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ABSTRACT
We report a diary study of the explanations for the recommen-
dations to characterize the social features in these explanations
recorded by five participants over two months. The study reveals
several social explanation categories (e.g., personal opinions and
personal experiences) and their relationship with user contexts
(e.g., location, relevant experience) and recommender attributes
(e.g., integrity, expertise) illustrated in a network diagram. Specifi-
cally, personal opinions and experiences are two prominent social
explanations, mainly associated with user contexts (e.g., users’ pref-
erences and users’ experiences) and several recommender attributes
(e.g., politeness, benevolence, and experience). Finally, we discuss
several design implications for social explanations and anticipate
the value of our findings regarding designing personalized social
explanations in recommender systems that aim to build rapport
with users, such as conversational recommender systems.

CCS CONCEPTS
• Human-centered computing → User centered design; Field
studies; • Information systems→ Recommender systems.
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1 INTRODUCTION
Users’ preferences for products or any items tend to be affected
by the actions of the people surrounding them [7]. For example,
due to social trust, users are more likely to watch a new movie if
it is recommended by their friends [34]. Thus, several researchers
proposed social recommender systems that incorporate the social
network information (e.g., friendship and common interests) in
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recommendation algorithms to improve the quality and user ac-
ceptance of recommendations [11, 27, 31]. For example, replacing
rating-similarity neighborhoods with the social relationship in col-
laborative filtering could lead to better performance in taste-related
domains such as music and movie recommendations [9].

Moreover, the underlying social information of the recommenda-
tion algorithm can be used to explain the recommendations, known
as social explanations, which could improve the perceived qual-
ity of recommendations and support decision making [28]. The
existing studies have identified what types of social explanations
could be [21, 22] and how they improve the user experience of
recommender systems [10, 22]. However, little is known about how
users feel about social explanations and whether their attitudes
(e.g., good or bad) depend on other factors such as user contexts
and recommender attributes. Therefore, we might ask what user
contexts and recommender attributes are particularly associated with
different social explanations?

To fill this research vacancy, we conducted a two-month diary
study with five participants to understand their perception of the
social explanations for the recommendations they encountered in
their daily lives.We then performed a thematic analysis for the diary
data from three aspects: explanations, user contexts, and recom-
mender attributes, which are determined based on the framework
of explaining the user experience of recommender systems [15]. By
coding the explanations, we identify four categories of social ex-
planations: relation-based, third-party opinions, personal opinions,
and personal experiences. Furthermore, according to participants’
feedback, we analyzed how good or poor social explanations relate
to user contexts (e.g., location, relevant experience) and recom-
mender attributes (e.g., integrity, expertise). We think our findings
shed light on designing personalized social explanations for recom-
mendations.

2 RELATEDWORK
Social explanations could be presented visually or textually in
recommender systems. Visualizing social information behind rec-
ommendations is an effective way to improve the transparency
and explainability of social recommender systems [33]. Tsai and
Brusilovsky [33] investigated various visualizations (e.g., Venn dia-
grams, maps, radar charts) to explain social recommendations, in-
cluding interest similarity, topic similarity, co-authorship similarity,
etc. Besides, TasteWeights is an interactive visualization that shows
the links among user profiles, context, and music recommendations,
which leads to higher user satisfaction [3]. Despite the advantages
of visualizations in explaining social recommendations, visualiza-
tions need more display space than texts. Besides, interacting with
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visualization-based explanations relies on graphical user interfaces
(GUIs). In contrast, textual explanations are more adaptive to other
user interfaces, such as conversational user interfaces (CUIs). Thus,
this study focuses on text-based social explanations and explores
how user contexts and recommender attributes influence users’
feelings about these explanations.

A prior study identified four categories of textual social explana-
tions based on the content of a movie discussion data set, including
item features, third-party opinions, personal opinions, and personal
experiences [22]. Papadimitriou et al. [21] revealed explanation
styles for social recommender systems based on three essential
resources for explanations: similar users, similar items, and item
features. A previous study compared different styles of explanation
and found that socio-centric explanations were less persuasive than
content-based explanations [16]. However, Hayati et al. [10] showed
that several sociable strategies, such as personal opinions, personal
experience, and user similarity, have a significant effect on the suc-
cess of recommendations. Therefore, we are curious about what
kind of social explanation might help the user make an informed
decision on recommendations and what factors might influence
user attitude about social explanations.

