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Abstract

Introduction. The underlying assumption of social, link-based information access
posits that individuals engaging in online social networks derive benefits from the
information shared by their online connections. This assumption is scrutinised in
this study through an examination of the information-sharing behaviour of
individual users with their online social connections.

Method. This research utilised a large dataset pertaining to books and movies
sourced from Imhonet, integrating elements of a recommender system and a social
networking service. Specifically, the study incorporated 125,657 books, 44,184
movies, associated ratings, and a social network comprising 234,789 relationships.

Analysis. The analysis of user patterns categorised the target users into two distinct
categories: those exhibiting sufficiently congruent preferences with their online
connections (suggesting the suitability of social link-based information access) and
those lacking similar preferences with their connections (indicating potential
ineffectiveness of social link-based information access).

Results. Subsequent assessments included the analysis of rating patterns and social
characteristics of the target users that distinguish the two identified categories,
which were examined using binary logistic regressions.

Conclusion. This study delved into the dynamics between online users'
information-sharing tendencies with their online connections and the diverse user
characteristics influencing these patterns.
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Introduction

The plethora of social networking sites has motivated researchers from several communities to
explore the use of social connections for improving information-access approaches. Within the
realm of social information access and filtering, social links have emerged as one of the most
popular sources of information, which demonstrated its value as a foundation to enhance
information retrieval (Amendola et al., 2023; Brusilovsky et al., 2018), social learning through online
questioning and answering (Chen et al., 2018; Yuan et al., 2020), user modelling for information
personalisation (Fang et al., 2022; Li et al., 2023), and personalised recommendations (e.g., Gao et
al., 2023; Ji et al., 2023; Lee and Brusilovsky, 2018; Liu et al., 2022). For instance, a range of social
link-based recommendation technologies explored the use of items bookmarked, shared, tagged
or rated by target users’ social connections as candidate information for recommendations (Gao
et al., 2023; Lee and Brusilovsky, 2018; Liu et al., 2022). Social search technologies use the search
and annotation activities of socially connected users to improve the ranking and presentation of
search results (Amendola et al., 2023; Brusilovsky et al., 2018; Ilkou et al., 2023). Modern media-
sharing sites (e.g., YouTube, Instagram, X (formerly Twitter) and Facebook) leverage information
about social connections to generate a flow of interesting items and posts for users (El-Kishky et
al.,, 2022; Huang et al., 2020).

The key motivation behind the majority of social information access techniques is the expectation
of similar interests and tastes between target users and their social connections. This expectation
is rooted in a large volume of research on two sociality-related theories: theories of shared
interests (e.g., information homophily (Chen and Deng, 2023; Furutani et al., 2023; Khanam et al.,
2023)) and social influence (e.g., users’ information similarities are influenced by social connections
and reinforced by social cascades (Bhukya and Paul, 2023; Fang et al., 2022; Li et al., 2023)).
However, the nature of social connections in online social networking and information access is
considerably different from traditional social connections explored by research on homophily and
social influence.

Lee and Brusilovsky (2018) highlighted in their review on social recommender systems that a
significant portion of social connections in online platforms, as identified through contemporary
social access methods, are unilateral connections, such as trusting, watching, and following, in
contrast to the bilateral connections traditionally studied in offline social networking research.
The dynamics of unilateral connections differ substantially from those of traditional bilateral social
connections. For instance, users in systems like Epinions who trust another user's reviews or
individuals on Twitter who follow a social influencer may not necessarily share similar interests
and preferences with their unilateral social connections. While there may be instances where
socially connected users exhibit similarities in interests, this is not always the case for many others.
Consequently, the indiscriminate utilization of all social connections to enhance social information
access techniques without ensuring the similarity of interests and tastes among socially connected
users could yield subpar outcomes for users whose preferences diverge from those of their
unilateral connections.

To cater to the diverse needs of all users, social information access methods must be able to
identify which users can benefit from information about the behaviour (such as rating, sharing, and
liking) of those they follow, as opposed to users for whom this information might introduce more
confusion than clarity. The ability to differentiate these two groups of users is crucial for social
information access systems to tailor their approaches, for example, by employing "switching"
hybridization (Burke, 2007; LeBlanc et al., 2024), to better serve users with varying preferences,
ultimately enhancing performance and user satisfaction.

This study aims to reassess the assumption of interest/taste similarity among users involved in
unilateral social connections. By analysing a large dataset obtained from the social platform
Imhonet, which is based on unilateral social connections, the research seeks to address two
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fundamental issues. First, it investigates whether individuals who established unilateral social
connections (i.e., by following other users) exhibit information preferences that are sufficiently
close enough to those they follow to effectively benefit from information access strategies, while
utilising social connections and leverage the information behaviour of users they follow. Secondly,
it explores methods to differentiate users who lack adequate similarity in preferences with their
followees and therefore may not benefit from social link-based information access, from users who
do share similar preferences with their followees and thus can benefit from it. The main questions
being addressed in this study can be outlined as follows:

1) Do users participating in unilateral social networks have similar information preferences to the
users they follow?

2) What are the key traits that distinguish users who do have similar information preferences to
the social connections they follow (and thus can benefit from leveraging their information
behaviour) from those who do not?

To address these questions, Imhonet users were categorised into two distinct groups: the first
group comprising users with significant levels of shared interests who could leverage social
information access, and the second group consisting of users without similar interests who might
be better served by non-social information access strategies. Subsequently, binary logistic
regression analyses were conducted to evaluate the extent to which various factors derived from
user rating patterns and their social network positioning could be utilised to predict the group to
which a given user is likely to belong.

