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ABSTRACT
Increasing diversity in the output of a recommender system is an
active research question for solving a long-tail issue. Most of the
current approaches have focused on ranked list optimization to
improve recommendation diversity. However, li�le is known about
the e�ect that a visual interface can have on this issue. �is paper
shows that a multidimensional visualization promotes diversity
of social exploration in the context of an academic conference.
Our study shows a signi�cant di�erence in the exploration pa�ern
between ranked list and visual interfaces. �e results show that a
visual interface can help the user explore a a more diverse set of
recommended items.
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1 INTRODUCTION
A recommender system is an e�ective approach to prevent cognitive
overload when accessing information. In an era of data, users
are more reliant on such systems to access on-line information.
�ese systems can o�er personalized recommendations that are
based on users’ preference or interests. However, personalized
algorithms tend to push the user to select from a narrow set of
choices. �is can lead to a �lter bubble e�ect, which shields the
user from other viewpoints [5]. It can also cause an adverse e�ect
in social fragmentation and ideological polarization of discussions
on social issues [14]. Many studies have been done to prevent these
negative e�ects by generating diversity in di�erent disciplines, such
as in online reviews [7, 30], comments [8], e-commerce [10, 23],
question-answering sites [22], and politics [5, 9].

�ere are two main directions of work toward improving the
diversity of recommendation results. �e �rst direction, where a
large portion of e�ort has been spent, focuses on improving the
recommendation diversity of a ranked list of results. �is has mainly
focused on optimization by adding the “beyond relevance” factors
to relevance prediction functions [2, 11, 22, 27, 32, 35]; that is, to
prevent issues of over-speci�cation by providing a recommendation
list that contains diverse items. �e second direction is to improve
the interface of the recommender system in order to solve the
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problem. For example, [7, 10, 23, 30] adopted the visual interface
to present recommendation results with diversity aspects. �e
user can interact with the system beyond the ranked list. �e
interface represents the recommendation results with a variety of
similar/dissimilar items, which can help a user to explore diverse
recommendation content.

It is not surprising that all the methods for the presentation of
recommendations include some kind of bias. For example, many
studies pointed out the display bias in the sorted recommendation
list; that is, the top-ranked items would get more user a�ention
than lower-ranked items [4, 13], or the so-called position bias. More
types of bias can be found in a mix or visual design recommender
systems [28]. �e user may have a vertical bias on a ranked list that
is combined with image and search results. �is �nding indicates
that the interface design does a�ect how the user interacts with
the recommended items. We can say that the ranked list presen-
tation aggravates the long-tail e�ect on the recommender system.
However, li�le research e�ort has been focused on how the visual
e�ect has an impact on the user interaction, as well as the distinct
challenges and opportunities for designing a visual recommender
system.

In this paper, we propose a user study on comparing a sorted
ranked list and a two-dimensional visual interface for a social rec-
ommendation task at academic conferences. �e experiment result
indicates a signi�cant di�erence in the exploration pa�erns of these
interfaces. We found that the user visual interface group explored
more diverse social connections from the system. In the subjec-
tive evaluation, however, the ranked list was evaluated higher in
user’s intention to reuse the system. �e main contribution of this
paper is to suggest and evaluate an interface to solve the “long-
tail” issue within the recommender system. �e �ndings support
the overall concept of interface design helping the user to fairly
explore the recommender system results. We argue that a user
can intuitively access diverse recommendations if we provide that
user with an accurate perception of how the data is presented.
�is �nding provides some insights towards the development of a
diversity-supporting interface to access recommendations online.

2 RELATEDWORK
2.1 Recommendation Diversity
�e recommender system aims to facilitate the presentation of
useful information and reduce information overload. As a result,
an e�cient system is required to deliver the relevant items with
a high degree of accuracy, based on user preferences or behavior
[24]. Many scholars have criticized highly accurate recommender
algorithms that provide the user with a narrow set of choices or
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limited information exposure [5], which is a well-known over-
speci�cation problem in the domain of recommender systems [1,
33]. Some scholars argued for the negative �lter bubble e�ect if the
user can only access to a “biased” recommendation result based on
personalized social network or ideological preferences [9]. It might
be necessary to diversify the recommendation results to prevent
this bias. However, the de�nition of diversity varies and lacks a
universal metric and scale. Diverse items may be generated based
on user personalities for wider exposure [32]. For example, in online
news consumption, it may be possible to show di�ering opinions
for the purposes of comparison [14]. Some studies tried to provide a
balanced choice between novel and similar items in a recommender
ranked list [11, 27, 29], or to provide categorical coverage that was
as broad as possible [20, 23, 31]. A recommender system that is
speci�cally designed to facilitate the diversity of results needs to
carefully consider the di�erences between the provided results.