Previous work indicates that human factors might affects the
user perception of recommendation and its explanations. Szyman-
ski et al. [32] investigated the effect of domain knowledge on vi-
sual, textual, and hybrid explanations. The results showed that
different expertise groups had a different understanding of visual
explanations. Besides, Kouki et al. [16] found that personality af-
fected the preference for explanation styles and the number of
explanation styles. Millecamp et al. [19] explored the impact of
various personal characteristics on user perception and interaction
in a music explainable recommender system and found that the
need for cognition influenced the user’s confidence when using
the visualization-based explanations. Moreover, the effect of expla-
nations on situation awareness was influenced by different levels
of self-reported task familiarity [26]. These studies indicate the
factors influencing user perception of explanations, which help
us determine what factors should be considered while looking at
social explanations.

3 DIARY STUDY
We chose a diary study, a method that asks participants to record
their daily activities and experience in a period of time [24, 30],
to understand user perception of social explanations they have
experienced in daily life. The method has been used in the area of
human-computer interaction, such as [6, 30, 35]. Compared with
laboratory-based approaches, diary study is recorded freely under
different actual environments, which influence users’ perception
[29]. In other words, the user experience recorded in the diary
study is closer to users’ actual experience than in laboratory-based
approaches. Moreover, as explanations of recommendations in daily
life are diverse and ephemeral, daily records in the diary study could
reduce biases by retrospect [29].

Table 1: Participants’ demographics in the diary study

Participant Gender Age range Education level

P1 F 35-44 PhD
P2 M 18-24 Bachelor
P3 F 18-24 Bachelor
P4 F 18-24 Bachelor
P5 F 18-24 Master

3.1 Participants and Procedure
Because the quality of a diary study mainly depends on the quality
of participants’ diary entries, it is more challenging to train partici-
pants compared with interviews or usability study [29]. Therefore,
we recruited five researchers (see Table 1) in recommender sys-
tems to participate in this diary study. We believe their expertise
in recommendations allows them to observe the explanations for
recommendations in their daily lives and make a high-quality de-
scription of observation and perception.

We first asked participants to record the explanations in their
daily life by the instruction below:

The purpose of this study is to record the good/bad
explanations we have seen or heard in our daily life,
for example, from your friends or other people you
know, or when you go to a store, a restaurant, a travel
agency, or any websites/apps that may provide any
service, information, or item recommendations for
assisting your decision-making. Please record the ex-
planation that has impressed you, which might be
good in terms of helping you make a more informed
decision and build a trust relationship with the recom-
mender, or bad if you have any negative feelings after
you receive such an explanation. Moreover, you may
explicitly request “recommendation” and ask “why”
in some situations you think appropriate.

Besides the explanation, participants are also asked to write
down their personal opinions, describe the scenario when receiving
the explanation, explain why they think the explanation is good or
bad, and take a screenshot of the interface of the explanation if pos-
sible (see Table 2). Each participant recorded about one explanation
every day. Two months later, we ceased the study as participants
responded that they could not find any new explanations with a
different pattern from the previously recorded explanations. Fi-
nally, we recorded 146 entries in the diary study and dropped seven
entries because of low relevance to recommendations (5), lack of
explanations (1), or not from a user perspective (1).

3.2 Analysis
Focusing on the factors that influence user perception in the diary
entries, the first author generated codes and developed a codebook
with the third author using thematic analysis [4, 25]. After that,
the first author and a research assistant coded the diary entries fol-
lowing the guidelines of qualitative research [20]. They coded the
same subset of data (15 entries) independently using the codebook,
computed the reliability of each code, discussed the inconsistencies,
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Table 2: An Example recorded in our Diary Study

Component Feedback from the participant

User P1
Date 6/17/ 2019
Explanation From a friend: “I recently watched a movie. It is the best one I have watched this year.

