Interactive recommender systems: a survey of the state of the art and future research
challenges and opportunities

Chen He®*, Denis Parra®, Katrien Verbert®

“Departement Computerwetenschappen, KU Leuven, Leuven, Belgium
b Pontificia Universidad Catdlica de Chile Santiago, Chile

Abstract

Recommender systems have been researched extensively over the past decades. Whereas several algorithms have been developed
and deployed in various application domains, recent research efforts are increasingly oriented towards the user experience of rec-
‘&n various human factors that

ommender systems. This research goes beyond accuracy of recommendation algorithms and f
affect acceptance of recommendations, such as user satisfaction, trust, transparency and sen
interactive visualization framework that combines recommendation with visualization t
interaction. Then, we analyze existing interactive recommender systems along the
work. Based on our survey results, we present future research challenges and oppo $t1
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No matter whether we notice it or not, we encounter rev ack. @ predication of the current interest of the user

ommender systems almost everyday, such as Ad recom
dations in any possible corner of a web page or produ -
ommendations in online shops.

is ofte hallenging task, there is a need to develop mixed-
iniy approaches that enable users to help steer this process.
‘mixed-initiative approaches are also promising to address

Due to their ab111t $
the increasingly severe problem of mformatlon@oad rec- her issues of recommender systems, such as increasing diver-
er the pa
b

ommender systems have gained massive atten
decades. The Netflix Prize
tween 2006 and 2009 and several othe allenges o,
the Recommender Systems (RecS ﬁrence
merous researchers from machi e&nmg and ining re-
search fields. 6

Whereas several algorit ve been developed and de-
ployed to suggest relev@e stoa @Adomavicius and|
2005), there are #till seve% lenges that need to
be resolved before recommender systems can realize their full
potential. Several recommendation algorithms suffer from cold
start issues, i.e. they cannot make effective recommendations
for new users or for new items that have no explicit or implicit
relevance indicators yet 2010). In addition, recom-
mender systems often appear as a “black box”, i.e. they do
not offer the user any insight into the system logic or justifica-
tion for the recommendations (Sinha and Swearingen) 2002).
This black box nature of recommender systems prevents users
from comprehending recommended results and can lead to trust
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szty (Hu and Pu} 2011) and novelty (Herlocker et al., 2004) of

recommended results, and their deployment in high-risk appli-
cation domains such as health-care and financing
2005).

In recent years, researchers have become more aware of
the fact that effectiveness of recommender systems goes be-
yond recommendation accuracy (Swearingen and Sinhal, 2001).
Thus, research on these human factors has gained increased
interest, for instance by combining interactive visualization
techniques with recommendation techniques to support trans-
parency and controllability of the recommendation process. Vi-
sualization leverages visual representations to facilitate human
perception, while interaction stresses user involvement through
dialogue with the system.

We have presented an interactive visualization to support ex-
ploration, transparency and controllability of recommendations
at the ACM Conference on Intelligent User Interfaces (IUI)
in 2013 (Verbert et all, 2013). Several other researchers have
proposed interactive visualizations as a means to support inter-
action with recommender systems. In this article, we analyze
these interactive recommender systems and their support to ad-
dress the following challenges: (1) transparency and justifica-
tion, (2) user control over the recommender system, (3) lack
of diversity, (4) cold start issues and (5) contextual information
acquisition and representation. The research contributions are
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three-fold:

1. We present an interactive visualization framework for rec-
ommender systems. The framework integrates visualiza-
tion and recommendation techniques to address several is-
sues of recommender systems, including cold start, user
control and transparency.

2. Then we present an analysis of existing interactive recom-
mender systems along the dimensions of our framework.

3. Based on the analysis, we identify future research chal-
lenges and opportunities to advance the research field.

The article is organized as follows: we present recommenda-
tion algorithms and visualization techniques in Section 2] Sec-
tion [3| presents our interactive visualization framework for rec-
ommender systems and elaborates the research objectives of our
work. Section[d]presents a comprehensive overview of existing
interactive recommender systems. An analysis of these systems
along the dimensions of our framework is elaborated in Section
[] Finally, we present future research directions and challenges
based on our analysis.

2. Background

2.1. Recommendation algorithms and their limitations

Recommender algorithms are often broadly categorized
three areas: collaborative filtering recognizes commonali
between users or between items on the basis of explic
ings, tags, etc.) or implicit (actions like reading, dow@di g.)
relevance indications (Burke,[2010). A standard ased col-
laborative filtering algorithm first identifies sigailar Users bas
on their overlapping interactions or similar Qs of co
items. It then makes recommendatiops base
of these similar users. A standard i $d rec
algorithm analyzes similarities betyeen itemsean
these similar items to identi et of i be recom-
mended. Collaborative filte isthe most wi implemented
and most mature techn (Burke), 2@ «Content-based fil-
tering matches descriptions” of item& escriptions of users
(Pazzani and Billsus| |2007). They base‘their predictions on in-
formation about individual users and items, and ignore contri-
butions from other users. This approach relates most closely
to our work on metadata (Ternier et al., [2009). Hybrid recom-
mender systems combine recommendation techniques, to gain
better performance with fewer drawbacks (Burke, [2002).

Recent research on recommender systems is increasingly ori-
ented towards incorporation of contextual information into the
recommendation process (Adomavicius and Tuzhilin, [2005).
While traditional recommender systems represent the users
with simple user models, context-aware recommender systems
consider additional information to improve quality of recom-
mendations. For instance, a movie recommender based on col-
laborative filtering represents the user as a vector of ratings
over a set of films, but a context-aware recommender can con-
sider who is accompanying the user —a child or another adult—

€n uses
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$. Contextual information can also be inferred by analyz-
g

to make a more appropriate suggestion. Although “user com-
pany” is a typical example of context, there is no clear consen-
sus about its definition and several disciplines understand con-
text differently (Adomavicius and Tuzhilin,2012). Despite this,
a well cited definition of |Dey|(2001) states that context is “any
information that can be used to characterize the situation of an
entity. An entity is a person, place, or object that is considered
relevant to the interaction between a user and an application,
including the user and applications themselves.”

Dourish| (2004) expands this definition by considering con-
text from social and technological perspectives (Adomavicius
and Tuzhilin, [2012)). The social perspective understands con-
text as something describing interactions rather than a setting
or situation. The technical perspective represents context as a
predefined set of observable attributes. We have analyzed sev-
eral technical definitions of. ?4 in Verbert et al.| (2012). In
summary, most deﬁnitio@ de attributes to represent loca-
tion, time, computing teXt, user context, activity of the user,
physical conditiong{such/as weather and noise level, or social
relations. Context-ayare rec der systems try to adapt
recommenda{@@ one oL4no these contextual attributes
and have geenproven to p e better predictive performance
in a num f domai otion is one of the most popular
contex@ attribute§ (Xhéng et al. [2013)). Examples of other
at s that %. n considered in context-aware recom-

er syst% lude weather (Hong et al., |2009) and noise

el (Yay-and Yoy, [2007).

Co winformation can be obtained in a number of ways,
inclunxpliciﬂy from the user or implicitly from the environ-
m r instance by obtaining the current location or device

user interactions with tools and resources, for instance to
estimate the current interest of the user.

Although these algorithms have been implemented and vali-
dated on a large scale in several application areas (Nageswara
and Talwar}, [2008)), there are important challenges that need to
be addressed before recommender systems can realize their full
potential:

1. Collaborative recommendation techniques often suffer
from cold start issues, i.e. they cannot make effective rec-
ommendations for new users or for new items that have no
explicit or implicit relevance indicators yet (Burke, [2010).

2. It is difficult to explain the rationale behind recommenda-
tions to end users (Herlocker et al,|2000): the complexity
of recommendation algorithms often prevents users from
comprehending recommended results and can lead to trust
issues when recommendations fail. This complexity is of-
ten aggravated by contextual recommendation algorithms
that use various types of contextual information in the rec-
ommendation process.