2.2 Improving Diversity
To address the diversity problem, much e�ort has been spent on
increasing the diversity of ranked list results o�ered to the users
of recommender systems. �e work can be separated into three
categories: 1) Learning to rank: an approach to aggregate the nov-
elty and accuracy in a ranked list. For instance, a hybrid algo-
rithm can extend the recommended list with the diversity, novelty,
and accuracy of items [2, 11, 15, 22, 27, 32, 35]. 2) Content-based
diversi�cation: to provide diverse content based on the varying
similarity metrics, e.g. opinion similarities [8], aspect similarities
[29], and topic similarities [33]. 3) Collaborative �ltering-based
diversi�cation: to extend the collaborative network by probabilistic
approaches [1, 36] and latent distance [17]. However, all of these
approaches have focused on the diversi�cation within the ranked
list. �e ensembled ranked list lacked perception of the properties
behind the recommendation result. Users o�en lower their satisfac-
tion with or trust in the system if it has provided a list that con�icts
with their expected levels of similarity [16].

Providing a visual interface is another approach to solving the
diversity recommendation problem. Some examples of a visual
discovery interface include the CTR rate in an e-commerce web-
site [23]; the two-column format to present a two-sided opinion
on controversial subjects [14]; and the distance of latency among
users’ ideology [9] through an explainable interface to justify the
reason for providing recommendations for a user to actively ac-
cess diverse content [33, 34]. [19] designed an interface to provide
an explanation to justify the recommendation results, which has
been shown to be useful for the user to understand the reasoning
behind particular recommendation results. �e user can choose
to explore the system further, based on the explanation. [21] pro-
posed a user-controllable interface that would allow the user to
change each feature�s weighting to provide a more personalized
ranking. [7, 10, 30] all proposed various interfaces that show di-
verse recommendation results. However, these studies have focused
on individual metrics, such as satisfaction and helpfulness, among
others. A study from an objective perspective has not yet been
performed, and it remains unknown as to which interface design
can truly help users consume more diverse results.

Figure 1: A screenshot of the RelExplorer system [26]: (i)
A control panel of three feature sliders. (ii) A ranked list
of the personalized relevance scores. (iii) �e user pro�le
information from the Conference Navigator system [6].

2.3 Perceiving Diversity
Humans are naturally connected to or prefer to interact with peo-
ple who hold similar beliefs - the homophily e�ect [9]. �e social
recommender system should provide more diverse content for a
user to extend their social connections outside of a personal bubble.
However, not every user equally values the diversity of provided
recommendations [3]. �e desired level of diversity di�ers from
individual to individual. For instance, [16] classi�ed people into
two categories: “diversity seeking” and “challenge averse” to de-
scribe the relationship between strati�cation and level of diversity
exposure. �is classi�cation may explain the individual di�erences
in the information-seeking process. �e social recommender sys-
tem with included diversity needs a di�erent interface to �t the
needs of users’ prior convictions. Furthermore, simply presenting
con�icting information may not help users to interact with diverse
content. A reinforcing e�ect may happen if the user feels threat-
ened by unfamiliar information [14]. �e study of [30] adopted
dimension-reduction techniques to project the data in two or three
dimensions for visualization purposes. However, the user was not
able to distinguish the meaning of each axis, which led the user to
explore opinions that were similar to their own [7]. [5] argues that
the “diverse conceptions of democracy” must be considered when
designing a diversity-improving tool. It is necessary to realize the
visual e�ect before we can design a general interface for enhancing
recommendation diversity.

