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ABSTRACT

Professional Social Matching (PSM) is the practice of building and maintaining con-
nections in the context of knowledge work. Various people recommender systems
and social matching applications have been designed to facilitate PSM by finding rel-
evant others among numerous options. However, conventional recommendation
approaches have been found to support algorithmic and human biases, disrupting
knowledge flow and social networking, which is vital for PSM. This dissertation
focuses on two central concepts: diversity and serendipity. Diversity refers to the
importance of exposing individuals to different perspectives, backgrounds, and expe-
riences to foster productive and creative knowledge work. Serendipity, on the other
hand, pertains to the occurrence of unsought yet valuable connections that can lead
to unexpected and fortunate encounters.

The research questions driving this dissertation revolve around the role of diver-
sity and serendipity in PSM tools and the manifestation of these concepts in rec-
ommendation strategies. The research process involved a series of five publications.
The first two publications employed online surveys to investigate social serendip-
ity and the processes in making valuable connections in online and offline realms.
The third publication entails a literature review with a specific emphasis on the con-
ceptual framework of Big Social Data (BSD), as its comprehension holds significant
relevance for the domain of user modeling within recommender systems. The last
two publications experimented with diversity-enhancing recommendation strategies
and examined the alignment between subjective perceptions and objective measures
of recommendation relevance.

The findings uncovered diverse insights into the characteristics and antecedents
of social serendipity, highlighting the necessity for identifying novel mechanisms
to foster serendipity experiences in PSM. The results also revealed consistent and
significant differences in subjective perceptions of the proposed diversity-enhancing
strategies, thus indicating their preliminary effectiveness. Participants showcased the
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ability to identify relevant others at all levels of similarity and structural network
positions, despite the inherent bias in selection. The research contributions lie in
elucidating the proactive and reciprocal sense-making involved in PSM, identifying
qualities that foster serendipitous encounters, exploring the potential of Big Social
Data, and developing and evaluating recommendation mechanisms that promote di-
versity in professional social networks.
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1 INTRODUCTION

Professional Social Matching (PSM) (Olsson et al., 2020) is the practice of building
andmaintaining connections in the context of knowledge work, i.e., occupations that
require extensive intellectual skills to create, distribute, or apply knowledge (Daven-
port, 2005). PSM is ubiquitous in knowledge work, which is highly dependent on
collaboration and social networks. The structure and quality of individual social net-
works can influence information flow, opinion expression and discourse, exchange of
ideas, and production of new knowledge. Historically, people have expanded their
networks through traditional face-to-face socialization practices (e.g., professional
social events), which can be demanding and time-consuming. This has become more
manageable with the rise of social media, which exposes diverse communities to one
another despite spatial or temporal boundaries (Muller et al., 2012). However, lim-
itless social networking opportunities also create the paradox of choice: How do you
find relevant people in an enormous pool of potential connections?

Facilitating PSM has become a central goal in information and communication
technology in both the commercial and academic sectors. This has resulted in various
people recommender systems (Beel et al., 2016; Guy & Pizzato, 2016) and social
matching applications (J. M. Mayer et al., 2016), which orchestrate a way to build
and maintain new connections. Social media networks have also contributed to com-
putational social matching by introducing new contact suggestions or features like
“whom to follow.” Such services typically use diverse social data to model similarities
or differences between users to connect them to relevant others (Kunaver & Požrl,
2017). However, most current approaches to recommender systems and social net-
work analysis in the context of PSM demonstrate the threat of long-term detrimental
implications for collaboration practices and knowledge work. For example, conven-
tional mechanisms, such as optimizing for similarity and triadic closure (Carullo et
al., 2015), involve the risks of strengthening homophily bias (Kossinets & Watts,
2009; McPherson et al., 2001) and echo chambering (C. T. Nguyen, 2020; Terren
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& Borge-Bravo, 2021).
The similarity-maximizing approach has been adopted from item recommender

systems, in which similarity metrics were treated as a proxy of relevance (Guy et
al., 2010; Heck, 2013). However, recommending people is fundamentally differ-
ent from recommending items because the goal is to establish reciprocal relation-
ships (Koprinska & Yacef, 2015); the success of the recommendation depends on
whether both the user and the recommendee follow up to establish a connection.
As objects of recommendation, individuals contain many diverse characteristics that
influence decision-making when evaluating the usefulness of potential connections,
especially in a professional context (Olsson et al., 2020). Although collaboration
within a group of people with shared interests can contribute to a safe and trust-
worthy work environment, diversity exposure is essential for creating new knowl-
edge (Y. C. Yuan & Gay, 2006). Even so, recommending people based only on
similarity or diversity does not imply that the recommendation would be perceived
as relevant. In that regard, one dimension that, by definition, adds value is serendip-
ity (Adamopoulos & Tuzhilin, 2014), which manifests as unsought, surprising, and
fortunate encounters. Serendipity is a worthwhile goal in establishing new rela-
tionships to achieve more productive and creative knowledge work and collabo-
ration (Jarrahi, 2017; Olshannikova et al., 2020a; Parise et al., 2015). Although
diversity and serendipity were studied in various disciplines (Kaminskas & Bridge,
2016; Muller et al., 2012), their factual value for PSM and how they should manifest
in recommendation strategies remain unclear and require more research.

Therefore, this dissertation’s primary goal is to investigate how the concepts of
diversity and serendipity can unfold in the design of PSM tools. The thesis is com-
pounded by five publications that subscribe to the idea of diversity exposure, es-
pecially when considering social networking for professional purposes, focusing on
one-to-one social matching in knowledge work. The first two articles (online sur-
veys) investigate how social serendipity, as a manifestation of successful PSM, unfolds
in the processes of making unsought yet valuable connections in both the online and
offline realms. The third publication is a literature review that explores and concep-
tualizes Big Social Data (BSD), aiming to grasp the magnitude and potential of rich
data. BSD serves as an enabler of user modeling and social recommendation as its
analysis provides a deeper understanding of users’ interests, their network dynamics,
and how they engage within their communities. The last two publications experi-
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ment with diversity-enhancing recommendation strategies and demonstrate how to
derive user qualities from users’ self-representation, actions, and interactions online
to deliver professionally relevant people recommendations. All publications except
the third involve collecting and analyzing subjective data (interview or questionnaire
data). The last two papers also compare subjective user perceptions with objective
measures of the recommendations’ relevance.

In the following, I first provide a conceptual overview of diversity and serendipity
as key concepts of the dissertation. Then, I proceed by addressing the scope and focus
of this work. The research questions, objectives, and contributions are described,
followed by a report on the research process and methods used. Finally, the structure
of the thesis is presented.

1.1 Key Concepts—Diversity and Serendipity

Research on diversity and serendipity has resulted in different conceptualization per-
spectives (see Figure 1.1). For example, in organization studies, these concepts are
treated as behavioral and social patterns worth pursuing due to their positive ef-
fects on knowledge work and collaboration (Jarrahi, 2017; Mitchell & Nicholas,
2006; Muller et al., 2012; Parise et al., 2015). In computer science, both diversity
and serendipity have been actively studied in the field of Information Retrieval (IR)
(Kaminskas & Bridge, 2016). IR research first acknowledged the detrimental ef-
fect of using maximal similarity to achieve accuracy in information discoveries and
addressed the need for diversification (Agrawal et al., 2009; Carbonell & Gold-
stein, 1998; Clarke et al., 2008). Later, this idea was adopted in Recommender
Systems (RecSys), which addressed the need to overcome algorithmic biases (Edi-
zel et al., 2020) and personalization drawbacks in information filtering (Koene et
al., 2015; Pariser, 2011; Sîrbu et al., 2019). Thus, diversity and serendipity have
been treated as recommendation dimensions and approaches to increase user satis-
faction (Smyth & McClave, 2001; Ziegler et al., 2005).

Human-Computer Interaction (HCI) research is focused on the perceived di-
versity of social relationships, exploration of diversity dimensions (e.g., cognitive,
physiological, and demographic differences), and translation of gathered insights into
guidelines establishing fairer technology designs (Himmelsbach et al., 2019; Robert,
2016). Computer-Supported Cooperative Work (CSCW) research investigated the

3
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Figure 1.1 Visual interpretation of the diversity and serendipity conceptualizations based on prior re-
search.

role of differences in individual qualities (e.g., cultural diversity) in collaboration
practices (Dong et al., 2016; Wang et al., 2011), addressed strategies for diversity ex-
posure, and designed solutions to overcome the challenge of filter bubbles (Ookalkar
et al., 2019; Resnick et al., 2013). Regarding serendipity, HCI and CSCW research
explored the design space for closely related topics such as opportunistic social match-
ing (J. Mayer, 2014; J. Mayer & Jones, 2016; J. M. Mayer et al., 2015; Paasovaara
et al., 2016), increasing social awareness, and allowing chance encounters (Eagle &
Pentland, 2005; Erickson & Kellogg, 2000; Jeffrey & McGrath, 2000).

There are different abstraction levels for conceptualizing and defining serendipity
and diversity. The first human-centered conceptualization approaches diversity and
serendipity as experiential qualities and focuses on subjective perceptions of these
qualities and the societal effects they bring. The second technology-oriented concep-
tualization refers to diversity and serendipity as measurable dimensions that can be
algorithmically designed and evaluated. The common conceptual aspect in the prior
literature is that diversity is seen as the opposite of similarity. RecSys research, for
instance, defines it as average dissimilarity (Bradley & Smyth, 2001), distributional
inequality (Fleder & Hosanagar, 2007), and non-redundancy (Vargas et al., 2014).
Therefore, it can be interpreted as a perceived difference or a measurable distance
between all recommended items (presented to the user). A concept closely related to
diversity is novelty, a recommendation that is unknown by the user or objectively

4



different from previously recommended items (Vargas & Castells, 2011). While
diversity and novelty are distinguished in the prior literature, this dissertation com-
bines their qualities under one definition. Thus, in this dissertation, the following
conceptualization is used:

Diversity is conceptualized as encounters with something dissimilar (the op-
posite of users’ explicit interests) and unfamiliar (different and novel).

While diversity does not necessitate relevancy, serendipity, by definition, is an ex-
perience that results in a valuable outcome (McCay-Peet & Toms, 2015). Common
elements of serendipity in the literature include surprise and relevance (Kotkov et al.,
2016). In RecSys, serendipity is primarily defined as a difference in recommended
items in relation to users’ expectations (Kaminskas & Bridge, 2014). Some RecSys
research also suggests that the surprise element in serendipity makes encounters novel
by definition (new) (Iaquinta et al., 2010; McNee et al., 2006). However, serendipity
can occur when encountering others who are familiar or unfamiliar (Adamopoulos
& Tuzhilin, 2014), and the experience will depend on contextual settings and how
the encounters satisfy the individuals’ needs at the moment (McCay-Peet & Toms,
2015). In this work, the notion of novelty is excluded from the conceptualization:

Serendipity refers to encounters with something surprising (unsought, un-
expected) and relevant (valuable, useful) that results in a positive emotional
response.

Although there have been attempts to replicate the elements of serendipity in
recommender systems, only users can judge whether a recommendation is perceived
as serendipitous.

1.2 Scope, Focus and Empirical context

The dissertation draws on the conceptualization of PSM (Olsson et al., 2020), focus-
ing on a one-to-one social matching scenario within knowledge work as an empirical
context. This work excludes social matching for romantic purposes, as the context of
dating has received significantly more research attention and comprehensive studies
compared to the domain of PSM. Additionally, the matching criteria and goals dif-
fer significantly in the dating and professional contexts. For example, PSM involves
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criteria such as skills, expertise, industry experience, career goals, education, and
professional interests to ensure a beneficial and synergistic relationship. Romantic
matching, in turn, more personal and intimate communication, expressions of affec-
tion, romantic gestures, dates, and shared experiences to foster emotional closeness.
Therefore, limiting the focus to the professional context concentrates investigative
efforts exclusively on the intricacies and dynamics inherent to PSM, unencumbered
by the complexities and multifaceted nature of other social domains. Consequently,
it allows to establish precise research objectives and formulate targeted research ques-
tions.

PSM has been studied by various research fields, which defines the multidisci-
plinary nature of the dissertation. This research is positioned at the intersection of
the following fields (See Figure 1.2):

• HCI, which focuses on the user-centered design and evaluation of technology
(social matching applications, in this context);

• CSCW, which studies computational collaboration tools and techniques as
well as their psychological, social, and organizational effects;

• RecSys, which concentrates on user modeling, context, and social network-
ing analysis in the design and evaluation of people-to-people recommendation
strategies.

From HCI and CSCW perspective, this dissertation aims to understand the be-
havioral, social, and contextual factors in one-to-one social matching and how they
inform the design space for ICT-facilitated PSM. From a RecSys perspective, this
work addresses the design and evaluation of diversity-enhancing people-to-people rec-
ommendation strategies for PSM. The HCI field informs the dissertation’s focus on
human-centered evaluation, concentrating on subjective perceptions of recommen-
dations’ relevance rather than the efficiency and accuracy of people-recommender
artifacts.

1.3 Research Questions, Objectives, and Contribution

The dissertation’s goal is to explore the design space for serendipity-inducing and
diversity-enhancing mechanisms for PSM. The goal is achieved by addressing the
following research questions:
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Figure 1.2 Scope, focus, and empirical context of the dissertation.

• RQ1. How can experiences of social serendipity inform the design of diversity-
enhancing people recommendation strategies? This question investigates subjec-
tive experiences of social serendipity as manifestations of successful PSM. The
research question is addressed by the objectives of Publications I and II (see
Table 1.1). Understanding the characteristics of social serendipity and related
factors can inform design directions for diversity-enhancing people recommen-
dation strategies.

• RQ2. How can diversity-enhancing recommender strategies facilitate professional
social matching? This research question implies the implementation and appli-
cation of diversity-enhancing strategies in people recommendation systems for
PSM. It seeks approaches to model users based on social data and uses diversity-
inducing clustering in the recommendation pool, including content and social
networking analyses. This research question is addressed by the objectives of
Publications III, IV, and V (see Table 1.1).

• RQ3. How do users subjectively perceive recommendations based on diversity-
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enhancing strategies? This research question implies the evaluation of the pro-
posed diversity-enhancing strategies. Following a human-centered approach,
this question seeks to conceptualize measures of people-recommendation rel-
evancy for the user rather than predict the accuracy and effectiveness of the
recommendation algorithms. This work focuses on designing human-centered
experiments that enable the collection of objective and subjective observations.
This question is addressed by the objectives of Publications IV and V (see Ta-
ble 1.1).

The contribution and novelty of the research constitute the following. First, the
dissertation provides empirical insights into the characteristics and antecedents of so-
cial serendipity, highlighting the necessity for identifying novel mechanisms to foster
serendipity experiences in PSM. Second, this work introduces diversity-enhancing
strategies for people recommenders in PSM, which is an emergent research topic
related to the HCI, CSCW, and RecSys fields. Third, the dissertation proposes a
socially acceptable way to use BSD to derive insight into individuals’ personal quali-
ties for social matching. Fourth, this study contributes to the user-centric evaluation
of people recommender systems. Operationalized measures of subjective percep-
tions can be utilized in future research to evaluate social relevance. Overall, the dis-
sertation’s findings contribute to the design of people recommender systems. This
work also opens new research directions and design guidelines for unconventional
social matching systems calibrated according to the similarity-diversity continuum
and serendipity.

1.4 Research Process and Methods

The research follows a human-centered design process with two phases (see Fig-
ure 1.3). The first phase is exploratory and dedicated to defining enablers for people
recommenders—BSD and social serendipity. This phase contributed to RQ1 and
RQ2 by building theoretical grounds and resulted in:

• A literature review on the conceptualization of data types that represent online
self-representation, actions, and interactions;

• Two online surveys on social serendipity to derive subjective perceptions of
successful PSM, social relevance factors, and serendipity antecedents.
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Table 1.1 Objectives of publications

Publication Objectives

Publication I

• To provide a detailed qualitative account of the various experiential
and contextual qualities in social serendipity;

• To define key characteristics of social serendipity;
• To discuss the role of technology in social serendipity.

Publication II

• To investigate different uses of Twitter and the characteristics of
technology as antecedents of work-related serendipity;

• To explore the role of personality characteristics in experiencing
serendipity on Twitter.

Publication III

• To conceptualize and define BSD;
• To provide classification of BSD types that are available for research
and analysis;

• To provide a research agenda for BSD-driven future works and po-
tential implications for practice and research.

Publication IV

• To implement diversity-enhancing mechanism based on calibration
of similarity-difference continuum of the content;

• To study how academics perceive relevance, complementarity, and
diversity of individuals in their profession and how these concepts
can be embedded optimally in people recommenders.

Publication V

• To implement diversity-enhancing mechanism based on different
structural network positions on Twitter;

• To extend the discussion on matching strategies by utilizing analyti-
cal mechanisms beyond content-based similarity and triadic closure;

• To obtain subjective perceptions on relevance of recommendations.

The second phase aimed to design and evaluate diversity-enhancing strategies for
people recommender systems in practice. This phase contributes primarily to RQ2
and RQ3, resulting in empirical findings from two controlled experiments and op-
erationalization of evaluation measures for people recommenders.

This dissertation applies a Research Through Design (RtD) approach (Dauten-
hahn & Ghauoi, 2014), in which design is part of the research and plays an essential
role in contributing to the generation of new knowledge. In HCI, RtD discovers,
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Figure 1.3 Research process consisting of two main phases.

exemplifies, clarifies, and promotes principles that can bring about social change,
which manifests in this dissertation as a demonstration of the need for diversifica-
tion in PSM. Throughout the process, multiple research methods were used (see
Table 1.2).

The first phase of the dissertation consists of research to generate knowledge that
translates into actionable design directions for the second phase, the development of
diversity-enhancing people recommendation artifacts. The artifacts, in turn, make
interactions with diversity-enhancing people recommenders and subjective percep-
tions observable through design. Conducting experimental research with developed
people recommender artifacts exemplifies whether it is possible to overcome algo-
rithmic and human biases in PSM and results in the production of new knowledge.

1.5 Research Ethics

In conducting this research, utmost consideration was given to ethical principles and
guidelines to ensure the protection and well-being of all participants involved. We
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Table 1.2 Research methods used to address research questions.

Research Approach Data Gathering Analysis
RQ1 International online

surveys; scenarios
Likert-scale state-
ments and open-
ended questions

Qualitative data analysis – struc-
tural, axial, and focused coding
in Nvivo; Descriptive Statistics in
Tableau; Factor analysis and Linear
Regression in SPSS

RQ2 Scoping, critical and
narrative review

Selective search
based on keywords

Thematic analysis; Critical in-
terpretive synthesis; Conceptual
frameworks

Content and social
network analyses

DBLP database;
Twitter API

Natural Language Processing
(NLP), Cosine Distance, Term
Frequency-Inverse Document
Frequency (TF-IDF), Latent
Dirichlet Allocation (LDA),
Louvain Modularity algorithm

RQ3 Controlled ex-
periments, semi-
structured interview,
international online
survey

Likert-scale ques-
tionnaires and
open-ended ques-
tions

Qualitative data – elemental, ax-
ial, and focused coding for qual-
itative data; Descriptive statistics
in Tableau; Friedman test, Spear-
man Correlation test in RStudio
and SPSS

followed the policies provided by the National Ethical Committee in Finland. Ac-
cordingly, the studies did not require an ethical review, as they included informed
consent and did not involve any of the following: underage subjects, exposure to
strong stimuli, potential long-term mental distress, or intervention with the partici-
pants’ physical integrity. The studies were identified as low-risk and, therefore, did
not require an ethical review. The following summarizes the ethical considerations:

• Informed Consent. Informed consent was obtained from all participants be-
fore their involvement in the study. Consent comprehensively explained the
studies’ objectives, procedures, potential risks, and benefits. The participants
were assured of their right to voluntary participation, their ability to with-
draw from the study at any time without penalty, and the confidentiality and
anonymity of their responses.

• Confidentiality and Anonymity. To ensure confidentiality, all data collected
during the study were anonymized and stored securely. Each participant was
assigned a unique identifier code, and personal identifying information was
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erased from the research data. Only authorized researchers (co-authors) had
access to the data.

• Data Analysis and Reporting. The confidentiality of the participants’ responses
was maintained, and no identifiable information was disclosed in the final re-
port or any subsequent publications.

• Dissemination of Findings. When disseminating the research findings, efforts
were made to ensure the results were presented responsibly and transparently.
Additionally, participants were acknowledged for their valuable contributions
while their anonymity was maintained.

By upholding these ethical considerations, this research aims to contribute re-
sponsibly and ethically to the body of knowledge.

1.6 Structure of the Thesis

The thesis consists of five chapters. The Introduction (Chapter 1) describes the
background and motivation for the dissertation and addresses the key concepts of
diversity and serendipity. The Introduction also describes the scope, focus, and em-
pirical context and highlights the research questions, objectives, and contributions,
followed by a description of the research process and methods.

Chapters 2-4 have a similar structure and synthesize findings from publications
under the dissertation’s three main topics: social serendipity (Publication I & II),
the design of diversity-enhancing strategies for people recommendations (Publica-
tions III, IV & V ), and the evaluation of people recommender systems (Publications
IV & V ). These chapters explain the related research gaps and continue with the
explanation of the related research and findings conducted in this dissertation.

Accordingly, Chapter 2 starts with a review of the fundamental motivational
factors and human needs in strategic PSM. Then, I discuss prior literature on com-
putational support for PSM. The chapter introduces the definition and conceptu-
alization of social serendipity, providing an account of relevant factors for unex-
pected yet beneficial professional encounters. Chapter 3 provides an overview of
existing applications and contexts of use for people recommender systems, as well
as recommendation approaches. Chapter 3 also describes the proposed diversity-
enhancing mechanisms. Chapter 4 is dedicated to evaluating people recommender
systems, starting with a literature review on system-centric and user-centric evalu-
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ation approaches and the concept of the user experience in recommender systems.
It provides an overview of custom measures for collecting subjective perceptions on
recommendations generated based on proposed diversity-enhancing strategies, sum-
marizing findings from Publications IV & V.

The Discussion (Chapter 5) provides a reflection and conclusions to the findings.
First, the chapter revisits the research questions and the dissertation’s contributions.
Then, it addresses design considerations and limitations and outlines directions for
future work.
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2 UNDERSTANDING SOCIAL SERENDIPITY

This chapter synthesizes the results of two empirical studies on social serendipity
(Publications I & II; see the summary in Figure 2.1). While both studies investigate
the topic in professional contexts, they address different research questions and apply
different methods. The first study focuses on qualitatively understanding lived expe-
riences of social serendipity, and the second focuses on quantitatively understanding
the role of technology and other antecedents in the emergence of social serendipity.
In the following, I first discuss the conceptualization of PSM as a temporal process
and exemplify the interest in developing technology to support it. Next, the concep-
tualization of social serendipity is presented. The key findings from the two studies
are then discussed.

Understanding human behavior Understanding role of technology

Publication I Publication II

Topic of the study

Primary data type

Research outcome

Social Serendipity 
experiences in different 

contexts

Information and Social 
Serendipity on Twitter

Qualitative
(self-reported stories)

Quantitative
(Likert-Scale Statements)

Key characteristics
of social serendipity

Antecedents of
social serendipity

Figure 2.1 Overview of Publication I and Publication II, highlighting differences between studies in
relation to research focus, topic, data types, and outcomes.
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2.1 Background: Professional Social Matching and Social
Serendipity

2.1.1 Strategic Professional Social Matching

PSM is a process in which new ties are established to exchange beneficial interper-
sonal resources for work-related activities. The term “PSM” was coined relatively
recently. Therefore, most prior research covered in this subsection addresses the
topic from the perspective of social networking for professional gain. Previous re-
search indicated that strategic social networking positively impacts individual and
organizational performance, fostering career success (Collins & Clark, 2003; Cross
& Thomas, 2011; Kay, 2010; Sparrowe et al., 2001). Conceptually, it is seen as
a goal-directed activity and as a behavior. For example, goal-directed networking
aims to improve leadership and work performance and facilitate job tasks (Michael
& Yukl, 1993; Yukl, 2012) by accessing interpersonal resources (e.g., valuable in-
formation and data). Alternatively, goal-directed networking can be related to ac-
quiring connections to increase visibility, open new opportunities for professional
growth (Claes & Ruiz-Quintanilla, 1998; De Vos et al., 2009), or succeed in a job
search (Granovetter, 2018; Van Hoye & Saks, 2008). This dissertation focuses on
the second conceptualization and approaches PSM as a set of networking behav-
iors (Porter & Woo, 2015; Wolff et al., 2008) to facilitate work-related activities by
maximizing mutual advantages in dyadic relationships.

Porter and Woo (2015) have distinguished three fundamental phases in network-
ing: initiation, growth, and maintenance. Subscribing to Porter and Woo (2015)’s
conceptualization, I provide a visual interpretation of the PSM process (see Fig-
ure 2.2). In contrast to Porter and Woo (2015), I divide the initiation phase into two
parts. First, the connection starts with the introduction of two individuals guided by
a rational schema (curiosity or interest) about the prospective benefits of establish-
ing a new relationship. External and internal contexts often influence this phase. It
requires that at least one of the individuals has a need to establish new ties (e.g., they
need to find an expert) and that opportunities are available to approach others (e.g.,
at a networking event). Following a successful introduction, initial exchange interac-
tionsmay begin, where individuals assess each other’s valued resources and deliberate
what to offer and ask for in return. If a mutual benefit is revealed, the individuals

16



might proceed to the growth phase, which is characterized by building behaviors
(reciprocation) to exchange interpersonal resources and establish trustworthiness. If
the interactions are mutually rewarding and perceived as trustworthy, the individu-
als reach the maintenance phase, resulting in mature relationships based on integrity
and benevolence. At this phase, the individuals are willing to share interpersonal
resources, even if it is advantageous only for a single individual.

Initial Exchange 
Interactions

Assessing valued 
resourcesIntroduction

Approaching or 
being approached

Maintenance
Maturity, integrity 
and benevolenceGrowth

Reciprocating
and trust building

Mutually interested 
to follow-up

Mutual benefits
identified

Mutually gratifying 
interactions

TimeHigh

Low

Ph
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e P
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Figure 2.2 Visual interpretation of PSM processes. Occurrence probability decreases for phases that
happen later.

PSM progresses over time, and the probability of establishing mature relation-
ships is low. Only a few new encounters reach even the second phase if there is no
mutual interest in following up and investigating prospective benefits. Similarly, both
parties should identify the mutual advantages to achieve the growth phase. Typically,
after valued resources are shared and used for work-related activities, interactions
may end and not reach the maintenance phase. The individuals’ interactions should
be mutually gratifying to achieve maturity, when they begin to value the connection
in their social circles and trust that benefits will follow without the need to ask.

2.1.2 Computational Support for Professional Social Matching

Supporting PSMwith computational solutions has been a prominent topic for decades
in the commercial and academic sectors. LinkedIn is one of the most well-known
commercial services, primarily supporting strategic networking for job searches and
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simplifying recruitment processes. Various applications have been built to facilitate
the matching of like-minded professionals, such as Shapr1, Common Connect App2,
Brella3, and Invitely4. These applications primarily utilize simplistic mechanisms to
present social recommendations, such as a profile picture, name, affiliation, and a
short bio or keywords of interest (see Figure 2.3). There are also non-commercial
event-based services designed to support social networking among scholars and en-
hance the experience of research communities at conferences, such as Find & Con-
nect (Chin et al., 2014), Confer (A. X. Zhang et al., 2016), Conference Naviga-
tor (Brusilovsky et al., 2017).

Description of the goal

Keyword Keyword

Keyword Keyword

Name Surname
Title

Location

Description of the goal

Keyword
KeywordKeyword

Keyword

Name SurnameTitle
Location

MEET!

Pass Meet

Name Surname
Title, Affiliation

Name Surname
Title, Affiliation

Name Surname
Title, Affiliation

Name Surname
Title, Affiliation

Name Surname
Title, Affiliation

Name Surname
Title, Affiliation

Figure 2.3 Examples of mechanisms for presenting social recommendations in modern social match-
ing applications for building professional networks.

