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ABSTRACT
In our daily life, we need to sift through various options which
often results in choice overload. Recommender systems help to
overcome this problem by suggesting potentially relevant items to
the users. Explaining the relevancy of these items to users has be-
come an increasingly important goal. In recent years, a large body
of research has shown that explanations are an effective means
for supporting decision-making processes. However, still little is
known on how to best implement these explanations and how these
explanations are perceived. In addition, it is unclear how this per-
ception is affected by the product domain or by users’ personal
characteristics. To fill these research gaps, we conducted an online
user study (N=291) with different design mock-ups that represent
explanations of feature-based recommendations in various recom-
mendation scenarios in two product domains (music and camera)
and using different recommendation techniques (content, collabora-
tive, and hybrid). We conducted in each domain a between-subject
study with a baseline without explanations and one of the three
designs explaining the feature-based recommendations. The study
offers empirical evidence on how the perception of feature-based
explanations in various recommendation scenarios are moderated
by both the product domains and personal characteristics of the
user, in particular need for cognition.

CCS CONCEPTS
• Human-centered computing → User studies; User interface
design; Visualization design and evaluation methods; • Information
systems → Personalization; Recommender systems.
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1 INTRODUCTION
The increase of available digital content is improving the chances of
finding relevant products which match user preferences and needs,
but also introduces a problem of choice overload [27]. To help users
overcome this choice overload, recommender systems (RS) such
as Netflix, Spotify, Waze, Amazon and Facebook have shown to
be helpful and accurate in predicting items that the user might be
interested in.

However, the effectiveness of these systems can further be im-
proved from a user perspective, as these systems are sometimes
difficult to understand by the user due to their “black box” nature
[10, 15]. In this regard, explanations of RS have emerged to be one
of the potential solutions to increase the system effectiveness.

More importantly in this context, deciding how to implement
these explanations is still difficult [28]. Furthermore, it is still an
open question which factors could influence the overall user’s per-
ception of the system in the presence of explanations [11, 17].

Although several studies have investigated the effect of expla-
nations, to the best of our knowledge little is known about the (1)
effect of explanations on the user’s perception for different RS ap-
proaches, (2) effect of personal characteristics in terms of decision
styles on the perception of different RS approaches, and (3) whether
these findings vary in different domains [11, 13, 17].

In this paper, we exploited feature-based data to provide rec-
ommendations and explanations for different RS approaches in
two different domains and presented these in mock-up designs.
We conducted an online user study that investigates the impact of
the above mentioned three factors on the assessment of a recom-
mender system. In a within subject design, we compared a baseline
without explanations with interfaces explaining three different RS
approaches. To investigate the effect of personal characteristics,
we analyzed the moderating effect of need for cognition on the
perception of the system in both domains. To research whether the
results are generalizable across domains, we implemented these
interfaces in two domains with a different failure cost and evalua-
tion style: music and digital cameras. The rationale behind these
domains is that for a low-risk, experimental domain, such as music,
recommender systems have proven to be successful. For high-risk
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domains with objective features, such as digital cameras, they often
have not yet been successful [11, 32].

Based on the open challenges mentioned above, we addressed
the following two research questions:

RQ1: Is the overall decision support, choice satisfaction, and
perceived recommendation quality dependent on the varying ex-
planations of different RS approaches?

RQ2: Is the overall decision support, choice satisfaction, and
perceived recommendation quality with varying explanations of
different RS approaches, moderated by the individual’s need for
cognition? And is this moderating effect dependent on the domain?

The results of our study offer empirical evidence on how decision
support (DS), choice satisfaction (CS) and the moderating effect of
need for cognition (NFC) are affected by the domains, i.e. music
and digital cameras.

2 RELATEDWORK
2.1 Explanations in RS
There is an increasing awareness that recommendation effective-
ness goes beyond increasing accuracy metrics [10, 30]. Several
researchers and practitioners started to use other user-centred met-
rics such as user satisfaction, diversity and trust to evaluate a RS
[30].

