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ABSTRACT

The literature on explainable recommendations is already rich. In
this paper, we aim to shed light on an aspect that remains under-
explored in this area of research, namely providing personalized
explanations. To address this gap, we developed a transparent Rec-
ommendation and Interest Modeling Application (RIMA) that pro-
vides on-demand personalized explanations with varying levels
of detail to meet the demands of different types of end-users. The
results of a preliminary qualitative user study demonstrated po-
tential benefits in terms of user satisfaction with the explainable
recommender system. Our work would contribute to the litera-
ture on explainable recommendation by exploring the potential of
on-demand personalized explanations, and contribute to the prac-
tice by offering suggestions for the design and appropriate use of
personalized explanation interfaces in recommender systems.
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1 INTRODUCTION

In recent years, various attempts have been made to address the
black-box issue of recommender systems (RS) by providing expla-
nations that enable users to understand the recommendations [22].
Recent research has surveyed the explainable recommendation do-
main and proposed several classifications dimensions [6, 17, 21, 22].
For instance, Guesmi et al. [6] classified explainable RS based on
four dimensions, namely the explanation aim (transparency, ef-
fectiveness, efficiency, scrutability, persuasiveness, trust, satisfac-
tion), explanation focus (input: user model, process: algorithm, out-
put: recommended items), explanation type (collaborative-based,
content-based, social, hybrid) and explanation display (textual, vi-
sual).

Another crucial design choice in explainable recommendation
relates to the level of explanation detail that should be provided
to the end-user [15]. Users may not be interested in all the in-
formation that the explanation can produce [14]. Different users
demand different levels of explanation information and explana-
tions may cause negative effects if an explanation is difficult to
understand [23]. Thus, it is important to provide explanations with
enough details to allow users to build accurate mental models of
how the RS operates without overwhelming them. In terms of de-
sign choice (i.e., explanation focus, type, display, or level of detail),
explainable RS have traditionally followed a one-size-fits-all model,
whereby the same explanation is provided to each user, without
taking into consideration an individual user’s context, i.e., abilities,
goals, needs, or preferences. In the explainable recommendations
field, research regarding personalized explanation has emerged
only recently, showing that personal characteristics may have an
impact on the perception of explanations, and that there is potential
for the development of personalized explanation. Researchers have
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focused on investigating what specific characteristics may play a
role in a user’s interaction with an explainable RS [8, 13]. However,
concrete solutions that devise mechanisms to provide users with
personalized explanations at a design choice level are scarce in the
literature on explainable recommendations.

In this paper, we aim at a shift from a one-size-fits-all to a per-
sonalized approach to explainable recommendations. To do so, we
developed a transparent Recommendation and Interest Modeling
Application (RIMA) that provides on-demand personalized expla-
nations with varying levels of detail, which we argue are more
effective as explanations to meet the needs and preferences of dif-
ferent users.

The remainder of this paper is organized as follows. We first out-
line the background for this research (Section 2). We then present
the implementation of the personalized explanations in RIMA (Sec-
tion 3) followed by a preliminary evaluation of the application
(Section 4). Finally, we summarize the work and outline future
research plans (Section 5).

2 RELATED WORK

In the following, we discuss related work on explainable recom-
mendations that provides explanation with varying level of details
and attempts to personalize the explanations to meet the demands
of different users.

2.1 Explanation with varying level of details

In this work, the level of detail refers to the amount of information
exposed in an explanation. In the field of explainable AI (XAI) in
general, Mohseni et al. [15] argue that different user groups will
have other goals in mind while using such systems. For example,
while machine learning experts might prefer highly-detailed visual
explanations of deep models to help them optimize and diagnose
algorithms, lay-users do not expect fully detailed explanations for
every query from a personalized agent. Instead, systems with lay-
users as target groups aim to enhance the user experience with the
system through improving their understanding and trust. In the
same direction, Miller [14] argue that providing the exact algorithm
which generated the specific recommendation is not necessarily
the best explanation. People tend not to judge the quality of ex-
planations around their generation process, but instead around
their usefulness. Besides the goals of the users, another vital aspect
that will influence their understanding of explanations are their
cognitive capabilities [23]. Only when users have enough time to
process the information and enough ability to figure out the mean-
ing of the information, a higher level of detail in the explanation
will lead to a better understanding. But as soon as the amount of
information is beyond the users’ comprehension, the explanation
could lead to information overload and bring confusion. Without
the understanding of how the system works, users may perceive
the system as not transparent enough, which could, in turn, reduce
the users’ trust in the system [5, 23].