Related work

Online social networks and information similarity

Table 1 presents a compilation of research studies that explore the concept of information
similarity within the context of online social interactions. These studies specifically examine the
alignment of information-related activities among individuals who are socially connected, aiming
to demonstrate the significance of online social networks as valuable sources of information.
Notably, these studies investigate the use of unilateral relations as information sources. Unilateral
social networks have emerged as a new form of online communication in various social networking
sites; users initiate relationships based on their interests in other users’ information rather than
personal social connections, and these connections do not require reciprocal confirmation.
Consequently, the primary objective of unilateral connections is for online users to cultivate
repositories of useful or intriguing information, rather than to foster personal relationships or
friendships.
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Kinds of Social
Networks

Domains

Related Works Similarity Measures

Anderson et al. (2012)

Co-occurrence of same
user actions

Implicit online social

networks and following
network

Wikipedia, Stack
Overflow, and Epinions

various products

Baharifard and | Similarity measures | Citation networks and | DBLP, X (Twitter) and
Motaghed (2024) based on heterogenous | tweet-retweet relations | IMDb
networks with | on X (Twitter)
embedding methods
Bischoff (2012) Similarity of music | Following network Music (Last.fm)
listening history
Hajian and White (2011) | The frequency of the | Following network Online social
same information- networking site
related activities (FriendFeed)
Hong et al. (2021) Similarity of videos Following network Short-video social
mobile application
(Douyin a.k.a., Tic Tok)
Jiang et al. (2023) Similarity of content Network Microblogging Site
(Twitter), especially
about Covid-19
Outbreak and 2020 US
Presidential Elections
Lee and Brusilovsky | Similarity of commonly | Watching network Social bookmarking
(2017) bookmarked articles system (Citeulike)
Liu et al. (2014) Similarity of ratings on | Trust-based network Product rating

(Epinions.com)

Ma (2014)

Similarity of ratings on
movies

Friendship and trust-
based network

Movies and venues

Mi et al. (2022)

Similarity in sentiments
of Tweets.

Following network,
combined with
‘retweets’ and  ‘like’
interactions

Microblogging sites

(Sina-Weibo)

Xu et al. (2018)

Similarity of users’

online networks

Following and trust-
based networks

Microblogging sites (X
and Sina-Weibo) and

negative sentiments

‘forwarding’ activities

product rating
(Epinions.com)

(Yin et al., 2022) Similarity in sentiments | Following network, | Microblogging sites
of tweets, especially | derived from | (Sina-Weibo)

Zhao et al. (2020)

Similarity of ratings on
various products

Trust-based network

Product ratings (Ciao-
DVD and Epinions.com)

Zhu et al. (2023)

Similarity in sentiments
of comments on videos
and users’
multidimensional
interests on videos

Network built based on
comment and mention
relations

Short-video social
mobile application (Tic
Tok)

Table 1. Existing studies on information similarity of online social networks

Addressing user differences in information access technologies

It has been long recognised that, for different users, optimal personalization could be provided by
compounding varying sources of information altogether (Burke, 2007; LeBlanc et al., 2024
Quadrana et al., 2018). As one of such approaches to maximise the values of different information
sources in personalizing information for individual users, many researchers suggested Al-driven
personalization with user control. For example, in the area of recommender systems, positive
results were achieved by allowing users to choose individual peers for recommender algorithms
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(Ekstrand et al., 2015) and to control the breadth of sources for personalization (Chen et al., 2022;
Sun et al., 2023), as well as to adjust the strength of individual sources in the ensemble using sliders
(Sciascio et al., 2018; Tsai and Brusilovsky, 2021).

While user control approaches are known as efficient, they tend to make information access
interfaces more complex, creating a barrier for less experienced users. In response to this
observed problem, the most recent stream of research focused on understanding individual
differences between users in an attempt to take these differences into account when delivering
personalization. This stream of works combines the benefit of automatic data-driven adaptation
delivered by traditional hybrid approaches with the ability to better address individual users
pioneered by user-controlled personalization. Two streams of recent studies demonstrate how
different dimensions of user individual differences could be modelled and used to deliver better
personalization.

The first stream of studies (Cai et al., 2022; Jin et al., 2019; Millecamp et al., 2019; Tkalcic and Chen,
2015) exploit users’ personal traits to develop effective user interfaces or interactive experiences
in personalised information access. For instance, Jin et al. (2019) adopted users’ personal traits
related to human cognition and perception to design user interface widgets for a music
recommender system. Similarly, Cai et al. (2022) also proposed to exploit personal traits to increase
the trustworthiness of conversational recommender systems. Millecamp et al. (2019) introduced
explanation interfaces for music recommendations and correlated users’ personal traits collected
through questionnaires (e.g., trust, novelty, user intentions, satisfaction, and confidence) with the
perceived effectiveness and benefits of the explanations. Birk et al. (2015) conducted a survey to
characterise online game players and provide guidelines on tailoring users’ gaming experiences.
However, the personal characteristics explored in these studies were identified through separate
questionnaires, and it was nearly impossible to identify them by analysing the users’ patterns of
expressing their preferences through, for instance, ratings. As a rare exception, Wu (2017)
investigated how to infer users’ personal traits from their implicit behaviour on a movie
information system and tried to integrate the inferred traits with an existing personalised
recommendation algorithm.

The second stream of studies (Dhelim et al., 2022; Dhelim et al., 2023; Fernandez-Tobias et al., 2016;
Guo et al., 2023; Srivastava et al., 2019) adopt users’ personal traits when modelling user
preferences. For instance, Srivastava et al. (2019) evaluated to what extent user classifications made
by three prominent psychographic constructs could relate to grey sheep users, that is, those who
have unusually peculiar information tastes. The above study assumed that users’ characteristics
are manifested in their information preferences. Several studies focused on social commerce sites
(Bugshan and Attar, 2020; Ghahtarani et al., 2020; Liu et al., 2016) examined personal factors to
motivate and encourage online customers to share their items of interest with online social
connections. A recent survey study (Dhelim et al., 2022) elucidated how various personal traits had
been used in diverse information personalization. However, these studies do not examine the
determinants that shape how individual users perceive the information of online connections.