3 APPROACH
3.1 �e Context
�e work presented in this paper has been performed in the context
of developing a social recommendation function for the Confer-
ence Navigator system [6]. �is function was added to the original
system to help conference a�endees to connect with other schol-
ars at the venue. �e overall goal of the social recommendation
function was to help conference a�endees explore potential social
links while a�ending events. Our recommendation approach was
designed to emphasize di�erent aspects of similarity that could be
valuable to identify people of interest. �ese aspects were encap-
sulated in three separate recommender engines that accounted for
the similarity between publications (academic), co-authorship simi-
larities (social), and the similarity of interest in conference papers,
expressed as bookmarks (interest). We �rst designed a standard
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Figure 2: A two-dimensional scatter plot to combine the rec-
ommendation results of two engines. Each axis represents
a recommender engine (a feature), each node represents an
attendee at the conference, and its location is determined by
its featureweights (here - theAcademic feature for Y and the
Social feature for X). A click on a node opens a new window
to explore pro�le details.

recommendation interface with a ranked list and a control panel
to change the weighting of contributing engines. �is version was
explored in the pilot study. �e results of the pilot study brie�y pre-
sented in the next subsection helped us to design a more advanced
visual interface, which is presented below.

3.2 �e Pilot Study
In our pilot study, we explored to what extent users were able to
explore a diverse space of conference a�endees by using a controlled
fusion of several focused recommender engines, an approach that
we successfully used in the past [18]. Figure 1 presents a screenshot
of the pilot study interface. �e interface allowed users to fuse
three recommendation components into a single. To control the
fusion, the user could change the weighting of each component
based on individual preference. For example, the user may increase
the Academic feature to �nd more conference a�endees with similar
research interests, or increase the Social feature to �nd conference
a�endees with a similar co-authorship network.

�e results of the pilot study were presented in [26]. In brief,
we found that users did use the control panel to explore social
connections. However, the exploration pa�ern showed that only
a small set of the recommended items had been explored. �at is,
most of the exploration focused on the group of people with a high
relevance score. �e group with a low relevance score was less
likely to be explored. However, the lower relevance score and rank
may be due to a lack of user pro�le data (such as junior scholars who
have fewer publications) or the presentation bias of the ranked list
interface. It does not determine the real social value to users. �e
pilot study showed the limitations of the ranked-list interface, even
in the presence of user control. �is work motivated the current
study presented below: reducing the presentation through a visual
interface.

3.3 Visual Interface
A ranked list can only represent recommended items in a single
dimension. It forces the system to use the ensembled or controlled
fusing method to mix multiple aspects of relevance into a single
list. However, the pilot study showed that the ranked list caused an
exploration pa�ern with li�le diversity. To avoid ranking bias, we
explored a two-dimensional interface design that independently
presents two recommendation aspects. We found that a sca�er plot
is a universal design to represent multidimensional data [12]. Hence,
we developed a sca�er plot interface to show the recommended
results in two dimensions (Figure 2).

A sca�er plot diagram allows us to simultaneously present more
than one recommendation feature. For example, we can display the
Academic feature on the X axis and the Social feature on the Y axis.
�e two features de�ne the position of each recommended item in
the sca�er plot. �e interface can help users intuitively perceive the
relative relationship between the two recommendation features and
can help them quickly focus on a sca�er plot area with a speci�c
combination of two recommendation features (for example, the
upper le� corner with high academic and low social similarity), in-
stead of changing the feature weighting in the ranked list. To focus
user a�ention on areas with meaningful combinations of features,
we used color coding to represent four groups of recommended
items: high relevance in both features (HH), low relevance in both
features (LL), and high relevance in one or the other of the features
(HL or LH). We realized the users may �nd it di�cult to understand
the meaning of these four groups, so we set the titles based on the
prospective e�ect of each cluster; i.e. the red color of the HH group
indicates the conference a�endees who may be most likely known,
due to their high academic and social similarity to the user. �e
yellow color of the LL group is the group of a�endees who may
have a low potential connection, due to the low values of both of the
features. �e blue and green colors show the a�endees with only
one high similarity feature, which are assigned as high potential
connections and medium potential connections.

Since the features represented in the visualization were com-
puted by two di�erent recommender engines, the features were not
comparable without normalization. We adopted a standard Z-Score
to normalize all the features to the same scale, from 0 to 1. �e func-
tion was de�ned as: ZScore = xi−uj

σj , where xi is ith recommended
item and j represents the corresponding two features. �en, we
used a standard Z-table to convert the ZScore to the corresponding
percentile pi j . �is allowed us to list all the features on the same
scale for both the ranked list and sca�er plot diagram.