In addition, explanations have received more attention, as ex-
plaining the rationale behind the recommendation process can
increase the acceptance and trust in the system or help to persuade
users to follow the recommendation [11].

To explain the rationale to the user, explanations should make
clear how the system generated the recommendation. Although
there are multiple approaches possible to generate recommenda-
tions, we focus on explaining three of the most popular approaches,
i.e. content-based, collaborative filtering and the combination of
these two (hybrid) [4, 25].

To explain a content-based RS, the system needs to make clear
to the user that the recommended items are relevant to the user’s
feature-based profile. A prominent example of content-based expla-
nations is Tagsplanations, which explainsmovies based on preferred
tags [34]. In our work, the user profile was assumed to be composed
of the preferred feature values, with relevance weights for each
feature provided by the user [6, 10].

Explaining a RS using collaborative filtering is more challenging
as the system needs to justify why users are similar to the active
user, as recommendations are generated from similar users’ item
preferences. An example of such explanations can be found in the
PeerChooser system [22]. In this paper, the active user’s feature-
based profile is used to explain the similarity with other users in
terms of item features.

A hybrid system combines multiple approaches, which makes it
probably the most complex to explain to the user. A possible solu-
tion to explain this approach is to exploit the available information
visually, as done in TasteWeights [1]. This interface visualizes why
certain music is recommended by a hybrid RS, and also enables
users to control the weight of various parameters in the recom-
mendation process. Our hybrid approach combines a collaborative

filtering and a content-based approach, by using a feature-based
similarity metric which incorporates preferred feature values and
the weight of these features [4].

2.2 Effect of personal characteristics on the
perception of RS

In recent work, it has been shown that the level and type of infor-
mation users want to see in a system is generally considered depen-
dent on user’s personal characteristics [3]. However, only a limited
amount of research investigates, for example, the effect of providing
different interfaces for different types of users [9, 12, 13, 18, 20]. In
the few studies that did research the effect of personal characteris-
tics on the perception of RS, it was shown that NFC is positively
correlated with decision making behavior and that it moderates the
user’s perception of a RS [18, 33].

In this paper, we investigated the impact of different levels of
explanations on the user’s perception of the system with people
with different NFC, where NFC is a measure of the tendency for an
individual to engage in, and enjoy effortful cognitive activities [5].

2.3 Effect of product domains on the
perception of RS

Tintarev et al. [32] suggested that the perception of a RS could
be influenced by the product domain and they classified domains
based on two characteristics: failure cost (cheap vs expensive) and
evaluation style (objective vs experimental).

In that regard, they recommend to evaluate a RS in four different
domains with the different combinations of characteristics to check
whether the results are domain independent or not. In this work, to
evaluate our research questions, we considered two domains that
differ in regard of two characteristics: the music domain (cheap and
experimental) and the camera domain (expensive and objective).

Nevertheless, the effect of different domains on the perception
of a RS is only researched to a limited extent.

A work presented by Tintarev et al. [31] evaluated a RS in two
domains with a different failure cost, and evaluated the RS in terms
of perceived helpfulness. The result of their study showed that
users’ perception of the system in terms of perceived helpfulness
was lower for high failure cost domains compared to low failure
domains.

In a more recent work [16], the researchers investigated the
differences between domains on the overall assessment of the RS
before and after experiencing the recommended item(s). The results
indicated that the overall assessment of the RS highly depends on
domain as well as type and amount of information provided for the
recommendations.

2.4 Effect of non-personalized
recommendations on the perception of RS

To evaluate the users’ perception of a RS, it is not always needed
to give them personalized recommendations. As indicated by [21],
if participants believe that the recommendations are coming from
a different system, they will react differently. In their study, users
were provided with different variants of the system using different
recommendation approaches, where in each system the same list
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of recommendations were provided. The result of the experiment
showed that user’s perception of the system was different for differ-
ent approaches, even though in each system users were provided
with the same list of items.