Our work attempts to continue this stream of research by understanding and modelling critical
individual differences in the context of social information access. Using data about user behaviour
and their positions in online social network topology, we attempt to understand which factors
could discriminate users who could benefit from personalization based on social links from users
who will benefit more from traditional non-social personalization based on rating behaviour. We
believe that this work is important because it could lead to better hybrid social information access
approaches such as switching hybrids (Burke, 2007; LeBlanc et al., 2024; Quadrana et al., 2018),
which are not blindly fusing sources of information, but consider individual user differences to
choose more beneficial sources.
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Research methods

Dataset

One of the challenges of research on social link-based information access is the scarcity of relevant
datasets. While information systems with social connections are quite popular, there are very few
datasets with sufficient scale to explore the properties of unilateral social connections. In this
study, we used a unique dataset from the recently discontinued system Imhonet that combined
features of a recommender system and a social networking site. The system allowed users to
review and rate a variety of products (e.g., books, movies, songs, comics, games, TV shows, and
perfumes) while also establishing unilateral social connections to other users. The system has been
used extensively in Russia and its neighbouring countries such as Belarus, Armenia, Georgia, Latvia,
Kazakhstan, Ukraine, and Uzbekistan. In the peak of its popularity, the system had 20 million
unique visits per month. A sampling of its audience taken in this period demonstrated that Imhonet
engaged a broad segment of Internet users across ages and genders (refer to Figure 1).

Distribution of User Population across Age Groups Distribution of User Population by Gender

35.0%
30.0%
25.0%
20.0%
15.0%
10.0% I I
| .
<18

5.0% =Male =Female

Ratios of User Population

0.0%
18-24 25-34 35-44 45-54 > 55

Age Groups

Figure 1. Distribution of user population across age groups and gender

Due to its popularity and broad representation of target audience, the system and its data had been
used in a range of studies in several research areas including personalised recommendations
(Arthur et al., 2022; Rodzin et al., 2020), cross-domain recommendations (Li and Tuzhilin, 2023;
Sahebi and Brusilovsky, 2013), text-based machine learning (Koybagarov and Mansurova, 2016;
Loukachevitch, 2021; Sharapov et al., 2019), customer segmentation for marketing (Unger et al.,
2023), and audience response for media (Khitrov, 2019).

The Imhonet dataset used in this study represents data on 266,278 users and contains over 20
million book and movie ratings. The dataset includes (1) lists of users, books, and movies; (2) users’
ratings of books and movies; and (3) a list of social connections. According to the rating
distribution, even though there are considerably more books (125,657 books) than movies (44,184
movies), users rated movies more actively (n = 14,756,094 ratings, Mean = 75.7, Standard Deviation
(hereafter, Stdev) = 166.8) than books (n = 8,810,045 ratings, Mean = 45.2, Stdev = 117.6).

Approximately one quarter of users in the dataset (24.27%, n = 67,760) were involved in at least one
social connection establishing a total of 234,789 relationships. While these unilateral social
connections were referred to in the system as friends, by their nature it was a typical unilateral
connection, similar to following on X, Instagram, and TikTok. When user A finds another user B to
be worth a connection for any reason, user A can connect to user B as a friend without B’s consent.
Owing to the unilateral nature of social networks, users who participated in the network can play
two roles: followers who initiate the friend connections, and followees who are followed by others.
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Once followers establish connections to other users (i.e., followees) on Imhonet, they can observe
the activities of their followees in the system (i.e., rating and reviewing items) and also obtain easier
access to items from these followees’ activities. We interpret the connections of Imhonet system
as followers’ explicit expressions of interests on their followees’ information. In other words, the
information behaviour of their followees could serve as useful sources of information for followers.
However, because followees’ decisions to connect to their followers are not necessarily reciprocal,
the followees’ interests in their followers cannot be ascertained unless followees also connect to
their followers. Therefore, as the target of investigation in our study, we primarily focused on 17,368
followers who not only participated in the unilateral social network by following at least one user,
but also participated in item-related activities by rating at least one book and one movie.
Throughout this study, social connections and followees were used interchangeably in order to
indicate those who were followed by target users.

Measuring the information similarity between individual users and their social

connections

To draw the general patterns of information sharing and more practically evaluate the usefulness
of social link-based information access for each target user, in this section, we concentrated on
information similarity between target users and their followees. To assess this similarity, we
counted the numbers of books and movies that individual target users as well as their followees had
co-rated and measured how similar book and movie ratings were between those users and their
connections. By discerning these patterns, we were able to infer whether the target users shared
comparable information preferences with their connections. This analysis is critical to enjoy social
link-based information access and classify them from this perspective.

In several information access technologies such as personalised recommendations, personalised
search, and social navigation, it is not easy to model users’ information preferences because users
do not explicitly express their information tastes. To overcome this challenge, personalised
information access technologies attempt to find top peers who are the most “like-minded” with
target users according to the similarity of tastes and then exploit the information possessed by the
peers in further processes. Consequently, identifying top peers and measuring how similarly the
peers rated the same items with target users were the core foundations of these technologies (Lee
and Brusilovsky, 2018).

