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ABSTRACT

KEYWORDS

The explanation and justification of recommender systems’ results
are challenging research tasks. On the one hand, a model-based
description that clarifies the reasoning approach behind the suggestions might be difficult to understand, or it might fail to convince
the user, if (s)he does not agree on the applied inference mechanism. On the other hand, an aspect-based justification based on
few characteristics might provide a partial view of items or, if more
detailed, it might overload the user with too much information.
In order to address these issues, we propose a visual model
aimed at justifying recommendations from a holistic perspective.
Our model is based on a service-oriented summary of consumers’
experience with items. We use the Service Journey Maps to extract
data about the experience with services from online reviews, and to
generate a visual summary of such feedback, based on evaluation
dimensions that refer to all the stages of service fruition. Thanks
to a graphical representation of these dimensions (based on bar
graphs), and on the provision of on-demand data about the associated aspects of items, our model enables the user to overview the
recommendation list and to quickly identify the subset of results
that deserve to be inspected in detail for a final selection decision.
A preliminary user study, based on the Apartment Monitoring application, has provided encouraging results about the usefulness
and efficacy of our model to enhance user awareness and decisionmaking in the presence of medium-size recommendation lists.

review-based recommender systems, summarization of recommendation lists, justification or results, Service Journey Maps

CCS CONCEPTS
• Information systems → Web searching and information
discovery; Recommender systems.
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1

INTRODUCTION

The ranked list of items presented by e-commerce platforms as a
result of an information search task poorly helps content interpretation because it does not justify the returned results. The main
obstacles to users’ decision-making concern understanding why
items are relevant to the submitted query, and how they are related to each other [19]. In order to increase user awareness and
to enhance the transparency of recommendations, some systems
attempt to explain how the system produced them, e.g., by describing degree or type of match between user and items [14, 29, 37].
Differently, other systems, such as [26–28], justify recommendations, regardless of how they have been obtained, by extracting the
main aspects about items from consumer feedback.
Both approaches have limitations. On the one hand, explaining
why an item is suggested might fail to help the user’s decisionmaking because (s)he disagrees with the rationale behind the suggestions. On the other hand, as review summarization conveys
information about the experience with items, it is useful to highlight pros and cons of products and services [3, 12]. However, it
generates descriptions that make direct reference to specific item
features; e.g., see [7, 31, 41]. Thus, it might produce either partial
views on items (if a few aspects are mentioned), or detailed presentations that hinder the efficiency in the exploration of medium-size
suggestion lists.
Another key issue is that, as specified by service design models
like the Service Journey Maps [34, 35], the experience with items
can involve different stages of interaction with the provider, all
of which impact on consumer satisfaction. In other words, items
have to be described by taking the overall context of fruition into
account. For instance, focusing on the e-commerce domain, the user
experience starts with the search for products on the website and
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it ends with their delivery to the customer. We claim that, in order
to enhance user awareness, all these phases should be considered
both in the evaluation and in the presentation of results to the user.
In this work, we focus on the presentation of results. According
to marketing research [13], product comparison is a key step in the
selection of goods. We thus aim at helping the user to efficiently
identify, within the suggestion list, a small set of preferred options
that (s)he can easily compare, from a holistic viewpoint on item
fruition. For this purpose, we propose a novel, visual summarization model, which reflects customers’ perspective by generating a
service-oriented overview of a recommendation list. We employ
the Service Journey Maps [34, 35] to define high-level evaluation
dimensions of a service associated with the stages of fruition by its
users. Different from the visual approach presented in [7], which
summarizes quantitative and qualitative data about specific item
features, our model employs bar graphs at a more abstract level to
represent the satisfaction degree reported by previous users with
respect to such evaluation dimensions. Moreover, it enables the
user to receive a qualitative justification of the evaluations based on
the aspects of user experience emerging from consumer feedback.
Our work is framed in the Apartment Monitoring application
[22], which supports the exploration of homes by analyzing the
online reviews collected by the Airbnb website (https://airbnb.com).
This system enables the user to search for homes and to analyze
reviews by focusing on different dimensions of the overall service
experience, such as the appreciation of the host (i.e., of the person
who rents the home) by guests, and the in-apartment experience. In
this work, we are interested in understanding whether a visual summary of the evaluations concerning the stages of interaction with
items helps users quickly select the preferred options, or whether
additional data is needed for decision-making.
We tested our model in a preliminary user study that involved 11
people. We found that, while participants wanted to see complete
information about a home before booking it, they perceived our
model as particularly helpful to quickly identify a small set of
options which deserve to be further inspected, within the list of
recommended ones. These findings encourage the integration of a
visual, service-based summarization model within an online catalog
to support user awareness about the available items and to help
decision-making.
Section 2 positions our work within the related one and gives
some background notions to the reader. Section 3 presents the
Apartment Monitoring application. Section 4 describes our visual
model. Section 5 describes the user study that we carried out and
discusses the results we obtained. Section 6 concludes the paper
and outlines our future work.