A critical question in the research of explainable recommenda-
tion is whether the relationship between the level of detail and
transparency is a linear one. To answer this question, we need first
to discriminate between objective transparency and user-perceived
transparency. Objective transparency means that the RS reveals the
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underlying algorithm of the recommendations. However, the algo-
rithm might be too complex to be described in a human-interpretable
manner. Therefore, it might be more appropriate to provide “jus-
tifications” instead of “explanations”, which are often superficial
and more user-oriented. On the other hand, user-perceived trans-
parency is thus based on the users’ subjective opinion about how
good the system is capable of explaining its recommendations [5].

In general, it can be assumed that a higher level of explanation
detail increases the system’s objective transparency but is also as-
sociated with a risk of reducing the user-perceived transparency,
and that this risk depends on the user’s characteristics. Recent
studies on explainable recommendation showed that personal char-
acteristics have an effect on the perception of explanations and
that it is important to take personal characteristics into account
when designing explanations [8, 13]. Drawing on these findings,
Millecamp et al. [13] suggest that (1) users should be able to choose
whether or not they wish to see explanations and (2) explanation
components should be flexible enough to present varying level of
details depending on users’ preferences. Following these design
guidelines, the authors developed a music RS that not only allows
users to choose whether or not to see the explanations by using
a "Why?" button but also to select the level of detail by clicking
on a "More/Hide" button. However, providing explanations with
varying levels of details remains rare in the literature on explainable
recommendations.

2.2 Personalized explanation

In recent years, the literature on AI has emphasized the need for
explanations that are tailored to individuals, i.e., personalized expla-
nations. For example, Arya et al. [1] stressed that one explanation
does not fit all, as different Al stakeholders present different require-
ments for explanations and may desire different kinds of explana-
tions (e.g., feature-based, instance-based, language-based). The au-
thors presented an Al toolkit, which contains eight state-of-the-art
explainability algorithms that can explain an Al model in different
ways to a diverse set of users. Jung and Nardelli [7] pointed out
that XAl is challenging since explanations must be tailored (person-
alized) to individual users with varying backgrounds and proposed
an algorithm that allows constructing personalized explanations
that are optimal in an information-theoretic sense. Assuming that,
based on varying backgrounds like training, domain knowledge and
demographic characteristics, individuals have different understand-
ings and hence mental models about the learning algorithm, Kuhl
et al. [10] investigated how personalized explanations of learning
algorithms affect employees’ compliance behavior and task perfor-
mance. On a conceptual level, Schneider and Handali [18] derived a
conceptualization of personalized explanation in machine learning
(ML) based on a framework covering desiderata of personalized
explanations, dimensions that can be personalized, what and how
information can be obtained from individuals and how this in-
formation can be utilized to customize explanations. In terms of
personalization automation, i.e., "who does the personalization?"
[4], the authors distinguished between automatic personalization
by the system providing explanations (system-driven personalized
explanation) and manual personalization which is done by the ex-
plainee, actively setting the explanation parameters, e.g., choosing
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the number of features to visualize (system-driven personalized
explanation). Below, we use this classification to categorize related
work on personalized explanation in the recommendation field.

