggests movies
to small groups of people with similar interests, based on the
personal five-star scale ratings from Movielens [12] uses this
method.

The second most used strategy, model aggregation, utilizes sin-
gle user profiles for generating a group preference model, which
is then employed to generate matching recommendations. There
exists a large number of methods for creating the group’s model:
in Let’s Browse [19] the group preference model can be seen as an
aggregation of individual preference models; in Intrigue [3], [4]
(which recommends sightseeing destinations for heterogeneous
groups of tourists) the group preference model is constructed
by aggregating preference models of homogeneous subgroups
within the main group; MusicFX [23] chooses background music
in a fitness center to accommodate members’ preferences, also
by merging their individual models; AGReMo [5] recommends
movies to watch in cinemas close to a location for ad-hoc groups
of users, creating the group’s preference model not only by in-
dividual model aggregation but also taking into account specific
group variables (e.g. time, weight of each member’s vote). Fur-
thermore, the Travel Decision Forum [14], [15] creates a group
preference model that can be discussed and modified by the mem-
bers themselves, aiming to non-collocated groups who are not
able to meet face to face, allowing asynchronous communication.

Regardless of whether the aggregation is made before or af-
ter generating recommendations, an aggregation method that is
appropriate for the specific group characteristics needs to be cho-
sen. There are a number of voting strategies, empirically evalu-
ated in Ref. [22], that have been used in actual GRS. One of the
most typically chosen is the average strategy, where the group’s
score for an item is the average rating over all individuals (e.g.,
used by Intrigue and Travel Decision Forum); on the other side,
the least misery strategy scores items depending on the mini-
mal rating it has among group members (Polylens, AGReMo);
placed somewhere in between, the average without misery strat-
egy consists in rating items using an average function, but dis-
carding those where the user score is under a threshold (MusicFX,
CATS [24], [25], [26], [27]); as a final example of most used ag-
gregation methods, the median strategy uses the middle value of
the group members’ ratings (Travel Decision Forum).

On another dimension, the question of preference elicitation
has to be solved, which is concerned with how the user-specific

preference information needed to generate recommendations is
obtained. One approach is to let users rate a number of items
in advance and to derive preferences from this set of ratings.
AGReMo, for instance, requires group members to create their
own model of individual preferences before the group meeting
takes place by rating movies that they already saw. In Travel De-
cision Forum, each participant starts with an empty preference
form that has to be filled with the desired options, so group mem-
bers define new preferences for each session. A more interac-
tive approach, although for single user systems, is described in
Ref. [21], which requires users to repeatedly choose between sets
of sample items that are selected based on latent factors of a rat-
ing matrix. The techniques mentioned also address the cold-start
problem when no user profile is available up-front but initially re-
quire some effort on the part of the user to develop a sufficiently
detailed profile.

However, most preference elicitation techniques do not consid-
erate group interaction. As pointed out in Ref. [20], to obtain ad-
equate group recommendations it is not only necessary to model
users’ individual preferences, but also to understand how a deci-
sion among group members is reached. While research on group
decision-making [37] is concerned with collaboratively making
choices, focusing on the social process and the outcome, these
aspects have mostly not been addressed in the development of
GRS. Group decision making involves a variety of aspects, such
as the discussion and the evaluation of others’ ideas, the conflict
resolution and the assessment of the different options that have
been elaborated. Also interesting for our research is the concept
of consensus decision-making [11], which seeks for an acceptable
resolution for the whole group. Within this context, Group Deci-
sion Support Systems (GDSS) have emerged, that aim at support-
ing the various aspects of decision-making [28], [30]. Recent ex-
amples of GDSS are Choicla [38] (domain-independent decision-
making tool) or the popular Doodle [9] (event scheduling). Only
few GRS attempt to include aspects of group decision theory,
for instance, by introducing automated negotiation agents that
simulate discussions between members to generate group recom-
mendations [6]. However, supporting the entire preference elic-
itation and negotiation process that may occur when users take
recommender-supported decisions is, to our knowledge, not real-
ized by current GRS.

Taking into account the social factor that is involved in group
recommendation, one needs to contemplate the question whether
a user would be willing to change personal preferences in favour
of the group’s desires, bringing up the importance of group ne-
gotiation. In the Travel Decision Forum again, users are able
to explore other members’ preferences, with the possibility to
copy them or propose modifications. The Collaborative Advi-
sory Travel System (CATS) focuses on collocated groups of per-
sons gathered around a multi-touch table. Recommendations
are made by collecting critiques (users’ feedbacks respecting
recommended destinations) that can be discussed face to face,
since the system gives visual support to enhance the awareness
of each other’s preferences. In a similar fashion, the more re-
cent STSGroup system described in Ref. [29], assists a non-
collocated group of people in collaboratively finding POIs by let-
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ting them influence the outcome of the recommendations through
a critiquing-based technique that works at the item level, track-
ing the reactions of participants when the items are proposed in
the discussion chat. The main difference between these two last
systems and the system we propose is that they are focused in
critiquing items once they have been recommended, whereas our
approach allows negotiation already in the preference elicitation
stage.

3. Concept

A major objective of our work is to support all stages of group
decision processes that are facilitated by group recommender sys-
tems. In contrast to existing GRS research, we therefore put a
stronger focus on the initial phases of the process where users for-
mulate their preferences and may discuss and negotiate these with
other group members. To create a group recommender system
that it is consistently supported by group decision theory during
all the stages of the recommending process, we built our approach
over three fundamental pillars:
( 1 ) A group of non-collocated users collaborate during the pref-

erence elicitation stage for creating a shared preference
model, which will be then utilized for generating group rec-
ommendations. When obtaining the items to recommend,
not only the group’s preference model is taken into account,
but their individual preferences too.

( 2 ) Users can, at any moment, discuss and negotiate about which
attributes should be examined by the system, molding the
group’s preferences through group interaction. Changes
made in this fashion provide immediate feedback about their
effect by updating the set of recommendations.

( 3 ) Users can discuss about the recommended items until con-
sensus is found, thus supporting the last part of the recom-
mendation process too.

Based on the aforementioned concepts, a method has been
developed through three different iterations with three different
prototypes, each one of them used to redefine the original tech-
nique after learning from the issues found during their evalua-
tions. Also, with the different prototypes we explored different
ways of structuring the process into private preference formula-
tion and public, group-wide visibility and negotiation of prefer-
ences.

In our first approach, we prioritize transparency through the
recommending process by supporting single user preference elic-
itation, letting each participant specify his or her own individ-
ual preference model by selecting a number of desired attributes
and ranking them by importance, being all of these models ag-
gregated to create the group’s one. The only way they have to
influence the system’s recommendation outcome is by modifying
their own user model, triggering changes in the group preferences
and resulting in a new set of recommended items. All of the in-
volved preference models (owned one, rest of the member’s one
and group’s one) are accessible by every user, facilitating the ne-
gotiation and the discussion, mainly focused on which attributes
participants should include in their individual user models, so the
group’s one is refined.

For a second approach, collaboration has a more relevant place

during the process and no individual attributes are defined, but
users create and modify the group preference model directly by
proposing and voting which attributes should be part of it. Still,
they can singly provide an importance level for each attribute that
has been selected, whose aggregated values are taken as the sig-
nificance level of that particular feature, indicating how much it
influences the resulting recommendations. Now, the discussion
relies on what attributes should be accepted into the model by
the group and their significance instead of individually choosing
them.

In a last revision, we aimed at simplifying the users interaction
by cutting down the steps involved during the attribute negotia-
tion phase. The method is streamlined so the different stages an
attribute goes through while creating, proposing and accepting
it into the group preference model are now joined in one single
step. Users add attributes directly into a shared space where the
group preference model is created, without the necessity of ac-
cepting them beforehand. There, users only need to specify an
importance level for them and the system provides the matching
recommendations. Thus, the group discussion is concentrated on
a single kind of attribute.

The next sections present this approaches in a more thorough
way, together with their respective prototypes and the conclusions
we obtained from their studies.

4. Approach 1: Negotiating Individual Prefer-
ence Profiles

In a first instantiation of the proposed method, we developed
a cyclical recommendation process focusing on individual pref-
erence elicitation, where the features contained in individual
user preference models could be discussed and negotiated by the
whole group for influencing the group preference model and, con-
sequently, the recommended items. The details of this method are
presented in Ref. [1], which can be summarized as follows:
• Members of a group can create their own individual prefer-

ence models by selecting the desired item features and or-
dering them by importance. These individual preferences
are publicly accessible by the rest of the group, but only al-
terable by their owners.

• The system aggregates all the individual preferences to gen-
erate a group preference model, used to obtain group recom-
mendations in real time.

• Recommended items are discussed. If consensus about
which one to choose cannot be reached, group members can
negotiate and modify their individual preference models, ini-
tiating the cycle one more time.

The ability to look into other users’ preference model, as well
as having immediate access to the aggregated model and resulting
recommendations, increases the participants’ awareness of oth-
ers’ preferences and the effects their own preferences have on the
group results. In contrast to a fully automated recommender sys-
tem, users have a higher level of control over the process and can
easily adapt it to their current situational needs and context.

4.1 Prototype 1: Hootle
To test the benefits of our approach, a first prototype, Hootle,
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Fig. 1 Different sections of the old interface.

was created. For demonstration purposes, we chose hotel selec-
tion for group travel as the application area and used an Expedia
dataset consisting of 151.000 hotel entries with descriptive in-
formation; the same dataset was used in all three iterations of the
development. Despite its focus on the hotel domain, the approach
makes use of content-based techniques and is applicable to many
different domains, provided the properties of the items to be rec-
ommended are available.

Figure 1 depicts the organization of the different areas of the
prototype’s interface:
( 1 ) Feature exploration. A private area for exploring and

defining item features by using a set of given filters (e.g.,
location, facilities or nearby points of interest).

( 2 ) Individual preferences. By dragging and dropping
the features from the “Feature Exploration” area into this
one, users can create a ranked list of features that becomes
their individual preference model, where the position of each
attribute in the list indicates its importance.

( 3 ) Group preferences. The group preference model is dy-
namically calculated and displayed here every time that a
user modifies his or her individual preference model. This
area also lets users browse the preferences of the rest of
group members.

( 4 ) Generated Recommendations. The recommended items
are shown in this area, enabling users to access their details
and select their preferred ones.

( 5 ) Proposed items. The recommended items chosen by

users are saved and shared inside this space, so the rest of
the group can acknowledge or reject them as a final solution
through a voting system.

( 6 ) Chat. Here, written discussion is facilitated via chat.
Other minor mechanics were implemented too, such as the ad-

dition of a “vetoing sub-area” (bottom of areas 2 and 3, where
undesired attributes can be placed), the inclusion of what we
called “petitions” (a special kind of comments that specifically
ask for the rearrangement of a determined attribute into the group
members’ individual preference models), an “item approval” sys-
tem (allowing users to show whether they support a certain
recommended item or not) and a “matching score” for every
recommended-item/user-model pair (representing how well rec-
ommended items suit the individual user preference models).

Regarding the extraction of recommendations, the system takes
the group preference model and explores the DB using a content-
based filtering method (Fig. 2). In content-based filtering, items
are described by a set of attributes, which are compared against
the preference model of a user (in our case, the aggregation of
all individual user models). Because the preference model is cre-
ated from scratch in each new session, the system is applicable
in cold-start situations where no user profile exists yet. Items in
the DB are scored depending on how many selected attributes
they contain and their rank in the group’s model. Once the items
have been rated, the system extracts those with the highest scor-
ing. Every time that the group’s preference model changes, new
recommendations are obtained, enabling real time feedback.
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Fig. 2 Recommendation process.

4.2 Feature Balancing
When collecting the items that will be handed to the users as

recommendations, it could happen that none of them completely
fulfils the group preference model. In the case that only the top
rated items were selected, it would be possible that for some
of the attributes inside the group preference model not a single
matching recommendation is provided, even if they have been
highly ranked within some user’s individual preference model
(due to their average rank still being low). Because the system’s
raison d’etre is to serve as a tool for discussion and consensus
finding within the context of GRS, it makes sense to try to re-
turn a well-balanced set of recommendations, allowing these who
have chosen less popular attributes to be an active part of the ne-
gotiation process. Thus, a further step (which we called feature
balancing) is done before sending the matching recommendations
to the session’s participants, attempting to collect a set of items
where there is at least one fitting item per attribute in the prefer-
ence model.

4.3 Making the Right Decision
Finding a recommendation that matches the group wishes may

require several tries. Usually, it will be necessary to move through
the different stages of the process in a cyclic and iterative fashion,
negotiating the features within the individual preference models
to influence the aggregated one and exploring the new matching
recommended items once again. When the negotiation and the
discussion are the driving force of this changes, with each new
iteration the group should get closer to a solution, optimizing the
group filters and narrowing down the recommendations.

Nevertheless, even when the process is carried out properly,
the criteria for selecting the “right item” may differ from one sce-
nario to another: in some cases, it could be the one that has been
accepted by the majority; in others, it could be unacceptable to
choose an item that has been rejected by only one member of the
group. While a fixed group recommendation strategy might be
used, we believe that the system cannot generally resolve such
decision problems. Our approach provides tools for preference
specification, discussion and acceptance measuring, but it is not
possible to talk about the one right solution when dealing with
group decision making in a real life situation. Ultimately, it is up
to the users to decide whether a recommendation fits their needs
or not and to make the final choice.

4.4 Evaluation
A user study was performed to analyse the impact of the co-

operative preference elicitation and negotiation tools developed,
but also to determine the system’s usability and the quality of the
resulting recommendations.
4.4.1 Setting and Experimental Tasks

We used the hotel database provided by Expedia with 151,000
entries. For each hotel, a full description and a set of attributes,
including property and room amenities (within 360 possibilities),
locations (258,426) and points of interest nearby (94,512) were
available.

Two different versions of the system were tested. One system
version provided the full set of functions described (hereafter ver-
sion D – Discussion), while the second one was restricted to an in-
dividual preference specification and recommended items brows-
ing, with no discussion nor negotiation means enabled (version
ND – No Discussion), similar to a conventional group recom-
mender system (therefore, serving as baseline for comparison).

Two types of task scenarios with different levels of complexity
were elaborated, a first one for learning the usage of the tools and
a second one closer to a real world scenario, where groups had to
find a place to stay during the summer vacation.

To prevent participants from complying too quickly with the
wishes of other users, we artificially induced different back-
grounds and objectives for each group member. For this pur-
pose, we created a set of role cards for the second task that were
randomly distributed among the group’s members, with the in-
tent of generating conflicts and discussion (e.g., “sport activities”,
“shopping possibilities”, “cultural events”, “nature nearby”).
4.4.2 Method

48 participants took part in the study (5 males, 43 females,
average age of 20.94, 5.018), distributed in groups of different
sizes: 4 groups of 3 persons (12), 4 groups of 4 persons (16) and
4 groups of 5 persons (20). One half of the groups of each size
worked with the ND version, while the other half ran the D one.

Participants had up to 40 minutes to complete each task (D
version was considered completed if consensus was found or
the time reached the limit; for the ND version, participants
only needed to individually create a preference model they were
happy with and, once the whole group had finished, unilater-
ally choose a recommended item). After completing both tasks,
participants were asked to fill in a questionnaire regarding as-
pects such as the quality of the recommendations or the ease-
of-use of the system, using a 1–5 scale. It comprised the SUS
items [8] as well as items from two recommender-specific assess-
ment instruments (User experience of RS [17] and ResQue [35]).
The recommender-specific items measure the constructs user-

perceived recommendation quality, perceived system effective-

ness, interface adequacy, and ease of use.
4.4.3 Results and Discussion

Members in ND groups were not able to choose the same hotel
in a single instance. In two of these cases, some users couldn’t
even find a hotel that they liked when working on the second task,
while all groups with version D were able to choose one unique
hotel in both tasks. With respect to the usability, both system
versions received a borderline SUS score with no differences be-
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Table 1 Some results of the first user evaluation. All the D/ND differences p > 0.05, effects of group
size were significant.

No Discussion Discussion
3 4 5 Avg. 3 4 5 Avg.

Overall Satisfaction m 3.40 3.00 3.70 3.39 4.33 4.00 3.60 3.92
σ 0.54 1.20 0.48 0.83 0.51 0.53 0.96 0.77

Would recommend it m 3.20 2.38 3.30 2.96 3.50 3.25 3.30 3.33
σ 1.30 1.06 0.67 1.02 0.83 0.70 1.06 0.86

Would use it again m 2.40 2.50 3.10 2.74 3.17 3.13 3.00 3.08
σ 0.89 0.92 1.10 1.01 0.75 0.99 0.66 0.77

Would use it frequently m 1.60 1.88 2.30 2.00 2.67 2.75 2.70 2.71
σ 0.54 0.64 0.67 0.67 0.81 1.04 0.94 0.90

Recommendations were well chosen m 3.20 3.38 3.80 3.52 4.33 3.38 4.00 3.88
σ 0.83 0.74 0.78 0.79 0.51 0.74 0.47 0.68

tween them (ND = 68, D = 69).
A 2×3 ANOVA was performed, Table 1 lists some of the most

significant results. The questionnaire results showed a tendency
in favour of the D system in the majority of the items (also in
the ones not listed here). It seemed reasonable to affirm that
group recommender systems certainly can benefit from group dis-
cussion and negotiation theory. However, when paying extra at-
tention at the different groups within the D version, the method
seemed to be more useful for the smaller ones, who exhibited
more satisfaction and willingness to use and recommend the sys-
tem.

4.5 Lessons Learned
Many of the participants had issues when following the flow of

action during the session, mostly due to having too many things
happening at the same time. For a big group, discussing single
attributes from the group’s preference model can quickly become
a complicated task, considering that every change a user does in
his/her own model will modify the group’s model as well, leading
to a constant change of on-screen attributes; furthermore, there is
an extra effort in browsing each participant’s individual model
separately that could easily overwhelm an inexperienced user.

Despite the advantages this technique could bring to group rec-
ommendations, we concluded that group scalability was a prob-
lem in this prototype. It was needed to diminish the complexity of
the process, decreasing the sources of information and reworking
the preference elicitation mechanism in a way that it is both easy
to follow and transparent for all the session’s partakers. This is-
sues motivated the modification of the method, matter discussed
with more detail in the next section.

5. Approach 2: Negotiating Group Prefer-
ences

Based on the findings of the first user study, we developed a
revised approach, reported in detail in Ref. [2], mainly aiming at
alleviating the problems that arose for larger groups in the first
system. Our conclusion from the previous approach was that in-
dividually creating preference models and exposing all individual
profiles to the group for inspection created a high level of com-
plexity, especially when the number of participants increased and
more profiles needed to be observed in order to come to a joint de-
cision. Therefore, modifications especially regarding this aspect
seemed necessary. In contrast to the original approach, where

the users’ individual preference models were explicitly shown, in
the revised version users need to collaborate to create the group’s
model by proposing, filtering and rating attributes in a shared
space, keeping the flow of action more simple and transparent
even with larger groups. The process is carried out as follows:
• Each participant can individually select the features that they

think the recommended items should possess by placing
them in a private area.

• Once a feature has been selected, the user may propose it
to the rest of the group, and associate a personal relevance
score to it.

• By proposing a feature, it becomes visible to the whole
group, which will decide whether to accept it as a filter or
not by using the provided voting system.

• If the feature is accepted, it becomes an active filter with a
given significance, calculated through the aggregation of all
the importance levels that each user has assigned to it. A
user’s personal importance is adjustable at any moment, in-
stantaneously reflecting its impact on the overall significance
of a feature and bringing up new recommendations after any
change. The set of all the accepted filters and their signifi-
cance level form the group’s preference model.

• Finally, a user is able to highlight specific recommended
items and state an opinion (via voting/discussing) about the
ones that have been selected by other participants. More fea-
tures can be proposed, accepted and rated continually, so the
recommendations are narrowed down until the group finds
an item that satisfies its needs.

As in the previous method, the user’s awareness of others’ pref-
erences is still increased when compared to normal GRS, due
to the possibility to specify the filters’ importance individually,
having an immediate feedback in the group’s model and the rec-
ommendations. However, the revised approach now also entailed
aspects of critique-based recommenders during the preference
elicitation phase, since users could criticize or accept proposed
features. In addition, users were able to control the sequence of
exposing their preferences at the feature level, which may help in
better adapting one’s negotiation strategy to the situation at hand.

5.1 Prototype 2: Hootle+
A new, completely redesigned version of the Hootle GRS was

implemented, called Hootle+, still making use of a content-based
filtering method and the same Expedia hotel database as in the
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Fig. 3 Different sections of the interface.

previous one. The remade interface can be seen in Fig. 3, com-
prising the following areas:
( 1 ) Feature exploration. A private area for exploring item

features by using a set of given filters (e.g., location, facili-
ties or nearby points of interest). It is also possible to pro-
vide an importance level together with a short explicative
sentence and to specify if the attribute is negative or posi-
tive.

( 2 ) Proposed features. The attributes that have been pro-
posed are shown into this area, which is shared by all partic-
ipants. Voting is enabled for each proposed attribute, which
can be accepted as a group filter, rejected or vetoed, depend-
ing on the results.

( 3 ) Accepted features. This area contains the attributes that
have been approved (or vetoed) by the group. Together with
their specific significance level, these attributes define the
group’s preference model.

( 4 ) Recommended items. The system calculates and displays
recommendations into this area. The list is constantly up-
dated in real-time when some group filter is added/removed
or its significance changes.

( 5 ) Selected items. The recommended items selected by
users are placed here, so other participants can see and up-
vote or down-vote them.

( 6 ) Chat. An area to discuss arbitrary questions that come up
during the decision process. It provides the possibility to fil-
ter the discussion into threads where specific attributes and

items are considered.
In the new prototype, the action has been moved from several

individual spaces to one unique shared space where all the par-
ticipants must collaborate to create the group’s preference model
at two different but highly intertwined stages: firstly they have to
propose and vote the attributes that will be part of the group’s
model, and secondly, they will rank the accepted attributes to
indicate how important they are for the group. Attribute rank-
ing is made by directly assigning individual importance values
(in a scale from 1 to 100) that are aggregated instantly. We dis-
carded the old mechanic where attributes where ranked by using
ordered lists because it caused many issues regarding informa-
tion complexity and readability in the first prototype. It is pos-
sible to go back and forth between these two stages, proposing
new features and removing already accepted ones at any moment.
Any other existing functionality (like vetoing attributes or explor-
ing, proposing and voting recommended items) that was already
present in the previous prototype, has been implemented in this
one too, but adapted for the new method when needed.

Recommendations are generated in a similar way to how it
was done before (Fig. 4). The system compares the items in
the database against the collaboratively created group preference
model. Items are rated depending on their significance within the
group’s model, and the most important ones are extracted. Before
displaying them to the users, items are filtered one more time to
provide a balanced set of recommendations, this time taking into
account the individual importance level that each user has given
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Fig. 4 Recommendation process in the second prototype.

to each feature, instead of using the aggregated values.

5.2 Evaluation
We performed a user study with several groups comprising ei-

ther three or six users, which is the range of group sizes we expect
to occur in real applications. In the user study of the previous sys-
tem version, we noticed an interesting correlation effect between
the group size and its satisfaction, but had groups of three, four
and five members, which may have limited the reliability of the
results due to the limited range. We thus decided to slightly in-
crease the range and focus on the extreme values. The main ob-
jective of this study was to corroborate whether the changes made
on the method were of any benefit, for what we needed to deter-
mine the usability of the approach and the quality of the resulting
recommendations.
5.2.1 Setting and Experimental Tasks

We used the same hotel database provided by Expedia with
151,000 entries and their corresponding descriptions, amenities
and information about locations and points of interests.

We prepared two task scenarios with different levels of com-
plexity: in the ‘introductory’ task, the group was instructed to
select a hotel knowing beforehand some common, desired at-
tributes, as well as the location of the hotel; in the ‘open’ one,
only unspecific instructions were given to the group (like finding
a hotel to stay during summer vacations).

Like in the precursor study, a set of roles was created and given
to participants during the realisation of the second task to promote
discussion. A problem detected in the preceding user evaluation
was that the roles used were so different from each other that in
many cases they created an artificial situation that is not com-
monly found in real life, where groups that plan to travel together
tend to share similar preferences. Thus, for this occasion the roles
were simplified and created with shared characteristics:
( 1 ) You love shopping and you are interested in cultural things.
( 2 ) You are interested in cultural things and clubbing.
( 3 ) You love partying every night. During the day, shopping

keeps you awake.
( 4 ) You like to spend your time on the beach. When that is not

possible, hiking fits well.
( 5 ) You prefer to hike the whole day and do sport related activi-

ties.
( 6 ) You are a sport addict and you love the beach.

5.2.2 Method
39 people (22 females, 17 males, average age of 22.63, 3.65)

took part in the study, distributed in 5 groups of 3 participants
(15) and 4 groups of 6 (24). Since the system is web-based, all
users were provided with a normal desktop computer with a dis-
play screen of 21” and running the same browser. They sat in a
large lab room but were separated from each other and instructed
to communicate only via the means provided by the system.

Each group first received a brief introduction to the system and
was asked to work on the two decision tasks, always in the order
introductory task – open task. Before beginning the second task,
they all received randomly one of the role cards. A task was con-
sidered complete when the group found consensus (i.e. agreed on
a hotel) or the time ran out (25 minutes maximum per task).

After completing both tasks, participants were asked to fill in a
questionnaire regarding aspects such as the quality of the recom-
mendations or the ease-of-use of the system (Refs. [8], [17], [35]),
same than in the preceding study.
5.2.3 Results

Not all groups were able to find a solution, reaching the time
limit for the tasks. For the 3 person groups, agreement was always
achieved in contrast to the 6 person groups, where only a 25%
of the tasks were completed with consensus regarding the item
to select. An average success rate over all sessions of 66% was
reached. Despite the low success ratio for the bigger groups, the
percentage of agreement among users (participants who selected
the same hotel) was 77%, as shown in the objective data listed in
Table 2. Time needed per task was higher for the 6 people groups,
as well as the amount of individual preference changes made per
user (importance level, vote selection), but the number of com-
ments written per user in the bigger groups was lower than in 3
people groups. This could mean that participants in bigger groups
made a more extensive use of the graphical interface for showing
their wishes and opinions to the rest of the group, because rely-
ing only in chat communication for transmitting ideas is usually
more complicated the more people are writing at the same time.
Despite these differences, both group types elaborated preference
models with similar sizes.

When compared against the values obtained during the eval-
uation of the first version of the system, the average size of the
preference model created was smaller in the current version than
in the older one, where the number of features were easily dou-
bled. Participants made more use of the chat in the old system,
possibly explained by the fact that they had less ways to trans-
parently express their opinions (no public voting system for at-
tributes nor significance assignment). Surprisingly, in the earlier
version groups where able to find consensus in all the cases, per-
haps due to having less time constraints back then than in the new
study.

In relation to the usability of the system, it received a SUS
score of 65, placing the prototype slightly under the average. An
independent-samples t-test was conducted to compare the items
of the questionnaire, taking group size as independent variable.
While many items did not show a big difference between cases
(Table 3), some conclusions can be extracted from them. In gen-
eral, it seems harder for bigger groups to find recommendations
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Table 2 Objective results. Lower (LB) and upper (UB) bounds at 95% confidence interval. Last column
has the values of the first version of the system, when applicable.

3 people groups 6 people groups Avg Old Version
m LB UB m LB UB m m

Time per task (minutes) 13.60 10.18 17.01 17.63 13.8 21.43 15.61 19.9
Preference Model Size 6.10 3.85 8.34 6.38 3.87 8.88 6.23 15
Changes per user 12.33 6.123 18.54 14.56 11.09 18.03 14.35 —
Comments per user 7.16 2.42 11.90 6.41 3.77 9.06 6.92 10.33
Solution found 100% — — 25% — — 62.5% 100%
Agreement among users 100% — — 77% — — 88% —

Table 3 Some results of the evaluation.

3 6 Avg
m σ m σ m σ

The recommended items fitted my preferences 4.00 0.50 3.83 1.16 3.88 1.02
I liked the items recommended by the system 3.78 0.83 3.79 0.88 3.79 0.86
It was very easy to find a good solution together 3.78 1.09 2.62 1.31 2.94 1.34
The other team mates agreed my opinion 4.00 0.70 3.29 1.19 3.48 1.12
Even with different opinions we could find a good compromise 4.44 0.73 3.46 1.06 3.73 1.06
I can make a better choice with the system 3.78 0.97 3.96 1.2 3.91 1.18
I can find a solution in less time using the system 3.56 1.33 4.04 1.08 3.91 1.15
I think the program is easy to use 3.67 0.87 3.46 1.06 3.52 1.00
I think the functions in this program are well integrated 3.56 0.88 4.00 0.72 3.88 0.78
In general, I am satisfied with the system 3.56 1.13 4.33 0.96 3.76 1.00

*Significant (p < 0.05)

that match the participants’ individual wishes and to agree with
the rest of the members, which is a logical consequence of the
group size’s increase. Interesting is the fact that the groups of 6
are in general more satisfied with the tool than the smaller groups,
despite being easier for the latter to find a solution through con-
sensus.

Regarding the old system, the average satisfaction was of 3.92
(σ − 0.77), surpassing the one obtained in the new version; how-
ever, taking a closer look to the results collected for each group
size (3 persons: m − 4.33, σ−0.51; 4 persons: m − 4.00, σ−0.53;
5 persons: m − 3.60, σ − 0.96) it is apparent that the satisfaction
tended to be inversely proportional to the number or participants,
an issue not encountered in the more recent user study. This find-
ing supports our hypothesis that the revised system scales better
with group size, i.e. it also supports larger groups well.
5.2.4 Discussion

The outcome of the evaluation indicates that some of the issues
found during the first user study have been lessened, specifically
the one related with how well the system scales up with the group
size. Even if having bigger groups increases the complexity of
the decision-making process, the results point to a greater sat-
isfaction and sense of helpfulness when using the system. This
is more noticeable when one looks to the preference model size,
which is almost the same through group sizes indicating that users
limited the number of preferences expressed in a well-considered
manner in order to facilitate consensus finding. The low ratio
of solutions found for the 6 people groups could be explained
as a consequence of limiting the time to finishing a task to only
25 minutes, but further research may be needed in order to ob-
tain some final conclusions. In a real world situation, where the
time span for finding a solution in a non-collocated group setting
could be days or even weeks, and where individual preferences
may tend to be more homogeneous without artificially inserting
roles, a higher success ratio would be expected.