2 BACKGROUND AND RELATED WORK
2.1 Service Journey Maps
The Service Journey Maps (SJMs) [34, 35] have been introduced to
support the design and development of physical and online products
and services by focusing on the way customers experience them.
A SJM is a visual description of the user experience with a service,
such as a hotel, or an online retailer, which models the various
stages a person encounters during service fruition. The graphic
visualization follows a temporal line from the start point (e.g., enter
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website or enter shop) to the end one (e.g., on site or online customer
care) in order to highlight and understand the various stages a
person gets in touch with to benefit from the service; these stages
are named touchpoints. A SJM thus provides a holistic view of the
context in which products and services can be evaluated.
We use SJMs to analyze and organize the consumer feedback collected by Airbnb. Starting from the identification of the touchpoints
of this service, we derive the high-level evaluation dimensions to
be used in the presentation of homes. Then, we extract from online
reviews the aspects and opinions concerning such dimensions. In
this way, we can provide the user with quantitative and qualitative
information about previous consumers’ perceptions.

2.2

Explaining/Justifying Recommendations

The explanation of results is a mainstream topic in recommender
systems research because it enhances both the transparency of systems [37], and users’ trust in the generated solutions [2]. Usually,
explanations are based on the algorithm behind the recommendation process [14, 29, 37]. Some aspect-based recommender systems
explain suggestions by highlighting the features of items which
match, or mismatch, the target user’s preferences [25]. Other ones
support feature-based item comparison [6, 7, 23, 31], or information
exploration based on the visualization of the relevance of items
with respect to the keywords of search queries [5, 9]. Graph-based
recommenders use the graph that connects users and items as explanations [1, 40], or as justifications of suggestions [25–27]. Finally,
some recommenders pursue the idea of explaining while recommending; e.g., see [10, 21, 24].
In hybrid recommender systems, the presentation of results aims
at explaining suggestions under multiple perspectives of relevance.
MyMovieFinder [20] separately shows the recommenders that support a suggested item, while RelevanceTuner [38] uses stackable
bars to integrate this type of information into a compact view.
TalkExplorer [39] and IntersectionExplorer [4] use bidimensional
graphs, or grid layouts, to show multiple dimensions of relevance.
Moreover, Venn diagrams are used to overview suggestions [16]
and they are combined with color bars to identify the recommender
systems which contribute to the suggestions [30]. Finally, HyPER
[17] explains the sources of recommendations within a probabilistic
logic framework.
Our work justifies recommendations by generating a visual, holistic summary of consumer perceptions about items. The classical
aspect-based justification (e.g., [7, 25, 31]) focuses on few peculiarities of items, hardly representing a complete view about the
elements of the suggestion list. Differently, by employing service
touchpoints as summarization pivots, we provide a comprehensive,
high-level evaluation of user experience, which can be analyzed
in depth by selecting the evaluation dimensions of interest. This
incremental access to information makes it possible to deal with
medium-size recommendation lists.