2.2.1 System-driven personalized explanation. Kouki et al. [8, 9]
conducted a user study to analyze the effects of different personal-
ized explanation styles, their number, and format as well as person-
ality characteristics on user preferences for explanations. Gedikli
et al. [5] presented and discussed the results of a user study where
recommendation systems were provided with different types of
explanation. The study revealed that the content-based tag cloud
explanations were effective and well accepted by the majority of
users. They were particularly helpful to increase user satisfaction
as well as the user-perceived level of transparency thanks to its
personalized variant. However, they found that personalization
was detrimental to effectiveness. Similarly, Tintarev and Masthoff
[20] investigated the impact of personalizing simple feature-based
explanations on effectiveness and satisfaction. They also reported
that their personalization method hindered effectiveness, but on
the other hand increased the satisfaction with the explanations.
Musto et al. [16] presented a framework for generating personal-
ized natural language explanations of the suggestions produced by a
graph-based recommendation model based on the information avail-
able in the Linked Open Data (LOD) cloud. Their user study results
revealed that their strategy outperformed both a non-personalized
explanation baseline and a popularity-based one. McInerney et al.
[12] presented a method (Bart) that combines bandits and recom-
mendation explanations. This method is able to jointly learn which
explanations each user responds to (personalized explanation), and
learn the best content to recommend for each user (personalized
recommendation). The conducted experiments revealed that person-
alizing explanations and recommendations provides a significant
increase in estimated user engagement. Lu et al. [11] presented a
multi-task learning framework that simultaneously learns to per-
form rating prediction and generate personalized recommendation
explanation. They employed a matrix factorization model for rating
prediction, and a sequence-to-sequence learning model for expla-
nation generation by generating personalized reviews for a given
recommendation-user pair as they consider user-generated reviews
as explanations of the ratings given by users. Donkers et al. [3]
proposed a conceptual framework that automates the process of
extracting arguments from reviews to come up with personalized
argumentative item-level explanations for recommendations. In-
spired by how people explain word-of-mouth recommendations,
Chang et al. [2] designed a process, combining crowd-sourcing
and computation, that generates personalized natural language
explanations.

In all the approaches outlined above, the most common person-
alized explanation technique is content-based. That is, the expla-
nation design choice (e.g., explanation focus, type, display, level of
detail) was always kept fixed and only the explanation’s content
was personalized to each user’s data and personality. As Schneider
and Handali [18] noted, explanations for RS are often inherently per-
sonalized due to the nature of the task. For example, users’ reviews,
tags, or preferred item features, serve as input for the recommenda-
tion algorithm as well as explainee data used for explanations. In
general, the explanations are personalized by marking certain parts
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of the recommended item (e.g., item features) which are relevant
to the explainee. Thus, content-based personalized explanations
are common in the literature on explainable recommendations. By
contrast, personalized explanations that focus on tailoring a certain
explanation design choice, such as explanation focus, type, display,
or level of detail are under-researched. To the best of our knowledge,
only the work presented in [19] takes the personalized explanation
to the design choice level. The authors proposed a hybrid method
of personalized explanation of recommendations, which combines
basic explanation styles to provide the appropriate type of person-
alized explanation to each user. Based on this method, each user
will be given an explanation adapted to what most impressed her
(i.e., explanation style which she prefers).

2.2.2  User-driven personalized explanation. Compared to system-
driven personalized explanation, research that follows a user-driven
personalized explanation approach that provides different explana-
tion displays, styles, or levels of detail and then hands over control
to the user to actively set the explanation parameters, e.g., choose
the level of details that she wants to see, is under-investigated.
Only the work presented in [13] follows a user-driven personalized
explanation by providing on-demand explanations with varying
levels of details.

3 RIMA

We developed the transparent Recommendation and Interest Model-
ing Application (RIMA) with the goal of explaining the recommen-
dations as well as the underlying interest models. RIMA follows
a user-driven, on-demand personalized explanation approach by
providing explanations with different levels of detail and empow-
ering users to steer the explanation process the way they see fit.
The application provides on-demand explanations, that is, the users
can decide whether or not to see the explanation and they can also
choose which level of explanation detail they want to see. In this
work, we focus on recommending tweets and Twitter users and
leveraging explanatory visualizations to provide insights into the
recommendation process (see Figure 1).