The contemporary strategy is to introduce social recommendations in a list for-
mat that emphasizes the profile picture and provides fewer details about the profes-
sional persona (see Figure 2.3). Such approaches have been derived from a content

1See https://shapr.co
2See https://www.commonconnectapp.com
3See https://www.brella.io
4See https://invitely.com
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recommendation system, where seeing the product or item is essential. Such an ap-
proach might be sufficient for the lightweight and low-cost considerations in social
matching (e.g., adding a known contact to a friend list). However, PSM is distin-
guished by the complex spectrum of collaboration and partnering needs, where it is
difficult to judge the relevance of potential connections based only on appearance.
Prior research acknowledges the limitations and biases that traditional profile pre-
sentation can bring to PSM (Archer & Zytko, 2019). The profile picture still plays a
central role in the design gaudiness for PSM, however, research suggests utilizing vi-
sual assets that depict collaboration and expertise opportunities rather than physical
appearances (Zytko & DeVreugd, 2019).

In terms of supporting social interaction, such applications and services mostly
facilitate the first phase of the PSM process—introducing opportunities. The rest
depends on direct communication between individuals to determine whether there
is a mutual match and a willingness to interact. Therefore, there are few encouraging
or persuasive features, because these networking services are designed primarily for
goal-oriented individuals who can formulate their needs in a simple profile. Although
using such services might expand the number of encounters, there is limited support
for value creation between professionals. Focusing on the users’ similar interests or
goals also disregards their need for complementary expertise. However, knowledge
workers would benefit from lucky, unexpected encounters and proactive suggestions
from the system rather than a user-initiated search for similar others. Learning from
examples of social serendipity can facilitate social interactions with the design of
non-conventional recommendation strategies.

2.1.3 Social Serendipity: Happystances in Professional Life

Serendipity refers to uncontrolled circumstances that lead to unexpected yet fortu-
nate discoveries (Merton & Barber, 2011) prompted by an individual’s interaction
with ideas, information, or objects (McCay-Peet & Toms, 2015). Prior research
has investigated the phenomenon primarily within the context of information re-
trieval (Agarwal, 2015; Bawden, 2011) and knowledge building (Buchem, 2011;
Nutefall & Ryder, 2010), giving birth to the term information serendipity. This type
of serendipity results in valuable encounters with content or knowledge, which is ad-
vantageous and impactful for creativity and innovation (Anderson, 2011; Johnson,
2011). However, experiences where unsought valuable social connections are made
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(social serendipity) have been acknowledged but not studied empirically (McCay-Peet
& Wells, 2017). In professional life, social serendipity can result in fruitful collab-
oration, successful recruitment, and the discovery of novel information from peers.
For example, one of the participants in the first study (Publication I) describes his
story:

“I was at the ski slope trying to do downhill for my second time. It was a
tough day, and I was completely exhausted from falling, hitting other people
and trees. A person, who was passing by few times, stopped and started to
teach me how to turn and brake. He spent around 20 minutes with me.
During the next day, I have met him again but on the lift. We had a nice life
deep conversation and spent some time skiing. During our short lift-talk, we
ended up realizing that our research interests and fields are almost the same.
We have changed cards and now have a collaboration going!” (Male, 25
y.o., Researcher)

Similar to PSM, serendipitous experiences are often conceptualized as a process-
based activity. Various models have been proposed to describe key phases and im-
portant factors (Makri & Blandford, 2011; McCay-Peet & Toms, 2015; Pease et al.,
2013; Sun et al., 2011). Figure 2.4 shows the key phases of social serendipity mapped
to the PSM process. In PSM processes, first the encounter is initiated. In serendipity
experiences, the individuals’ introduction occurs due to so-called Triggers, which in
the present research are broken into Contextual (environmental settings) and Inter-
action (social settings). For example, contextual triggers refer to places where the
encounter happened (in the example story, a ski slope); interaction triggers refer to
initial social engagement (e.g., bumping into a person several times leads to an initial
conversation). The assessment of instrumentality in social serendipity occurs within
theConnection phase—the proactive clarifying of triggers and estimating prospective
benefits. For instance, this phase relates to the revelation of commonalities (similar
interests, experiences) or complementary skills beneficial to both individuals. The
deliberate assessment of valued interpersonal resources can lead to the growth of
social relationships and motivate individuals for Follow-up activities (e.g., repeated
meetings) to reach a Valuable Outcome (work-related or positive personal impacts).
Therefore, the valuable outcome phase refers to the subjective value of newly estab-
lished relationships that motivate people to advance and maintain their connection.
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Figure 2.4 Social serendipity process in relation to PSM phases.

Although the general notion of PSM does not require progressing relationships
to reach a valuable outcome, social serendipity, by definition, is a complete and suc-
cessful experience that always results in benefits. It is worth pursuing to induce
these experiences. Prior research suggested that whether individuals can experience
serendipity depends on whether physical or digital environments possess key affor-
dances for serendipity (Björneborn, 2017). As seen in the story example, contex-
tual and social settings play a significant role in initiating the experience via various
triggers that might have the capacity to induce serendipity. Figure 2.5 provides a
synthesis of the triggers classification and the types of serendipity affordances, which
were derived and interpreted from the works of de Melo (2018) and Björneborn
(2017). Accordingly, triggers’ capacity to enable access to diverse, dissimilar, and
incomplete content refers to Diversifiability affordance. Coupled with an individ-
ual’s ability to be open-minded, such an affordance can spark playfulness, curiosity,
and interest, which are essential for noticing serendipitous cues. Next, if the triggers
allow individuals’ mobility and divergent exploration within the environment, they
might possess the so-called Traversability affordance. This can motivate individuals
to search for unsought, enable immersion, and stumble, essential activities to in-
crease the likelihood of serendipitous occurrences. Finally, Sensorability affordance
refers to triggers’ ability to stimulate the senses and has a high degree of rich stimuli.
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Coupled with individuals’ sensitivity and attention, sensorability produces a sense of
surprise and recognizes the serendipitous experience.

Diversifiability

Curosity
Interest

Playfulness
Open-Mind

Traversability
Searching
Immersion
Stumbling

Sensoriability
Attention
Surprise

Experience

Capacity of 
allowing diversity, 

dissimilarity, 
incompleteness 

Capacity of 
allowing mobility 

and divergent
 exploration 

PHYSICAL AND DIGITAL TRIGGERS

Things
Inanimate material objects 
(pens, desks, cups, desks)

Digital artifacts (notifications, 
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Places
Physical environment (buildings, 
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Digital environment (social networking 
platforms, mobile applications)

Agents
Animate beings (human 
beings, pets, and animals)

Artificial beings (chatbots, 
artificial intelligent agents)

Events
Co-location 
(physical presence)

Distributed events 
(a remote presence)

Physical

Digital

Capacity of 
stimulating senses,
richness of stimuli

Inducing Serendipity

Figure 2.5 Triggers and key affordances for serendipity.

Well-known digital environments, such as Google and Twitter, have been rec-
ognized as having affordances for serendipity. Such services emphasize dynamism
and diversity as critical qualities that open access to diverse information and differ-
ent paths to encounter it (Lutz et al., 2013; McCay-Peet & Quan-Haase, 2016). A
branch of research investigated how to design for serendipity, resulting in a debate
about whether it is possible to develop technological features that enable serendip-
ity (Lutz et al., 2013; Makri et al., 2014). RecSys research has chosen to replicate
serendipitous qualities such as unexpectedness, novelty, and relevance (Adamopou-
los & Tuzhilin, 2014; Iaquinta et al., 2008; Oku & Hattori, 2011; Y. C. Zhang
et al., 2012) to amplify diversity and user satisfaction in content recommendations.
Serendipity’s potential value in matching people has been acknowledged but not em-
pirically studied in RecSys (Pizzato et al., 2013). IR research took the opposite
position, claiming that engineering serendipity is an oxymoron (André et al., 2009;
McBirnie et al., 2016), but it is possible to facilitate the perception of serendipity
through strategies that promote divergent exploration, seize opportunities, and relax
personal boundaries (Makri et al., 2014). CSCW andHCI studies on social matching
and networking have proposed various designs that support chance and spontaneous
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encounters and increase social awareness (Eagle & Pentland, 2005; Erickson & Kel-
logg, 2000; Jeffrey &McGrath, 2000), yet such approaches do not necessarily result
in serendipity.

Although prior research acknowledges serendipity’s importance in knowledge
work, little attention has been paid to its social component, resulting in a lack of
empirical understanding of related subjective experiences and the role of technology
in unsought PSM. Various disciplines have examined the phenomenon and proposed
designs for it, mainly within the context of information retrieval and content recom-
mendations. This dissertation calls for a thorough exploration of social serendipity
as a manifestation of successful PSM by presenting two studies on experiences of
social serendipity in digital and physical environments.

2.2 Results: Key Factors and Antecedents of Social Serendipity

The findings indicate that knowledge workers were exposed to social serendipity
across organizational boundaries in various contexts, including physical and digital
environments, resulting in a broad spectrum of perceived benefits (see Table 2.1).
The results also present a variety of contexts and stimuli that influence the social
networking process. The ambiguity in distinguishing between serendipity and pure
chance contributes to differences in the complexity of perception and essential factors
within the reported processes of making unsought connections. Therefore, the find-
ings conclude that social serendipity is a subjectively perceived, well-formed, coher-
ent, and deliberately acknowledged experience that unfolds over time and embraces
the joy of unexpected fortune. The primary difference between social serendipity
and pure luck and chance is that it is a proactive, interactive, and reciprocal process
that requires people to invest in and commit to reaching a beneficial outcome. Both
studies illustrated that technology plays a limited role in social serendipity and con-
cluded that the phenomenon is mainly associated with factors related to individual
characteristics, such as personality and behavior.

While prior research on serendipity acknowledges only that personality charac-
teristics play a role in experiencing serendipity (McCay-Peet & Quan-Haase, 2016),
the present findings provide empirical evidence (see Table 2.2). The results of the
first study revealed that people tend to experience social serendipity when there is
no time pressure, and they have the internal capacity to socialize and remain open to
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Table 2.1 Summary of experiential categories in perceived social serendipity and related examples
from Publication I.

Experience category Examples

Contextual trigger

• Public places (e.g., airports, clinics, train stations, hotels,
bus stops)

• Professional events (e.g., conferences, exhibitions, semi-
nars)

• ICT-mediated environments (e.g., phone and video calls,
emails)

• Work premises (e.g., kitchens, meeting rooms, offices)
• Educational premises (five stories); social events (e.g.,
fairs)

Interaction triggers

• Direct communication (e.g., small talk, official meetings)
• Repeated encounters
• Unsought interactions
• Receiving assistance or advice

Connection phase

• Revealed commonalities, e.g., job fields, professional and
personal interests, hobbies, life goals

• Revealed complementarities, e.g., professional skills and
needs, different backgrounds and viewpoints

Follow-up phase
• Repeated interactions, e.g., multiple meetings or chats
• Contact information exchanges

Valuable outcome

• Primary—professional, e.g., collaboration, vocational
growth, business partnership

• Secondary—social and personal, e.g., friendship, extended
social networks, mentoring

opportunities. Following the Big Five Personality Traits (Gosling et al., 2003; Lang
et al., 2011), the second study investigated the roles of openness to experience, neu-
roticism, agreeableness, conscientiousness, and extraversion in experiencing social
serendipity (see Table 2.2). The findings statistically consolidated the importance
of openness to experiences. This is an expected yet influential factor, because previ-
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ous research conceptualized such openness as a “prepared mind,” which is essential
for recognizing and perceiving serendipity (e Cunha et al., 2010; McBirnie, 2008).
Neuroticism is another crucial personality characteristic found to positively associate
with social serendipity. Typically, neuroticism is seen as a negative trait that manifests
as a tendency to experience negative emotions such as anxiety andmoodiness (Barlow
et al., 2014). However, there are positive aspects of neuroticism, such as an ability to
mind-wander and shift attention to task-irrelevant thoughts (Robison et al., 2017).
Such behavior would ensure more space for idle moments and associative states of
mind necessary for noticing unsought yet valuable opportunities (Makri et al., 2014;
McCay-Peet & Toms, 2015). The findings also illustrate that being conscientious
(i.e., organized and task-oriented) is unfavorable to social serendipity—the less or-
ganized and self-disciplined the person, the higher the probability of encountering
serendipitous contacts.

The first study demonstrates that most socially serendipitous experiences oc-
curred in physical environments, and only seven of 37 cases featured ICT-mediated
environments such as social network services, phone or video calls, or emails. The
findings suggest that technology played an insignificant role by enabling chance en-
counters, while follow-up activities and value creation took place naturally without
technological assistance. The second study statistically consolidated technology’s mi-
nor role in social serendipity. Drawing from functional affordances theory (Hartson,
2003; McGrenere&Ho, 2000), the study addressed how intrusive features (enabling
connectivity among users), usability features (the usefulness of an IT service), and
dynamic features (the frequency of changes in the IT environment) associate with so-
cial serendipity. Such functional affordances refer to technology characteristics such
as presenteeism, self-disclosure, recommendation quality, and pace of change that
might help the user achieve socially serendipitous experiences. The study’s primary
assumption was that the quality of the recommendation, which aims to enrich the
user experience in many ways, would also facilitate social serendipity. However, the
findings reveal that, apart from presenteeism (the extent to which users believed that
technology made them reachable and accessible), other characteristics did not affect
social serendipity.

In summary, serendipity in social contexts, particularly in knowledge work, has
been underexplored in empirical research. In contrast to prior research that focuses
primarily on information serendipity, this dissertation unfolds the multifaceted na-
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Table 2.2 Excerpt of Publication II findings illustrating antecedents of Information Serendipity (IS) and
Social Serendipity (SS). N=473, unstandardized β values, CI= confidence intervals, * p
<0.05, ** p <0.01, *** p <0.001

IS SS IS SS
β (sig.) β (sig.) (95% CI) (95% CI)

(Constant) .326 0.569 [-0.544, 1.195] [-0.439, 1.577]
Background characteristics

Gender 0.037 0.104 [-0.131, 0.205] [-0.091, 0.298]
Age -0.005 -0.008 [-0.014, 0.004] [-0.018, 0.002]

Twitter use experience 0.167*** 0.103 [0.047, 0.287] [-0.036, 0.242]
Number of Followees 0.89 0.128 [-0.276, 0.016] [-0.044, 0.299]
Number of Followers -0.130* -0.161* [-0.059, 0.237] [-0.330, 0.008]

Personality characteristics
Openness to experience 0.147*** 0.158*** [0.078, 0.234] [0.067, 0.249]

Neuroticism 0.080** 0.075** [0.015, 0.141] [0.002, 0.148]
Agreeableness -0.035 -0.018 [-0.144, 0.055] [-0.134, 0.097]

Conscientiousness -0.074* -0.113** [-0.151, 0.012] [-0.207, -0.018]
Extroversion 0.001 0.025 [-0.065, 0.062] [-0.049, 0.098]

Twitter charcteristics
Presenteeism 0.593*** 0.508*** [0.472, 0.696] [0.378, 0.638]
Self-disclosure -0.017 0.046 [-0.115, 0.080] [-0.067, 0.159]

Recommendation quality 0.067 0.064 [-0.018, 0.162] [-0.040, 0.169]
Pace of change -0.031 -0.004 [-0.125, 0.077] [-0.121, 0.113]

Types of Twitter use
Professional use 0.181*** 0.144** [0.072, 0.286] [0.020, 0.268]

Receiving 0.191** -0.038 [0.000, 0.318] [-0.222, 0.146]
Broadcasting 0.060 0.007 [-0.084, 0.235] [-0.179, 0.192]
Interacting -0.252*** 0.044 [-0.385, -0.108] [-0.116, 0.205]
R squared 0.37 0.27

ture of social serendipity. The analysis revealed qualitative and quantitative insights
into various aspects, characteristics, and antecedents of social serendipity. The com-
plex nature of serendipitous experiences suggests the need to identify new mecha-
nisms to promote serendipity in professional contexts.
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3 DESIGNING DIVERSITY-ENHANCING

STRATEGIES

This chapter synthesizes the findings of Publications III, IV, and V and aims to un-
derstand social data sources and diversity-enhancing strategies for people recommen-
dations (see Figure 3.1). Publication III is an exploratory literature review that ad-
vances the understanding of implicit social data types that can be used to profile
and model users. Understanding the sources of BSD, in turn, can guide analyti-
cal procedures for designing diversity-enhancing recommendation strategies, which
are presented in experiment-based studies in Publications IV and V. I provide an
overview of people recommender systems and existing recommendation approaches
in the following. Next, the description of proposed diversity-enhancing strategies is
presented.

Social data sources Recommendation approaches

Publication III Publication IV

Topic of the study

Primary data type

Research outcome

Big Social Data Diversity-enhancing people 
recommendation

Qualitative
(literature review) Bibliography data

Conceptualization 
of BSD, 

classification of 
data types

Hybrid analytical procedures of social 
data analysis for people 

recommendations 

Publication V

Twitter data

Figure 3.1 Overview of Publications III, IV, V highlighting differences among the studies in relation to
research focus, topic, data types, and outcomes.
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3.1 Background: Recommender Systems and Recommendation
Approaches

3.1.1 People Recommender Systems

With the emergence of social media services and pioneering research on social match-
ing by Terveen and McDonald (2005), people-to-people recommendations became
the distinct domain of the social recommenders (Guy, 2015). In his recent research,
Guy (2018) proposed a relationship-based taxonomy of people recommendation sys-
tems that distinguished social matching approaches based on:

• Familiarity—recommending known actors like friends and colleagues (Guy
et al., 2009; L. Zhang et al., 2011);

• Interest—establishing unidirectional relationships with familiar but not neces-
sarily known actors (e.g., following a celebrity or finding an expert) (Hannon
et al., 2010; Yogev et al., 2015);

• Similarity—introducing strangers with similar interests to grow the network
(Guy et al., 2011; Lopes et al., 2010).

This dissertation mainly subscribes to the third type of matching yet is not limited
to a singular similarity or familiarity level. Instead, this work approaches different
kinds of recommendations from the perspective of recommendation strategies and
their features (see Figure 3.2).

CONVERGENT
Features

User profiling   •

Machine-learning   •

Personalization   •

Catering to needs   •

Signaling   •

Types of recommendation strategies

DIVERGENT

HYBRID 

(Predictable)

meeting 
users’

expectations

(Diversity-driven)

expanding 
users’

horizons

Features

•  Randomization

•  Defamiliarization

•  Lack of control

•  Unpredictability

• Noise

Filter bubbles Indifference

Figure 3.2 Types of recommendation approaches and corresponding features.
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Inspired by the classification of convergent and divergent systems suggested by
de Melo (2018), I distinguish between convergent and divergent recommendation
strategies. Convergent systems cater to users’ needs, tastes, and interests, while di-
vergent systems tend to neglect previously mentioned and provide random sugges-
tions. Most of the social networking tools discussed in Section 2.1.2 represent exam-
ples that utilize convergent strategies for professional matchmaking. Many expert-
finding systems use convergent strategies. They provide recommendations based on
targeted search criteria, prioritizing those that fit the query (Al-Taie et al., 2018;
Lin et al., 2009). Convergent recommendations focus on meeting and predicting
user expectations through personalization. Such strategies strongly depend on user
profiling and modeling and analyze users’ explicit input data and implicit interaction-
or behavior-based signals. While these strategies aim to achieve maximal relevance
of recommendations, they are highly likely to trap users in filter bubbles (Pariser,
2011) and provide similar suggestions (in relation to one another).

In contrast, divergent strategies promote diversity exposure (Helberger et al.,
2018), prioritizing the breadth of the recommendation pool over the relevancy.
Typically, such a strategy is achieved through randomization and defamiliarization
techniques (Bardzell, 2013) by limiting the user’s role or agency in affecting the
filtering mechanisms. The opportunistic social matching application “Next2You,”
which recommends nearby strangers and builds on progressive disclosure (Paaso-
vaara et al., 2016), applies a divergent strategy for social networking. Users have
no control over the recommendations they receive and passively collect interesting
facts about encounters in proximity. Thus, divergent strategies are characterized by
high unpredictability, resulting in a high rate of irrelevant suggestions and subjective
indifference toward them.

I consider hybrid recommendation strategies to be a diversity-enhancing opti-
mum. They utilize diversity exposure, also taking into account the relevancy di-
mension. The following provides examples of such strategies and addresses related
recommendation approaches.

3.1.2 Existing Recommendation Approaches

All recommendations essentially start from the users’ input data. Based on the lit-
erature review (Publication III), I identified three primary data types that can be
collected and further used for profiling, modeling, and filtering mechanisms. The
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first type is digital self-representation data, which refers to explicit information that
users share to socialize and express themselves online. This data type includes login
data, typically used as an identifier to locate users in the global dataset and person-
alize recommendations. Location data can also be used as a filtering dimension to,
for instance, recommend people who are in proximity. This data type also includes
self-published content, such as posts, tweets, and various media, which is often the
target data to analyze interests, expertise, and knowledge to produce recommenda-
tions. The next type is technology-mediated communication data, which relates to
traceable social interactions between users, such as mentions, comments, and likes,
which could be used to identify interaction patterns. The last type is digital relation-
ships data, widely used in recommendations to filter out existing connections and
identify new ones. It could be explicit—visible in the list of the user’s connections
(e.g., friendship, followership), and implicit, derived from interaction patterns and
community network structures using social network analysis methods.

Following such a data classification, traditional approaches to people recommen-
dations can be categorized into content-based (content analysis) and network-based
(social connection analysis). Typical content-based approaches compare profiles to
reveal topical similarities or shared interests (Guy et al., 2011; Lopes et al., 2010;
Van Le et al., 2014). They often use text-based analytical procedures such as TF-
IDF (Beel et al., 2013) and LDA (Blei et al., 2003) and weight similarity accord-
ing to the cosine distance (Li & Han, 2013). A specific case study on Twitter
illustrated how to match people based on the similarity of popularity and activ-
ity by comparing the ratios of users’ followees and followers and the number of
tweets (Garcia-Gavilanes & Amatriain, 2010). Network-based approaches analyze
social links between people and predict potential new connections. A well-known
network-based approach is based on the triadic closure principle (friend-of-friend
connection) (Carullo et al., 2015), which Facebook and LinkedIn use. There is also
an approach based on the weak ties theory (Granovetter, 1983), which aims to en-
hance networks’ structural diversity by bridging existing communities with strong
ties (Sanz-Cruzado & Castells, 2018).

Since traditional approaches have been criticized for supporting homophily bias
(Kossinets & Watts, 2009) and causing social polarization (Fuchs, 2017), RecSys
research has started to promote and employ hybrid approaches as a diversification
strategy. Primarily, hybrid approaches in people recommendations can be classified
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into three diversity-driven categories: diversity of features, analytical procedures,
and data.
Diversity of features is the most conventional approach and focuses on obtaining

multiple features from the user: explicit or implicit characteristics such as interests,
social networks, and affiliations, among others. A representative example is a rec-
ommendation system by Tsai and Brusilovsky (2019), which builds on the beyond-
accuracy objective, addressing the dynamic needs of social matching among scholars.
The authors proposed extracting four features:

• Academic feature—the degree of topical publication similarity;

• Social feature—social circle similarity among academics, combining common
neighbor networks and co-authorship;

• Distance feature—geographical distance among scholars based on affiliation;

• Interest feature—identification of co-bookmarked articles and connected au-
thors.

Diversification of the recommendations pool is achieved by combining pairs of
features, resulting in intersections of their relevance. In addition to the diversity of
features, the authors designed a diversity-enhancing visual interface, “Scatter Viz,”
that facilitates exploratory investigation of potential matches. Another example,
Amal et al. (2019) proposed building a relational social graph that allows feature
extraction, including interests, affiliation, residence, and awards, to match scholars.
There is also a case study on extracting contextual features, such as mobility and
activity, for followee recommendations on Twitter (Q. Yuan et al., 2015).
Diversity of analytical procedures refers to utilizing hybrid analysis techniques to

filter the recommendation pool. A typical approach is to combine content and so-
cial network analyses to increase the relevance of recommendations (Kong et al.,
2016). This can include Brusilovsky et al. (2017) demonstrated synergy of content-,
tag- and social-based methods and analysis of publications’ metadata, tags, and co-
authorship networks. Another example complements the identification of content
similarity with sentiment analysis, which allows recommending followees on Twitter
with either similar (Akiyama et al., 2017) or different (Gurini et al., 2013) emotional
responses to a common topic of interest.
Diversity of data combines various data sources for profiling, modeling, and filter-

ing. The domain of matching scholars at conferences was the primary contributor to

31



this category of hybrid approaches. For instance, the “Conference Navigator” sys-
tem (Tsai & Brusilovsky, 2016) extends user modeling by fetching Google Scholar,
ResearchGate, Twitter, and Wikipedia data using the Google Custom Search API
and further employing content and network similaritymeasurements. Arens-Volland
and Naudet (2016) implemented a mobile application prototype, “Adaptive Con-
ference Companion,” enriching users’ profiles by social network mining, including
analyses of LinkedIn, ResearchGate, MyScienceWork, Google Scholar, and DBLP
data. Explicit (users’ input) and implicit (results from social network mining) infor-
mation allowed the extraction of various features, such as skills, topics of interest,
affiliations, residence, disciplines of interest, event objectives, and others. Combin-
ing data sources is a powerful approach for enriching the diversity of recommenda-
tions, but it is costly and limited by complications due to the recent General Data
Protection Regulation (GDPR).

3.2 Results: Proposed Diversity-enhancing Strategies

Considering practicalities and available resources for the experiment-based research,
this dissertation contributes to the diversity of analytical procedures by combining
content- and network-based approaches to diversify the recommendation pool. As
publication data and Twitter data were available for research without restrictions,
they were selected as primary data sources for producing people recommendations.

Publication IV proposes a recommendation strategy based on the analysis of the
similarity-difference continuum (see Figure 3.3). The DBLP dataset of Computer
Science publication records was used to produce recommendations for scholars. The
topics of interest were modeled with TF-IDF, which allows the formation of feature
vectors needed to measure the similarity between actors (i.e., the calculation of co-
sine distances). The novel aspect of the strategy is to apply the OTSU filter (Otsu,
1979) to identify similarity thresholds and filter the pool of recommendations based
on three degrees of similarity—high, moderate, and low. This beyond-maximal-
similarity approach is especially relevant in the scholarly domain due to the diverse
needs of collaboration, which can require complementary or varied areas of exper-
tise.

Publication V demonstrates how to diversify the recommendation pool by identi-
fying topology-based structural network positions (see Figure 3.3) using Twitter data
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Figure 3.3 Diversity-enhancing strategies based on similarity-difference continuum and topological
structural network positions proposed in Publications IV and V.

to recommend scholars and stakeholders at local universities in Tampere, Finland.
The user modeling was performed with an unsupervised topic modeling algorithm
LDA. As the primary goal was to assess the structural network positions as filtering
dimensions for followee recommendations, the cosine distances were calculated to
retrieve the highest similarity, so it would not affect the evaluations. The novelty
of the proposed strategy lies in combining mention-based and followership-based
networks to identify different types of structural network positions:

• Dormant ties—followership with no explicit interactions;

• Mention-of-mention—a friend-of-friend connection in a mention network;

• Community-based—users belong to a shared community with no explicit fol-
lowership or interactions.
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Producing such recommendations may help decrease social polarization in online
networks and expand social circles by exposing users to connections they would
otherwise miss in contemporary systems that employ convergent strategies.
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4 EVALUATING PEOPLE RECOMMENDER SYSTEMS

This chapter summarizes findings on subjective perception regarding recommenda-
tions produced with proposed diversity-enhancing strategies from Publications IV
and V. Publication IV evaluated scholars’ perceptions of relevance about potential
collaborators with three levels of similarity viewed from the perspective of computed
content distance. Publication V aimed to assess perceptions of followee recommen-
dations on Twitter from the perspective of different network structural positions.
Although how the recommendations were produced and the empirical contexts were
distinct, both publications followed a user-centered approach, focusing more on the
user experience than traditional accuracy measures to identify recommendation ef-
ficiency. Therefore, the evaluation was based on subjective attitudes and opinions
collected through custom measures for variables and included perceived relevance,
familiarity, similarity, and willingness to interact or follow up on recommendations.
In the following, I first address the relevant literature on recommender system eval-
uation and then summarize the results.