3. Contextual information can be substantially enriched in
non-obtrusive way by exploiting new sensors, particularly
in mobile devices like smart phones or tablet computers.
In addition, there is a need for developing richer inter-
action capabilities for contextual recommender systems
(Adomavicius and Tuzhilin, 2012). The current black box



nature of recommender systems prevents users to provide
input into the recommendation process in an interactive
and iterative manner. As the predication of the current
task or interest of the user is a challenging task, there is
a need to develop mixed approaches that enable users to
help steer this process.

2.2. Visualization techniques

Data visualization is a well established research field. The
distinction is often made between information visualization and
scientific visualization. Information visualization focuses on
representing abstract data. A typical example is a graph vi-
sualization that shows relationships between people or a time
line visualization that represents the evolution of concepts over
time. Scientific visualization is specifically concerned with data
that has a well-defined representation in 2D or 3D space. Em-
phasis is on realistic renderings of volumes, surfaces, illumina-
tion sources, etc.

In this article, we are most interested in information visual-
ization: the use of interactive visual representations of abstract
data to amplify cognition [1999). This approach is
increasingly applied in scientific research, digital libraries, data
mining, financial data analysis, market studies, drug discovery,
etc. (Shneiderman and Bederson), [2003)).

Research on information visualization is focused on enabling
users to control the process of navigating through information
spaces in flexible ways. Whereas recommendation algorith

find interesting items in large data sets automatically, infor%
O

ilarity, continuity, symmetry, closure and relatiye

2000). These principles explain how users see patterils in data.
Information visualization relies on the des1 effectlve a

efficient interactive visual representatlons t €IS can

ulate to solve specific tasks. This ap 1s especi X

when a person does not know w ns to t the

data or when she wants to ask Q more 1 ques-

tions (Fekete et al. 008)

tion of information visu

e¢ially reley he intersec-

and se rc&erfaoes where
rich results can provid i %t and understand-
ing (Morvillel, 2005; [2009). Several data
type taxonomies have been described in literature
[Keiml, 2002; [Adnan et al., 2008} [Ellis and Dix|, 2007). For each
data type, appropriate visualization techniques and visualiza-
tion tasks have been designed (Shneidermanl, [1996)), including:

e histograms, word clouds and box plots (Willett et al.|
2007) for 1-dimensional data;

e scatter plots, matrices, linked histograms etc. for 2-

dimensional data;

e 3D scatter plots or metaphoric worlds (Santos et al., [ 2000)
for 3-dimensional data;

e timeline visualizations such as theme rivers (Nowell et al.,
2002), clustered time series (Van Wijk and van Seelow,

[1999) or time matrices [2010);

e stacked displays such as tree-maps (Shneiderman and|

1991)), sunbursts (Stasko and Zhang| 2000), hy-
perbolic trees (Lamping and Raol [1996), dendograms,

cone and radial trees (Nussbaumer, 2003)) for hierarchical
data;

e node-link diagrams (Elmqvist and Feketel 2010) with
graph layout algorithms such as Reingold and TIlford, H-

trees and Balloon graphs (Herman et al., [2000) for repre-
senting relationships. Venn diagrams, Euler diagrams and

cluster maps (Verbert et al.| [2013)) are used for represent-

ing relationships between sets;

e elastic lists (Stefaner et al.}[2008)), parallel coordinates
[1985)), data meadows (EImqvist et al.,2008), etc.

for multi-dimensional da

ely accepted and has been ex-
hnique taxonomies that consider in-

ng, dls%on linking and brushing,

etc., as well as task taXonomie, alization interfaces such
as overview, Zoow.! filter, degfauls-
2002

-demand, relate, history and
extract

).
@le, weely on these taxonomies to analyze the
ization and in 1on techniques that are used for inter-

This taxonomy has
tended with interacti
teractive filtering,

od ith rec ender systems.
3. Int, Qe recommender framework

opose a tight integration of visualization and recom-
atlon techniques to enable end users to interact with rec-
mender systems and to create a feedback loop. The frame-
Work shown in Figure [T|explains such an integrated visual rec-
ommendation process and the feedback loop that incorporates
user feedback and input. The user data node refers to user rat-
ings, browsing / search history, etc., which is used as a basis for
calculating personalized recommendations. Contextual recom-
mender systems incorporate contextual information for gener-
ating recommendations tailored to the current needs of the user,
such as location, current activity or interest of the user. Such
information is denoted by the context node. The recommender
engine node gets the information from the user data node and
the context node to calculate the data for the medium node and
the recommendations node. The medium node represents data
inferred from user data and context data by recommender en-
gine: a list of users that are similar to the active user is a typical
example of such data. In this particular example, this data is
used in a next step by a collaborative filtering recommender en-
gine to generate recommendations based on interests of these
like-minded users. By visualizing these similar users, the user
is provided with insight of the reasoning behind the recommen-
dations. These recommendations are represented with the rec-
ommendations node.

The recommendation process is illustrated by the arrows in
Figure[T] The straight arrows indicate the data flow while the
revolving arrows refer to user interactions with data elements
of the different nodes. For instance, the revolving arrow of



!# Recommender engine

Figure 1: Interactive recommender framework

the user data and context nodes represent interaction of end
users with a visualization that represents user data and context
data, respectively. The revolving arrow of the recommendations
node represents interaction of end users with a visual represen-
tation of recommendations. Likewise, the revolving arrow of
the medium node represents interaction of end users with a vi-
sualization of medium data, such as a list of like-minded users.
User feedback through the four nodes is transmitted to the rec-
ommender engine through the straight arrows pointing towards
the recommender engine node. Then the engine recalculates
and transmits the revised data to the medium and recommenda-
tions nodes to visualize.

From the user perspective, the recommender engine node is
hidden whereas the other four nodes are visualized. The visu-
alization represents the whole process of recommendations and
involves user interaction to get user feedback. Figure [2] repre-

sents the user mental model (Norman|, 2002)) of our framework. \‘\,6 sic.

The straight arrows represent automatic data calculations a
transformations between nodes, whereas the revolving arr
indicate user interaction as explained above.

Note that the active user who interacts with the reco, &er
system is important in this process. She may intgr; th any
node in the model presented in Figure 2] As we

ee, som
systems represent the active user explicitly r@ visualizatio@

to help the end user interpret her relatio th the di‘%ﬂ

nodes. )
AN A

Figure 2: User mental model of interactive recommender systems

Existing interactive recommender systems focus on interac-
tive visualization of different parts of this model. Some systems
focus on visualization of just one node, whereas other systems
cover multiple nodes and focus specifically on visualizing re-
lationships between the different nodes. The major objective
of these visualizations is to address limitations of current rec-
ommender systems. More specifically, the use of interactive
visualizations is researched to achieve the following objectives:

e Transparency deals with the “black-box’ nature of current
recommender systems by explaining the inner logic of the

system to end users (Sinha and Swearingen| 2002; [Vig and|
2009). For example, visual representations of the
neighborhood structure and interests of like-minded users
can convey information about interests of peers
[son et al.} 2010} [Klerkx and Duval,[2009) and help users to
identify how and whether interests of users in their neigh-
borhood match their own interests or needs
2008). User understanding of the reasoning behind
a recommendation may help to increase confidence in that
recommendation (Herlocker et al., 2000} [Abdul-Rahman|

and Hailes, 2000).

o Similar to transparency, justification helps users under-
stand why they get certain recommendations, but it may
not relate to the inner logic of the recommendation tech-
niques , 2009; [Tintarev and Masthoff]
2011). That is, if the only describes why the user
gets the recommen(a and does not describe how the

recommendatig; lected or how the system works, then

it only justifi reco ations (Tintarev and Mas-|

zon.com explains why the
i mentioning ‘we recommend

thes the products you recently pur-
c (2013)) justifies the recommen-
n by map D the deSCI‘lptIOH of user preferences to

aphlc S I8, such as a guitar representing rock mu-
roaches explain recommendations, but do

not @ e insight into the recommendation techniques

sed. In some circumstances, justification may be

preferred than transparency. For example, the rec-

mendation technique may be too complex to describe

or designers intend to keep the inner logic hidden (Vig and

[Riedl, 2009} Tintarev and Masthoff, 2011} [Herlocker et al.|
2000).

o Controllability strengthens user involvement by incorpo-
rating input and feedback from the end user into the rec-
ommendation process. User control can occur at any step
of the recommendation process, such as providing ratings,
adjusting preference data, and revising or exploring rec-
ommendations. As an example, TasteWeights
allows users to fine-tune the weights on
different parameters to customize recommendations.