INTEREST MINER

saved tweets

Tweets & People

ol —— 1= o Fiters v/
o
Tweets
o e James Le @james_aka_yale
In part 3 of this blog series, | address the limitations of using deep learning-based
recommendation models by proposing a couple of research directions that might be
relevant for the recommendation system scholar community.
% Wayne Radinsky @waynerad
Google's Play Store recommendation system on Android now uses a deep learning system
developed by DeepMind. https://t.co/eHmDBTVII)
®
G\‘ Isabelle Judge @Isebellita
¥ The new YouTube recommendation system is so bad I've actually stopped watching
YouTube.
®
O Google Cloud UK & Ireland @GoogleCloud_UKI
Explainable attempts to develop models that generate not only
high- i but also intuitive

Figure 1: Recommendation Interface in RIMA



UMAP ’21 Adjunct, June 21-25, 2021, Utrecht, Netherlands

3.1 Explaining the interest model

3.1.1 Interest model generation. The aim of opening and exposing
the interest model in RIMA is to let users become aware of the
underlying interest model used for recommendation. These interest
models are generated from users’ publications and tweets. The
application uses Semantic Scholar and Twitter IDs provided by users
to gather their publications and tweets. It applies unsupervised
keyphrase extraction algorithms on the collected publications and
tweets to generate keyphrase-based interests. In order to address
semantic issues, Wikipedia is leveraged as a knowledge base to map
the keyphrases to Wikipedia pages and generate Wikipedia-based
interests.

3.1.2  Personalized explanation of the interest model. The aim of ex-
plaining the interest model in RIMA is to foster user’s awareness of
the raw data (publications and tweets) and the derived data (interest
model) that the RS uses as an input to generate recommendations,
in order to increase transparency and promote understandability of
the recommendation. Moreover, this may let users become aware
of system errors and consequently help them give feedback and
correction in order to improve future recommendations.

The application provides an on-demand personalized explana-
tion of the interest model with three different levels of detail. The
user can hover over an interest in the word cloud to see its source
(i.e. publications or tweets) as a basic explanation (Figure 2a). When
the user clicks on an interest in the word cloud, she will get more
information through a pop-up window highlighting the occurrence
of the selected interest in the tweets or title/abstract of publications,
which represents the intermediate explanation (Figure 2b). The next
level of detail is provided in the advanced explanation which follows
an explanation by example approach to show in detail the logic of
the algorithm used to infer the interest model (Figure 2c).

3.2 Explaining the recommendation

3.2.1 Recommendation generation. The aim of this part of the appli-
cation is to provide tweet recommendations based on the generated
interest model. For obtaining the candidate tweets, we use the Twit-
ter API to fetch tweets that contain one or more user interests that
are used as input for the recommendation. We then apply an un-
supervised keyphrase extraction algorithm on the fetched tweets
to extract keywords from the tweet text. In order to compare the
similarity between the user interests and the candidate tweets, we
use word embedding techniques to generate vector representations
of the interest model and the tweets. After getting the two em-
bedding representations (i.e., interest model embedding and tweet
embedding), we calculate the cosine similarity between them in
order to obtain a semantic similarity score. Tweets with a semantic
similarity score above a threshold of 40 % will then be displayed to
the user.

3.2.2  Personalized explanation of the recommendation. The appli-
cation provides an on-demand personalized explanation of the
recommendations with three different levels of detail. The basic
explanation (Figure 3a) aims at explaining "why" a specific tweet
was recommended in an abstract manner. The search box is ini-
tially populated with the user’s top five interests, ordered by their
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Figure 2: Explaining the interest model with three levels of
details

weights as generated by the system. Users can also add new inter-
ests in the search box or remove existing ones. The system will use
these interests as input for the recommendation process. the basic
explanation is achieved using a color band to map the tweet to the
related interest(s). Also, the interest will be highlighted in the text
of the tweet to show that this tweet contains this specific word
(interest). In addition to these two visual elements, we display the
similarity score on the top right corner of the tweet to show the
level of similarity between the user interests and the recommended
tweet. The answer to the "why" question in this level is a visual
representation of "because the tweet text contains your interest X
and this tweet is Y% similar to your interest profile".
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For more details, the user can choose the intermediate explanation
level (Figure 3b) by clicking on "Why this tweet?" on the bottom
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heatmap.
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(c) Advanced explanation