4.1 Background: Evaluation Approaches and User Experience in
Recommender Systems

4.1.1 Systems-Centric vs. User-Centric Evaluation Approaches

The goals and purposes of recommender systems vary significantly, which leads to
challenges for systematic and unified approaches in evaluating them (Herlocker et al.,
2004). For instance, some recommenders are designed to test new algorithms, and
others focus on improving the user experience while interacting with recommenda-
tions. Evaluation techniques for such diverse objectives need to be tailored accord-
ingly. Prior research suggests classifying evaluation approaches into system-centric
(i.e., evaluating algorithmically) and user-centric(evaluating with user-centered stud-
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ies or experiments) evaluation (Cañamares et al., 2020; Cremonesi et al., 2013).
Usually, system-centric evaluation uses a prebuilt set of user opinions on rec-

ommendation items as a ground truth (Cremonesi et al., 2013). Users do not in-
teract with the system, and the evaluation aims to measure the recommendations’
accuracy by comparing the ground truth datasets against the recommender system’s
predictions. The user-centric evaluation aims to observe the recommender system’s
use by actual people. Measurements can be collected through interviews, surveys,
and controlled experiments. The system-centric evaluation approach has histori-
cally been more established, yet recent findings illustrate the increasing importance
of user interaction in evaluating recommender systems (Cremonesi et al., 2013).
System-centric approaches have been shown to overlook essential factors that af-
fect the adoption and perceived usefulness of recommendations (Carraro & Bridge,
2020; Knijnenburg et al., 2012). Therefore, many researchers turned their attention
to the role of the user experience in recommender systems (Champiri et al., 2019;
Knijnenburg et al., 2012; Konstan & Riedl, 2012).

The system-centric approach is often chosen over the user-centric approach, as
it is more cost- and time-efficient (Cremonesi et al., 2013). However, only user-
centric evaluation can reveal insights on the perceived relevance of recommendations
and the overall user experience, which many argue is more important than the pure
accuracy measure (Buder & Schwind, 2012; Knijnenburg et al., 2012; Pu et al.,
2012). Recommendations can be accurate but not always useful in supporting users’
decision-making. We might encounter such flaws every day in online recommenders.
For example, if I buy a black towel, I will see only black towels in my recommender
feed or targeted ads. It is accurate that I like black towels, but I already bought
one, so these recommendations are no longer relevant. However, this is exactly how
accuracy metrics (Shah et al., 2017) such as prediction accuracy, decision support
accuracy, and rank-recommendation metrics test recommenders. Such evaluations
can lead to homogenization (Konstan & Riedl, 2012), where popular and previously
rated recommendations are prioritized over less popular items or those with limited
historical data (Cremonesi et al., 2011).

That said, system-centric evaluation approaches cannot evaluate all types of rec-
ommender systems, as accuracy alone does not ensure a positive user experience and
relevant recommendations (Cremonesi et al., 2013; McNee et al., 2006). Previ-
ous research illustrates a lack of correlation between algorithmic accuracy and an
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improved user experience: Statistical accuracy metrics inconsistently predict recom-
mendations’ perceived quality (Cremonesi et al., 2011). Research has proposed that,
even at the expense of accuracy and precision, recommenders should prioritize user
needs (Bobadilla et al., 2013).

Prior literature suggested that recommender systems consist of three primary
parts (Xiao & Benbasat, 2007):

1. Input—elicits users’ preferences;

2. Process—generates recommendations;

3. Output—delivers recommendations.

System-centric metrics primarily focus on the process, while input and output
are scarcely addressed (Xiao & Benbasat, 2007). However, they are crucial to the
user experience (Pu et al., 2012). Eliciting user preferences is the first phase, where
the user interacts with recommenders via searching, browsing, or purchasing. Next,
the delivery phase is crucial to the user’s first subjective perceptions and impressions.
Finally, users can often provide feedback on recommendations by selecting or rating
items, which reveal user preferences. Knijnenburg et al. (2012) also emphasized that
the user experience is not only affected by the system. Contextual and personal char-
acteristics significantly influence subjective perceptions. Therefore, evaluating how
recommendations are perceived is insufficient, and it is important to assess whether
user needs were met to understand the user experience comprehensively (Herlocker
et al., 2004; McNee et al., 2006).

The most significant advantage to user-centric approaches is that the gathered in-
sights help us understand what constitutes good or bad recommendations and why
they are perceived as such (Konstan & Riedl, 2012). However, user-centric ap-
proaches have been used less than system-centric approaches. According to Konstan
and Riedl (2012), unlike system-centric approaches, user-centric approaches demand
resources: A system or prototype must be developed with algorithms and the user
interface to carry out field studies or experiments with actual users and measure
their behavior. In addition, the user experience in recommender systems is not well-
defined because of insufficient established evaluation methods and metrics (Knijnen-
burg et al., 2012) and the complexity of operationalizing variables to measure or
control (Cremonesi et al., 2011).

In summary, user-centric evaluation approaches can be challenging to implement

37



but worth pursuing, given the value of impact. In the following, I focus on the user
experience in recommender systems, leaving system-centric approaches behind, as
all the publications in the dissertation utilized the user-centric evaluation approach.

4.1.2 What Makes a Recommender System “Good”? The User Experience in
Recommender Systems

Previous research concluded that recommender systems must be evaluated in terms
of the user experience because they are designed to meet user needs (Herlocker et al.,
2004; McNee et al., 2006). This can be accomplished by collecting and analyzing
users’ subjective perceptions. Pu et al. (2012) provided an overview of metrics be-
yond accuracy, emphasizing the importance of subjective perceptions in evaluating
recommender systems. The research addressed a variety of measures for subjective
perceptions of the system’s qualities, such as perceived accuracy (Pu et al., 2011),
familiarity (Sinha & Swearingen, 2002), novelty and diversity (Cremonesi et al.,
2013; T. T. Nguyen et al., 2014), and serendipity (Kotkov et al., 2016).

It is important to define the user experience in relation to recommender systems.
Konstan and Riedl (2012) define it as “the delivery of the recommendations to the user
and the interaction of the user with those recommendations.” Knijnenburg et al. (2012)
proposed that the user experience is “the user’s evaluation of the system (perceived sys-
tem effectiveness and fun), system usage (usage effort and choice difficulty), and outcome
of system usage (satisfaction with the chosen items).” Neither of these definitions ad-
dresses the elicitation of user preferences. They emphasize experiences related to the
outcome (presenting recommendations).

Leino (2014) considers the ISO definition of user experience (for Standardiza-
tion, 2010) as a starting point, referencing the concept of anticipation, which has
not been stressed in the RecSys field: “A person’s perceptions and responses that result
from the use and/or anticipated use of a recommender system, where these perceptions
and responses can be characterized in terms of effectiveness, efficiency, and satisfaction
in achieving specified goals, and also in terms of an engagement with the recommender
system.” This definition describes the interaction holistically, incorporating the emo-
tional, aesthetic, and persuasive aspects of the user experience.

Established dimensions of user evaluations such as explicit versus implicit data
gathering, laboratory versus field studies, outcome versus process, and short-term
versus long-term studies allow researchers to study the user experience of recom-
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mender systems and their related aspects empirically (Herlocker et al., 2004):

• Explicit versus implicit data collection—asking users about their experience
via interviews and questionnaires or observing their interactions and behavior.
Research suggests that explicit and implicit methods should be combined to
enrich the gathered insights (Knijnenburg et al., 2012; Knijnenburg et al.,
2011). Behavioral data alone cannot always explain subjective experiences and
can be biased by the observer. Explicitly asking the user might help interpret
users’ interactions (Kobsa, 2007).

• Laboratory versus field studies—laboratory studies are useful for testing hy-
potheses and controlling specific variables, while field studies bring contextu-
ality to the experience. Often it is hard to find participants for laboratory
studies who have an actual need and motivation to use a system, which affects
the decision-making experience (Sillence & Briggs, 2007).

• Outcome versus process—refers to operationalizing metrics to focus on the
successful outcome or the process of the experience. In a recommender sys-
tem, this could relate to measuring whether the user received relevant recom-
mendations and the decision-making process in choosing them.

• Short-term versus long-term evaluations—the evaluation should consider care-
fully whether research questions can be answered with short- or long-term
studies. For example, the system’s adoption can only be ascertained with long-
term studies.

The following section explains how the user-centric approach was utilized in Pub-
lications IV and V. I also explicate the operationalization of subjective measures of
familiarity, relevance, and follow-up activities specifically tailored to people recom-
menders.

4.2 Results: Evaluating People Recommendations Beyond Accuracy

The previous section addressed the interest in user-centric evaluation approaches in
the RecSys field. However, there are still no unified, specific measures to evaluate
people recommenders. When recommending people, the concept of recommenda-
tion quality is widely interpreted. Therefore, conducting experiments on proposed
diversity-enhancing recommendation strategies for PSM required operationalizing
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Publication IV Publication V

PERCEIVED FAMILIARITY

PERCEIVED RELEVANCE

PERCEIVED SIMILARITY

WILLINGNESS TO INTERACT

Relevance of current and past 
research interests

Professional and content 
relevance

Familiarity with research topics, co-
authors, recommendee

Familiarity with 
recommendee

Similarity with recommendee’s
research topics Not measured

Potential activities at the 
conference

Potential low-cost and high-cost 
follow-up activities

Figure 4.1 Proposed measures used in Publications IV and V and their comparison.

such subjective measures. Figure 4.1 presents four primary constructs, such as per-
ceived relevance, familiarity, similarity, and willingness to interact, and compares
how they differ in two experiments.

Table 4.1 demonstrates examples of statements used to measure the constructs.
Such measures uncover experiential aspects and quantitatively assess how individu-
als perceive people recommendations. Specifically, subjective measures consolidated
objective findings, indicating the distinct nature of the recommendations produced
with proposed diversity-enhancing recommendation strategies (see the summary of
findings in Figure 4.2). The fact that respondents identified relevant connections
from different content and network structure similarity-difference continuums sug-
gests that the proposed recommendation strategies are meaningful approaches for
diversifying people recommendations.

To complement reductionist measures, qualitative findings collected through semi-
structured interviews (Publication IV) and open-ended questions (Publication V) re-
veal more complex and nuanced aspects that should be addressed in the design and
evaluation of people recommendations for PSM. The qualitative feedback about rec-
ommendations of different similarity-diversity levels aligned with the quantitative re-
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Table 4.1 Examples of measure statements used in studies.

Construct Publication IV Publication V
Perceived relevance I consider this person relevant

to me from the perspective of
my current research interests

This person shares informa-
tion and content that I find
useful; I find this person
interesting for my profes-
sional activities

Perceived Familiarity I know by name some of the co-
authors of this person

Scale: (1) Very unfamiliar -
(5) Very familiar

Perceived Similarity Scale: (1) Very different – (7)
Very similar

Not measured. Objective
measures of similarity were
used instead

Willingness to interact I consider this person relevant
to me for the following activi-
ties in the context of a confer-
ence: asking for advice; explor-
ing joint research interests; or-
ganizing a research visit, etc.

Low-cost interaction: I in-
tend to start following this
person on Twitter; High-
cost interaction: I intend
to contact this person for a
face-to-face meeting

sults. An overview of participants’ comments is presented in Figure 4.3. Although
the participants were unaware of different recommendation groups, in their feed-
back, they distinguished between different degrees of perceived relevance by using
phrases like ‘very/most relevant,’ ‘somewhat relevant/not an exact match,’ and ‘ir-
relevant/totally irrelevant.’ Qualitative findings also reveal that homophily bias is
evident in intuitive assessments of relevance and willingness to interact, and there is
a mismatch between people’s intuitive choices and deliberate intentions in decision-
making when choosing relevant potential connections. Some participants mentioned
that their first impression of recommended people had changed when they started
to check the recommendation profiles thoroughly:

That was a good idea that you gave me to check all recommendations first be-
cause initial reaction was different, but when I started thinking and realized
that my first impression maybe was not correct. When you start thinking
about recommendations’ relevance further, there might be some changes. So
some of them are not that irrelevant as I thought at first. (Excerpt of par-
ticipant’s feedback, Publication IV)

An interesting personality. I was able to see that we have something in com-
mon only after a closer look at the profile. Good Tweets and Retweets. Also,
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Figure 4.2 Excerpt of quantitative findings from Publications IV & V illustrating the distribution of par-
ticipants’ scores regarding perceived relevance, familiarity, and willingness to interact.

the fact that we have 88 shared followers creates trust. (Excerpt of partici-
pant’s feedback, Publication V)

Regarding needs and expectations in PSM, the results demonstrate that the op-
timal area on the similarity-difference continuum highly depends on the type and
context of the envisioned collaboration. In short-term and low-cost professional
interactions, factors like personal compatibility and similarity of attitudes receive
less emphasis compared to long-term and high-cost collaborations. Additionally, the
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Publication IV Publication V

HIGH SIMILARITY

I am familiar with this person and his co-
authors, but not in person because I didn’t 

collaborate with this team directly. However, I 
was reviewing their publications, particularly, 

the most recent paper on the list. I consider this 
recommendation to be the most relevant to me. 

I would surely like to meet in person.

This person has very versatile tweets and 
retweets. [. . .] I already follow her, but I 

did not remember that.

I guess this person is some research leader or 
professor. Some papers are close to what I am 
doing but not an exact match. I would probably 

find a lot of interesting discussions with him. He 
seems to be more experienced than me. There is 

a clear shared interest.

The person and her tweets are really interesting
to me. She is perhaps the only one of the groups 

I find likely to contact and discuss future 
research collaboration. [. . .] Profile appears 
approachable, and she has been apparently 

already collaborating with some people I know.

I have never seen this person before. There are 
thousands of young researchers, I am not 
surprised. I have no idea why the system 

recommends this person because his topics 
are totally different from mine. I do not know 

any of the co-authors, and topics do not seem 
to be relevant.

An interesting personality. I was able to see 
that we have something in common only after 
a closer look at the profile. Good Tweets and 
Retweets. [. . .] Also, the fact that we have 88 

shared followers creates trust [. . .].

DORMANT TIES

MODERATE SIMILIRITY MENTIONS-OF-MENTIONS

LOW SIMILARITY COMMUNITY TIES

Figure 4.3 Excerpt of qualitative findings from Publications IV & V illustrating participants’ opinion
regarding different types of recommendations

nature of the collaboration task can impact the perceived relevance of a potential
connection, particularly regarding the complementarity of professional roles, skills,
and knowledge.

The findings of the user-centered evaluation allowed us to define several aspects
that encompass the relevance criteria in PSM. First, similarity is essential in PSM
in background, attitudes, values, beliefs, goals, and professional aims, as it promotes
cohesion and mitigates individual dissimilarities in collaborative work. Second, com-
plementarity in professional roles, skills, knowledge, and social capital identifies inter-
sections that facilitate beneficial collaboration. Third, compatibility in direct cooper-
ation involving mental, social, moral, and emotional closeness is needed to establish
trust and valued cooperation. Finally, approachability/logistics considered physical
and organizational proximity and social network structure, emphasizing the impor-
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tance of smooth communication and interaction.
In summary, while the experiments indicated consistent and significant differ-

ences in subjective perceptions of the proposed diversity-enhancing strategies, the
results imply that evaluating the relevance of people recommendations is complex
and multifaceted. We operationalized the concept of perceived relevance, familiar-
ity, similarity, and willingness to interact within the context of evaluating prospective
PSM. By showing how these variables match with system-based objective measures,
we revealed the asymmetry of intuition-based evaluation and deliberately considered
intentions. Despite the inherent bias in selection, participants could identify relevant
others at all levels of similarity and structural network positions.
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5 DISCUSSION AND CONCLUSIONS

In conclusion, the dissertation focused on developing and evaluating PSM recommen-
dation strategies that emphasize diversity and serendipity. This multidisciplinary and
exploratory research consisted of five publications investigating the role of serendip-
ity in making valuable connections, exploring Big Social Data as a means of user
modeling and social recommendations, and proposing recommendation strategies to
enhance diversity and relevance in PSM. The findings highlighted the importance of
proactive and reciprocal sense-making in assessing the relevance of new connections
and shed light on the qualities that facilitate serendipitous encounters in professional
settings. The recommendation mechanisms proposed in this work offer a similarity-
difference continuum of user interests and identify diverse network structural posi-
tions, expanding the range of potential matches. User-centered evaluations revealed
the influence of human biases, such as homophily and familiarity, in decision-making
processes when choosing relevant recommendations. Thus, insights reveal the mis-
match between intuitive choices and deliberate rationalizations regarding recommen-
dation relevance. We advocate for design-oriented research to discover recommen-
dation strategies that can improve the likelihood of long-term beneficial PSM. In the
following, I first revisit the dissertation’s research questions and objectives. Then,
I outline design considerations for diversity-enhancing strategies to be used in PSM
tools and applications. Finally, I address limitations and future work.

5.1 Revisiting Research Questions and Objectives

The outcomes of the dissertation demonstrated that PSM involves proactive and re-
ciprocal decision-making regarding the relevance of making new connections, which
lack, yet would benefit from, further technological facilitation (Publication I). The
dissertation also provided a detailed account of the various experiential, contextual,
and personality qualities that favor serendipitous encounters related to work (Publi-

45



cations I and II). The findings also illustrate how BSD could be used for more socially
acceptable purposes, that is, to identify and facilitate new social connections between
people (Publication III). The recommendation mechanisms proposed in this disser-
tation modeled users on the similarity-difference continuum and identified various
network positions between any given users, thus diversifying the pool of prospective
matches (Publications IV and V). The results indicate the prevalence of human biases
in evaluating recommendations: homophily and familiarity have a substantial effect
when people decide with whom to connect (Publications IV and V). Furthermore,
there is an apparent mismatch between intuition-based and deliberate rationaliza-
tions regarding the relevance of matches. Although the needs of professional net-
working call for heterogeneity and complementarity, intuition-driven choices favor
those closest and most similar (Publication IV).

This research accentuates the need for technology-facilitated PSM and highlights
the significance of diversity and serendipity in professional networking. To answer
the first research question, social serendipity can occur in various settings and in-
volves a degree of spontaneity and unpredictability, enhancing creativity and innova-
tion in knowledge work. The results of both studies contribute to research on PSM
within the CSCW and HCI fields by advancing the understanding of the impact of
personality, behavior, and technology on social serendipity. Unfortunately, the re-
sults illustrate the minor role of technology in supporting such experiences, which
calls for revisiting computational approaches and mechanisms to promote serendip-
itous social encounters more effectively. I believe that understanding key character-
istics and antecedents of social serendipity informs the design space for PSM tools
and recommender system mechanisms that facilitate chance encounters and promote
growth and maintain professional relationships with higher rates of valuable out-
comes. Thus, the present research calls for inducing serendipity using technology
in new ways to assist knowledge workers in building meaningful collaborations that
otherwise would be missed in conventional networking channels.

For the second research question, the findings contribute to interdisciplinary re-
search on social and people recommender systems by proposing non-conventional
perspectives to diversify the pool of people recommendations. Objective observa-
tions of proposed strategies extend the discussion of analytical mechanisms and al-
gorithmic measurements beyond content-based similarity and triadic closure. The
experiments demonstrated that diversity-enhancing objectives could be achieved us-
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ing alternative strategies to well-established and widely used concepts in RecSys, such
as similarity and social network structures. While it might be assumed that recom-
mending people would require large and diverse data, the results illustrate that the
recommender engine could function even with scarce data if the filtering mecha-
nisms are properly designed. In particular, the findings reveal that participants could
locate relevant recommendations of varied similarity levels and structural network
positions. This provides a preliminary indication of the proposed strategies’ potential
for diversifying recommendations without losing relevancy.

Finally, in response to the third research question, subjective measures were oper-
ationalized to evaluate proposed diversity-enhancing recommendation strategies with
the user-centric approach. The findings contribute to understanding subjective per-
ceptions of relevance, complementarity, and diversity in enriching one’s professional
networks. The gathered insights inform how to strategize and optimize diversity and
similarity within the design of people recommenders. However, measuring potential
follow-up activities beyond the intention to follow a recommended person was chal-
lenging, as respondents showed little interest in high-cost activities like face-to-face
meetings. This raises questions about using such measures as indicators of recom-
mendation quality, particularly in controlled experiments. Furthermore, measuring
the relevance of people recommendations is inherently challenging, as the long-term
value of more diverse social networks may not be reflected in immediate impressions.

5.2 Design Considerations: Towards Diversity-enhancing Strategies

The following highlights design considerations and research questions, particularly
for new-generation PSM systems and people recommender systems, which go be-
yond merely delivering contact suggestions. Such systems represent a more proactive
technology paradigm, which utilizes an algorithmic logic for modeling and analyzing
social relevance and actively assists users’ decisions by making complex inferences.

I subscribe to the conceptualization of serendipitous systems (de Melo, 2018),
which aim to facilitate all phases of a serendipitous experience from initiation to
obtaining valuable outcomes, thus ensuring discoveries, unexpectedness, and value.
Accordingly, I propose the design considerations around four primary computa-
tional process-based service qualities focusing on aspects relevant to the HCI (See
Figure 5.1):
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• Introducing opportunities for professional networking;

• Supporting the assessment of social recommendations’ instrumentality by de-
livering cues on their inferred relevance through enhanced profiling and pre-
sentation;

• Encouraging direct social interactions for value creation by applying encour-
agement and persuasion techniques, thus assisting follow-up activities and trust-
building;

• Maintaining social awareness of established connections to reach relationship
maturity and integrity and provide cues on potential valuable outcomes.
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Figure 5.1 Overview of design consideration for serendipity-inducing and diversity-enhancing strate-
gies in relation to social networking and serendipity processes.

Shifting social introductions to virtual environments might be affected by some
fundamental limitations. For example, privacy constraints can prevent people from
establishing new connections and reduce the desire to talk to strangers. The lack of
exploratory, open-minded social settings in the virtual context could prevent people
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from spending enough time examining networking opportunities and shared inter-
ests. Therefore, future systems should be context-aware in defining user approach-
ability while recommending new connections. As the presented findings suggest,
one’s approachability may vary depending on their environmental, personal, and so-
cial contexts. Therefore, it is essential to indicate contextual settings or opportune
situations in which recommendations could be made. Although J. M. Mayer et al.
(2015) have started work in this direction, technological means are needed to proac-
tively identify opportune people to meet, opportune moments of encounter, and
suitable and surprising ways to present suggestions to the user. Computational solu-
tions could be a powerful tool to motivate users to act on social recommendations
and increase their success rate when encountering new contacts.

In the following, I group the design considerations into two primary categories:
(i) suggestions for enhancing the presentation of social recommendations and profil-
ing; (ii) suggestions for value-adding features for encouraging and persuading social
interactions. To exemplify the proposed consideration, I present visualizations of
speculative design artifacts designed throughout the doctoral research.

5.2.1 Profiling and Presentation

Technology can facilitate the identification of relevant dimensions for PSM to inform
the user data required for modeling and profiling. The interfaces for computational
PSM are typically driven by the information acquired from people. Thus, the prob-
ability of experiencing unexpected social encounters depends on the content, such as
other users’ profiles and their presentation. The profile and additional information
shown can serve as contextual triggers, initiating the introduction phase. How sur-
prising and relevant the new contacts are can affect other users’ acceptance of and
willingness to interact with them.
Enriching the content. Self-created profile content will likely remain a central ele-

ment in professional social matching. However, in virtual communication channels,
people are limited in terms of non-verbal communication and counterbalance it by
“sharing oneself” (Albrechtslund, 2008) through mediated content. It is necessary
to investigate what types of self-representation knowledge workers consider valuable
to start interacting with unfamiliar individuals and how to collect it unobtrusively.
At the same time, profile data should go beyond professional details: Our findings
hint that meaningful connections might also start from sharing non-work-related
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interests. To address this aspect, algorithmic user modeling and analysis of various
explicit and implicit social data might allow us to efficiently derive latent insights re-
garding potential collaborators’ social suitability and relevance. Data on individuals
on social media sites may help to develop more in-depth and informative user profiles
and identify relevant new and weak ties in the global social network (Olshannikova
et al., 2020b). A suitable approach to enrich user profiles with highly semantic data
is through interactions with virtual agent-assistants, as presented in the example of
speculative service design in Figure 5.2 (A, B). User profiles should deliver content
that guides the reader’s attention to timely and relevant qualities, thereby initiating
social interactions (see the example in Figure 5.2 C, D). Enriching the profiling can
facilitate the recognition of inadvertent possibilities, implicit personal values, and
contextual oddities (J. M. Mayer et al., 2016), characteristics that cannot be derived
from user-generated material.

drag the slider to indicate 
your response:

I’ll tell you a 
story about a 
person.

Do you find your 
habits similar to 
Bob’s?

Bob likes 
organizing and 
appreciates to 
keep everything 
in order

Not like me
at all

Very like 
me

Yes!

Have you been 
inspired by random 
things and end up 
with an exciting 
idea?

Great! Seems like 
you have the ability 
for divergent 
thinking! Do you 
want me to update 
your profile?

options for you:

Not really… Yes!

Yes!No

David’s  Device

It seems Bob
knows a lot 
about Python 
programming. 
You would 
benefit to learn 
from him!

Besides, you can 
share your 
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options for you:

Tell me more about Bob

Match Us!

Bob’s Device

options for you:
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wants to learn 
Python 
programming. In 
exchange, he 
can teach you 
some usability!

If it sounds 
exciting to you, 
let David know!

Tell me more about David

Match Us!

A B C D

Figure 5.2 A & B: Examples of collecting rich semantic data on the user for enhanced profiling via a
virtual agent; C & D: An example of nudging social interactions between users by introduc-
ing relevant facts on expertise and interests.

Facilitating inferred relevance with interactive visualization techniques. To
promote serendipity, it is essential that users are in an opportunistic mindset. Visual-
izing opportunities in social graphs is a promising approach to enable fruitful social
matching (Sen et al., 2011; Terveen &McDonald, 2005) and divergent search activ-
ities. Holistic, interactive, exploration-supporting visualizations can provide several
perspectives to a broad range of future collaborators, exposing potential weak ties
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rather than people one already knows. Such a representation can serve as a trigger
for unexpected discoveries, conveying cues about relevancy that can spark the users’
interest and curiosity to evaluate suggested contacts. Social graphs could also provide
visual cues on how diverse or similar recommendations are, depending on the need
for partnering (see the example in Figure 5.3). In studies, some examples of social
serendipity occurred between relatively like-minded people, while others were be-
tween people of different backgrounds and social circles. In a system, the optimal
level of diversity is challenging to infer when a user is not actively seeking new con-
nections. Therefore, there is a need for suitable methods for modeling a user’s goals
and aspirations, their entire social network, and their topical objectives and work
areas. This would indicate the inferred relevance level of a prospective connection
and communicate the expected contexts in which specific social recommendations
were considered relevant.

5.2.2 Value-adding Features

The studies illustrated that encounters in both the physical and digital environments
would benefit from facilitators transitioning from the initiation phase to follow-up
activities and might require coordination to maintain relationships. Designing ways
to motivate the user to follow up on the recommendations is thus an essential goal for
future research. Particularly in PSM, the decision-making about whether to connect
should be facilitated because opportunities can become numerous rapidly.

The uniqueness of computational support for PSM is defined by its proactiv-
ity (making opportune suggestions) and multidimensional algorithmic user model-
ing (beyond identifying similarity). In contrast to item recommender systems, the
mechanism of social suitability and relevance is significantly different: A person who
is a perfect match for one individual would not necessarily be relevant for another
who shares similar qualities. Thus, existing people recommendation strategies of-
ten face challenges in converting the recommendations to user behavior due to the
multifaceted nature of what constitutes a good social recommendation. There are
also challenges related to translating factors related to personality and behavior into
design choices because of the complexity of gathering, quantifying, and measuring
such highly semantic data.