In accordance with this approach, we created two groups of top N peers for each of the 17,368
target users. These groups include social top N peers and non-social top N peers. Social peers are
identified as the most similar top N connections within a target user's online social network,
encompassing not only direct followees but also followees of followees (i.e., connections within a
2-hop distance). On the other hand, non-social peers represent the most similar top N users from
the broader user population who are not closely linked and were not considered in the selection
of ‘social peers.” Non-social peers have social distances greater than 2 hops, including those with
infinite distance (i.e., no social connection at all) from the target user.

The top 20 ranked peers were chosen as the top N rank for both social and non-social peers,
aligning with previous research on personalised recommendations (Kluver, et al. (2017) explains
that “past evaluations have suggested that using the 20 to 60 most similar users perform well and
avoids excessive computation.”). Furthermore, to explore personal and social attributes at finer
level of information filtering, the top 20 peers most resembling a target user were selected instead
of a larger number of peers, such as the top 60 users, which would include the 20 most similar
users plus 40 less similar users.

Then, we conducted within-user comparisons by analysing two distinct groups of peers.
Specifically, we calculated the average levels of similarity between target users and their social
peers, as well as between target users and non-social peers, and subsequently compared these
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average similarity values. The aim was to assess whether one group of peers exhibited significantly
more similar information preferences compared to the other group. To enhance the robustness of
this analysis, we employed information similarity measures to identify the top 20 peers using four
different approaches. The initial two approaches were centred on consumption similarity, which
involved evaluating the shared number of books and movies rated by a target user and their
social /non-social peers. The remaining two approaches focused on taste similarity, which entailed
computing Pearson correlation coefficients based on users' ratings of the same books and movies
(He et al., 2023; G. Jain et al., 2023).

Consequently, based on the degree of similarity between a target user's social and non-social peers,
the participants were divided into two categories: benefit and no-benefit. Individuals with a higher
level of information similarity with their followed users (social peers) may perceive the information
shared by these connections as more valuable compared to information from non-social peers.
These individuals were categorised as benefit users, indicating that they possess information
preferences similar enough to their online connections to derive some advantage from accessing
information through social links. Conversely, target users who exhibit greater information
similarity with individuals who are not part of their social network may not derive significant
benefits from using social connections for information access. In such cases, technologies that do
not take social context into account may yield the best results. Therefore, these users were
classified as no-benefit users.

Figure 2 presents the results, which provide several interesting observations. First, for all the ways
used to compute information similarity, less than 10% of users have sufficient information
similarity with their online social connections to enjoy the benefits of social link-based information
access. In other words, for more than 90% of target users, the information provided by their online
connections was potentially less valuable than the information provided by top-peers with low or
no social associations. Second, the proportion of benefit users is higher when we calculate peers
by consumption behaviour rather than by rating behaviour. Thus, socially connected users have a
reasonable chance of reading the same books and watching the same movies but are less likely to
agree with their connections’ opinions about the consumed items.

The above results have substantiated the validity of our apprehension regarding the indiscriminate
reliance on unilateral social connections for personalised information. Indeed, our analysis
demonstrated that a significant number of target users did not rate the same items or expose
similar preferences or tastes with their followees even though they initiated the connections and
were active information consumers. Distinguishing between benefit and no-benefit groups of
users poses a complex challenge. In the subsequent sections of this study, we attempt to address
this issue by analysing a range of factors related to the target users’ information behaviour and
social network position that elucidate the reasons behind why a target user was classified into
either group.
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Figure 2. Number of users according to user classifications

Potential determinants to benefit /no-benefit classification

In the previous section, we measured information behaviour similarity between Imhonet users and
their social connections and suggested an approach to classify users into benefit and no-benefit
groups based on their similarity with social connections. Our next step presented in Results
section is to understand how we can distinguish benefit and no-benefit users using factors that can
be distilled from information available in a typical social information system, i.e., users’ rating
activities and social network position. In this section, we set up the context for the analysis in the
Results section by introducing 11 factors (Figure 3) as potential determinants. These factors are
classified into two types: (1) properties of target users’ rating activities and (2) target users’
topological properties in the online social network.

* Number of Ratings Given To the Corresponding Type of Information Items (no_ratings)

* Average of Users’ Ratings (avg_ratings)

* Average Popularity of Entire Items (i.e. Books or Movies) that a User Have Rated
(avg_book_pop/avg_movie_pop)

* Degree of Grey Sheep (grey_sheep)

« Standard Deviation of Users’ Ratings (stdev_ratings)

* Average of Standard Deviation Values of Ratings Given to Entire Items (i.e. Books or
Movies) that a User Have Rated (stdev_ratings_book/stdev_ratings_movies)

* Number of Days When a User Has Rated Items (no_days_ratings)

)

* Degree centrality (degree)

* Betweenness centrality (between)
* Modularity (modularity)

¢ Clustering coefficient (clustering)

Figure 3. Factors considered in this study

The seven factors in the first type explain the properties pertinent to the rating activities of each
target user as an information consumer. The number of ratings approximates a user’s experience
with the given item types (i.e., books or movies). The more items of a specific type a user has rated,
the more often the user experienced items of this type (Cao et al., 2023; Moe and Trusov, 2011). The
average of a target user’s ratings represents to what extent the user is optimistic or pessimistic in
evaluating items. The higher the users’ average rating, the more “optimistic” they are (Jiang et al.,
2019). The average popularity of a user’s items indicates the degree to which the user aligns with
prevailing trends. A user who frequently consumes and rates niche items is likely to have well-
formed information preferences. By contrast, if a user has mostly consumed and rated popular
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items, it is likely that the user has not established a unique consumption and rating strategy for
the corresponding type of items yet.

We also examined the extent to which the user’s preferences could be considered as peculiar using
the “grey sheep” degree. In contrast to the so-called white sheep users whose information
preferences are adequately comparable with preferences of other users in the system to identify
enough numbers of like-minded peers, grey sheep users have peculiar information preferences that
make it difficult to find like-minded peers (Thorat et al., 2023). To identify grey sheep users, we
calculated the extent of users’ rating abnormality using equation (1) proposed in an earlier study
(Del Prete & Capra, 2010).