It is really good.”
Interface sample (if any) N/A
Tags on this explanation
(your personal opinions)

Not personalized, because this person does not know my movie preferences, but as
she gave such positive review, I am curious to watch this recommended movie.

Context/scenario (in what
conditions you get this ex-
planation)

I got this recommendation when we took lunch together. She said this movie was just
played in HK for four days, and it is really worth watching it in her opinion.

Remark (why you think it is
good or bad)

Neutral: 1. I am interested in watching this movie, but because the recommender does
not have common interests with me, I am a little hesitant whether I will like it as her. 2.
Good recommendation, but the final opinion may depend on my watching experiences.
If I do not like it, probably I will not accept this person’s movie recommendation in
the future.

and refined the codebook. The procedures were repeated on differ-
ent subsets of data until the overall interrater reliability was strong,
i.e., the average Cohen’s Kappa of all codes is greater than 0.8 1.
The Cohen’s Kappa of all codes ranges from 0.59 to 1 (Average =
0.88). Finally, the first coder followed the refined codebook to code
the remaining data set.

After coding, we filtered out 29 explanations that do not con-
tain social features represented by our defined social explanation
categories (see table 3). Eventually, we got 110 diary entries that
contain social explanations in the recording for further analysis.
We illustrate the relationship between different factors that con-
tribute to the user’s attitude towards different social explanations
in a network diagram. In the following text, we will use C and P
to respectively represent the diary entry and the participant when
quoting the participant’s diary entry.

4 RESULTS AND DISCUSSION
In the 110 diary entries, 78.18% (N=86) of them were from humans,
and 21.82% (N=24) were from systems. According to our defined
explanation categories, 7.27% (N=8) mentioned relation-based ex-
planations, 21.81% (N=24) mentioned third-party opinions, 80.00%
(N=88) mentioned personal opinions, and 40.00% (N=44) mentioned
personal experiences. Regarding the participants’ feelings, 61.82%
(N=68) recorded “good” explanations, 29.09% (N=32) recorded “bad”
explanations, and 9.09% (N=10) recorded “neutral” explanations,
which contained positive and negative feelings. The recommenda-
tions in the diary study covered various domains: including enter-
tainment (e.g., games, music, and movie), education (e.g., course,
book, and article), service (e.g., restaurant, hotel, and tourist sight),
electronics (e.g., camera, smartwatch, and software), living sup-
plies (e.g., cup, shampoo, and light), and beauty (clothes, shoes, and
makeup), etc.

10.01–0.20 as none to slight, 0.21–0.40 as minimal, 0.41– 0.59 as weak, 0.60–0.79 as
moderate, 0.80–0.90 as strong, and > 0.90 as almost perfect agreement [18].

4.1 Codebook
The codebook consists of three parts: explanations, user contexts,
and recommender attributes. We develop a classification for each
part based on the existing research definitions and our observations.

4.1.1 Explanations. Based on the social features represented in ex-
planations, we categorized social explanations into relation-based,
third-party opinions, personal opinions, and personal experiences.
Table 3 shows the definitions and examples of each explanation
category. Relation-based explanations, also known as collaborative
explanations, can bemade based on explicit or implicit relationships,
which are commonly used to build social recommender systems [12].
The opinions about the recommended items can be either from the
recommender (e.g., a human or a system) or a third party (who
has no relationship with the user), while the experiences shared in
the explanations are often based on human recommenders’ experi-
ences [22]. The relation-based explanations are based on the explicit
relationship (e.g., friends, classmates) or implicit relationship (e.g.,
sharing similar preferences). In contrast, third-party opinions are
provided by a person or an agency that has no relationship with
the user. For example, a mobile phone is recommended based on
some mobile phone experts’ opinions. During the coding, we also
identified other types of explanations in the data, but we excluded
them because they were irrelevant to social explanations.

4.1.2 User Contexts. We also identified different user context cat-
egories, which can be categorized into users’ external situations
(External), users’ internal states (Internal), and the relationship
between users and recommenders (Relation) (see Table 4).