6. Approach 3: Directly Exposing Preferences
to the Group

Even though the results of the last evaluation suggest that the
revised method improves the scalability for larger groups, there
were still issues regarding the complexity of the user interface
which resulted in a relatively low SUS score. A major concern
was related to the strict separation between the private space for
expressing one’s own preferences and the group space accessible
by all participants. In this section, we report on a third version
of the system in which the separation between private and public
area was removed. While we expected this further simplification
of the process to improve the overall usability, the new design
was at the same time more suitable for a mobile version of the
system.

6.1 Modified Preference Proposition
In the previously discussed version of the method, users had to

create their individually selected attributes inside a private area.
Once they were sure about a desired feature they could propose it
to the group, but it would only become part of the group’s prefer-
ence model following an approval, where it could be finally rated.
While this approach has the advantage of allowing users to reflect
on their own preferences before exposing them to the group and
the extra filter the attributes had to go through before being part
of the group’s model is useful in terms of keeping the model low
on attribute number, it also introduced an additional step in the
process that was considered complex by some of the participants.
Furthermore, in a mobile device, where screen space is scarce,
having several steps to create a group model would require dis-
tributing them over several screens which leads to additional nav-
igation effort, making the interface more cumbersome for users.
For these reasons, we modified the process in the following way:
( 1 ) Each participant can directly add the features that recom-

mended items should contain in a shared space, where they
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Fig. 5 Areas of Hootle Mobile.

are visible for the whole group.
( 2 ) Members of the group can assign an importance level to any

of the features in the shared space without the need of ap-
proving them first. The mean of the given importance levels
is used as the feature’s significance.

( 3 ) Features with the highest significance levels become part of
the group’s preference model and are used to calculate the
recommendations. Every time that a user changes the in-
dividual importance level given to an attribute, new recom-
mendations are calculated too.

( 4 ) Users are able to highlight specific recommended items and
discuss about them. More features can be consequentially
added and rated, so the recommendations are narrowed down
until a suitable item is found.

With these changes, not only the process has been shortened,
but also its representation has been simplified because only two
main areas are needed: one for adding/rating features and one for
displaying recommendations.

6.2 Prototype 3: Hootle Mobile
The new prototype, Hootle Mobile, employs the same hotel

database with 151.000 hotel entries that was used by the other
two previous versions. It is still web-based like its predecessors,
but for the sake of making it compatible with mobile devices the
working space has been split into three different areas, each one
of them filling the whole visualization area (accommodating it for
small screens), as opposed to the older prototypes where all the
relevant information is displayed at once. Figure 5 shows them:
( 1 ) Features. The area where the group’s preference model

is defined. Users add the attributes they like here (without
the need of defining them first in a private area), so they can
be rated by the rest of the group members and used by the
system for calculating recommendations.

( 2 ) Recommendations. Items recommended by the system are
displayed in this area, from where the users can highlight
those that they like and propose them to the group.

( 3 ) Chat. A space where group members can share their thought
about the picked attributes or the recommended items.

Most of the functionality offered by previous prototypes has
been included in Hootle Mobile too, excepting those application’s
features that were found seldom used during the two previous
studies or the ones that would not perform very well in mobile
devices. For instance, negative attributes were removed due to
being almost completely ignored by users and the number of ve-
toed attributes that a single user can specify has been limited to
one. Additionally, the new system includes a tutorial, which was
not present in the preceding ones.

Regarding the recommendation generation process, the 1–100
importance level scale has been translated to five not numerical
options. The numerical scale provides more freedom when de-
ciding the importance level, but having several attributes with
only little difference in their importance levels was not very use-
ful for calculating the recommendations, while the five options
method makes the decision of which one to assign more relevant
(less options, but their values are more distant). Besides, instead
of accepting proposed features to make them part of the group’s
preference model (or to become a filter, as they were called in
the previous iteration) now only the ones with the highest signif-
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Table 4 Objective results. Lower (LB) and upper (UB) bounds at 95% confidence interval.

3 people groups 6 people groups Avg
m LB UB m LB UB m

Time per task (minutes) 12.66 9.66 16.66 12.16 7.84 16.48 12.41
Preference Model Size 4.89 2.99 6.79 5.83 4.03 7.64 5.36
Comments per user 7.33 5.19 9.41 4.07 1.60 6.53 5.70

Fig. 6 Recommendation process in the third prototype.

icance levels will be used for calculating the recommendations,
removing one extra step in the recommendation process (Fig. 6).

Users are still aware of other’s preferences, being able to access
information regarding how the rest of participants have rated each
attribute (importance level) and recommended item. Thus, the
negotiation happens at two levels: directly over the individually
selected attributes or the chosen recommended items (in which
each user can express a personal rating and see the ratings the
rest of users have assigned to them) and through chat (where they
can discuss the group’s preference model and its outcome).

6.3 Evaluation
A new user study was conducted to verify the legitimacy of the

most recent changes, supporting our hypothesis that the private
space (and by extension, the extra steps that it involved during the
creation of the group’s preference model) is not necessary and re-
moving it from the process will have a positive impact, alleviating
the overall complexity of the system.

We tried to have a similar set-up to the previous study, for what
we gathered groups of three and six participants. Since the ben-
efits of using our approach when compared against traditional
methods were already explored in the previous evaluations, there
was no need of using a limited prototype that worked as a base
line for this study and all the groups worked with the exact same
version of Hootle Mobile.
6.3.1 Setting

The Expedia hotel database was used again, containing
151,000 hotel entries and their correspondent descriptions, prop-
erty and room amenities, locations and points of interests. Groups
had to work through two different task scenarios: an introductory
one, where participants were asked to find a Hotel to stay during a
conference in Berlin, breakfast included; and an open one, where
the groups had to discuss where to go for the summer vacations,
with no given restrictions of any kind.

As in previous occasions, participants were assigned different
roles with the objective of creating conflicts, avoiding situations

where they could comply to easily one with each other. This study
used the exact same roles that the ones in the Hootle+ evaluation.
6.3.2 Method

The study included a total of 42 persons (22 females, 20 males,
average age of 27.33, 9.16), divided in 4 groups of 6 participants
and 6 groups of 3. Since the prototype has been designed to run
under mobile devices, each participant received one with the sys-
tem already running on it. They sat in the same room, one group
at a time, with instructions of not make use of any other means of
communication than the ones provided by the recommender sys-
tem. Then, participants were told to go through the tutorial, with
no further explanation about how to use the tool. When all mem-
bers of a group were finished, roles were randomly designated
among them, who could now start with both the introductory and
the open task (in this order), for what they had a time limit of 25
minutes per task.

When both tasks were completed (or the time limit reached),
participants had to fill in the same questionnaire that was used for
the previous study, thus allowing us to compare the results. The
questionnaire included SUS items [8] together with items from
two recommender-specific assessment instruments (User expe-
rience of RS [17] and ResQue [35]) that measure the constructs
user-perceived recommendation quality, perceived system effec-

tiveness, interface adequacy, and ease of use.
6.3.3 Results

All the groups were able to find a solution all their mem-
bers agreed with within the given time. Table 4 contains some
objective results collected during the study, showing slightly
lower numbers in terms of time per task, group’s model size and
comments per user (the number of changes a user did was not
recorded during this evaluation).

A two way ANOVA test for comparing Hootle+ and Hootle
Mobile has been performed, whose significant results are listed
in Table 5. The questionnaire’s results were always better in the
newest prototype, where most of the significant values are found
in items regarding complexity, aesthetics and willingness to use
the system again. In any case, no item performed worse in Hootle
Mobile than in Hootle+. The SUS score was significantly better
too, with a final value of 82 against the 65 obtained by Hootle+.
6.3.4 Discussion

Results of the evaluation denote that the changes made in the
method were actually an improvement, confirming our initial ex-
pectations. Removing the private area does not seem to have any
drawbacks in the recommendation process, and the streamlined
method together with the consequently simplified user interface
have had a positive impact on the user experience. Regarding
the objective results, reducing the number of steps might be the
cause of the observed time per task decrement, while the lower
number of comments per user could be explained by the usage of
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Table 5 Two-way ANOVA test significant results at p < 0.001.

Hootle+ Hootle Mobile
3 6 Avg 3 6 Avg

The layout of this recommender system interface is attractive
m 2.44 3.21 3.00 4.06 3.96 4.00
σ 1.236 1.062 1.15 0.83 1.11 0.99

I became familiar with this recommender system very quickly
m 3.22 3.38 3.33 4.65 4.43 4.53
σ 1.09 1.17 1.13 0.60 0.79 0.72

Overall, I am satisfied with this recommender system
m 3.56 3.83 3.76 4.41 4.39 4.40
σ 1.13 0.96 1.00 0.62 0.72 0.67

I will use this recommender again
m 3.56 3.50 3.52 4.47 4.43 4.45
σ 1.24 1.29 1.25 0.72 0.84 0.78

I will use this recommender frequently
m 3.11 2.63 2.76 4.06 3.96 4.00
σ 1.69 1.14 1.30 1.03 0.92 0.96

I will tell my friends about this recommender
m 3.44 3.75 3.67 4.47 4.48 4.48
σ 1.51 1.11 1.22 0.72 0.73 0.72

I found the system very cumbersome to use
m 2.44 2.83 2.73 1.65 1.70 1.68
σ 1.13 1.24 1.21 0.79 0.70 0.73

mobile devices, considering that writing on a touch-screen might
be harder than doing it on a physical keyboard.

7. Comparison of the Approaches Based on an
Initial GRS Model

Based on the experience gained with the three approaches de-
veloped and the empirical results we can more clearly distinguish
the different aspects and phases of a group decision process sup-
ported by a GRS. As an initial model of such processes we sug-
gest to distinguish the following phases each of which also has
cognitive correlates and can be supported by specific system func-
tionality:
( 1 ) Users make themselves aware of their preferences, express

them, reflect on them and potentially adapt them either based
on their own insight or through interaction with other group
members.

( 2 ) Users reveal and communicate their preferences to other
group members or the whole group, either as complete pref-
erence profiles or as single feature preferences.

( 3 ) Group members discuss, criticize, or weight the individual
preferences or the group model as a whole, possibly involv-
ing voting mechanisms to decide on the acceptability of in-
dividual preferences.

( 4 ) Group members weight, criticize or vote the resulting rec-
ommendations, converging on a joint decision.

The three approaches described in this paper each focus on
these phases to a different extent. Each of them strikes a differ-
ent balance between private preference spaces and public spaces
where other users can see, criticize and discuss the individual or
group preferences. As a consequence, the number of interaction
steps an individual user needs to take in the overall process dif-
fers. Hootle Mobile directly exposes each feature selected by a
user to the whole group which results in an increased efficiency in
comparison to the other approaches. Not surprisingly, the usabil-
ity related metrics (e.g., as measured by SUS) are significantly
more positive than in the first two approaches. Also the overall
satisfaction with the system and the recommendations given were
more positive. Scalability is also an important criterion when
decision making in larger groups is to be supported. Here, the
complexity of the system increases with the amount of informa-
tion about individual preferences presented. Especially for the

first approach, which showed all individual preference profiles to
the whole group, problems were found in this aspect. Again, the
direct presentation of each preference in the group space, as ap-
plied in Hootle Mobile has shown to be advantageous. In terms
of recommendation quality, Hootle Mobile also received higher
ratings than the other versions, especially for larger groups. This
difference was not present for small groups between Hootle+ and
Hootle Mobile.

Overall, the simplified process implemented in Hootle Mobile
resulted in better scores for usability-related criteria, scalability
for larger group sizes, and also perceived recommendation qual-
ity in the case of larger groups. It has to be noted, however, that
these results were obtained only for a single recommendation do-
main (hotels) which may have influenced the negotiation strategy
used by the group members. In general, this domain, especially
in experimental conditions, tends to lead to group decisions that
are not very controversial. There are other domains, however,
that involve more risk for the individual which may lead to dif-
ferent negotiation strategies. In the field of negotiation research
for example [10], is has been shown that the sequence in which
a participant reveals his or her preferences or offers to the other
stakeholders may influence the success of the negotiation. For
such high-risk negotiations, for example the purchase of high-
price products or investment decision, it may be more appropri-
ate for individual to first externalize their preferences in a pri-
vate space before deciding which preference to communicate to
the group. In such contexts, the need for system support may
be distributed differently over the four phases described above,
focusing more strongly on phase 1, as was the case in Hootle
and Hootle+. In general, however, our studies provide evidence
that the less complex method of directly submitting individual
preferences to the group for discussion and voting is more usable
and acceptable. Nonetheless, effectively supporting the different
phases of the model outlined above is an area for further investi-
gation.

8. Conclusion and Outlook

In this paper, we have presented an approach to group recom-
mender systems, investigating it by means of two systems ver-
sions that we empirically evaluated. The method enables col-
laborative preference elicitation on the fly, avoiding a cold-start
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situation and providing more control during the recommendation
process. The system supports the negotiation and the discussion
during the preference elicitation and item selection phases. Par-
ticipants can freely define and propose features, adding them to
a shared pool of attributes where the group will collaboratively
select those to be part of the group preference model. Once the
attributes are extracted, users are able to individually assign an
importance level to each one of them and the system calculates
their significance to the group. Recommendations are then gen-
erated after the given group preference model and will be recal-
culated each time that it changes. Recommendations are shown
to the group members, letting them select and discuss about those
that they like, or redefine the group preference model to obtain
new recommended items.

The technique herein described provides higher flexibility and
awareness than the fixed strategies typically used in group recom-
menders. Since preferences and matching recommendations are
always visible, participants’ awareness of individual and group
views and of the effects of their preference settings is increased.

Based on prior work and the ideas described above, a new
prototype version of our hotel group recommender, Hootle Mo-
bile, was developed. The results of the user study we conducted
show that the new prototype performs significantly better that the
ones created in previous iterations, providing a simplified method
when maintaining all the capabilities of its predecessors.

Testing the method with real groups is still a pending subject,
since their feedback would be a solution to the problem inherent
to the use of artificial roles during the test sessions. Furthermore,
with enough user data, it would be possible to create predictions
based on what other groups had chosen in the past by using a col-
laborative filtering approach, providing an initial set of desired
attributes and further lightening the feature selection stage; an-
other possibility in that regard would be to exclude recommended
items (or highlight them) similar to those that were rejected (or
accepted) in past sessions. Finally, it is also in our scope to fur-
ther develop a model for negotiation-based group recommending,
which is outlined in a initial form in this paper.
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Abstract

Recommender systems have received the attention of the scientific community for a long time now and

they have become a daily tool for internet users. Nonetheless, they are not commonly applied to physical

settings, where having access to recommendations could be of great benefit, specially when combined

with item comparison capabilities. Due to the latest augmented reality technology advances, it is pos-

sible to bring these concepts together. An intuitive action like visually comparing two products could

be enhanced by 3D cues and suggestions. In such terms, we discuss the possibilities to improve the item

exploration and decision-making stages of the recommending process by providing item comparison sup-

ported by 3D augmentations, offering a novel contribution to both augmented reality and recommender

systems domains.

1 Introduction

Recommender systems (RS) have become an everyday tool that most internet users know and

benefit from (Ricci et al., 2011). They cover a wide range of domains due to their proven use-

fulness and the extensive research behind them. Furthermore, popular websites and applica-

tions offer them as a main part of their services, many of which could not be conceived without

them (e.g.Amazon, Trivago). Effectively communicating to the user the reasons behind a given

recommendation has proven to be crucial for increasing the system’s transparency and trust-

worthiness (Sinha and Swearingen, 2002). Many methods to enhance transparency have been

researched, relying mostly on textual explanations or the way items are presented (Tintarev and

Masthoff, 2007). In conjunction to RS, it is also common for online retailers to offer product

comparison tools to help users during the decision-making stage.

RS have been largely used in digital settings, but they are rarely applied to real world contexts,

despite their potential to be equally valuable when dealing with physical objects. Nonetheless,
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recent advances in augmented reality (AR) technology allow new interaction methods, bring-

ing opportunities to employ RS theory to physical world situations, where recommendations

and the real world objects they concern are presented together in a shared space. How these

recommendations are shown and what interaction methods should be used to manipulate them

are still open research questions.

When in a physical store context, it is particularly interesting to observe how clients behave if

no external information source is at hand (e.g. RS, expert opinions or user ratings), so that the

customer must rely on what it is provided by the products themselves (e.g. their appearance or a

technical data sheet next to them). In such situation, customers tend to focus on product charac-

teristics, in a decision-making process that requires comparing attributes of different products

against each other or against the client’s own preferences (Lancaster, 1966). Comparison is

one of the most basic cognitive activities and plays an important role in understanding, dis-

covering and evaluating our surroundings (Gentner and Medina, 1997). Nonetheless, retaining

product characteristics can be a big constraint when comparing several items (specially when

they are not side by side), issue that is accentuated by the limitations of short-term visual mem-

ory (Alvarez and Cavanagh, 2004). It has been proven that AR alleviates the mental workload

of retaining information by eliminating short-term memory demands by using spatial super-

imposition (Tang et al., 2003). When combined with a RS, this approach would support the

recommending process during the item exploration and decision making stages, improving the

comparison action and enhancing the way a user inspects products and their disparities/simi-

larities.

In this paper we present our ongoing research regardingAR supported comparisons in the field

of RS, where previous work is introduced and further research discussed.

2 Related Work

AR has received a great amount of attention lately, mostly due to its recent consolidation as

an approachable technological choice (Chatzopoulos et al., 2017). In a few cases, RS and AR

have been coupled already for product recommendations in brick and mortar stores. Examples

of it are PromoPad (Zhu and Owen, 2008), which deepens in the concept of dynamic product

contextualization to provide suggestions, and PHARA (Gutiérrez et al., 2017), where an AR

system oriented to promote the adoption of healthy food buying behaviours is presented.

Supporting product comparison is a common feature in online retailers, where the character-

istics of different products are shown side by side. In the field of RS, critiquing-based recom-

menders allow users to receive new recommendations by modifying specific feature values of

the current, given ones, thus performing a direct comparison (e.g. a film with more action, a

car with less gas consumption). Interesting in terms of visualization, Zhang et al. (2008) stud-

ies the benefits of using a visual interface which presents critiques of several items at once by

displaying icons instead of text.

To the best of our knowledge, visually expressing feature differences and/or similarities of two

or more physical objects has not been studied in conjunction to RS andAR yet, although visual
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comparison research made in other areas might serve as starting point, like studies addressing

the comparison of graphs (Gleicher et al., 2011) or maps (G. L.Andrienko and N. V.Andrienko,

1999). In Tominski et al. (2012) a system that supports the comparison of information printed

on paper is described, reporting the benefits of using natural interaction methods.

3 Combining AR and RS: Research Status

We aim to study the benefits of providing recommendations supported by AR in a physical

store situation, being of great importance to investigate how to convey and interact with product

information (whatever it may be) in the virtual world in a comprehensible, natural manner.

In the following, we first present an early approach to our research, where we explore the

feasibility to use a virtual advisor that guides the user and provides insight on why products are

recommended. After reviewing the lessons learned, a new research direction targeting product

comparison visualization is discussed.

3.1 The Initial Study: Product Explanation + Virtual Advisor

In a first attempt to use augmented reality in the field of recommender systems, we developed

an application running under Microsoft’s HoloLens that is able to recognize a number of phys-

ical printers and provide recommendations after collecting the customer’s preferences. Multi-

modal, natural interaction was a priority, enabling natural language recognition (via Google’s

Dialogflow), selection through gaze and air tapping, as well offering feedback in the way of 3D

augmentations, text and text-to-speech. A main focus of the research was to explore product

explanation throughAR in RS, accomplished by the usage of an embodied virtual advisor (Fig.

1) and virtual augmentations of the products (Fig. 2).

Figure 1: Virtual advisor.

The virtual advisor provides guidance through the buying process, giving under request infor-

mation relative to the products (e.g. price, availability of features). It also gives instructions

3
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Figure 2: Using augmentations to explain how to refill a printer with paper.

about how to operate a printer (e.g. how to change a cartridge) while at the same time augmen-

tations of the products are shown, visually enforcing what the advisor says. Product explanation

is meant to support the buying decision process, being useful in situations where the way a spe-

cific operation is conducted is relevant for the client’s choice (e.g. finding a product that is

controlled in a similar fashion to a previously owned one).

If asked to, the advisor will give content-based recommendations, for which the preference

elicitation is carried out in a conversational manner through a number of questions (e.g. are

you looking for a printer for your home or your office?). Once a recommendation is given, a

user can inquire about the reasons behind it, for what the advisor will expose how the chosen

printer matches the specified requirements. If the user is not convinced, it is still possible to

critique some of the printer’s features to receive a new recommendation.

3.1.1 Outcome

We conducted a small user study (N = 15) fromwhere we soon realised the existence of usability

issues. Two important lesson that we learnt were that:

• The number of information sources should be kept as low as possible, fitting on the

screen and anchored to real world. Splitting the action and information sources proved

to be harmful to the experience. The virtual avatar and the information overlay displayed

on the printers were not visible at the same time, breaking the immersion and disorienting

the user, who in many cases did not know where to focus the attention. Furthermore, the

avatar position was lost quite often, due to the lack of a physical anchor.

• The use of AR technology only makes sense when it adds something unique that

cannot be reproduced by any other alternative means. Keeping consumers’ fidelity

and willingness to use AR solutions has been referred as an issue already (Chatzopoulos

et al., 2017; Hopp and Gangadharbatla, 2016), the main causes being that a) the sense

of novelty fades away quickly and b) the existence of other methods that provide a sim-

ilar service without causing the physical fatigue of holding a camera or wearing special

4
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equipment. Specially in the context of e-commerce, there are examples of mobile appli-

cations capable of recognizing products and giving recommendations in a similar setting

than the one presented here, whichmeans that in most cases users will try anAR approach

out of curiosity, but will not stick to it.

3.2 Current Work

Because of the findings of the first study, the focus of our current research has taken a slightly

different direction. While overlaying usage explanation on products is something that cannot

be achieved by any other technology aside fromAR (bringing an added value per se), our goal

is far beyond providing such explanations and the effort of creating them should be minimized.

Nonetheless, being able to see differences between products (respecting their usage or any

other matter) happens to be very useful knowledge when deciding which one to buy. Following

this idea, the research now pursues the goal to investigate how to use AR to directly perceive

discrepancies among physical products that are not obvious at plain sight or that require to be

consulted on a separate information source to know them. The advantages of using an embodied

virtual advisor in this scenario remains an open question, although natural language recogni-

tion seems to be a valuable feature. Ultimately, these ideas will still be built on top of a RS,

improving item exploration and helping during the decision making stage. In addition, the new

concept brings to the light several new questions:

• What kind of data is useful for a comparison?

Traditionally, websites that provide comparing tools simply list all their attributes side by

side. AR is a more powerful communication medium, but it has its own restrictions. It is

critical to use the right visualizationmeans to report a comparison (text, highlighting parts

of the object, animations, navigation aids) while at the same time avoiding to overcrowd

the view with too many information sources. Filtering down what to show (also taking

into account the user’s preferences) and when to do it gains greater significance.

• How to visualize a comparison of an out-of-sight object?

A system that aspires to show dissimilarities among two or more physical objects will

have to deal with the fact they will not always be on-screen. Therefore, it is fundamental

to study how to keep track of what is being compared and how to translate the comparison

to the user in a comprehensible manner.

• How should interaction be carried out?

Studying how humans intuitively behave when comparing objects could be beneficial

in the creation of interaction methods that feel effortless and natural. As an example,

when using a platform that allows free hand movement (like a head mounted display)

the comparison tool could recognize when a user is holding a product to take a closer

look to it, consequently augmenting it to display significant data (Fig. 3).

• How to identify characteristics of suitable product domains?

Finding a domain where these concepts perform well might not be an easy task. Small,

full of details an easily distinguishable objects are preferred.Also, expert knowledge and

5
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Figure 3: Concept for an AR comparison tool.

technical data should be needed to make a good choice, so that recommendations are

welcomed by the user and it feels worthwhile to utilize comparison aids.

4 Conclusions and Further Research

In this paper we have discussed the possibilities of using AR in conjunction to RS. A previ-

ous approach is firstly discussed, where recommendations are offered by an embodied virtual

advisor, providing as well product usage explanation via 3D augmentations and exploring mul-

timodal interaction.After the findings of this first attempt, a new research direction is presented,

focusing on the feasibility of creating a visual comparison aid for physical products, its possi-

ble benefits when combined with RS and the new challenges that come along with them. In the

near future, we aim to define a number of interaction and recommendation models that could

work well with our approach, put these ideas into practice by creating various prototypes and

conduct the corresponding user studies to evaluate them.
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ABSTRACT
Augmented reality technology has experienced great im-
provement in recent years and it has been successfully ap-
plied to industry and entertainment settings. However, its
application in everyday contexts such as shopping is still
very limited. One of the requirements to seamlessly incorpo-
rate augmented reality into everyday tasks is to find intuitive,
natural methods to make use of it. Due to the inherent capa-
bilities of augmented reality to work as a visual aid to explore
and extend the knowledge a user has of the surroundings,
this paper proposes the combination of AR technology and
product advisors in a novel approach for product comparison.
The user’s awareness of the differences between multiple
physically present objects is enhanced through virtual aug-
mentations, supporting an intuitive way of comparing two
or more products while shopping. To assess the validity of
the concept, a prototype for an AR-based shopping assistant
for comparing vacuum cleaners has been implemented and
evaluated in a user study, testing different methods of visual
comparison and interaction.
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•Human-centered computing→Human computer in-
teraction (HCI); Information visualization.
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1 INTRODUCTION AND BACKGROUND
Nowadays, augmented reality (AR) technology is becoming
more readily available and holds promise for a multitude of
application areas. People’s interest on knowing and using
the technology has increased too and the number of com-
panies willing to spend resources in adding AR solutions to
their products and working processes keeps rising [24, 25].
However, despite the attractiveness of the new technology
and its potential to engage consumers [6], the novelty of
AR fades away rather quickly [14] and it is difficult to find
reasons to use AR technology regularly instead of a more
common (and probably convenient) method [15].
On a related note, brick and mortar stores are starting to

enhance the shopping experience with the inclusion of com-
puter technologies like smart carts [17], smart shelves [5],
RFID sensors [26] or the adoption of the Internet of Things
technology [7]. AR has the potential of adding a further qual-
ity by bringing the physical and virtual shopping experience
together. Especially interesting is its possible application to
convey information about physical products or even to work
as a personal shop assistant, particularly when the products
in question require technical knowledge or the support of
an expert opinion to prevent a wrong buying choice. The
adoption of AR-based shopping assistants promises to be a
beneficial approach for both, retailers and consumers, mak-
ing the former more competitive and the latter more aware
of their buying decisions.
Finding intuitive, natural ways to display and transmit

product information requires to take into account current
research on customer behaviour. Studies assure that the ex-
pected behaviour of a client when in a physical store is to
focus on product characteristics, in a decision-making pro-
cess that requires comparing attributes of different products



against each other or against personal preferences [20]. Com-
paring is one of the most basic cognitive activities and plays 
an important role in understanding, discovering and eval-
uating our surroundings [9]. Nonetheless, if the items to 
be compared are many, retaining their characteristics could 
impose a big constraint, emphasized by the limitations of 
short-term memory [3]. In this regard, it has been proven 
that using spatial superimposition via AR helps to alleviate 
the mental workload of retaining information by eliminating 
short-term memory demands [27].

Based on the aforementioned arguments, we present here 
our approach to physical object comparison through AR 
technology, where differences between items are highlighted 
to ease the limitations encountered during the comparison 
process, aiming to answer the following research questions:

RQ1 What are suitable visualization methods for prod-
uct comparison?

RQ2 Which interaction style is more convenient for ex-
ploring product attributes in a comparative manner?

To validate our approach, a prototype forMicrosoft HoloLens
has been implemented and evaluated in two different studies.
The first one tested two comparison visualizations (total vs
relative differences) while the second one focused on inter-
action methods (tap-based vs head-gaze-based).

2 RELATED WORK
Supporting the comparison of complex data objects has been
thoroughly explored from a wide number of perspectives.
Gleicher et al. [11] survey on visual comparison research
provides a large list of references and establishes a taxonomy
of visual designs for comparison, dividing the comparative
space in three different categories: juxtaposition (showing
different objects separately), superposition (overlaying ob-
jects in the same space) and explicit encoding of relationships
(computing the relation between objects and visualizing it).
Also relevant is the work described in Tominski et al. [28],
where a general interaction concept to support comparison
tasks in visualization is developed, stressing the great impor-
tance of mimicking natural behaviour.
In relation to our interaction concept, head-based tech-

niques have received the interest of the scientific community
when applied to 3D environments, especially after being
adopted as the standard selection method by popular AR and
VR devices (as is the case of the HoloLens or the Oculus Rift).
Early work on this area can be seen in Mine [21], where nav-
igation and selection through head movement is included.
More recently, Esteves et al. [8] studies the accuracy of head-
based input (gaze), proposing a technique for augmented
reality based on it and [19] provides an extensive compari-
son between different multimodal techniques for precision

target selection in AR and investigates the combination of
eye and head-based tracking.

AR usage in the shopping context has been proposed and
studied too. Examples of AR being utilized to enhance the
information a client has of the products are the Promopad
[29] or the more recent systems presented in Gutiérrez et al.
[12] (focussed on providing health-related information of
individual items), Ahn et al. [1] (oriented to support product
exploration) and Rashid et al. [23] (an approach for browsing
physical product shelves).
To the best of our knowledge, visually expressing fea-

ture differences and/or similarities of two or more physical
objects has not been studied in conjunction with AR yet.
Nonetheless, studies dealing with the comparison of physi-
cal objects against their digital counterparts could be taken
as a reference, as in Georgel et al. [10], where an approach
for “discrepancy check” in construction sites is presented.