Designing ways to encourage users to discover and experience potential social
serendipity calls for audacious design solutions. The persuasive and encouragement
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Figure 5.3 Example of utilizing interactive visualization for exploration of people recommendations.
The user can adjust recommendations using various filters/dimensions such as interest
and background diversity, seniority, structural position in the social network, and approach-
ability as a geographical factor. Visualization thus provides clues about relevance from the
perspective of the dimensions in use.

features could be achieved by employing a human-technology cooperation strategy.
While technology excels in systematic, large-scale, big data-driven analytics, human
beings still perform better in heuristic, intuition-based analyses, sense-making, and
interpretation of qualitative aspects of social matching. Combining human and ma-
chine abilities is a vital HCI problem, which could augment intelligence (Corrigan,
2012; Zheng et al., 2017) by enabling a synergy of human and computational ca-
pabilities. Instead of replicating social serendipity qualities in digital environments,
activating individuals’ qualities responsible for the perception of serendipity by al-
tering the use of technology is more relevant.
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For example, technology can assist individuals by connecting the represented con-
tent and their needs, interests, or background (the connection phase of serendipity).
It can also provide hints by inferring how a given recommendation is relevant to the
target user, thus encouraging direct social interactions for value creation and provid-
ing the users with tickets-to-talk to initiate discussion. Additionally, to support the
growth phase in PSM, timely notifications about the recommended person’s recent
activities, career updates, and topics of interest can facilitate knowledge of the con-
nection’s instrumental value and proactively encourage follow-up. Considering the
human cognitive limitations, the technology can utilize storytelling approaches or
adaptive and context-aware profiling to slowly disclose more information about con-
nections (enabling the element of surprise). Such techniques could mimic repeated-
encounter triggers revealed in the sample data, enhancing the decision-making pro-
cess for value-creation opportunities.

5.3 Limitations

Naturally, multidisciplinary, exploratory, and experimental research has limitations
that can affect the validity and reliability of the findings. Regarding generalizability,
respondents mostly represent the same geographical area and cultural background
due to the selected focus on academic circles. Long-term, large-scale studies may be
needed to represent a broader demographic audience.

Proposed recommendation strategies focused only on different levels of topical
and networking diversity, excluding important contextual PSM factors (e.g., com-
plementarity of professional skills) that influence decision-making in selecting col-
laborators. While it can be seen as a limitation, prior research analysis revealed a
recognized gap in the literature regarding the effectiveness of diversity-enhancing
strategies in PSM. Before introducing more complex contextual factors to diversity-
enhancing strategies, it was essential to establish a strong foundational understanding
of if and how diversity, both in terms of topics and network connections, impacts
PSM.

Methodologically, we had to control experiments to prove the effectiveness of
the proposed diversity-enhancing strategies. The assessment of the reliability of the
recommendation strategies remains quite preliminary. In future studies, it would
be valuable to compare the proposed strategies’ performance with traditional rec-
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ommendation approaches to assess their effectiveness over existing standards. Addi-
tionally, driven by the experiment setup, the restrictions on user eligibility criteria
and non-disclosure regarding how recommendations were produced could have in-
fluenced the evaluation. In future research, they can be disregarded and might yield
new insights regarding the usefulness of the proposed strategies.

Furthermore, only three diversification calibrations were tested within the pro-
posed strategies with a sample size limited by practicality and data availability. One
of the crucial data limitations is that we did not filter out users with narrow online
personas, such as junior researchers in Publication IV and users with fewer tweets
or connections in Publication V. This factor could have limited the data analysis and
decreased the accuracy of the individuals’ representation, which in turn could af-
fect the subjective perceptions of the recommendations. However, we intentionally
wanted to introduce such recommendations to reveal how they could be appreciated
in different PSM contexts and evaluate the role of seniority as a possible factor in
collaboration processes.

Finally, addressing the effectiveness of proposed design considerations in signif-
icantly augmenting the role of technology in fostering serendipitous experiences
presents a notable challenge, primarily due to the need for long-term impact as-
sessments. Serendipity, which is a nuanced and often unpredictable phenomenon,
requires an extended observation period to determine the lasting effects of techno-
logical interventions. Furthermore, the findings can have a potential bias within,
where individuals may not recall instances where technology played a role in their
serendipitous experiences as vividly as the examples they reported. This could po-
tentially skew conclusions towards the perception that technology has a minimal
role in facilitating serendipity. However, it is crucial to interpret this with caution.
Acknowledging that technology might play a limited role should not translate into a
categorical assertion that it should not be a factor in the serendipity equation. Instead,
it prompts a need for a nuanced understanding of how technology can be designed
and integrated effectively to augment rather than hinder serendipitous encounters,
thereby underscoring the importance of future research in this domain.

Nevertheless, this dissertation lays the groundwork for new diversity-enhancing
strategies in PSM, and it is essential to show that such alternative strategies are sen-
sible from the users’ viewpoint and technically feasible before comparing them with
others. We call for follow-up research to compare the effectiveness of current and
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other alternative algorithmic approaches whose goal is diversity exposure in PSM.

5.4 Future Work

While this study has contributed valuable insights into understanding the role of
diversity and serendipity in the design of diversity-enhancing strategies for PSM,
several avenues for future research warrant further investigation. The following sec-
tion highlights potential areas of exploration that can build upon the findings of this
study and advance the research topic.

5.4.1 Replication, longitudinal, and comparative studies.

Conducting replication, longitudinal, and comparative studies can provide a more
comprehensive understanding of how diversity-enhancing strategies impact PSM.
These studies enable evaluating proposed strategies in relation to alternatives, assess-
ing their suitability across different contexts and user groups, and determining their
relative effectiveness in achieving research objectives.

Replication studies are vital for verifying and validating the findings of this re-
search. First, future research can focus on replicating the experiments across dif-
ferent user groups to assess whether the strategies consistently lead to more diverse
connections. Second, replicating the experiments on multiple social matching plat-
forms or in various professional contexts can help determine whether the strategies
hold true across different environments and user populations. Replication studies
also enhance the generalizability of findings beyond a specific platform or setting.

Longitudinal studies can help to assess the long-term effects and outcomes of the
variables examined in this study. Longitudinal designs would allow the examination
of changes and patterns in the PSM process over time, providing a more compre-
hensive understanding of the dynamic nature of the diversity-exposure phenomena
under investigation. For instance, longitudinal studies can help track the evolution
of users’ professional networks over time.

Conducting comparative studies of different groups or populations could shed
light on the variations and similarities in the subjective perceptions of proposed
diversity-enhancing strategies. Comparing groups with distinct personality charac-
teristics or cultural backgrounds may uncover important nuances and contextual
factors that influence the perception of relevance and willingness to follow up on
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recommendations. Such studies can also compare the sustained impact of diversity-
enhancing strategies with that of conventional methods, shedding light on the long-
term benefits and effects.

5.4.2 Mediating and moderating variables.

This study focused on a specific set of variables. However, future research could
explore additional mediating and moderating variables that may influence the rela-
tionships this study identified. Investigating these factors could enhance the theo-
retical framework and contribute to a more nuanced understanding of the research
topic. One potential mediating variable could be the degree of serendipity experi-
enced during PSM interactions. Future research can investigate whether the pro-
posed diversity-enhancing strategies influence the perception of serendipitous en-
counters. For instance, do these strategies increase the likelihood of users feeling that
they’ve stumbled upon valuable connections they didn’t anticipate? Does serendip-
ity mediate the relationship between diversity-enhancing strategies and the perceived
success of a social match? Another mediating variable could be the users’ inten-
tions and goals when engaging in PSM. You might explore whether users who ap-
proach social matching with a deliberate intention to diversify their networks are
more likely to perceive the recommendations as effective. Does the intention to
broaden one’s professional horizons mediate the relationship between the strategies
employed and the outcomes of social matching? Serendipity tolerance, or a user’s
openness to unexpected and fortunate encounters, can also be a moderating vari-
able. Investigate whether individuals with a higher serendipity tolerance are more
receptive to diversity-enhancing strategies. Do users with a greater willingness to em-
brace serendipity perceive the recommendations differently than those who prefer
predictability in their networking efforts?

5.4.3 Ethical considerations.

It is incumbent upon designers and researchers to continue exploring and innovating
in ways that harness the potential of diversity and serendipity while upholding ethi-
cal principles and ensuring that technology serves as an enabler of positive, inclusive,
and equitable professional interactions. The emphasis on diversity exposure calls for
careful attention to avoid perpetuating biases, as diversity should not merely be cos-
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metic but meaningful and inclusive. Future design efforts must prioritize fairness and
equity, ensuring that the recommendations mechanisms do not inadvertently favor
certain groups or reinforce existing inequalities. Additionally, striking the balance
between personalized recommendations and opportunistic discoveries is crucial to
ensure that technology enhances, rather than diminishes, the sense of agency and
exploration in professional networking.

In summary, the future work section proposes several directions for future re-
search that build upon the findings of this study. Longitudinal studies, replication
studies, qualitative investigation, intervention studies, comparative studies, techno-
logical advancements, and further exploration of mediating and moderating vari-
ables all offer promising avenues for expanding knowledge and contributing to the
advancement of the field. The findings underscore the responsibility to translate
insights into design practices prioritizing diversity, transparency, and user agency.
By doing so, we can navigate the complex landscape of PSM ethically, enhancing
its potential to foster meaningful connections and collaborations in an increasingly
interconnected world.
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Serendipity refers to uncontrolled circumstances that lead to unexpected yet fortunate discoveries. (e phenomenon has been
studied extensively in relation to information retrieval. However, serendipity in the context of social encounters has been the
subject of few empirical studies. In professional life, social serendipity might result in benefits such as fruitful collaboration,
successful recruitment, discovery of novel information, and acquisition of crucial new perspectives from peers. Despite the
potential significance of serendipity, particularly for knowledge work, there is a lack of empirical understanding of related
subjective experiences and the role of technology within the process of encountering unsought findings. (is qualitative study
investigates knowledge workers’ detailed narratives of serendipitous social encounters and the related factors through an analysis
of 37 responses to an international online survey. We provide a detailed account of the experiential characteristics and contextual
qualities of the reported instances of social serendipity. Finally, we discuss the seemingly minor role of technology in social
serendipity and research avenues to computationally enhance social serendipity.

1. Introduction

Originating in the 18th century [1], the concept of seren-
dipity has been researched as a phenomenon of uncontrolled
circumstances that lead to unexpected yet fortunate dis-
coveries [2]. Serendipity unfolds as the personal ability [3] to
benefit from happy accidents [4]. (e general notion of
serendipity has been studied extensively in relation to cre-
ativity and innovation activities [5, 6], information retrieval
[7, 8], and knowledge building and learning [9, 10]. Con-
sequently, serendipity has often been conceptualized as
chance or luck [11–13], particularly in the context of in-
novation processes and scientific discoveries.

Earlier research in human-computer interaction (HCI)
and computer-supported cooperative work (CSCW) was
designed to capture serendipity within established work
environments, with the aim to facilitate intraorganizational
knowledge creation and dissemination. As a result, two

research approaches have emerged [14]: the exploration of
natural serendipity (entirely unpredictable, nondeterministic,
and nonfacilitated) and design for artificial serendipity (fa-
cilitated or triggered with the help of artificial agents such as
information communication technology (ICT) applications).
Natural serendipity has been approached in exploratory
studies on daily, spontaneous encounters [15] and social
awareness [16] in co-located work environments. Construc-
tive research on artificial serendipity has focused on designing
systems that enable chance encounters or so-called im-
promptu encounters [17], with the aim to enhance social
awareness and interactions among collocated or distributed
workers. In the context of information retrieval, a typical
example of artificial serendipity is enabling surprising, novel
discoveries in content-based recommender systems to im-
prove the diversity of recommendations [18–20].

While much CSCW and HCI research has focused on
understanding and supporting the elements of chance and
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surprise, we agree with theories stressing that chance en-
counters do not always lead to serendipitous events. (e
element of benefits is equally central, as emphasized by
research on information search and ICT [21–23].(e subject
of this article, therefore, is an exploration and analysis of
how chance encounters turn into professionally valuable
experiences of social serendipity (the example story in
Figure 1), followed by a discussion of how ICT can better
support this process. We focus on encounters between
knowledge workers or people in professions that require
high levels of creativity, extensive use of intellectual skills,
and theoretical rather than contextual knowledge [24].
According to Davenport [25], knowledge workers possess
“high degrees of expertise, education, or experience and the
primary purpose of their jobs involves the creation, distri-
bution, or application of knowledge.”

Highly networked and collaborative, modern knowledge
work can benefit from social serendipity because workers’
tasks often require extensive social networks, various types
of information, and access to people with complementary
expertise [26]. It is noteworthy that, in today’s knowledge
work practices, value is often created in an ecosystemic way
[27] and through social networks [28]. Organizational flu-
idity [29] relaxes conservative boundaries and structures,
allowing networking and collaboration to take place more
freely within and among organizations, cultures, and dis-
ciplines. Such changes in collaboration and networking
practices have introduced new interest in fostering seren-
dipitous encounters regardless of actors’ affiliations and
across organizational boundaries. We anticipate that such
interorganizational social serendipity can manifest in, for
example, forming new, useful connections at networking
events and recruitment fairs, identifying relevant peers at
conferences, and establishing fruitful business relationships
in cocreation spaces and start-up incubators [30].

We argue that the experience of social serendipity that
takes place naturally outside the workplace is an indicator of
successful, desirable knowledge work. For individual, social
serendipity can be a highly beneficial experience, providing
both emotional pleasure and instrumental gain. Designing
information systems for facilitating serendipity could benefit
from deeper empirical understanding of what examples
people have of such experiences and how social serendipity
emerges as an experience. (is knowledge, in turn, could
shed light on the expected role of ICT in social serendipity
processes and how technology can contribute to formation
and flow of serendipitous experiences in professional life.

(is research is driven by the following questions: (RQ1)
What characterizes serendipity in the context of social en-
counters among knowledge workers? (RQ2) What behavioral
and experiential processes are associated with social seren-
dipity? (rough an analysis of 37 knowledge workers’ self-
reported narrations of their experiences of serendipitous
social encounters, we provide a detailed account of the
various experiential and contextual qualities that impact
social serendipity. Additionally, we extend the theoretical
understanding of the traditional serendipity process with
characteristics particularly applicable to social serendipity.

2. Related Work

(is section first dives deeply into the concept of serendipity
and describes relevant theories and studies to identify the
research gaps we address in this article. Second, we review
the existing research that envisions opportunities to artifi-
cially support serendipity via various technological
solutions.

2.1. 6eoretical Foundations of Serendipity. (e conceptu-
alization of serendipity began in 1754 through the story
about “(e (ree Princes of Serendip” who were “always
making discoveries, by accidents and sagacity, of things they
were not in quest of” [31]. (e term gained popularity in the
late 20th century in a detailed discussion on serendipity as
“the art of making unsought findings” [32]. Researchers
theorizing serendipity were primarily interested in the role
of chance or luck in scientific discoveries. An alternative
definition appeared in the work of Liang [33], who studied
the concept as an experiential quality within interactive
technologies and defined it as a “pure experience in our
everyday lives interwoven with a tangled ecology of interactive
systems.”

Many researchers have investigated serendipity in the
domain of information retrieval and produced various
frameworks and theories of its elements under different
names despite major similarities in their meanings.
According to Makri and Blandford [21], serendipity can be
initiated by a conducive physical environment in the absence
of time pressures. Other researchers labelled these features as
triggers [22, 23]. Makri and Blandford [21] noticed that to
benefit from serendipity, one should also have an implicit
awareness of the need or opportunity for unsought dis-
coveries and an open mind to sense-making of serendipitous
cues. (ese observations are reflecting the notion of the
prepared mind proposed by Pease et al. [22] and the element
of connection in the model developed by McCay-Peet and
Toms [23]. (e final element common across all models of
serendipity is the so-called serendipitous or valuable out-
come, whichmight refer to the creation of a product, artifact,
or knowledge.

In addition to these process-based models, Sun et al. [34]
and Zhou et al. [35] developed a serendipity model based on
three types of contexts that impact the serendipitous ex-
perience. First, the external context refers to the role of
personal status and temporal and environmental factors, for
example, encountering unsought findings during activities
such as leisure and work in a specific place and at a certain
time. Second, the social context relates to unexpected en-
counters achieved through socializing with both familiar and
unfamiliar others. (e external and social contexts thus
facilitate perceptions of unexpectedness through various
surrounding stimuli, reflecting the earlier conceptualizations
of conducive physical environments and triggers. Finally, the
internal context comprises the role of individuals’ back-
ground knowledge, experiences, mindsets, recognized needs,
emotional states, and levels of perceptiveness.(is context is
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tied to the sense-making of unexpected encounters and value
creation. (e focus on individuals’ characteristics in this
view on serendipity can be clearly associated with the notion
of the prepared mind, while the sense-making element of the
proposed model correlates with the notions of connection
and valuable outcomes mentioned earlier.

In this article, we adopt McCay-Peet and Toms’s [23]
model as the central theoretical framework and analytic tool
for the collected experiences of serendipity. Reviewing
existing models that theorize serendipity as a process and
propose a temporal framework also allows us to analytically
dissect the experiences collected through the survey. McCay-
Peet and Toms [23] distinguished the following phases of the
serendipitous experience. (e trigger initiates the seren-
dipity experience and thought process about a potentially
valuable outcome. (e experience can arise from visual
nontextual cues such as observations of activities and en-
vironments, verbal cues in conversations among individuals,
and textual cues from reading content in books, journals,
and websites. In the connection phase, a person relates the
trigger with their background and knowledge, which leads to
identification of a valuable outcome, defined as the potential
to solve an existing problem or open new opportunities. (e
follow-up phase consists of the actions a person takes to
achieve a valuable outcome such as capturing the trigger for
later use, immediately acting on the opportunity, or pre-
paring to accomplish a valuable outcome. McCay-Peet and
Toms [23] also identified three key categories of valuable
outcomes that have personal, organizational, and global
effects. An unexpected thread is a sign that, when perceived
by a person, indicates the presence of luck, chance, accident,
or surprise in a serendipitous situation. We apply this model

in the analysis of the reported experiences and explore its
validity in the context of social serendipity in knowledge
work.

In summary, according to earlier conceptualizations of
serendipity, to take advantage of serendipity, one should
have an open mood and free time to turn opportunities into
action. A person should be able to perceive and analyze
serendipitous cues from the environment to gain benefits.
Following this broad theorization, we want to emphasize
that experiences other than luck and chance must unfold to
fulfil the requirements of the serendipity definitions. It is
noteworthy that serendipity takes place in the realm of
experiencing, which does not permit objective examination
or measurement. Both essential elements of serendip-
ity—unexpectedness and benefits—are primarily subjec-
tively defined. (e question of what is sufficiently
unexpected or beneficial to count as serendipity varies
among individuals. It, therefore, remains unclear how the
natural contingency in everyday social encounters turns into
something recognized as useful. Some long-term effects such
as the increased productivity of individuals and organiza-
tions and the creation of new ideas can be recognized ob-
jectively. However, it is almost oxymoronic to empirically
study the interplay between the experience and long-term
effects of serendipity. It is difficult for individuals to dis-
tinguish between the experienced realm and physical reality
[36], so rendering the scientific study of such concepts re-
mains challenging. Perhaps due to this experiential nature,
most theorizations of serendipity are limited to describing
the internal and external factors that contribute to the
probability of a particular event such as finding a new in-
teresting connection. To our knowledge, particularly in our

John is waiting for his flight on a business trip. He notices a
familiar sticker on the laptop of a nearby person. He asks

the other person about his destination and plans.

1 2

3 4

They notice that they coincidentally are heading to the same
event, so they spend the flight eagerly discussing their work.

They bump into each other again on the first event day.
They are glad to have the opportunity to continue the

conversation they started in the plane.

After another inspiring discussion, they notice that they have
plenty of great ideas and a good team spirit. This is just the

beginning of their long-term collaboration ...

Figure 1: Fictional example of an unexpected encounter that turns into social serendipity.
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interest area of knowledge work, there are neither proper
conceptualizations nor prior empirical studies on individ-
uals’ subjective experiences of the overall social serendipity
process from the trigger to the valuable outcome.

2.2. Designing for Serendipity

2.2.1. Key Affordances for Artificial Serendipity.
Serendipitous experiences triggered or initiated by physical
and digital objects, agents, or environments have been
termed artificial serendipity [14].(e concept also appears in
the literature where it is called controlled [37] and online
serendipity [38, 39]. In contrast to its natural counterpart,
which is entirely unpredictable and nondeterministic, arti-
ficial serendipity happens only when necessary conditions
occur. De Melo [14] classified four categories of triggers for
serendipity (Table 1): things, places, events, and agents.

Such physical and digital triggers might possess key
affordances for serendipity, as conceptualized by Björneborn
[40]. (e first affordance—so-called diversifiability—de-
scribes the capacity of environments to enable access to
diverse, dissimilar, and incomplete contents. (is afford-
ance, coupled with individuals’ ability to be open-minded,
can spark curiosity and interest. (e second affordance—
traversability—refers to the environment capacity to enable
individuals’ mobility, leading to divergent exploration and
convergent search activities. (e most rudimentary exam-
ples of diversifiability and traversability affordances in the
digital realm are the Google search engine and Twitter feeds,
which increase the chances for serendipity to occur by
opening access to enormous amounts of contents and dif-
ferent paths to encounter them. As an example of a physical
environment with these two affordances, Björneborn [40]
mentioned libraries. Finally, sensorability relates to the
degree of stimuli richness in the environment and the ca-
pacity to stimulate the serendipitous experience through
various senses. Coupled with individuals’ sensitivity and
attention, sensorability is responsible for producing a sense
of surprise and experience. To summarize, diversifiability
and traversability manifest in both physical and digital
environments and have stronger effects in the latter due to
the ease of accessing and manipulating information. Sen-
sorability primarily manifests within things and trigger
agents. Digital triggers typically are limited to visual and
audio stimuli, so the sensorability affordance is prevalent
within the physical realm involving all the senses.

Digital environments’ potential to have affordances for
serendipity was addressed by McCay-Peet and Quan-Haase
[41], who argued that dynamic, diverse virtual environments
can become engines of serendipity. (e nature of dynamism
and diversity as key qualities of digital environments can be
correlated to the diversifiability and traversability affor-
dances. McCay-Peet and Quan-Haase [41] studied users’
perceptions of Twitter as a serendipitous environment to
outline a design space for future serendipity-embedded
digital services. (e main finding from their research was
that greater activity on such platforms can strengthen
perceptions of serendipity and increase the probability of

opportunistic information discovery (i.e., divergent content
exploration). Additionally, the authors concluded that
perceptions of serendipity might vary due to age differences
and might be influenced by the various motivational factors
behind the use of social platforms.

In contrast, Lutz et al. [42] challenged the possibility of
serendipitous online experiences, arguing that algorithms
might decrease the element of surprise in discovery. (e
authors demonstrated that Internet is perceived as a ser-
endipitous engine due to the abundance of transparent
information available for discovery. In addition, the authors
confirmed that serendipity depends on trust and privacy,
which can either prevent or establish the context for offline
and online serendipity. (ey also found that people with
mindsets prepared for opportune discoveries have fewer
trust and privacy concerns. (us, prior research has dem-
onstrated the interplay of external affordances related to
various physical and digital triggers and internal affordances
related to individuals’ characteristics and abilities.

2.2.2. Supporting Serendipitous Social Encounters.
Although earlier CSCW and HCI research did not refer
directly to the term “social serendipity,” several concepts are
somewhat related to the phenomenon. For example, Kiesler
and Cummings [15] found that frequent, informal, spon-
taneous interactions in collocated work environments en-
able cohesive relationships among knowledge workers and
increase their social awareness. Similarly, Vyas et al. [16]
suggested that spontaneous encounters play significant roles
in working life because employees in organizations rarely
have opportunities for direct interactions that make them
aware of others’ activities. In particular, regarding the role of
physical places that trigger such encounters, Brown et al.
[43] concluded that the workspace layout may facilitate
unplanned, casual interactions among employees and can
serve as a contextual cue for enhanced communication and
productivity in organizations.

Such exploratory studies have motivated various system
designs to increase the probability of chance encounters and
overall social awareness within organizations. For instance,
Erickson and Kellogg [44] introduced the concept of socially
translucent systems aimed at increasing the visibility of
employees’ activities in large groups and organizations.
Jeffrey and McGrath [17] designed the “Forum,” a collab-
orative working environment as a space for informal online
interactions that help employees make new connections and
share knowledge.

Studies on social matching have also been aimed at
understanding the role of both personal (internal) and
contextual (external) factors in supporting serendipitous
encounters between strangers [45, 46]. Eagle and Pentland
[47] proposed research on sensing contextual surroundings
and increasing serendipitous interactions via mobile devices.
(ey built an artifact called serendipity, a socially curious
mobile device that encourages face-to-face interactions
within a range of proximity. Interestingly, this solution is
based on the idea of maximizing similarity in the matching
process, which might lead to anticipated rather than ser-
endipitous encounters.
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Another vein of research and design has sought to
measure serendipity despite the highly subjective nature of
the phenomena. For instance, Losada et al. [48] attempted to
predict the probability of experiencing fortunate discoveries
by exploring phone calls and Bluetooth-based social inter-
actions between employees in organization during a nine-
month experiment. (e authors concluded that analysis of
social networks could reveal information about experiencing
serendipitous encounters when establishing new connec-
tions. Niu and Abbas [49] further proposed a framework to
stimulate users’ curiosity through modeling surprise and
value in recommender systems.

Some recent commercial services have been aimed at
increasing serendipitous encounters among people. Exam-
ples include the Serendipity Machine (serendipitymachine.
com) social platform and the Seats2Meet (seats2meet.com)
service. Both are driven by the vision of Society 3.0 [50],
which refers to virtual communities that contribute to social
capital, business networks, and ecosystems through social
networking and cocreation. (e primary objective of
Seats2Meet is to arrange social interactions through real-
time, location-based networking. (e service provides
software to support and facilitate connections, follow-up
activities, and value creation. Unfortunately, so far, the
service has been little used, possibly because it is firmly tied
to physical meeting points.

(ese studies and designs have demonstrated that un-
derstanding context plays a vital role in increasing the
chances for the element of surprise to occur. However, not
all unexpected and impromptu connections evolve into
beneficial, that is, serendipitous experiences. People also
have to recognize opportunities and act promptly. Although
the concept of serendipity has inspired various system de-
signs, earlier CSCW and HCI investigations narrowly fo-
cused on intraorganizational boundaries and tended to
simplify serendipity by treating only the initial phase of the
serendipity experience that enables chance. While enabling
chance encounters is worthwhile, we call for design en-
deavors that aim further—towards social serendipity. (is
end demands new design approaches to turn mere chance
and contingency into beneficial outcomes with the help of
algorithmic systems. We propose that knowledge work can
benefit from designs that better utilize diversity and dis-
similarity principles to bridge people with different exper-
tise. Technology can also take more agencies in assisting
knowledge workers to follow up on their new connections
and uncovering professional values that could otherwise go

unseen due to human biases [51]. We continue this line of
discussion based on the empirical study, as follows.

3. Methodology

To collect knowledge workers’ experiences of serendipitous
social encounters, we employed an international, English-
language online survey with open-ended questions ac-
companied by Likert statements.We anticipated that finding
relevant respondents with interesting experiences would be
challenging. We, therefore, decided to focus on a qualitative
approach by including several open-ended questions rather
than a quantitative approach with many closed-ended
questions that would not allow an in-depth understanding of
the experiences.

3.1. Online Survey Structure. To explain the purpose of the
survey, we introduced serendipity as the experience of
unexpected social encounters that are perceived as fortunate
and result in personally valuable interactions, networks,
information, and other outcomes from social interactions.
(is definition was informed by the aspects and essential
elements of serendipity drawn from the theories introduced
in Section 2. We also supported this explanation by in-
cluding a storyboard (Figure 1) to the introductory part of
the survey.

After reading and signing the informed consent form,
the respondents proceeded to the questionnaire, which had
five sections (Table 2). (e first section focused on the re-
spondents’ experiences of social serendipity and included
questions about the total number of such encounters and
short descriptions of their most memorable ones (Q1 andQ2
in Table 2). (e second section asked for a detailed de-
scription of their most memorable or important experience
(Q3 and Q4). Earlier research has demonstrated significant
role of context [35], so the third section included 7-step
Likert statements and open-ended questions about the
physical, social, and personal contexts of the reported en-
counter (Q5–Q10). (e fourth section asked for details
about attitudes, similarities, and differences with the en-
countered person (Q11–Q14), as well as follow-up activities
and valuable outcomes (Q15–Q17). Section five investigated
the respondents’ opinions and ideas about ICT-enhanced
serendipity (Q18 and Q19). Finally, the survey collected the
respondents’ demographic details, attitudes toward tech-
nology, social media use, and general social networking
practices.