Evenmore, there are some studies showing that some users could
benefit from non-personalized recommendations [8, 13, 35]. The
study of Knijnenburg et al. [13] researched whether all users are
more satisfied with a hybrid RS or whether they preferred a non-
personalized recommendations. The result showed that most users
liked the hybrid recommendations, but the novice users and maxi-
mizers seemed to benefit from the non-personalized recommenda-
tions showing only the most popular items. The study presented
by Wakeling et al. [35] compared the impact of non-personalized
recommendations on the user’s performance, search behavior, and
system perception in two different application domains. The re-
sult of the study revealed that the presence of non-personalized
recommendations improved resource discovery, search efficiency
and perceived usability. A similar study of [8] compared seven
different variants of the system including the non-personalized
baseline system, and measured the user’ perceived quality of each
system, focusing on accuracy, novelty, and overall user’s satisfac-
tion. The result of the study showed that simple non-personalized
recommendations are well perceived by users in terms of perceived
accuracy and overall satisfaction. Benefits in terms of increased
sales of non-personalized recommendations have also been shown
in the e-commerce application domain [23].

Similar to the above mentioned approaches, we also used a static
list of recommendations and present this list in various recommen-
dation scenarios to measure the user’s perception of the system.

In contrast to the discussed papers that focus either on different
explanations, effects of personal characteristics or effects of dif-
ferent domains, in our study, we combine all of these factors, and
measure the impact of different feature-based explanations on the
overall user’s perception of the system, and investigated whether
the results vary in different domains or for users with different
need for cognition.

3 VISUAL DESIGN
To investigate our research questions, we followed a similar ap-
proach as Ochi et al. [21] and we developed interfaces that were not
connected to a real recommender system and provided a static list
of items as recommendations. We designed four different interfaces
for music as well as the digital cameras domain, each interface rep-
resenting a different explanation style in terms of recommendation
approach. Each recommended item in the interfaces is presented
by six different features. In the music domain, similar to the work
of [18], these features were selected from the set of audio features
of Spotify, based on their popularity (acousticness1, danceability 2,
energy3, popularity, tempo and valence4) [19]. In the camera do-
main, six common features that are self explanatory, were selected
i.e., resolution, continuous shooting, touchscreen, WLAN, camera
weight, and battery life.

1not having electrical amplification
2how suitable a track is for dancing
3a perceptual measure of intensity and activity
4the musical positiveness conveyed by a track

To enable the comparison between the two domains, the designs
were kept uniform between the domains, with only differences in
the presented items and their features.

In each domain, a baseline design without explanations was
prepared to be compared with three designs that provided expla-
nations for recommendations as they would be generated through
content-based filtering (CB), collaborative filtering (CF), and a hy-
brid technique (HB), by exploiting feature-based data. Each design
allowed the user to expand further details of a selected item by
clicking on a button. The type and level of information provided in
the detailed view depends on the interface and is explained below.

Baseline. In the baseline interface, a detailed view of the selected
item is shown (see part a of Figure 1). It provides an image of the
item on the left side, a list with the different feature values in the
middle and a textual description without any additional explanation
on the right.

Figure 1: Baseline design: Part a shows the details of the
currently selected product. Part b shows other recommen-
dations.

Content-based (CB). To explain a RS that uses a content-based
approach, we designed an interface following the guidelines stated
by Ribeiro et al. [24]. As mentioned in Section 2.1, to explain this
approach, the user needs to be presented with their feature-based
profile and the similarity of the recommended items with this pro-
file [6, 25]. In our content-based design, the initial window of the
interface is similar to the baseline, but the detailed view of the
recommended item as shown in part a of Figure 1 is replaced by
Figure 2. The user profile is presented in Figure 2, which shows
the user’s preferred values of the features with a blue box (Part b)
along with the importance of each feature in terms of a 5-point
Likert scale (Part a). To show the similarity between the profile
of the active user and the recommended item, the features of the
current item are indicated with a black line in Part b of Figure 2.