Users’ external situations (External).The external situation/scenario
can influence the user’s attitude toward the explanation. Three par-
ticipants showed that the user’s location (nine occurrences) influ-
ences their decisions. For example, the explanation did not consider
the user’s location may make the user hesitate, “Both of my friends
live in mainland China, but I live in HK. I doubt the availability of
applet in HK.” (P5, C131). Moreover, three participants considered
the environmental condition (four occurrences), including weather
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Table 3: The classification of social explanations in the codebook

Category Description Example

Relation-based (N=8) The item is recommended or from a person
who has explicit relationship with the user
(explicit relationship)

“Read by xx friend(s)” (P2, C92)

The item is recommended based on a person
who has similar preference but no explicit re-
lationship with the user (implicit relationship)

“The following are recommended by
users of this website” (P2, C74)

Third-party opinions (N=20) The opinions are from someone who is not the
recommender and has no relationship with
user

“A customer said, the food tastes good
and I will come again” (P2, C80)

Personal opinions (N=89) The subjective opinion from the recommender,
such as feeling and evaluation

“I think it is not very sweet and has a
very good taste.”(P3, C10)

Personal experiences (N=44) Human recommenders have experienced the
item and make recommendations based on
their experiences

“When I learn a new language or a new
algorithm, I use this platform to prac-
tice” (P5, C58)

Table 4: The classification of user contexts in the codebook

Category Description Occurrences

Users’ external situations (External)
Environmental Condition The condition surrounding users, such as weather and atmosphere 4
Companion Such as being alone, with close friend 2
Time The time/schedule of the user 3
Location The location of the user 9
Users’ internal states (Internal)
Demographics The demographic information, such as gender and age 6
Personality Such as openness to experience 4
Physical The body or the feeling on the body, such as thirst and fatigue 6
Domain Knowledge The user has domain knowledge of the item 2
Relevant Experience Whether the user has relevant experience of an item which is similar

to the recommendation
15

Emotion A feeling such as happiness, anger, or sadness 2
Target Audience Seeking items for themselves or for others 3
Preference Whether the user has a strong preference 25
Relationship between users and recommenders (Relation)
Trusted Relationship The user trusted the recommender before receiving the recomemnda-

tion
10

Common Interest (human) The recommender has common interests with the user 11
Successful Experience The recommender has successfully recommended items to the user 9

and atmosphere. For example, P3 received the explanation that
the recommended fan made the recommender cold and can be
used in summer; she liked the explanation because“It is suitable
for summer seasons” (P3, C46). Another example is the atmosphere,
“Friendly and cheerful atmosphere makes it easier to accept the recom-
mendations” (P4, C5). Two participants mentioned the time (three
occurrences). For example, P2 stated, “At that time, I did not want to
learn a new skill of singing whistles because I had other places to go. ”
when the recommender said “I can teach you how to use the whistle.”
as an explanation (P2, C127). In addition, two participants consid-
ered the companion (two occurrences), including with friends and
with the child, e.g., “I intend to take my friends to that place if we

decide to have an annual meeting in Shanwei next time.” because the
explanation mentioned the friends gathering (P3, C47).