Yier,[rui — Tl
IRyl

(1)

Abnormality(u) =

where 7 is the average rating on an item i, r,, ; is the rating of item 1 given by user u, R, is the set of
items rated by user u, and ||R, || is the total number of user u’s ratings.

The standard deviation of a user’s ratings indicates how opinionated the user is (Mahtar et al., 2017,
Ramezani et al., 2021). Highly opinionated users tend to give the lowest ratings for the items they
dislike and the highest for the items they like. The average of standard deviations of ratings given
to a user’s rated items indicates how much the user tends to rate controversial items. If the average
of standard deviation values of ratings given to the user’s rated items is large, it suggests that the
user enjoyed expressing opinions mostly on controversial items. Note that the average of standard
deviation values of the user’s items should not be mixed with the deviation of the user’s own
behaviour, such as whether the ratings assigned by the user were similar to the ratings of the other
users. The latter factor is already measured by the “grey sheep” degree of their ratings. The number
of days a user has given ratings reflects how regularly they used the Imhonet system since they
started to use the system. The more often users visited and rated items, the more likely it was that
they were exposed to the activities of their online connections. This is because users were
automatically able to monitor their online connections’ activities on Imhonet once they got
connected.

The second set of factors aim to assess users' social characteristics by analysing their positions
within the online social network. Specifically, as the utilised network is ego-centric and primarily
focused on gathering valuable information, various topological properties were incorporated to
capture significant aspects of users' information-related behaviour. Additionally, topologies
reflecting the attributes of nodes within their immediate network surroundings were taken into
account (Jia et al., 2022). Four commonly used topological properties were employed, including: 1)
outdegree, 2) betweenness centrality, 3) modularity, and 4) clustering coefficients.

Outdegree refers to the number of connections followed by a target user, indicating the user's
chosen information sources. Betweenness centrality identifies how frequently a user lies on the
shortest paths between other pairs of connections. Removing users with high betweenness
centrality values from the online social network could potentially elongate the paths between
other connection pairs (Hajarathaiah et al., 2023). Therefore, betweenness centrality signifies the
extent to which a user can act as an information intermediary within their online social networks
(Monge and Contractor, 2003, p. 57; Tsugawa and Watabe, 2023). Modularity assesses the strength
of a user's local community, with a high modularity value indicating strong connections within a
specific community but limited connections outside of it (Peng et al., 2023; Rostami et al., 2023;
Takeda and Kajikawa, 2010). The clustering coefficient measures the strength of a user's
connections to adjacent local networks, calculated as the ratio of existing triangles of connections
(i.e., cliques) to all possible triangles (L. Jain et al., 2023; Newman, 2004).

Information Research, Vol. 30 No. 3 (2025)

102



Results

This study primarily aimed to assess the factors that could affect online users’ varied intentions to
use their online social connections as information sources. To that end, users were operationally
classified into two categories, benefit and no-benefit, based on four ways of identifying information
sharing patterns, namely number of co-rated books, number of co-rated movies, the similarity of
book ratings, and the similarity of movie ratings using the Pearson correlation coefficient. The
classifications produced using each way were identified as four dependent variables for our
analyses. The 11 potential determinants introduced in Figure 3 were identified as independent
variables. Considering the dichotomous values of the dependent variables, the binary logistic
regression test was chosen. It is because the logistic regression is the most typical predictive
analytic methodology for dichotomous dependent variables (Brusco, 2021; Sun et al., 2022). Besides,
compared with the alternative (i.e., discriminant analysis), the regression has no limitation to
include both categorical and continuous independent variables as independent variables (Hassan
et al., 2022; Keith, 2014, pp. 211-228). Therefore, four binary logistic regressions were executed
separately for each of the four dependent variables.

Determinants affecting user classification based on the “number of co-rated

books” and “number of co-rated movies”

For the first test, the classifications of target users based on the number of co-rated books and the
number of co-rated movies were regressed on the 11 independent variables, and Table 2 presents
the results. In the table, B indicates how much the dependent variables changed according to one
unit change of each independent variable, and the regression equation to predict each dependent
variable are made up of these B values as coefficients. S.E. in the fourth column stands for the
standard errors of each independent variable. Using both S.E. values and the Wald values, we can
estimate not only the statistical significance of each independent variables, but also the confidence
interval around B values (Keith, 2014, pp. 211-228). Last Exp(B) represents the exponentiated version
of the B. For instance, the value of 2.78 for cluster variable indicates that, ceteris paribus, one point
increase in the cluster variable results in an increase in the odds of ‘benefitting from friends’ co-
rated books’ by 2.78 (Brusco, 2021; Keith, 2014, pp. 211-228).

For the classification based on co-rated books, the regression model could make a statistically
significant explanation for the benefit /no-benefit classification; x*(11) =1363.2, p <0.001, Negelkerke
R?=.214, ROC area = .82 (S.E. =0.008). Specifically, 21.4% variance in the classifications based on the
number of co-rated books was accounted for by the independent variables. The regression model
was able to correctly classify 93.2% of target users; 14.2% of target users who belonged to the
benefit class were correctly classified as benefit, while 99.4% users belonged to no-benefit class
were correctly classified. Thus, the model is considerably more accurate in classifying no-benefit
users than benefit users.