Collaborative filtering (CF). To create a design that explains the
recommendations in terms of the collaborative filtering approach, a
feature-based similarity metric was exploited to show the similarity
of other users with the active user’s feature profile. As shown in
Part b of Figure 3, for each feature, we show the distribution of
preference values of similar users, the preference values of the
active user (blue box), and the feature value of the recommended
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Figure 2: Explanations in the content design: Part a shows
the weighting of the features. Part b shows the preferable
feature value range of the active user (box) and the value of
the current item (line).

item (black line). To explain why the item is recommended, we
further show the ratings of this item given by similar users as
shown in Part a of Figure 3.

Figure 3: Explanations in the collaborative design of mu-
sic: Part a shows the ratings of similar users. Part b shows
the distribution of preferred values of similar users together
with your preferred feature values and the value of the cur-
rent item.

Hybrid (HB). The third variant of the design explains a RS that
combines a content-based approach with collaborative filtering.
The hybrid approach is similar to collaborative filtering as it rec-
ommends items that similar users liked in the past. Additionally, it
also takes into account the importance of each feature for the active
user. As such, the visualization of hybrid and collaborative filtering
are very similar. The difference between these two interfaces is that
for each feature, there is also a 5-point Likert scale to indicate the
importance of that feature for the current user as shown in Figure
4 instead of part b in Figure 3.

Figure 4: Explanation in the hybrid music design.

4 EXPERIMENTAL DESIGN
4.1 Hypotheses
We conducted a user study to investigate the impact of different
types of explanations, product domains, and user’s need for cog-
nition, on the overall user’s perception of the system. In line with
our research questions, we formulated the following hypotheses:

(1) The user’s decision support (DS), choice satisfaction (CS),
and perceived recommendation quality (PRQ) is dependent
on the different types of feature-based explanations.

(2) The user’s overall DS, CS, and PRQ with varying levels of
feature-based explanations is moderated by the user’s need
for cognition (NFC), dependent on the product domain.

4.2 Study procedure
To test our hypotheses, we conducted an online user study in which
users were randomly assigned to one of the two domains i.e., music
or digital cameras. To reduce the effect of individual variance, the
users evaluated baseline with either CB, CF or HB design variants in
a counter-balanced manner [7]. The three designs i.e., CB, CF or HB
were randomly assigned to participants in a between-subject design.
In each interface, the user was given the task to pick a relevant
song or camera based on the given preferred features. They had
as much time as they needed to explore the recommended items
and to choose one. Once they decided, they evaluated the interface
in terms of DS, CS and PRQ, using a five point likert scale (from
disagree to agree), and were presented with another design in which
they had to repeat the same task.

4.3 Participants
For the online study, a total of 481 participants were recruited. The
majority of the participants were recruited from Amazon Mechani-
cal Turk and were rewarded with $1 as an incentive to complete
the study which took 15 to 20 minutes. The other participants were
recruited through the university online survey platforms and were
rewarded with a half hour credit.
After excluding incomplete responses and outliers, 291 participants
(113 females) (Age: M=31.17, SD= 7.50, range 17-62 years) were con-
sidered in the analysis. The invalid users were determined based
on the time they spent on baseline as well as on the other design
variants (CB, CF, HB) and were dependent on the domain. The
distribution of the valid participants for both domains is shown in
Table 1.

4.4 Measurements
Moderating variables. Before users were presented with the dif-
ferent designs to evaluate, they were asked to provide demographic
information and to fill in 18 questions to measure their Need for
Cognition (NFC), using the questionnaire by [5]. The NFC was used
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Table 1: Distribution of participants between designs for
each domain.