Users’ internal states (Internal). we regarded users’ physical or
psychological states in diary entries as the user’s “internal” con-
text. Four participants considered the demographic information
(six occurrences) in the decision-making process, including gender,
age, and culture. For example, when receiving an explanation that
“becoming an exquisite stylish girl instantly.”, P1 felt that “the expla-
nation is useless when the recommendation is not accurate.” (P1, C52).
The mismatched gender in the explanation directly led the partic-
ipant to determine that the recommendation was inappropriate,
although the recommended item, a makeup magazine, could be read
by the male. Another example is related to culture. When a person
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speaking Cantonese recommended a TV show and explained that
“You can learn Cantonese from it.” to P5, who cannot speak Can-
tonese, P5 stated, “My friend knows that I am learning Cantonese and
she teaches me sometimes. So her recommendation is persuasive.” (P5,
C144). Moreover, although the diary entries did not explicitly re-
flect users’ personalities, we inferred that the participants who are
open to new things might tend to accept the recommendation (four
occurrences). For instance, P1 stated, “I am curious to watch it given
his very positive comments on it.” (P1, C8). Furthermore, four par-
ticipants reflected that physical status (six occurrences), including
the feeling of the body (thirst and fatigue) and the body condition
(skin condition and physical fitness), changed their attitudes. For
example, P4 wrote, “Although the chocolate flavor is usually good,
at that time I was thirsty, so it is not a suitable choice” (P4, C20).
Two participants used their domain knowledge (two occurrences)
to judge the explanation. For example, P2 disagreed with the ex-
planation, “As an expert in this field, I know machines cannot beat
humans at the current stage.” (P2, C138). Four participants’ feelings
were affected when they had relevant experience (15 occurrences).
The relevant experience may increase users’ interest in the recom-
mended items. For example, P5 wrote, “The brand he recommends is
famous for candy which I often ate in my childhood, so I am interested
in.”, which was emphasized in the explanation “for the childhood
memory” (P5, C66). Moreover, one participant mentioned emotion
(two occurrences) that influences the attitude, including happiness
and sadness, for example, “I accepted it maybe just because I am in a
good mood.” (P4, C9). Sometimes, participants seek items not only
for themselves but also for others. Three participants mentioned the
target audience (three occurrences), e.g., P1 liked the explanation
when it mentioned the kid, “The recommended app could also be
used by my kid to learn Chinese, ask questions, listen to songs, etc.”
(P1, C45). In addition, whether the user has a strong preference (25
occurrences) was mentioned by four participants. If a participant
has no strong preference on the recommended item, they might fol-
low the recommendation even though the explanation is simple, for
example, “As I have no idea of which one to buy, I get this suggestion
from my kid that helps me make a decision.” when the explanation
is “I like this cake because it is in yellow.” (P1, C18). On the contrary,
if a participant has a strong preference, the explanation may have
less effect. For example, when P5 received an explanation about
how tasty the rabbit was, P5 stated, “I have never eaten rabbit, and I
resist eating it, even though it is tasty. (P5, C120).

Relationship between users and recommenders (Relation).Different
from the relationship in the "relation-based" explanation, which con-
tains the relationship between the user and the person(s) mentioned
in the explanation, the "relation" here refers to the relationship be-
tween user and recommender. The relationship between user and
recommender has built before receiving a new recommendation
may affect the user’s feeling on explanations. Four participants
have a positive attitude toward the explanation when they have
trusted the recommender (10 occurrences), for example, “The prod-
uct is recommended from the person I trust.” (P5, C64). Moreover,
all participants considered the common interest with the recom-
mender (11 occurrences). They thought those good explanations
were often from the person who has a common interest with them,
for example, “The people I have followed share common interests
with me, e.g., same research topic or movie review. The contents that

they liked interested me since they selected those contents.”(P2, C124).
In addition, all participants judged the explanation if the recom-
mender has successfully/unsuccessfully recommended items to the
user (nine occurrences), for example, “My friend has taken me to eat
some delicious food in HK so when she recommends me the restaurant
or dessert shop, I will trust her taste.” (P3, C10).

4.1.3 Recommender Attributes. We conclude some factors related
to the recommender itself as the recommender attributes with their
descriptions and examples (see Table 5). The “politeness” of the rec-
ommender made users feel comfortable. On the contrary, impolite
behavior has the opposite effect. For instance, P1 had negative feel-
ings when the salesperson was pushy, “Let me feel not comfortable
and too aggressive.” (P1, C4). In addition, the recommender tries to
consider the user context/preference while increasing the feeling of
“benevolence”. Comparably, two participants felt the recommender
lacked “benevolence” when they received a “non-personalized” ex-
planation. For example, P1 wrote, “It seems she did not attempt to
understand what I need, but just wants to earn money.” (P1, C4).
Two participants also doubted the “integrity” of the recommender
when they received proofless “personal opinions”. For example,
P5 distrusted “The conclusion ‘It has less additive’ from the second
friend is just her speculation without any scientific evidence.”(P5,
C81). The personal opinion that is contrary to P2’s view “makes me
disappointed” (P2, C138). Besides, two participants showed that the
“experience” of the recommender also increased the trustworthiness
of the personal opinions based explanation. For example, P1 wrote,
“As the recommender has much experience of eating Japanese foods
and is also familiar with this restaurant, his recommendations should
be useful.“(P1, C61). Moreover, two participants trusted the recom-
mender’s “expertise” if s/he had knowledge of the recommended
item. For example, P2 felt good about the explanation because “The
article is written by one person in an NLP research group.” (P2, C78).
Finally, two participants were interested in the recommender who
has a reputation. For instance, P5 wrote, “I had heard about how
successful the male beauty blogger Li Jiaqi is. He is called ‘the man
who sells most lipsticks in China’. So I was curious how he would
recommend the product.” (P5, C66).