Among the 11 potentially determining factors, six factors were statistically significant for
determining users’ chances of co-rating the same books with their online connections and thus
potentially benefiting from information access technologies based on books rated by their online
connections. To be specific, the target users’ likelihood of co-rating the same books with their
online connections was significantly and positively affected by no_ratings and no_days_ratings.
This indicates that users who had often experienced book rating activities on the Imhonet system
(i.e., users who rated many books or participated in book rating activities in more days) were more
likely to pick and rate the same books as their connections. Unlike the positive directions of the
two above factors, stdev_rating_book had significantly negative effects on target users’ tendency
to co-rate books with online connections. In other words, the users who rated more controversial
books (higher stdev_rating_book) were less inclined to co-rate the same books with their online
connections. By contrast, how optimistically a user rated his or her books (avg_ratings), how
popular the rated books were (avg_book_pop), and how peculiar and opinionated the book ratings
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were (grey_sheep and stdev_ratings) compared with other users had little effect on the target
user’s tendency to co-rate books with online connections.

Among the three significant factors reflecting target users’ social properties, the number of
connections that target users followed (outdegree) and the structural strength of target users’ local
connections (cluster) positively affected their chance of rating the same books with their
connections. In fact, among six significant factors, clustering coefficients emerged as the most
notable contributors in the model (in terms of the odds ratio made by each significant variable);
target users with higher clustering coefficients were 2.78 times more likely to benefit from books
rated by their connections. In contrast, when a target user was a member of tightly connected
communities but maintained few connections outside of the communities (higher modularity), the
chances of benefiting from followees were lower.

B SE Wald Exp(B)
Classification based on No. | no_ratings .00** .00 100.37 1.00
of Co-rated Books
avg_ratings .09 .05 2.70 1.09
avg_book_pop -.03 .06 .30 .97
grey_sheep -.16 .07 5.25 .85
stdev_ratings .18 .07 6.05 1.20
stdev_ratings_book -1.3%* .29 19.25 .28
no_days_ratings .01** .00 59.44 1.01
outdegree .01** .00 53.51 1.01
between .00 .00 9.56 1.00
modularity -.00** .00 43.63 1.00
cluster 1.02** .16 39.84 2.78
Classification based on |no_ratings .00** .00 37.38 1.00
No. of Co-rated Movies
avg_ratings 12 .05 4.93 1.13
avg_movie_pop -.13 .06 5.11 .88
grey_sheep -12 .07 2.83 .89
stdev_ratings .03 .09 .16 1.03
stdev_ratings_movie -.60* .19 9.69 .55
no_days_ratings .00** .00 48.28 1.00
outdegree .02** .00 152.02 1.02
between .00 .00 3.04 1.00
modularity -.00** .00 24.14 1.00
cluster 1.42%* .16 75.01 4.12

* p <0.01, ** p <0.001

Table 2. Results of regression tests for the user classification based on the “number of co-rated books”
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Similar results were obtained by examining factors that can explain the benefit/no-benefit
classification of the target users based on the number of co-rated movies. The bottom half of Table
2 summarises the result of the regression by 11 independent variables. The regression model
significantly explained the users’ tendency to rate the same movies with their connections; y*(11) =
1249.54, p <0.001, Negelkerke R? = .214, ROC area = .83 (S.E. =0.008). Independent variables
accounted for 21.4% of the variance of the dependent variable, and the classification accuracy of
this model was 94.2%. Specifically, 99.6% of users whose original classification was “no-benefit”
were correctly classified, and 13.0% of users whose original classification was “benefit” were
correctly classified.

Resembling the results of the regression test based on books, no_ratings and no_days_ratings
were significant and positive determinants; active users who rated more movies or frequently
participated in rating movies were more likely to rate the same movies as their connections.
Furthermore, stdev_ratings_movie significantly and negatively affected the chances to rate the
same movies; users who tended to consume controversial movies were less likely to co-rate the
same movies as their connections. The factors avg_ratings, avg_movie_pop, grey_sheep, and
stdev_rating were not significant in regression focused on explaining benefit classification based
on the number of co-rated movies.

The impact of factors reflecting target users’ social network properties was also similar to the
results of the regression test for co-rated books; the same three factors were significant. The users
who followed many others (higher outdegree) and whose followees were more tightly connected
(higher cluster) had a higher tendency to rate the same movies as their connections. In addition,
being a member of tightly linked communities with few connections outside of the communities
(higher modularity) lowered the odds of target users co-rating the same movies as their
connections. The odds ratios showed that the clustering coefficient was also the strongest
contributor among six significant factors in this co-rated movie-based regression test. The odds
of co-rating the same movies with connections increased 4.12 times when the value of the
clustering coefficient was increased by 1 unit.

Determinants affecting user classification based on “Pearson correlations of

book ratings” and “Pearson correlations of movie ratings”

The next analysis aims to assess the effects of the 11 factors on the target users’ tendency to have
similar book and movie ratings with their online connections. First, the classifications of target
users based on the PCC of book ratings were regressed on the 11 independent variables. Table 3
presents the results and has the same structure as Table 2.

The target users’ tendency to give books similar ratings as their online connections was
significantly explained by the independent variables; x*(11) = 156.41, p <0.001, Negelkerke R* =0.065,
ROC area = .72 (S.E. =0.02). This model accounted for 6.5% variance in the classifications of Pearson
correlation of book ratings. This model correctly classified 98.3% of users; however, the
classification quality of the model largely varied between classes. While 100.0% of target users
belonging to no-benefit group were correctly classified, only 3.1% of users whose original
classification was benefit were classified correctly. As the results demonstrate, the overall
percentage of correctly classified users (either benefit or no-benefit) was higher for the model
based on the similarity of book tastes (98.3%) than the model based on the number of co-rated
books (93.2%).