Table 1: Examples of physical and digital triggers that can initiate artificial serendipity.

Trigger type Physical Digital

What 6ings Inanimate material objects (e.g., pens, desks, cups,
desks, and plants)

Digital artifacts (e.g., notifications, buttons, and pop-
up windows)

Where
Places Physical environment (e.g., buildings, rooms, office

premises, streets, and parks)
Digital environment (e.g., social networking

platforms, mobile applications, and video games)

Events Co-location (e.g., physical presence at conferences
and parties)

Distributed events (e.g., teleconferences, webinars,
and a remote presence)

Who Agents Animate beings (e.g., human beings, pets, and
animals)

Artificial beings (e.g., chat-bots and artificial
intelligent agents)

Advances in Human-Computer Interaction 5



(e online survey questions were partly inspired by
McCay-Peet and Toms’s [23] model of the serendipity
process. For instance, the third section was aimed at eliciting
details on contextual factors that could serve as triggers for
serendipity. Q15–Q17 were intended to collect details on the
phases of follow-up, connection, and valuable outcomes,
according to the process model.

3.2. Recruitment and Respondents. We targeted knowledge
workers, whom we defined in the survey as “people who
develop or use knowledge in their job (e.g., researchers, en-
gineers, consultants, teachers, and coaches).”(e respondents
were recruited through mailing lists and flyers at academic
events, as well as web-based platforms, such as the Call for
Participants service, (callforparticipants.com) Facebook,
LinkedIn, and Twitter. As an incentive, the respondents were
invited to take part in a raffle for an iPad and two $50
Amazon vouchers. We closed the survey after collecting 50
responses over several months, which we considered a
sufficient amount for qualitative analysis. Of the 50 re-
spondents, 37 provided sufficient details about serendipitous
social encounters that had effects on their professional life.
(e other 13 stories were excluded because they either were
focused on nonprofessional benefits such as love stories and
friendships or were about general opinions regarding ser-
endipitous experiences without specific examples from their
lives.

(e respondents’ ages ranged widely from 22 to 77 years
(M: 35 andMdn: 30). Nineteen respondents were female and
18 male, and they primarily came from European and Slavic

backgrounds: Finnish (N� 12), Russian (N� 11), British
(N� 3), and Czech (N� 3). (e rest were Slovakian, Greek,
American, Indian, Kazakh, Persian, Italian, and Yemeni. At
the time of completing the survey, the majority of the re-
spondents were pursuing doctoral studies (N� 15), five were
Master of Science students and one was an undergraduate
student. Seven respondents had received undergraduate
degrees, six Master of Science degrees, and three doctoral
degrees. Researcher (N� 9) was the most common occu-
pation among all the respondents. Some reported working in
ICT as, for example, data architects, software engineers, and
computational physicists. (e remaining professions in-
cluded, for example, business owners, health care experts,
designers, management, and sales specialists.

(e majority of the respondents indicated that they had
experienced only a few serendipitous social encounters in
their lives (average: 7, minimum: 1, maximum: 30, and
standard deviation: 6). For 21 respondents, most of the new,
unexpected connections (>50%) had evolved into seren-
dipitous experiences that positively affected their work. For
13 respondents, less than 50% of the encounters were useful
in their professional life, and for the remaining respondents,
it was hard to estimate proportions of professionally valuable
serendipitous social encounters. Most respondents reported
that they were somewhat social and somewhat proficient in
becoming acquainted with new people (M: 4.96 andMdn: 5).
On average, the majority (N� 25) had 100–500 friends in
social networking services, while nine respondents had more
than 500 connections and three respondents had fewer than
100. Interestingly, many respondents were not especially
active or strategic in networking (M: 4.37 and Mdn: 5). (ey

Table 2: Online survey structure and verbatim questions.

I. General information regarding serendipitous experiences
Q1. Overall, how many serendipitous encounters do you think you have experienced?
Q2. What portion of these was somehow successful and led to positive results in your work?
II. Most memorable experience
Q3. Please shortly describe what kinds of experiences or moments they were. Did they have something in common?
Q4.Now, think of your personally most important experience or moment. If it is hard to decide between a few alternatives, it might be best
to concentrate on the one that you remember the best. For the selected experience, we would like you to verbalize the first encounter from
your perspective in as much detail as possible. Feel free to write a short story of the moment in your own way.
III. Context
Q5. (e place where we met was to me: (1) very unfamiliar–(7) very familiar.
Q6. (e other surrounding people around were to me: (1) very unfamiliar–(7) very familiar.
Q7. What were your first feelings or impressions after the meeting?
Q8. Your willingness to socialize at that moment: (1) very unsocial–(7) very social.
Q9. Busyness: (1) I was in a great hurry–(7) I was not busy at all.
Q10. Energy level: (1) I was very tired–(7) I was full of energy.
IV. Attitude, follow-up, and valuable outcome
Q11. Please rate how different your interests were from the person you met: (1) very different–(7) very similar.
Q12. If you identified common interests with the person you met, please briefly describe what they were about.
Q13. Please rate how different your personality is from the person you met: (1) very different–(7) very similar.
Q14. Please describe how comfortable you were while interacting with the person you met: (1) very awkward–(7) very comfortable.
Q15. What were the long-term results of this encounter? How has this encounter been valuable to you and your work?
Q16. How and when did you realize that this encounter or new connection was valuable?
Q17. In your opinion, what made it possible to take advantage of this encounter or new connection?
V. Ideation on ICT-enhanced serendipity
Q18. How do you think information technology (e.g., mobile applications, online services, and social media) could support serendipitous
encounters?
Q19. What kind of technical features could help people discover each other or help people meet?
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considered themselves to be empathetic (M: 5.6 and Mdn: 6)
and somewhat pleasant and easy to interact with (M: 5.3 and
Mdn: 5). Most agreed that their work related to knowledge
and information acquisition (M: 5.73 and Mdn: 6), and their
jobs required active collaboration with others (M: 5.36 and
Mdn: 6). (e respondents generally were positively oriented
toward technology (M: 5.32 and Mdn: 6). Overall, their job
descriptions and backgrounds fit well with what could be
considered to be knowledge workers. Although not used in the
statistical analysis (e.g., comparisons between different groups
based on background variables), such data could help plan-
ning follow-up studies with more quantitative approaches.

3.3. Data Analysis. (e quantitative data was processed in
Tableau, (http://www.tableau.com), and the answers to
the open-ended questions were imported into NVivo
software (qualitative data analysis software, http://www.
qsrinternational.com/nvivo). (e length of the reported
stories varied remarkably from a minimum of 50 words to a
maximum of 570, with an average of 246, median of 191, and
standard deviation of 148. (e coding process consisted of

several cycles (Figure 2) including structural, axial, and
focused methods [52]. In the first cycle, we applied structural
coding that allowed grouping the raw data into top-level
categories from the survey questionnaire and resulted in two
coding sets. (e first set consisted of answers from Q4 and
Q14–17 (Table 2) describing themost memorable stories and
valuable outcomes recognized by the respondents. (e
second set comprised a general overview of serendipitous
experiences (Q3), feelings and impressions (Q7), common
interests (Q12), and ideas about ICT-enhanced serendipity
(Q18-19). Next, for the first set, we conducted another round
of structural coding based on the serendipitous experience
process in McCay-Peet and Toms’s [23] model (trigger,
connection, follow-up, and valuable outcome). (en, we
utilized axial coding, which included line-by-line analysis
and deconstruction of the data into emerging categories for
each phase of the process. Finally, focused coding was ap-
plied to identify the most frequent categories. (e coding
cycles were iterative and involved the three authors, who
conducted the coding separately and cross-checked each
other’s categorizations to validate the quality of the coding
structures.

Raw data

Structural coding 1 (questionnaire)

3rd cycle (iterative)
Axial coding

+
Focused coding

Structural coding 2
(McCay-Peet et al. 2015)

Trigger
Connection
Follow-up

Valuable outcome

(ii)
Overview of serendipitous experience (Q3)

Context (feelings and impression) (Q7)
Common interests (Q7)

Ideas on ICT-mediated serendipity (Q18-19)

(i)
Memorable story (Q4)

Valuable outcome (Q14-17)

1st cycle 2nd cycle (iterative)

Figure 2: (e process and methods of qualitative coding.

Category Scale
Avg. score

(7 steps Likert-scale)

(Q5) Place familiarity

(Q6) Social familiarity

(Q8) Willingness to socialize

(Q9) Busyness

(Q10) Energy level

(Q11) Interest similarity

(Q13) Personality similarity

(Q14) Interaction comfort

Very unfamiliar-very familiar

Very unfamiliar-very familiar

Very unsocial-very social

Very busy-not busy at all

Very tired-full of energy

Very different-very similar

Very different-very similar

Very awkward-very comfortable

3,7

3,4

5,0

4,9

4,7

5,2

4,6

5,8
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Gantt percent (%)

Figure 3: Attributes of the respondents’ serendipitous social encounters.
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4. Findings

In this section, we provide an overview of the serendipitous
social encounters, including quantitative and qualitative
observations and examples in excerpts from the respon-
dents’ narrations. We next describe each phase of the ser-
endipitous experiences, following the process model by
McCay-Peet and Toms [23] but contextualizing it to the
social aspect of unsought encounters.

4.1. Overview of the Serendipitous Encounters. (e quanti-
tative results in Figure 3 demonstrated that the majority of
respondents experienced serendipitous social encounters
mostly in unfamiliar environments during both physical and
social contexts. In general, they were energized and posi-
tively oriented to socialize and had free time to take ad-
vantage of opportunities. Regarding personal attraction, the
respondents found these interactions with other persons to
be very comfortable, and they were able to identify simi-
larities in their personalities and interests.

From an experiential viewpoint, the encounters led to
various positive feelings such as excitement, thrills, curiosity,
interest, and a sense of belonging and importance. As ex-
pected, due to the nature of serendipity, the majority of the
respondents explicitly mentioned that they felt lucky and
could not believe in such coincidences.(ey also interpreted
their experiences as uncontrollable and unsought. Some

assumed that fate or providence had enabled these en-
counters, while others considered them to be the results of
personal traits such as openness, willingness to communi-
cate, and the ability to step outside their comfort zone. (e
following example depicts how a respondent recognized
both aspects—the roles of luck and individual personality
traits:

“6e fact that we were both talkative and we found each
other quite interesting people made this possible. Besides a
little bit of luck, because he was looking for someone with
my set of skills. At that time, I was also very active, and it
came quite naturally to me to grasp this opportunity and
work with something that I found both challenging and
interesting.” (R4, Greek female, 41 y.o., Graphic/UI
Designer)

(e reported stories represented a high diversity of
contextual characteristics and illustrated the entire social
serendipity process, from the moment of a chance to rec-
ognize and establish value in one’s professional life. (e
analysis of the qualitative data showed that the temporal
distance between the first encounter and the positive out-
comes varied from days to decades. (e majority of the
stories were very detailed, often with descriptions of pre-
conditions such as personal feelings and chains of actions
that led to the encounters and obtaining valuable outcomes.

[...] It had happened around two years ago. I was at the ski slope trying to do downhill for my second time. It
was a tough day, and I was completely exhausted from falling, hitting other people and trees [...] A person,
who was passing by few times, stopped and started to teach me how to turn and brake. He spent around 20
minutes with me, and I was already able to do something. [...] In the evening, I was very excited about this
story. During the next day, [...] I have met him again but on the lift. We had a nice life deep conversation and
spent some time skiing. During our short lift-talk, we ended up realizing that our research interests and fields
are almost the same. We have changed cards and now have a collaboration going! [...] (R1, Russian male,
25 y.o., Researcher, length cut 42%)

Contextual triggers: public place
Interaction triggers: unsought social interaction, 
communication, repeated encounter, got 
assistance or advice

Connection: revealed commonalities
Follow-up: contacts exchange
Valuable outcome: primary professional, 
secondary personal

Figure 4: An excerpt from a respondent’s story of a chance encounter during leisure activities that led to professional collaboration.

Being part of three [anonymized organization] projects, I spent quite much time on their premises. […] So
kitchen was a meeting point for everyone. […] A place, is pretty open and people are talkative and quite
friendly. I kept bumping into a person, and every time we were just having short chats and talks. So, one day
as I was waiting for my tea, I bumped into my (now) colleague, and he started to tell me in detail what was
his startup about. One thing led to another, and we decided to set a proper meeting where we would sit
down and discuss if I could actually help him or not. It turned out that he needed someone who could help
him with design in his current project and I offered to do that. Since then, we’re still working together on this
project, and so far we’re having good results and nice time together. […] (R4, Greek female, 41 y.o., Graphic/
UI Designer, length cut 52%)

Contextual triggers: work premises
Interaction triggers: communication,
repeated encounter

Connection: revealed complementarity
Follow-up: repeated social interaction
Valuable outcome: primary professional

Figure 5: An excerpt from a respondent’s story about how the work environment facilitated a serendipitous social encounter.
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To provide a detailed picture of the collected expe-
riences and to illustrate the coding process of the
qualitative data, we selected three stories that well
represented the diversity of the gathered data. (e first
case (Figure 4) referred to a chance encounter that was
initiated during leisure activities and evolved into a
serendipitous experience with professional collaboration
as its valuable outcome. (e informal contextual setting,
combined with the respondent’s problem, triggered in-
teractions with a stranger, who not only helped in the
current situation but also became a collaborator after
later social interactions.

Another story demonstrated how a creative working
environment could serve as a networking space and increase
the probability of serendipity (Figure 5). Here, repeated
encounters provided the element of surprise that motivated
the actors to interact and revealed previously hidden op-
portunities for cooperation. (e final example (Figure 6)
illustrated how technology-mediated interactions in social
networking services could lead to face-to-face meetings and
result in the planning of professional partnership. In this
context, the respondent’s follow-up of the opportunity and
willingness to interact played significant roles in turning
chance into serendipity.

4.2. Analysis of the Social Serendipity Process. McCay-Peet
and Toms’s [23] model was used as a framework to
identify different phases in the narratives (trigger, con-
nection, follow-up, and valuable outcome), which de-
termined the structure of this subsection. We created a
bottom-up categorization of the different instances of
each phase in the stories, supported by the examples from
reported stories.

4.2.1. Triggers. In the serendipity process, a trigger con-
stitutes a moment when a chance encounter happens. In
other words, it refers to the general context, social situ-
ation, or setting that affects an encounter. Earlier research
classified triggers based on sensory qualities [23] or types
of objects and environments [14] due to the primary focus
on unexpected encounters with information. We inves-
tigated serendipitous encounters from the perspective of
making new valuable connections, so we distinguished
between two types of triggers: contextual and interaction
triggers. Contextual triggers refer to environmental set-
tings that spark perceptions of serendipitous experiences,
while interaction triggers cause unsought interactions
with the person encountered.

Social media is accelerating the process. […] The most recent: last year, a man connected to me on Facebook
after reading my comments to a mutual friend. He just traveled to place, where I live, to give a workshop
and wrote to ask whether I had time to meet him two days ago. We met and had coffee. We have some common
experiences, values and interested in sustainable development, coaching, ethics. We found an immediate
prospect to work together. He also introduced me to another person whom I met last night at the event,
and she also wants to work together. (R37, British female, 77 y.o., Head of training & development, length cut 43%)

Contextual triggers: ICT-mediated environment
Interaction triggers: communication
Connection: revealed commonalities

Follow-up: repeated social interaction
Valuable outcome: primary professional, 
secondary social

Figure 6: An excerpt from a respondent’s example of an ICT-mediated environment that increased the probability of social serendipity.

Table 3: Categories of contextual and interaction triggers identified in the respondents’ stories.

Trigger type Category Examples from the stories

Contextual

Public place (10 stories) Streets, airports, clinics, train stations, hostels, bus
stops, saunas, cafés, and ski slopes

Professional event (7 stories) Conferences, exhibitions, and seminars

ICT-mediated environment (7 stories) Phone and video calls, emails, and social network
services (e.g., Facebook)

Work premises (6 stories) Kitchens, meeting rooms, offices, and halls
Education premises (5 stories) Campus areas and group classes

Social event (2 stories) Volunteering events and fairs

Interaction

Direct communication (29 stories)
Introducing each other, small talk, useful information
exchange, official meetings, and discussions of fields

of interest, problems, and opportunities

Repeated encounters (9 stories) Bumping into the same person several times,
attracting attention and motivating follow-up

Unsought interactions (9 stories)
Introduction of two actors by a familiar person (e.g., a

friend or supervisor) when they least expect it,
initiation of interactions by stranger

Receiving assistance or advice (8 stories)
Assumption of the role of mentor by the recently
encountered person, leading to professional follow-

up or valuable outcomes
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In this study, the most common type of contextual
triggers was related to public places (Table 3). In addition to
the example in Figure 4, the respondents reported meeting
interesting others on public transportation and in train
stations, restaurants, hotels, and even the streets. Other
common contexts included professional events such as
conferences, seminars, and professional exhibitions.

Some of the stories featured ICT-mediated environ-
ments (Figure 6) such as video conferences and Internet
sites (discussion forums and websites), and the use of
social media services could indeed increase the probability
of unsought encounters. Many mentioned that they be-
lieved that ICT could simplify the process of finding rel-
evant others and increase awareness of potential
collaborators:

“ICTcan help connecting professionals online based on, e.g.,
interests, professional targets, or ambitions and offer “blind
date” type of connection possibilities, a little bit like “people
youmay know” on LinkedIn, but “people you have common
interests in.” I cannot really visualize the technical features
other than by saying that some algorithm which can
provide such “blind dates,” and then based on the users’
feedback learns to understand better what kind of people
would more likely be useful, new encounters.” (R21, Finnish
male, 48 y.o., Sales Director)

One respondent went so as far as to envision compu-
tational platforms that could enable the advanced formation
of genuinely global virtual collaboration communities across
any demographic boundaries:

“ICT solutions might collect data about my and others’
daily digital exhaust, and algorithmically finding new
potential connections for me to explore. I envision, informal
spaces for team-based work. I’m not talking about co-
workings or lofts, but about a platform (social or virtual)
where a person leading some project will be able to find and
recruit, in a way, required specialists and communicate
with them (no matter what language they speak or where
they live).” (R29, Finnish male, 39 y.o., Researcher)

Despite the generally positive attitudes toward tech-
nology-mediated serendipity, some respondents seemed to
regard existing solutions as having limited ability to facilitate
follow-up activities and value creation among people:

“ICT can increase so-called coincidensity—the increase of
chance encounters between a diversity of people—but in
many cases, it does not support the value creation, which is
the critical element in serendipity.” (R32, Finnish male, 62
y.o., Founder and partner)

Additionally, the respondents were concerned about the
trustworthiness of computer-mediated communication and
the reliability of digital persona. Such attitude could be
explained by the gap between trust in online and offline
(face-to-face) interactions and the variance in this respect in
different digital communication media (e.g., chats vs. video
calls), as implied in the following example:

“I believe there should be a way of having social media
profiles validated as accurate and trustworthy. I do trust
people, but I would feel better when accepting connection
requests from strangers if there was a way of checking their
profile is true, similar to the blue tick that celebrities have
on Twitter. [...]” (R35, British male, 48 y.o., Data architect)

In addition to contextual factors, social serendipity ex-
periences could be initiated through unsought interactions
with the encountered person, in words, through interaction
triggers (Table 3). For instance, repeated encounters with the
same person could easily catch one’s attention (i.e., the
familiar stranger) and motivate initiating interactions,
possibly leading to potentially valuable outcomes. In other
cases, unsought social interactions occurred when an in-
dividual was least expecting to socialize with others, in-
creasing the perception of serendipity. (e majority of the
stories reported that small chats and informal discussions
triggered serendipitous experience: ongoing conversations
gradually led to identifying mutual interests and synergies.

Another type of interaction trigger was unsought advice
or assistance. In addition to the stories represented in
Figures 4–6, a representative example of interaction triggers
came from the following story:

“[...] My department was taking up an international project
with a foreign university. Professor asked me if I could [...]
welcome the guests [...] and look after their comfort and
other arrangements. Since I held him in high regard, I could
not refuse. [...] When I first met them, I was hesitant, but
they were very friendly. [...] We discussed our research
areas and interests, and those matched well. By the time we
reached the Guest House, they had developed a liking for
me! Later that year, I came to know of a Ph.D. award and
was encouraged by my supervisor to apply for it. [...] 6e
first and most crucial step was to identify and approach a
prospective supervisor from another country. [...] I had
forgotten all about the two visitors that I assisted, but my
supervisor happened to recall my pleasant meeting with
them and suggested to contact them. [...] I applied for the
award, got selected, and now [...] working with these two
lovely and intelligent professors on my Ph.D. topic.” (R6,
Indian female, 26 y.o., Doctoral student, story length cut
42%)

Table 4: Categories of the connection phase identified in the respondents’ stories.

Category Examples from the stories

Revealed commonalities (33 stories) Job fields, professional and personal interests, hobbies, life goals, work styles, shared social
ties, education fields, and life experiences

Revealed complementarities (17 stories) Complementary professional skills and needs, different backgrounds and viewpoints
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In other words, the respondent was compelled to interact
with foreign visitors and did not expect that these con-
nections would be useful one day. In addition, the super-
visor’s advice triggered the connection phase of the
serendipitous experience, leading to follow-up with foreign
professors and achievement of a valuable outcome.

Overall, the data revealed that chances for serendipitous
social encounters could appear not only in unknown en-
vironments but also in familiar places. Although it was
hardly surprising that knowledge workers met at events, it
was interesting to note that the respondents also reported
unsought and unexpected experiences in contexts where
people were generally in socially open moods and mentally
prepared for new opportunities. In addition to contextual
factors, the experience of social serendipity could be initiated
through interactions with other individuals and surround-
ings. (e stories usually included multiple triggers; for ex-
ample, both contextual and interaction triggers led to the
next phases of the experience: connection and follow-up.

4.2.2. Connection and Follow-up. In the traditional notion of
serendipity, connection refers to the phase when a person
reflects on the trigger based on their background and
knowledge, leading to identification of possibly valuable
outcomes. In this study, connection refers to proactive,
reciprocal reflection on triggers and the interactive process
of obtaining an understanding of how to benefit from
serendipitous social encounters. Such sense-making of the
encounter is built on recognizing common ground as people
get to know each other and exchange information, often
during their first meeting (Table 4).

(e respondents described various commonalities be-
tween themselves and their recently met persons. While the
majority of the respondents referred to having similar jobs
and interests in general, some specifically mentioned shared
research interests. (ere were also some examples of
identification of similar personality traits, hobbies, and even
life experiences. One story brought up the similarities and
differences in of a good match in which the heterogeneity of
the background and viewpoints and the similarity of goals
and interests had benefits for both professional and personal
contexts:

“I took part in a video lecture, sitting behind a Tv-screen in
a meeting room. [...] 6e discussions were difficult due to a
bad connection, but I remember how excited I was when
someone started to comment about a book related to the
lecture. I had just finished it, and it had also been important
for my thinking. [...] We later met face-to-face with that
person, and since that day [...], we have been helping each
other’s growth both in personal as well as in professional

life. [...] We both work on dissertations, and although they
sound to be of subjects quite far from each other, we are
interested in the same phenomenon, but from a different
point-of-view. We also share ideological goals and interests
in personal lives. [...] With quite a different background
and a different logic/mindset, we have grown to the benefit
of our differences and to learn from each other instead of
“only” sharing similar experiences and thoughts.” (R34,
Finnish female, 42 y.o., Researcher, story length cut 52%)

(e connection phase was crucial to obtaining an un-
derstanding of how to benefit from a serendipitous social
encounter, whether to solve urgent problems or access new
opportunities or directions. However, to achieve the optimal
benefit and turn pure chance into serendipity, one had to
invest in the follow-up phase. In social serendipity, follow-
up refers to the deliberate social interactions with the en-
countered person needed to obtain a valuable outcome.
(ese interactions can include follow-up messaging, meet-
ings, and more active collaboration. (us, the connection,
together with the follow-up phase, can be said to distinguish
serendipity from pure luck or chance. One respondent
deeply contemplated this fact:

“In all my serendipitous encounters, there are two common
aspects—I have always been expecting nothing (no follow-
up) after the first contact and so was surprised that actually,
this particular case developed somehow. As a second, I
always had to invest some professional and personal efforts
to explore the relation and get some long-term results. [...]”
(R16, Czech male, 33 y.o., Researcher, story length cut 78%)

Our analysis identified two main categories of follow-up
actions and interactions (Table 5). (e first one referred to
later capturing opportunities when an individual realized the
possible value in the initial encounter but could not yet
identify how or where to apply this potential. In our data,
such actions included, for instance, the exchange of contact
information. (e majority of the respondents, however,
focused their narrations on the process of identifying mutual
benefits during repeated social interactions such as meetings
and phone calls. It is worth noting that many stories had a
chain of follow-up actions, possibly including a delay be-
tween the connection and follow-up actions. Often, much
information needed to be exchanged before a mutually
beneficial topic of collaboration was discovered.

While expecting technology to be a powerful tool for
connection and follow-up interactions with recently
established ties, some respondents noted that the ways in
which social media platforms were designed might limit
their use in the process of strengthening relationships:

Table 5: Categories of the follow-up phase identified in the respondents’ stories.

Category Examples from the stories

Repeated interactions (30 stories) Multiple meetings or chats that gradually lead to identification of potentially
valuable outcomes

Contact information exchanges (6 stories) Capturing opportunities for later, for instance, by exchanging business cards or
contact details
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“I would like to know more about my network, but at the
moment it is very superficial, I see only a page with a few
works and a list of their education and experience. It tells
me little about their personality, their hopes and expec-
tations, their goals and aspirations. As a consequence, I
have many contacts but not so many friends or people I
know personally. I think faster networks and virtual reality
meetings will help to create lasting impressions and build
stronger relationships. I regret that I can only text message
to my LinkedIn contacts when a short virtual face-to-face
meeting would be much nicer and more humane.” (R35,
British male, 48 y.o., Data architect)

4.2.3. Valuable Outcomes. Valuable outcomes refer to the
positive outcomes of serendipitous social encounters. All the
analyzed stories resulted in professionally valuable outcomes,
and some were also followed by additional personal and social
benefits (Table 6).(e valuable professional outcomes included
examples of collaboration and partnering, gaining employed,
changing jobs, and deciding on career directions. In fact, in
some cases, an encountered person became not only a work
partner but also a good friend in personal life. Some re-
spondents explained that the encounters helped thembuild and
extend their social networks, while others cited personal
achievements as benefits. For instance, when assisted with
useful information, one might gain support to finalize one’s
education or obtain educational rewards. Finally, the re-
spondents also mentioned self-improvement, referring to
learning new perspectives, getting additional training, solving
personal problems, improving professional skills, and changing
one’s worldview and behavior for better. We consider this
spectrum of beneficial outcomes to consolidate the idea of
serendipity as a fruitful experience to universally seek in
professional life.

(e respondents mentioned that not only chance or luck
led to beneficial outcomes. Other relevant aspects of ser-
endipity included, for instance, openness to new opportu-
nities, curiosity, personal experiences, and professional
skills, which allowed taking advantage of serendipitous
encounters:

“Many chance encounters do not lead onto anything sig-
nificant beyond a pleasant encounter, professionally or
personally, but occasionally a relationship can lead to a
meaningful and important event or significant change. [...]
For instance, when a chance encounter in a corridor in a
building led me to become involved in a predictive analytics
project for a business partner. Such events do not happen
often, but they happen with sufficient regularity that I am
minded to network with people and be open to new

possibilities [...]” (R35, British male, 48 y.o., Data architect,
story length cut 61%)

Individual qualities were essential to realize the op-
portunity for a fortunate encounter and benefit from ser-
endipity. For example, openness was needed to have the
appropriate mindset and experience to perceive the op-
portune moment. In other words, impact took place when
there was a space for it in one’s life.

5. Discussion

(e results imply that knowledge workers’ experiences of
serendipitous social interactions manifest in various situa-
tions beyond organizational boundaries and offer a wide
range of perceived benefits. (e data also demonstrate the
diversity of the contexts of the encounters and the triggers
that affect the matching process. (e subjectivity of drawing
a line between serendipity and mere luck results in variance
in the intensity of the experiences and effects the respon-
dents included in their stories. With our survey design and
recruitment efforts, we managed to gather relatively strong
experiences of social serendipity. However, we expect that
we were unable to collect other more mundane instances of
these experiences. In the following, we highlight a few of our
qualitative findings that we consider to best characterize the
concept of social serendipity. In addition, we discuss the
seemingly minor role of technology in social serendipity and
outline design directions to enhance serendipitous experi-
ences with technology. Finally, we address the methodo-
logical limitations of the study.