3 SUPPORTING THE COMPARISON OF PHYSICAL
OBJECTS VIA AUGMENTED REALITY

We aim to find suitable interaction and visualization methods
for exploring and comparing products in a physical store
situation, where augmentations of the available products
are provided through a head mounted display (HMD). These
augmentations are used to emphasize differences between se-
lected products, making them more noticeable and granting
effortless access to information that must otherwise be taken
from product flyers or manuals or provided by a human shop
assistant. This approach should ease the comparison process,
allowing the user to directly visualize the differences of two
products regardless of their location within the shop or for
which many attributes are available. Thus, it is also within
the scope of this research to investigate how such compari-
son visualization will impact the decision making phase that
takes place during the buying process.

Comparison Visualization Methods
Regular comparison means often rely on the use of tables
listing product attributes on a side-by-side view, where the
information is disconnected from the related physical prod-
ucts. This method may be convenient for online retailers,
but it is less than optimal when it comes to brick and mortar
stores where customers would need to go back and forth
from the real product to its related characteristics. AR, on
the other hand, allows for a more direct access to product
information, where attributes are shown anchored to the
physical object they belong to; then, when the comparison
occurs, values from the other compared objects are displayed
next to the attributes of the current one, keeping the informa-
tion attached to the product. In this way, all the information
is available even if only one of the products is within the
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field of view of the customer. Nonetheless, technical prod-
ucts usually have many attributes and filtering techniques 
may be necessary to prevent overcrowding the display with 
them, such as the use of attribute categories to only show 
those chosen by the customer.

Through AR it is possible not only to show superimposed 
product attributes, but also to link the displayed informa-
tion to the related parts of the product. For instance, when 
targeting a vacuum cleaner as a product of interest, it is fea-
sible to visually locate where the dust container is placed. 
Moreover, numerical data like the dust container’s capacity 
could be enforced by showing a 1:1 3D model of it aligned 
against the real product, further clarifying the meaning of 
the number and even directly comparing it, side by side or 
over the same space, against the capacity of a previously 
selected item. A main advantage of using AR instead of a 
traditional approach to product comparison is precisely this: 
being capable of comparing more than the regular textual 
or numeric data, but also offering a  visualization of what 
they represent, their exact location, measurements or usage, 
aspects apt to be compared per se and hardly representable 
via a different medium.

As mentioned in the related work section, the scientific 
community has already shown interest regarding the com-
parison of text and numbers. In our case we mainly make use 
of a side by side view of these types of values, exploring two 
different visualization methods (based on the “juxtaposition” 
and “explicit encodings” categories proposed by Gleicher 
et al. [11]):

Absolute values Values are presented side by side as
they are. Values corresponding to the current item are
emphasized, while the values of other selected prod-
ucts are shown next to them, without being modified.

Relative values Values are presented side by side modi-
fied depending on how much they differ. Values of the
current item are shown unmodified, while the modi-
fied values of previously selected items are displayed
next to them (e.g. if the current item has a price tag
of 50€ and it is being compared against another one
that costs 56€, the displayed value will be 50€ and +6€,
respectively). When dealing with non numeric values,
the performance of the previously selected item re-
garding this specific attribute is estimated and then an
arrow up (better than current item) or down (worse)
is used instead (Figure 1).

Interaction Techniques
Performing actions in the digital world trough a HMD may
still not feel completely intuitive for a majority of users.
People have grown comfortable using traditional user in-
terfaces and conventional interaction mechanisms, thus the

Figure 1: Absolute vs relative comparison for non-numeric
values (for the attribute “filter type”).

importance of making the transition to this new reality as
smooth as possible (preventing situations where users could
feel lost or incapable to continue without external guidance).
However, the use of a HMD allows for a different type of
interaction consisting on the activation of virtual elements
based on where the user’s head is aiming to. The question
arises about what method would perform better when ex-
ploring the attributes of different products via AR: to make
use of those mechanisms users are aware of and utilize with
regularity for interacting with digital elements (like the click
action) or to employ a technique perhaps more fitting to
the nature of a HMD when dealing with real objects (like
looking at something). In this regard, our research evaluates
two different interaction methods:

Explicit activation This type of interaction makes ref-
erence to how users communicate with digital ele-
ments by tapping (clicking) on them. In our case, that
means that the user will be able to select products, ex-
plore and access the different parts of the UI by tapping
on holograms or detected real objects.

Implicit activation In a similar fashion to how people
show interest for the things around them or inspect the
characteristics of a certain object, interaction is carried
out through head gaze by pointing at the different
UI elements during a dwell time of 0.75 seconds. The
valuewas chosen to bewithin the limitations regarding
application response times, where less than 0.1 seconds
feels like the system is reacting instantaneously and
more than 1 second may interrupt the user’s flow of
thought [22].

Prototype
To put this concepts into practice, a prototype AR-based
shopping assistant has been implemented for Microsoft’s
HoloLens platform. A HMD approach was chosen over a
different platform because it allows for more interesting in-
teraction possibilities, also leaving the user’s hands free to
perform a direct inspection of the product. For evaluating
purposes the prototype has been conceived to support the
comparison of physical vacuum cleaners, although the ap-
proach could be easily transposed to different domains. Some
of its features are:
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Product information visualization There is a distinc-
tion between attributes that are linked to a certain part
of a product and those that are related to the product
in a more general sense. Attributes not related to a spe-
cific part are shown floating around it, while the ones
referencing parts are “attached” to them. They are orga-
nized by the categories “comfort”, “performance”, “ver-
satility”, “maintenance”, “filtration” and “accessories”
(Figure 2). The categories view displays how well the
vacuum cleaner performs on each one of them (using
a 1-5 scale), working as a summary of its features. The
score given to each category is calculated using a num-
ber of custom rules based on how specialized websites
assess the quality of the attributes within the category.
By selecting one of the categories, the user can access
the specific attributes that have an impact on its score
(Figure 3).

Attribute explanations Inmany cases, buying decisions
are aggravated when the products have attributes for
which expert knowledge is required. To assist cos-
tumers in that regard, three different mechanisms have
been included, activated when a user selects a single
attribute:
• Some attributes act as categories themselves, and
selecting them will disclose more specific features.
For instance, on the regular view the user can only
see (and compare) whether the product includes or
not a battery; by selecting the battery attribute other
related features will show up, such us battery type,
capacity or charging time, allowing for their com-
parison too (Figure 4).

• A button that displays further information appears,
providing a deeper insight about the meaning of the
attribute (Figure 5).

• If the attribute is linked to a physical part of the
product, such part is highlighted too, showing its
shape and location.

Product selection The system knows the morphology
of each available product and, once recognized (via
the use of markers and the Vuforia SDK), the user can
select them by directly tapping on the real object. The
system allows the selection of up to three different
vacuum cleaners at the same time. Selecting a product
will highlight it with a unique colour and include it in
the comparison view.

Product comparison When two or three vacuum clean-
ers are selected at the same time, the comparison view
is activated (Figure 3). It comprises the following ele-
ments:
• Side by side values: Attributes of the selected prod-
ucts are placed side by side on every chosen vac-
uum cleaner, distinguishing them by their highlight

Figure 2: Comparison view of a product in the category sec-
tion. Current product’s ratings are shown in orange, while
the ones of a previously selected one appear in blue.

Figure 3: Comparison view of a product within the “filtra-
tion” category. Attributes linked to physical parts are at-
tached to them through a line with a circled end.

colours. Values shown will depend on what type of
comparison visualization is being used (absolute or
relative values).

• Best values: each attribute of the vacuum cleaner
which is currently within the field of view is evalu-
ated following the same set of rules used for scoring
categories, determining whether it has the best value
among the chosen products (highlighted in green)
or not (in which case it will appear in red). Besides,
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Figure 4: Selecting an attribute opens access to other related
attributes (duration of the filter, in this case).

Figure 5: Information relative to the selected attribute.

the best value of a certain attribute among all the
selected products appears with a golden badge at-
tached to it.

Interaction The system implements both activationmeth-
ods previously discussed. Category exploration and
attribute selection can both be triggered via implicit
or explicit activation, depending on which method is
enabled. For vacuum cleaner selection only explicit
activation is possible; the use of implicit activation for
this purpose was discarded after some testing, which
showed that trying to avoid undesired selections re-
quired great part of the user’s attention.

 Table 1: Characteristics of the available products

Feature VC1 VC2 VC3

Type handheld
and upright canister wet-dry

Size small medium big
Weight light medium heavy
Capacity low medium big
Suction power low medium high
Battery yes no no
Action radius unlimited large short
Filter bad good very good
Bag no no yes
Accessories many few many
Price expensive average cheaper
Other lights cyclone tech. blowing

4 EVALUATION
To evaluate our approach, two different studies have been
conducted, each of them addressing one of our research
questions.

First study: Absolute vs Relative Values
The main objectives of this study were to determine the us-
ability of the approach and to analyse possible significant
differences between the two described comparison visualiza-
tion methods for value representation.

Settings and experimental tasks. Three different vacuum cleaner
models were used. They cover different areas of usage but
are similar enough so that they can be compared. Their main
characteristics are shown in Table 1.
For the study, a floating canvas with instructions was

added to the prototype, guiding users through the experi-
ment. On it, three scenarios describing the client’s specific
needs were presented, asking participants to explore the at-
tributes of the physical vacuum cleaners to find which one
would cover the requirements. The given scenarios were:

• Small flat in the city. The tenant has a hairy dog. It
also includes the attic, very dark due to the lack of
windows.

• Family house with three floors. It has a large back-
yard with two big trees and lots of dead leaves during
autumn. The family’s car is usually full of dirt too.

• An elderly person with back problems, living in an old
flat where space is scarce. She has a Persian cat and
likes gardening in the balcony.

Notice that there was no completely right answer for the
available vacuum cleaners in an attempt to increase item
exploration. For instance, while the small, battery-powered

142 Papers included in this Dissertation



vacuum cleaner with frontal lights could match most of the 
requirements for the first scenario, it has poor filtration 
ca-pabilities which would not be appropriate for a dog 
owner.
Three versions of the system were implemented, based on 

different visualization methods for comparing values:
(1) No comparison enabled (NC): a version of the sys-

tem where comparing items is not available, used as
baseline. Participants are still able to visualize and ex-
plore product attributes individually.

(2) Comparison through absolute values (AC): com-
parison is enabled, presenting unmodified values.

(3) Comparison through relative values (RC): com-
parison is enabled, displaying absolute values for the
vacuum cleaner that is within sight, but using relative
values for the attributes of the items against this one
is being compared.

Method. A total of 50 participants (38 female, average age
of 21.16, σ 3.525) took part on the experiment. A between-
subjects design was chosen, where only one of the imple-
mented versions of the systemwas tested by a participant (16
tried NC, 17 AC and 17 RC). Individually, they were taught
basic HoloLens usage and interaction possibilities offered
by the prototype (for this study only explicit activation was
available). After a couple of minutes for letting them get used
to it and solve any possible questions they might have, they
were told to follow the instructions given by the application
and solve the three aforementioned scenarios, which were
presented sequentially. After completing all of them, they
were given a questionnaire covering aspects related to the
ease-of-use of the system. It comprised SUS [4], AttrakDiff
[13] and system-specific items measuring the constructs con-
tent quality, usefulness and future usage intention. A question
directly addressing the preferred kind of visualization for
different data types was added too, distinguishing between
small numeric, big numeric and non-numeric values.

Results. Regarding the AttrakDiff items, the results can be
seen in Table 2 and Figures 6 and 7. All three versions per-
formed very well, falling into the “desired” category, al-
though the one with no comparison received slightly worse
results. Similar were the scores reported by the SUS items:
82.81 for the NC version, 83.97 for AC and 85.29 in the case
of RC, which qualifies them as “excellent”.

Concerning the question about what kind of visualization
was preferred depending on the data type, 94% and 96% of
the participants chose absolute values for small and big num-
bers, respectively. For the non-numeric values, 40% selected
absolute values, while 60% of them liked the relative com-
parison more. It has to be noted that the relative comparison

Table 2: AttrakDiff’s pragmatic (PQ) and hedonic qualities 
(HQ), along with their respective confidence and the system 
attractiveness (ATT)*

Version PQ Conf. HQ Conf. ATT

No comparison 1.47 0.49 1.44 0.45 1.69
Absolute values 1.75 0.27 1.66 0.41 1.74
Relative values 1.65 0.48 1.74 0.47 1.91

* values provided by http://www.attrakdiff.de

complicated - simple

impractical - practical

unpredictable - predictable

confusing - clearly structured

tacky - stylish

cheap - premium

unimaginative - creative

dull - captivating

ugly - attractive

bad - good
-1 0 1 2 3

No comparison Absolute values Relative values

Figure 6: Mean values for AttrakDiff’s word pairs in each
system version. It uses a -3 to 3 scale, shortened to ease its
visualization.

H
Q

PQ
No comparison Absolute values Relative values

too self-oriented self-oriented desired

neutral task-oriented

too task-orientedsuperfluous

Figure 7: AttrakDiff’s pragmatic and hedonic qualities

visualization in the case of non-numeric values highly dif-
fers from the one used for numerals, as previously shown in
Figure 1.
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Table 3: System-specific items

No Comparison Absolute Values Relative Values
Question mean σ mean σ mean σ

I found the system helpful for deciding for a fitting product. 4.31 1.01 4.35 0.70 4.47 0.62
I found the system helpful for discovering and understanding
the product’s attributes

4.38 0.61 4.47 0.51 4.65 0.49

The system saved me time in understanding differences between
products.

3.38 0.95 3.71 1.10 4.24 1.03

If both options were available, I would prefer to use the AR
system instead of a conventional product comparison table

3.19 1.27 3.47 1.23 3.59 1.33

Table 3 shows a list of items covering system-specific
aspects not observed by the SUS nor the AttrakDiff question-
naires. A One-way between groups ANOVA analysis was
performed over all the items, but there were no significant
results.

Discussion. Although there were no significant differences
between comparisonmethods, both of them performed better
than the system with no comparison capabilities. It is inter-
esting that despite relative comparison performing slightly
better in terms of SUS score and being perceived as more
“creative”, “good” and “helpful for understanding differences
between products”, participants would mostly prefer to use
absolute comparison instead. It thus seems promising to im-
plement a mixed comparison visualization method that takes
into account the type of data to be compared, considering
that more than half of the participants chose relative over
absolute comparison for non-numeric values, but there was
consensus about only using absolute comparison when deal-
ing with numbers. Also, it has to be noted the existence of
different, unexplored ways to show relative differences that
may have performed better (e.g. the use of percentages) and
for which further research is needed. Finally, the novelty of
the technology has to be taken into account too, being more
than possible that part of the achieved high scores in both
SUS and AttrakDiff rely on the fact of using AR.

Second study: Explicit vs Implicit Activation
A second study was performed aiming to explore the possible
implications of using implicit vs explicit activation.

Settings and experimental tasks. Mirroring the first study,
the same three vacuum cleaners have been used. Equally,
participants had to complete the same tasks than before. In
relation to our second research question, two new system
variations where added based on different input methods:

(1) Explicit activation (EA): activating an attribute and
accessing to its information requires a “tap” action.

(2) Implicit activation (IA): using the head to gaze at
an attribute activates it, bringing it closer to the user
after the dwell time (0.75s) has passed. For accessing
its information, the user must aim directly into the
pertinent icon. In both cases the pointer’s shape will
change to display a loading bar, making the user aware
of the remaining dwell time before the attribute is
selected.

Method. 29 participants took part in the study (17 female,
average age of 22.9, σ 3.31). A mixed design was chosen
for the experiment, using a within subjects approach for
visualization methods and an between-subjects design for
activation techniques. To compensate for the impact of the
order in which the comparison versions were tested, the
conditions where appropriately counterbalanced. By the end,
15 subjects tested EA and 14 IA.

As in the former study, participantswhere firstly instructed
in the usage of the HoloLens. After clarifying any ques-
tions, the first task was presented to them and accomplished
straight away by using one of the three comparison ver-
sions. After its completion, subjects were asked to fill in a
short questionnaire. The same procedure was repeated two
more times, one per comparison method. Through the whole
process, only one activation technique was available.
The questionnaire was composed by the short version of

the UEQ proposed in [2] and a set of system-specific items
measuring content quality, usefulness and future usage inten-
tion.

Results. The results reported by the UEQ questionnaire are
presented in Figures 8 and 9. Scores obtained by comparison
method confirm the results reported in the previous study,
showing values very similar for the three different versions,
maintaining the no-comparison one in the worst position.
When considering the different methods of activation, IA
is perceived as more “creative”, “motivating” and “valuable”
than EA by a noteworthy difference, while displaying almost
equivalent values for the rest of items.
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unlikable - pleasing

bad - good

annoying - enjoyable

unpleasant - pleasant

obstructive - supportive

inefficient - efficient

dull - creative

complicated - easy

demotivating - motivating

inferior - valuable
-1 0 1 2 3

not understandable - 
understandable

No comparison Absolute values Relative values

Figure 8: UEQ’s items by comparison method. It uses a -3 to
3 scale, shortened to ease its visualization.

unlikable - pleasing

bad - good

annoying - enjoyable

unpleasant - pleasant

obstructive - supportive

inefficient - efficient

dull - creative

complicated - easy

demotivating - motivating

inferior - valuable
-1 0 1 2 3

not understandable - 
understandable

Explicit activation Implicit activation

Figure 9: UEQ’s items by activation method. It uses a -3 to 3
scale, shortened to ease its visualization.

collected when using RC. On the other hand, the usage of the
“information” feature increased greatly with IA and, within
this technique, in systems with comparison enabled it was
used twice as often than for the no comparison one. Lastly,
not all participants made use of the comparison view, pre-
ferring to explore each vacuum cleaner and their attributes
individually. This is represented by the low percentages of
users triggering the comparison, especially when using rel-
ative value visualization in conjunction to EA. Comparing
three vacuum cleaners at once was a seldom choice in gen-
eral, showing a modest increment with IA.

Questionnaire dimensions: A mixed ANOVA repeated 
measures analysis was performed over the scores obtained 
for the dimensions measured by the UEQ and the system 
specific questions (Table 4). The test reported a statistically 
significant interaction effect between activation and compar-
ison methods for the dimension “hedonic quality” (F (2, 54) = 
5.098, p < .01, η2p = .16). Searching for possible simple main 
effects, a further multivariate ANOVA test of the between-
subjects factor indicated that there is a significant difference 
in hedonic quality scores between activation methods when 
using relative comparison (p < .005), for which IA obtained 
better results. Likewise, possible simple main effects of the 
within-subjects factor were analysed via a one-way repeated 
measures ANOVA for each activation method separately. 
For the group using EA, there was a statistically significant 
effect of the comparison method on hedonic quality scores 
(F (2, 28) = 4.485, p < .05, η2p = .25) and performing a Bon-
ferroni test confirmed that there was a significant difference 
between not using comparison at all and using relative com-
parison in terms of hedonic quality (p < .05), but only when 
EA is enabled. It has to be noted that, among all the possible 
combinations, the use of explicit activation with relative val-
ues visualization received the lowest score for this dimension. 
Possible main effects concerning the rest of the dimensions 
not affected by the interaction between factors were anal-
ysed too, but no significant differences were found for any 
of the independent variables.

Empirical data: Table 5 contains the log data collected 
during the experiment. A mixed ANOVA repeated measures 
analysis indicated that there was no statistically significant 
interaction between activation and comparison methods for 
any of the measured dependent variables, reason for which 
the results are omitted here. Equally, no significant main ef-
fects were found for comparison methods. Nonetheless, there 
were significant main effects for activation type, meaning 
that intervention groups differed significantly, regarding the 
times an attribute was gazed (F (1, 27) = 6.49, p < .05, η2p = 
.2) and tapped (F (1, 27) = 18.3, p < .001, η2p = .41) as well 
as how often participants used the help option (F (1, 27) = 
18.42, p < .001, η2p = .41). A closer look to the collected data 
(Table 5) shows that the times per task were slightly higher 
for the system without comparison means in both activation 
techniques, whereas IA shows greater values overall and 
reaches the highest time per task of all the possible combi-
nations when in conjunction with NC (40% longer than any 
other time). With EA enabled, participants tended to gaze 
more into attributes by a great extent. In contrast, during 
the sessions with IA, subjects selected attributes up to three 
times more often. Participants’ need for visually switching 
between vacuum cleaners remained fairly consistent in both 
activation alternatives, although slightly lower values were
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Table 4: Mean values for the dimensions measured by the questionnaire. The three first ones are extracted from the UEQ (-3
to 3 scale), while “USE” and “PRE” are system specific (Likert 5 point scale), addressing how useful the prototypes were for
exploring/finding products and the participant’s preference of usage of the system over a traditional mean, respectively.

Implicit Activation Explicit Activation

No
Comparison

Absolute
Comparison

Relative
Comparison Total No

Comparison
Absolute

Comparison
Relative

Comparison Total

mean σ mean σ mean σ mean σ mean σ mean σ mean σ mean σ

ATT 1.71 0.73 1.98 0.53 1.96 0.61 1.88 0.13 1.63 0.73 1.88 0.62 1.73 0.71 1.75 0.15
PQ 1.96 0.67 2.10 0.57 2.10 0.65 2.06 0.14 1.81 0.79 2.21 0.53 1.91 0.55 1.98 0.12
HQ 1.33 0.70 1.26 0.64 1.42 0.59 1.34 0.15 0.75 0.88 0.80 0.79 0.31 1.13 0.62 0.22
USE† 3.80 0.74 4.04 0.67 4.14 0.93 4.00 0.19 4.04 0.64 4.22 0.55 4.06 0.52 4.11 0.13
PRE† 3.82 0.74 3.96 0.86 3.96 0.81 3.91 0.18 3.91 0.87 3.90 0.76 3.89 0.68 3.90 0.18
† Likert 5 point scale

Table 5: Mean values for the measured empirical factors: required time per task in minutes, number of times a user gazed
and tapped (selected) an attribute, how often participants switched their attention from one vacuum cleaner to another, in
how many occasions an attribute’s information was inspected and the percentage of users who made intentional use of the
comparison view of two and three vacuum cleaners (that is, explored items with that view at least during 1 minute).

Version Time per
task

Gaze on
attribute

Select
attribute

Switch
products

Check
information

Compare 2
products

Compare 3
products

EA - NC 04:31 152.00 11.47 61.33 3.07 - -
EA - RC 03:55 132.87 9.13 50.47 0.47 40% 20%
EA - AC 04:28 154.20 11.73 58.87 1.87 80% 20%

IA - NC 07:02 96.00 24.50 62.70 6.64 - -
IA - RC 04:45 95.85 26.50 60.43 12.21 64% 36%
IA - AC 05:01 90.86 30.86 66.14 11.50 71% 29%

Discussion. The possible benefits of using a comparison tech-
nique against not using one are still unclear. In addition
to their very similar UEQ results, users appear to visually
switch between items with the same frequency no matter
whether the comparison is enabled or not, even though the
assumption would be to obtain lower values when it is en-
abled. Although all the pertinent attributes of the item which
is out-of-sight are displayed next to the ones belonging to
the product the user is currently examining, participants still
have the need to visualize the out-of-sight one. Something to
consider in this regard is that the products where placed near
to each other during the study, which may not be the case in
a real world situation. Perhaps the advantages of using the
comparison feature would have been more obvious with the
added effort of having to walk to a distant product. Testing
the system with a set-up closer to a real store may provide
further insight about this issue. Despite this, times per task
seem to be lower when using a comparison view, suggesting
a faster acquisition of information.

Coming back to our first research question, it has to be
noted that the comparison view was activated less often
when using relative values, probably in association with the
results of the previous study where most of the participants
chose the absolute values visualization over the relative one.
The disinclination to use the relative-values view may be
connected to participants having to mentally calculate quan-
tities when applied to numerical data, issue that could be
solved by the use of percentages instead of raw numbers.
Interestingly, this only seems to affect to the perceived he-
donic quality of the system when combined with explicit
activation. In general, absolute values visualization seems to
be the preferred method for most situations, although the
results regarding comparison methods leave open questions
and further research is required in this direction, especially
considering alternative ways of presenting relative differ-
ences and the reasons behind product-switching not being
lessened by the usage of the comparison view.
With respect to interaction techniques, the inclusion of

implicit activation seems to have a significant effect on the
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it would be interesting to further explore the aspects of im-
plicit activation that encouraged the users to look into the
information of the attributes more often and how to take
advantage of them when using explicit interaction.

5 CONCLUSIONS AND FURTHER RESEARCH
An approach to product comparison supported by augmented
reality has been presented, aiming to enhance the intuitive
action of visually comparing two different products when
buying in a physical store situation. Augmentations of a
product’s attributes are shown next to it, also giving fur-
ther insight about their meaning and highlighting related
product parts. Customers can freely select various products,
activating a comparison view when two or three are chosen
at the same time. The comparison view places the individual
attributes of the selected products side by side (emphasizing
their differences) and alleviates the effort of remembering
them, supporting the decision making process of choosing
which one to buy.

A prototype AR-based shopping assistant has been im-
plemented for Microsoft’s HoloLens and evaluated in two
different user studies. There was a very positive overall out-
come in terms of user experience and satisfaction. Results
suggest that the inclusion of a comparison feature has a low
impact in that regard, although they also indicate a quicker
information acquisition when comparison is enabled. When
comparing the values of an attribute, their absolute (unmodi-
fied) presentation was generally preferred. The implicit selec-
tion of attributes through head gaze obtained better results
in terms of hedonic quality and attribute examination, but re-
quiring a more careful navigation. Previous studies indicate
that in the long run explicit activation may be preferred.

Further research includes looking into the reasons behind
the seemingly counter-intuitive results regarding the us-
age of comparison methods and studying new visualization
ways for displaying relative differences. It is also important
to identify which aspects of the implicit activation boost
the inspection of attributes and find possible ways to apply
them to explicit interaction. Additional work is planned for
including a recommender system that works on top of the
already implemented prototype, giving recommendations
not only in the shape of fitting products, but also concerning
attributes to be shown (thus, minimizing the need of explor-
ing attributes through the use of categories). It is also in our
scope to include a digital catalogue of products, allowing the
comparison between physical and non-physical items.
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ABSTRACT
We present an approach combining the AR-based presentation of
product attributes in a physical retail store with recommendations
for items only available online. The system supports users’ decision-
making process by offering functions for comparing product fea-
tures between items, both physical and online, and by providing
recommendations based on selecting in-store products. The phys-
ical products may thus serve as anchors for forming the user’s
preferences, also offering a richer and more engaging experience
when exploring the products hands-on. Both objective product at-
tributes as well as the visual appearance of a physical product are
employed for generating recommendations from the online space.
In this way, the advantages of online and in-store shopping can
be combined, creating novel multi-channel opportunities for busi-
nesses. An empirical evaluation showed that the comparison and
recommendation functions were appreciated by users, and hinted
some possible benefits of a hybrid physical-online shopping sup-
port system. Despite the limitations of the study, there is sufficient
evidence to consider this a viable approach worth to be further
explored.
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• Human-centered computing → Human computer interaction
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mation systems → Recommender systems.
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1 INTRODUCTION
Even though the idea of augmenting the physical world via the
inclusion of digital elements is not a new concept at all [3], the
technology that allows for it to be usable on a daily basis has only
recently become available on a wider basis. It is in the working
environment where augmented reality (AR) has shown its most
notable benefits, especiallywhen it comes to improving productivity
and quality of production or to providing training and assistance
for complex tasks [30]. Entertainment and marketing are also areas
where AR has seen more use due to the attractiveness of the new
technology and its potential to engage consumers [10], to such
an extent that the investment in AR solutions is expected to grow
exponentially as the technology matures [29]. In marketing and
retail, AR has been applied in various forms at mobile and local
customer touch-points [7]. However, in many cases, the engaging
effect of AR may rely considerably on its novelty which tends
to decrease rather quickly [18] in favour of more conventional
methods of interaction.

Combining AR with recommender technologies appears to be
an avenue that offers the potential for creating both an engaging
customer experience and pragmatic benefits in terms of search
and decision support [1, 31, 46]. This combination, however, has
thus far only been exploited in specific contexts, such as providing
recommendations for mobile users [40, 45]. The application of AR-
based recommender techniques in the physical setting of a retail
store, in contrast has hardly been investigated yet [9].

Applying AR in a physical store offers various opportunities
for supporting users in their decision-making process. The most
obvious advantage is that AR can give users the option to explore
the properties of a product in situ without the need to switch atten-
tion between product and additional information sources, such as
leaflets or product websites. A further promising, yet unexplored,
function relates to comparing the properties between two and more
physically present products since AR can virtually combine product
attributes and display them in the vicinity or as overlay of a product
the user is looking at . Providing such functions can relieve the
burden on the user’s memory [2, 39] which can be considerable
when comparing a larger number of seemingly similar products in a
store . Seeing the properties of a product in direct spatial relation to
the product and its parts may enable the user to criticize a product
feature and ask for products with different feature values, which
can then be recommended from the set of products available.

The recommender function becomes much more powerful, how-
ever, if recommendations from the vendor’s online offerings can
be included in the AR presentation. In this case, the presence of a
physical product can help the user to construct his/her preferences
more effectively, in particular when certain product features are



best understood when it is possible to examine a product in its 
physical form. A hybrid approach combining physical and virtual 
products in an AR interface allows to use a small selection of phys-
ical products as reference points or anchors[42] for a larger online 
collection thus reducing space requirements and costs.

The approach is also in line with the ideas of omni-channel re-
tailing [19, 44] where different communication channels cooperate 
for a more rewarding shopping experience (e.g. use internet to 
obtain product information when in a physical store). It can also 
be particularly helpful when dealing with products that require 
technical knowledge or the assistance of experts to prevent a wrong 
buying choice. Avoiding inventory limitations, information accessi-
bility and ease of comparison are some of the features for which 
online shopping is usually preferred over physical stores [47]. With 
the hybrid approach described in this paper, these benefits can be 
brought into the physical environment.

In this paper, we present an AR-based shopping support system 
that combines product comparison and recommending methods 
for both physical and online products, significantly extending the 
ideas described in [49]. The concept revolves around the idea of 
letting users browse the digital product space by exploring the phys-
ical one. Its main features include the ability to display relevant 
attributes of physical products, to allow direct product comparison 
and to provide product recommendations. Physical products can 
be compared against each other and against digital ones. Further-
more, recommendations can be influenced by critiquing attributes 
of physical products.