4.2 Relationship Exploration
We provide an overview of the influence of user contexts and recom-
mender attributes on social explanations in a network diagram (see
Figure 1). Furthermore, Table 6 lists the relationship between social
explanation categories and the detailed factors of user contexts and
recommender attributes with the percentage of occurrences for
each relationship.

4.2.1 Relation-Based. As an external context, “companion” (12.5%)
reflects if the participant views recommendations with other peo-
ple or alone, which can change a participant’s attitude toward
explanations, as the participant may consider the opinions of the
companion, i.e., “It was liked by my daughter” (P1, C97).

Moreover, a participant felt the explanation matched the “pref-
erence” (12.5%), “I like reading reviews and articles on XX”, which
is a website mentioned in the explanation, “The following are rec-
ommended by users of this website.” (P2, C74). Furthermore, users’
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Table 5: The classification of recommender attributes in the codebook with examples

Category Description Example

Politeness The attitude to the user, such as
polite, unaggressive, etc.

“the salesperson’s attitude is polite, patient, and not
aggressive” (P1, C1)

Benevolence Whether the recommender
(tries to) considers the user
context/preference to provide a
suitable item

“The sales person did not recommend expensive goods
to me, but tried to find sths that are really suitable
for me.” (P1, C1)

Integrity Whether the recommender tells
the truth

“the recommendation is sincere” (P5, C128)

Experience (human) The recommender has experience
of the item or similar item(s)

“My friend did make progress in her programming
skills by using this platform.” (P4, C58)

Expertise The recommender has knowledge
of the item or similar item(s)

“CloudMusic is the most successful music app that
utilizes personalized recommendation algorithm to
recommend songs or song lists to users.” (P2, C11)

Reputation The recommender has received
positive comments from other
users

“I had heard about how successful the male beauty
blogger Li Jiaqi is.” (P5, C66)

Figure 1: The map linking the social explanations with factors of user contexts and recommender attributes. The number in
the lines represent the number of occurrences of good/bad explanation for the relationship.

“relevant experience” may change their attitude to the relation-
based explanation (25%), e.g., “I place more trust in the blogger who I
have followed.” (P5, C72).

In respect of recommender attributes, a participant mentioned
“politeness” (12.5%) that made her feel good, “The salesperson’s atti-
tude is nice and polite, so I felt comfortable.” (P1, C97).

In addition, a participant was concerned about the closeness of
the relationship between the person mentioned in the explanation
and the participant, i.e., “For some WeChat friends who are important
to me, I may care what kind of article they would like to give the
‘Wow’ tag sometimes.”(P5, C40). It indicates that the relationship
between a user and the person mentioned in the explanation may

be the key to influencing the user’s attitude towards relation-based
explanations.

4.2.2 Third-Party Opinions. The third-party opinions are linked
to“location” of external situations (10%). “It is a surprise recommen-
dation for me since that place is in my hometown, but I have no
idea about that place.” (P3, C47). Although the third party has no
relationship with the users, the relationship between users and
recommenders can influence users’ attitudes toward the third-party
opinions. The participants believed in the explanation because of
the established trust relationship with the recommender (15%), “Al-
though the comment is from an unknown person, I knew it from
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Table 6: The percentage of connections among social explanations and the factors that contribute to the users’ feelings

Category Relation-based Third-party opinions Personal opinions Personal experiences