Understanding the relationship between the input and out-
put of the system can enable the user to meaningfully re-
vise input parameters and thus improve recommendations
(Swearingen and Sinhal [200T). It is useful to compensate
for deficiencies in recommendation algorithms and allows
users to tailor recommendations to their rapid changing
preferences. The intent of proper user control is to increase
recommendations accuracy by incorpo-
rating user input and feedback. In general, previous work
shows a positive relationship between user satisfaction and
user control (Parra and Brusilovskyl, [2015).

o Diversity refers to providing recommendations with a rel-
atively large coverage of the recommendation space

and Pu| [201T). For instance, it is important to recommend



items that the user would prefer, but that are different from
those which she has already purchased or experienced. Re-
lated work shows that recommendations should maintain a
certain level of diversity, even if it sacrifices overall accu-
racy 2012). However, this research also shows
that predicted diversity is not directly correlated with per-
ceived diversity, so there is a need to leverage visualization
design to enhance the perceived diversity in recommenda-
tions. For example, [Hu and Pu| (2011)) show that visual-
izing recommendations in categories rather than a list en-
hances user perception of the recommendation diversity
and has a positive effect on acceptance of recommenda-
tions.

e When a new item or a new user joins a recommender sys-
tem, the system has no prior knowledge about it, i.e., no
item-feature data, no ratings, no preference information.
The inability to make recommendation to new comers is
called the cold start problem (Schein et all [2002). This
problem can be alleviated by algorithmic approaches, for
instance by clustering particular items or users
[2012). Also conversational recommendation inter-
faces (Felfernig and Gulal 2006) have been introduced that
elicit user preferences in a way that reduces perceived ef-
forts of users. In this article, we focus on interactive vi-
sualization techniques to tackle this challenge. An ex-
ample is a visual overview of popular content to enab
new users to locate their interests in a straightforward W

(Zhao et al.} 2010).

e Acquiring contextual information and inco oraeg it into
recommendation processes in a flexible an manner
has gained increased interest over the p ecades T
goal is to tailor recommendations to t&frent n cn‘

the user. Among various contexghal data, emaqtion 1

de-

] 013
g impact on
‘%nents in recom-
Bthers because es-
timation of such variables in an matic way is difficult.
In this article, we focus again on solutions that use visu-

alization techniques to capture user input and the role that
these visualizations play in recommender systems.

4. Survey of interactive recommender systems

In this section, we present a survey of existing interactive
recommender systems. The systems are clustered by the objec-
tives that we defined in the previous section, but some systems
may address more than one objective.

This list is by no means exhaustive, but it presents neverthe-
less a broad range of interesting work in this area. We analyze
the commonalities and differences of these visual interfaces in
the next section.

4.1. Transparency

In total, we surveyed a set of 24 systems that introduce inter-
active visualizations on top of recommender systems. Eleven
out of these 24 systems focus on the use of visualization to sup-
port transparency. Several systems explain the process of col-
laborative filtering. Figure 3] shows the main interface of Peer-
Chooser (O’Donovan et all), 2008) for explaining user-based
collaborative filtering. Among others, the interface highlights
similar users around the active user. The degree of similarity is
indicated through their distance to the active user.
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Figure 4: SmallWorlds arranges nodes and connections
between nodes in five layers: the active user, user profile items, similar users,
recommendations, remaining friends. Line connections, size and distance be-
tween nodes indicate their relationship. [used with permission]

Similar to PeerChooser, SmallWorlds (Gretarsson et al.|
visualizes the inner logic of collaborative filtering recom-
mendations. Five columns are represented: the active user, user
profile items, similar friends, recommendations and remaining
friends. Information such as item weights and friend similarity
are represented by the position and size of the nodes (Figure[d).




TasteWeights (Bostandjiev et al., 2012) generates recommen-
dations with multiple techniques and data sources. The sys-

tem interconnects user ratings, calculated user preferences, and
recommendations to explain the provenance of recommended
items (Figure [B). LinkedVis (Bostandjiev et al] [2013) and
[Schaffer et al| (2015) use the same visualization approach as
TasteWeights, but in a different context and with different data
sources.
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Figure 5: TasteWeights (Bostandjiev et al.l2012) represents the process of rec-

ommendation in three connected layers and enables the user at the same time
to fine-tune each node. [used with permission]

Graph embeddings (Vlachos and Svonaval [2012) and TIG
(Bruns et al, [2015) visualize a collection of similar item:
pivot item. Similar to PeerChooser and SmallWorlds, the a

their

node-link diagram and distance between nodes to ind@e
similarity. Color cues are used to cluster items o ame type
in Graph embeddings (Figure[6). TIGRS represeqts recomme
dations and links to related keywords that r% the usex 1 ki
est as a basis to explain the recommengded items (Figure !\
A A 6 ;

n

options and filters|

=

Search for movies

-

Trailer

Similar Movies;

Main Interface

Figure 6: Graph embeddings (Vlachos and Svonaval uses a node-link
diagram to visualize similar movies to a pivot movie. Color is used to cluster
the same type of movie. Users can input the pivot movie as well as modify the
number of clusters and filter items by rating or year using sliders. [used with
permission]

TalkExplorer (Verbert et al) 2013) and SetFusion
2014) visualize relationships between recommendations

and multiple recommendation techniques. In TalkExplorer
(Figure[8)), recommendations of multiple recommendation tech-

Filter Control:

Keyword

Minimal Relevance interdisciplinary research

Keyword Relevance

Hae

Publication Network

Visualization as.an Approach

for Interdisciplinary Innovation
M:

interdisciplinary innovation manage - ment

-SGIENTIFIG-GOOPERATI (..) knowle
\

isualizes recommended items and re-
and uses filter controls and threshold
mendations. [used with permission]

Figure 7: TIGRS
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e@fed as a@s, uch as a tag-based agent and
sed”agent that a tag-based and content-based

q .respectively. Users can browse and

ons of these agents, and explore rela-

marks of other users and tags to find rele-
tem uses a cluster map visualization.

niques are r

items.

Set QFigure uses a Venn diagram to examine and fil-
ter itemsfg€commended by multiple techniques. The interface is
S &d into three parts: the importance of each technique is

esented in the top left corner, the Venn diagram in the bot-
m left corner represents relationships between the recommen-
dations and the techniques, and the recommendation list on the
right side represents the details of the recommendations. Color
cues are used to connect the three parts. For instance, the color
cues next to an item in the recommendation list are consistent
with the colors of the recommendation techniques. Similar to
TasteWeigths and LinkedVis, the approach enables users to un-
derstand the inner logic of a hybrid recommender system. That
is, a user can see which items are recommended by which rec-
ommendation techniques and the importance or weights of each
of the techniques in the recommendation process.