Our research goals in the matter of bringing virtual recommen-
dations into the physical shopping scene can be summarized in the 
following research questions:

RQ1 How effective are product recommendations provided
through AR?

RQ2 How can the development of user’s preferences be sup-
ported by AR-enhanced product displays?

RQ3 Does the presence of a physical product serve as a cogni-
tive anchor for selecting among online products?

In accordance with the described approach, a prototype for a
shopping support system for Microsoft HoloLens has been imple-
mented and tested in a user study, for the purpose of answering
our research questions and evaluating the usefulness of the sys-
tem when it comes to the alleviation of the limitations of physical
retailing.

In the following, related work is discussed, while successive
sections describe in deeper detail our approach, the functionality of
the prototype developed and the design and results of its evaluation.

2 RELATED WORK
2.1 Recommendations in physical retailing
Online stores typically include features like product comparison
tools [23, 32], price trackers, customer reviews and ratings [27],
detailed descriptions or product recommendations [37], all of them
oriented to providing useful information that supports clients in
their purchase decision and overcome the limitations of not having
direct access to physical goods. On the other hand, obtaining such
amount of information in a physical context depends mainly on

the interaction with sales staff [17], although it is not always pos-
sible to have access to reliable information sources. The inclusion
of recommender systems could be a solution to the information
demands of clients in retail stores. As an example of this approach,
Kourouthanassis et al. [25] presents a system that automatically
creates a shopping list that is updated in real time when the user
picks something at the store, while also offering product informa-
tion and recommending promotions based upon previous buying
behaviour or cross-selling associations. Another example would
be APriori [45], a system for mobile devices that lets consumers
receive product data, recommendations and user ratings directly
at the point of sale. There are a few instances in the research field
where AR-based recommendations have been used for providing
in-store support. In that regard, a system that recommends healthy
products is presented in Ahn et al. [1], where the authors also assess,
among other aspects, the benefits of using AR for product search
in retail stores; in Gutiérrez et al. [15] an AR shopping assistant is
described, PHARA, that delivers health-related information, focus-
ing their research on visualization layouts and their convenience
for different AR platforms.

2.2 User preference models
Consumers do not always have well-defined preferences, but often
tend to build them on the spot when making a decision is required
[33]. The lack of preferences becomes an issue especially with digi-
tal catalogues where there is a great number of choices that have to
be evaluated, possibly leading to choice overload [6]. Recommender
systems play a key role in reducing the amount of information that
consumers need to evaluate, while they also have the capacity to
influence the client’s preference-construction process [16]. There
are several recommending-related factors that may have an impact
on the creation of preferences, from the influence of numerical
attributes [26] to the mere presence of recommendations [24]. In
our research, however, it is the presence of physical products what
could have an effect on the client’s final decision, a factor that has
not yet been considered due to how rarely physical and digital
products are presented together. In this particular scenario, psy-
chological effects such as priming[41] and anchoring[12] should be
considered, where physical objects may influence a client’s judge-
ment on a perceptual or cognitive level. It is through the usage
of physical products that the exploration of a larger set of digital
ones is performed, thus supporting a progressive discovery of the
product catalogue and the development of consumer preferences.

2.3 AR in retail stores
After years of confrontation between online and physical retailers,
traditional companies have begun to understand that the future is
digital, to the extent that most of them now offer online retailing
channels that may work in parallel or in combination to the al-
ready existent physical ones. Depending on the level of integration
among the available channels, retailers can be classified as multi-
channel, cross-channel or omni-channel [5, 20]. Omni-channel re-
tailing stands for the greatest level of channel integration, where
the boundaries between physical and virtual channels have disap-
peared to provide a seamless shopping experience to customers.
The omni-channel approach is slowly taking the stage and replac-
ing current multi-channel retailers [44] (for which each channel
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works independently), as demonstrated by the new functions that 
physical stores have gradually taken [13], such as pick-up points 
or showrooms.

AR in particular has gathered a lot of attention in the retailing 
context due to its capacity to increase consumer engagement and 
influence the purchase decision [31]. In-store AR applications have 
been made popular in the shape of virtual try-on (also called “magic-
mirrors”) that have gathered a lot of attention [4, 21, 22, 38]. An 
early example of AR being used in retail stores is The PromoPad 
[48] which is capable of providing context-aware information of 
products; Välkkynen et al. [43] developed an approach to visualize 
package contents before its opening; Rashid et al. [35] uses a combi-
nation of RFID with AR to browse physical product shelves; Acquia 
Labs created a demo [8] for an AR shopping assistant to showcase 
the possibilities of currently available technology, with features 
like the superimposition of useful information and customizable 
product search; Cruz et al. [11] created an AR mobile application 
for retail stores that detects where the user is located and provides 
guidance to the item that the user is looking for.

Despite the existence of previous research on AR-based in-store 
shopping assistants, their combination with product recommending 
features has rarely been explored so far. Additionally, psychological 
aspects that may play a role on user acceptance of the concept have 
been generally overlooked, as it could be the case of priming and 
anchoring effects.

3 AR-BASED RECOMMENDING AT THE
POINT OF SALE

Most of the challenges related to the provision of recommendations
can be summarized in three simple questions: what to show, when to
show and how to show the information [36]. Rather than addressing
these matters directly, we consider it necessary first to create a
solid foundation on which recommendations can be built: in our
case, it means to find basic activities that customers perform when
buying in order to design solutions to support the recommendation
aspect over them. That is, recommendations are built upon more
elementary aspects that support the buying process in general, such
as the access to external information, attribute explanations and
comparison methods, which should be as integrated as possible
within a normal buying behaviour.

Literature in the field of consumer behaviour point at the com-
parison of features of different buying options as one of the most
common actions that clients of a physical store perform when mak-
ing a purchase decision [28]. Comparing plays an important role in
the client’s decision-making process that precedes the selection of
a product, which involves not only the comparison of the available
items against each other but also against the customer’s personal
preferences. For this reason, we have taken the comparison of prod-
ucts as the foundation of our approach to AR-enabled shopping
assistants. In it, clients can unveil the attributes of physical prod-
ucts, navigate them, learn about their meaning and compare them
against the attributes of other products. On top of it, a recommender
system has been designed to display products similar to the physical
one at which the client is currently looking. These recommenda-
tions expand the limitations of the physical catalogue by enabling
the selection of products that are not physically present at the store.
The digital-product space is browsed by exploring the physical

one, which opens room for interesting questions regarding the ef-
fects that real world items may have over the choice of digital ones
when the former are used as a reference for the latter. Moreover, the
recommender system allows user feedback by enabling attribute cri-
tiquing, which supports the creation of a mental preference model
sustained over the examination of physically present products.

The outlined concept has been implemented into an application
that runs under Microsoft’s HoloLens and uses marker-based prod-
uct detection (supported by the Vuforia Engine 1, which provides
advanced computer vision functionality to recognize images and
objects in AR applications). Although using a smartphone as AR
enabler may be a more practical approach for present-day retailing,
in this research a head mounted display (HMD) has been chosen
instead, even if it means using a medium to which users are less
accustomed and may be seen as adding complexity. The reasons be-
hind this decision are: first, because HMD technology is becoming
more relevant and it is likely to be more accessible in a near future;
second, its nature makes it more interesting in retailing contexts,
because it offers a more engaging experience (which is particularly
relevant for advertising and promotion stands) and allows for a
hands-free direct inspection of products without loosing sight of
the augmentations; and third, research in this field is still immature
and leaves more opportunities for future work.

The prototype here described is designed to work with physical
vacuum cleaners (Fig. 1), but the concept itself could be applied
to many different domains. More concrete aspects of the compar-
ison and recommendation features and their implementation are
explained over the following subsections.

3.1 Information access
In a normal set-up, clients of a physical store may only access
product information by consulting flyers or asking a human sales
person. In such scenario, consumers may face situations where the
information provided is not sufficiently accurate or complete, or
perhaps not enough personnel is available, or they do not have the
required expertise to provide support. Human factor aside, even
if a reliable source of information is at hand, clients would need
to go back and forth from the real product to the place where its
characteristics are presented, no matter whether they are written
in a nearby sheet of paper or consulted in a smartphone. This
process is less than optimal and can become tiresome after some
repetitions. Besides, customers still need to interpret the meaning of
the information and how it is linked to the product, a task that may
happen to be too complicated for those that are not knowledgeable
enough in the product space.

Our concept tackles these issues by using AR in a manner that
consumers acquire relevant information just by looking at the prod-
ucts. The information is organized in attributes and categories as
follows:

Attributes: an attribute is formed by a name and a value. At-
tributes of each product are put together in categories and
displayed anchored to a side of the physical object they
belong to. The selection of an attribute shows a brief de-
scription that helps to understand its importance and, for
those that are linked to some part of the product, the related

1engine.vuforia.com/
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Figure 1: Overview of the prototype. The attributes of a product are presented on the left side, while recommended items
appear on the right side.

Figure 2: The selection of an attribute highlights it and
shows a brief description of its meaning and where it is lo-
cated in the product.

physical part is highlighted to allow direct inspection (Fig.
2). Some attributes act as containers for others attributes (e.g.
if a product is powered by a battery, the battery itself has
attributes too); these “sub-attributes” are normally hidden,
but they will appear if the attribute that contains them is
selected (Fig. 3).

Categories: a category refers to a broader, significant aspect
of the product (e.g. performance or required maintenance)
and receives a score based on the values of the attributes
that it encloses. The use of categories is specially signifi-
cant for technical products, because they usually have many
attributes that would overcrowd the display if no filtering

Figure 3: Attribute that contains sub-attributes. Bookmark
(top) and Critique (right) buttons are shown as well.

means were provided. By accessing a category, the attributes
of the product that have an effect on that specific aspect are
revealed.

This design works towards making the information more acces-
sible: the different categories help to create relationships between
attributes, while the scoring system, attribute explanations and
their linked physical parts give an insight of the product’s quali-
ties that is understandable even by clients who lack the required
knowledge.

3.2 Product comparison
Comparing is regarded as a basic cognitive activity and holds great
relevance in terms of understanding, exploring and evaluating our
surroundings [14]. But comparing involves a mental effort and be-
comes harder themore information is required (e.g. whenmore than
only two options are to be compared) as consequence of the limi-
tations of short-term memory [2]. Once again, AR appears to tick
all the right boxes: the mental workload of retaining information
can be alleviated thanks to the utilization of spatial superimposi-
tion via AR, which eliminates short term memory demands[39].
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Figure 4: Attributes and categories during the comparison of 2 and 3 products respectively. Values belonging to different items
are shown in the colour that has been assigned to them (yellow, purple and blue in the example; in this case, blue is the
colour of the product the user is looking at when in the categories view). Selected products, and their assigned colours can be
consulted on the right side of the UI (under the recommended items section), which is not shown here. Those attributes in the
current product that are better than in the other compared items appear in green; otherwise, the are highlighted in red.

Considering how natural it is for consumers to compare different
products before taking a decision, it only seems reasonable to at
least explore the advantages that supporting the comparison of
physical items may bring to the in-store context. Our approach
aims to ease the comparison process and allow users to visualize
differences between products regardless of the quantity of their
attributes or their location within the shop.

Online stores already offer comparison tools that typically rely
on the use of side-by-side tables of product attributes. This is a con-
venient method for online retailers where there is no physical item
that the user can examine. However, as it has been mentioned in the
previous section, using a similar solution in a physical store would
add the extra effort of going back and forth from real products to the
place where the comparison of their attributes is being displayed.
Moreover, and in relation to our approach, showing a simple table
of attributes on an AR display would not make much sense: in
many cases the table would end occupying too much screen space,
covering the real world (and products) behind it and giving an im-
pression of disconnection between physical and digital elements.
This leads to a waste of the potential of the technology and the rise
of questions about why to use AR when more traditional means
can achieve better results.

Keeping all the aforementioned points in mind, our approach
makes use of the already explained categorization and positioning
of product attributes for presenting the comparison. A product
enters into comparison mode after being selected by using the “tap”
gesture on it. The comparison takes place when two (or three) items
are selected at the same time. The following elements are part of
the comparison process:

Side by side values: attribute values of each one of the se-
lected products are shown together, keeping the information
attached to the product and organized in the same manner as
when the comparison was not yet enabled. Values of differ-
ent products are distinguished by highlighting them with a
specific colour. Features not included in one of the products

but appearing in the others are added to the former with a
tag that indicates that they are “not included”.

Visual aids to support the identification of differences:
attributes are evaluated by using the same rules that are
applied for scoring categories. Based on the results, it is pos-
sible to know whether the current product has the best value
for a particular attribute among all the chosen ones (bor-
dered in green) or not (bordered in red), but only when such
distinction makes sense (Fig. 4). Besides, the comparison of
product measurements is shown by superimposing them on
a 1:1 3D scale representation that helps to better appreciate
their relative dimensions.

Custom Category: an extra category called “Saved Proper-
ties” makes possible the combined comparison of multiple
attributes that are scattered along different categories. It al-
lows consumers to customize which attributes are shown
within it and can be used to store only those that are relevant
to their preferences.

Saved Products: up to seven products can be saved in digital
form at any moment. They follow the client’s movement
and are placed slightly above the head in such a way that
they can be selected and deselected even when the physical
product that they represent is far away.

By combining these elements, it is possible to keep all the infor-
mation required to make a comparison always within the client’s
reach, even if only one of the products to be compared is nearby.
Customers can save the products that they like while exploring the
shop, bring their attributes with them, and start the comparison as
they please. It has to be noted that saving attributes and products
are actions that are not exclusive of the comparison mode and can
be performed at any moment. Also, the process here explained
has made reference only to physical-to-physical product compari-
son, but physical-to-digital comparisons are also possible, as it is
mentioned in the following section.
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Figure 5: Recommended items. Critiqued attributes are
listed above them.

3.3 In-store product recommendations
In our approach, recommendations are provided based on the phys-
ical product that is currently in the user’s AR focus. Recommenda-
tions are calculated by using a content-based technique that takes
the attributes of the product that has the attention of the client as an
initial user preference model. Similar items are then retrieved from
the database and four of them are displayed (Fig. 5). Two similarity
scores are calculated: one based on functionality and another one on
visual appearance. The functionality score only takes into account
attributes that do not have an impact on the aspect of the product.
On the other hand, the appearance score is obtained by mixing the
similarity of visual-related attributes (e.g. colour, measures or ma-
terial) and the outcome of comparing their product images against
images of the base product. Image comparison is carried out by
using DeepAI’s API2 which returns a value indicating how contextu-
ally similar they are (0 for identical images). When multiple images
of a single product are available, only the lowest value is taken into
account. This value is not calculated at runtime but stored in the
database beforehand to avoid performance hiccups. The final set of
recommendations is formed by the items with the highest scores,
two of them based on functionality and two of them on appearance.

The initial set of recommendations can be further refined via
critiquing (Fig. 5), which initiates a new recommendation process
with a modified set of preferences that now includes the critiqued
aspect. Categorical attributes are critiqued by telling the system
whether it should be contained in the recommendations or not
(“include this” or “exclude this”) while for numerical ones it can
be requested to consider higher or lower values. In any case, the
critiqued properties do not act as a hard filter but as an added
preference, thus recommendations are always retrieved. Critiqued
properties are not universally shared among available physical
products which means that they are set individually and create a
unique preference model when joined to the base attributes of the
product, thus obtaining distinctive recommendation sets.

2deepai.org/

Interaction-wise, other relevant aspects of the proposed concept
are:

• Recommended items can be physical or digital, meaning
that they may be accessible for inspection or not. This lets
clients explore and choose items that are not in the shop,
thus extending the catalogue and balancing the purchase
options between online and physical retailing channels.

• Browsing the digital space is done by exploring the physical
one. Recommended items change from product to product
and are based on the specific item to which they are attached,
thus users can find what they are looking for in the digital
space by searching for similar products in the real world.

• Recommended items can be selected, saved, compared against
physical ones or removed. The physical-to-digital compar-
ison factor lets users experience their attributes by taking
similar, real objects as a reference.

• Recommended items can be individually removed, which in
turn brings forth new ones on their place.

These features provide a playground for clients to explore, learn
and make decisions in a shopping situation. The whole buying
process is supported: the system provides assistance from the infor-
mation gathering phase to the point in which a final decision has
to be made. Consumers with little knowledge about the product
space can begin by exploring physical items in a natural manner;
they learn about their attributes and other available purchase possi-
bilities without any more hassle than looking at a product; product
comparison is supported by the system, so that consumers do not
need to remember attributes nor search for differences by them-
selves; clients can develop their own preference model that can
be further elaborated by critiquing product attributes and obtain
recommendations that adjust to it; finally, consumers are able to
experience physical and digital products (to an extent) and take a
more informed buying decision. The approach also provides a novel
answer to open questions concerning the seamless integration of
online and physical stores from a consumer’s point of view.

4 EVALUATION
A study has been conducted to evaluate the validity of our approach
and investigate the benefits of in-store recommending. The eval-
uation used only the system developed as no realistic baseline to
compare against was available (a condition considering an online-
only situation or a combined online-store scenario would have
significant structural differences for it to be a comparable baseline).

4.1 Settings and experimental tasks
Three physical vacuum cleaner models were available (VC1, VC2,
VC3), whose selection was done taking into account that they
should cover different usage areas to let users explore a wide range
of digital products through them, but remain similar enough to
be compared. The database used to obtain the recommendations
consisted of 100 vacuum cleaners.

During the study, a floating canvas shown via AR gave partic-
ipants the information needed to complete the given tasks. Each
participant had to solve two tasks concerning the search of an ade-
quate product to match certain criteria. More specifically, each task
asked to find products with the following characteristics:
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Table 1: Short ResQue items

# Question mean σ

1 The items recommended to me match my interests. 3.5 1.08
2 The recommender systems helped me discover new products. 4.1 0.99
3 The items recommended to me are diverse. 4.1 1.10
4 The layout and labels of the recommender interface are adequate. 4.0 1.05
5 The recommender explains why the products are recommended to me. 2.7 1.49
6 The information provided for the recommended items is sufficient for me to make a purchase

decision.
3.9 0.87

7 I found it easy to tell the system what I like/dislike. 3.3 1.16
8 I became familiar with the recommender system very quickly. 4.1 0.87
9 I feel in control of modifying my taste profile. 3.7 1.49
10 I understood why the items were recommended to me. 3.5 1.17
11 The recommender helped me find the ideal item. 3.5 1.17
12 Overall, I am satisfied with the recommender. 3.9 1.19
13 The recommender can be trusted. 3.8 1.03
14 I will use this recommender again. 4.1 1.28
15 I would buy the items recommended, given the opportunity. 3.4 1.50

Task A High suction power and air flow values; moderate
weight; attachments suitable for house and car cleaning;
price under 200€.

Task B Small size and easy to store; good filtering system,
appropriate for allergic persons; can handle pet hair; easy
maintenance and handling.

It was taken into account that for each task at least one of the
physical products could be a suitable choice.

4.2 Method
A total of 10 participants 3 (4 female, average age of 28.1, σ 4.06)
took part in the experiment, 9 of whom had a strong technical
background (3 Computer Science students, 5 PHD students and 1
telecommunications engineer in the industrial sector). Each partic-
ipant was taught basic HoloLens usage and the main features of
the prototype. After a brief time to let them get used to it and solve
their questions, they were told to follow the instructions given by
the application. Tasks were shown sequentially (but their order
of appearance was counterbalanced between subjects), and after
each of them a 3-item questionnaire was presented, treating aspects
such as purchase confidence and helpfulness of physical items. After
both tasks were completed they filled another questionnaire to as-
sess the recommender systems’ quality of user experience (ResQue
[34]) and system-related items measuring the constructs usefulness,
decision-making and attractiveness. In addition, task completion
times and other empirical variables were measured.

4.3 Results
Items of the ResQue questionnaire are listed in Table 1. Most items
show scores above 3.5, showing that users tended to rate posi-
tively the implemented recommender system in general, especially
in those aspects concerning the novelty of the recommendations
(items 2 and 3), perceived ease of use (8) and use intention (14).

3the number of participants needed to be limited because the study was conducted
during the COVID-19 pandemic

However, the system is lacking when it comes to the explanation
of its results (5).

Table 2 shows the outcome of the system-related questions. They
were also positively rated overall, but the highest scores were given
to the preference of usage of the system over a traditional compari-
son tool (item 1) and participants’ inclination to use the system if
available (7). The two items concerning the helpfulness of physical
products (2 and 3) were also rated favourably. However, participants
seemed to encounter difficulties to find exactly what they wanted
(item 4). Participants were also asked what they would choose if a
salesperson and the system were both available. 2 of them would
only use the system, 1 affirmed that he/she would prefer to only
receive advice from the salesperson, and the remaining 7 would
combine both asking for advice and using the system.

Items in Table 3 were answered by participants after each com-
pleted task (thus, twice per user of the system). They received high
scores too, which suggests that the comparison function and the
presence of physical products were perceived as helpful. Users also
expressed confidence in their final choice.

Most participants said they felt able to use the system compe-
tently after having completed a first task fully. Despite completion
times being shorter for the second task (Table 4), there were incre-
ments in the average number of critiqued, highlighted and book-
marked properties, as well as how often a category was changed
and how many times a participant read the description of an at-
tribute; user’s attention moved from one product to another very
consistently between tasks, and participants performed more inter-
actions from a digital product to another digital product than from
physical to physical or physical to digital ones.

Regarding the selection of a suitable product for each task, a
digital one was chosen as the best fitting option in 18 occasions,
while physical products were selected 2 times as the final choice
(Table 5). For task A most final choices were either VC1 or an item
recommended for VC1 or VC3, but never one of the recommenda-
tions based on VC2. Similarly, Task B was solved by choosing either
VC2 or a recommended item based on VC1 or VC2, never for VC3.
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Table 2: System-related items

# Question mean σ

1 If I had the choice, I would prefer the proposed system instead of a traditional web-based
product comparison tool.

4.10 1.97

2 I find that having physical products in front of me made it easier to make a decision. 3.90 1.10
3 I find it helpful/beneficial that I have the possibility to see/touch the products. 3.90 1.37
4 I found it easy to explore the product attributes and find what I was looking for. 2.80 1.03
5 I found it easy to compare the characteristics of different products. 3.70 1.05
6 I believe that I can make a faster buying decision by using the system than by using a more

traditional mean (e.g. reading their attributes in a sheet of paper next to the physical products
or consulting a salesperson).

3.50 1.17

7 If a store would offer this augmented reality application for a product I am interested in, I
would use it.

4.4 0.69

Table 3: Within-subjects questionnaire

# Question mean σ

1 I found it helpful to directly compare product features next to the physical product. 4.25 0.91
2 The physical product shown helped me to form an opinion about the products available online. 4.40 0.68
3 I am confident the product finally chosen would fulfil the requirements described in the task. 3.80 1.00

Table 4: Empirical data collected during the study

first task second task overall
mean σ mean σ mean σ

completion time (minutes) 14.8 6,20 8.28 1.8 11.54 5.56
frecuency of physical to physical product switches (switches/min) 2.46 2.48 2.59 1.79 2.52 2.10
frecuency of physical to digital product switches (switches/min) 6.85 3.69 8.21 4.91 7.53 4.27
frecuency of digital to digital product switches (switches/min) 11.57 4.81 11.33 5.99 11.45 5.27
products saved 3.00 1.32 2.00 1.00 2.50 1.24
properties critiqued per minute 0.56 0.34 0.72 0.45 0.64 0.39
properties highlighted per minute 1.99 1.01 2.65 1.48 2.32 1.25
properties bookmarked 2.00 1.14 2.22 3.07 2.11 2.32
property description readings per minute 0.60 0.40 0.75 1.5 0.67 1.06
category changes per minute 2.08 1.03 2.41 1.16 2.24 1.08

Table 5: Final choice by type (digital or physical) and item
on which the recommendation was based. Task A/B refers
to the description of the task, not their order.

Based
on VC1

Based
on VC2

Based
on VC3

Physical
Product

Digital
Product

Task A 7 0 3 1 (VC1) 9
Task B 3 7 0 1 (VC2) 9

Furthermore, 4 times out of 10 the same digital vacuum cleaner was
selected among the 100 available as a solution for task A.

4.4 Discussion
The results suggest that participants considered the hybrid physical-
online approach and the comparison and recommendation func-
tions helpful. However, the system needed initial learning as can

be seen in the more frequent use of some functions in the second
task. Critiquing, for example, was used 28% more often in task 2.

Concerning the effectiveness of product recommendations via
AR (RQ1), results of the ResQue items suggest a tendency towards a
positive user perception of the implemented recommender system.
Discovering new, diverse products has been relatively well rated,
which may be the consequence of joining digital-product filtering
through real-world exploration (selecting a physical product limits
the digital space to only the similar ones) with critiquing techniques
and the fact that recommendations where not only based on tech-
nical attributes but also on visual similarity (thus providing a more
diverse set of recommendations). The intuitive process of discover-
ing and filtering the digital space by exploring the real world could
also be the reason behind participants generally finding easy to
become familiar with the system, even with the added complexity
that using a HMD may bring. Participants also seem to prefer the
AR system over a traditional web-based one, which could be ex-
plained precisely by what makes both types of systems different,
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that is, the presence of real objects. This is supported by how highly 
regarded were the items of the questionnaire that deal with the 
helpfulness of having access to physical objects for both compar-
ing and forming an opinion about products and their attributes as 
well as making a final purchase decision. Although the functions 
of the system were generally considered helpful, recommendation 
explanations and attribute exploration were scored lowest in the 
responses. Admittedly, recommendations have no more explana-
tion than being linked to a physical product and being modified 
after a new critique is done, which is sufficient to understand the 
low scoring in that regard. However, the attribute exploration issue 
is not exclusive of the concept here presented nor recommender 
systems in general, and has more to do with the capabilities of AR 
technology when it comes to navigate through large attribute sets. 
Possibly, easier forms of presenting attributes and comparisons may 
become feasible when AR glasses will offer a larger viewing angle 
or if a different AR platform is used (e.g. smartphones, although 
they have their own challenges and limitations).

Regarding the possible implications of using AR product dis-
plays on the development of user preferences (RQ2), having access 
to physical products appears to be beneficial to some extent for 
understanding their properties and extrapolating them to the non-
physically-present ones. Participants addressed this aspect directly 
in the survey, where the presence of physical products was judged 
mostly as helpful when making a decision in the digital sphere. 
Their perceptions in that regard are supported by how confident 
they were when assessing the suitability of the chosen products 
despite having selected digital ones for the most part.

Lastly, when it comes to possible anchoring or priming effects 
and the role that physical products play over the exploration of 
digital ones (RQ3), there appears to be a connection between what 
physical products are available and how users explore the digital 
space. The evaluation showed that users based their final choice on 
the physical item preferred for the task given and the recommen-
dations that were provided for this physical item, mostly ignoring 
other online items. As has already been mentioned, selecting a 
physical product apparently acted as a filter for the online product 
space which suggest the existence of anchoring and priming effects.

4.4.1 Limitations. Participants of the study may not be represen-
tative of the population targeted by the concept due to their low 
number and strong technical background. For practical reasons 
there was only a limited number of physical products and not all 
product categories were properly represented , which would not 
have been the case in a real world scenario. This has an obvious im-
pact in how often digital products were chosen over physical ones, 
which could have been very different if a larger variety of physical 
items were available. The usage of a HMD instead of a more conven-
tional device may have had an impact on participants’ perception of 
the system due to its novelty, thus possibly influencing the results. 
The interpretation of the results is also limited by the lack of a base-
line against which to compare them and caution is required when 
interpreting an apparently positive finding. Lastly, the preferences 
implied by the task scenarios provided may have limited the users’ 
need to engage more deeply in developing their own preferences. 
These aspects require a more careful exploration in further research.

5 CONCLUSIONS AND FURTHER RESEARCH
In this paper, an approach to in-store product recommendations
provided via augmented reality is presented. It is built under the
hypothesis that the creation of a mental preference model in a
physical buying environment can be alleviated by having access to
product information and recommendations, while at the same time
the navigation of the digital space is improved by taking advantage
of real world exploration. Furthermore, when the recommendations
provide items that are not physically present in the store (taken
from a digital catalogue), the inspection of other, similar items
that are physically accessible could have an effect on how clients
perceive the digital ones. In the implemented prototype for AR
head mounted displays, clients can obtain product information of
physical vacuum cleaners by just looking at them. The augmenta-
tions show product attributes and their meaning, as well as where
the related parts are located in the product. Product comparison
is supported by the inclusion of visual aids to directly perceive
differences between them, which aims to mitigate the limitations
of short-term memory. Recommendations of similar products (both
real and digital) are provided for each physical one, whose outcome
can be influenced by critiquing its attributes.

During the performed user study, the systemwas positively rated
and perceived as useful and intuitive. The selection and exploration
of products was influenced by the presence of physical items. The
digital space was browsed based on the attributes of real objects,
since participants focused on the recommendations given for spe-
cific vacuum cleaners (the ones that they considered more fitting for
the given tasks). Physical products were predominantly regarded as
helpful for forming an opinion of the ones available only in digital
form. However, all these results should be taken with reservation
due to the various limitations of the study in terms of the number
of participants, the lab setting and the lack of a baseline. Altogether
there is enough evidence to at least consider this to be a viable
approach worth to be further explored. Future work will focus on
consolidating the results presented here and on obtaining a deeper
understanding of preference construction and the role of anchoring
and priming effects in a hybrid physical-online setting. It is also
in our scope to study new methods for combining appearance and
function based recommendations and how different types of clients
may react to them.
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Jesús Omar Álvarez Márquez(B) and Jürgen Ziegler

University of Duisburg -Essen, Forsthausweg 2, 47057 Duisburg, Germany
{jesus.alvarez-marquez,juergen.ziegler}@uni-due.de

Abstract. We present a study on the acceptance of augmented reality-
based product comparison and recommending in a physical store context.
An online study was performed, in which a working prototype for head-
mounted displays, developed in previous research, was used to show-
case the concept. The survey included questionnaires to assess shopping
behaviour, decision styles and propensity to adopt new technologies of
the participants. A cluster analysis of these psychological traits reveals
the existence of different types of customers, who also differ on their
assessment of the system. While the technology adoption propensity
index is the better predictor of the acceptance of an augmented real-
ity shopping advisor, the results suggest that factors such as the user’s
previous experience, a high experiential chronic shopping orientation, or
an intuitive decision style have a significant impact on it as well. Thus,
predicting user acceptance solely based on one of the investigated psy-
chological traits may be unreliable, and studying them in conjunction
can provide a more accurate estimation.