3

APARTMENT MONITORING

Apartment Monitoring supports the exploration of homes by retrieving their details and reviews from the Airbnb website.1 The
1 Airbnb

data can be downloaded from http://insideairbnb.com/get-the-data.html,
under Creative Commons CC0 1.0 Universal (CC0 1.0) "Public Domain Dedication"
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Figure 1: Apartment Monitoring: visualization of recommended homes. Data is from Inside Airbnb.
system personalizes the recommendation of items in a multi-criteria
approach based on evaluation dimensions that are associated with
the stages of interaction with the overall service, from the homebooking phase to the final check-out. See Sections 3.1 and 3.2.
Figure 1 shows a portion of the user interface of Apartment
Monitoring. The left sidebar displays the form for the specification
of the user profile (currently elicited from the user) and a temporal
filter to select the online reviews to be used for recommendation.
The user profile is based on the evaluation dimensions defined in
Section 3.1. User preferences, denoted as priorities over evaluation
dimensions, are expressed in the [1, 5] scale. The right portion of
the user interface shows the scrollable ranked list of suggested
homes and their location in a geographical map. For each home, the
application shows the name of the host and of the home, a picture,
a short description, the daily price and the list of offered amenities.
Moreover, it shows the estimated rating of the home, expressed as
a star list in [1, 5]. By clicking on a home, the user receives detailed
information about it, including the reviews it received.

3.1

Service-based Representation of Homes

As described in detail in [22], the specification of a domain model
supporting the holistic presentation of consumer opinions about a
service is based on the following tasks:
• The specification of the main stages of interaction with the
service, before, during and after service fruition.
• The identification of the evaluation dimensions associated
with each stage, based on the aspects of the service emerging
from consumer feedback.
For the first task, we designed a Service Journey Map describing the
stages of a typical home renting experience from the viewpoint of
license. The Inside Airbnb service provides home details and reviews but it does not
provide the ratings given by users to the homes.

Visit
website

Search on
website

Check-in

Check-in
Check-out

Stay in
apartment

In-apartment
experience

Check-out

Surroundings

Host
appreciation

Figure 2: Service Journey Map of the home booking experience (represented as a workflow) and evaluation dimensions
associated to its stages (depicted as rectangles).

the guest, i.e., ignoring the backstage activities that are not visible
to her/him. For the definition of the map, we got inspiration from
standard Service Journey Maps available for hotel booking and
we adapted them to the home booking domain. This lead to the
definition of the workflow shown in the upper portion of Figure 2.
For the identification of the evaluation dimensions associated
with each stage of the Service Journey Map (lower portion of the
figure), we took into account the studies carried out in the literature
about home and hotel booking [8, 33, 42]. Moreover, by extracting
the aspects that occur in the analyzed Airbnb reviews, we noticed
that (i) Check-in and Check-out are usually coupled in reviews and
they are associated to the same terms; (ii) Stay in apartment can be
associated to two different dimensions because the aspects related to
the apartment interiors (furniture, comfort, services) are frequently
separated in the reviews from those concerning its surroundings,
e.g., view, shops, and so forth. We also noticed that reviewers frequently distinguish their evaluation of the host from that of the
home, and that the interaction with the host, and her/his properties,
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represent a relevant evaluation dimension crossing all the service
stages. We thus defined the following high-level dimensions for the
description of homes:
• Host appreciation: this represents guests’ perceptions of the
host and of the interaction with her/him at any time of service fruition.
• Search on website: this refers to the perceived effort in looking
for information about the home in the Airbnb website. We
overlook this dimension that concerns the Airbnb platform.
• Check-in/Check-out: this summarizes guests’ experience at
check-in and check-out times, e.g., timeliness.
• In apartment experience: this represents guests’ perceptions
within the apartment, e.g., cleanliness and comfort.
• Surroundings: this describes the perception of the area where
the home is located, in terms of aspects such as available
services, quietness, and so forth.
For each dimension, we built a thesaurus of the associated aspects.
This is used to support the extraction of aspects, and the consequent
reference to evaluation dimensions, in the sentences of the reviews.