Content Collaborative Hybrid

Digital Camera 47 53 44
Music 48 50 49

in our study as a moderating variable (Mean=3.17, Median=3.05,
Std.Deviation=0.605) and to test our second hypothesis. AKolmogorov-
Smirnov test on both domains indicates that both domains have a
similar NFC distribution D(291) = 0.055, p = 0.977.

Dependent variables. The impact of different explanation ap-
proaches on user’s perception of the system is measured, in terms
of decision support (DS), choice satisfaction (CS), and perceived
recommendation quality (PRQ).

Decision support. One of the major goals of RS is to support
users in their decision-making processes [2, 25]. A possible way
to support users in their decisions is by providing explanations of
recommendations to help users understand the rationale behind
the recommendations.

However, the way in which the explanatory information sup-
ports users in their decisions is usually not evaluated in RS, which
could be measured in terms of several factors i.e, appropriateness
and sufficiency of information. For this purpose, we used some
questions to measure the impact of explanations on user’s decision
support, similar to [26] (Cronbach’s alpha=.64). These questions are
as follows5:

(1) The information provided for the recommended items was
easy to understand.

(2) The information was helpful for deciding which item(s) to
select.

(3) The amount of information provided for each recommended
item was just right.

(4) I would like to see more information for the recommended
items.*

(5) I would like to see less information for the recommended
items.*

(6) The type of information helped me to make my decision.
(7) The information provided helped me to decide quickly.
(8) Overall, I found it difficult to decide which items(s) to select.*
Choice satisfaction. To measure if the domain, the type and

amount of information influences how satisfied the users are with
their choice, we used three questions from the framework of Knij-
nenburg et al. to measure the choice satisfaction (CS) [14]. These
questions are as follows:

(1) I think I chose the best item from the options.
(2) I would recommend the chosen item to others.
(3) I am satisfied with the item I have chosen.
Perceived recommendation quality. Even if the recommendation

quality was the same for all designs, we wanted to measure if the
users also perceived it in that way as they see different types and

5Questions with a * are reverse scored

Table 2: Significant differences with the baseline

Domain Design DV Diff of Means SD p t

Digital
Cameras

Content DS -0.16 0.46 .021 2.38
Content CS -0.23 0.63 .015 2.52
Collaborative PRQ -0.2 0.71 .045 2.05

Music Collaborative DS 0.17 0.48 .013 -2.58

amount of information. We used three questions from Knijnenburg
et al. [14] to measure the perceived recommendation quality (PRQ)
and are as follows:

(1) The shown items fitted my preferences.
(2) Overall, the shown items were well-chosen.
(3) Overall, the system showed me too many bad items*.

5 RESULTS
5.1 Comparison with the baseline

General. Users were presented with the baseline design as well
as one of the three designs for content-based (CB), collaborative fil-
tering (CF), and hybrid (HB) recommendations in a within-subject
study using a randomized order. Before we investigated the per-
ception of each design in comparison with the baseline design, we
tested for the order effect of the baseline with the CB, CF, and
HB, with MANOVA (α = 0.05) in both domains, but there was no
significant order effect. This shows that the order of the baseline
and the other design does not impact the user’s perception of the
system, and therefore, we did not consider the order of designs in
our further analysis.

Comparing the domains. We further investigated the users’ per-
ception of the designs in comparison with the baseline, in both
the digital cameras and music domain. To reduce the personal bias
effect, we took a difference of the mean scores of CB, CF, and HB
with the baseline, and compared the designs in terms of DS, CS,
and PRQ. The result can be seen in Figure 5a and 5b, where the
positive value indicates that the CB,CF or HB design scored better
than the baseline for the respective dependent variable. We ran
multiple paired sample t-tests for each domain separately to see
for which dependent variables the differences are significant. The
significant results are listed in Table 2 and show that in the digi-
tal cameras domain, the baseline design significantly performed
better than content design in terms of DS and CS. For PRQ, the
performance of baseline design was significantly better than the
collaborative design. In the music domain, the collaborative design
was significantly better than the baseline in terms of DS.