Keywords: Technology acceptance · Augmented reality · Retailing ·
Shopping advisors

1 Introduction

AR technology has made considerable advances in recent years [7], making it
more readily available in a wider range of domains. Its usage has been success-
fully implemented in industry, specially concerning areas such as quality con-
trol, training and assistance in complex tasks [36]. AR is being well regarded in
entertainment and marketing spheres too, due to the possibilities that it offers
in terms of consumer engagement [14]. However, the use of AR in retailing is still
scarce and most of the time e-commerce is the centre of attention, while physical
retailing is left aside [34]. Bringing AR to physical stores requires finding more
u-tilitarian uses for it [46], as well as suitable scenarios and proper visualization
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and interaction methods. Furthermore, it is essential that an AR-based solution
brings clear added value in contrast to more traditional options in order to be
acceptable.

With all of this in mind, a promising use of AR is that of supporting in-
store product comparison. Physical retailing lacks the ease with which online
stores provide their customers with plenty of useful data and shopping tools.
AR could be used precisely for closing this gap by letting customers explore
product attributes via augmentations, while also allowing their comparison by
assisting clients in the process of finding and understanding their differences.
A potential benefit of the approach is that users are free to inspect attributes
directly on the physical object they belong to, which may be of help for obtain-
ing a better understanding of its qualities and, thus, make a more satisfactory
purchase decision. In combination with recommending functions, AR can build
a bridge between physical stores and online shopping to create multi-channel
options [27,55], more so if the recommendations include products from the ven-
dor’s online catalogue. A system like this offers the rarely seen combination of
digital and physical items of the same type, where the characteristics of all of
them are accessible through a unified medium. This aspect may also have an
impact on the decision making process of users by influencing how they explore
the digital space and learn about physical and digital items.

However, it is unclear whether the use of AR technology in such context
is acceptable to all users and which psychological characteristics may determine
acceptance and attractiveness. Different general attitudes towards new technolo-
gies and user-specific shopping and decision-making behaviours may influence
the acceptance of an AR system in a shop environment. Such factors may be
particularly relevant when the system involves wearing an AR headset, which
is conspicuous and may attract other customers’ attention. Although research
on the topic of AR acceptance already exists and even spans through different
disciplines [18,37], it approaches the investigation mostly from a technical angle
(e.g. users proficiency, availability of learning tools or current reliability of AR)
or contextual elements, but overlooks the involvement of other psychological
factors and the interactions that may occur between them. Thus, the following
research questions are raised:

RQ1 How useful do users consider the possibility to explore and compare prod-
ucts across physical and online spaces?

RQ2 What is the impact of individual and combined personal characteristics on
the acceptance of AR-based support functions?

This paper makes a further contribution to existing literature by presenting
a exploratory study where, unlike previous research, users are defined by a set
of psychological traits. These traits are based on how clients make decisions in
a shopping scenario with a heavy technological component; that is, by assess-
ing their technology adoption propensity, decision-making styles and shopping
orientation. Participants are then grouped into types of clients to study their
acceptance of an AR shopping advisor running on a head mounted display, in
an attempt to find out which characteristics are more significant and uncover
possible interactions that may exist between them.
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2 Related Work

2.1 Use and Value of AR in Retailing

Studies show that AR has a positive impact on the shopping experience, par-
ticularly regarding customer satisfaction, consumer engagement and purchase
intention [39,43]. Modern retailing can take advantage of AR at various con-
sumer touch points, supported on the exponential growth of mobile technology
[28] (e.g. IKEA’s popular app [9]). Previous research shows that Mobile AR apps
are perceived as valuable in retail contexts and provide benefits beyond the reg-
ular shopping experience [17]. Furthermore, due to its ability to merge digital
and physical worlds together, AR acts as an enabler of omni-channel experi-
ences by supporting the seamless integration of the different retailing channels
[10,17,23]. Thus, it seems important for retailers to, at least, consider the adop-
tion of AR-based experiences. However, the adoption of AR also presents its own
challenges, such as taking the risk of its implementation, the initial investment
in new technology or the need of training employees [17].

Previous approaches to AR in physical retailing include the PromoPad [59],
an early application capable of providing context-aware information; Välkkynen
et al. [54] explore the possibility of visualizing the content of a package before
opening it; Rashid et al. [44] combined RFID with AR to browse product shelves;
Cruz et al. [16] created an AR mobile application for retail stores that detects
where the user is located and provides guidance to the item that the user is
looking for. As of today and in terms of commercial success, virtual try-on [28] (or
“magic-mirrors”) are the most widely spread implementation of AR in physical
contexts.

2.2 Shopping Advisors

Shopping advisors are very common in online settings, including features such
as comparison tools [29,41], customer reviews and ratings [31] and product rec-
ommendations [50]. Per contra, it is difficult to find such elements in physical
stores. An approach that brings such functionality into physical retailing can be
found in Kourouthanassis et al. [30], where the authors present a system able to
automatically create and keep track of a shopping list, and offer product infor-
mation and personalized recommendations of promotions. APriori [47] is another
example of a system that provides in-store product data, recommendations and
user ratings.

Concerning AR, it has been stated that the technology offers improved search
of information at the point of sale [52] and supports clients in making a pur-
chase decision [15], characteristics that are desirable in a shopping advisor. Fully
fledged AR shopping advisors are still rare, although some research exists on the
topic: Ahn et al. [3] explore the benefits of using AR for product search in
retail stores; Acquia Labs [13] developed a demo for a shopping assistant that
provides, among other features, product information and in-store navigation sup-
port; Gutiérrez et al. [21] present a prototype for an AR shopping assistant that
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offers health-related information and discus different visualization layouts; Lud-
wig et al. [35] developed a working prototype to study the benefits of using AR
to expose the underlying technical features of physical products. Commercial
apps exist too: Aisle411 and Tango partnered to develop an app for Walgreens
stores [1] that delivers product information, promotions and in-store navigation;
or the Olai Skin Advisor [2], which offers recommendations of products after
detecting the consumer’s face skin conditions. Nonetheless, despite the existence
of previous research on AR-based in-store shopping assistants, the combination
of digital and physical products that can be seamlessly compared and recom-
mended remains unexplored.

2.3 Acceptance of Augmented Reality Technology

Technology acceptance is defined by Dillon [19] as “the demonstrable willingness
within a user group to employ IT for the tasks it is designed to support”. Despite
what intuition might tell us based on that definition, the results provided by
Roy et al. [49] suggest that technology readiness (i.e. an individual’s propensity
to embrace and use new technologies) may only influence customer acceptance
towards smart retail technologies to some extent, that is, under certain conditions
and for certain customers, while other factors such as perceived usefulness (PU),
perceived ease of use (PEOU), and perceived adaptiveness play a larger role.
Precisely, the review of existing literature [42] shows that one of the most widely
used approaches to assess user acceptance of augmented reality in retail is the
Technology Acceptance Model (TAM) [33], which considers that PU and PEOU
are the main drivers of technology acceptance. The model has undergone several
revisions through the years by both original and independent researchers [11],
and it is often criticized because of its simplicity, which neglects the differences
in decision-making and decision makers across technologies [8]. However, it is
still a widely used model and considered valid for AR applications [18]. The
extended versions of the TAM often discuss the addition of new factors such as
perceived enjoyment (although the findings about its impact on user acceptance
are conflicting) and perceived informativeness [24,42]. As a contrasting note,
several authors opt for using flow theory instead [57], which focuses on the four
dimensions of immersion, curiosity, fun and control.

Security and privacy aspects have been flagged as other relevant factors that
influence the acceptance of AR technology, where previous literature [46,56]
show that AR systems do not currently offer enough protection in that regard
or, at the very least, do not sufficiently transmit the feeling of it.

When exploring the different factors involved in the acceptance of AR, exist-
ing studies mostly focus on the impact of aspects such as the characteristics of
the technology (real or as perceived by users), psychological factors and environ-
mental influences [18,42]. However, the existence of different types of consumers
(defined by the combination of several of these elements), and how they may
differ in their perception of AR in retailing settings, are questions that have
been generally overlooked.
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3 Research Questions

3.1 RQ1: How Useful Do Users Consider the Possibility to Explore
and Compare Products Across Physical and Online Spaces?

Supporting the comparison process is a key component of the prototype that
is evaluated here. This is justified by the great relevance of comparing in how
human beings learn about their environment [20] and, consequently, the signifi-
cant role that it plays in consumer behaviour, where comparing products is the
most natural way to reach a purchase decision [32]. A previous evaluation of the
system [6] suggested that combining digital recommendations and physical items
may be beneficial for understanding the qualities of the not physically present
products, due to the possibility of learning about them through the examination
of the real ones. Moreover, it also seems to exist some connection regarding how
users navigate the digital space and what products are physically available, in
a way that digital items are intuitively filtered out by exploring only the rec-
ommendations provided for already suitable, physical products. These points
indicate some potential benefits of offering such in-store services, but there is
still a need to confirm these results by surveying a larger population sample.

3.2 RQ2: What Is the Impact of Individual and Combined Personal
Characteristics on the Acceptance of AR-based Support
Functions?

There is a research gap concerning how different decision-making-related psycho-
logical traits participate in a user’s acceptance of in-store AR applications. To
determine what these traits could be, we take the work by Alavi and Joachims-
thaler [4] as reference, where the psychological variables involved in the accep-
tance of a decision support system are examined. Cognitive style, personality
traits, user situational variables and demographics are identified as the most rel-
evant factors. In the following, the measurement of each factor (as defined by
Alavi and Joachimsthaler) is discussed.

Cognitive style refers to how information is processed and used. Different
scales exist that allow its analysis, such as the Decision Styles Scale [22], which
only requires 10 items to provide an outcome on two different scales (rational
and intuitive); or the more complete and commonly used approach by Scott
and Bruce [51], which distinguishes between rational, avoidant, intuitive and
dependent decision-making styles, but at the expense of a greater number of
items.

Personality traits are such as need for achievement, degree of defensiveness,
locus of control or risk-taking propensity. Given that the matter at hand consists
in the inclusion of a very intrusive technological component (a head mounted
display) in a physical retailing context, we aim at the assessment of those traits
involved in both technology adoption and shopping behaviour.

Concerning technology adoption, it has already been stated that the Technol-
ogy Acceptance Model [33] is the most popular theory. The Technology Readiness
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Index [40] is another well-known tool for measuring an individual’s propensity to
adopt and embrace new technology, and it focuses on four different dimensions
that act as motivators (optimism, innovation) or inhibitors (discomfort, inse-
curity). Consistent with this idea, the Technology Adoption Propensity index
[45] also considers the existence of positive (optimism, proficiency) and negative
(dependence, vulnerability) attitudes in the assessment of technology acceptance,
but uses a more contained set of items.

Among the alternatives for measuring consumer-related traits, the most
prominently used is the Consumer Styles Inventory [53], which profiles individ-
uals by analysing eight basic characteristics. Westbrook and Black [58] propose
another widely used approach based on hedonic and utilitarian shopping moti-
vations. A more recent study by Büttner et al. [12] discusses the creation of a
7-items long Chronic Shopping Orientation Scale, which aims at the prediction
of the consumer’s stable shopping disposition (experiential or task-focused).

Demographic data on gender, age and education can be easily collected. As
for user-situational variables, the work by Alavi and Joachimsthaler [4] refers
to user training and experience, which in our case could be associated with the
user’s previous knowledge about augmented reality.

Gathering information on each one of these personal characteristics would
allow the investigation of their role in the judgement of a system like the one
described in the following section. Furthermore, by uncovering possible relation-
ships between these characteristics, it would be possible to determine the exis-
tence of distinguishable customer types and any variations in their acceptance
of the system.

4 Description of the Prototype

A prototype for an AR-shopping advisor designed for Microsoft HoloLens was
developed [5,6]. As of today, using a smartphone could have been a more prac-
tical approach. However, this research chose to use a head mounted display as
AR enabler because of its growing relevance and availability, and its facility
to provide a more engaging experience (which is specially relevant in shopping
contexts) and allow for more interesting interaction possibilities (e.g. hands-free
direct inspection of products).

Vacuum cleaners were chosen as the product domain, since they are common,
technical commodity products. The approach, however, could have been applied
to a wide range of products, so long as they are rich in attributes and their
physical qualities are relevant for consumers. It is also necessary to keep in mind
that this approach may not be best suited for standard shopping environments,
but in stores whose activities include working as show-rooms: spaces where a
carefully selected range of products are presented (usually specialized in a specific
type of items), and where clients have enough space to wander around and
freedom to examine them.
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Fig. 1. Main view of the system. Attribute categories and recommendations are placed
on the left and right sides of the product.

4.1 Access to Product Information

When a user looks to a product that is physically present in the store, relevant
information is displayed surrounding it (Fig. 1). Clients can then move from
one product to another to inspect them individually. Product information is
organized in categories that group attributes based on their impact over a certain
aspect. Within a category, the system shows the values of the attributes that
belong to it. They can be selected, which shows extra information (Fig. 2).

Against the argument that similar results could be achieved by more standard
means (e.g. a smartphone app with object recognition capabilities), an AR app-
roach enables the inclusion of relevant spatial information for each attribute (i.e.
where they are located), bringing into play a new layer of interaction between
digital and physical worlds where their connexion is made more apparent. Such
union should call for direct exploration and testing of physical items, while
improving the understanding of their digitally displayed properties.

4.2 Product Comparison

Taking online comparison tools as a reference, the prototype lets users select
up to three different products to be compared. When the user looks to one of the
selected items, the attributes of the other one(s) (not directly in the client’s line
of sight) are shown next to the attributes of the former, in a side-by-side manner
(but maintaining the same attribute organization and exploration methods that
have been previously explained). Each product is assigned a specific colour that
helps to distinguish their properties. The system highlights in green or red the
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Fig. 2. Selecting an attribute shows its
location on the product, a brief descrip-
tion and critiquing buttons (+/–).

Fig. 3. Comparison view. Colour-
coded attribute values (e.g. purple)
belong to products not in the client’s
line of sight. (Color figure online)

attributes of the current product to easily identify in which ones it performs
better or worse than the other selected items (Fig. 3).

4.3 Product Recommendation

Product recommendations are obtained likewise attribute information is
retrieved: just by looking at a certain product. Items similar to the product
directly in the line of sight of the client are shown next to it (Fig. 1). These rec-
ommendations can be directly compared without requiring users to find the real
objects they represent. This allows the inclusion of recommendation of products
that are not physically present at the store, effectively expanding the store’s
catalogue.

Recommendations can be modified, either by directly removing those that are
not wanted (which brings new ones in their place) or by critiquing the attributes
of the item for which they have been recommended (users can choose whether
they seek for products with higher or lower values in a particular property).

5 Online Study

An online study has been conducted to assess the acceptance of an AR-based
in-store shopping advisor designed for head-mounted displays and the specific
functions described in the previous section. An online study design was chosen to
get a broader feedback following an initial lab study1 [6]. The goals of the study
1 Conducting another, larger lab experiment was also considered, but that option had

to be discarded due to restrictions related to the COVID-19 pandemic.
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include defining different consumer profiles based on their propensity to adopt
technology, shopping orientation and decision styles, and to analyse whether
differences exist in their judgement of the system. Finding possible relationships
between the psychological traits that characterize those profiles and their impact
on the acceptance of the concept is also within the scope of this investigation.

5.1 Settings of the Study

Participants were asked to complete an online questionnaire with three distinct
parts. The first one focused on determining the psychological profile of the partic-
ipants and included questionnaires to that effect. Then, since participants could
not experience the system by themselves, a video was included that had an ini-
tial part where the concept was introduced, followed by a thorough description
of the prototype’s functionality, showcased with real images of the system as
seen from the user’s point of view. The last part of the survey was comprised
by a set of questions in relation to the aforementioned video with the purpose
of collecting information about the acceptance of the prototype.

5.2 Method

A total of 63 participants (40 females, average age of 34.1, σ 12.29) took part in
the study. They were recruited through the online platform Prolific2 and received
a monetary award of £1.50 after successfully completing a survey (as per the
site’s policy). As it can be seen in Table 1, the majority were residents of the
United Kingdom, while most of them had achieved a master’s degree level of
education and worked either as employees or were self-employed. Furthermore,
many of them reported to have limited knowledge about augmented reality and
its possible applications (Table 2).

Table 1. Demographic information of the sample

Country #

United Kingdom43

United States 8

Ireland 4

Netherlands 2

Canada 2

Other 4

Education level #

Secondary school 2

High school 9

Apprenticeship 1

Bachelors degree 19

Masters degree 32

Working status #

Pupil/in school 3

Training/apprenticeship 1

University student 8

Employee 28

Civil servant 4

Self-employed 10

Unemployed 9

2 www.prolific.co.
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Table 2. Knowledge about augmented reality technology

I know nothing about it 8

I know the name, but not much more 21

I know a bit about it and its possible applications 30

I have followed its development and know it well 4

I know a lot and could be considered an expert in the field 0

The survey itself was hosted by SosciSurvey3. The first part of the survey
comprised questionnaires that were to be used in the creation of the participant’s
psychological profile. Since different traits had to be measured, and to prevent
response fatigue and collect more truthful answers [38], the length of the ques-
tionnaires included in the survey was an important factor when selecting them.
Even though the chosen questionnaires might not offer as much information as
others available, their combination should suffice to create a reliable user profile:

– Technology Adoption Propensity (TAP) index [45], a 14-items-long question-
naire that provides a score that represents how likely a person is to adopt new
technology by considering four sub-scales: optimism, proficiency, dependence
and vulnerability. A TAP score is equal to the sum of the average scores on
each of the four factors, with inhibiting factors reverse coded. Each individual
item is rated using a 5-point Likert scale.

– Chronic Shopping Orientation (CSO) scale [12], which assesses whether a
person has a stable consumer disposition to shop under an experiential or
a task-focused shopping orientation. It uses a 7-points Likert scale, ranging
from task-oriented (lower values) to experience-based (higher values) shopping
orientations.

– Rational and Intuitive Decision Styles (RDS and IDS) scale [22], which
reflects the prevailing manner by which individuals make decisions. Each deci-
sion style is measured independently, hence two scores (in a 5-point Likert
scale) are provided.

Following these questionnaires, a video that explains the concept and show-
cases the implemented prototype for Microsoft HoloLens was presented to partic-
ipants4. After watching it, a final set of system-related questions were presented
to assess the acceptance of the concept. These questions were designed to mea-
sure the constructs perceived usefulness and perceive ease of use (the two main
constructs in TAM), extended with decision-making support, hedonic motiva-
tion and intention to use. Items regarding social acceptance and privacy were
also part of it, which have been highlighted as inhibitors in the adoption of AR
headsets [46].

3 www.soscisurvey.de.
4 The video is available on www.youtube.com/watch?v=k4nyTDQ-n7U.
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In the following, to examine the overall acceptance of the concept and the
usefulness of the AR functions provided (RQ1), the results obtained for the sam-
ple are examined as a whole. Afterwards, psychological data is used to find how
different psychological traits influence the adoption of an in-store AR advisor,
either individually or combined to define consumer types (RQ2).

5.3 General Results

Table 3 reports descriptive data obtained for each one of the investigated con-
structs and the items within them, which are relevant for determining the overall
acceptance of the system and the usefulness of the combination of digital and
physical elements (RQ1). Perceived usefulness and decision support received the
highest scores among all the constructs, while privacy and social acceptance
obtained the lowest ones. However, it has to be noted that all constructs fall
into the positive side of the scale (their scores are higher than 3). Furthermore,
although the construct importance of physical items appears in fourth position,
the score for the single item “Inspecting products will help me to make a more
informed buying decision” is among the most highly rated.

The data in Table 4 shows that providing comparison support is perceived as
the most important feature of the system. Product recommendations and access
to a digital catalogue are close to each other, while interaction with physical items
falls a bit behind, in the last position. These results are in line with the scores
given to the constructs, where decision support (comparing and recommending)
obtained higher ratings than importance of physical products.

Finally, when having to choose between using the system or being assisted by
sales personnel, 21 participants stated that they would use the system only; other
29 said that they would use the system first, and ask for support if required;
10 would first ask for support, and likely use the system afterwards; and the
remaining 3 would not use the system at all.

An analysis of the Pearson’s product-moment correlation between psycholog-
ical traits and the questionnaire’s constructs was performed to study the impact
of individual personal traits on the acceptance of the system (RQ2). After the
adjustment of the p-values by using the Benjamini-Hochberg procedure, only
a moderately negative correlation between intuitive decision style and social
acceptance (r(89) = −.37, p < .05) was found. Although the results hint at other
possible correlations, they are not strong enough to be reported here.

5.4 Cluster Analysis

In order to find combinations of user characteristics that may have an effect
on system acceptance (RQ2), it is first necessary to classify users into customer
types, which allows the comparative analysis of their responses. In our case, this
classification considers the scores that subjects obtained in TAP, CSO, RDS and
IDS scales, that is: how likely they are to adopt a new technology, the way they
approach shopping and how they make decisions. To this end, a two-step process
was performed: first, data was classified through a hierarchical cluster analysis
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Table 3. Overall results for the system-related items

95% CI

Constructs and items from higher to lower mean Mean σ LowerUpper

Perceived Usefulness 4.18 0.84 3.97 4.39

I find the system will be useful 4.21 0.85 3.99 4.42

I believe that the use of Augmented Reality is
beneficial in the given scenario (physical retailing)

4.16 0.90 3.93 4.39

Decision Support 3.94 0.81 3.74 4.15

I can have a better view of all the available choices
with the help of the system

4.16 0.94 3.92 4.39

The system will help me to discover new products 4.13 0.92 3.89 4.36

By using the system, I think it will be easier to find
an item that I like

4.00 0.90 3.77 4.23

This recommender system will increase my
confidence in my selection/decision

3.98 1.04 3.72 4.25

By using the system, I think it will be easier to find
an item to buy

3.86 1.00 3.61 4.11

Using the system will help me to make a decision
more quickly

3.52 1.06 3.26 3.79

Interface Adequacy 3.94 0.95 3.70 4.18

The information provided for the recommended items
will be sufficient for me to make a purchase decision

3.94 0.95 3.70 4.18

Importance of Physical Products 3.78 0.70 3.60 3.95

Inspecting products will help me to make a more
informed buying decision

4.11 0.85 3.90 4.32

Interacting with physical products will help me to
understand the features of similar, digital ones

3.89 0.81 3.69 4.09

I would use the system even if a digital catalogue
were not available (the system would only
recommend physically available products)

3.69 1.06 3.42 3.95

If the same catalogue is available at an online store
and a physical one, I generally prefer to do the extra
effort of travelling to the physical one to inspect the
products by myself

3.43 1.10 3.15 3.71

Intention to Use 3.67 0.95 3.43 3.91

Assuming I had access to the system, I would likely
use it

3.89 0.99 3.64 4.14

Being able to use the system will be a reason for
choosing one store over another

3.57 1.20 3.27 3.87

When in a physical store, I would rather use this
system than a more traditional web-based
recommender

3.54 1.11 3.26 3.82

Perceived Ease of Use 3.64 0.92 3.40 3.87

Learning how to use the system will be easy for me 3.94 1.08 3.67 4.21

I think that the interaction with the system will be
clear and understandable

3.70 1.01 3.44 3.95

I find the system will be easy to use 3.52 1.03 3.26 3.78

Interacting with the system will be an effortless task 3.38 1.07 3.11 3.65

(continued)

Paper vii. Acceptance of an AR-Based In-Store Shopping Advisor 173



Table 3. (continued)

95% CI

Constructs and items from higher to lower mean Mean σ LowerUpper

Hedonic Motivation 3.61 1.16 3.32 3.90

Using the system will be fun 3.71 1.18 3.42 4.01

Using the system will be entertaining 3.51 1.19 3.21 3.81

Privacy (reversed) 3.25 1.14 2.97 3.54

I would be concerned that my data is stored and
used for other purposes

3.05 1.25 2.73 3.36

I would have privacy concerns if someone uses the
glasses around me (e.g. when that person looks at
me)

2.44 1.20 2.14 2.75

Social Acceptance (reversed) 3.22 0.88 3.00 3.44

Being able to share the experience with my shopping
partner (e.g., we both see and interact with the same
AR elements in real time) is relevant for deciding
whether to use the system or not

3.35 1.17 3.06 3.64

I would not feel comfortable using the system while
other people are around

2.64 1.24 2.32 2.95

I would find it annoying/irritating when other person
uses the system nearby

2.35 1.21 2.05 2.65

based on average linkage between groups, which provided information on outliers
and an initial distribution of participants; second, a K-means clustering analysis
was conducted to confirm the results obtained in the first step. Since the variables
involved have different scales, their z-scores were used for clustering purposes.

The outcome shows that four well-distinguishable groups can be identified,
although 9 out of the total of 63 participants are considered as outliers and can
thus not be classified. The silhouette scores [48] for each cluster are reported
in Fig. 4, and the average results that each group obtained in the psychological
tests are shown in Table 5. It is possible to identify what traits characterize each
cluster by considering the relation between their means and the average of the
sample (in the following, “group” and “cluster” are used interchangeably):

Table 4. Importance assigned by participants to each feature of the system (1–5 scale).

Feature Mean σ 95% CI

Lower Upper

Product comparison support 4.60 0.61 4.45 4.76

Access to product recommendations 4.33 0.78 4.14 4.53

Access to a digital catalogue 4.27 0.77 4.08 4.46

Interaction with physical products 3.94 1.03 3.68 4.20
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Group 1 is composed of average technology users (relative to this sample). This
group is the most experiential one when it comes to shopping and has an
over the average intuitive decision-making style. It is also the largest group,
gathers the youngest participants and is mostly composed of females.

Group 2 includes people with higher probabilities of adopting new technology,
who also see shopping as a task-oriented experience. The group presents
a notable polarization between rational and intuitive decision scales: their
RDS is the highest among groups, while their IDS shows the lowest value.

Group 3 has the lowest probabilities of adopting new technology: its members
do not perceive it as useful, are not proficient at it and believe themselves to
be very dependant and vulnerable. Consequently, they know the least about
AR. They also show the lowest rational decision style score.

Group 4 has a TAP value similar to that of group 2, but its CSO, RDS and
IDS scores are more moderate, and has more knowledge of AR technology
than any other cluster. The average age is higher than that of the other
groups and it is the only one composed predominantly of male participants.
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Fig. 4. Silhouette scores by clusters. Average silhouette width = 0.32.

Table 6 shows the scores obtained by cluster in each construct, which already
suggests a difference in their assessment of the system. Although the ranking of
the constructs is mostly maintained between groups (with perceived usefulness
and decision support in the first places and privacy and social acceptance in
the last), the range of scores differs: group 2 has the most positive view of the
system and group 3 the most negative; group 1, on the other hand, is the most
polarized (it provides some of the highest and some of the lowest scores of the
sample), while, in contrast, group 4 shows a more uniform and moderate rating
distribution.
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Table 5. Psychological traits per group. From left to right: group size; percentage of
females; average age; AR knowledge (on a 1–5 scale); TAP sub-scales (1–5): Optimism,
Proficiency, Dependence, Vulnerability; total TAP score; Chronic Shopping Orientation
(1–7); Rational and Intuitive Decision Styles (1–5); and the difference between them.
Values of the psychological traits are relative to the average of the sample without
outliers (last row of the table). Coloured cells identify those values where a group’s
mean noticeably differs from the total.

AR

Kno.

TAP Sub-scales TAP

Score

CSO

Score

RDS

Score

IDS

Score

RDS -

IDS# Fem. Age Opt. Pro. Dep. Vul.

G1 17 88% 28.53 -0.09 0.10 0.01 0.30 0.20 -0.39 1.23 0.05 0.58 0.72

G2 15 47% 34.53 0.09 0.06 0.35 -0.36 -0.52 1.28 -0.84 0.46 -0.91 2.63

G3 10 70% 33.70 -0.44 -0.30 -0.96 0.78 0.76 -2.80 -0.37 -0.50 0.22 0.54

G4 12 33% 37.75 0.39 0.03 0.36 -0.62 -0.27 1.29 -0.37 -0.24 0.13 0.88

Avg. 2.44 4.27 3.68 2.95 3.60 13.40 3.58 4.25 3.00 1.25

Table 6. Differences in the assessment of the system among user groups.

Group 1 Group 2 Group 3 Group 4 Total

Mean σ Mean σ Mean σ Mean σ Mean σ

Perceived Usefulness* 4.44 0.58 4.43 0.65 3.75 0.79 3.83 1.03 4.18 0.80

Decision Support 4.20 0.62 4.19 0.47 3.52 0.81 3.89 0.72 4.00 0.68

Interface Adequacy 4.06 0.90 4.27 0.88 3.40 0.84 3.92 0.79 3.96 0.89

Imp. of Physical Products 4.04 0.54 3.93 0.70 3.78 0.77 3.40 0.58 3.82 0.67

Hedonic Motivation* 4.06 1.00 4.00 1.02 3.00 1.00 3.54 0.81 3.73 1.02

Intention to Use* 3.98 0.69 4.11 0.87 3.27 0.94 3.28 0.84 3.73 0.89

Perceived Ease of Use 3.72 0.96 3.88 0.60 3.23 1.10 3.71 0.80 3.67 0.87

Privacy 3.09 1.08 3.77 1.05 2.90 1.02 3.38 0.12 3.31 1.06

Social Acceptance* 2.86 0.53 3.87 0.75 2.93 0.93 3.19 0.93 3.23 0.86

*There is statistically significant difference between groups (p < .05)

The analysis of the means by performing a Kruskal-Wallis test revealed sta-
tistically significant differences between clusters for perceived usefulness, hedonic
motivation, intention to use and social acceptance. Subsequent Dunn-Bonferroni
pairwise comparison tests reported a significant difference between groups 1–3
in terms of hedonic motivation, and groups 1–2, and 2–3 regarding social accep-
tance (p < .05 in all cases). In that regard, group 1 shows the highest hedo-
nic motivation but, at the same time, it seems to be the most worried about
social acceptance, in contrast to groups 3 (the least attracted by the system)
and 2 (the least concerned about social acceptance). These results agree with
the previously established negative correlation between intuitive decision style
and social acceptance because, as a matter of fact, group 1 comprises the most
intuitive participants. As for the remaining statistically significant constructs,
post-hoc tests were not able to specify the groups for which the differences were
significant, which suggests the existence of more complex relationships. Further
testing of different group combinations showed that there is a statistically signif-
icant difference between the union of groups 1 and 2 and the union of groups 3
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and 4 for perceived usefulness and intention to use (p < .01 in a Mann-Whitney
U test).