Different from previous visualizations, PARIS
visualizes user characteristics of the user profile (person-
ality traits, age and gender) and the recommendation process,
i.e. which information is used and in which order to gener-
ate recommendations (left part of Figure [I0). Finally, SFViz
(Social Friends Visualization) uses a Radial
Space-Filling (RSF) technique to visualize a so-
cial network hierarchically. Figure [IT(a) shows an example:
the top 10 recommended friends are represented with colors
from red to yellow (highly relevant to less relevant). With edge
bundling in Figure [TT[b), the rationale of recommendations is
provided by showing how the user is connected to the recom-
mended user. In this example, the active user and the recom-
mended user have shared friends in the “hip hop” category.
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Figure 8: TalkExplorer uses a cluster map to visualize re-
lations between recommender agents (content-based agent and tag-based agent
in the example) and bookmarks of users. Users can explore which items (rep-
resented by the yellow bubbles) are recommended by which agents and can
examine relationships. For instance, the set of items that is labeled with num-
ber 1 represents items that are recommended by both agents. The set of items
labeled with number 2 represents items that are recommended by the tag-based
agent and are also bookmarked by user “L Aroyo”. [used with permission]
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Figure 9: SetFusion (Parra et al} [2014) visualizes rel st amon

mended items and multlple recommendatlon tec mq 1th a Venn
and color cues. These color cues are used to the different,
of a hybrid recommender and are used to th eCommendati sults to

the techniques that produced these recommengations. [use@h ‘mission]

4.2. Justification

Justification also helps ;e user t gstand why she gets

certain recommendations, but dlfferent from transparency this
explanation may not relate to the inner logic of the recommen-
dation process.

Seven systems out of the 24 systems that we surveyed are de-
signed to support justification. Tagsplanation explains the rec-
ommendations by interrelating two key components: tag rele-
vance (the degree to which a tag describes an item) and tag pref-
erence (the user’s sentiment towards the tag) (Figure@). Movi-
Explain provides justification by presenting movie features that
the user likes in a table, as illustrated in Figure@ [The reason
is] indicates the user preferred feature, [because you rated] in-
dicates the rating history of the user. Many other text-based ap-
proaches to support justification have been surveyed in|Tintarev]
[and Masthoff| (201T).

Four systems justify recommendations by visualizing user
profile data. [Bakalov et al.| (2013) represent these interests in
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1oned into slices, where each zone represents key-
a certain interest degree, from interesting (center)
$ erestlng (Figure [T4), and each slice (in between black
es) represents keywords of a specific type. Similar zones are
used by work of [Kangasriasio et al.| (2015)) that is presented in
Figure [I5] System U (Badenes et al., [2014) represents person-

ality traits using a Sunburst technique to give insight into these
variables of the user profile. Bogdanov et al.| (2013)) maps user
preferences to a set of graphical symbols as a means to jus-
tify recommendations. Figure [I6] shows an example: both the
turntable and the blue short hair represent user preferences for
electronic and danceable music.

Finally, MusiCube (Saito and Ttoh, [201T) integrates user data
and recommendations into a single view, illustrated in Figure
[T7} The system visualizes the distribution of positive (pink) and
negative (blue) ratings of the user in the feature space through a
scatter plot. Recommended items (yellow dots) are represented
in the same scatter plot. The spatial relationship of rated and
recommended items facilitates visual perception of their simi-
larity.

Flgure 1

Zones

4.3. Controllability

Fourteen systems out of the 24 systems that we surveyed sup-
port user control. Eleven systems allow user intervention into
the recommendation process. The remaining three systems sup-
port user exploration that enables users to navigate through the
information space as a means to find other relevant items.

PeerChooser is an example of the first category and enables
the user to move a certain genre node closer to the represen-
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Figure 12: Tagsplanation justifies recommendations by
representing the relationship between tag relevance (the degree to which a tag
describes an item) and tag preference (the user’s sentiment towards the tag).
[used with permission]

tation of the active user to increase its weight in calculating
recommendations. Similar interactions are supported by Small-
Worlds and are illustrated in Figure[d In work of
(2013) and [Kangasriasio et al.| (2015), the user can adjust her
profile by dragging a keyword over the circular layout to change
its interest level.

TasteWeights, LinkedVis, [Schaffer et al.| (2015)), SetFusion

and TIGRS allow user intervention by using sliders to adjust the

0

\
$°

Our Justified Recommendations

[Movie id] [Movie Poster] [Movie title] [The reason is] [because you rated]
176 Aliens (1986) Cameron, James (I) 4 movies with this feature
930 Chain Reaction Freeman, Morgan (1) 3 movies with this feature

(1996)

Figure 13: MoviExplain (Symeonidis et al.| 2009) justifies the recommenda-
tions in a table that represents relationships between the rating history of the

user and a feature of the recommended item. [used with permission]
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Figure 15: An Intent Radar (Kangasraasio et all [2015) represents the user in-

terest level of each keyword by its distance to the center and allows the user to
adjust the position of the keywords. [used with permission]

weights of parameters so as to change their importance in the
recommendation process. These systems support fine-tuning
the weights of the ratings and preferences of the user. As pre-
sented in Figure [5] users can control these aspects in the rec-
ommendation process, i.e. adjusting the weight of an item will
update the weights of connected items in interrelated layers.
The approach enables users to get real-time feedback and gain
insight into how their actions affect the output. TIGRS allows
the user to control the recommendations by setting a minimum
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TalkExplorer, presented in Figure [8] enables users to explore
and combine multiple recommendation techniques, users and
tags. These entities can be added to the visualization as a basis
to support exploration.

4.4. Diversity

To the best of our knowledge, only one system focuses on
visualizing diversity of recommendations. The Diversity Donut
(Wong et al} 201T) is an interactive recommender system that
allows a user to control the level of opinion diversity by shrink-
ing the donut to see responses from like-minded users, or ex-
panding the donut to see responses from users who differ in
opinion. The approach is illustrated in Figure [I8] and enables
users to adjust the coverage of recommendations.
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Figure 16: Musical avatar (Bogdanov et al|[2013) justifies reccommendations by 4 Fi Q The Diwonm (Wong et al} [2011) visualizes item diversity
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sualizes pos pink) and neg-
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between these recommended @nd her pr v'@ fated items. [used with

permission]

threshold of relevance for each keyword, illustrated in the left
part of Figure[7]

PARIS allows the user to adjust her profile with input con-
trols such as drop-down lists and check lists, illustrated in the
right part of Figure MusiCube allows user intervention by
enabling the user to rate more items to refine the recommenda-
tions directly in the visualization - i.e. by selecting a yellow dot
that represents a recommended item.

Three systems support exploration of the recommendation
space to find other relevant items. Graph embeddings allows
users to input a pivot item as a basis to find other relevant items.
Users can also modify the number of displayed clusters and
filter items by ratings and publication year, illustrated in Figure
[6l Similarly, in SFViz the user can specify a category of interest.

ance to the center is used to represent the degree of
similar items closer to the center. [used with permission]

ilarity, V@l

Id start
5 I &
° v hree systems out of the 24 systems that we surveyed ex-
.’O.‘o &plore ways to alleviate the cold start problem. Pharos (Zhao|
°

addresses the cold start problem by providing an
overview of popular communities on a website. Figure [I9]

shows an example of this social map visualization. A commu-
nity is identified by a set of people (blue) and content (green).
The size of the text indicates their importance. Inactive items
are represented in gray. Novice users can interact with this vi-
sualization to locate their interests.
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Figure 19: Pharos recommends popular sets of items for
novice users by clustering similar content (green) and people (blue) into com-
munities. The position close to the center and size of the community indicates
the popularity. [used with permission]



MrTaggy (Kammerer et al.,[2009) and [Loepp et al|(2014) ac-

tivate recommendations through dialog with the user and filter
them in an iterative manner. In a first step, MrTaggy uses user
selected or inputted keywords. The system then recommends
related keywords and allows the user to specify the relevance
of these related keywords with upward and downward arrows,
as illustrated in the left part of Figure 20} The system also uses
such controls to elicit user feedback on the relevance of rec-
ommendations. [Loepp et al.| (2014) elicits user preferences by
asking the user to choose iteratively between two sets of sam-
ple items that represent low and high values of a certain factor,
respectively (Figure 21). Each interaction step contributes to a
more precise positioning of the user in the feature space.
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Figure 20: MrTaggy (Kammerer et al}[2009) recommends tags on the %;

of the interface and shows recommendations on the right part. Th
enables user control of the relevancy of both tags and recommenda
upward and downward arrows. [used with permission]
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Figure 21: [Coepp et al| (2014) allows the user to choose iteratively between
two sets of sample items that represent low and high values of a certain factor
respectively to elicit user preferences [used with permission].