3.2

Personalized Recommendation of Homes

The recommendation of items is out of the scope of this paper but
we provide a short description of it for completeness.
The application ranks homes for their presentation on the basis
of the sentiment emerging from online reviews, and it selects the
best ranked items for presentation in the user interface. The score
of each home ℎ is estimated in two steps:
(1) The application infers the sentiment about the evaluation
dimensions defined in Section 3.1 and it normalizes it in the
[1, 5] scale. The sentiment about an evaluation dimension 𝐷
is computed by applying sentiment analysis to the aspects
associated to 𝐷 that occur in the reviews of ℎ. The thesaurus
of 𝐷 is used for this purpose.
(2) The score of ℎ is estimated as the weighted mean of the
sentiment computed in step 1, using the priorities expressed
in the user profile as weights. Thus, strong preferences have
more impact on the estimation of the score than weak ones.

4

PROPOSED VISUALIZATION MODEL

The star-based rating of a home ℎ shown in Figure 1 provides a
coarse-grained view of its estimated suitability for the user. Within
a recommendation list that includes more than a few options, this
visualization can challenge decision-making because, when comparing homes to each other, the user should inspect their details in
a possibly lengthy analysis task. In order to mitigate this issue, we
propose an interactive model that summarizes both quantitative
and qualitative information about previous guests’ experience with
homes, inferred from their reviews.
Concerning quantitative information, we propose a graphical
view that assesses previous guests’ perceptions of the booking
experience with respect to the evaluation dimensions described
in Section 3.1. Figure 3 shows a portion of the new user interface
of Apartment Monitoring: the star-based score of each home is
replaced with a bar graph that represents the emerging sentiment
for each evaluation dimension. The values of the bars are obtained

Figure 3: Visualization of a home with quantitative summary of consumer feedback. The amenities are hidden. Data
is from Inside Airbnb.
by applying the method described in step 1 of Section 3.2. We use
color coding to associate the bars with the priorities reported in
the user profile section, which plays the role of a legend while the
user scrolls the home list.
The presentation of qualitative information about homes is
under development and is sketched in Figure 4. Our idea is that of
supporting the evaluations conveyed by the bars of the graph with
the related aspects of each home emerging from its reviews. We
want that the user is able to select the homes for further analysis
without being overloaded by information. Therefore, qualitative
data will be grouped by evaluation dimension and it will be visualized on demand, by clicking on the bars of the graph. For each bar,
and corresponding evaluation dimension 𝐷, we plan to visualize
a list of relevant aspects which characterize a home ℎ from the
viewpoint of 𝐷. These are the aspects occurring in the reviews of ℎ
that belong to the thesaurus of 𝐷. As a first relevance measure, we
will use the frequency of terms in the reviews.

5

PRELIMINARY EXPERIMENT

We investigate whether the summarization of feedback about homes
provided by our model, and the incremental presentation of information, based on the visualization of quantitative data and of
on-demand qualitative data about homes, enhance decision-making.
In detail, we are interested in answering the following research
questions:
RQ1: Does the bar graph of a home ℎ give users a quick assessment
of previous guests’ perceptions emerging from the reviews
about ℎ?
RQ2: Does the overall visual model (bar graphs + qualitative data
consisting of aspects) help users focus on the most promising
homes within a recommendation list?
RQ3: Is the proposed visual model (bar graphs + qualitative data)
enough for users to select the home they would like to book?
Or do users need to view more home details, such as amenities, reviews, etc., to make a decision?
We carried out a preliminary experiment to shed light on these
questions and steer the development of our visual model. In this
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experiment, the bar graphs are generated by the application, as
shown in Figure 3, while the on-demand aspects of homes are
handcrafted.