5.1. Key Characteristics of Social Serendipity. (e first
characteristic addressed is that social serendipity can be seen
as an instance of aesthetic experience [53]. To be more
specific, serendipity is a well-formed, complete experience
that is subjectively unified, recognized, and interpreted. It
has a beginning and an end and unfolds over time, pro-
ducing a satisfying emotional quality—the joy of unsought
fortune—that permeates the entire process. (e flow of the
serendipitous experience thus is characterized by the pur-
poseful connection of all phases coupled with the subject’s
actions and interactions with the physical and social envi-
ronments. In the following, we reflect on each phase of social
serendipity identified in the stories and contrast them to
earlier research on the conceptualization of serendipity.

(eorizing serendipity, researchers [14, 23] revealed
types of triggers that make sense in the context of infor-
mation retrieval in which the experienced outcome generally
relates to knowledge discoveries. In contrast, social

Table 6: Categories of valuable outcomes identified in respondents’ stories.

Category Examples from the stories

Primary—professional (37 stories) Professional collaboration, vocational growth, business partnership, and career
planning

Secondary—social and personal (16 stories) Friendship, extended social networks, mentoring, useful information retrieval, self-
improvement, graduation, and educational awards
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serendipity consists of building valuable interpersonal re-
lationships and thus is primarily driven by interactions
between people. Our findings, therefore, distinguish be-
tween contextual and interaction triggers. (e stories in-
dicate that experience is rarely sparked by only one type of a
trigger but instead is more commonly caused by a complex
combination of several triggers. While contextual triggers
create a fruitful scene for serendipity to occur, interaction
triggers play a more significant role in the experiences of
serendipitous encounters because they lead to the next
phases.

In a traditional notion of information serendipity, the
connection phase is characterized by unconscious pro-
cessing of the triggers and content, but our findings on social
serendipity demonstrate the qualities of proactive and re-
ciprocal sense-making. (e connection phase in interper-
sonal interactions centers on two primary approaches:
through direct social interactions, people either reflect on
commonalities between each other (e.g., to build trust) or
look for complementary characteristics (e.g., to identify
reasons to collaborate). (e stories present two types of
follow-up actions and interactions: (i) repeated social in-
teractions to strengthen connections and explore mutual
benefits; and (ii) exchanges of contact information to cap-
ture opportunities for later use. To turn pure luck and chance
into social serendipity, both actors have to invest effort and
commitment during the connection and follow-up phases.

As mentioned, the outcomes in the traditional notion of
serendipity generally are related to knowledge discovery. Of
course, in social serendipity, knowledge discovery is also one
of the benefits complementing the primary value: new
beneficial relationships with other people. In fact, making
meaningful connections with other people contributes to
information flow and knowledge creation. All the examples
from our survey aimed at collecting stories about serendipity
in professional life explicitly refer to work-related benefits
(e.g., finding new jobs and collaborators) as the major
valuable outcomes. However, many stories indicate that
professional gains are often accompanied by secondary
benefits (e.g., friendship, mentoring, and self-improvement),
which enable even stronger social bonding. Moreover,
recognizing that one is experiencing social serendipity and
the related satisfying emotional qualities can be perceived as
beneficial outcomes of the experience.

5.2.6eRoleofTechnology inSocial Serendipity. As addressed
in Section 2, earlier HCI research demonstrated considerable
interest in developing ICT to support social matching and
chance encounters. Although only a few narrations highlight
the role of technology in contributing to these experiences,
the respondents believed that ICT can help identify op-
portunities for serendipitous professional collaboration and
assist in matching and communication processes. While this
study does not allow generalizing the prevalence of ICT in
knowledge workers’ experiences of social serendipity, the
minor role of technology in this sample highlights the
importance of reconsidering what kinds of computational
approaches can more effectively foster serendipitous social

encounters. We claim that the presented empirical findings
on the social serendipity process can support the definition
of meaningful design goals and directions for future ICT.We
especially apply our thinking to social matching services [54]
and people recommender systems [55] because they both
represent a more proactive paradigm of technology. In
addition to presenting relevant information, such technol-
ogies make complex inferences and use algorithmic logic to
suggest alternatives to users and actively help their decision-
making.

Current matching services and people recommender
systems often employ algorithms based on two well-estab-
lished social networking mechanisms. First, matching is
primarily driven by the homophily hypothesis [56], which
states humans tend to connect mostly with those similar to
themselves. Second, they follow the triadic closure hy-
pothesis, which holds that new connections are likely to
form between friends-of-friends [57], that is, between actors
who already have strong, trustworthy ties [58]. (e human
preference for like-minded others and trust in new con-
nections introduced by familiar others are even visible across
some stories collected in this study. However, these prin-
ciples might be detrimental to knowledge work because they
contribute to the formation of social groups that consolidate
viewpoints, thus reducing the creation and distribution of
new knowledge and opinions. (is phenomenon is referred
to as an echo chamber [59], and social media services have
recently received criticism for supporting echo chambers
[60].

Responding to these challenges, researchers in the do-
main of recommender systems have started to promote
serendipity as a feature that design should support [20]. (e
primary objective of such serendipity-enhancing systems is
to increase the quality of recommendations by diversifying
content and enabling novelty and unexpectedness. Diver-
sification of the recommended content can increase the
probability of serendipity but does not always lead users to
perceive it. After all, intentionally using digital artifacts to
identify new potential connections inherently reduces the
element of unexpectedness. de Melo [14] claimed that to
provoke serendipitous experiences, systems have to imple-
ment all three qualities—new discoveries, unpredictability,
and value. While the first two qualities can be achieved
through approaches such as randomization [61, 62] and
defamiliarization [63, 64], facilitating the creation of value
for the user is the most challenging task.

Inspired by de Melo’s notion of serendipitous systems
[14], we call for digital services that can contribute to the
entire processes of social serendipity. We propose a user-
centric idea of ICT-enhanced social serendipity experiences
with three vital process-based elements: (i) an initial phase of
introducing opportunities for professional networking and
interpreting their inferred relevance, (ii) encouraging direct
social interactions for value creation, and (iii) maintaining
social awareness of established connections through facili-
tated follow-up processes. In the following, we discuss these
elements in relation to potential computational service
qualities. We primarily focus on aspects relevant to the HCI
community.
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5.2.1. Introducing Opportunities and Facilitating the Inter-
pretation of Inferred Relevance. Our findings imply that
experiences of social serendipity are often initiated in un-
sought, face-to-face chats and discussions. Optimistic ex-
pectations of how computer-mediated communication
might lead to serendipity were rare among the respondents,
andmost thought that the first interactions should take place
face-to-face to establish social bonding and trust. (ese
findings could be explained by the fact that many of the
respondents were middle-aged or older citizens possibly less
trustful and open to the use of technology than millennials
[65].

Indeed, in virtual environments, many issues tend to
limit interactions with unfamiliar people. For instance,
privacy restrictions might inhibit making new connections.
(e lower psychological pleasure from computer-mediated
communication than face-to-face interactions might reduce
motivation to chat with strangers. (e lack of exploratory,
open-minded social settings in virtual environments might
hinder people from investing sufficient time for exploring
networking opportunities and mutual interests. In the early
phases of the social serendipity process, the probability of
experiencing the unexpected depends on the content such as
other users’ profiles and their presentation in the user in-
terface. In people recommender systems, the degree of how
surprising and seemingly relevant the suggested new con-
tacts are can affect users’ acceptance and willingness to
interact with them.

(e current standard of introducing people to each other
in social network platforms (e.g., recommendations of
whom to connect to or follow) is based on a simplistic, list-
based approach using profile pictures, names, and brief
biographical summaries. (is way of delivering recom-
mendations can be enough for lightweight, low-risk deci-
sions, such as whom to follow or to identify existing
acquaintances on a platform. However, due to the various
needs of partnering and collaboration (e.g., from seeking a
mentor for personal vocational growth to building a com-
munity), finding valuable, meaningful people in knowledge
work requires enhanced content and profiling and advanced
visualization techniques to deliver recommendations. In this
regard, the variety of data about people available in social
media services could help build more comprehensive user
profiles and analyze existing ties in the larger social network
[66]. Social network analysis could also enable computa-
tional identification of potentially relevant new and weak
ties. On a broad level, interactive, exploration-supporting
visualization of several perspectives of potential collabora-
tors in a social network graph could facilitate the experience
of surprise and luck. Positioning a user in a social graph and
explaining the inferred relevance with recommended people
(e.g., by visualizing the similarities and differences men-
tioned by R34) thus could trigger serendipity and lead to the
connection phase.

(e connection phase is primarily a mental process of
analyzing information about the new encounters and
reflecting on and interpreting the potential value of pro-
spective interactions. To support this phase in ICT-mediated
environments, it is essential to create a smooth transition to

social interactions, first making users familiar with each
other through enhanced profiling. (is calls for identifying
the types of content that, first, best suit the diverse contexts
of professional matching and that, second, knowledge
workers consider to be sufficiently valuable to start inter-
acting with an unfamiliar match. In this case, user profiles
should present content that steers readers’ attention to users’
qualities that are timely and relevant to understand, thereby
initiating social interactions. Self-created content could be
complemented with computational analysis of personal
social data and extended with insights inferred from dif-
ferent digital platforms and social media services. Enriching
each user’s image could be useful to identify unanticipated
opportunities, inherent personal qualities, and contextual
oddities [67], attributes that might not appear in user-
generated content.

5.2.2. Encouragement and Persuasiveness for Value Creation
and Maintenance of Social Awareness. (e findings imply
that even in face-to-face interactions, encounters that result
in serendipity could benefit from the tertius iungens ori-
entation [68], or facilitators to encourage, initiate, and co-
ordinate interactions with new people and motivators to
follow up contacts. In addition to recommending seemingly
relevant new connections (i.e., increasing chances), ICT
could also facilitate the connection phase and aid identifi-
cation of potentially beneficial outcomes. While designing
for various encouraging features (i.e., persuasiveness) in ICT
applications is tempting, achieving an acceptable yet useful
degree of persuasion is highly challenging. Current people
recommender systems in social media services can be
considered to have a reasonably reliable ability to suggest a
variety of opportunities, but they have no role in converting
these recommendations into actual behavior.

Designing ways to motivate users to perform the nec-
essary actions on the path to realize possible social seren-
dipity calls for audacious design exploration. We propose
that this role could be best realized through cooperative
synergy between a data-driven analytics system focused on
computational analysis and a user capable of making per-
sonally relevant interpretations and focusing on the quali-
tative aspects of social matching. (us, ICT-enhanced social
serendipity could be aimed at achieving human-in-the-loop
analytics [69] and augmented intelligence [70, 71] rather
than artificial intelligence, that is, supplementing human
intelligence with computational capabilities through new
forms of HCI. (e innate differences between human de-
cision-making and computational logic necessitate careful
design of the interplay of these two types of intelligence [72].
For example, considering the well-known paradox of choice
[73], instead of increasing the numbers of matching op-
portunities, perhaps ICT applications should reduce choice
anxiety by radically limiting the options of suitable indi-
viduals or giving users efficient ways to do so reflectively and
systematically.

For example, ICT could provide cues regarding its in-
ferences of how a given social recommendation is relevant to
the target user and deliver so-called tickets to talk to initiate
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discussions and maintain already established ties. Further-
more, as the findings demonstrate, valuable outcomes are
generally achieved after long-term follow-up activities,
sometimes over the course of several decades. To maintain
interpersonal relationships and to support value creation
among users, one suitable approach could be to keep users
updated on their recommended contacts’ recent activities
and to inform users of suitable opportunities for face-to-face
and virtual meetings. Supporting users in understanding the
value of their new and existing connections could be
achieved by utilizing advanced personalization approaches.
(e system could adjust the appearance of users’ profiles and
contents, gradually revealing more facts about them (en-
abling the element of surprise) and potentially encouraging
direct communication and follow-up avenues. Moreover, by
collecting users’ feedback on new adaptive profile repre-
sentations, matching algorithms could learn individuals’
preferences and criteria for subjectively perceived relevance.
(is personalization approach could imitate the repeated
encounter triggers revealed in the sample data and thus
enhance people’s decision-making process in the choice of
better matching opportunities for value creation.

5.3. Methodological Limitations. All methodologies impose
different limitations on the reliability and validity of find-
ings. In this study, for example, an online survey might not
have been considered to be ideal for qualitative research.(e
sampling could be challenging to control, compromising
generalizability, and the truthfulness of the answers could
not be verified as in face-to-face interviews. However, the
choice to run an online survey with open-ended questions
was considered to be the most suitable compromise between
the research objectives and practicality. On the one hand, the
research gap and our questions called for qualitative ac-
counts to deeply describe and understand the subjective
experiences and reported social encounters. On the other
hand, the prevalence of knowledge workers’ memorable
serendipitous social encounters was considered to be rela-
tively low, making recruitment for an interview-based study
highly challenging on a practical level. Furthermore, as the
respondents self-reported past experiences, recall bias very
likely influenced the truthfulness of the reported experi-
ences. (is, however, was inevitable because serendipity, in
fact, required time to progress and so could hardly be studied
as it unfolded.

Despite extensive recruiting efforts, attracting re-
spondents proved to be challenging, which could be seen
to support our assumption of the rarity of such experi-
ences. Fortunately, the analyzed responses were very
detailed and represented relatively strong, vivid examples
of serendipity, which allowed in-depth accounts of the
experiences. We speculated that the difficulties gathering
data resulted from two main factors. First, some survey
visitors might not have understood the concept of ser-
endipity or correlated it with their own experiences. (e
term has been relatively little used outside academia,
especially compared to other related concepts. We an-
ticipated this issue upfront, so the survey introduction

also used terms like “chance” and “unexpected encounters
that lead to valuable outcome.” (e welcome page of the
survey explained what we sought in layperson’s terms.
Second, the individual variance in perceiving unexpected
[74] might have been another factor preventing people to
recognize serendipity. (e concept of serendipity was
related to chance and luck, so some people may have
wrongly assumed that a lack of control was a fundamental
element in such experiences. For instance, people with a
high locus of control [75] might not have attributed such
experiences to chance but, instead, considered beneficial
encounters to have resulted from their own efforts and
decisions. Little research has addressed cultural differ-
ences on the experience of luck and unexpectedness, so we
could not assess how well this sample with a specific
cultural bias represented the entire human population.
Nevertheless, as this study was not aimed at producing
generalizable quantitative information (e.g., the preva-
lence of the phenomenon), we believed that the downsides
were tolerable given the seemingly rare research on ex-
periences of social serendipity in knowledge work.

6. Conclusions

Serendipity has been actively theorized in the context of
information retrieval, but social serendipity has not been
extensively studied with empirical approaches. We con-
ducted an international, qualitative online survey and
gathered 37 responses with rich examples of serendipitous
social encounters. Our analysis reveals various insights into
the nature of social serendipity in the context of knowledge
work. In addition to reporting a wide range of aspects and
subjective experiences relevant to social serendipity, we
extend the theoretical understanding of the serendipity
process with aspects particularly applicable to serendipity
in social contexts.(e gathered insights can be employed to
inform the design of more effective and appropriate ICT.
While luck and unexpectedness characterize any chance
encounters, social serendipity also requires active follow-
up to identify their potentially valuable outcomes and
active collaboration to realize them. Social serendipity
benefits from repeated encounters, social facilitation, and
identification of shared goals and reciprocal benefits. In-
terestingly, however, only a few of the respondents reported
that ICT served in roles that somehow contributed to the
emergence or support of serendipitous encounters. We,
therefore, highlight the question of the meaningful roles of
ICT in computationally enabled social serendipity
experiences.
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ABSTRACT
Serendipity experiences are highly desirable in work life, consid-
ering both individuals’ learning and organizational innovation ca-
pacity. This study looks into information and social serendipity in
the context of Twitter. While Twitter can be viewed as a fruitful
platform for serendipity to emerge, there is little understanding
of what technology characteristics and use practices contribute to
such experiences in work-related use. Drawing from the functional
affordances theory, the paper investigates the role of presenteeism,
self-disclosure, recommendation quality and pace of change, and
different types of Twitter use as possible antecedents of serendip-
ity. A cross-sectional international online survey was conducted
with 473 respondents who actively use Twitter in their work. An
exploratory factor analysis was performed, followed by linear re-
gression analysis to identify relevant statistical associations. The
findings indicate that presenteeism (i.e., the fundamental element of
reachability) seems to have an effect on serendipity while the more
designable characteristics, like the quality of recommendations, do
not. Overall, the findings imply that serendipity experiences are
primarily explained by individual characteristics like personality
and specific ways of using Twitter. This is amongst the first studies
on the role of Twitter characteristics as functional affordances in
the formation of serendipity. The extensive empirical study con-
tributes a detailed analysis of the antecedents of serendipity and
opens avenues for research and design to identify new serendipity-
inducing mechanisms.
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1 INTRODUCTION
Social media services are actively utilized in work life as they open
access to vast networks of relevant knowledge and experts and en-
able the exchange of ideas and expertise [71]. Organizational studies
demonstrated that employees strategically use micro-blogging ser-
vices like Twitter to increase their visibility and influence through
the expression and promotion of professional identities [73]. Prior
research suggests that Twitter supports the discovery of unexpected
yet valuable content and contacts for professional interests [56],
which implies that Twitter use offers a relevant empirical context
to study experiences of serendipity.

Serendipity is conceptualized as an unsought yet fortunate ex-
perience prompted by an individual’s interaction with ideas, infor-
mation, objects, or phenomena [47]. Prior research on serendipity
seems to largely focus on its role in information retrieval [2, 6], its
importance in creativity and innovation [3, 32], and in knowledge
building and learning [9, 55]. In recent literature, serendipity has
been recognized as a strongly positive experience worth pursu-
ing [16, 37], especially in professional activities [52, 57]. Since this
study focuses on serendipity within the context of Twitter use, we
cover both information and social serendipity.

However, little is known about if and how the technology char-
acteristics and especially designable service features might support
serendipity experiences or if certain usage practices tend to lead to
such. Despite its desirability as a specific user experience, design-
ing for serendipity will remain an elusive goal if the contributing
mechanisms are unclear. Since chance and happenstance are cen-
tral elements of serendipity, the possible factors contributing to
it are likely diverse. Prior work features only a few attempts to
reveal the antecedents of IT-supported serendipity, primarily in the
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context of information retrieval [39, 46], with little attention to its
social counterpart. Therefore, by investigating a range of factors,
the present study extends the understanding of the IT characteris-
tics that serve as antecedents of information serendipity or social
serendipity on the most popular microblogging service Twitter. We
considered Twitter a fruitful context for researching serendipity as
it is commonly and strategically used for professional purposes, and
serendipity is an important element in its user experience [59, 73].

Thus, this exploratory research focuses on the following ques-
tions: RQ1.What technological characteristics contribute to the ex-
periences of information and social serendipity on Twitter? RQ2.
How do these characteristics associate with the types of Twitter use?
We conducted a cross-sectional online survey of 473 respondents
who use Twitter in their work. Drawing from the functional affor-
dances theory [25, 48], we analyzed the effects of perceived recom-
mendation quality [54], pace of change [5], self-disclosure [76] and
presenteeism [5], and their relations to experiences of serendipity.
Additionally, we included background and personality character-
istics as control variables to understand the overall proportion of
service features in explaining serendipity.

The quantitative analysis demonstrates that the examined tech-
nology characteristics provide limited direct support for serendipity.
Nonetheless, all the investigated characteristics appear to be signif-
icantly associated with different types of Twitter use. The findings
also illustrate that users who consume content by following active
discussions and exploring others’ tweets experienced higher levels
of information serendipity than users who were actively producing
content. Additionally, personality characteristics, such as openness
to experience, neuroticism, and conscientiousness, were found to be
essential in serendipity.

The primary contribution of the article is the report of an exten-
sive quantitative study on how various technology characteristics
and types of Twitter use can support the emergence of informa-
tion and social serendipity in the context of professional life. The
results provide insights into technology’s role in shaping serendip-
ity. In contrast to prior research, which focuses on serendipitous
encounters related to information discovery, we extend the under-
standing of the little-studied concept of social serendipity. Further-
more, we anticipate the study to encourage the exploration of new
serendipity-inducing mechanisms on social media services utilized
for professional purposes.

2 RELATED WORK
Many research fields studied serendipity, resulting in numerous con-
ceptualizations 1. For instance, in organization studies, the concept
is treated as a behavioral and social pattern worth pursuing due to
the positive effects on knowledge work and collaboration [30, 59].
In computer science, the concept is relevant, especially in informa-
tion retrieval (IR) and Recommender Systems (RecSys) research,
where it is regarded as a measure for preventing algorithmic bias
and enabling information diversity [36, 60].

Research in Human-Computer Interaction (HCI) and Computer-
Supported CooperativeWork (CSCW) has explored two branches of
the phenomenon: natural serendipity, which is unplanned and non-
deterministic, and IT-supported serendipity—facilitated or triggered
by technology. Studies of natural serendipity cover, for instance,

exploratory studies on social awareness and impromptu encounters
within work environments [34]. Research on IT-supported serendip-
ity has focused on designing and evaluating IT artifacts that aim
to facilitate chance encounters between co-workers or collocated
individuals [58] and recommender systems for surprising content
discoveries [1].

Search engines present a classic example of IT-supported serendip-
ity by opening access to enormous content and different pathways
to encounter it. Notably, Twitter and other services with user-
generated content differ from traditional information search en-
gines by exposing users to content that is not deliberately searched
for. Additionally, since Twitter is used to support diverse tasks,
it is found to make discoveries unpredictable [68]. Such multi-
purpose use of the platform promotes one of the key qualities
of serendipity—the revelation of unsought connections [20]. On
Twitter, serendipity can emerge due to the dynamics of personal
social networks and user-generated content, which are enabled via
’follow,’ ’mention,’ ’favorite,’ and ’retweet’ features [62].

For this study, it is relevant to establish a conceptual separation
between two target branches of serendipity—information and social
serendipity. Information serendipity refers to unexpected yet fortu-
nate discoveries of information and manifests in stumbling upon
useful content (e.g., tweets, links, and hashtags). Social serendipity
refers to unexpected encounters with other people (e.g., followees
and followers), resulting in personal or professional benefits. The
following sections will further conceptualize these two facets of
serendipity.

2.1 Information Serendipity
Prior research on information serendipity has discussed whether
it is possible to design for serendipity at all. After all, technology
features tailored to satisfy and predict users’ desires might decrease
the element of surprise [39, 42]. While engineering serendipity
with technology is considered an oxymoron, researchers concluded
that it is possible to enable experiences that can be subjectively
perceived as serendipitous [4, 41]. For instance, Makri et al. [42]
proposed design strategies such as facilitating the revelation of
patterns, seizing opportunities, relaxing personal boundaries, and
supporting making a connection with previous experiences.

The perception of serendipity depends on various factors, which
can prevent or establish the context for serendipitous encounters,
for instance, trust and privacy [39]. By studying accidental discov-
eries on Twitter, McCay-Peet and Quan-Haase [46] also revealed
the key factors influencing the perception of serendipity like user’s
age and activity level. The older the user and the more active she is
on the platform, the higher the probability of fortunate information
discovery and the strength of the perception of serendipity.

Design-oriented research in this domain has produced various ar-
tifacts, mainly content recommender systems, that support surpris-
ing discoveries. For instance, Toms andMcCay-Peet (2009) designed
and evaluated “a serendipity inducing tool” that enables unexpected
suggestions from Wikipedia readings. Campos and Figueiredo [12]
implemented a web search system, ’Max,’ that allows divergent
exploration of potentially useful Internet resources. Such systems
typically utilize a similarity-based recommendation approach that
relies on a history of users’ inputs. More unexpected information
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Figure 1: Overview of the serendipity conceptualization in different scientific fields, key characteristics of the serendipity, and
the difference between information and social serendipity.

is provided in interactive library visualizations that support the
opportunistic exploration of books [70]. Such services provide a
more random and diverse pool of content selection, yet the chances
of getting relevant suggestions are decreased.

2.2 Social Serendipity
While serendipity has been primarily studied within the context of
information retrieval, little attention is paid to its social counterpart,
that is, unexpected yet beneficial encounters with relevant people.
In HCI and CSCW research, social serendipity is rarely addressed
explicitly, even though related topics have been investigated. For
instance, there are exploratory studies on daily spontaneous en-
counters [34], chance encounters [31], and social awareness [75]
in collocated work environments [58]. A recent survey study high-
lights that not all chance encounters result in serendipitous experi-
ences and suggests that technology might play a minor role in the
process of social serendipity [57].

Design-oriented studies have investigated the means to enable
chance encounters (or impromptu encounters), aiming to enhance
awareness and interactions between collocated or distributed work-
ers. For instance, Erickson and Kellogg [22] introduced the concept
of ‘socially translucent systems,’ which increases the visibility of em-
ployees’ activities in the context of large groups and organizations.
Jeffrey and McGrath [31] designed a collaborative working environ-
ment for informal online interactions to help employees to make
new connections and share knowledge. Eagle and Pentland [21]
built a socially curious mobile service, which senses the contextual
surroundings and encourages face-to-face interactions within a
proximity range. Interestingly, such solutions are typically based
on maximizing similarity in the social matching process, which
might lead to anticipated rather than serendipitous encounters.

In summary, prior research agrees that technology artifacts could
provide favorable conditions for serendipity. However, the question
of how information systems could facilitate serendipity experiences

remains unanswered. In contrast to the preceding research, we seek
to understand the characteristics that facilitate both information
and social serendipity in the professional use of Twitter. To under-
stand the role of technology in the overall scheme of possible factors,
we also investigate types of Twitter use, followership statistics, and
personal background characteristics.

2.3 Serendipity and Professional Use of Twitter
Recent research on the work-related use of Twitter has established
that serendipity experiences are critical for Twitter users and vital
for organizational innovation practices [43, 59]. In a professional
context, serendipity occurring in social media was found to foster
the creation and use of new ideas [30, 73] and positively influence
employees’ performance [13, 59].

As Twitter allows vocationally motivated interactions between
various individuals, communities, companies, and markets [50, 69],
previous work has identified different professional purposes for
using Twitter. For example, van Zoonen et al. [73] provided a holis-
tic overview of the various types of work-related communication
patterns on Twitter, categorizing work-, profession-, organization-
related tweets, and employee-public interactions. Table 1 summa-
rizes the three main categories for the professional use of Twitter
addressed in prior research. In the present study, we focus on the
professional use of Twitter from the individuals’ perspective and
investigate whether the platform supports their work activities and
professional networking.

To our best knowledge, serendipity in the professional use of
Twitter is acknowledged in prior research but not empirically stud-
ied. While it has been established that individuals can experience
work-related serendipity on Twitter [7, 17, 67, 77], little is known
about what, in particular, enables it. In what follows, based on exist-
ing theories and frameworks, we provide a conceptual overview of
the inherent characteristics of Twitter that may enable serendipity.
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Table 1: Summarized categories of professional purposes of
Twitter use.

Category Description

Professional Identity Man-
agement [17, 56, 69, 73]

Identifying and promoting self as representa-
tive of an organization, team/group, or pro-
fession

Knowledge Sharing [18, 30,
73]

Documentation of daily work activities, shar-
ing of professional opinions; engagement in
professional discourse (e.g., question and an-
swer type of communication)

Professional Network-
ing [30, 69, 73]

Expert finding to fill in the knowledge gap;
building connections with like-minded pro-
fessionals within and beyond organizational
boundaries; sustaining ties with co-workers

3 TECHNOLOGY CHARACTERISTICS OF
TWITTER AS POTENTIAL FACILITATORS
OF SERENDIPITY

According to Martin and Quan-Haase [43], the dynamism and live-
liness of user-generated content and the various recommendation
features embedded in the user interface enable divergent explo-
ration of interesting others and trending topics. Building on this,
we theorize that the technology characteristics of Twitter can en-
able both information and social serendipity. In the following, we
operationalize Twitter technology characteristics by drawing from
the perspective of functional affordances [25, 48]. Functional affor-
dances are the system’s characteristics that “help or aid the user in
doing something” (in this study, achieving serendipity experiences
in a professional context). To define technology characteristics and
establish study measures, we adapt the framework by Ayyagari et
al. [5] (see Table 2). While the investigated experiential phenome-
non by Ayyagari et al. [5] was different, the level of abstraction in
IT features analysis seemed appropriate for our analysis.