Among the 11 independent variables, four variables significantly helped in building the models to
determine target users’ tendency to share similar book tastes with their connections. Specifically,
the more books target users rated (higher no_ratings), the less likely it was that their book ratings
would be similar to the ratings of their online connections. Furthermore, users’ positive book
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preferences (higher avg_ratings) also increased the chances for target users to rate books similarly
to their online connections.

The two significant factors reflecting target users’ social network properties were outdegree and
clustering coefficient. When target users followed many others (higher outdegree), they were more
likely to share similar book tastes with their connections. Furthermore, as the most contributing
factor of this model, when target users’ followees were more likely to connect to one another
(higher cluster), it yielded 2.04 times increase in the target users’ tendency to share similar book
preferences with their connections. As in the previous model based on the number of co-rated
books, avg_book_pop, grey_sheep, stdev_ratings, and between were insignificant variables of the
models. Unlike the previous model, however, stdev_ratings_book, mo_days_ratings, and
modularity became insignificant as well.

B S.E. Wald Exp(B)

Classification based on | no_ratings -.00** .00 11.46 1.00

the PCC of Book

Ratings avg_ratings .23* .08 7.59 1.26
avg_book_pop .18 .08 5.36 1.19
grey_sheep -.01 A1 .01 .99
stdev_ratings .29 12 6.39 1.34
stdev_rating_book -.55 .48 1.35 .58
no_days_ratings .01 .00 6.08 1.01
outdegree .00** .00 12.14 1.00
between .00 .00 .21 1.00
modularity .00 .00 1.53 1.00
cluster 71* .27 6.93 2.04

Classification  based |no_ratings -.01** .00 61.15 .99

on the PCC of Movie

Ratings avg_ratings .19 .09 4.69 1.21
avg_movie_pop .05 .07 .55 1.05
grey_sheep -.10 12 .81 .90
stdev_ratings .25 .14 3.37 1.28
stdev_rating_movie .29 .33 .74 1.33
no_days_ratings .02** .00 33.10 1.02
outdegree .00* .00 6.66 1.00
between .00 .00 .51 1.00
modularity -.00 .00 5.59 1.00
cluster .96* .28 11.96 2.61

Note: * p <0.01, ** p <0.001

Table 3. Results of Regression Tests for the user classification based on 'PCC of Book Ratings' and ‘PCC of
Movie Ratings’
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The final test examined the factors that significantly affected the target users’ likelihood of
assigning movies ratings similar to their online connections; the dependent variable of this model
was the classification based on the Pearson correlation coefficient of users’ movie ratings, and
Table 3 presents the results. The regression model was significant with 12.1% of the variance in the
dependent variable explained; y*(11) = 245.16, p <0.001, Negelkerke R* =0 .121, ROC area = 0.80 (S.E.
=0.01). The overall accuracy of correctly classifying target users into either benefit or no-benefit
group was 98.7%; 100.0% of users whose original classifications were no-benefit were correctly
classified, while 3.0% of users whose original classifications were benefit were correctly classified.

Out of seven factors related to the characteristics of users’ ratings, only two factors, no_ratings
and no_days_ratings, significantly affected target users’ chances to have similar movie ratings as
their connections. Like the results obtained for book tastes, the users who rated more movies
(lower no_ratings) had a lower chance of exposing similar movie tastes as their connections.
However, in both models, the odds ratios of this factor were almost equal to 1; the contributions of
this factor in both models were marginal. The number of days a user rated movies positively
affected the user’s tendency to expose similar movie tastes as connections.

Finally, the two factors concerning social properties, outdegree and clustering coefficient,
significantly explained the likelihood of target users to share similar movie tastes with connections.
The number of target users’ followees and clustering coefficient positively affected the dependent
variable. In terms of the odds ratio, the strongest contributor to affect the target users’ likelihood
of rating movies similarly to their connections was the clustering coefficient; the increase of the
factor corresponded to an increase of 2.61 in rating similarity.

Summary and Discussion

The results of our analyses of user rating patterns in a social networking system Imhonet revealed
that users in a unilateral social network might differ considerably in terms of their opportunity to
benefit from the information behaviour of their followed social connections. This observation
indicated that it is important to understand how the information available in the social networking
system might help in distinguishing users who could and who could not potentially benefit from
information access approaches based on social connections. This understanding could help in
delivering better personalization to all kinds of users by choosing the best source of information
for each user and adjusting the strength of components in an ensemble of information sources. In
this study, we took the first step to contribute to this understanding by attempting to determine
whether a user belongs to the “benefit” or “no-benefit” class using a range of factors extracted
from users’ rating behaviour and their position in the social network.

Using a large dataset from a social networking system, we split the users into benefit and no-benefit
categories by comparing the information similarity between socially associated peers and non-
associated peers. The users in the benefit category had a strong tendency to behave similarly to
their followees giving them a high likelihood of benefiting from social information access
technologies based on the information of their followed users. The users in the no-benefit category
tended to behave sufficiently differently from their followees and had better chances of benefiting
from traditional information access approaches powered by the information about behaviour of
users who are truly similar to them rather than the users they follow.

Based on the assumption that a user’s tendency to resemble the behaviour of their followees could
be uncovered by examining users’ individual and social characteristics extracted from their rating
activities and position in the social network, we performed a binary regression analysis to connect
various user-related factors with users’ likelihood of sharing similar information preferences with
their followees. Two types of factors were evaluated: properties of target users’ rating activities
and their social network properties. In our tests, we employed two types of items (books and
movies) and two approaches to define similar behaviours and to classify user groups. The two types
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of items exhibited distinct consumption and preference patterns, such as much higher user
participation in movie-rating activities yielding a higher rating density of movie ratings and a wider
rating coverage of books. In spite of the different rating patterns for books and movies, we were
able to distil consistent ratios of user classifications and coherent sets of independent variables
that could explain users’ tendency to behave similarly to their connections.