Figure 3: Explaining the tweet recommendation with three
levels of details
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right of the tweet. Similar to the basic level, the intermediate level
also aims at answering the "why" question, but with more details.
We used a heatmap chart to show the semantic similarity between
the user interest profile and the keywords extracted from the text
of the tweet. The x-axis represents the keywords extracted from
the tweet and the y-axis represents the user’s interests used in the
recommendation. The cells show the computed semantic similarity
scores between each interest and keyword. At this level, the answer
to the "why" question is a visual representation of the similarities
between all user interests used as input for the recommendation
and all the keywords extracted from the tweet.

To move to the advanced explanation level (Figure 3c), the user
has to click on the "more" button on the bottom right of the inter-
mediate explanation window. The aim of the advanced explanation
is to explain "how" the recommendation algorithm works. This is
achieved by following an explanation by example approach to show
in detail the logic of the algorithm used to semantically compare
the keywords extracted from the recommended tweet and the user
interests.

4 EVALUATION

We conducted a preliminary qualitative user study to evaluate the
users’ perception of the on-demand personalized explanations pro-
vided in the RIMA application. The user study was targeted at
researchers or people who have at least one scientific publication
(e.g. journal article, conference paper, book). All participants were
recruited via e-mail, word-of-mouth, and groups in social media
networks (e.g. Facebook, LinkedIn).

To participate in the study, participants had to fulfill three re-
quirements: (1) they had to have at least one scientific publication,
(2) they had to have a Semantic Scholar ID, and (3) they had to
complete the study on a computer or laptop. The user study was
conducted completely online using a video-conferencing tool. Par-
ticipants interacted with the application by performing a set of
pre-defined tasks. First, the participants were asked to use the RIMA
application to create their interest models based on their Semantic
Scholar and Twitter IDs and to see the visualizations corresponding
to their interest models. Then, the participants were presented with
the three visualizations representing the basic, intermediate, and
advanced explanations of their generated interest models. There-
after, they were asked to explore the recommended tweets and try
to understand the provided recommendations based on the basic,
intermediate, and advanced explanations. At the end of the study,
the participants were asked to answer a questionnaire. As this was
a qualitative study, the questionnaire had mostly open-ended ques-
tions enabling participants to provide free feedback and describe
their ideas or suggestions.

A total of 23 participants completed the study. To achieve a
diverse sample, the study included participants from different coun-
tries, educational levels, and study backgrounds. Out of the 23 par-
ticipants, 14 (60.9%) reported to live in Germany, where nine (39.1%)
were international users from eight different countries. All partic-
ipants had sufficient English language skills to participate in the
study. The highest level of education reported by most participants
was master’s degree (61.3%). They came from different disciplines
such as psycholgy, medicine, biology and computer science. Out
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of the 23 participants, 12 participants (52.1%) were considered as
Twitter users who reported to use Twitter at least 1 hour a week,
where 10 (43.4%) reported to never use Twitter in a typical week.
Regarding the domain knowledge, 12 (52.1%) participants reported
that they have knowledge about recommender system and machine
learning.

In the first part of the questionnaire, participants could provide
direct feedback to the different explanations provided in the appli-
cation. Next, for both the interest model and the recommendations,
participants chose which explanation level (i.e., basic, intermediate,
or advanced) they liked the most, and they could optionally justify
their choice. Regarding the explanations of the interest model, ten
participants (43.48 %) stated that they prefer the advanced explana-
tion because it provides the most information about the generation
of their interest model. These participants seemed to be fascinated
by recommender systems and liked getting a deeper insight into
the underlying logic. For example, one participant wrote "I find
recommender systems interesting and I enjoyed learning about
the way they operate". In contrast to the common assumption that
providing too many details in explanations could result in infor-
mation overload [23], one participant stated that "the information
is detailed but not too complicated to understand". However, two
participants reported that they could not understand why their
scientific interests were compared with Wikipedia articles. Nine
participants (39.13%) preferred the basic explanation, and found
that it is a simple and understandable feature that provides a quick
insight into where the interest keywords were extracted. They also
liked that this explanation provides interactivity by providing "di-
rect feedback to mouse hovering". However, two participants found
this explanation to be superficial and limited. The intermediate ex-
planation was preferred by four participants (17.39%). Participants
found it helpful to see from which publication the specific interest
keyword was extracted. Similarly, one participant stated that the
level of detail in this explanation is suitable to understand how the
interest model was generated without "having to know all the steps
that are taking place in the backend". However, one participant
believed that providing the name of the used algorithm may not be
helpful for users that do not have the technical knowledge.