4.6. Context

Two systems out of the 24 systems that we surveyed focus
on using interactive visualizations to incorporate contextual in-
formation, and more specifically emotions of the user, into the
recommendation process. As described above, emotional cri-
teria are key in decision making and play an important role in
recent research on recommender systems.

10

Figure 22: CoFeel (Chen and Pu} [2014) represents emotions with different col-
ors on a plate. [used with permission]

1. Social space

1.a Group members
1.b Members” emotions

Album cover image of the song
is used as background image.

2. Individual space

2.a Personal emotions
2.b Music controller
2.¢ Music progress bar

2.d Emotion annotator

Figure 23 mpatheticons (Chen et al}[2014)) uses deformations of user profile

p1c show emotions. Its implementation allows the user to view emotion

@ k of other users and control her own feedback. [used with permission]

CoFeel (Chen and Pu,[2014) and Empatheticons (Chen et al |

2014) focus on explicit emotional input and feedback visual-

izations in group recommender systems and are illustrated in
Figure 22] and Figure 23] CoFeel is designed as an emotional
plate based on a Geneva Emotion Wheel [2005). It
uses the plate-hole-ball metaphor to elicit user input, i.e. users
can select the emotion by placing the ball on a certain emotion.
Empatheticons are a set of animated icons to represent differ-
ent emotions. For example, the animation of the emotion joyful
utilizes the metaphor “leaving the ground and up in the air”.
CoFeel and Empatheticons are both incorporated into a group
music recommender system as emotional input and visualiza-
tion methods. Users can provide feedback to a recommended
item through these interfaces and see emotional feedback of
other users.

5. Analysis

In this section, we analyze the systems presented in the pre-
vious section. We present an analysis along the dimensions of
our framework presented in Section[3] The analysis results are
again clustered by the main objectives of the systems. In addi-
tion, we analyze the visualization techniques and recommenda-
tion algorithms that are used, and evaluation results that assess
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Empatheticons (Figure 23)
Graph embeddings (Figure 6)
Kangasriisio et al. (Figure 15)
LinkedVis

Loepp et al. (Figure 21)
MoviExplain (Figure 13)
MrTaggy (Figure 20)
MusiCube (Figure 17)
PARIS (Figure 10)
PeerChooser (Figure 3)
Pharos (Figure 19)

Schaffer et al.

SetFusion (Figure 9)

SFViz (Figure 11)
SmallWorlds (Figure 4)

++ |+
++ |+

System U
Tagsplanation (Figure 12)
TalkExplorer (Figure 8)

TasteWeights (Figure 5) +

TIGRS (Figure 7)

Table 1: Analysis of interactive recommender systems
the impact on the recommendation process. An o@ew of the
analysis is shown in Table[T] and Table 2] tables 1nclu

Th
references to the figures of the different vis»&lons \x
$> 0
5.1.1. Transparency

Transparency is support systems r survey. Fig-
ure 24] represents which f our frmvg)rk are visualized
by the surveyed systemﬁxplain 1 logic of a recom-
mender system. PARIS visualizes the m€dium node and uses a
sequence graph to show which data of the user profile is used
in different steps of the recommendation process.

Five systems visualize the relationship between the medium
and the recommendations. For instance, PeerChooser shows re-
lations between recommendations and similar users (medium)
as a means to explain collaborative filtering results.

In addition to visualizing the relationship between the
medium and recommendations, five systems represent relation-
ships with user data. SmallWorlds represents for instance re-
lationships between user preferences (user data), similar users
(medium) and recommendations through line connections.

5.1. Objectives

5.1.2. Justification
Seven systems of our survey support justification through vi-
sualizations. The systems also explain recommendations, but

11

SmallWorlds, LinkedVis, Schaffer et al., TasteWeights, Graph embeddings
PeerChooser, TIGRS, TalkExplorer, SetFusion,
SFViz

Figure 24: Systems visualize transparency in different ways. PARIS focuses
on visualizing the medium node. Five visualizations also depict the relation

with recommendations. Five systems visualize relationships among user data,
medium and recommendations.

ner logic of the underlying
give the user insight into the

xplain recommendations, as illus-
trated in Figure [25{Bogdanov etal. (2013) for instance justify
recommendatio ¥ i h

by #epresenging the user profile with avatars.
Although us e valueg=age fepresented to the user, the sys-
tem doesAot eXplain how information is used to generate

reeom ions. PA an example that does provide such

the rec dation process: i.e. the system also
ow this Hnatlon is used and in which order as a ba-

do not provide insight int
algorithm. Four visuali
medium node as a basi

x suppo& st justification, but also transparency of the
Q’ler logi

0‘)

gs justify recommendations by representing the
between a recommendation and the value of a
? attribute of the medium node. Tagsplanation for in-
ce represents tags and the user sentiment towards that tag
edium) to explain recommendations. In addition, MusiCube
presents the relation with user data to justify recommendations.
The approach enables users to see correlations between their
ratings and recommendations.

Tw
relatlons

e T
MusiCube (" Tagsplanation, MoviExplain

System U
Bogdanov et al.
Bakalov et al.

Kangasrddsio et al.

\.
Figure 25: Four systems justify recommendations by representing the medium
node. Two systems also present relations with recommendations. MusiCube

depicts the relationships among the three nodes: user ratings, music features
and recommendations.

5.1.3. Controllability

Fourteen systems of our survey support user control to enable
the user to intervene in the recommendation process as a basis
to improve recommendations or to explore the recommendation
space, as illustrated in Figure 26]
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Figure 27: Diversity is supported by one system which focuses on visualizing
the recommendations node.

approach on user data: the system enables user selection be-
tween two sets of different items to incrementally build the user
profile. MrTaggy uses this approach on medium data. The sys-

Figure 26: Three systems focus on control over user data. Seven systems rep- tem first suggests related keywords (medium) to a user selected
resent medium data and one system focuses. on filtering the recommendatlons‘ or inputted keyword. These r ed keywords are then used to
PeerChooser allows control over both medium and recommendations. Three P d

systems enable user control over the three nodes. narrow down recommen

Three system of our survey focus on input (Vlachos and

Svonaval 2012} [Saito and Ttohl, [201T) or adjustment
2015) of user data. These systems use visualization tech-

-
“ MrTaggy Pharos
niques to elicit additional or adjusted user input such as ratings - y
in a straightforward way as a basis to improve recommenda-
tions. Graph embeddings also focuses on interactive visualiza- V N
tions of the output (recommendations) as a basis to refine the o @ 28: Three w alleviate the cold start problem in a different way.

recommendation list. \‘\.
di

Seven systems enable user control over the medium no

For example, PARIS and [Bakalov et al.| (2013)) enable the L? 5.1.6. oxt

to adjust her user profile. .In. PARIS, the user proﬁle rep Systems of our survey involve contextual information
user personality characteristics of the user model infegged Tfom . . A
() recommendation process. As illustrated in Figure 29]
user data of Facebook. In work of |Bakalov et al, . :
: th systems focus on the input level of contextual informa-

043), the
user profile represents keywords the user is inte ed in dex 6 . . . S

) . .o & tion. CoFeel for instance uses an emotion plate with different
rived from queried publications. The user c&a@ust these us

fle val . dati Ch ) colors to represent different emotions. The visualization of such
profrie values t.O !mprove recommen atlgns. N contextual information is used to elicit input and feedback from
visualizes relationships to recomme 10BS. Users

- o . end users in an intuitive way.
the position of similar users to up recommendations.
Three systems involve the us

in A1 three s@s f the rec-
ommendation process. For ff§tanee, SmallWgrldS enables the - ﬂ- ﬂ-
user to adjust the positi egences (user data),

j{st

similar user items (medi ded items to refine }
recommendations. &

CoFeel
5.1.4. Diversity Empatheticons

The Diversity Donut visualizes the different levels of recom-
mendation diversity. The system uses a circular layout to de-
pict the diversity level of each recommended item through its
distance to the center, illustrated in Figure

Figure 29: Two systems focus on the input and feedback of contextual infor-
mation.