Performing the same procedure over individual items of the questionnaire
shows more significant differences, but most of them are in line with the test
involving constructs and, therefore, are not reported here. However, some new
disparities were found in relation to decision support, more specifically for “This
RS will increase my confidence in my selection/decision” (between groups 1–3,
p < .05) and “I can have a better view of all the available choices” (between
groups 2–3, and 2–4, both p < .05).

Regarding what features are more important (Table 7), groups with higher
TAP (2 and 4) seem to prioritize exploration-related functions (comparison and
digital catalogue). On the other hand, group 3, the least technologically proficient
and rational, finds product recommendations to be the most valuable feature.
It also seems that the lower the TAP value is, the more importance is given to
physical interaction with products.

Lastly, Table 8 shows the distribution of answers concerning users intention
to use the system when sales personnel is also available. The responses are con-
sistent with each group’s assessment of the system. Interestingly, it is in group 4
(the one with the highest knowledge about AR) where, given the chance to use
the system, one of its members would choose not to do so.

Table 7. Importance assigned by groups to each feature of the system (1–5 scale, ‘R’
is for rank).

Feature Group 1 Group 2 Group 3 Group 4

m σ R m σ R m σ R m σ R

Product comparison 4.59 0.51 1 4.73 0.46 1 4.40 0.70 2 4.67 0.65 1

Product recommendations 4.53 0.51 2 4.07 0.88 3 4.60 0.96 1 4.25 0.75 3

Digital catalogue 4.18 0.64 3 4.20 0.77 2 4.20 0.92 3 4.33 0.78 2

Int. with physical products 4.12 0.86 4 4.00 1.25 4 4.20 0.79 3 3.42 0.90 4

Table 8. Intention to use the system by group.

If i need support and the system is available ... G1 G2 G3 G4

... I would use it to find what i need 6 7 1 4

... I would use the system and ask for assistance only in case of doubt 9 8 4 5

... I would first ask for assistance and likely use the system afterwards 2 0 5 2

... I would prefer to receive assistance from sales personnel only 0 0 0 1
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5.5 Discussion

In relation to the usefulness of the hybrid physical-digital approach (RQ1), the
feedback received on the AR-based shopping advisor can generally be considered
positive. While it was not possible to assess the prototype against a baseline due
to the lack of a system with comparable functionality, the scores received for
the different functions and interaction methods are all in the positive range. The
constructs perceived usefulness (considered one of the main drivers of user accep-
tance in conjunction with perceived ease of use) and decision support received
particularly high ratings. Although interacting with physical products is over-
shadowed by the other features, it is still regarded as helpful to make a more
informed buying decision.

As for the impact of the traits investigated here (RQ2), none of them appear
to fully determine the acceptance of in-store AR-based advisors. In some cases,
participants with apparently opposing psychological profiles seem to coincide
in their assessment of the system. For instance, both persons with a heavily
task-oriented CSO and a rational DS and those with an experiential CSO and
an intuitive DS are more likely to perceive the system as useful and to use it.
In contrast, those with a low TAP score who also have little knowledge about
AR and those with a high TAP score and knowledgeable in AR technology are
less inclined to its usage. However, their reasons for accepting or rejecting the
system may as well be very different: perhaps they see a practical value in it,
or think that it may offer an enjoyable experience; maybe they simply do not
like technology in general or, if they do, they have had a higher exposure to AR
already, in a way that they are less impressed by its novelty and more aware of
its current limitations. In general terms, a lower TAP score appears to be the
better predictor of the rejection of the system, but average to high TAP scores
seem to be moderated by previous experience with AR technology. This may be
a reflection of how quickly the novelty of AR fades away [25] and the difficulty of
finding reasons to use it on a regular basis instead of a more traditional method
[26]. Finally, a prominent experiential CSO and an intuitive DS seem to lead to
a good acceptance of the concept too, although overexposure to AR could have
the same moderating effect as with high TAP values.

The outcome of the study also indicates that rejection of the system due
to privacy or social acceptance concerns is more likely to happen on subjects
with higher intuitive decision styles and lower TAP scores. In spite of that,
it must be noted that these worries were present in all groups to a certain
degree. This finding agrees with previous research on the topic where privacy
and social acceptance are identified as challenges in the adoption of AR [46,
56]. Some participants left comments where they defined the glasses as “too
creepy” or would express their fear to “be pick-pocketed or robbed when not on
guard”. These worries are mostly related to 1) the insecurity of not knowing
what operations are being performed when other person is wearing the glasses
and 2) the vulnerability derived from having a reduced view of the surroundings
and few control over the collected data when the client is the one wearing them.
It seems that there is a need for finding less obtrusive solutions for AR glasses
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as well as to make sure that users know and understand their capabilities and
how their personal data is going to be treated. Additionally, some time is still
required until wearing such devices in public is more socially acceptable, factor
that seems to affect to a greater extent to people with an intuitive decision
style. In the meantime, other ways for alleviating this issue could be explored,
like more natural interaction methods that do not involve unusual gestures (as
“air tapping” could be considered) or that help to better discern the wearer’s
intentions, so that other people around are more aware of them and less worried.

Some participants were also troubled about the trustworthiness of the rec-
ommendations and whether they could be biased towards the store’s particular
interests. Making clear the source of the provided information and its neutrality
may be another relevant factor to increase the acceptance of applications like
the one presented here.

What do these results mean for physical stores? Current AR technology is still
young and well under development. Challenges in terms of social acceptance and
privacy concerns can be expected to be overcome the more mature and available
the technology becomes. As of today, however, it may be difficult to find a selling
point to convince those users preoccupied for such matters, which stresses the
importance of increasing customer awareness of privacy regulations and device
capabilities. Nonetheless, AR is able already, at its current state, to provide a
number of useful in-store functions, and there seems to be a great portion of
consumers who are willing to try them. Stores may contribute in developing
the potential of AR in physical retailing, while also making profit from it, by
focusing on attracting these types of clients: those who enjoy shopping and those
who find AR technology to be useful. That means developing applications and
designing settings that contribute to an improved shopping experience and offer
utilitarian benefits. Precisely this last part, focusing on the practical side of AR,
may be a crucial factor in drawing the interest of those who have used AR in the
past and no longer feel the so-called “wow” effect. Due to the current limitations
of AR, it would be necessary to create specialized areas with different set-ups,
more appropriate for experimenting and learning about products. In that regard,
systems like the one here described may be more suitable for event-like shopping
scenarios (such as trade fairs) where customer experience in a special setting is
of the highest importance.

Limitations. Participants only watched a video of the system and were not able
to test the prototype by themselves nor had access to the physical products; thus,
they were not able to experience the “physical side” of the approach, perhaps
the hardest part to imagine in conjunction with the other features of the system.
Besides, participants were recruited through an online platform, which increases
the probabilities for them to be more proficient in the use of technology and to
have more trust on it than the average of the population. These factors may have
had an impact on the assessment of the acceptance of the approach. There is also
a probability of finding new types of customers if a bigger sample is used. In the
same manner, the measurement of different psychological traits than the ones
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proposed here could uncover other still unknown relationships between them and
the acceptance of the concept. Finally, few differences found between groups were
actually statistically significant. However, considering the exploratory nature of
this study, the observed results strongly suggest that such differences may indeed
exist and offer a starting point for further research on the topic.

6 Conclusions

Related work on the topic of in-store AR acceptance has mainly focused on the
independent assessment of technological, psychological and environmental fac-
tors. However, it is generally overlooked that connections between these aspects
may exist that could be used to obtain a better understanding of how differ-
ent types of clients accept the technology and what the obstacles are. To that
end, this paper presents an exploratory study that investigates the interactions
between a set of decision-making-related traits and their effects on the accep-
tance of an in-store AR advisor that runs on a head-mounted display.

Personal characteristics were defined by the Technology Adoption Propensity
(TAP) [45], Chronic Shopping Orientation (CSO) [12] and Decision Styles (irra-
tional, IDS, and rational, RDS) [22]. Using them to group participants uncovers
the existence of four types of users within the sample, and a further analysis
suggest differences between them in the acceptance of the system. There is an
indication that technology-related aspects are not entirely responsible for defin-
ing AR acceptance, but that other factors are involved as well (and even negate
the effects of high TAP scores). Overall results show that the approach is gen-
erally well-received, but users with low TAP scores are less convinced about its
benefits and, thus, are less likely to make use of it. Both persons who know
and trust technology (high TAP) and those who are experiential shoppers (high
CSO) seem to be related to higher acceptance values. However, AR knowledge
above the average seems to have a moderating effect on high TAP values. The
most relevant issues to overcome involve concerns about privacy and social accep-
tance, opinion that is shared by all groups. Nevertheless, an intuitive decision
style seems to be correlated with greater worries about the social acceptance of
the approach.

The results indicate the existence of some psychological traits that have an
impact on the acceptance of an AR-based in-store advisor and that relationships
between them exist. Some of these relationships are revealed here, which may
provide a deeper insight into how the concept could be introduced as a new
in-store service by focusing on specific types of clients and making sure to cover
privacy-related concerns. Nonetheless, further technology-dependant advances
are still required in terms of intrusiveness for the approach to be more socially
acceptable.

Future research should focus on discovering other underlying factors and
on how to use them in both the improvement of the system to adapt to the
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specific needs of targeted consumer-types, and its successful introduction in real
shopping environments.
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ABSTRACT
We present a novel approach to the inclusion of online services within a physical retailing scenario
through the use of augmented reality (AR) technology and head-mounted displays (HMD). A con-
cept has been designed for providing the innovative combination of product data, comparison
support and product recommendations, all directly accessible from the pertinent physical prod-
ucts. Prototypes were implemented and evaluated in several user studies to address questions
related to information acquisition, product exploration and user acceptance, including a compari-
son against a baseline system (i.e., smartphone app without AR capabilities). The results indicate
that providing in-store functions via AR HMDs can be on par with a non-AR smartphone approach
in terms of practicality, and may provide superior benefits concerning the discovery and explor-
ation of products, and the perception of their differences. However, effort must be dedicated to
design AR UIs able to compete against the clearer and more structured information visualization
of traditional displays.

1. Introduction

In recent years, augmented reality (AR) has become a well-
established technology that has been successfully applied in
many fields, such as industry, entertainment, medicine and
education (de Souza Cardoso et al., 2020; Parekh et al.,
2020; Wu et al., 2013). Currently, the technology is growing
in popularity among the general audience thanks to the
commitment of leading companies, such as Meta, Microsoft,
or Apple, to its further development, also fostering the
emergence of new terms like Extended Reality (XR) or
Metaverse (Mystakidis, 2022).

Thanks to the new opportunities brought by AR in terms
of information access and interaction (Kim et al., 2018), the
technology has also gained interest in the area of physical
retailing (Caboni & Hagberg, 2019), as it offers customers a
new and efficient form of delivering detailed product infor-
mation on the spot without having to consult shop person-
nel, and can provide new shopping experiences, for
example, by highlighting relevant features in situ, or by
explaining product use (Ludwig et al., 2020; Zimmermann
et al., 2022), all of which enhances the customer experience.
However, and even with the added value of richer product
information provided by AR functions, physical shops today
are only one of the customer touchpoints where purchases
are made. In that regard, the massive increase in online
shopping sites and their advantages over physical stores
(Perea y Monsuw�e et al., 2004) did indeed pose a threat to
traditional shops in the past, but more recent predictions

indicate that this may not be the case anymore (Doherty &
Ellis-Chadwick, 2010). Instead, new trends are more inclined
toward the implementation of omni-channel solutions where
physical and online outlet channels are intertwined (Hur�e
et al., 2017; Verhoef et al., 2015). Despite this, they are still
far from a strong integration, often limited to online order-
ing and physical pick-up, or the contrary, using physical
stores as show-rooms preceding an online purchase (Gao &
Su, 2019). AR offers possibilities for a much stronger inte-
gration of online and physical channels (Hilken et al., 2018),
but these possibilities are still under-researched and, if they
exist, limited (Riar et al., 2022). One can observe the follow-
ing gaps in the current use of AR in physical shops which
we address in our research:

� First, the in-store application of AR can go beyond the
conventional provision of product information through
AR visualizations, delivered either by smartphone or, still
rarely, through special AR devices, by better connecting
the products present in the shop with online offers. Since
shop space is expensive, the selection of products on dis-
play is necessarily limited thus constraining users’ choice
and possibly making them uncertain about whether the
best option is really available. Including online items in
an AR presentation extends the space of products that
can be explored which may give users the impression of
a more comprehensive and fair offering.

� Second, by providing users with the possibility to com-
pare in-store products with online offers on a feature

CONTACT Jes�us Omar �Alvarez M�arquez jesom.alma@gmail.com Interactive Systems Research Group, University of Duisburg-Essen, Duisburg, Germany
� 2023 Taylor & Francis Group, LLC

INTERNATIONAL JOURNAL OF HUMAN–COMPUTER INTERACTION
https://doi.org/10.1080/10447318.2022.2163650



level allows users to decide which offer is better suited
for their purpose. The spatially referenced display of fea-
tures on the in-store products helps users understand the
features’ meaning and relevance even for a remote prod-
uct. Side by side comparison of in-store and remote
products also supports assessing the visual and aesthetic
quality of the product.

� A third type of functionality that has been mostly over-
looked in AR research for in-store use is recommender
functionality. Recommender systems are a well-
established technology in online shops but as yet only
few examples exist of its combination with physical shop-
ping environments. Recommender systems research has
developed a large range of preference elicitation and rec-
ommending methods (Ricci et al., 2011) but limited to
online-only settings. Yet, seeing and touching, possible
operating, an in-store product can play an important role
in the user’s preference formation since features and
appearance of the physical product may act as cues for
becoming aware of one’s actual needs and preferences
(Grohmann et al., 2007). An in-store product the users
focusses upon can thus serve as an anchor through which
the system can recommended similar products even if
they are only available online.

� Finally, there is also only limited knowledge concerning
users’ psychological characteristics that may influence
their assessment of in-store AR and their acceptance of
the technology, more so when considering its utilization
for pragmatic rather than entertaining or advertis-
ing purposes.

Based on these gaps in current research, we formulate the
following research questions:

RQ1: How can product recommendation and comparison
functions be delivered through AR in a hybrid physical-
online setting?

RQ2: What are the advantages of providing AR-based functions
in a physical shopping scenario during the decision-making
process in relation to information access, product discovery and
purchase confidence?

RQ3: What are the implications that this hybrid physical-digital
setting may have on the way users learn and explore the
digital space?

RQ4: What are the effects that user psychological traits have on
the acceptance of such systems, and to what extent does the use
of AR head-mounted displays influence the acceptance of in-
store support functions among consumers with different
psychological profiles?

Addressing these research questions, this article presents
a novel approach for amplifying the in-store shopping
experience, together with its implementation into a fully
working prototype for AR head-mounted displays (HMD),
and its evaluation in a series of user studies. The system is
capable of detecting physical products and providing super-
imposed, contextual information via augmented reality,
which can be directly compared against that of the other
products. Furthermore, recommendations of similar prod-
ucts are generated for each item at the store. These

recommendations may contain products not physically avail-
able, which in turn extends the stores’ product catalog and
supports the union of both digital and physical retail-
ing channels.

Over the multiple stages of this research (�Alvarez
M�arquez & Ziegler, 2019, 2020, 2021), the described concept
and developed system were evaluated with a focus on the
possible implications of providing AR functions in physical
settings in terms of information access and purchase deci-
sion-making, while also considering the effects of the pres-
ence of physical items in the decision-making process and
the role of user psychological traits in the acceptance of the
approach. This article integrates these findings and makes a
further contribution by investigating the acceptance of the
system when compared to a more traditional take on in-
store digital services. To that purpose, a smartphone app
with equivalent functionality was implemented and used as
baseline in two complementary user studies: an exploratory,
online study to obtain an initial overview of how the sys-
tems were perceived regarding a broader set of constructs,
followed by a more focused lab study to gather first-hand
information on usability and user experience. To the best of
our knowledge, no previous study exists that makes such
comparison, the results of which may provide valuable
insight into the real implications of incorporating AR based
functionality in physical stores though dedicated AR devices,
in contrast to doing it with a more standard techno-
logical approach.

The background section discusses the current status of
physical retailing and the new possibilities brought by AR,
and presents the possible advantages of providing in-store
shopping support. Section 3 describes the characteristics of
the developed prototype for AR head-mounted displays.
Section 4 gives an overview of previous evaluation studies,
which were of formative nature and allowed an incremental
user-centric development of the prototype. Section 5
presents the results of an online study focused on the impact
of psychological user characteristics on the acceptance of
AR-based in-store shopping support functions, including a
comparison of the developed system against a non-AR-based
approach for smartphones. Section 6, on the other hand,
presents the results of an interactive lab evaluation where
such functions were tested for both AR and non-AR based
approaches, with an emphasis on user experience and
usability aspects. Final conclusions and further work are pre-
sented in Section 7.

2. Background

2.1. Developments in omni-channel retailing

Online shopping is often preferred over physical stores due
to its advantages in terms of information accessibility,
expanded product selection, and ease of comparison (Perea
y Monsuw�e et al., 2004), and it offers a plethora of solutions
oriented to support the client’s decision making process,
such as comparison tools (Kocas, 2002; Park & Gretzel,
2010), price trackers, customer reviews and ratings
(Lackermair et al., 2013), detailed descriptions or product
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recommendations (Schafer et al., 1999). On the contrary,
obtaining relevant information in physical settings often
requires interacting with the store’s staff (Homburg et al.,
2011), or reading it from fliers or posters, where it is often
challenging to find detailed and reliable information. As a
consequence, clients often resort to external sources (e.g.,
specialized online portals) or make uninformed purchase
decisions. Nonetheless, physical retailing still has benefits
hardly replicable in online settings. This is especially true
for those customers who value its experiential and social
aspects, and those who rely on physical interaction with
products for making a purchase decision, as these are the
main strengths of brick-and-mortar stores (Enders &
Jelassi, 2000).

Due to the pros and cons of each shopping medium, it
has become clear that neither will be able to completely out-
perform the other for the time being (Doherty & Ellis-
Chadwick, 2010). Therefore, companies have adopted a
more conciliatory attitude toward traditional retailing and e-
commerce, as shown by how common it has become to
offer online channels that work in parallel or in combination
to the physical ones. Different levels of integration between
the available channels have been identified, named as multi-
channel, cross-channel or omni-channel (Beck & Rygl, 2015;
Jasin et al., 2019). Multi-channel retailing is the most wide-
spread model (in which each channel works independently),
but the omni-channel approach has started to become popu-
lar and, at the moment, it seems a safe prediction of how
the future of commerce will look like (Hur�e et al., 2017;
Verhoef et al., 2015). Omni-channel retailing stands for the
greatest level of channel integration, consisting on the elim-
ination of the boundaries between physical and virtual
mediums (from a consumer’s perspective) for a more
rewarding shopping experience. This new point of view
opens a door to the creation of novel shopping concepts,
where the features of digital environments could be brought
into physical settings.

2.2. AR for consumer applications

People’s interest in AR has increased steadily in recent years
(McCluskey, 2022), along with the investment that firms
make on the integration of AR solutions within their com-
mercial activities, either as products or production tools
(Rese et al., 2017; Roitman et al., 2017). However, although
AR has found its place in leisure and advertising domains
(Chatzopoulos et al., 2017), as well as in training and educa-
tion fields, it hardly has an impact on the life of the average
consumer. Part of the issue is related to how hard is to
retain the user’s interest when the sense of novelty (a quality
often exploited with advertising purposes) fades away (Hopp
& Gangadharbatla, 2016), which is aggravated by the exist-
ence of more traditional approaches that may achieve simi-
lar results, and therefore are chosen over an AR solution
(Chatzopoulos et al., 2017). In this regard, the acceptance of
AR-based applications greatly relies on its perceived ease of
use and perceived usefulness (Huang & Liao, 2015), which
indicates how important it is to design intuitive methods to

interact with AR-UIs and apply them to scenarios where its
practical value outweighs that of other approaches.

AR solutions have shown to be of value within the field
of retailing (Caboni & Hagberg, 2019), and can be beneficial
at various consumer touch points thanks to the growth of
mobile technology (Javornik, 2016), and mobile AR apps
have shown to enhance the shopping experience (Dacko,
2017). More specifically, AR has been pointed as having a
positive impact on customer engagement, customer satisfac-
tion and purchase intention (Bonetti et al., 2019; Pantano,
2014; Poushneh & Vasquez-Parraga, 2017). Moreover, AR
has the additional advantage of being an enabler of omni-
channel experiences by allowing the seamless integration of
digital and physical retailing channels (Beck & Rygl, 2015;
Dacko, 2017; Hilken et al., 2018). In spite of this, omni-
channel experiences enabled via AR are rarely studied for
in-store scenarios, while most current research interest is
oriented toward the use of mobile devices and try-at-home
applications in online settings (Riar et al., 2022).
Nonetheless, the field of AR technology is still heavily under
development, and new improvements on dedicated hardware
may make it more accessible and realistically usable in phys-
ical retailing scenarios, and risks assumed by companies,
such as the need of an initial investment for its implementa-
tion and staff training (Dacko, 2017) may as well decrease
over time.

2.3. Providing in-store AR-based shopping support

Consumers often lack well-defined preferences, and tend
to build them on the spot (Payne et al., 1992), which in
conjunction to other issues like choice overload (Bollen
et al., 2010), may pose an obstacle for making a satisfac-
tory purchase decision. To overcome these limitations,
shopping advisors offer a variety of useful tools aimed at
helping users to make a more confident purchase, includ-
ing, in many cases, recommending capabilities (Schafer
et al., 1999). Within the domain of AR, previous research
has found that the technology can improve the search of
information at the point of sale (Spreer & Kallweit, 2014)
and support clients in making a purchase decision
(Chylinski et al., 2014), which indicates its potential for
developing in-store shopping assistants (Mora et al., 2020;
Zimmermann et al., 2022). More particularly, AR technol-
ogy can be used to support clients in a number of ways,
including: effortless acquisition of product information;
contextual explanations that help users learn about the
product space; improved product discovery and prefer-
ence construction thanks to the integration of recom-
mending techniques; expanded product catalog that joins
online and physical retailing channels; and product com-
parison aids to facilitate the customer’s purchasing choice.
In line with all these potential benefits, the following sub-
sections address features that are commonly seen in mod-
ern shopping assistants, and pay particular attention to
the possibilities of implementing them via AR.
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2.3.1. Extending product information through AR
One of the most critical downsides of physical stores when
compared against digital ones has to do with the acquisition
of information (Perea y Monsuw�e et al., 2004). This issue
can be aggravated if the product domain is not well known
by the client, more so within the spectrum of technical items
that require expert knowledge to understand their attributes.
It is also important to consider that a shopping context
involves decision-making, and since processing information
has a cost, consumers can feel frustrated when information
is either insufficient or excessive, as it increases the com-
plexity of the decision (Wierenga & Van der Lans, 2008).

AR can be a viable solution to provide easy access to on-
site, reliable information, as has been demonstrated by simi-
lar research on the tourism domain (Kounavis et al., 2012).
In the retailing field, examples of providing extended prod-
uct information via AR include the work by V€alkkynen
et al. (2011), where augmentations are used to present the
content of closed packages; Guti�errez et al. (2019) developed
a system that delivers on-site health-related product infor-
mation, and investigate different visualization layouts and
their suitability for different AR platforms; Cruz et al.
(2019) explored the possibility of providing navigation sup-
port for guiding clients in large retail stores; and Ludwig
et al. (2020) studied the benefits of using AR to expose the
technical features of physical products.

As previous research has shown, AR can be used to
acquire in-store information in unprecedented manners,
supported by the contextual awareness and information
readiness enabled by the technology. However, although
some benefits of its use have already been outlined, it is still
unclear to what extent AR is actually advantageous com-
pared to other approaches (such as a specialized non-AR
smartphone app). Further research is also needed to investi-
gate whether the physicality of products is important to the
point that providing in-store information access contributes
to the decision-making process, in contrast to conducting
the pre-purchase search of information by other means (e.g.,
by researching websites at home).

2.3.2. Providing product search and recommendations
through AR
Recommender systems (RS) play a key role in reducing the
amount of information that consumers need to evaluate by
providing users with suitable purchasing alternatives. They
have proven usefulness that is backed by extensive research
(Ricci et al., 2011). RS have therefore become an everyday
tool for most internet users. In addition, RS provide a num-
ber of benefits to online shops by increasing the likelihood
of visitors to become buyers, as well as cross-selling oppor-
tunities and improved consumer loyalty (Schafer et al.,
1999). As common as RS are in digital scenarios, they have
rarely been implemented in physical ones, despite their
potential to be equally valuable when dealing with physical
objects. For instance, Kourouthanassis et al. (2002) pre-
sented an in-store shopping advisor to provide recommend-
ing features in smartphones: a system that uses RFID
technology for detecting products to automatically create

and update a shopping list, while also offering product
information and recommending personalized promotions.
Another example is found in APriori (von Reischach et al.,
2009), a system for mobile devices that provides product
data, recommendations and user ratings; similarly, RFID
technology was used by Chen et al. (2015) to design a smart
shopping environment in which clients receive recommen-
dations according to their purchase history; or Fagerstrøm
et al. (2020), who explored the benefits of offering personal-
ized recommendations by using the Internet of Things (IoT)
technology. Nevertheless, none of these in-store recommen-
dation approaches considers the use of AR.

AR technology brings new opportunities to present rec-
ommendations and the real world objects they concern
together in a shared space. This union may offer pragmatic
benefits in terms of search and decision support (Walter
et al., 2012) while also creating an engaging experience
(Pantano, 2014). This idea is supported by the results of pre-
vious work: Ahn et al. (2015) assessed, among other aspects,
the advantages of using AR for product search in retail
stores; Acquia Labs (Buytaert, 2018) designed a system cap-
able of offering product information and in-store navigation
support; although focused on in-home services, the results
obtained by Huynh et al. (2018) suggest that AR-enhanced,
personalized product recommendations offer some benefits
in contrast to browser based UIs; Torres-Ruiz et al. (2020)
combined the IoT and AR technologies to offer recom-
mended itineraries within a museum based on the user’s
interest; Mora et al. (2020) discussed the requirements of in-
store assistants and their implementation using mixed real-
ity, which also included tailored product recommendations;
and Zimmermann et al. (2022), whose investigation high-
lights the benefits of in-store AR assistance in terms of use-
fulness, entertainment and informativeness in contrast to
unassisted shopping. The approach has been successfully
used commercially too, as demonstrated by the partnership
between Aisle411 and Tango in the creation of an app for
Walgreens stores (Aisle 411 & Tango, 2014) to deliver prod-
uct information, promotions and navigation; or the Olay
Skin Advisor (2020), which detects the consumer’s face skin
condition and recommends suitable products.

The existent research reveals a growing interest in AR as
a medium through which to provide recommendations, both
in scientific and commercial contexts. Nonetheless, current
research has not yet explored the opportunity of including
digital-only products within the range of possible recom-
mendations, nor the implications that such union may have
in how users browse and learn about digital and physical
spaces. Moreover, techniques for influencing the outcome of
the recommendations have rarely been included in physical
contexts, such as attribute critiquing of products, which,
together with direct product inspection, may have an impact
on how clients of a store create and progressively develop
their preference models.

2.3.3. Supporting product comparison through AR
Comparison plays a significant role in how humans under-
stand, discover and evaluate their surroundings (Gentner &
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Medina, 1997). Literature in the field of consumer behavior
also highlights its importance when making a purchase deci-
sion, a situation where consumers tend to focus on the
attributes of the different options and compare them against
each other (Lancaster, 1966). However, comparison capabil-
ity is constrained by the number of attributes to be com-
pared and how accessible they are due to the limitations of
short-term memory (Alvarez & Cavanagh, 2004). Online
retailers address this issue by offering comparison tools
(Kocas, 2002; Park & Gretzel, 2010), but this type of services
is difficult to implement when the items to compare are
part of a physical setting.

On this topic, AR can alleviate the mental workload of
retaining information by using spatial superimposition
(Tang et al., 2003), and has been highlighted as a suitable
medium with which to support product comparison in
physical retailing (Mora et al., 2020). Another potential
advantage appears when AR is used for both presenting
digital recommendations and providing comparison features:
consumers may have then the possibility to better appreciate
the physical qualities of digital products (e.g., size) when
these are presented next to real items in the store. In rela-
tion to this idea, although in a different direction, previous
research supports that AR is able to increase the tangibility
of digital elements (Hilken et al., 2017; Overmars & Poels,
2015; Verhagen et al., 2014). Also related is the research
focused on “discrepancy check” of physical items and their
digital counterparts, as shown by Georgel et al. (2007),
where real world construction sites are compared against
their original 3D blueprints. Nonetheless, the approach here
presented of hybrid (digital-physical) product comparison
remains unique within its field of application. Therefore,
open questions appear considering this uncommon scenario:
firstly, with regard to the general effects that offering com-
parison support applied to a physical context has on the
purchase decision; and secondly, the extent to which such
hybrid setting supports the understanding of the characteris-
tics of digital items when these are learned by taking the
physical ones as reference.

2.4. Acceptance of AR technology in retailing contexts

In general, technology acceptance, or as it has been
defined: “the demonstrable willingness within a user group
to employ IT for the tasks it is designed to support” (Dillon,
2001), seems to greatly rely on factors, such as perceived
ease of use (PEOU), perceived usefulness (PU), or perceive
adaptiveness (Roy et al., 2018). Precisely, one of the most
widely used approaches for acceptance assessment, the
Technology Acceptance Model (TAM) (Lee et al., 2003),
considers PU and PEOU as the main drivers of technology
adoption. This appears to be true for AR applications in
retailing contexts too, as TAM is also the most utilized
acceptance measurement tool in this case (Perannagari &
Chakrabarti, 2019). Therefore, the significance of finding
utilitarian uses for AR and designing intuitive interfaces
and interaction methods is further highlighted when con-
sidering the role that these elements play in the acceptance

of the technology (Rauschnabel et al., 2018). Apart from
these factors, previous research indicates that the adoption
of AR is also dependent of security and privacy aspects, as
its usage is often perceived to pose risks in that respect
(Rauschnabel et al., 2018; Wassom, 2014).