4 EXPERIMENT
4.1 Data and Participants
We used the Conference Navigator system with the extended social
recommendation function [26] for assessing and comparing the
two proposed interfaces. �e pilot study of the ranked list interface
was conducted at the HT 2016 and the UMAP 2016 conferences in
Halifax, Nova Scotia, Canada. �e study of the visual interface was
performed at the CIC 2016 conference in Pi�sburgh, Pennsylvania,
USA. �e conference publication and a�endee lists were used to
compute recommendations based on three types of similarity (the
features mentioned in Section 3.1). For Study 1, we recruited 12
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participants (nine male and three female) from the HT&UMAP
2016 conferences. For Study 2, we recruited 14 participants (seven
male and seven female) from the CIC 2016 conference. All of the
participants were registered conference a�endees with at least one
publication paper in the system. �e age of the participants ranged
from 20 to 40 years old, and they were recruited at the conference.
All of them were graduate students or at the junior research level
at their associated academic institution or industry research lab.

4.2 Experiment Design and Procedure
To evaluate the e�ect of the proposed interface on the exploration of
social recommendations by academic a�endees, we designed a user
study that combined both a subjective and an objective evaluation.
�e ranked list interface (Group 1) was used as the control group,
and the sca�er plot interface (Group 2) was the experimental group.
We recorded the system activity log while each participant used the
system. Both studies used the prepared laptop and were performed
under the control of the �rst author directly at the conference
venue.

We asked participants to complete two tasks using the designated
system and to �ll out a post-task questionnaire. �e tasks were
based on di�erent social needs that would arise while using a social
recommendation system. In each task, participants were asked to
follow two people, according to the instructions. Task1: Find two
conference a�endees you already know. a) Decide whether you
need to follow them or connect to them in the system. b) Examine
information about these a�endees to �nd out how these two people
can help to establish new connections at this conference. Task2:
Explore two conference a�endees you a) don�t know in person yet
and b) you are interested in meeting. Examine information about
these a�endees to �nd out who could introduce you to them or
how you could introduce yourself.

In order to examine to what extent each interface encouraged
diversity in exploring conference a�endees, we observed the user
interaction with four di�erent “quadrants” that represented com-
binations of two features [25], e.g. high academic and high social
features, high academic and low social features, and so on. In order
to see how the participants interacted with di�erent groups, we
de�ned two kind of measurements - Diversity and Coverage. Both
of the metrics were measured by Entropy: du = −

∑4
i=1 pi loд4pi ,

where pi was the probability for a particular quadrant and the pro-
portion of all the user�s selection (following) [15]. �e metric of
Coverage was similar in diversity but omi�ed the quantity in each
quadrant to see how users� exploration covered all four quadrants
of the recommended items. �e Coverage metric was only com-
pared between groups, due to each task only having two follow-up
activities. �e action of clicking and the amount of time spent were
also recorded in this experiment.

5 RESULTS
5.1 Data Analysis
A non-parametric Wilcoxon signed-rank test of di�erence among
the metrics was conducted and rendered a W value that indicated
a signi�cant di�erence when p < 0.05. �e results are reported in
Tables 1 and 2. �ey indicate that the diversity (entropy) and cover-
age metrics were signi�cantly di�erent among groups. �is result

Metric Group 1 (Ave.) Group 2 (Ave.) W P-value
Diversity 0.14 0.26 80 8e-06 (*)
Coverage 0.29 0.53 30 0.005 (*)
Click 2.58 4.11 300 0.2
Time 222 173 300 0.8

Table 1: �e di�erences between the Group 1: Ranked List
and Group 2: Scatter plot. �e Diversity and Coverage met-
ric re�ects how the participants “followed” the conference
attendees. (*) means signi�cant di�erences at the 5% level
(p-value < 0.05)

Metric Task 1 (Ave.) Task 2 (Ave.) W P-value
Diversity 0.20 0.21 300 0.8
Click 2.24 4.52 200 0.002 (*)
Time 165 228 300 0.7

Table 2: �e di�erence between the Task 1: Explore known
connections and Task 2: Explore not known connections

supports the concept that the sca�er plot interface led the user to
explore a more diverse set of a�endees across the four quadrants.
Our �ndings demonstrate the potential for showing recommenda-
tions in a multidimensional view to help or change the diversity
of the exploration pa�ern. We also found that the click count was
signi�cantly di�erent between tasks: it required signi�cantly more
work (measured by clicks) to �nd new connections. �e data also
show that users in the sca�er plot group needed more clicks to
complete their tasks (most likely because the sca�er plot did not
immediately show the participants’ names, which did appear in the
ranked list). At the same time, the users of the sca�er plot interface
spent less time to complete the tasks. While these di�erences are
not statistically signi�cant, it could indicate that the sca�er plot
interface helped users to quickly spot social links of interest.