5.1.5. Cold start 5.2. Visualization techniques

In our collection, the cold start problem is addressed in two Visualization techniques that are adopted by the systems that
ways. The first approach, gsed by Pharos, recommepds the  we have surveyed can be categorized in seven clusters, as illus-
most popular content to novice users and hence visualizes the  {11¢ed in the middle part of Table[T}

contents of the recommendation node, as illustrated in Figure

1. Seven systems use node-link diagrams to represent rela-
The second approach uses a drill down technique in an itera- tionships. The nodes represent user data, medium con-
tive manner to elicit user interests. [Loepp et al.| (2014)) use this tent and/or recommendations, and are often clustered into

12



layers. Then, line connections are used to connect items
in the user data, medium and recommendations to explain
the provenance of recommended items and to enable user
control. Multiple connected layers are represented in a cir-
cular way (PeerChooser) or with columns (SmallWorlds,
LinkedVis, TasteWeights).

2. Set-based visualizations, used by four systems, gather sim-
ilar items into sets, which facilitates explanation of their
commonalities. Compared to line connections in node-
link diagrams, TalkExplorer and SetFusion represent rec-
ommended items into sets using a cluster map visualiza-
tion and a Venn Diagram, respectively, to decrease the vi-
sual complexity of explanations. Pharos represents pop-
ular communities of users and content in clusters to help
users locate their interests. [Loepp et al.[(2014) allows the
user to choose from a set of similar items rather than a
single item to identify her interests.

3. Radial visualizations are used by six systems. SFViz uses
a Radial Space-Filling technique to represent a social net-
work, where nested circles indicate parent-child relation-
ships. The approach is less intuitive than traditional node-
link diagrams, but can scale more easily to large networks.
Similarly, System U adopts a Sunburst technique to vi-
sualize hierarchical personality data. The other systems
use a radial visualization to represent different levels of
a particular variable. These variables can be user inter—
ests (Bakalov et al., [2013} Kangasrdisio et al., 2015),

versity (Wong et al., 2011)), or emotions (Chen and Bﬁ?

2013)). Bakalov et al.|(2013])) for instance use the ap
to represent user interests by keywords, with t e
words that are of higher interest closer to t

. Tables are used by two systems. Both M0v1 plam a
Tagsplanation use the approach to rep, relatlorwhl
between recommendations and variableSwhat explai %%
recommendations.

5. MusiCube uses a scatter pl@;a represe
users and recommendation ored do pproach
enables users to identi lations en recommen-

dations and their rq@. Q
6. Three systems use icons. ons uses animated

icons to represent dlfferent emot: Bogdanov et al.
(2013) map descriptions of user preferences to graphic
symbols to give a user insight into her profile data.
MrTaggy uses icons to enable users to indicate the rele-
vance of recommended items and tags.

7. Finally, PARIS uses a flow chart to indicate which infor-
mation of the user profile is used in which order to generate
recommendations.

ings of

Overall, most interactive recommender systems use visual-
izations to represent relationships among data elements. Node-
link diagrams (7) are most often used. Other representations for
relationship data include set-based visualizations (4), radial vi-
sualizations (6), flow charts (1) and tables (2). MusiCube uses
an interesting scatter plot approach to enable users to find cor-
relations between ratings and recommendations. The other sys-
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tems use icons to represent relevant information. We discuss
these techniques in Section[6.3]

5.3. Recommendation algorithms

Collaborative filtering (CF) is used by ten out of 24 systems.
There are two main approaches:

1. Four systems, PeerChooser, SmallWorlds, LinkedVis and
the work of |Schaffer et al.| (2015)), support transparency of
the CF algorithm and all use node-link diagrams that visu-
alize among others similar users to explain the rationale of
the CF algorithm. SmallWorlds also visualizes dissimilar
friends to increase translgcy and to support user con-
trol.

2. The remaining si
to visualize use,
SFViz visuali

s use different representations
, medium data or recommendations.
ilar use‘ﬁ:ith a Radial Space-Filling.

Tagsplan resents r’s sentiment towards rel-
evant ta &'table ersity Donut represents rec-
datfons of C hnique in a radial view.

%ems se Qent—based recommendations. There are
ain appn@-l

1 Fou %s visualize relationships among recommenda-
raph embeddings for instance represents similar-
itypOn a 2D canvas: distance is used to represent the level
similarity. This visualization is used to enable users to
ﬁnd other relevant items that are suggested by a content-
based recommender system. MoviExplain uses both CF
and content-based techniques: its interface describes the
content features and connections to user rated items to jus-
tify recommendations.

2. Five systems represent (parts of) the user profile that is
built by a content-based recommendation technique. [Bog-
danov et al.| (2013) for instance use icons to represent
preferences of the user profile. Bakalov et al. and Kan-
gasriisio et al. represent user interest on a concentric lay-
out. System U and PARIS represent among others person-
ality traits of the user profile.

3. Finally, TIGRS visualizes the important keywords to each
recommended document through a node-link diagram.

Three systems are implemented with hybrid recommendation
techniques. Their visualizations facilitate identifying which
technique is used to generate recommendations, or which com-
binations of techniques, and users can control the importance
of these techniques to tailor recommendations. TasteWeights
for instance leverages among others content-based and collab-
orative techniques and visualizes user preferences from these
perspectives in groups. Finally, CoFeel and Emphateticons im-
plement a group recommender system and focus on visualizing
emotions of group members as a basis to tailor recommenda-
tions.



Approaches

Comparison with baseline

without recommendations
Comparison with baseline without
user control or visual explanation
Comparing different visualizations
Comparing different
recommender algorithms

Asking users to explore freely

Effectiveness
Engagement

Efficiency

+

Bakalov et al. (Figure 14)
Bogdanov et al. (Figure 16)
CoFeel (Figure 22)

Diversity Donut (Figure 18)
Empatheticons (Figure 23)
Kangasradsio et al. (Figure 15)
LinkedVis

Loepp et al. (Figure 21)
MoviExplain (Figure 13)
MrTaggy (Figure 20)
MusiCube (Figure 17)

PARIS (Figure 10)
PeerChooser (Figure 3)
Pharos (Figure 19)

Schaffer et al.

SetFusion (Figure 9)
SmallWorlds (Figure 4)
Tagsplanation (Figure 12)
TalkExplorer (Figure 8)
TasteWeights (Figure 5) +

+

TIGRS (Figure 7)

Metrics

+ | Satisfaction

Data collection methods Results

+ | Usability

+ | Usefulness
Recommendation accuracy test
Task performance analysis
User behavior

+ | Questionnaire
Interview
Think-aloud
Increase of acceptance
Better task performance
Increase of efficiency
Increase of engagement
Increase of satisfaction
Increase of trust
Positive usefulness /
usability feedback

+ | Trust
+

+
-
+

g
+
4L

+

+/-

+-

/- |+

+ |+

5.4. Evaluation
To the best of our knowledge,
evaluated yet. SFViz exempli i
by use cases.
Of interest for this an e the ZIﬁ@mng systems that
have been evaluated Wi&l@r studiex e are four main ap-

proaches, as presented in Table [2}

\ Y

t been
ramework

stems
V1suahz

1. Thirteen systems have been evaluated by a comparison
with baseline data. Such baseline data includes data gen-
erated by a system without recommendations (5) and data
of a system without interaction controls or visual feedback
(8).

. Five systems have been evaluated by comparing the use
of different visualizations to support the objectives of the
system.

. Four systems have been evaluated by comparing the use of
different recommendation algorithms.