Table 2: The framework of technology characteristics and
their manifestation in the context of Twitter use.

Features Characteristic Characteristic’s manifesta-
tion on Twitter

Intrusive Presenteeism – reachability
and accessibility

Tweet, re-tweet, mention, ‘like’,
‘follow’, and direct messaging

Self-disclosure – making
the self known to others

Twitter profile information,
tweets and likes

Usability Recommendation quality –
usefulness and relevance

Tweet-timeline, Explore, You
might like, Who to follow and
Trends for you features

Dynamic Pace of change – frequency
of changes in IT environ-
ment

Dynamism of the Twitter feed,
users’ actions and interactions,
and dynamics of social network
structures

Presenteeism is defined by Ayyagari et al. [5] as the degree
to which technology makes people reachable for communication.
The concept was primarily investigated as a cause for technostress,

and a task disruption factor [5, 63]. However, as Brooks [8] demon-
strated, presenteeism can also have positive effects when social
media is used for gaining personal benefits. Presenteeism can thus
be measured by the extent to which users perceive that technol-
ogy makes them and other users reachable and accessible. In the
context of Twitter use, it could be seen as a core characteristic that
motivates the various uses of the service, hence providing chances
for unexpectedly reaching useful content or contacts.

Self-disclosure relates to the system’s capability to enable and
encourage user profile creation and users’ willingness to expose
their information. Twitter has limited agency regarding how each
profile turns out, while the user community introduces some norms.
Prior research demonstrated that the core functionality of social net-
working sites necessitates extensive self-disclosure [76]. The user’s
perspective refers to managing online connections, knowledge, and
opinion sharing. From the service perspective, self-disclosure en-
ables personalization—delivering relevant recommendations and
pushing specific content. On Twitter, self-disclosure is mainly en-
abled via user profiles where actors may reveal relevant information
about themselves. The characteristic can be measured by how users
perceive their Twitter profile as descriptive, comprehensible, and
up-to-date.

By suggesting actions to the user, recommendation quality
refers to the system’s most proactive (high-agency) features. It is
widely studied in computer science, outlining dimensions that con-
stitute useful recommendations [54]. The first dimension—accuracy—
stands for the recommendation agent’s capability to predict the
user’s preferences [28]. Next, the novelty dimension refers to pro-
ducing surprise—recommendations beyond the typical users’ in-
terest [74]. Finally, diversity—delivers heterogeneous recommen-
dations to overcome the filter bubble and avoid monotonous sug-
gestions [53]. The characteristic could be measured via subjective
perceptions regarding content relevance and contact recommenda-
tions.

Pace of change is defined by Ayyagari et al. [5] as subjective
perceptions regarding the rapidness of changes within the service
environment. This characteristic builds on the users’ actions and
interactions within the service, enabling dynamism and liveliness.
On Twitter, this characteristic is manifested through the fast-paced
changes in users’ feed, their interactions, and changes in the struc-
tures of ego-centric social networks caused by followership activi-
ties. Thus, this characteristic can be measured by the extent that
users perceive the frequency of changes on Twitter.

4 METHODOLOGY
To address the research questions with a quantitative approach, we
ran an international online survey in English. The survey enabled
the collection of a diverse sample of responses to an extensive
number of Likert-scale questions.

4.1 Measures Used in the Study
All the survey items except professional use were adapted from
existing and validated scales. Please see the full list of the survey
items in Table 3. (1) Serendipity, including information serendipity
(see IS1-IS3 items in Table 3 and social serendipity (SS1-SS3) items
were adapted from Lutz et al. scale [40]. We adjusted the scale
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Table 3: Constructs and indicators of the study, including serendipity, Twitter characteristics, types of Twitter use, and
personality characteristics.

Constract 𝛼 Mean SD Item Loading

SERENDIPITY

Social Serendipity 0.81 5.25 1.11 SS1.When using Twitter, I have made an accidental fortunate discovery of a contact that was useful for me 0.716***
SS2.When using Twitter, I have encountered useful contacts that I was not looking for 0.635***
SS3. When using Twitter, I have made an unexpected fortunate discovery of a contact that was useful for
me

0.608***

Information Serendipity 0.86 5.09 1.19 IS1. When using Twitter, I have made an accidental fortunate discovery of content that was useful for me 0.655***
IS2.When using Twitter, I have made an unexpected fortunate discovery of content that was useful for me 0.631***
IS3. When using Twitter, I have encountered useful information, ideas, or resources that I was not looking
for

0.430***

TWITTER CHARACTERISTICS

Presenteeism 0.84 5.61 0.89 PRE1. Twitter enables me to access others 0.793***
PRE2. Twitter makes me accessible to others 0.754***
PRE3. The use of Twitter enables others to have access to me 0.708***
PRE4. The use of Twitter enables me to be in touch with others 0.639***

Self-disclosure 0.81 4.80 1.17 SD1.My Twitter profile contains all data asked by the service 0.731***
SD2.My Twitter profile says a lot about me 0.701***
SD3.My Twitter profile is comprehensive 0.679***
SD4.My Twitter profile is up-to-date 0.611***

Recommendation quality 0.88 4.75 1.15 RQ1. The recommended content on Twitter fits my preferences 0.859***
RQ2. The recommended contacts to follow on Twitter are relevant to me 0.831***
RQ3. The recommended content on Twitter is relevant to me 0.762***
RQ4. The recommended contacts to follow on Twitter fit my preferences 0.726***

Pace of change 0.70 4.74 1.01 PC1. There are frequent changes in the feed of other users’ tweets 0.826***
PC2. The users whose tweets I see in my feed changes frequently 0.516***
PC3. The topics in my Twitter feed change frequently 0.507***

TYPES OF TWITTER USE

Professional use 0.79 3.77 0.90 PU1. I use Twitter to support my work activities 0.940***
PU2. I use Twitter in my work 0.698***
PU3. I use Twitter to support professional networking 0.523***

Receiving 0.77 3.57 0.73 REC1. Follow discussions related to particular hashtags 0.767***
REC2. Check trending hashtags 0.624***
REC3. Look for new Twitter users to follow 0.612***
REC4. Read other people’s tweets 0.492***

Broadcasting 0.83 3.43 0.76 BR1. Add photos and videos to tweets 0.886***
BR2. Add hashtags to tweets 0.669***
BR3. Send your own tweets 0.524***
BR4.Mention other Twitter users in tweets 0.445***
BR5. Share public content from other digital media in Twitter 0.428***

Interacting 0.80 3.25 0.81 INT1. Discuss with other Twitter users via Tweets 0.844***
INT2. Engage in dialogue with other Twitter users 0.795***
INT3. Discuss with other Twitter users via direct messages 0.601***

PERSONALITY CHARACTERISTICS

Openness to experience 0.84 5.44 1.20 ... imaginative 0.869***
... creative 0.822***

Neuroticism 0.76 3.75 1.39 ... anxious 0.778***
... easily upset 0.774***
... moody 0.620***

Agreeableness 0.77 5.49 0.96 ... warm 0.778***
... kind 0.709***
... sympathetic 0.654***

Conscientiousness 0.70 5.34 1.13 ... organized 0.800***
... self-disciplined 0.657***

Extraversion 0.73 4.31 1.41 ... extraverted 0.783***
... talkative 0.736***

to the context of work-related Twitter use by reflecting both the
information and social perspectives; (2) Twitter characteristics,
including presenteeism, self-disclosure, recommendation quality, and
pace of change. Presenteesism items (PRE1-PRE4) adapted fromAyya-
gari et al. [5]; self-disclosure (SD1-SD4 items) from Lutz et al. [40].
Recommendation quality items (RQ1-RQ4 in Table 3) were taken
from Knijnenburg et al. [35] scale, which we adjusted by distin-
guishing between content and contact recommendations. Pace of

change (items PC1-PC3) originate from the scale of the dynamism
of content by Heide and Weiss [26]; (3) Types of Twitter use,
including professional use, receiving (passive consumption of social
media content), broadcasting (active creation of the social media
content), interacting (active engagement between users of social
media). Professional use variable (PU1-PU3 items) represents the
extent to which Twitter was used to accomplish work in general.
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These items were designed by the authors and also used for screen-
ing. For the remaining items, the scale of active vs. passive use of
online social networking sites was adapted [10, 11, 44]; (4) Per-
sonality characteristics, adapted from The Big Five Personality
Traits [24, 38, 66], including openness to experience, neuroticism,
agreeableness, conscientiousness, extroversion.

In general, we adjusted the scales to the context of the work-
related use of Twitter. All the items were measured on a Likert-scale
ranging from 1 (strongly disagree) to 7 (strongly agree) except for
the types of Twitter use scales, which measured the frequency of
use ranging from 1 (Never) to 5 (Every time).

4.2 Recruitment and respondents
We implemented the survey in English and used the Prolific1 service
for recruiting respondents in May 2018. We targeted individuals
who use Twitter for professional purposes. To understand serendip-
itous experiences broadly, we did not limit to specific professions
or industries. To ensure the validity of the sample we requested
Prolific to screen their entire panel for eligible individuals who (1)
worked in part- or full-time positions and (2) used Twitter for work
(e.g., to support work tasks or professional networking) on a daily,
weekly, or monthly basis. Only 1,080 of 122,435 from respondents
pool fulfilled these two criteria. We started to invite people from
that pre-screened pool to participate in the study. Within nine days
we collected answers from 546 respondents.

Next, we took several extra measures to ensure the validity of the
sample. First, we included survey questions on the professional use
of Twitter to ensure that the respondents represent the intended
population. Second, as we utilized Likert scale statements, includ-
ing reversed statements, the responses with a standard deviation
lower than 0.5 across all the questions were removed as a probable
indication of inattentive responding.

Further, invalid responses were detected in open text fields, and
the respondents who provided unrelated or inappropriate com-
ments were omitted from the data. We also excluded responses
given in less than three minutes as, on average, filling in the survey
took 9 minutes. These filtering actions resulted in 473 responses
that we considered valid for the analysis. The characteristics of the
studied sample are presented in Figure 2. Gender, age, Twitter use
experience, and followership information was also used to analyze
serendipity antecedents.

4.3 Data Analysis
We used IBM SPSS Statistics2 version 24 for all the analyses. First,
we conducted an exploratory factor analysis (principal axis fac-
toring3) to construct the latent variables (see Table 3). The Kaiser-
Meyer-Olkin (KMO) measure of sampling adequacy confirmed that
the factoring of the items was possible with a value of 0.930 and
a statistically significant Bartlett’s test of sphericity (0.000). The
extracted factors were allowed to correlate with each other by
using the Promax rotation. Most of the item loadings (17/21, Ta-
ble 3) were greater than 0.700, the threshold suggested by Chin [14],
1Service for the online participant recruitment – https://www.prolific.co
2SPSS is a widely used program for statistical analysis –
https://www.ibm.com/products/spss-statistics
3Principal axis factoring (PAF) that seeks the least number of factors that can account
for the common variance (correlation) of a set of variables

whereas the lowest loading was 0.574. Factor loadings greater than
0.400 have been considered acceptable in prior methodology liter-
ature [23]. We only omitted the following three items from three
separate Big Five Personality Trait scales due to factor loadings
lower than 0.400: “I see myself as ...unconventional (openness to
experience-scale), ...dependable (conscientiousness-scale), ...enthu-
siastic (extraversion-scale).” The descriptive statistics of the factor
analysis are shown in Table 3. The internal consistency of the
scales was sufficient, as indicated by Cronbach’s alpha value, which
is >0.70 [65].

Second, we constructed three linear regression models to study
the antecedents of information and social serendipity. We chose
to preserve the range of the original survey items and calculated
sum variables based on the means of the variables instead of us-
ing factor loadings as regression weights. The first model included
gender, the age of respondents, and the number of followers and
followees on Twitter. The second model extended the first model
with five personality characteristics (openness to experience, neu-
roticism, agreeableness, conscientiousness, extroversion). The third
model included all variables of the study.

Third, to analyze the Twitter use types, we constructed three
linear regression models that included background, personality, and
Twitter characteristics as antecedents of different types of Twitter
use—receiving, broadcasting, and interacting.

5 FINDINGS
We first report descriptive statistics on the constructs to provide
an overview of the data. Next, we provide findings on the factors
that can explain information and social serendipity. Finally, we
describe which background, personality, and Twitter characteristics
are associated with different types of Twitter use.

5.1 Descriptive Statistics
Most respondents reported that they had experienced unexpected
yet fortunate discovery of both content and contacts (See Figure 3).
A similar positive attitude is also visible regarding Twitter char-
acteristics. Respondents agree that Twitter makes them and other
users accessible (presenteeism) and report their Twitter profile as
complete, comprehensive, and up-to-date (self-disclosure). They
also perceive the recommendations of both content and contacts
on Twitter as effective (recommendation quality), and that Twitter
is a dynamic platform (pace of change). As for personality charac-
teristics, a large proportion of the sample reported being open to
experience, agreeable, and conscientious. Attitude regarding being
neurotic and extrovert is more evenly distributed, resulting in a
median score of 4 (neutral).

The descriptive statistics on the types of Twitter use imply that
a large portion of the sample represents active Twitter users (See
Figure 4). Most respondents reported that they often use Twitter
for professional purposes, for instance, to support work activities
and professional networking (Med=4). The respondents reported
almost equal frequencies of consuming (receiving, Med=4) and pro-
ducing (broadcasting, Med=4) content on Twitter. At the same time,
the respondents seem to less frequently engage in dialogue and
discussions with other Twitter users (interacting, Med=3).
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Gender

Variable Category Frequency

Female 200 (43%)
Male 273 (57%)

Country of residence

United Kingdom

Rest of Europe
United States

Other (<6 respondents per country)

276 (58%)
91 (19,5%)

88 (18,5%)
18 (4%)

Education

113 (24%)
191 (40%)

24 (5%)
64 (14%)

19 (4%)
57 (12%)

4 (1%)Less than high school
Graduated high school
Trade/technical school

Some college, no degree
Associate degree

Bachelor’s degree
Advanced degree (Master’s, Ph.D., M.D.)

Age
18-24 years
25-30 years
31-35 years
36-50 years
51-67 years

68 (14%)
117 (25%)

107 (23%)
152 (32%)

28 (6%)

Industry

Position / job title

Twitter use experience

Number of followees

Financial services / Sales
ICT

Education
Architecture / Logistics / Infrastructure

Media / Entertainment
Healthcare / Medical / Pharmaceutical

Business Services
Manufacturing

Other, <5% each (Government, 
Biotechnologies, Marketing, Aerospace, etc.)

85 (17,97%)
76 (16,07%)

53 (11,21%)
40 (8,46%)
37 (7,82%)

28 (5,92%)
27 (5,71%)

24 (5,07%)
103 (21,78%)

140 (30%)
132 (28%)

90 (19%)
58 (12%)

53 (11%)

Manager
Professional

Administrative/Support personal
Top level executive

Other, <5% each (Business owner, 
Researcher, Architect, Freelancer, etc.)

242 (51%)
168 (36%)

54 (11%)
9 (2%)Less than a month

Less than a year
More than 4 years

1-4 years

256 (54%)
154 (33%)

63 (13%)
0-99

100-999

More than 1000

100-999 250 (53%)
129 (27%)

94 (20%)
0-99Number of followers

More than 1000

Figure 2: Sample characteristics (N = 473)

5.2 Antecedents of Information and Social
Serendipity

Three linear regressionmodels were utilized to reveal the antecedents
of information and social serendipity on Twitter (See Table 4). From
the first model (IS I & SS I), it is evident that the experience of
Twitter use (0.223***), along with the number of followees (0.156*),
associates with both information and social serendipity. It seems
that the more the user is exposed to content on Twitter (over time
and through followees), the higher are the chances for serendipity.
The amount of variance extracted by the first model was low both
in the case of information (3%) and social (2%) serendipity. That

said, this effect does not explain the phenomenon well, which calls
for investigating other factors.

The second model (IS II & SS II) adds two personality character-
istics that can potentially associate with serendipity. This model
performed slightly better regarding the amount of variance ex-
tracted as the model explained 13% of information serendipity and
11% of social serendipity. Accordingly, the more imaginative and
creative (openness to experience, 0.272***), anxious, and moody
(neuroticism, 0.070**) the user is, the higher the probability of en-
countering unexpected information. On the other hand, neuroticism
does not have a significant effect (0.067) on social serendipity, while
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Construct Total Score, %

Information Serendipity (IS1-IS3)

Social Serendipity (SS1-SS3)

Recommendation Quality (RQ1-RQ4)

Presenteeism (PRE1-PRE4)

Self-Disclosure (SD1-SD4)

Pace of change (PC1-PC3)

Oppeness to Experience (imaginative, creative)

Neuroticism (anxious, easily upset, moody)

Agreeableness (warm, kind, sympathetic)

Conscientiousness (organized, self-disciplined)

Extraversion (extraverted, talkative)

0 10 20 30 40 50 60 70 80 90 100

(4) Neutral(3) Somewhat Disagree(2) Disagree(1) Strongly Disagree
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Mean SD
5.169

5.175

5.175
5.606

4.796

4.742

5.443

3.747

5.486

5.340

4.313

1.343

1.327

1.341
1.089

1.508

1.276

1.288
1.686

1.173

1.290

1.626

Figure 3: Descriptive statistics of the score distribution per constructs of serendipity, Twitter, and personality characteristics
(%). N=473.

0 10 20 30 40 50 60 70 80 90 100

Professional use (PU1-PU3)

Receiving (REC1-REC4)

Broadcasting (BR1-BR5)

Interacting (INT1-INT3)

4

4

4

3

(5) Every time(4) Frequently(3) Occasionally(2) Rarely(1) Never 4 Median Score

Construct Total Score, %
Mean SD

3.763 1.069

3.565

3.428

3.253

0.946

0.988

0.964

Figure 4: Descriptive statistics of the score distribution per constructs of Twitter use types (%). N=473.

agreeableness does (0.120*). The more warm, kind, and sympathetic
the person is, the higher the probability of social serendipity seems.

The third model (IS III & SS III) explained 37% of information
serendipity and 27% of social serendipity overall variance. When
more variables are accounted for, the number of followees is no
longer a significant predictor (0.89), and the number of followers
is negatively associated with both information (-0.130*) and social
serendipity (-0.161*). This suggests that individuals with a higher
number of followers were less likely to perceive information and so-
cial serendipity than those with fewer followers. This might further
consolidate the idea that mere exposure does not explain serendip-
ity. The conscientiousness personality characteristic is similarly
negatively associated with both information (-0.074*) and social
serendipity (-0.113**). The less organized and self-disciplined the
user, the higher the probability of encountering information and
contacts serendipitously.

As for Twitter characteristics, only the extent to which users
consider Twitter is making them reachable and accessible (presen-
teeism) seems to have a positive effect on information (0.593***)
and social serendipity (0.508***), while recommendation quality,
self-disclosure, and pace of change had no effect. This implies that
many of the current Twitter features fail to support the emergence
of this type of user experience—at least directly.

Using Twitter for professional purposes had a positive effect on
both information (0.181***) and social serendipity (0.144**). The
extent of using Twitter for passive actions (receiving (0.191**), e.g.,
reading tweets, checking hashtags) also has a positive effect on
information serendipity. Engaging in discussions with other Twit-
ter users (interacting) was negatively associated with information
serendipity (-0.252***). This suggests that, within our sample, con-
versations with other Twitter users reduced the likelihood of per-
ceiving unexpected fortunate discoveries of content.
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Table 4: Antecedents of Information Serendipity (IS) and Social Serendipity (SS). N=473, unstandardized 𝛽 values,
CI= confidence intervals, * p <0.05, ** p <0.01, *** p <0.001

IS I SS I IS II SS II IS III SS III 95% CI
𝛽 (sig.) 𝛽 (sig.) 𝛽 (sig.) 𝛽 (sig.) 𝛽 (sig.) 𝛽 (sig.) IS III SS III

(Constant) 4.365*** 4.344** 2.194*** 2.147*** .326 0.569 [-0.544, 1.195] [-0.439, 1.577]

BACKGROUND CHARACTERISTICS

Gender -0.025 0.084 0.052 0.166 0.037 0.104 [-0.131, 0.205] [-0.091, 0.298]
Age -0.002 -0.006 -0.003 -0.006 -0.005 -0.008 [-0.014, 0.004] [-0.018, 0.002]

Twitter use experience 0.223*** 0.154* 0.201*** 0.130* 0.167*** 0.103 [0.047, 0.287] [-0.036, 0.242]
Number of Followees 0.156* 0.195* 0.171* 0.199** 0.89 0.128 [-0.276, 0.016] [-0.044, 0.299]
Number of Followers 0.004 0.028 -0.99 -0.080 -0.130* -0.161* [-0.059, 0.237] [-0.330, 0.008]

PERSONALITY CHARACTERISTICS

Openness to experience 0.272*** 0.253*** 0.147*** 0.158*** [0.078, 0.234] [0.067, 0.249]
Neuroticism 0.070** 0.067 0.080** 0.075** [0.015, 0.141] [0.002, 0.148]

Agreeableness 0.087 0.120* -0.035 -0.018 [-0.144, 0.055] [-0.134, 0.097]
Conscientiousness 0.029 -0.007 -0.074* -0.113** [-0.151, 0.012] [-0.207, -0.018]

Extroversion -0.002 0.041 0.001 0.025 [-0.065, 0.062] [-0.049, 0.098]

TWITTER CHARACTERISTICS

Presenteeism 0.593*** 0.508*** [0.472, 0.696] [0.378, 0.638]
Self-disclosure -0.017 0.046 [-0.115, 0.080] [-0.067, 0.159]

Recommendation quality 0.067 0.064 [-0.018, 0.162] [-0.040, 0.169]
Pace of change -0.031 -0.004 [-0.125, 0.077] [-0.121, 0.113]

TYPES OF TWITTER USE

Professional use 0.181*** 0.144** [0.072, 0.286] [0.020, 0.268]
Receiving 0.191** -0.038 [0.000, 0.318] [-0.222, 0.146]

Broadcasting 0.060 0.007 [-0.084, 0.235] [-0.179, 0.192]
Interacting -0.252*** 0.044 [-0.385, -0.108] [-0.116, 0.205]

R squared 0.03 0.02 0.13 0.11 0.37 0.27

5.3 Antecedents for Different Types of Twitter
Use

As the different types of Twitter use have an effect on information
serendipity especially, we investigated how the types of use might
be associated with the other constructs (See Table 5).

The regression analysis results illustrate that the first and second
models explain 40% of the overall variance in receiving and broad-
casting, whereas the third model explains 34% of interacting. The
data showcases a few background characteristics that might affect
specific types of Twitter use. For instance, the more followees a user
has, the more open she is to receiving (0.150***) behavior such as
reading tweets, following and exploring hashtags, and seeking new
Twitter users to follow. There is also a positive effect of the number
of followers on broadcasting (0.225***) and interacting (0.166***). It
is noteworthy that the findings only indicate a correlation, not a
causal relation. One possible explanation for this correlation could
be that the more followers one has, the more eager the user is to
create and share content, mention others, and engage in discussions.
Alternatively, the more one has shared content and interacted over
time, the more followers they have managed to accumulate.

Openness to experience is associated with the receiving type of
Twitter use (0.074***): the more open the person is, the higher the
probability for her to be interested in exploring new information
and contacts. Findings also illustrate that the less agreeable a person

is, the more open she is to types of use such as receiving (-0.102***)
and interacting (-0.071*).Conscientiousness had a relatively weak but
positive association with interacting (0.053*). The more organized
and self-disciplined a person is, the more open she is to discuss
with other Twitter users. Furthermore, the personality character-
istic of extroversion has a positive effect on receiving (0.044**),
broadcasting (0.081***), and interacting (0.079**).

As for the Twitter characteristics, they all have an effect on dif-
ferent types of Twitter use. Presenteeism has a slightly lower effect
on types of use than the other Twitter characteristics, as demon-
strated by the positive effects on receiving (0.070*), broadcasting
(0.064*), and interacting (0.078*). Self-disclosure has a positive ef-
fect on receiving (0.085***), broadcasting (0.196***), and interacting
(0.183***), suggesting that exposing information about oneself is
critical to all three forms of using Twitter. Recommendation quality
seems to positively associate with types of Twitter use in terms of
frequency of receiving (0.104***) and interacting (0.117***), yet it
does not associate with serendipity directly. Furthermore, the pace
of change (e.g., of Twitter feed) has an effect on receiving (0.246***),
broadcasting (0.113***), and interacting (0.079**).

In summary, the findings imply that while Twitter characteristics
were found not to have a direct statistical effect on serendipity, they
associated with the ways of using the service, which in turn seem
to support the emergence of serendipity. In other words, Twitter
characteristics seem to relate to serendipity indirectly.
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Table 5: Background, Personality, and Twitter Characteristics as antecedents of the Twitter use types. N=473, unstandardized 𝛽
values, CI= confidence intervals * p <0.05, ** p <0.01, *** p <0.001

Receiving 95% CI Broadcasting 95% CI Interacting 95% CI
𝛽 (sig.) 𝛽 (sig.) (sig.)

(Constant) 0.636** [0.078, 1.194] 0.504* [-0.073, 1.081] 0.213 [-0.341, 0.955]

BACKGROUND CHARACTERISTICS

Gender -0.065 [-0.172, 0.043] -0.114** [-0.225, -0.003] 0.039 [-0.086, 0.164]
Age -0.001 [-0.006, 0.005] -0.003 [-0.008, 0.003] -0.001 [-0.006, 0.007]

Twitter use experience 0.025 [-0.052, 0.103] 0.031 [-0.050, 0.111] 0.006 [-0.084, 0.096]
Number of Followees 0.150*** [0.056, 0.244] 0.000 [-0.097, 0.098] 0.070 [-0.039, 0.180]
Number of Followers -0.046 [-0.136, 0.045] 0.225*** [0.131, 0.318] 0.166*** [0.061, 0.272]

PERSONALITY CHARACTERISTICS

Openness to experience 0.074*** [0.024, 0.124] 0.039 [-0.013, 0.090] 0.001 [-0.057, 0.059]
Neuroticism 0.014 [-0.026, 0.055] 0.013 [-0.029, 0.055] 0.001 [-0.046, 0.048]

Agreeableness -0.102*** [-0.165, -0.038] -0.053 [-0.119, 0.012] -0.071* [-0.145, 0.003]
Conscientiousness 0.034 [-0.018, 0.087] 0.034 [-0.021, 0.088] 0.053* [-0.008, 0.114]

Extroversion 0.044** [0.003, 0.084] 0.081*** [0.039, 0.122] 0.071*** [-0.024, 0.118]

TWITTER CHARACTERISTICS

Presenteeism 0.070* [-0.002, 0.141] 0.064* [-0.010, 0.137] 0.078* [-0.005, 0.161]
Self-disclosure 0.085*** [0.024, 0.145] 0.196*** [0.134, 0.259] 0.183*** [0.113, 0.252]

Recommendation quality 0.104*** [0.047, 0.161] 0.046 [-0.013, 0.105] 0.117*** [0.050, 0.183]
Pace of change 0.246*** [0.185, 0.307] 0.113*** [0.050, 0.176] 0.079** [0.009, 0.150]

R squared 0.40 0.40 0.34

6 DISCUSSION
This study investigated technology characteristics that can con-
tribute to serendipity experiences and how they associate with
Twitter use types. The findings provide several empirical contri-
butions relevant to research on serendipity, computer-supported
cooperative work, and information systems:

(1) We consolidate the relevance of the serendipity phenomenon
within the context of Twitter use for professional purposes –
respondents reported that they experienced both informa-
tion and social serendipity. While the types of Twitter use in
relation to serendipity were acknowledged and tentatively
studied in prior research [7, 46, 77], our findings extend the
empirical understanding of existing statistical associations,
particularly in the context of professional use of Twitter. The
use of Twitter for professional purposes was strongly associ-
ated with serendipity: it is about one’s orientation toward
or the practice of using it for specific purposes.