First, two independent variables reflecting users’ social network characteristics, outdegree and
clustering coefficient, were significant with the same effect direction in the models for books and
movies. The users who followed many other users and the users whose followees were more tightly
connected to one another had a higher tendency to share common items and similar information
preferences with their followees. Being a member of a loosely connected community with little
connections to the outside of this community decreased the user’s likelihood to rate common
books and movies but exhibited no significant effects on sharing similar book and movie tastes.
The betweenness centrality produced no significant effects on all four models.

Out of the seven factors quantifying users’ rating activities, the number of ratings was significant
for all models. While the directions of the effects made by the factor differed for both types of
items and both approaches for classifying users, the odds ratios had values almost equal to one,
which indicated that the factor’s contributions to the models were too trivial to cause a meaningful
difference. Despite its the statistical significance, the number of days a user participated in rating
activities did not noticeably contribute to the models, either. The user tendency to rate
controversial items negatively affected the users’ tendency to rate the same items with connections
but had no effects on rating similarity with connections.

The factors related to specific information preferences, i.e., how much a user’s tastes were
optimistic /pessimistic, unusually peculiar, and extreme, were insignificant factors in all models.
Furthermore, the users’ tendency to rate popular /unpopular items did not have any effects on
users’ information similarity with their followees. Thus, in determining whether a given user would
share the same information items and similar tastes with their connections to a sufficient extent,
the details of their rating activities were barely critical.

Even though the overall classification accuracies of models based on Pearson’s correlation
coefficient (regardless of whether book ratings or movie ratings were used) were higher, the
models based on the number of co-rated items produced more accurate classifications of
benefiting users. Furthermore, the variances in dependent variables based on the number of co-
rated items explained by the regressions were two to three times higher than the variances of
Pearson’s correlation-based dependent variables. This result is consistent with the conclusion of
the study of an online political forum for voting on various controversial political resolves
conducted by Brzozowski and colleagues. This study revealed that users were influenced by their
online connections in the choice of resolves (i.e., items) to vote on. However, they did not
necessarily vote similarly to their connections on those resolves (Brzozowski et al., 2008).

One might suggest that some of our results are natural and hence not critical. For instance, the
more books or movies target users rated, the more likely it was for them to share common items
with their connections. In addition, the more users target users followed, the higher was the
probability for them to share common items and expose similar preferences. However, the
magnitude of odds ratios made by these variables did not overpower other significant variables.
Rather, these variables were among the weakest factors explaining users’ likelihood of having
similar information preferences to their connections. The most notable contributors of all four
regression models were the clustering coefficients that represent the strength of users’ local
networks, followed by the standard deviation of ratings given to users’ information items that
represent the degree of controversy of the entire set of user items.
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Limitations and Future Work

Finally, it is important to acknowledge the limitations of our work. Most importantly, our
observations and findings were made on the basis of data from just one social networking system.
This limitation is typical for the research on link-based personalization as datasets of a sufficiently
large scale that include users’ ratings as well as their unilateral connections are extremely rare. In
our work, we took advantage of the availability of a uniquely large dataset containing approximately
280,000 users, 14.6 million movie ratings, and 8.8 million book ratings. Using this dataset, we were
able to demonstrate that users engaged in unilateral social networks could differ remarkably in
terms of their ability to benefit from social information access technologies based on social linking
information. Furthermore, the scale of this dataset enabled us to achieve significant results in our
study of factors that distinguish these user groups. While we were not able to perform the same
analysis with other type of items owing to the lack of datasets, the ability to repeat the analysis for
two different types of items in our dataset, books and movies, and nearly similar results obtained
for these two types of items provide some evidence that our work uncovered some important
phenomena that could be found in social networking systems focused on other kind of items. With
this, our study suggested a blueprint for future work on examining the presence of benefit and no-
benefit users and discovering factors distinguishing between these categories. We believe that
further work in this direction is important to improve the quality of information access
technologies. As one of the future directions, we will focus on how users can be affected by their
social peers’ information as a part of information cascade effects (Zhong et al., 2023) by considering
various topological properties of their unilateral network.

Conclusion and practical implications

This study we used a large-scale dataset sourced from Imhonet to confirm the hypothesis that
users engaged in unilateral social networks differ considerably in their opportunity to benefit from
the information behaviour of their connections. With this finding, the study confirmed these
differences are important to consider in designing information access technologies based on social
links. Moreover, the study revealed several important factors that can distinguish users who do
and do not benefit from the information behaviour of their connections. We believe that these
factors could be important to the developers of social information access systems to improve the
quality social link-based information access algorithms either by using hybridization strategies
(Burke, 2007) or by offering user informed advise about peer selection in systems which engage
user in the peer selection process (Donovan et al., 2009; O'Donovan et al., 2008).

This study also offers some broader practical implications for organizations to integrate social
information access technologies into their user experience or to improve their personalised
information access services. Users' characteristics influence their information preferences and
shape their views on information systems (Jin et al., 2019; Srivastava et al., 2019; Tkalcic and Chen,
2015), leading many researchers to create tools for identifying these traits. However, most current
tools depend on human input, such as surveys (Birk et al., 2015; Cai et al., 2022; Millecamp et al.,
2019). Consequently, it is uncommon to automatically assess users' traits based on their implicit
online behaviour. This research emphasises the importance of not applying social information
access techniques indiscriminately to all users in online social networks; instead, using one specific
example, it suggests that it could be wise to start by identifying a subgroup of users who could
benefit from their social connections in a specific context. It also suggests that the selection of the
user subgroup can be based on users' personal traits, which can be automatically inferred from
their online activities, eliminating the need for collecting personality data.
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