Nonetheless, care must be taken when regarding the sig-
nificance of these factors as absolute, and attention must be
paid to the existence of consumer types and how they react
to the technology. Customers with different psychological
profiles may respond in different ways to the proposed AR-
based in-store services, especially in the case of this kind of
innovative (and perhaps conspicuous, if using HMDs)
approaches. Merely assessing the technology acceptance of a
user (via TAM or any other mean) may not be sufficient to
fully determine the drivers behind the acceptance or rejec-
tion of AR in these type of complex scenarios, which calls
for the study of other relevant factors, like the decision or
shopping styles of the client. Per contra, questions concern-
ing the existence of consumer types, and the study of their
acceptance of AR in retailing settings, have been generally
overlooked in previous research.

All things considered, there are sufficient reasons to
believe that the use of in-store assistants may improve the
overall shopping experience by providing clients with useful,
personalized information, while also allowing them to test
products themselves. Furthermore, AR technology appears
to be particularly well suited to be the platform through
which to provide these types of in-store services.
Nonetheless, while an AR approach has already been proven
beneficial and commercially successful in the shape of
“magic-mirrors” (or virtual try-on) (Beck & Cri�e, 2018;
Javornik et al., 2016; Kim & Forsythe, 2008; Smink et al.,
2019), the combination of offering product information, cus-
tomized recommendations and hybrid product comparison
via AR in a physical retailing scenario still is a mostly unex-
plored area. Due to the unusual characteristics of the con-
cept, research gaps exist regarding each one of the
mentioned functions individually, but also generally in terms
of the user acceptance of this kind of AR-based services.

3. AR-based in-store shopping support prototype

We propose an approach to support clients of physical
stores by providing access to services normally only available
in online platforms and that appear seamlessly integrated
within the physical shopping environment thanks to AR
technology, while customers are still able to perform direct
product inspection. Products in the store are automatically
detected by the device, and contextual information (i.e., rela-
tive to each product) is displayed next to them, including
product recommendations not only based on attribute simi-
larity, but also on visual likeness. Finally, these recommen-
dations can be further refined by using critiquing functions
on the attributes of the physical product on which they are
based. The approach is most appropriate for products with a
relatively complex and broad set of attributes, provided that
their physical characteristics also play a role in the purchase
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decision (otherwise, the physical presence of the product
would be irrelevant).

The approach is designed for head-mounted displays
(HMD), and implemented specifically to run under
Microsoft’s HoloLens. A HMD approach was chosen over a
smartphone one because it offers more interesting inter-
action possibilities, as it allows for hands-free inspection of
products and gaze-based selection, which eliminates the con-
straint of using one hand to hold the device. Moreover,
HMDs enable a more natural and integrated visualization of
digital augmentations by presenting them directly superim-
posed over the real world, in contrast to the disconnection
between worlds resultant of watching them on the screen of
a smartphone. Altogether, HMD technology better repre-
sents the paradigm of future AR, it is currently under heavy
development, and its relevance and availability will most
likely grow in following years. The concept may be suitable
for a broad set of product domains, but in this particular
case vacuum cleaners, which are common and technical
commodities, have been chosen.

In the following, the functionality of the implemented
prototype is presented (Figure 1), with a focus on the three
main functions of information acquisition, delivery of recom-
mendations, and product comparison, all of them aiming to
the integration of physically present products with ones only
available online.

3.1. Access to product information

The developed prototype is able to automatically detect the
position and orientation of physical products by using
marker recognition (thanks to the Vuforia Engine1) and pre-
sent context-based information relative to them. Because
object recognition is not reliable enough yet, markers placed
on the front of the products were used instead, but were
designed to be as unobtrusive as possible by matching the
product’s own style/colors. When a user has visual focus on
a certain product, digital augmentations with relevant data
are displayed surrounding the item (left side of Figure 1).
The displayed information can be easily switched from one
product to another by simply directing the visual focus to
the desired one. Users can interact with most of the pro-
vided data by using the “air tap” gesture, which usually dis-
closes more detailed information. Product information is
organized as follows:

Categories: product attributes are grouped in categories to
prevent overcrowding the limited visual space. At the same
time, categories have a score that summarizes how well the
product performs in each one of them, which provides a
quick overview of its qualities. “Air tapping” on a category
discloses the attributes within.

Attributes: the system shows the values of each one of the
attributes of the product (Figure 2). Attributes can be
selected like categories are (by “tapping” on them), which
uncovers extra information (a brief description and its
location on the product, when applicable—Figure 3) and
discloses new options for bookmarking and critiquing
them (more about this in Section 3.2). Some attributes
may contain sub-attributes (e.g., a type of filter has a
replacement time that varies between products), in which
case they are also revealed after the selection is performed.

The system includes short-cuts to quickly swap from one
category to another, and a feature for bookmarking attrib-
utes, which permits the creation of a custom category where
only user-selected attributes are located.

Although providing centralized information and showing
it conveniently next to a product are good points in favor of
AR, the fact is that similar results could be achieved by
more standard means (e.g., a smartphone app with object
recognition capabilities). However, by including relevant
spatial information for each attribute (i.e., their physical
location), AR adds a new layer of interaction between digital
and physical worlds, and their connection is made more
apparent. This union may not only encourage users to phys-
ically explore products, but also contribute to a better
understanding of their features.

3.2. Product recommendations

The system provides product recommendations based on
the product the user is currently looking at, for which four
recommended items are displayed at a time (Figure 4).
These items are generated by using a content-based

Figure 1. Main view of the system. Attribute categories and recommendations
are placed to the left and right of the product, respectively.
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technique that takes into account the attributes of the
particular product they are attached to, which are used as
the user’s initial preference model. This means that
browsing other physical products will bring different

recommendations, allowing users to explore and filter the
product space by focusing on the items that are most rele-
vant to them.

Product similarity scores are calculated considering not
only the technical characteristics of the products, but also
their visual appearance. For the assessment of the latter,
images of all products are compared by using DeepAI’s
API,2 which returns a value indicating image similarity (0
for completely identical ones). This value is not calculated at
runtime; instead, for each available pair of products, their
image comparison value is stored in the database beforehand
to improve the recommender’s response time. When mul-
tiple images of a product are available, only the lowest
returned value is stored. The final outcome of the recom-
mending algorithm consists of a list of products ordered by
similarity score, of which the top four are displayed to the
user as recommendations.

Users can influence the outcome of the recommendations
by either removing those that they do not like (which shows
the next most similar ones) or, as another innovative fea-
ture, by critiquing specific attributes of the base physical
product. Using the latter option requires clients to choose
an attribute and use the critiquing buttons (disclosed next to
it) to select whether they seek for recommendations with
higher or lower values than the present product for that par-
ticular property. For non-numerical attributes, clients must
choose whether they should be included or excluded from
the recommendations instead. By performing the critiquing
action, the user’s preference model is modified, the recom-
mendations are refreshed accordingly and new items are
provided. In the most recent version of the prototype, users
can customize the value of a critiqued attribute directly after

Figure 2. Attributes within a category.

Figure 3. Tapping on an attribute shows its location on the product and a brief
description.

Figure 4. Recommended items and critiqued attributes (above them).
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its definition, which gives a higher degree of control over
the outcome of the recommending process.

After the selection of a digital recommendation, if it rep-
resents a product that is physically available at the store, the
user can find it by following a virtual compass that marks
its location. However, the system allows the inclusion of rec-
ommendations that do not possess a physical counterpart,
that is, products that are not physically available at the store
but that belong to the retailer’s online catalogue. This is still
a widely under-explored aspect that may hold great value
from a commercial standpoint: the inclusion of recommen-
dations brings the opportunity to expand the store’s catalog
by recommending products not physically available, but that
consumers may discover and experience by examining phys-
ical ones with similar characteristics, an effect that can be
further amplified by the inclusion of comparison support.

3.3. Product comparison support

Due to the importance that comparing holds during the
purchase decision-making process, and taking online stores
as reference, on-site product comparison support has been a
cornerstone element in the development of this approach to
AR-based shopping advisors.

In the prototype, users can select up to three products by
“tapping” on them (no matter whether these are physical or
digital-only items), which in turn initializes the comparison
view. In this mode, when a user looks at one of the selected
products, the attributes of the out-of-sight ones are dis-
played side-by-side to those of the former (Figure 5),
together with the following visual aids:

Color coded attributes: A color is assigned to each product,
which is used to code its attributes and make them more
easily distinguishable.

Performance indicator: The attributes of a product are
highlighted in green or red based on how well (or bad) it
performs in each particular aspect relative to the other
selected items.

Visual superimposition: Some attributes are suitable for a
more “visual” comparison. In these cases, the system
superimposes the attributes of the out-of-sight products
over the currently seen one (e.g., scales displaying
their size).

The system also has a function to “save” products and
store them in a virtual shopping cart. This cart follows the
client and grants direct access to the items placed in it.
Saved products can be selected again at any moment for
comparison purposes, without the need for the user to go to
their physical location each time. Recommendations can be
selected and saved the same way as physical products are,
which makes possible to compare digital-only products
against physical ones.

4. User-centric development of the prototype

The design and implementation of the prototype followed a
user-centric incremental approach, by which the user inter-
face was improved and specific functions added in several
iterations, based on the feedback obtained in user studies.
This type of system development process helped to bring
insight into how in-store AR functions provided via dedi-
cated hardware can be more effectively implemented (RQ1).
The outcome of each phase resulted in a functional system,
which allowed for an early evaluation of particular features
and their related research questions in a series of consecu-
tive studies. All studies followed the ethical guidelines of our
local ethics committee, and all participants signed informed
consent forms, whereby they agreed to the use of the col-
lected data for research purposes.

Figure 5. Comparison view for categories (three products are compared in the example) and attributes (two products). Colors indicate to which product they
belong to. When comparing attributes (right image) only the properties of the products that are not being directly looked at are color-coded. Red and green frames
indicate for which attributes/categories the current product has worse and better values than the other items in the comparison. (a) Product information.
“Overview” category is shown (scores per category). (b) Recommendations. Base product and some critiqued attributes have been defined. (c) Comparison view.
Attributes in the “Performance” category are shown.
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Because these studies were originally covered in previous
publications, this section focuses on providing a broader
view of their individual outcomes and how their findings
relate to each other. The particular setting and scope of each
previous study are summarized in the following lines, after
which their results are described in more detail.

Development iteration 1 (�Alvarez M�arquez & Ziegler,
2019): The initial prototype had functions to offer context-
ual product information and support the comparison of up
to three physical items. It was evaluated in a lab study,
with a total of 50 participants (38 female, average age of
21.16, r 3.525, all of them German residents and mostly
students with a technological background) and three phys-
ical vacuum cleaners as available products. The goal was to
assess different interaction and visualization methods, and
to obtain an early view of the possible benefits of using in-
store AR-based comparison functions. It was also in the
scope of the study to assess the importance of physical
presence of products in the purchase decision, in order to
make a first judgment on the advantages of combining
digital assistance and direct product inspection within a
physical retailing context.

Development iteration 2 (�Alvarez M�arquez & Ziegler,
2020): The user interface of the prototype was completely
remade to improve its usability following the feedback
gathered during the evaluation of the previous iteration.
Recommending functions were also implemented, through
which four items similar to the one the user was focused
on were displayed, and could be further refined via attri-
bute critiquing. The system used two different similarity
scores for generating recommendations: two of the recom-
mended items were based only on technical attributes,
while the other two considered only their visual appear-
ance (by examining visual-related attributes and comparing
images of the items). The inclusion of recommendations
also allowed the incorporation of a digital catalog that
could be accessed through them.
This smaller lab study had 10 participants (four female,
average age of 28.1, r 4.06, all of them German residents
and mostly students with a technological background), three
physical vacuum cleaners, and 97 extra ones from the digital
catalog (for a total of 100). The main goal was to further
investigate the effects that a digital-physical shopping scen-
ario may have in the definition of user preferences, that is,
how users learn about product characteristics when these
can be directly inspected on the real product; how users
perceive and browse the digital space when the physical one
is taken as reference (also considering possible anchoring
effects); and how the overall setting influences purchase
confidence. The evaluation also paid attention to what type
of recommendations were more often preferred in a physical
shopping scenario: either those where the products had
similar technical specifications, or those where visual
appearance was the base of the recommendations.

Throughout the different studies, the approach was gen-
erally well received in terms of usability, user experience,

decision support and use intention, and was consistently
perceived as useful and intuitive. As a whole, these studies
offer insight into the suitability of AR for providing in-store
product information (RQ2) and the implications of a hybrid
shopping environment (RQ3). The specific contributions of
each study are detailed in the following subsections, each
dedicated to one of the aforementioned topics.

4.1. Acquisition of information via AR

The outcome of the first study indicates that including com-
parison tools in physical settings may allow for a quicker
acquisition of information than when comparison features
are not enabled. It was also revealed that, when comparing
attributes, users prefer simple, absolute values rather than
more elaborate approaches, such as the presentation of rela-
tive differences, which defeat their purpose by increasing the
mental effort of evaluating them.

During the second study, participants made extensive use
of the comparison and recommending functions, which may
be an indicator of their perceived helpfulness. The results
obtained in ResQue (Pu et al., 2011) (a questionnaire ori-
ented to the evaluation of recommender systems) suggest
that AR-based recommendations effectively support the dis-
covery of new and diverse products. However, participants
also called for better explanations of the recommendations.

Attribute exploration was also a focus of criticism. This
issue seems to depend, to some extent, on current technol-
ogy limitations and future advances, as new interaction
methods and better AR displays can improve the naviga-
tional aspect of the approach.

4.2. Implications of a hybrid shopping setting

Based on the results of the second lab study, allowing clients
to buy in a hybrid shopping environment (where products
from a digital catalog can be compared to, and explored
through, the physical ones) appears to have an effect on
how users navigate the digital space and define their own
preference models. Users seem to filter the product space
intuitively: first, by focusing only on the physical products
that match their preferences, and second, by exploring the
items recommended in those products. In other words, their
final decisions were mostly based on the preferred physical
item for a certain task, which was used to further explore
similar, digital possibilities via attribute critiquing.
Furthermore, participants considered physical products as
helpful for forming an opinion of the qualities of those pre-
sented only in digital form, also reflected in higher levels of
purchase confidence, even if the selected products were not
physically available.

5. Online user evaluations on user acceptance:
Effects of psychological characteristics and
comparison against a baseline system

Once the system had been developed and optimized in the
user-centric process described above, the research focused
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on the general acceptance of AR-based in-store assistance.
For this purpose, two main goals were established: first, to
find the possible differences that may exist between types of
consumers, and second, to obtain information on the
acceptance of the developed approach in comparison with a
baseline system (RQ4).

An online pre-study was performed to obtain an early
assessment of the effects that psychological traits may have
on user acceptance. The outcome of this exploratory pre-
study suggested the existence of consumer types that differ
in their perception of the system. To better discern whether
these differences were caused by the use of AR features, or
whether they were due to a more general disinclination
toward the use of the technology, a further online evaluation
was conducted comparing the AR-based prototype to a base-
line system without AR.

Because the online pre-study is covered in more detail in
a previous publication (�Alvarez M�arquez & Ziegler, 2021),
only a summary of its results is presented in this article.
The outcomes of the comparison study, however, are pre-
sented in full detail, as they are published here for the
first time.

5.1. Online pre-study: Initial identification of differences
among consumer types

In this pre-study, the same prototype developed during pre-
vious evaluations was used, with the goal of collecting data
on user acceptance from a larger quantity of users. To that
purpose, the concept and prototype for in-store AR-based
shopping support systems were showcased through several
videos that explained the main functionality. Together with
questions concerning the acceptance of the system, the sur-
vey collected information about psychological traits of par-
ticipants. These traits were measured through scales that
assess relevant factors for the acceptance of in-store
AR-based functions. Among the several possibilities contem-
plated to evaluate each factor, those that required partici-
pants to answer fewer items while still providing sufficient
information to elaborate a reliable psychological profile were
chosen, with the aim to maintain the overall length of the
survey as short as possible. The considered psychological
traits were:

� Technology acceptance: being open-minded toward tech-
nology and believing in its benefits may hold significance
in the acceptance of the approach due to its high techno-
logical component, particularly regarding the use of
head-mounted displays. Thus, the Technology Adoption
Propensity index (Ratchford & Barnhart, 2012) was used
to measure how probable it is for a person to adopt
new technology.

� Shopping style: people who approach shopping differ-
ently may as well perceive the system in different man-
ners, or give importance to different features, depending
on which facets of shopping are more relevant to them.
The Chronic Shopping Orientation scale (B€uttner et al.,

2014) was chosen to assess this trait, which helps distin-
guish task-focused shoppers from experiential ones.

� Decision style: supporting the purchase decision is the
main objective of the concept here proposed. People
have different ways of making decisions, and it may be
that the system is tailored for some decision styles more
than others. The Decision Styles scale (Hamilton et al.,
2016) is used to obtain information on the extent to
which a participant has a rational or intuitive deci-
sion style.

Data from 63 participants (40 females, average age of 34.
1, r 12.29) was collected and used to investigate whether
different consumer types can be identified and the possible
differences that may exist in their perception of the system,
in order to gain insight into how different psychological
profiles may influence the acceptance or rejection of in-store
AR-based shopping support functions. All participants were
recruited through the online platform Prolific3 and received
a monetary reward of £1.50 after successfully completing a
survey (as per the site’s policy). Demographic information is
shown in Tables 1 and 2.

5.1.1. Results of the pre-study
Feedback received on the usefulness of AR-based shopping
functions can generally be considered positive. The scores
received for the different functions and interaction methods
are all in the positive range. The constructs perceived useful-
ness and decision support received particularly high ratings.
In agreement with previous evaluations of the system, par-
ticipants found that the presence of physical products might
be helpful for making a final purchase decision. However,
among all the features of the system, direct inspection and
interaction with real products was regarded as the less
important one, surpassed by comparison support, product
recommendation and access to a digital catalog.

Table 1. Demographic information of the sample.

Country #

United Kingdom 43
United States 8
Ireland 4
Netherlands 2
Other (�2) 6

Education level #

Less than high school 2
High school 9
Bachelor’s degree 19
Master’s degree 32
Other 1

Table 2. Knowledge about augmented reality technology.

I know nothing about it 8
I know the name, but not much more 21
I know a bit about it and its possible applications 30
I have followed its development and know it well 4
I know a lot and could be considered an expert in the field 0
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Despite the good overall results regarding system usability
and user experience, the pre-study uncovered significant dif-
ferences between consumer types in their assessment of the
approach. Particularly, four well-distinguishable consumer
types were found through clustering,4 based on the psycho-
logical profiles of participants. While technology proficient
users appear to be more likely to accept in-store services via
AR like the ones described in this article, their level of
exposure to AR seems to play a moderating role in that
regard, that is, the more they know the technology, the less
interested they are in using it. A possible explanation may
be that most people are only exposed to AR with entertain-
ing or advertising purposes, where its utilitarian value is
low, which in turn may increase the user’s disbelief in the
real practicality of the technology. Higher acceptance was
also observed in users who see shopping as an experience
rather than a task. However, there was a general sentiment
of concern about privacy and social acceptance factors, more
pronounced in those participants with a strong intuitive
decision-making style. These concerns have already been
acknowledged in previous research as important obstacles
for the acceptance of AR applications (Rauschnabel et al.,
2018; Wassom, 2014).

5.2. Development of a non-AR-based smartphone app
as baseline system

Despite the interesting results obtained in the pre-study, the
lack of a baseline prevented the estimation of the extent to
which the use of AR is related to discrepancies in acceptance
among users with different psychological traits (RQ4). To
better understand the role of AR technology and the

implications of using it for providing in-store functions, it
would be necessary to compare the prototype against a simi-
lar baseline system without AR capabilities. However, to
date and to the best of our knowledge, no application exists
that includes all the functions presented here through more
conventional means (i.e., no AR involved) and, therefore, it
was not possible to perform an adequate comparison prior
to this study. In consequence, a smartphone app was devel-
oped to that purpose, keeping its functionality as close as
possible to the original AR-prototype but without the AR
features that it possesses. Despite the differences between
head-mounted displays and smartphone devices, a smart-
phone was chosen as baseline because it was considered a
realistic alternative technical option. Web-based technology
is used to mirror the functionality of the AR-based proto-
type, but presenting the information similarly to a conven-
tional online store and adapted to the small screens of
smartphones. Nonetheless, a one-to-one conversion is hardly
achievable due to how different an AR HMD approach and
a non-AR smartphone one are in terms of information visu-
alization and interaction possibilities. To better make use of
the advantages of each technology and allow for a fairer
comparison, some differences exist between AR- and non-
AR-based implementations.

The new system allows the detection of physical products
via QR scanning, after which the information relative to the
scanned product is presented on the screen (Figure 6a). This
information is organized exactly in the same way as it is
done in its AR counterpart (categories, attributes and sub-
attributes), and offers the same functions for explaining,
bookmarking, and critiquing product characteristics, exclud-
ing showing any spatial-related information (e.g., the

Figure 6. Different functions of the non-AR app.
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location of a component in the product). Because product
information is detached from the physical item, showing
data relative to digital-only products (i.e., recommendations)
is more easily achieved, and their attributes can be explored
without distinction to those that belong to physically avail-
able items.

Recommendations are displayed four at a time, with the
possibility to choose the product to base them on (Figure
6b). A difference in this regard is that to generate recom-
mendations the base product must be explicitly chosen by
the user, in contrast to the AR approach where recommen-
dations are directly displayed and linked to the specific
physical product within the user’s field of view. On the
other hand, this also provides a small advantage, because in
the non-AR app it is possible to request recommendations
based on other recommended products, which may be
digital-only ones.

Regarding the comparison aspect, inspected products can
be added to the comparison view, where up to three of
them (digital or physical indistinctly) can be compared at
once (Figure 6c). In that view, products and their attributes
are displayed side-by-side, and best values are highlighted.

Altogether, when it comes to information visualization,
each system has some inherent advantages in comparison to
the other. While the AR-based one may have the benefit of
a more immediate information acquisition and comprehen-
sion thanks to displaying superimposed, contextual data, the
non-AR approach makes less distinction between digital and
physical products, and permits a more structured and uni-
fied presentation of their attributes.

5.3. Online study: Comparison of the system against
a baseline

To compare the AR system developed against a baseline
using more conventional means of information provision,
we conducted a new online user evaluation. Considering the
exploratory nature of this comparative study, an online sur-
vey was chosen over a laboratory one because it allows for a
quicker and larger collection of data, specially taking into
account the still ongoing COVID-19 restrictions.
Furthermore, the results in the pre-study (�Alvarez M�arquez
& Ziegler, 2021) indicate that different types of consumers
may also have contrasting opinions about the provision of
AR-based functions in physical retailing, reason for which
psychological data of participants was also collected this
time. This data can be used to further investigate whether
these discrepancies in the acceptance of the system exist due
to the employment of AR HMDs, or it is the more general
idea of using technology in a physical setting what makes
the difference (RQ4).

5.3.1. Setting
The study followed a within subjects design with two con-
trolled conditions: providing in-store functions either via an
AR-HMD or a non-AR smartphone app. The first part of
the survey included a series of questionnaires to collect

psychological data of participants, which were to be used in
the analysis of the results of this study and to extend/con-
firm the results obtained in the pre-study. Participants were
then introduced to the concept of in-store shopping support
systems through a video. After obtaining an overview of the
approach, the implementation of different features (i.e.,
access to product information, comparison and recommen-
dations) was described in more detail in three separate vid-
eos, which showed real prototypes for both AR and non-AR
methods. At the end of each video showcasing a feature,
participants were requested to score both systems in aspects
related to what they just watched. At the final part of the
survey, another questionnaire was presented that assessed
more general factors.

5.3.2. Method
Sixty-four participants (36 females, average age of 30.53, r
10.32) were recruited through the online survey platform
Prolific,5 and were rewarded £1.90 for their participation (as
per the site’s policy). Table 3 shows that around half of the
participants were residents of the United Kingdom, and the
majority had a Bachelor’s degree or higher. In addition, they
mostly had occupations that required user-level or advanced
technology skills, but augmented reality was generally
unknown to them (Table 4).

The survey was hosted in SosciSurvey.6 The first part
comprised the questionnaires:

� Technology Adoption Propensity (TAP) index (Ratchford
& Barnhart, 2012), a 14-items-long questionnaire to
assess how likely a person is to adopt new technology. It
includes the sub-scales optimism, proficiency, dependence
and vulnerability, which are rated using a 5-point Likert

Table 3. Demographic information of the sample.

Country #

United Kingdom 27
South Africa 9
Portugal 7
Italy 5
Other (�3) 16

Education level #

Less than high school 1
High school 17
Bachelor’s degree 22
Master’s degree 19
Other 5

Technological skills in current occupation #

It requires advanced technological skills (e.g., programming). 16
It requires user-level technological skills (e.g., administrative software). 33
It requires little or no technological knowledge. 15

Table 4. Knowledge about augmented reality technology.

I know nothing about it 7

I know the name, but not much more 21
I know a bit about it and its possible applications 34
I have followed its development and know it well 2
I know a lot and could be considered an expert in the field 0
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scale. The final score is the sum of the average scores of
each factor (inhibiting ones are reverse coded).

� Chronic Shopping Orientation (CSO) scale (B€uttner et al.,
2014), to identify a consumer’s disposition to be an
experiential or a task-focused shopper. It uses a 7-points
Likert scale that goes from task-oriented (lower values) to
experience-based (higher values) shopping orientations.

� Rational and Intuitive Decision Styles (RDS and IDS)
scale (Hamilton et al., 2016), to assess what type of deci-
sion-making style (rational or intuitive) is more preva-
lent. The outcome consists of a score for each style (in a
5-point Likert scale).

Right after filling out this information, participants were
asked to watch a video explaining our general concept for
in-store services, in which there was no explicit reference to
the use of AR. Three more videos followed the introductory
one, each focused on a specific functional aspect, that is,
access to product information, recommendations, and com-
parison support. These clips showcased the functions with
real prototypes for both AR and non-AR approaches, and
were presented in counterbalanced order to control sequence
effects. Each video also included a short questionnaire in
relation to the specific function showcased. The final part of
the survey comprised a short questionnaire to make a direct
comparison between systems (this time taking into account
their whole set of functions) by letting participants choose
which one seemed more in line with a certain statement,
considering the constructs: decision support, item discovery,
perceived ease of use, hedonic motivation, social acceptance,
and privacy. To that end, participants had to provide a value
in a polar scale, with the AR-based approach at one extreme
and the non-AR system at the other (total distance of seven
points between them). Items about intention to use in two
different scenarios were included too. The first scenario was
that of a specialized store with products of interest for the
participant; the second setting focused on special events, like

trade-fairs or marketing actions. For each scenario, partici-
pants had to choose the system they believed was more fit-
ting, along with their expectations about frequency of use.

The results obtained in each one of the aforementioned
functional aspects and factors are presented in the next sec-
tion. Besides the comparison between the AR system and
the non-AR baseline, results concerning possible effects that
particular psychological characteristics may have in their
assessment are also reported.

5.3.3. Results
The results obtained for the questionnaires included after
showcasing each functional aspect are listed in Appendix A.
The means for each item were generally high for both sys-
tems and few significant differences were found. After a
paired samples t-test and the adjustment of the obtained sig-
nificance levels by means of the Benjamini-Hochberg pro-
cedure, it seems that the AR system was considered better
suited for comparing products than the non-AR one, espe-
cially when it comes to the detection of differences between
physical attributes (AR mean 4.33, r 0.798; non-AR mean 3.
81, r 1.052; p< 0.05) and understanding them. The recom-
mendation aspect was perceived very similarly in both sys-
tems, as it was the access to product information. Only the
effort of identifying products was different in that regard,
for which the AR HMD was perceived as a more direct
method for doing it (AR mean 4.30, r 0.954; non-AR mean
3.84, r 0.859; p< 0.05). The results also show that the
smartphone was perceived to be slightly better in terms of
preference elicitation, understanding of information, and
navigational factors, although no statistically significant dif-
ferences were observed.

The results of the polar questions are shown in Figure 7.
They indicate that concerns about a subject’s privacy when
someone else uses the system nearby, as well as in relation
to social acceptance when the subject itself uses it, are
indeed present. The hedonic value of the AR system is

Figure 7. Average of preferred system per item. 95% confidence intervals. The original scale (1–7) has been changed for an easier interpretation of the results (–3
to 3). Negative values are in favor the AR-based system, while positive ones favor the non-AR baseline.
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clearly higher than that of the non-AR approach, and it also
seems to be perceived as a better way to explore the prod-
ucts available at the store. Nonetheless, both systems are
seen as equivalent in most other aspects, that is, personal
data protection, ease of finding a proper product, and deci-
sion support. Furthermore, the non-AR system is believed to
be only marginally easier to use than the AR one.

Data on intention to use can be found in Table 5. Based
on it, AR HMDs are generally perceived as more suitable
for event-like contexts, such as trade fairs or marketing
actions, while the smartphone seems more adequate for day-
to-day shopping. The same table reports data on scores
given to each functional aspect and construct by chosen sys-
tem and setting (store or special event). Independent sam-
ples Mann–Whitney U tests per setting type show that in
both scenarios the perception that participants have of the
functions provided by the AR HMD is a more decisive fac-
tor than that of the smartphone. Within the store scenario,
people who chose AR over the non-AR approach gave
higher values than those who didn’t in terms of how they
perceived the product information (p< 0.05), comparison
(p< 0.05), and product recommending (p< 0.01) capabilities
of the AR HMD. Differences between groups also appeared
to some extent in the special event setting for product infor-
mation and comparison with the AR prototype, but did not
pass the significance levels correction procedure. Decision
support, item discovery, and perceived ease of use also seem
relevant when deciding which system to choose in a store
(all p< 0.01). The results also suggest the possibility of per-
ceived ease of use (p< 0.05, uncorrected) and hedonic motiv-
ation (p< 0.01, uncorrected) to drive the selection of one
system over the other in an special event scenario. The per-
ception of the smartphone app has no impact on which

system is chosen, no matter the setting, and the same occurs
with social and privacy constructs. Also in this matter, a
final Fisher’s exact test7 was performed to examine the rela-
tion between chosen system and expected frequency of use,
which resulted in a non-significant outcome; that is, there is
no relation between what system is chosen and how often it
would be used in any of the scenarios.