5.2 Exploration Patterns
Figure 3 shows the exploration parameters for the two proposed
tasks performed with the interfaces. We can see a clear di�erence
between the two interfaces. �e participants who used the ranked
list interface were more focused on the high-relevance group; i.e.
items with high similarity for both the academic and social features.
�e recommended items (conference a�endees) with low similarity
in both recommendation features were less explored and less fol-
lowed by the participants. In contrast, the participants who were
using the sca�er plot interface showed a more diverse exploration
pa�ern - they more extensively examined items with both high and
low similarities in each dimension. �is result supports the expecta-
tion that the proposed sca�er plot interface helped the participants
to explore a�endees who fell outside of the ranking bias area, i.e.,
items that were top ranked with a high degree of similarity.

5.3 Post-�estionnaire Analysis
Figure 4 shows the post-questionnaire analysis. We found that
both of the interfaces had a high score on subjective feedback. For
example, both of the interfaces were found to be informative and
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(a) Exploration Pa�ern on Ranked List Interface (b) Exploration Pa�ern on Sca�er plot Interface

(c) Following Pa�ern on Ranked List Interface (d) Following Pa�ern on Sca�er plot Interface

Figure 3: �e social exploration patterns of the user study. Both of the exploration and following activities are recorded from
the “explore unknown attendees task”.

Figure 4: Usability and user satisfaction data. (*) means a signi�cant di�erence at the 5% level (p-value < 0.05)

easy to use. On average, the ranked list scored higher on ease of use,
satisfaction, and intention to re-use, while the visual “sca�er plot”
interface scored higher on enjoyment. However, only intention to
re-use was signi�cantly di�erent between the sca�er plot interface
and the ranked list interface. �is may be due to the fact that the
sca�er plot decreased availability of detailed information such as
name, a�liation, and relevance score (shown in Figure 1). �is could
also explain why it was necessary for a user to perform more clicks
to interact with recommendation items of interest. �is �nding
con�rms the diverse exploration pa�erns on the visual interface,
but it also presents the challenge of creating such an interface while
maintaining the usability level of the baseline interface.

6 CONCLUSION
In this paper, we proposed a new visual interface to display social
recommendation results produced by several recommender engines.
We showed that the visual interface encourages users to explore
a more diverse set of recommended items. We also showed that
the exploration pa�erns were considerably di�erent between the
visual and the baseline interfaces. �e analysis hinted that the new
visual interface required less time, but more interaction steps to
complete the same tasks, as compared to the baseline interface.
�e new visual interface had a lower score on the intention to re-
use as evaluated by the user feedback. �e results indicated that
visual interface can help users to improve exploration diversity, but
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that further design work would be required to match the level of
usability of the baseline system.

In the current mainstream recommender system, more a�ention
is paid to the problem of presentation optimization [28]; that is, to
optimize the layout in a web page with several recommendation
functions. We believe that this issue requires a greater level of
understanding on how visual e�ects can in�uence users interac-
tions with a recommender system. �e interface of a recommender
system could facilitate di�erent exploration goals. In this study,
we showed that a diversity-oriented interface can help the user to
explore a more diverse set of recommended items. It sheds light
on the issue of how to design an interface for a diversity explo-
ration task, but adds a challenge to maintain the system�s overall
usability.

We plan to continue our work on recommender system interfaces
that help users further explore diverse recommendations. New
designs will maintain the recommendation model accuracy and user
satisfaction at the same levels or will show the trade-o� between
the metrics. �e present study does have some limitations. First, we
explored a combination of just two recommendation features. �e
interface will need more work to explore more than two features.
Second, the sca�er plot interface made it di�cult to recognize
familiar names. �e user needed to click on many dots to fully
inspect the recommended results. To address this issue, we plan to
explore a combination of the sca�er plot and ranked list interfaces.
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