5.1

Experiment Setup

We conducted a user study by exploiting a small portion of Apartment Monitoring to test whether the service-oriented information
provided by our visual model enhances item filtering and evaluation.
By showing the user a set of homes, the experiment investigates the
level of support to the assessment of their suitability for her/him.
As home-booking is a high-investment domain2 , we assume
that the user needs detailed information about items, such as the
offered amenities, to make a renting decision. However, we aim at
understanding whether (s)he can identify a small set of promising
homes to be inspected in detail by looking at the visual summary
described in Section 4. Therefore, we asked participants to evaluate
whether the homes we proposed were good candidates for a renting
decision, or not.
Figure 4 shows the test application we used for the study. The
user interface omits several details about homes. Indeed, we decided to hide amenities and pictures to force participants make
their decisions on the sole basis of the quantitative/qualitative data
provided by our model. Specifically, as noticed in previous research
about the evaluation of explanations [37], pictures and other types
of information might influence rating behavior. We defined two
tasks in order to test two versions of the visual model:
• TASK1: For each presented home, we only showed the bar
graph representing the Host appreciation, Check-in/Checkout, In apartment experience and Surroundings evaluation
dimensions.
• TASK2: For each presented home, we linked every bar of the
graph to a set of aspects that justify its value. The user could
view the aspects concerning a specific evaluation dimension
by clicking on the associated bar.
We asked participants to rate 10 homes (5 for each task). The test
application enabled them to specify that they did not know which
rating to give, i.e., to opt out. This is useful to understand whether
both versions of the model support decision-making.
The study was a within-subjects design one. We considered each
treatment condition as an independent variable and every person
received both treatments. We counterbalanced the order of tasks
to minimize the impact of result biases and the effects of practice
and fatigue. People joined the user study on a voluntary basis,
without any compensation, and they gave their informed consent
to participate in the study. The user study took place live, in video
calls with shared screen due to COVID-19 pandemic. In other words,
we did not use any platforms such as Amazon Mechanical Turk or
similar to recruit people, or to manage the tasks of the study.
One person at a time participated in the study, which lasted
about 15 minutes. We allowed people to take as much time as they
needed to complete the experiment, in order to comply with diverse
backgrounds and levels of confidence with technology. The study
was organized as follows:
2 Similar

to [18, 36], the definition of “investment" rests on the concept of price. For
example, buying a movie is a low investment, while home-booking is a high investment.

Figure 4: User interface of our test application. The Host appreciation bar has been expanded to view qualitative information about the host.

(1) We asked the participant to answer a pre-test questionnaire
designed to assess demographic information, cultural background, and familiarity with booking platforms.
(2) While (s)he performed the tasks, the experimenter took notes
about her/his voice comments using the think aloud protocol [15]. We did not put any time restrictions on question
answering.
(3) After the completion of each task, the participant filled in a
post-task questionnaire to evaluate the version of the model
(s)he used. This questionnaire was aimed at understanding whether the data provided by our visual model helped
her/him to select good candidates for booking, or not.