5.3.4. Influence of psychological characteristics
To analyze the influence of psychological characteristics on
the perception and acceptance of the AR system, the data
obtained in this study were pooled with a sample collected
in a previous one (�Alvarez M�arquez & Ziegler, 2021). The
analysis mirrored the two-step process used in that previous
study: first, a hierarchical cluster analysis was conducted to
classify the data based on average linkage between groups,
whose outcome provided an initial distribution of partici-
pants and outliers; second, a K-means clustering analysis
was performed to corroborate those first results. Z-scores of
the variables were calculated and used in the analysis due to
their different original scales. The four resulting clusters had
very similar psychological traits as the ones determined by
the previous, smaller sample. Participant distribution of both
samples merged can be seen in Appendix C (127 subjects).

Concerning only the sample of this study, five partici-
pants were considered outliers, leaving a total of 59. Trait
scores of these remaining subjects per resulting groups can
be seen in Table 6. As a summary of their predominant
characteristics, group 1 is formed by participants who are
more intuitive and experiential shoppers than the average of
the sample; group 2 contains technology adopters; group 3,
on the other hand, has subjects who are less likely to adopt

Table 5. Intention to use by setting.

Store Special event

AR Non-AR AR Non-AR

Never 0 1 2 1
Occasionally 10 24 25 12
Frequently 10 19 15 9
Total 20 44 42 22

Functions (1–5 scale) Mean SE Mean SE Mean SE Mean SE
Non-AR smartphone
Product information 4.00 0.163 4.32 0.077 4.30 0.089 4.07 0.133
Product comparison 3.75 0.172 4.03 0.089 3.92 0.092 3.99 0.167
Product recommendations 3.89 0.167 4.17 0.091 4.14 0.087 3.97 0.173

AR headset
Product information �4.48 0.114 �4.05 0.095 ?4.32 0.089 ?3.92 0.137
Product comparison �4.43 0.109 �3.99 0.101 ?4.26 0.102 ?3.88 0.118
Product recommendations ��4.50 0.117 ��3.93 0.103 4.21 0.103 3.91 0.148

Constructsa Mean SE Mean SE Mean SE Mean SE
Decision support ��1.45 0.357 ��0.86 0.231 0.14 0.287 0.68 0.393
Item discovery ��1.57 0.269 ��0.41 0.253 0.51 0.271 0.36 0.375
Perceived ease of use ��1.50 0.373 ��1.11 0.242 ?0.07 0.307 ?1.00 0.411
Hedonic motivation 1.90 0.347 –1.43 0.242 ?2.00 0.196 ?�0.78 0.394
Social acceptance (rev.) –1.05 0.246 1.545 0.214 –1.19 0.187 1.77 0.322
Privacy (rev.) –0.15 0.262 0.398 0.184 –0.25 0.165 0.45 0.307

Following the data on use frequency, scores per groups based on system choice (AR or non-AR) in each scenario (store or event) are reported, firstly concerning
the functions of each system (scored using a 1–5 scale), and secondly the constructs addressed in the polar scale (while original values from 1 to 7 were used
in the calculations, the results have been re-coded to support an easier interpretation—see table footnotes).

aOriginal polar scale 1–7, 1¼AR Headset, 7¼Non-AR Smartphone. Re-coded to 3 to –3 for partici pants who chose AR, and –3 to 3 for those who preferred
non-AR.�p< 0.05, ��p< 0.01 (Benjamini-Hochberg correction)//?p < 0:05 (uncorrected).
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new technologies and present a lower rational decision style,
as well as the most task-focused shopping orientation;
finally, group 4 is the most rational and least intuitive one.
Besides, group 2 is the more knowledgeable about AR, while
subjects in group 3 know the least.

The full set of scores per group and functional aspects
are reported in Appendix B. There is an indication that dif-
ferent consumer types have different perceptions of the
approach. In general, groups 1 (intuitive, experiential shop-
pers) and 4 (most rational) have a more positive view of the
presented in-store functions, while group 3 (the lowest tech-
nology proficiency, most task-focused shoppers) shows lower
scores than the rest. Groups 3 and 4 show a difference in
their perception of how conveniently product attributes are
presented in the AR HMD (p< 0.05) and how useful the
smartphone is for learning a product’s functionality (p< 0.
05), in both cases being group 4 the more positive one.
Group 3 also presents differences with groups 1 and 4 when

it comes to the comparison of physical attributes in the AR
system (p< 0.01 and p< 0.05, respectively, for which groups
1 and 4 are more positive than 3), and with group 1 only
for the comparison of digital attributes in the non-AR
approach (p< 0.05, group 1 with higher values). Moreover,
there is a difference between groups 1 and 3 for the overall
comparison aspect in the AR HMD (p< 0.05), for which
group 1 gave better scores.

Despite the variation in scores observed between groups
in their evaluation of the two systems, after performing the
corresponding paired samples t-tests and using the
Benjamini-Hochberg correction, no statistically significant
differences were found in how a group individually assessed
the AR HMD in comparison to the non-AR smartphone.

Figure 8 shows the results of the polar questions per
group. There is an indication that groups 1 and 4 are more
positive about the benefits of AR HMDs, while group 3 will
prefer the non-AR smartphone version most of the time.

Figure 8. Average of preferred system per item and group. 95% confidence intervals. The bars to the left are in favor of the AR-based system, while the bars to the
right are in favor of the non-AR one.

Table 6. Psychological traits per group.

From left to right: group size; percentage of females; average age; AR knowledge (on a 1–5 scale); TAP sub-scales (1–5): Optimism,
Proficiency, Dependence, Vulnerability; total TAP score; Chronic Shopping Orientation (1–7); Rational and Intuitive Decision Styles (1–5); and
the difference between them. Values of the psychological traits are relative to the average of the sample without outliers (last row of the
table). Colored cells identify those values where a group’s mean noticeably differs from the total.
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Nonetheless, the scores appear to be mostly aligned between
the groups and no significant differences were found.

Finally, as to the intended use of each system in each of
the proposed scenarios (a store or a special event), a Fisher’s
exact test reported no significant association between groups
and system of preference. Similarly, no association was
found between belonging to a certain group and the
expected frequency of using in-store services in either set-
ting. A comparative chart of chosen system and use fre-
quency, per group and setting, can be seen in Figure 9.

5.3.5. Discussion
When considering all participants as a whole, the results
show little difference between both implementations of our
approach to in-store shopping support. As expected, some
of these differences are inherent to their platforms, such as
the perception of a faster acquisition of information in an
AR HMD thanks to digital superimposition, or the anticipa-
tion of an easier navigation offered by the already well-
known interaction on smartphones. Still, the value that AR
holds in physical retailing (RQ2) is highlighted one more
time, not only in how participants think of it as the more
entertaining solution, but also as the one that provides a
better view of the product space and physical comparison.
That the systems are perceived very similarly in other
aspects is not necessarily a negative outcome, considering
that smartphones are already a part of everybody’s life and
can be used as a good reference to measure the acceptance

of a new technology. In other words, within the studied
context, providing in-store functions via AR through HMD
seems to provide some clear advantages in comparison to a
non-AR based approach for smartphones, while in most
other aspects the systems appear to be on par, except for
some issues raised in relation to privacy and social accept-
ance. Nonetheless, these two factors seem to have no influ-
ence in how users decide which system to use (given the
opportunity), regardless of the setting: on the one hand, par-
ticipants appear to base that decision on their perception of
the functions of the AR HMD alone, no matter what they
think about the smartphone approach; on the other hand, in
a store scenario, the perceived pragmatic qualities of the sys-
tems seem to be the driving force behind deciding for one
or the other, while in a special event situation, the hedonic
qualities have more weight instead.

Regarding types of consumers, the results are in line with
previous evaluations, where the psychological traits seem to
influence to some extent the perception that users have of
the systems (RQ4). Interestingly, consumers with apparently
opposing characteristics are closer in their evaluation of the
in-store functions presented here. There is an indication
that both rational, task-focused shoppers and intuitive,
experiential ones, are more positive about the benefits of
using in-store services, either via an AR HMD or a non-AR
smartphone. On the other hand, consumers with low tech-
nology proficiency and no previous knowledge about AR are
more negative toward either system, while people with high

Figure 9. Chosen system and expected use frequency of in-store functions (through either system) per group and scenario.
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technology acceptance propensity and knowledgeable about
AR also seem to be less enthusiastic regarding the AR head-
set, and even favor the non-AR smartphone approach above
it. This outcome also agrees with previous studies, and a
possible explanation may be that these users, despite know-
ing AR and having tried it in the past, were rarely exposed
to applications with utilitarian purposes and, thus, they
might not see its practical value. Nonetheless, no significant
differences were found in how each group, individually,
scored the systems. Participants with high intuitive decision-
making and experiential shopping orientation go one step
further by also consistently evaluating both systems simi-
larly. The lack of significant differences may indicate that
the rejection of the AR system could be related to a broader
factor (such as a general aversion to technology utilized for
the purpose here described), rather than to the more specific
use of AR HMDs (RQ4). The effects of the different psycho-
logical traits do not seem to have a significant impact on
the use intention of either system, and groups appear to
agree on the suitability of AR for special events, while gener-
ally preferring the smartphone in a physical store situation.

5.4. Limitations of the study

Participants did not test the systems themselves, but only
experienced them through a series of explanatory videos.
That means that the obtained results may only be valid to
better understand why a new user may choose one system
over the other, but are not enough to assess the acceptance
of in-store AR functions in the long run and after having
used both systems. More specifically, users may score very
differently those aspects of the approach that heavily rely on
experience and for which users may not have previous refer-
ences (such as navigation in an AR HMD) after actually get-
ting to use the prototypes.

6. Interactive evaluation: User experience and
usability against a baseline

While initial studies of this research were more of an
informative nature, and later ones focused on comparing the
prototype against a baseline system from a conceptual point
of view (participants could not interact with the systems),
there was still a lack of real usage data with which to assess
the performance of the developed AR approach in compari-
son to a more established information retrieval method.
Consequently, a complementary, smaller laboratory experi-
ment was conducted to fill this gap, focused on obtaining
more information about differences in the usability and user
experience of the systems.

6.1. Setting

The study took place in a room with three shelves, each one
containing a physical vacuum cleaner. The selected models
covered different usage areas, but were sufficiently similar so
that comparing them made sense (a. bagless, battery-pow-
ered stick vacuum cleaner, b. bagless, small, standard

canister vacuum cleaner, and c. bagged, big, wet-dry canister
vacuum cleaner). The source of the digital recommendations
was a database with 100 vacuum cleaners, including the
three physical ones.

The study followed a within-subjects counterbalanced
design, where the manipulated variables were the use of AR
HMD and non-AR smartphone approaches. Although phys-
ical differences exist between devices, the same functions
with same available information were implemented in both
cases, and the study focused on the differences between the
acquisition of such information by one or the other method.
Participants had to test both systems by trying to find an
adequate product for themselves or a family member. After
testing a system, they were asked to fill questionnaires con-
cerning specific functional aspects, usability and user experi-
ence. By the end of the session, participants answered some
more open questions, where they were able to provide fur-
ther insight into their thoughts about both systems.

6.2. Method

Thirteen participants took part in the lab experiment (seven
female, average age of 27.54, r 5.08), all of them German res-
idents and mostly students with a technological background.
At the beginning of a session (which was individual for each
subject) participants were informed about the scope of the
research, and were asked to formally consent to the use of
the data collected. Afterwards, they were requested to explain
AR with their own words. Only five declared to have tried
AR before, and up to seven were able to correctly describe it;
two participants, however, thought that AR and VR were the
same, and the rest (4) could not provide a proper description.

After a brief discussion concerning their view of future
retailing, participants were explained how to use one of the
prototypes and were given some time to get used to it,
whereupon they had to use it to find a suitable product for
themselves. Upon completion of the task, they filled three
questionnaires:

� One with the same items used in the previous online
study to assess functional aspects related to information
acquisition, product comparison, and product recommend-
ing; this last aspect was extended with the addition of
two new questions about the user’s final prod-
uct selection.

� The System Usability Scale (SUS) (Brooke, 1996), which
provides a score by which the usability of different sys-
tems can be compared. It consists of 10 items and uses a
5-point Likert scale.

� The short version of the User Experience Questionnaire
(UEQ-S) (Schrepp et al., 2017), an 8-items long question-
naire to evaluate hedonic and pragmatic qualities of a
system. Each item presents a pair of terms with opposite
meanings at each end of a 7-point Likert scale (�3 to 3).

Next to testing the first prototype, the same procedure
was followed with the other one, but requiring to find a
product for a family member instead (counterbalance
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measures were taken to decide the order in which the sys-
tems were tested). At the end, participants had the oppor-
tunity to freely express their feelings about each system and
their experience, as well as to explain which one
was preferred.

6.3. Results of the questionnaires

Both systems scored very similarly in terms of usability, but
the smartphone version was slightly better regarded. The
average SUS score for the AR HMD was of 59.81 (r 19.89),
and the non-AR smartphone obtained 64.62 (r 19.34),
which would qualify both of them as “OK.” A paired sam-
ples t-test corrected by the Benjamini-Hochberg procedure
reported no differences between the means of the items of
the SUS.

Results of the UEQ-S are reported in Figure 10. The sys-
tems were mostly considered to be at the same level regard-
ing their pragmatic quality, only showing a more notable
difference in terms of complexity (for which the non-AR
smartphone obtained better scores) and support (in favor of
the AR HMD). However, when it comes to hedonic quality,
the HMD was clearly perceived as the better option and out-
performed the smartphone in all the items of this factor.

The scores that each system obtained concerning their
specific functional aspects are presented in Appendix A,
next to the ones collected during the previous online study.
The scores of both systems tended to be lower in the lab
study than in the online one (were the systems could not be
tested), although this trend seems to be more accentuated in
the case of the non-AR smartphone. Despite this, it is pos-
sible to see an improvement between studies in the scores of
the AR approach in most items related to the access of
product information. Some differences between the systems
were also made more apparent in the lab experiment, as it
was the case for the ease of exploring product attributes, how
conveniently these attributes are explored (p< 0.05), and how
easy it is to find/see/identify product recommendations (p< 0.
05), all for which the AR HMD was the better regarded
approach. Altogether, it appears that after testing both sys-
tems participants found the AR headset to be better for
retrieving and exploring product information, learning about

it, detecting differences between products (not matter
whether these are physical or not) and accessing recommen-
dations; on the other hand, the smartphone seems to be bet-
ter considered for knowing which product is closer to the
preferences of the user.

6.4. Answers to open questions

About the future of retailing, and previous to trying any sys-
tem, there was a generalized opinion among participants
that online-based transactions would take over traditional
commerce, meaning that online shops, online communica-
tion with sales personnel, and technologies that enable try-
ing products from home (like VR) will be the norm. As for
physical retailing, frequent comments were related to how
technology will replace humans (e.g., cashiers) and that
stores will be more like places to try things, not to purchase
them (showrooms).

When comparing the systems, general thoughts were that
the non-AR smartphone version was easier to use and more
convenient (mainly because they owned one and already
knew how to use it), and that comparing attributes seemed
faster and easier because of the well-known table view.
However, there was a downside to this, that is, many stated
that they had higher standards for the smartphone app than
for the HMD one. Other common concerns were related to
the detachment of information from physical products,
which forces users to stay focused on the screen of the
phone. Some argued that this detracts from the experience
of shopping in a physical store, as it removes the main pur-
pose of going to one, that is, interacting with products and
other people.

The AR HMD approach was typically described as novel,
fun and/or exciting, and most participants expressed sur-
prise about the interaction possibilities (i.e., AR UIs with
interactable elements similar to those in more standard dis-
plays). They often highlighted the comparison of physical
attributes and the readiness of the information as its main
benefits. The approach was found to be more suitable for
physical retailing, as it does not lose focus from physical
products and encourages their exploration. Nonetheless,
some participants declared to be overwhelmed by the

Figure 10. UEQ-S results for each item and construct. The scales have been shortened for readability.
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quantity of the information, and that they could not imagine
how it would look like in a real setting with a larger set of
physical products. A majority of participants stated that it
was required to learn a lot to use the system properly, high-
lighting issues like that they would need help to use it or
that navigating through the different options was compli-
cated (e.g., head-gaze pointing or locating digital objects).
However, most participants claimed to be willing to invest
the time to learn it given the opportunity. Privacy was not
considered an issue, under the argument that smartphones
already collect privacy-sensitive information (e.g., finger-
prints); but for many wearing an AR HMD would not be
socially acceptable, as long as they are such a conspicuous
device or their use is not more spread.

Lastly, to the question about which one they would use
right now, four participants chose the AR headset mainly
because of its novelty and entertainment factors, and what
they thought it was a better representation of product infor-
mation. Another four preferred the non-AR smartphone on
the grounds of a greater familiarity with the device and ease
of understanding the information. The remaining five would
use one or the other mostly depending on two factors: time
and quantity of products. The time was considered a con-
straint for getting used to the AR system, as well as to
explore products in detail. As for the quantity of products,
when there are just a few or they have already been filtered
beforehand, they argued that it is not worth the hassle of
wearing the glasses and the smartphone is a more direct
method. However, when presented with a large set of prod-
ucts, or when they know little about them, and thus require
more exploration, the AR approach is preferred.

6.5. Discussion

In addressing our first research question, our developments
demonstrate how AR can be leveraged in a hybrid physical-
online shopping context by providing recommendation and
comparison functions. We have iteratively refined the design
of such system in a user-centered fashion obtaining relevant
insights concerning which information to provide through
AR and how to present it.

In answering our second and third research questions
(greatly related in this case, as the advantages of using AR
in a physical setting involve learning and exploring in a
hybrid a space), online and lab studies suggest that using
AR HMDs to provide in-store functions may have greater
value in terms of product exploration and discovery than a
non-AR smartphone approach, without showing a signifi-
cant loss concerning other utilitarian factors, but a clear
advantage in hedonic ones. A more dynamic and direct
access to information seem to make AR HMDs the better
platform to support learning about the product space, espe-
cially when a large number of choices are available.
Moreover, providing in-store services through AR HMD
also seems to be more appropriate for brick-and-mortar
stores thanks to not losing focus from the physical space
that surrounds the user, which in turn encourages product
inspection, together with what appears to be a better

presentation of differences between physical products.
However, the implemented system for AR HMD seems lim-
ited when it comes to attribute presentation, as it appears to
offer a less structured and clear view that the non-AR
smartphone approach. This could be the reason behind the
preference of the latter for dealing with small sets of prod-
ucts where exploration is not a relevant factor, and for
which the assessment of their qualities and how close these
are to the user’s own preferences appear to be more easily
achieved with a traditional table view.

In relation to the usage of dedicated AR-hardware (fourth
research question), and in concordance with the results of
the online study, social acceptance is considered one of the
main challenges for adopting the use of AR HMDs in phys-
ical shopping environments, mostly due to the aspect of the
device and how the user may look like when wearing it.
However, the learning curve of using AR HMDs appears to
be an even higher limitation. For the majority of people, AR
HMDs are still a big unknown, and few are those who have
ever been exposed to them, or that are fully aware of their
possibilities. This is even more evident after recognizing that
most of the participants in the lab study had a technology
background, yet few were actually well versed in the current
state of AR technology. This implies that AR HMDs are
probably something new to most users, which may make
them interesting or fun to try, but also intimidating and
hard to use without proper guiding.

6.6. Limitations of the study

AR HMDs and smartphones greatly differ in their character-
istics (e.g., comfort, interaction methods, or response times).
While there was no appreciable performance differences
between devices due to the limited number of products and
the fact that most of the computational effort was performed
on the server side of the application (which was the same in
both approaches), it is true that head-mounted displays were
generally perceived as less comfortable to use during long
periods due to their weight and operability (e.g., head-gaze
pointing). Although participants of the lab experiment were
asked to focus on the concept and disregard these limita-
tions, as they were outside the scope of the investigation,
and the functionality and information provided by both sys-
tems were controlled to be as close as possible, these aspects
may still have influenced their responses. Furthermore, dif-
ferent design choices could have been made for the imple-
mentation of the non-AR smartphone. Although both
systems are very close feature-wise, and efforts have been
made to perform a comparison as fair as possible, the higher
standards that participants held for the smartphone app may
have had an impact on the results. This can be noticed in
the difference in scores observed between online and lab
studies, which could be taken as an analogy for expectation
vs. reality. Furthermore, only a reduced number of partici-
pants could take part in the study due to COVID-19 restric-
tions. Given the relatively large confidence intervals and the
small sample, it is not possible to make strong statements
about the collected data. However, answers given by
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participants to the more open questions seem to agree with
what was inferred from the questionnaires and support the
interpretation that has been made of them.

6.7. Implications for designers of in-store shopping
experiences

AR is an increasingly relevant technology, and is currently
receiving considerable support from leading companies. As a
result, AR headsets can be expected to become a more
accessible device, opening up exciting opportunities as ena-
blers of omni-channel experiences. Withing an in-store con-
text, designers can benefit of the multiple advantages that
the technology offers in terms of information accessibility,
product discovery, and customer engagement. However, AR
is still a big unknown for most people, thus the significance
of creating complex-free, enjoyable experiences to create a
growing base of in-store AR consumers. To that end, it
appears to be good practice to avoid showing floating,
unconnected information, but to anchor it to real world
objects that help users finding it when needed. Also import-
ant is to keep all relevant data contained within the field of
view of the user, which supports its faster and easier proc-
essing, more so when dealing with data that is usually
inspected together (like product properties that need to be
compared for their assessment). To fully take advantage of
AR, the surrounding environment should act as an inter-
active complement of the digital one, where enhanced
exploration and navigation can work both ways: from pro-
viding digital cues to navigate the real world, to using real
objects to intuitively explore the digital space. Finally, infor-
mation must have a purpose, appearing only when necessary
and not cluttering the real world so that this is obscured
and relegated to a second plane, because, in a physical-store
setting, touching and experiencing products may be as
equally important for making a purchase decision.

6.8. Implications for retailers

Consumers expect more from future physical retailing than
simply being a place where transactions happen, and predict
more in-store digital services, personalized attention and less
hassle in general. Retailers should start taking actions in that
regard sooner than later, and begin designing new methods
to attract clients and create unique experiences that make
the trip to the store worth the effort. AR has plenty to offer
to both retailers and consumers, and it would be wise keep-
ing an eye on how it develops in future years. Most con-
sumer types seem to have a general interest in, at the very
least, trying and knowing more about this type of technol-
ogy, which appears not only to be noteworthy as entertain-
ment provider, but also has the power to bring pragmatic
benefits that may rival those of more traditional
technologies.

As of today, AR HMDs do not appear to be sufficiently
developed for wide public adoption, while a large-scale
deployment by retailers would still require a high financial
investment in terms of hardware acquisition, setup, and staff

training. Nonetheless, pioneering companies can start exper-
imenting on a smaller scale and create store concepts that
include novel on-site digital functions, where the line
between online and physical channels blurs even further.
That would mean providing clients with technology-based,
tailored on-site information and services, while retailers may
increase their profits by using their resources more effi-
ciently. It is foreseeable that social and privacy concerns
may become less acute in a close future, when AR HMDs
evolve into less evident devices and more people start wear-
ing them. For the time being, companies could gradually
incorporate AR into their business model by designing pri-
vate spaces, focused on specific products and advertising
events, where clients can be introduced to AR in a more
intimate manner. Actions like these may be of significance
for understanding consumer needs and expectations, which
could be employed to create more intuitive and easy to use
AR UI’s, as well as to gather valuable experience and gain
advantage over less adventurous competitors. This type of
events may as well increase people’s awareness of AR tech-
nology and thus, its acceptance.

7. Conclusions

The use of augmented reality technology for the provision
of in-store shopping services is a promising yet still under-
explored research area. Gaps exist regarding the extent to
which the use of AR, paired with recommender systems,
supports the gathering of information and purchase decision
of high complexity products when both digital and physical
alternatives are available, as well as concerning the general
acceptance of these type of in-store functions and how it is
affected by customers’ psychological traits. Here we propose
a concept for AR-based in-store shopping assistants that
provides extended product information, recommendations
and comparison support. The inclusion of recommendations
of products not physically available at the store creates a
novel environment where physical and digital products
coexist, with the implications that it may pose on how con-
sumers explore and learn about them. The concept was
implemented into a prototype for head-mounted displays
(Microsoft HoloLens), which was used in a series of evalu-
ation studies to assess the impact of its singular characteris-
tics on the shopping experience, and address possible
limiting factors for its acceptance.

The outcome of the studies suggest that the proposed in-
store functions can create beneficial new dynamics in how
consumers learn about, explore, and discover products.
These studies also provide evidence of the existence of stable
consumer types with different psychological traits, and the
acceptance of in-store assistants in general seems to differ
between them. The results also indicate that providing these
on-site services via AR HMDs maintains and even improves
the pragmatic qualities of using more established platforms,
while clearly outperforming them in the hedonic ones.
Finding utilitarian purposes for AR seem to be a key elem-
ent for its acceptance, since only the practical aspects of the
approach play a role in the user’s intention to use the
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system at stores. This is further highlighted in the import-
ance given to the ease of use and usability aspects of the sys-
tem when deciding whether to make use of it or not, and it
is hinted that these factors may pose a greater challenge in
the adoption of AR HMDs than the more frequently
addressed ones of privacy and social acceptance. Because the
issues related to these two last factors are likely to be pro-
gressively mitigated the more the technology advances, it
seems more urgent for current research to focus on defining
efficient, easily understandable information visualization and
interaction methods for HMDs, as these appear to be their
biggest limitations in comparison to standard displays. In
the time being, companies should focus on the creation of
experimental environments: private spaces where consumers
can learn about and become familiar with AR, while retailers
may gather information about their needs and explore new
shopping concepts in order to be better prepared for a
future that is closer than ever.

Notes

1. www.ptc.com/en/products/vuforia
2. deepai.org
3. www.prolific.co
4. These results were expanded with data collected in the next

study, using a total of 127 subjects. The new clustering
results (reported in Appendix C) support the conclusions
obtained in the pre-study.

5. www.prolific.co
6. www.soscisurvey.de
7. This test was chosen because it is more appropriate when

the expected cell counts are small.
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Appendix A. Scores obtained for functional aspects

Figure A1. Means (and 95% CI) of the perceived performance of the systems, relative to the three showcased functions. Results for both online and lab studies
are reported.
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Appendix C. General cluster analysis results

Figure C1. Silhouette scores by clusters (based on z-scores of psychological traits).

Table C1. Psychological traits per group.

Psychological traits per group. From left to right: group size; percentage of females; average age; AR knowledge (on a 1–5
scale); TAP sub-scales (1–5): Optimism, Proficiency, Dependence, Vulnerability; total TAP score; Chronic Shopping
Orientation (1–7); Rational and Intuitive Decision Styles (1–5); and the difference between them. Values of the psychological
traits are relative to the average of the sample without outliers (last row of the table). Colored cells identify those values
where a group’s mean noticeably differs from the total.

26 J. O. ÁLVAREZ MÁRQUEZ AND J. ZIEGLER

Paper viii. Creating Omni-channel In-Store Experiences Through AR 211



Diese Dissertation wird via DuEPublico, dem Dokumenten- und Publikationsserver der
Universität Duisburg-Essen, zur Verfügung gestellt und liegt auch als Print-Version vor.

DOI: 10.17185/duepublico/78527
URN: urn:nbn:de:hbz:465-20230622-131227-8

Alle Rechte vorbehalten.

https://duepublico2.uni-due.de/
https://duepublico2.uni-due.de/
https://doi.org/10.17185/duepublico/78527
https://nbn-resolving.org/urn:nbn:de:hbz:465-20230622-131227-8

	Abstract
	Zusammenfassung
	Acknowledgements
	Table of Contents
	List of Papers Included in this Dissertation
	List of Abbreviations
	List of Tables
	List of Figures
	1 Introduction
	2 Theoretical Background
	2.1 The Decision-Making Process
	2.1.1 Complex Decision Environments

	2.2 Multi-Actor Decision Environment: Group Decision-Making
	2.2.1 Computer-Mediated Remote Group Decision-Making

	2.3 Multi-Source Decision Environment: Purchase Decision-Making
	2.3.1 The Customer Journey
	2.3.2 Information Search During the Pre-Purchase Phase

	2.4 Recommender Systems
	2.4.1 Group Recommender Systems
	2.4.2 Recommender Systems in Physical Shopping Contexts


	3 Research Goals and Application Scenarios
	3.1 Research Goals
	3.2 Application Scenarios
	3.2.1 Preference Negotiation and Decision-Making in Group Recommender Systems
	3.2.2 Supporting Purchase Decisions in a Hybrid Physical-Digital Setting


	4 Contributions of the Papers Included in this Dissertation
	4.1 Paper i
	4.2 Paper ii
	4.3 Paper iii
	4.4 Paper iv
	4.5 Paper v
	4.6 Paper vi
	4.7 Paper vii
	4.8 Paper viii

	5 Conclusions and Future Work
	5.1 Results
	5.1.1 Complex multi-actor decision environments
	5.1.2 Complex multi-source decision environments

	5.2 Discussion
	5.3 Conclusions and Outlook

	Bibliography
	Papers included in this Dissertation
	Paper i. Preference Elicitation and Negotiation in a GRS
	Paper ii. Hootle+: A GRS Supporting Preference Negotiation
	Paper iii. Negotiation and Reconciliation of Preferences in a GRS
	Paper iv. Augmented Reality Based Recommending in the Physical World
	Paper v. AR-Enhanced Product Comparison in Physical Retailing
	Paper vi. In-Store AR-Enabled Product Comparison and Recommendation
	Paper vii. Acceptance of an AR-Based In-Store Shopping Advisor
	Paper viii. Creating Omni-Channel In-Store Experiences through AR