User Contexts
External
Environmental Condition 0 0 4.5% 2.3%
Companion 12.5% 0 1.1% 2.3%
Time 0 0 3.4% 0
Location 0 10% 3.4% 9.1%
Internal
Demographics 0 0 4.5% 6.8%
Personality 0 0 4.5% 0
Physical 0 0 4.5% 6.8%
Domain Knowledge 0 0 1.1% 2.3%
Relevant Experience 25% 5% 10.1% 11.4%
Emotion 0 5% 1.1% 0
Target Audience 0 5% 1.1% 2.3%
Preference 12.5% 5% 24.7% 20.5%
Relation
Trusted Relationship 0 15% 7.9% 6.8%
Common Interest 0 5% 10.1% 9.1%
Successful Experience 0 0 9.0% 6.8%
Recommender Attributes
Politeness 12.5% 0 6.7% 0
Benevolence 0 5% 9.0% 2.3%
Integrity 0 0 2.2% 0
Experience 0 5% 6.7% 9.1%
Expertise 0 5% 2.2% 2.3%
Reputation 0 5% 1.1% 0

my friend, who I trust.” (P4, C33). Besides, other influencing fac-
tors of user context (e.g., successful experience, emotion, target
audience) and recommender attributes (e.g., benevolence, expertise,
reputation) have a loose relationship with recommendations (the
percentage is equal to 5%).

4.2.3 Personal Opinions. As the most common social explanation
category in our participants’ daily lives, “personal opinions” was
influenced by all the factors we identified, especially those under in-
ternal context. The “preference” is the most frequently mentioned
user context by participants (24.7%). When users have a strong
preference, the recommender’s personal opinions can provide in-
formation that helps users compare with their preferences. For
example, P4 praised the recommender’s personal opinion matching
her preference, “It is challenging [for the recommender], so I think
the scenario [of the game] may be interesting.” (P4, C55). When users
have no strong preference, they are more likely to consider and
accept the recommender’s opinion. For instance, P1 wrote, “As I
have no idea of which one to buy, I got this suggestion from my kid
that helps me make a decision.” (P1, C18). Moreover, users are more
likely to understand the recommender’s opinions when they have
relevant experience (10.1%). Three participants think the explana-
tions related to their “relevant experiences” are good. For example,
P3 understood the recommender’s opinion because “We have tried
the cookie.” (P3, C14).

In addition, users’ attitudes on personal opinions can be influ-
enced by their relationship with the recommender. Particularly,

three participants have a positive feeling of personal opinion be-
cause they have a common interest with the recommender (10.1%).
For example, P3 acknowledged the recommender’s positive opinion
because “We have similar tastes in music and we always share music
with each other.” (P3, C53). Comparably, users tend to have a nega-
tive perception when the recommender has different interests or
tastes from them. Three participants hesitated to make a decision
because the opinions come from the recommenders who have other
interests or uncertain preferences. For example, P1 stated, “I am in-
terested in watching this movie, but because the recommender does not
have common interests with me, I am a little hesitant whether I will
like it as her”(P1, C62). Besides, other factors under user contexts
and recommender attributes have a relatively weak relationship
with the user’s feelings on personal opinions (the percentage is less
than 10%).

As shown in Figure 1, most of the “bad” explanations reported
in the diary study are personal opinions due to neglecting or mis-
matching the user contexts or recommender attributes. Therefore,
we need to consider these factors while providing personal opinions
as explanations for recommendations.

4.2.4 Personal Experiences. The personal experiences emphasize
the practical value of explanations based on human recommenders’
experiences using the recommended item, which could increase
the trustworthiness of the recommender. Similar to the findings of
personal opinions, “preference” (20.5%) and “relevant experience”
(11.4%) under the user contexts are the most influencing factors that
can influence users’ attitudes towards the explanations of personal
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experiences. For instance, the experience shared in the explana-
tion can be helpful if it matches the user’s preference, “My friend’s
experience reminded me that [...] The spray plaster solves the prob-
lem.”(P5, C130). Besides, participants appreciated the explanation
that matched their relevant experience, “She mentioned two impres-
sive advertisements, which aroused my memory of fluffy after using
shampoo.” (P5, C111). However, the relationships between explana-
tions and other factors such as environmental conditions, domain
knowledge, and expertise are relatively weak (the percentage is less
than 10%).