5.2 Testing Hypothesis 1
In our first hypothesis, we wanted to verify if the perception of
a RS is dependent on different types of explanations. To test this,
we used MANOVA on the difference in the mean scores of CB,
CF, HB, with the baseline 6. The results revealed statistically in-
significant difference for the digital cameras F (6, 278) = 1.53, p =
0.16;Wilk ′s λ = 0.93,η2 = 0.03. and music domain F (6, 284) =

6It has been shown in [29] that parametric test like MANOVA can be used for the
ordinal data types. In this and all other analysis, an alpha value of 0.05 is used.
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(a) Comparison of the performance for digital camera domain (b) Comparison of the performance for music domain

Figure 5: Comparison of the performance of the baseline design with content, collaborative, and hybrid designs for Digital
Camera and Music domain (* indicating the significant difference, where the positive value indicates that the CB,CF, or HB
designs scored better than the baseline design)

1.18, p = 0.31;Wilk ′s λ = 0.95,η2 = 0.02, for aggregated depen-
dent variables. This shows that user’s perception of DS, CS, and
PRQ is not dependent on varying types of feature-based explana-
tions in terms of CB, CF, and HB styles in both digital cameras as
well as in the music domain.

Comparing the domains. To further compare the means of DV
between domains, we applied an independent t-test and we found 3
significant results, shown in Table 3. For DS, we see that the content
and the collaborative design are performing significantly better in
the music domain than in the camera domain. For CS, we see that
the content design is performing significantly better in the music
domain than in the camera domain.

Table 3: Significant differences between product domains in
terms of DS, CS, and PRQ

Condition Domain Mean SD t p

Decision
Support

Content Digital Camera -.16 .46 -1.98 .050Music .04 .54

Collaborative Digital Camera -.02 .55 -1.99 .049Music .17 .55
Choice
Satisfaction Content Digital Camera -.23 .63 -3.1 .002Music .12 .45

5.3 Testing Hypothesis 2
In our second hypothesis, we wanted to verify if the perception of
a RS is moderated by the user’s NFC. In order to test the second
hypothesis, we used MANOVA to seek the moderating effect of
NFC. We hypothesized that the moderating effect of NFC could
be dependent on product domains. Therefore, we conducted the
analysis on both domains separately.

Digital Cameras domain. The result of multivariate test for the
digital cameras domain revealed no significant interaction effect
between the different feature-based explanations (CB, CF, HB) and
NFC, F (84, 189) = 0.92, p = 0.65;Wilk ′s λ = 0.35,η2 = 0.29. This
indicates that the NFC does not moderate the relationship between
the designs (CB,CF, HB) and the user’s perception of the system in
terms of DS, CS, and PRQ.

Music domain. In contrast to the digital cameras domain, there
was a significant interaction effect between different feature-based
explanations (CB, CF, HB) andNFC in themusic domain F (99, 198) =
1.49, p = 0.009;Wilk ′s λ = 0.18,η2 = 0.42.

This interaction effect indicates that the NFC moderates the
relationship between CB, CF, HB and dependent variables in the
music domain as can be seen in Figure 6.

To investigate which relationship between design and DV was
significantly influenced by the NFC, we looked at the between-
subjects effects and found that DS (p=0.002) and CS (p=0.022) were
significant. This shows that DS and CS were responsible for the
overall significant interaction effect of NFC.

The insignificant interaction effect in the digital cameras domain
and the significant interaction effect in the music domain indicate
that NFC moderates the relationship between our different feature-
based explanations (CB, CF, HB) and dependent variables, but the
moderation is dependent on the product domain, thus validating
Hypothesis 2.