5.2

Results and Discussion

5.2.1 Demographic Data and Background. We recruited 11 participants (54.54% women; 45.46% men, 0% other, 0% not declared). They
are between 19 and 57 years old, with a mean value of 36.36. They
are part of the university staff (researchers and professors) and
students, as well as people working in the industry. In the pre-test
questionnaire, we analyzed their background and familiarity with
technology. Regarding the education level, 27.28% attended the
high school, 36.36% the university, 18.18% have a Ph.D, and 18.18%
attended the middle school. All of them regularly use the Internet.
We also investigated participants’ trust in other actors, taking
inspiration from the ResQue questionnaire for recommender systems [32]. We asked people if they tend to trust a person or thing,
even though they have little knowledge about it. Results are as
follows: 9.09% of participants declared that they very probably trust
it, 18.18% probably trust it, 54.55% probably do not trust it, and
18.18% very probably do not trust it. We can thus hypothesize that
the majority would desire to have a relevant amount of data to
evaluate the homes proposed by the system, rather than totally
depend on black-box recommendations. This is important to assess
the awareness support provided by our model.
5.2.2 Task Results. In TASK1, 12.73% of the ratings were “I don’t
know”; in TASK2, participants rated all the homes. This means that,
if the bar graph does not provide any qualitative data to justify the
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values of the evaluation dimensions, it poorly supports decisionmaking. Notice that, in the post-task questionnaire after completing
TASK1, 54.54% of people declared that the given information was
not enough to rate the homes. Differently, in TASK2, the number of
people encountering decision-making problems was lower. Specifically, 27.27% said that they would have preferred to have more
data about the features of homes, such as the number of rooms,
and the offered amenities. Only one person declared that (s)he
was not able to understand the information conveyed by the bar
graph in TASK1. From the think-aloud protocol we collected various
comments, expressed in the Italian language, which we summarize:
(1) Two people declared that, in a real word application, the bar
graph is useful to filter out a home that does not deserve to
be further analyzed because it performs badly on an evaluation dimension they care about. For instance, a participant
explained that (s)he discarded a home by only looking at its
graph, because the host was badly evaluated and (s)he did
not intend to interact with difficult people.
(2) Some participants were very strict on the evaluation dimensions that they considered important. For example, three
people stated that, if the Host appreciation had a low value,
they would not consider the other dimensions to rate the
home. This is strictly related to finding (1) above.
(3) Three people did not care much about the specific values of
the bars in the graph. Differently, they compared the bars to
each other in order to see on which dimensions a home was
rated better or worse by previous guests.
(4) For what concerns the qualitative data about evaluation dimensions (i.e., the aspects presented on-demand), four people
said that they are useful to implicitly "tune" the values of
the bars. For instance, suppose that a home ℎ receives a low
evaluation regarding a dimension 𝑑, and that the justification
of 𝑑 is based on aspects that are irrelevant to the user. Then,
(s)he might implicitly increase the evaluation of ℎ.
(5) A participant suggested to apply color coding to the visualization of aspects. For instance, similar to [11], (s)he proposed
to highlight the good and bad aspects of an individual home
in green or red, respectively. Moreover, (s)he said that (s)he
would have liked to filter aspects to quickly assess whether
a specific one, such as WiFi, was good or not in a home.
(6) A participant stated that qualitative data is more important
than the bar graph because it helps you to select the rating to
be given to a home. That person also said that (s)he gave more
importance to the justifications presented by the system than
to the bar graph because, usually, people put more effort in
writing than in rating.
(7) Not surprisingly, a participant said that the information provided by our model is very useful to select the homes that
(s)he would like to analyze, but that (s)he would not feel
confident in booking a home on the sole basis of this data.
In other words, our visual model supports information filtering. However, more details are needed to make high-cost
decisions such as renting a home.
The findings of this study are encouraging: they show that our
model enables the user to efficiently reduce the solution space according to her/his preferences. While this aspect is particularly
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relevant to information exploration research, it contributes to improve recommender systems, as well. In fact, by proposing relatively
long recommendation lists and, at the same time, supporting the
user in an active selection of the most relevant items, the system
can increase the variety in results. Moreover, it can at least partially address the trade-off between accuracy and diversity. These
findings also highlight that the quantitative data provided by bar
graphs has to be complemented with qualitative data about items in
order to support information filtering in an efficacious way, because
qualitative data helps the interpretation of quantitative information.

6

CONCLUSIONS AND FUTURE WORK

We described a novel visualization approach, based on Service Journey Maps, for the justification of item recommendations. Our model
supports the exploration of consumer feedback from a serviceoriented viewpoint. It generates interactive overviews of recommendation lists by presenting a quantitative summary, enriched
with on-demand, qualitative data about previous users’ experience
with items. We applied our model to the home-booking domain,
within the Apartment Monitoring application. A preliminary user
study has shown that the model successfully helps users in filtering
the information space because they receive an effective, holistic
overview of consumer feedback. Moreover, the on-demand qualitative data about previous consumers’ experience enhances user
awareness about items.
Our future work includes various research tasks. First of all, we
have to complete the development of our visual model. We plan to
develop automatic strategies, e.g., based on different relevance metrics [26], to select the aspects that should be visualized as qualitative
data, out of the large set that could be extracted from the reviews.
Moreover, we are interested in testing different approaches for the
graphical presentation of quantitative and qualitative data about
items. We also plan to conduct a larger user study to retrieve more
extensive experimental results. Furthermore, we plan to instantiate
our model on a different application domain (e.g., the sales of experience products) to assess its applicability to heterogeneous items.
The specification of a new application domain can be facilitated by
the existence of Service Journey Maps defined for various services,
which can be adapted to the peculiarities of the selected domain.
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