5 DISCUSSION
The results show that users’ attitudes towards explanations may
change due to a variety of factors. Therefore, a conversational
recommender system can capture both external and internal user
contexts and then adjust recommendations and explanations in
time through continuous dialogue, which could help users make
better decisions and build trust with users. Although most of the
factors have been considered in context-aware recommender sys-
tems [1], we focus on their effects on user attitudes toward social
explanations and try to explore the relationship between social
explanation categories and the factors.

The majority of social explanations are related to personal opin-
ions and experiences, which represent the own information pro-
vided by the recommenders. From the recommenders’ perspective,
they build rapport with users by sharing their personal opinions and
experiences as a part of self-disclosure [2, 10]. However, our diary
entries show that not all personal opinions and experiences can be
good explanations. The users’ attitudes toward personal opinions
and experiences may depend on user contexts and recommender at-
tributes. Therefore,we suggest offering personal opinions and
experiences in explanations tailored to user contexts, such
as their relevant experiences, preferences, and common in-
terests.

Particularly, the effects of “preference” and “relevant experience”
are evident in personal opinions and personal experience. These
two factors are highly related because the previous positive ex-
perience is usually associated with a strong user preference. In
most cases, users having strong preferences or relevant experiences
are more likely to be convinced by social explanations, as users
tend to perceive higher satisfaction when they are familiar with
the recommendations [14]. However, sometimes the user may also
have a negative experience with items similar to the recommenda-
tions, which may negatively influence the user’s feeling about the
explanations. Therefore, it would be wise to provide personal
opinions and experiences as explanations after it confirms
that the user did not have a negative impression of the fea-
tures of recommendations.

Although the explanations based on third-party opinions are
uncommon in our dairy study, we still foresee the value of such
explanations, especially when the user trust the recommender. Like
the social relationships among users, a trust relationship could facil-
itate the design of social recommender systems [5]. Moreover, the
trust-inspiring explanation could also save users’ cognitive effort
and increase users’ intention to use the recommender system in the

future [23].Thus, we suggest trying to build a certain relation-
ship between the user and the recommender, for example,
common interests, before offering third-party opinions.

A previous study shows that the recommendation explanations
provided by users have a higher quality than the explanations
generated by systems [17]. Therefore, in our dairy study, we aim to
provide design implications for the explanations by recording and
analyzing the explanations provided not only by systems but also by
humans. In the result section, we also highlight some factor items
specific to a human recommender. For example, the item “common
interests” only applies to a human recommender since it does not
make sense to explain as a system shares common interests with
the user. Although the recommender system could learn how to
provide richer explanations from the user-generated explanations,
we still need to consider if the explanations match the system
characteristics. Otherwise, the mismatched explanations may cause
the “uncanny valley” effect [8] in the interaction between humans
and recommender agents.

6 LIMITATIONS AND FUTUREWORK
There are two major limitations of this study. First, our study has
a relatively small sample size according to the ideal sample size
for a diary study (more than 10 participants) [13]. Nevertheless,
our study results in substantial diary entries to explore social ex-
planations. Second, since all the participants are knowledgeable
about recommender systems, their views may differ from layman’s
on some social explanations. In the future, we plan to validate our
research findings by evaluating the four categories of social expla-
nations with varying contexts of user and recommender attributes
in a conversational recommender system.

7 CONCLUSION
To explore social explanations in a broader view, we conducted a
two monthly diary study of the explanations for recommendations
that appeared in participants’ daily lives, either from humans or
systems. These recommendations covered multiple application do-
mains, such as recommendations for products, music, and media.
Furthermore, we evaluated four typical categories of social expla-
nations regarding users’ ratings and investigate how user contexts
and recommender attributes may contribute to “good” or “bad” so-
cial explanations. Specifically, the explanations based on personal
opinions and experiences are usually associated with internal user
contexts (e.g., users’ preferences and relevant experiences). Finally,
based on these preliminary findings, we provide implications for
designing personalized social explanations to enhance the rapport
between users and recommender systems.
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