5.4 Analyzing the moderating effect in music
domain

Nature of the moderating effect in music domain. The results of
the MANOVA analysis in section 5.4, shows that NFC moderates
the relationship between feature-based explanations in terms of
CB, CF, HB styles and DV for the music domain. However, it does
not explain the trend of the moderating effect, i.e., how low and
high NFC values moderate the relationship between feature-based
explanations (CB, CF, HB) and dependent variables in the music
domain. To investigate this pattern of results, we did a median
split on the NFC to determine the low and high NFC behavior,
and plotted line graphs for each dependent variable. For the music
domain, we can see the trend of moderating effect in terms of low
and high NFC values in figure 7. In general, the performance of the
content design for high NFC is always higher than the low NFC,
across all three dependent variables. However, different behavior
can be observed for low and high NFC in collaborative and hybrid
designs, across the three dependent variables.

Decision support. In terms of DS, the collaborative design per-
formed better than the other two designs for both high and lowNFC
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individuals. For collaborative and hybrid designs, the DS is better
for low NFC as compared to the high NFC individuals. However,
an opposite trend can be seen for the content design. Interestingly
in this context, an interaction effect can be observed between the
content and hybrid designs.

Choice satisfaction. In terms of CS, the content design performed
better than the other two designs. However, high NFC individuals
seem to have better CS for the content design than low NFC indi-
viduals. The same trend can be observed for the hybrid design too,
but for the collaborative design, no visual moderating effect can be
observed.

Perceived recommendation quality. For PRQ, we can observe some
moderating effects for all three designs, but this effect is relatively
higher for the content design than for the other two designs, where
PRQ is significantly better for individuals with high NFC than
individuals with low NFC.

6 DISCUSSION
The results of the user study showed threemain interesting findings:
(1) The insignificant difference in the user’s perception of varying
feature-based explanations in terms of DS, CS, PRQ; (2) The effect
of different domains on user’s perception of varying feature-based
explanations in terms of DS, CS, and PRQ; (3) The user’s perception
of the system in the presence of varying feature-based explanations
is moderated by the need for cognition (NFC), which is dependent
on the product domains.

6.1 Difference in varying feature-based
explanations

As discussed in Section 5.2, we analyzed the effect of varying feature-
based explanations on DS, CS and PRQ.

The results of a MANOVA test revealed that the difference be-
tween the CB, CF, and HB were insignificant for the aggregated
dependent variables (DS, CS, PRQ), which lead to rejecting our first
hypothesis. This is a contradictory result to the findings of Ochi et al.
[21] in which they showed a difference in perception between two
designs, even when the systems shows the static non-personalized
recommendations. Even though we can see some differences be-
tween the user’s perception of the baseline and the other three
interfaces (CB, CF, HB) in Figure 5 and Table 2. A possible explana-
tion for the rejection of our hypothesis 1 could be that in our case
the interfaces CB, CF and HB are too closely related to each other
to be perceived significantly different by the users.

6.2 Difference in the users’ perception of the
system between domains

As discussed before, we noticed some differences between the user’s
perception of the baseline and CB, CF and HB. From Figures 5a
and 5b and in Table 2, it is clear that these differences are different
in the music and the camera domain. In the camera domain, the
baseline is perceived slightly better in almost all cases, while in
the music domain no clear trend can be observed in terms of users’
perception of designs. We assume that the reason for this difference
can be twofold.

The first reason for this result could be that there are more novice
users in the cameras domain than in the music domain. Previous
work has already shown that novice users seem to benefit from a
non-personalized recommender with only the most popular items
[13].

The second reason for the better performance of the baseline
in the cameras domain could be the high failure-cost associated
with digital cameras, as it has already been shown that failure-cost
could impact the way users make their decisions [26]. The high
failure-cost might have forced users to think rationally and rely
more on their judgments rather than on systems with more complex
explanations which is also visible in the moderating effect of NFC,
discussed in the next section. This reason could be justified with
the study presented in [20], where the result of the study showed
that in the digital cameras domain, the rational thinkers perceive
the system independent of the level of explanations provided to
them. This results in users not relying on recommendations and
explanations for making their decisions.