For the explanations of the recommendations, ten participants
(43.48%) stated that they prefer the intermediate explanation. They
liked that the heatmap is interactive and provides colors that help
to quickly identify the similarities between their interests and the
recommended tweet. While one participant found that the details
in this explanation are presented in a simple manner, other par-
ticipants stated that it might be overwhelming and hard to un-
derstand. One participant suggested making the chart bigger and
using rounded percentages (e.g., 43% instead of 42.56%). The basic
explanation was preferred by seven participants (30.43%). These
participants perceived the explanation to be easy to understand
and most time-efficient, as it helps them to determine the quality
of the tweet very quickly without "having to click anywhere to see
the explanation”. They also found that the level of detail in this
explanation is sufficient and that they don’t need more detailed
information. However, several participants suggested using colors
instead of bold text to highlight the respective interest keyword
in the tweet. Six participants (26.09%) preferred the advanced ex-
planation. Participants found that this explanation most explains
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the inner logic of the system and that it is a great way of show-
ing the user how the system came to the recommendations. One
participant believed that this explanation would only be needed
once since it explains the system via example and does not differ
between the tweets. However, some participants reported that they
could not understand the explanation and felt overwhelmed by the
provided details. For example, one participant wrote "It is much
information and I lost track during viewing the figure". Moreover,
several participants suggested optimizing the chart by making it
bigger and more compact by showing only the most important
steps.

To further investigate how users perceive on-demand personal-
ized explanations, we additionally asked participants about their
opinion on this feature in general. The majority of the participants
liked the idea of offering on-demand explanations with varying
levels of detail to meet the needs and preferences of different user
groups. They stated that different users might be interested in differ-
ent amounts of information, depending on their knowledge, exper-
tise, or curiosity. Besides individual differences, they believed that
the need for information also depends on the situation, as one par-
ticipant wrote "When something goes wrong, I might be interested
in more detailed explanations to fully understand the mistakes".
Moreover, participants believed that "providing all information in a
single step would be too much", and that on-demand explanations
give users the opportunity to discover as much as they want. Only
one participant suggested providing just one explanation instead
of "offering so many on the plate".

In sum, the results of the user study show that (1) the participants
had different opinions regarding what level of detail they prefer
to see. This confirms that potential individual user differences and
their goals influence their preferences towards the explanation level,
as also reported in other studies (e.g., [8, 13]) and (2) providing on-
demand personalized explanation with varying level of details has
a positive impact on user satisfaction with the explainable RS.

5 CONCLUSION AND FUTURE WORK

In this paper, we addressed an aspect that remains under-research
in the literature on explainable recommendation, namely providing
personalized explanations. To this end, we proposed a transparent
Recommendation and Interest Modeling Application (RIMA) that
provides on-demand personalized explanations with varying lev-
els of detail to meet the demands of different types of end-users.
The results of a preliminary qualitative user study demonstrated
the potential benefits of the RIMA approach in helping users with
different backgrounds understand how the recommender system
works without overwhelming them. This work represents a first
step to inform the design and appropriate use of personalized expla-
nation interfaces in recommender systems. In future work, we will
follow a human-centered design (HCD) approach to develop other
possible explanatory visualizations at the three levels of detail. In
addition to recommending tweets, we are planning to recommend
publications and researchers and develop different visualizations
to explain these recommendations. Furthermore, a more extensive
quantitative and qualitative user study will be conducted to in-
vestigate the relationship between the users’ characteristics and
the level of detail of the explanations, and the effects of these two
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variables on the perception of and interaction with the explainable
recommender system.
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