. Four systems have been evaluated by asking users to ex-
plore the system. In these evaluations, all interactions of
users are typically logged and analyzed to gain insight into
how the system is used and what the effect is on improving
recommendations.

“'

TabléEvaluations of @ive recommender systems
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These evaluations focus on different evaluation criteria. Ef-
fectiveness has been evaluated for 17 out of 21 systems. Effec-
tiveness measures whether the interface has an effect on the ac-
ceptance of recommendations or task performance. Seven sys-
tems assessed the increase of recommendation accuracy with
visual explanation or user control through user ratings or auto-
matic accuracy tests. Four systems evaluated the acceptance of
recommendations with user subjective feedback. Six systems
have assessed impact on task performance.

Whereas generally evaluations show positive results, [Loepp
et al.| (2014) found that manual exploration of movies fits user
interests better than interactive recommendations when the user
has a specific focus in mind. The authors of PeerChooser
found that with user control and dynamic feedback user tends
to over-tweak the graph which makes the results over-fitted to
specific items. Two studies indicate that there is an inconsis-
tency between recommendation accuracy and perceived accu-
racy. TasteWeights shows that despite the fact that Wikipedia
outperforms Facebook in accuracy, subjects trust recommenda-
tions from Facebook more than from Wikipedia. |Schaffer et al.
(2015) show that users may overvalue their profile updates as
perceived accuracy was much higher than the actual accuracy



after user adjustment. plore relationships that help them find useful recommendations

Six systems have assessed the effect on task performance by (Verbert et al, 2014). A similar comparison of the usefulness
measuring the quality or productivity of task results. Results of different visualization techniques has been performed by the
of MrTaggy and Pharos indicate an increase of task quality for ~ authors of SmallWorlds. Results indicate that the tree layout
novice users. Results of SetFusion and TalkExplorer indicate an works better than the concentric layout, as the layer boundaries
increase of productivity with transparency and controllability. are more clear. We elaborate on research opportunities to ad-
Kangasriisio et al.|(2015) show better performance for focused dress these issues in the next section.
search only, not broad search. For MusiCube the user sample
may be too small to draw strong conclusions.

Efficiency and engagement have been evaluated for two and
four systems, respectively. Efficiency and engagement com-
pare the time as well as the productivity of performing tasks
under different settings. The evaluation of Pharos shows that ) e ‘
the system can help users to quickly understand the system and quite a few sys.tems. But other objecgves are ?tlu under-
to more efficiently locate their interests compared to a baseline exploreel, 1nclud.1ng cold etart Problems, 1ncorporaF10n of con-
system. User studies of SetFusion show that users are able to textual information and dlvve recommendations. Some
find and bookmark recommended items in a more efficient way. other objectives such as (Herlocker et al;, [2004) and
The authors also show that there is an increase of user engage- serendipity (Herlocker,éN 2004), to the best of our knowl-
ment with the system. User studies of MrTaggy show a similar edge, have not' bee @d exp'hcltly yet with Vlsua!lzatlons.
better user engagement: users spent more time working with Similar to incre d1ver51%f' recommendations, nov-
the system compared to a baseline system, and had better task elty and seren of recow tions f(?m,ls on suggesting
results and better understanding of an unfamiliar domain. The “non- obv10us& Ommen(Q‘n - A serendipitous recommen-

6. Challenges

6.1. Objectives

Controllability and transparency have been researched in

authors of CoFeel and Empatheticons evaluated user engage- dation helpg the user figd g rprls.mgly Interesting 1.tem that
ment with subjective feedback from questionnaires and inter- she m ave di d etherwme. Recommendations that
ar ipitous ar deﬁnltlon also novel (Herlocker et al.,

views. Results indicate that both systems enhance awareness
and user engagement.

Satisfaction and trust have been evaluated by six syste
through questionnaires. In general, evaluations focusing
these aspects do indicate some improvement, although th tems. ‘}
sample is not always big enough to show the signiﬁcance % gh the factors have been studied to some extent by
uation results of Bakalov et al (2013) and PARIS re ing extensions of collaborative filtering techniques (Sar-

between user control and trustworthiness: the a Q0TS 1nd1cate “kj et E,ll ’ 2001)’, the combination Of. v1sue hzat} on and recom-
that full control over the user profile is not su nt o0 establi mendation techniques as presented in this article can play a
a good level of trust between the user and stem a key role to deliver these “non-obvious” recommendations to the

have privacy concerns. Enabling useps to control 1c user and to support exploration and discovery. An interesting
the system can use and for which a may o hese approach hes been Presented at CHI .2012. (Thudt et al., [2012)
privacy concerns. Results of uger¥tudies of lndlcate that uses v1suahz'f1t10n. to increase diversity of search resu}ts.
that trust is strongly related tQ.ot valuat1 1cs such as The authors use Vlsuahzat.lo.n to offer patl.lways through dlgltal
accuracy. boole COlleCt.IOIlS by providing mult}ple interactive everv1ews
Ssessed ess by question- 3 visual guides through the collection and by offering many

User studies of 15 sy ; . . . . .
naires or interviews. Elc¥en systef, cvaluated usability by possible adjacencies that can act as visual signposts suggesting
post-questionnaires (8), the think aloud tethod (2) or observing alternative exploration routes. Similar support for variety of

user behavior (1). User studies reveal that visual explanation is visual .p.'«,}thways and thelr. ﬂeX}b111ty that can serve to enhance
useful to help users understand how they get the recommenda- se.rendlplty., novelty and leGI’S.lty of recommendations and con-
tions (O’Donovan et al., 2008} Bostandjiev et al.| [2013; [Zhao stitutes an interesting further line of research.

et al., [2010). In addition, the systems help users to learn more

about the underlying data such as similar friends (Gretarsson] ~ 0-2- Controllability

et al., 2010; Bostandjiev et al., |2012) and relations of recom- Controllability of recommendations has been researched ex-
mendations (Parra et al., [2014; |Verbert et al., 2013). Bakalov tensively over the past decade. Several interesting systems have
et al.|(2013) argues that the integration of the visualization into ~ been surveyed in this article that enable the user to intervene

.ZW These f Paffect user satisfaction (Tintarev and Mas-
m‘ff 20115 P\:ﬁll 2012} [Konstan and Riedl, 2012)) and can
lay an i 4nt role in improving current recommender sys-

a recommender system can improve not only its attractiveness, in the recommendation process. Such intervention enables end
but also the perceived usability. users to provide input and feedback and is crucial to support the
Whereas user feedback is positive in all cases, some usabil- development of a next generation of recommender systems that

ity issues have been identified. Results of the user studies with can be steered by end users. Such a mixed-initiative approach
TalkExplorer indicate that a cluster map is difficult to use by  is also promising to address other issues of recommender sys-
non-technical users. A comparison with the Venn diagram ap- tems, such as their deployment in high-risk application domains
proach of SetFusion indicated that users are more likely to ex- like health-care and financing (McSherryl, 2005).
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An interesting further line of research is adapting support for
user control to different user needs. Previous research shows
that the relation between satisfaction and user control is affected
by the knowledge level of the user (Knijnenburg et al., 2011a)
and her interests (Hijikata et al.l 2012). Current interfaces to
support user control are static - i.e. they do not tailor the inter-
face to these user characteristics. This puts forwards a new topic
on interactive recommender systems that can be adapted to dif-
ferent user characteristics and that can support various levels of
control in a flexible way. To support such adaptivity, models
and techniques that have been used extensively in the adaptive
hypermedia research area can be applied (Frias-Martinez et al.,
2000). Integrating such approaches with current interactive rec-
ommender systems to support adaptive visualization support is
promising to advance the current state of the art.

6.3. Context-aware recommendation

Contextual information can be acquired in a number of ways,
including explicitly from the user or automatically with sensors.
The systems surveyed in this paper use an explicit way to elicit
contextual information, and more specifically the current emo-
tion of the user. Visualization techniques are used to enable in-
tuitive acquisition of such variables and to support awareness of
such emotional variables in group recommender systems (Chen
and Pul, 2013} |Chen et al.,[2014)).