6.3 Difference in the effect of need for
cognition on the domain perception

Our results further shows that the user’s perception of the system
in the presence of feature-based explanations is moderated by an
individual’s need for cognition (NFC), dependent on the product
domain. The result shows that NFC is not moderating the user’s
perception in the digital cameras domain, but is moderating in the
music domain, as shown in Figure 6. The result might again be
explained in terms of difference in evaluation style, failure-cost and
experience. The more objective nature of the features, the higher
failure-cost and the lack of experience in the digital camera domain
might have forced all users to invest more cognitive effort to make
the decision, driving them to behave like persons with a high NFC.
This assumption is supported by the moderating effect of NFC
that is present in the music domain in which users are possibly
more free to spend the amount of cognitive effort they want. This
could implicate that for novice users, making a decision with a high
failure-cost based on objective features overwrites their personal
characteristics to involve oneself more or less cognitively in a task.

The nature of the moderating effect in music domain. As shown
in Figure 7, for the content design, a similar moderating trend of
NFC can be observed across DS, CS, and PRQ. The trend shows
that the content design performed better for high NFC than for low
NFC. A possible reason could be that the content design is only
providing information about features of an item, which may be
sufficient for people with high NFC to make their decisions. This
might result in better perception of the system in terms of DS, CS,
and PRQ. Low NFC individuals are not willing to put a cognitive
effort in understanding the information, thus resulting in a lower
perception of the system.

In contrast to the content design, themoderating effect of NFC on
the collaborative and hybrid is not consistent. For DS, both designs
scored better for low NFC than for high NFC, which is the opposite
in the case of PRQ. For CS, both designs showed the opposite trend
for low and high NFC. This inconsistency in the moderating effect
of NFC for collaborative and hybrid designs could be explained by
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Figure 6: Moderating effect in digital cameras and music domain

Figure 7: Moderating effect in music domain

several potential factors, such as complexity of designs, similarity
of designs in terms of presented feature-based information, etc.

7 CONCLUSION AND FUTUREWORK
In this paper, we have investigated the impact of different feature-
based explanations on user’s perception of a RS through an exten-
sive empirical study. We found that the overall user’s perception
of the system does not depend on different feature-based expla-
nations, however, there are other factors that influence the users’
perception of the system: difference in domains and difference in
Need for Cognition. We investigated these factors to some extent,
and the result of our study showed some interesting findings.

Overall, in the digital cameras domain, users preferred a baseline
design of the system without explanations. We found an opposite
trend in the music domain, where users seem to be preferring
versions of the system with explanations.

Additionally, we found that the user’s perception of the system
is moderated by the user’s Need for Cognition in the music do-
main only. A potential candidate for explaining this difference in
moderating effect between domains could be that the more objec-
tive nature of the features, the high failure-cost and the lack of
experience in the digital cameras domain might have forced all
users to invest more cognitive effort to make the decision, driving
them to behave like persons with a high NFC. In the music domain
there are less novice users, the features are evaluated more experi-
mentally and decisions have a lower failure-cost. Thus the user’s

personal characteristics are more prominent, and still maintaining
the user’s personal impact on the overall system perception. This
could implicate that for novice users, making a decision with a high
failure-cost based on objective features overwrites their personal
characteristics to involve oneself more or less cognitively in a task.

Even though we showed the influence of product domains on
user’s overall perception of the system, we cannot verify which
domain factors have caused these differences. This might be due
to the difference in the evaluation style and failure-cost, which
characterizes the domain, but also due to several other potential
factors e.g. experience with the domain, complexity and physicality
of the product, etc. These factors needs to be explored and addressed
further in the future work. In future work, we plan to focus on
methods to implement various RS approaches, in multiple domains
to verify the results of this paper. This would also enable us to
research in more detail the way explanations should be presented
in different domains and the effect of personal characteristics on
this.
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