As emotions play a crucial role in decision making (Picard

et al., 2004), elaborating this research is of particular intereig own s

formation about user emotions in an automatic way with

In recent years, advancements have been made to acquir
able sensors. Our analysis (Reinenbergh et al.| 2015 ;

icdtes

that physiological signals can be used in a sucNfgl way to
detect different emotions - including happy, ar, dlsgu
and surprise emotions. [Khezri et al.| (2015 ) lood

pulse, heart rate and skin conductanceato me sure | %
tions. [Kim et al] (2003)) introduce &sure 100
pressure, blood volume pulse, skin%on uctan kln tem-
perature to detect happy, sa d and e emotions.

Whereas both works are ve estmg, mos the studies so
far are conducted in lab@ (OuwefKegk#2011). In our on-
going work, we are using the empaticME4Wristband (Garbarino
et al., 2014) to work with these variables in ambient settings.
The empatica includes in addition to sensors for detecting blood
volume pulse, heart rate variability, skin conductance and skin
temperature an accelerometer that can be used to detect whether
the user is moving. The approach is promising to start testing
whether emotions can be measured in ambient settings, but will
no doubt still require input from the user.

Thus, a mixed-initiative approach that enables the user to re-
vise automatically acquired contextual information can again
be an interesting future research direction. We are currently
researching a combination of that relies on the empatica for au-
tomatic detection of emotions and visualization techniques that
support awareness and control by end users, for instance to re-
vise detected variables. The overall objective is to research the
development of a next generation of recommender systems that
can incorporate emotions into the recommendation process.

6.4. Privacy

From a privacy perspective, it is better to let users control
whether or not to disclose some piece of information to certain
applications and for what purpose (Knijnenburg et al. [2010;
Bakalov et al.| 2013)). Bakalov et al.| (2013 shows that privacy
concerns are correlated to trust in the system. Explanation in-
terfaces can be an effective method to increase user trust in the
system and thereby willingness to disclose personal informa-
tion (Pu et al.l [2012). Research also shows that initial privacy
concerns can be overcome when users perceive an improve-
ment of their experience after providing feedback (Knijnenburg
et al.} 2010). Moreover, privacy concerns reduce once users are
highly involved in the system (Spiekermann et al., 2001)). Thus,
research on user control and explanation interfaces could focus
on creating a positive feedbac%p that engages users as a ba-

sis to increase user trust. ition to this positive feedback
loop, enabling users to which data can be taken into ac-
count for which pu is a promising research direction for
interactive recom systemgsas elaborated in Section[6.2}

6.5. Wsualiz%%chniqr,é\

Existi eractive%mmender systems that we surveyed
use node-hink dlagr%'v t-based visualizations, radial views,
tables,¥scatter (ﬁ. charts and icons. Although the tech-
b/ s have own to work well, there is a need to assess
ich tec %{; work better in which settings. Results of our
ith TalkExplorer indicate that the set-based clus-
ter map teehnique is too difficult for a non-technical audience.
A Warison with a traditional Venn diagram indicates that
a technique is much more suitable for a general audience
Verbert etal.,2014). A similar comparison of the usefulness of
different visualization techniques has been performed by the au-
thors of SmallWorlds (Gretarsson et al.l|2010), indicating that a
tree layout works better than the concentric layout. More gen-
erally, there is a need to evaluate which techniques work best
under which conditions. Node-link diagrams may for instance
work well when the data set is not very large, but they often suf-
fer from visual clutter with there are too many links. Icons may
be misleading sometimes (Bogdanov et al., [2013)). The rich
body of research presented in this paper may serve as a starting
point to research design principles and guide researchers in the
selection of visualization and interaction techniques. Evalua-
tion of these techniques in different applications and with dif-
ferent end users is key to elaborate design guidelines for a wide
audience.

In addition, similar to support for adapting user control as
presented in Section [6.2} an interesting future line of research
may be adapting visualizations to different user characteristics.
More advanced users may benefit from a more complex visu-
alization that is more powerful to gain insight into and interact
with recommendation processes. end users with no knowledge
of recommender systems and visualization techniques may pre-
fer simple and potentially less advanced visualizations. Provid-
ing support for adapting visualizations to the knowledge level
and interest of the user is an interesting next step for research
in this area.
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6.6. Interaction techniques Results of this analysis indicate that most existing work fo-
cuses on transparency and controllability of the recommenda-
tion process. By using visualization techniques, user under-
standing of the rationale of recommender systems can be sup-
ported. Results indicate that such insight can improve accep-
tance of recommendations. Also supporting user control has
an impact on the accuracy of recommendations. Quite a few
approaches have been elaborated and shown to perform better
compared to a baseline system. Our survey of these approaches
in this paper collects many interesting visualization ideas and
can guide researchers and practitioners in selecting suitable vi-
sualization techniques to support transparency and user control.
In addition, the different evaluation approaches that we ana-

The works of Song et al.| (2013) and Han et al.| (2014) show  1y;ed may guide these researchers and practitioners to design
that user interactions available in multitouch devices can be good user studies and to assess how well these techniques work
leveraged to increase the accuracy of search and information in a different context.

filtering. Such research opens new opportunities for tailoring Although many interest stems have been elaborated in
interactive visualizations of recommender systems and flexible this research field, th still many challenges that need to

The work surveyed in this article refers to visualizations de-
veloped for desktop or laptop computers, where traditionally
the mouse and keyboard are the way the user interacts with
the interface. There is an increasing usage of smartphones,
tablets, tabletops and surfaces: in 2014, 64% of Americans
owned smartphones and 42% a tablet (Pew Research Center,
2014). These multitouch devices have special types of interac-
tions such as tap, drag and pinch that are not available in most
desktop or laptop devices. An interesting future line of research
is adapting recommender interfaces to different devices, display
and interactive technologies.

interactions for use on these devices. be tackled. Flrst objectiyes such as alleviation of the
cold-start proble r51ty, and serendipity of recom-

6.7. Evaluation methodology mendations ar under- . Second, there is a need to
adapt the ev control he visualization technique that

Finally, there is a need to work with a common evaluation g used t erent usr tharacteristics, as advanced visualiza-
framework that can be used to compare evaluation results of the tlons e too C for a wide audience. Third, there is
different systems. Results of our survey indicate that different comp re aitt contrast the different techniques with a
evaluation methods have been used to assess the impact of visu- 0 on ev framework and to elaborate design guide-
alizations on the recommendation process, ranging from co visualizations that we have analyzed in this
parisons with baseline data to questionnaires that collect sur% paper }Qs an interesting starting point with many ideas,

jective feedback about perceived usefulness and usability.
ticularly the latter approach needs to be standardized i ble for different users and settings would be helpful to
to galn mSIght into the relative benefits of different a?ac (N new researchers and practltloners We hope that these
and their drawbacks. Such frameworks do exist. frame- eas can help to further shape exciting and relevant research

work was presented by [McNee et al.| (2006). Rp eYal (2011‘ on interactive recommender systems.
have also presented a promising general us I‘lC eva %

framework that aims at measuring the al ity"of reco,
items, the usability, usefulness, inte 1nter ct ality Acknowledgements
of the system, satisfaction with t stems, api influence
of these qualities on user intentiopsy Knl]ner]b@ al|(2011b)

but ela te design guidelines that indicate which techniques

Katrien Verbert is a postdoctoral fellow of the Research

have preseptedaframewor .SS sgbjecfiNystem aspects, Foundation Flanders (FWO). Denis Parra was supported by
user experience, mterac@ situati and personal char- FONDECYT Grant 11150783
acteristics. Uptake of suchAramew uld enable to com-

pare among the different techniques and systems and is vital
for this research field. The approach would enable to compare
and contrast the different approaches that have been presented

in this paper and prOVIde a basis for general demgn guldehnes Abdul-Rahman, A., Hailes, S., 2000. Supporting trust in virtual communities.
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