(2) This is the first study that investigates Twitter characteris-
tics as functional affordances of serendipity, demonstrating
technology’s limited role in shaping serendipity. According
to this sample and analysis, serendipity is more explained
by factors relating to individual characteristics, such as per-
sonality and behavior, that is, how Twitter is used in work.

(3) In contrast to prior research that focuses solely on informa-
tion serendipity [39, 46], we extend the understanding of so-
cial serendipity. The analysis contrasts information serendip-
ity and social serendipity by identifying differences between
factors that explain them. The findings generally show that
the regression models explain more variance in information
serendipity than social serendipity.

(4) In contrast to prior research, which only admits the impor-
tance of personality traits in serendipity [46], our study of-
fers extensive empirical data on the associations between
serendipity and personality characteristics in the context of
Twitter use.

In what follows, we elaborate on the specific takeaway find-
ings by reflecting on the study’s contributions. We conclude by
stating the limitations and pointing out practical implications and
opportunities for future research.

6.1 Discussion of the Key Findings
6.1.1 The Role of Twitter Characteristics. To our knowledge, this
is the first study that investigates Twitter characteristics as func-
tional affordances that might contribute to serendipity experiences.
We assume that the technology characteristics on Twitter (espe-
cially recommendation quality) are intended to enrich the user ex-
perience in many ways, including the facilitation of serendipity.
However, our findings imply that the studied characteristics, apart
from presenteeism, fail to do that, at least through a direct statistical
association.

A possible explanation for such a finding could be the Twitter
mechanisms of pushing the content to the users. Notably, the Twit-
ter feed was previously organized in reverse-chronological order
and only featured the followees’ tweets. Nowadays, the feed dis-
plays the tweets in a personalized manner according to inferred
user preferences [51, 72]. Even if a user does not have many fol-
lowees, the system will provide an endless stream of content based
on the recommender system (also from outside one’s connections).
Furthermore, the higher the number of followees users have, and
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the more active they are, the higher the probability that recommen-
dations will be based on their established interest sphere. This, in
turn, might result in “echo chambers” rather than serendipity, lead-
ing to interactions with similar ideologies and thoughts with fewer
opportunities for new or controversial standpoints to emerge [19].
That said, the analysis indicates that Twitter characteristics are
central antecedents to the different ways of using the platform.
This implies that Twitter characteristics can be indirectly related
to serendipity, at least regarding information serendipity.

6.1.2 The Role of Types of Twitter Use. Although it could be ex-
pected that using Twitter for receiving (e.g., following specific hash-
tags) and interacting (e.g., engaging in discussions) would support
social serendipity, the data did not show such an effect. Differ-
ent ways of using Twitter primarily associate with information
serendipity. Especially the use of Twitter for receiving was found
to increase the chances of experiencing information serendipity.
Somewhat counter-intuitively, interacting with others by taking
part in discussions seems to be negatively associated with informa-
tion serendipity. We suggest that a possible reason for this negative
relationship is that users in our sample engage in discussions with
others who are already familiar with them. Hence, the user is less
likely to encounter new information. This is because individuals
with stronger ties, that is, they already are acquainted with each
other and have a shared history of interactions, usually possess
overlapping knowledge due to shared background and similar inter-
ests [19]. Broadcasting type of use does not associate with serendip-
ity at all. Such findings imply that the more the platform knows
about the user due to active content production, the more likely one
ends up in a silo of like-minded actors—consolidating the theory of
echo chambers [19, 53].

6.1.3 The Role of Personality Characteristics. The analysis shows
that, regarding the personal factors, openness to experience and neu-
roticism are favorable for both information and social serendipity.
The identified association between openness to experience and
serendipity supports prior research that has conceptualized that
people should have an open or “prepared” mind to experience
serendipity [20, 45]. We suggest that neuroticism plays an essential
role because neurotic people tend to mind-wander and shift their
attention to task-irrelevant thoughts [64]. Such personality quality
might be of benefit to experience serendipity because it can drive
a person’s ability to be receptive to unexpected connections and
patterns, which is one of the suggested strategies to experience
serendipity [42]. Here, we wish to note that conscientiousness (being
self-disciplined and organized) may not be favorable for serendipity.
Being conscientious means that a person would be task-oriented
and have less space for idle moments and an associative state neces-
sary for experiencing serendipity [42, 47]. Hughes et al. [29] suggest
that the use of Twitter to socialize correlates with lower consci-
entiousness: the fact that average Twitter users possess a broad
spectrum of interests and are keen on socializing would decrease
the time for their goal-directed behavior.

6.2 Limitations
With the benefit of hindsight, we acknowledge some limitations
in our study. First, the study was based on self-reported subjective

experiences collected with a cross-sectional survey, which may not
give an entirely truthful and generalizable picture of the actual
serendipity experiences in the target context. Using Prolific to re-
cruit respondents could bias the findings as such online platforms
were criticized for providing poor-quality data and samples [15].
For instance, most of our respondents were from the United King-
dom and Western countries. There might be cultural factors related
to the use of Twitter and the perception of serendipity that we wish
to address in future research.

Despite the limitation of the sample, using Prolific enabled us to
find suitable participants for the study, ensuring that each partic-
ipant used Twitter for work and could answer the survey anony-
mously.Moreover, according to Newman et al. [49], Prolific provides
a more diverse participant pool and ethical pricing for incentives
compared to other online survey platforms. Additionally, we em-
ployed pre-screening and attention checks to ensure data quality,
which are key recommendations for running research on platforms
like Prolific [49].

Second, the study addressed serendipity in the context of pro-
fessional use of Twitter with specific technological characteristics
and user community. As such, we believe that the insights on the
antecedents of serendipity may not be transferable to other social
media services used inwork- or non-work settings. Third, the partic-
ipants were rather eager to consider their experiences serendipitous.
With such a study setup, we could not control how strong serendip-
ity experiences the participants had, and the measures could be
said to set a relatively low threshold for what counts as serendipity.

6.3 Practical Implications and Future Research
Topics

The results of this study can inform organizations and individuals
who utilize Twitter for work purposes. Serendipity experiences
have been found essential for task innovation in the context of
Twitter use [61]. Thus, understanding serendipity antecedents can
help organizations strategize the use of Twitter for professional
purposes to induce serendipitous information discoveries and so-
cial networking. The findings also could inform new measurable
algorithmic dimensions for researchers and designers in Informa-
tion Retrieval and Recommender Systems fields. A minor role of
technology in explaining serendipity calls for revisiting computa-
tional approaches and mechanisms on social media services. We
encourage other researchers to pursue the identification of both
internal characteristics and designable service features for induc-
ing experiences of serendipity—particularly social serendipity. The
findings reveal that the factors related to the individual (i.e., per-
sonality) play an essential role in using Twitter. These factors are
harder to influence by design choices because they are inherent
to the user. Instead, system design mindful of serendipity could
aim to support such experiences with strategies that foster certain
personality qualities responsive to the perception of serendipity ex-
perience [42]. The study also implies that influencing serendipitous
experiences are hardly controllable by design choices. Therefore,
rather than seeking design solutions that deliver “serendipity on a
plate” [42], we call for design endeavors that aim to facilitate value-
adding types of use. For instance, altering how information can
be received or broadcasted or how conversations can be initiated
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with others might increase the chances of serendipity. That said,
it is essential to set users in an explorative state of mind, and a
promising approach in that regard is to apply diversity-enhancing
strategies [27, 33] that can foster divergent exploration activities
by pushing content and contacts that are beyond typical users’ in-
terests. Therefore, we encourage searching for new ways to boost
interaction between individuals who are not well-acquainted with
each other. This could potentially mitigate the unexpected find-
ing that interacting with others reduces information serendipity.
We also suggest that promoting different ways of using Twitter is
helpful as it may indirectly lead to serendipity.

7 CONCLUSIONS
The emergence of serendipity can be regarded as a positive indica-
tor of the overall service quality in many IT services and, therefore,
a fundamental design goal. While Twitter can be considered a po-
tent platform for serendipity, there is little understanding of what
particular characteristics contribute to such experiences. After iden-
tifying potentially relevant Twitter characteristics, we collected and
analyzed survey data to measure how the characteristics are associ-
ated with information and social serendipity experiences. The study
offers an analysis of the factors contributing to serendipity in the
context of the work-related use of Twitter. Additionally, we extend
prior research by analyzing antecedents of serendipity to various
technology and personality characteristics and types of Twitter use.
The findings illustrate that serendipity is more explained by per-
sonality characteristics and types of Twitter use. Regarding Twitter
characteristics, only presenteeism has a significant effect on sub-
jective experiences of serendipity. Thus, this study illustrated the
complex nature of serendipitous experiences in the professional
use of Twitter, which calls for identifying new serendipity-inducing
mechanisms.
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Introduction
Background

We live in an “always-on society”  [1–3], meaning that people constantly interact with 
each other. Due to the rapid development of social computing and mushrooming of 
social media services, much of social interaction is nowadays mediated by information 
technology and takes place in the digital realm. An average Internet user consumes and 
shares large amounts of digital content every day through popular social online services, 
such as Facebook, Twitter, YouTube, Instagram and SnapChat.

From data perspective, this has led to emergence of extensive amounts of human-gen-
erated data [4, 5] with diverse social uses and rich meanings (for example, communica-
tion text, videos for entertainment and self-representation, sharing of news and other 
3rd party content in social media). Such unstructured/semi-structured, yet semantically 
rich data has been argued to constitute 95% of all Big Data [6]. This Social Data explo-
sion has resulted in theorizations and studies about the emerging topic of Big Social 
Data (BSD).

Broadly speaking, BSD refers to large data volumes that relate to people or describe 
their behavior and technology-mediated social interactions in the digital realm. The 
sheer volume and semantic richness of such data opens enormous possibilities for 
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utilizing and analyzing it for personal [7, 8], commercial [9, 10] as well as societal pur-
poses  [11–13]. For example, the scattered social media would benefit from meta-ser-
vices that bring together all the content from a user. Commercial use could include even 
more targeted advertising, matchmaking services, or many unimaginable data-centered 
business models [14, 15]. The search for beneficial applications and services in regard to 
BSD has only just begun.

Central concepts and goals of the research

In the research literature, the concept of Big Social Data has been defined and inter-
preted in many ways for various purposes; for example, the viewpoints from which it has 
been explored include social media, online social networks, social computing, and com-
putational social science (CSS). The role of these fields in the scope of BSD is discussed 
in detail in the following sections.

As a rule, BSD is mainly utilized to extract insights from social media data and online 
social interactions of people for descriptive or predictive purposes to influence human 
decision-making in various application domains  [16–18]. In general, researchers have 
focused on the analytics and utilization, having paid little attention to clarifying the very 
concept of BSD and understanding the related phenomena (for example, [19–21]).

In fact, there seems to be lack of consensus about the definition of BSD and the related 
terms, as we will analyze in the upcoming sections. Inconsideration of proper conceptu-
alization may bring researchers methodological challenges in their studies, especially in 
such inherently broad and multi-disciplinary field as BSD.

Therefore, we argue for conceptual and theoretical work about the concept of BSD in 
order to inform future research activities as well as to foster the practical utilization of 
the data, which may signify social insight. There is a timely need to describe, review, 
and reflect on BSD literature in order to bring clarity to the concept and understanding 
about its beneficial opportunities for the practitioners of computational social science 
and other related research fields.

The potential value of this paper for the readers is presented as follows:

1. Firstly, by the literature review we aim to bring clarity on various existing BSD con-
cepts and its definitions. We discuss relations between BSD and related fields of sci-
ence in order to inform readers about the domains where this concept is currently 
applied. We consider these aspects will help researchers to properly identify scope 
and directions for their investigation on the topic;

2. Secondly, by providing a synthesized concept and definition of BSD we want to moti-
vate researchers to develop better conceptualizations and clarifications of the BSD 
meaning in regard to their research. Currently, the majority of papers related to the 
topic are focused on analytical tasks and methods missing the explanation about 
what researchers consider as BSD and why. As an improvement step towards a holis-
tic approach to this emerging field, BSD practitioners can utilize the definition pre-
sented in this work by revising it according to their research objectives;

3. By providing a comprehensive list of BSD types we aim to inform researchers about 
categories of data that is currently available for research and analysis. This serves 
as a starting point to identify research opportunities and practical means towards 
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data-driven research. It is worth noting that there is no extensive taxonomy of BSD 
in related literature and we neither aim to design one; however, our classification of 
such data serves as an inducement to the research community for collaboratively cre-
ating this taxonomy;

4. Moreover, by describing the key characteristics of BSD we differentiate it from the 
concept of Big Data. By doing so, we anticipate the emphasis on its unique qualities 
to open new opportunities for multi-disciplinary research ventures.

In general, we assume this work will attract researchers’ attention to explore the holistic 
view on BSD concept and help them to identify relevant sources of data to utilize in BSD 
studies.

Related concepts and literature
Due to rapid development of online social services and tremendous growth of data 
therein, various concepts have emerged in different research fields to help understand-
ing digital environments and their social effects. This section reviews related concepts 
relevant to BSD and their correlations, as well as outlines existing literature on the topic 
(see Fig. 1).

There are many interpretations and terms to refer to the “social” aspect in Big Data. 
The most widespread terms so far are Social Big Data (SBD) and Big Social Data (BSD). 
Various definitions and approaches are presented and compared in the following, in 
order to outline the existing research directions.

Big Social Data as science: Ishikawa’s and Pentland’s concepts

Hiroshi Ishikawa is a central adherent of Social Big Data concept, which he described 
and defined in his book as science of analyzing interconnections between physical world 
data and social data for the good of public:

“Analyzing both physical real world data (heterogeneous data with implicit semantics 
such as science data, event data, and transportation data) and social data (social media 
data with explicit semantics) by relating them to each other, is called Social Big Data sci-
ence or Social Big Data for short”  [22].

It is worth noting that Ishikawa is one among few who provide a proper conceptual-
ization of his ideas and views on the social phenomenon in Big Data. Accordingly, he 
clarified and supported by arguments relevant related terms, data sources and analytical 
approaches.

Thus, he defines social data as social media data, which, in his opinion, is one kind 
of Big Data with four V’s characteristics—volume, variety, velocity and vague. While the 
first three and veracity characteristics are already discussed in multiple studies on Big 
Data [23–26], the vagueness first appears in this book as essential characteristic of social 
data. It should not be mixed with vagueness proposed by Venkat Krishnamurthy on Big 
Data Innovation Summit in Silicon Valley in 2014, which refers to the confusion over the 
meaning of Big Data [27–29]. According to Ishikawa, vagueness characteristic is a result 
of a combination of various types of data to be analyzed, which lead to inconsistency 
and deficiency. It also relates to the issues of privacy and data management as social data 
involves individuals’ personal information.
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Additionally, Ishikawa classifies the sources of social media data accordingly: blogging, 
micro blogging, social network services, sharing and video communication services, social 
news and gaming, social search and crowd sourcing services, and collaboration services. 
All data in such services would therefore be regarded as Big Social Data.

Ishikawa is interested in relationships between physical and cyber worlds. He consid-
ers SBD should follow the bidirectional analysis that includes influences from the physi-
cal real world on social media, and vice versa, in order to develop a complete model 
(theory). Such theory may explain interactions between both realms and enable poten-
tial prediction, recommendation and problem solving. In other words, he suggests 
tracking social media data and physical world data in order to reveal mutual interde-
pendencies that in turn would result in actual insight. Ishikawa provides an example of 
traffic authorities predicting public transportation issues in context of massive social 
events that are actively discussed in social networks, blogs, news, etc. Thus, the data 
from social media could be analyzed to prevent traffic jams or to increase the amount of 
public transportation next to the event location.

Ishikawa’s thinking is in line with Pentland’s concept of social physics  [30]. Accord-
ing to Pentland, social physics is the “quantitative social science that describes reliable, 

Technology-mediated
interactions data 

(e.g. recorded actions in 
social services and apps)

Big Data:
parallel and massive 

processing 
paradigm
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a set of algorithms 
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used to extract and 
analyse knowledge 

Physical real 
world data

(e.g. science 
data, event data, and 
transportation data)

Social Media 
Data

for SBD/BSD
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SBD,
Social 

physics

BSD SBD

Mossberger, 2007; Barbier, 2011; 
Burgess, 2012; Procter, 2013; 
Tang, 2014; Housley, 2014; 
Mukkamala, 2014; Nguyen, 2015; 
Guellil et al., 2015; Kullenberg, 2016.

Ishikawa, 2014;
Pentland, 2014;
Ishikawa, 2015;

Bello-Orgaz, 2016;
boyd, 2006; 
Manovich, 2011;
boyd, 2012; 

Cote, 2014.

Fig. 1 Conceptual map of various BSD/SBD interpretations in the related literature. This illustration depicts 
four main domains, which were studied by different researchers from various perspectives and intersections 
of science field/data types
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mathematical connections between information and idea flow on the one hand and 
people’s behavior on the other”. While Ishikawa aims to bring clarity about analytical 
techniques for SBD (for example, modeling, data mining, multivariate analysis), Pent-
land envisions a data-driven society. Even though Pentland does not utilize SBD or BSD 
terms directly in the conceptualization, he defines Big Data as the engine of social phys-
ics. The author refers to the data about human behavior, which consists of both human-
generated content (from social media platforms) and data from the physical world (for 
instance, transactions, locations, call records), which is similar to Ishikawa’s vision about 
social data sources. The main goal of Petland’s research is to show how this data together 
with social science theories could be applied in practical settings.

Data‑driven approaches to Big Social Data

Guellil and Boukhalfa consider SBD as a part of social computing  [31]. To differenti-
ate their view on SBD from general Big Data, authors provide certain characteristics 
referring to the research of Tang et al. [32]: “the set of links (due to relationships between 
users), a nonstructural nature (due to the length of messages required by some microblog-
ging, the presence of spelling mistakes or other) and the lack of completeness (due to cer-
tain user requirements for data privacy)”. Authors provide a classification of the research 
works on SBD and discuss various analytical approaches and related challenges.

Guellil and Boukhalfa compile their vision of SBD based on the works of Barbier [33], 
Mukkamala  [34] and Nguyen  [35]. Notably, Mukkamala and Nguyen utilize SBD and 
BSD terms interchangeably and mention only social media data as a major data source. 
Even though Guellil and Boukhalfa point out the inconsistent use of terms in related 
literature, they do not provide clear conceptualization of the SBD in their own research. 
In fact, SBD term from the perspective of Guellil and Boukhalfa might be interpreted as 
a synonym of social media data with qualities such as large volume, noisiness and dyna-
mism that were already revealed earlier in Barbier’s work.

From another perspective, Mark Coté makes the attempt to distinguish BSD concept 
from the broader category of Big Data [36]. In his viewpoint, Big Data is any data pro-
duced as the result of the quantification of the world that may include data from sensors, 
multiple industrial and domestic networks as well as financial markets, whereas BSD 
“comes from the mediated communicative practices of our everyday lives, whenever we 
go online, use our smartphone, use an app or make a purchase.” Moreover, Cote provides 
reasoning for the importance of BSD. According to him, the concept is not novel, but 
may significantly affect the media theory. Among those reasons are: the enormous size 
of data generated by humans that enables endless future analysis; the symbolic nature 
of social data that is challenging to process even though it is produced in the structured 
platform spaces; the infrastructure of BSD is very distributed that require scalable com-
puter architecture and network capacity; challenges related to processing, storing, costs 
and data regulations.

Purpose‑driven approaches: Big Social Data for society

Jean Burgess and Axel Bruns discuss Big Data in terms of social media and use the BSD 
term to refer to this research area [37]. Their vision is based on Manovich’s ideology [38], 
which is focused on bringing the potential of social or cultural data into humanities and 
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social sciences. Thus, Jean Burgess and Axel Bruns present the BSD concept by mention-
ing the shift of Big Data towards media, communication, cultural and computational 
social science, which has led to the wave of research on digital humanities  [39–41]. 
According to Burgess and Bruns, such changes “...provoked in large part by the dramatic 
quantitative growth and apparently increased cultural importance of social media—
hence, “big social data”. Their research is aimed to clarify the role of social media in con-
text of the contemporary media ecology with focus on communication, societal events 
and the nature of human’s engagement by applying computational methods towards 
Twitter archives. Inspired by the Manovich’s concept of BSD they trialled the feasibility 
of research on the phenomenon in order to reveal potential technical, political and epis-
temological issues. They identified ethical concerns as well as data accessibility, authen-
ticity and reliability challenges. Based on the results, they stated that research on BSD 
requires the elaboration of mature conceptual models and methodological priorities.

Housley et al. [42] also take a society-oriented view to discuss Big Data. The authors 
have been conducting observatory research on the opportunities and challenges of open 
source social media data in the context of social sciences. They seek for the governance 
and organization improvements through the sense of civil society by means of ‘big and 
broad’ social data. According to authors, the term “big and broad” social data refers to 
three V’s (volume, variety, velocity)—already well-known dimensions of related data, 
which also might be real-time and dynamic. Accordingly, social media could be used 
to empower people engagement in civil society through a methodological approach to 
generate sociological insight as proposed in the paper. William Housley et al. character-
ize digital innovations with qualities such as interaction, participation and “social” that 
affect complicated relationships between data and analytical capacity, thus enabling par-
ticipatory infrastructure for public sociology. Consequently, in this regard, the authors 
point to “citizen social science”, which is aimed to assist social scientists by decreasing 
the challenges of social media data with the help of volunteers among citizens [43]. Such 
members of public may contribute with research by recording their knowledge, opinions 
and beliefs, thus connecting the social science academy and society [44, 45].

Big Social Data as method

Bello-Orgaz et  al. [46] consider SBD is a combination of Big Data and social media. 
According to the authors, SBD is needed for analysis of large amount of data from 
diverse social media sources. They theorize the concept as follows: “Those processes 
and methods that are designed to provide sensitive and relevant knowledge to any user 
or company from social media data sources when data sources can be characterized by 
their different formats and contents, their very large size, and the online or streamed 
generation of information”.

Thus, the conceptual map of SBD from Gema Bello-Orgaz et al. incorporates Big Data 
as processing paradigm, social media as the main source of data, and Data Analysis as 
method gaining and analyzing knowledge. Authors revise analytical methodologies for 
social media as well as new related applications and frameworks.
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Summary of the related literature

Even though not all in the above-mentioned papers explicitly use BSD as a term, we con-
sider these works are relevant to the topic. Researchers try to clarify the phenomenon of 
rapidly growing amount of human-related social data and seek for ways to apply it for 
the good of the society, data analytics and various fields of science. The key content of 
the approaches under discussion and theorizations about BSD is summarized in Table 1.

One central commonality among existing research directions is the presence of social 
media as major data source and orientation towards analytics. The conceptualizations 
in these scientific articles vary from fundamentally broad (e.g. Ishikawa [22] and Pent-
land [30]) to vaguely described (e.g., Guelil and Boukhalfa [31]). Additionally, there are 
only a few attempts to distinguish the concepts from mere Big Data. What is also impor-
tant, there is lack of clarity regarding the relations between researchers’ concepts and 
related fields: it is hard to outline how other sciences affect the scope of BSD/SBD and 
directions of studies. Moreover, it is often confusing what data types are considered rel-
evant and valuable for research, and it is hard to understand which data was utilized in 
the reported research.

We conclude that there are research gaps that researchers of BSD should bridge in 
order to achieve holistic understanding about the concept of BSD and its characteris-
tics. For example, it is essential to identify the data types that can be explored and stud-
ied in this domain. Sophisticated conceptualization and definition of BSD would help 
researchers build proper methods to process and analyze it. This is essential also because 
the growth in human-generated data engenders new challenges to solve, requiring novel 
tools, frameworks and methodological approaches as well as multidisciplinary expertise.

Theoretical foundations of Big Social Data
Based on the literature overview we perceive the concept of BSD as a combination of 
four fields of science: social computing (including social media and social networks), Big 
Data science and data analytics as fields that enable and contribute to the existence of 
the data, and CSS as a field that primarily utilizes the data to gain insight and conduct 
research (see Fig. 2).

We emphasize that the concept should be understood in an interdisciplinary way in 
order to open new research avenues. The current and possible roles of each field of sci-
ence in the context of BSD are discussed in the following.

Social computing

Social computing is a research and application field that integrates social and computa-
tional sciences [47]. According to Wang, the theoretical foundations of social comput-
ing incorporate Social Psychology, Sociology, Social Network Analysis, Anthropology 
as well as theories of organization, communication, human–computer interaction and 
computing theory. In his work, Kling  [48] addresses the idea of a mutual interference 
between communication technologies and society. Therefore, social computing favora-
bly affects both society and technology development: on the one hand enabling smooth 
socialization and social interactions through various computational systems, and on 
the other hand, introducing social practices and theories in the development of com-
putational systems and applications. In terms of BSD, social computing enables services 
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for technology-mediated self-representation  [49] and communication and supports the 
building and maintaining of digital relationships through multiple technological infra-
structures (for example, Web, database, multimedia and wireless technologies). In sum-
mary, social computing approaches the topic from the perspectives of applications, 
communication and business.

Big data science

Big data science refers to a field that processes and manages high-volume, high-velocity 
and high-variety data in order to extract reliable and valuable insights [50]. Big Data is 
aimed to serve large-scale digital applications and computational systems. Therefore, 
from BSD perspective, Big Data science provides solutions to process and manage data 
originated from technology-mediated social interactions in the context of numerous 
social services and applications in the digital environment. There are both optimistic 
and realistic approaches in regard to recent interest to Big Data technology. One group 
of researchers (as a rule business-oriented) discusses potential benefits of utilizing Big 
Data  [51, 52] to study massive data about people, things and interactions, while other 
researchers appeal to critical questions, assumptions and issues that may occur when 
accessing such data  [53–55]. It is crucial to consider a critical view on BSD concept, 
because data that is primarily related to digital human interactions would definitely 
cause controversial challenges (for example, data availability, regulations on accessing 
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Fig. 2 Different fields of science contributing to and utilizing Big Social Data as a field. There are four main 
science fields that contribute to and utilize Big Social Data as a research field—social computing, Big Data 
science, data analytics and CSS
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data, ethics issues, and privacy). In summary, originating from computer science and 
information systems Big Data is a broader category than BSD, and has mostly data and 
infrastructure-centric perspective, for instance, with focus on Hadoop, Spark, clusters, 
and related infrastructural work.

Data analytics

Data analytics allows the extraction of insight or conclusions from existing massive 
data sets. Generally, it includes descriptive (describes data), exploratory (discovering 
unknown correlations in data), predictive (predict events and trends) and prescriptive 
(suggest actions) methods to gain meaningful insight for different domains  [56, 57]. 
Social Network Analysis (SNA) is one of the most established fields of data analytics [58, 
59], providing tools, methods and theories for the research of social networks in the 
digital realm. Other central areas that can be relevant for BSD include Business Analyt-
ics [60, 61] and Sentiment Analytics [62, 63]. Regardless of the intention and application 
area of the analysis, data analytics can be said to approach BSD from the perspective of 
utilization of data (for example, service development, gaining insight, decision making).

Computational social science

Definition of the concept is only one step towards proper understanding of BSD. Dun-
can Watts claimed the potential of Big Data in social domain—“we finally have our tel-
escope” [64]. However, Macy challenges this statement  [65] by referring to Gintis and 
Helbing [66] who point out that just having a telescope is not enough. “We also need to 
know where to point it, and for that we need the core analytical toolkit... Big data needs 
big theory” [65]. In terms of BSD such a pointer or a guide toward the theory and mean-
ingful applications is CSS  [67]. This multidisciplinary field seeks for theory-grounded 
models of the social phenomena within the intersection of social and computational 
sciences  [68]. CSS determines a joint collaboration between social, behavioral, cogni-
tive and computer scientists with agent theorists, mathematicians and physicists  [69]. 
According to Conte, CSS is going beyond the traditional social science tools to unravel 
social complexity from new perspectives more deeply [70]. Author highlights that CSS 
is not only about variables and equations; the major elements of this science are “peo-
ple, ideas, human-made artifacts, and their relations within ecosystems”. The theoriza-
tion and modeling of society by means of computational approaches is aimed to bring 
comprehension of social complexity and the way social systems operate [71]. Thus, we 
argue that CSS utilizes BSD in order to “serve the public good and examine the public 
agenda” [72]. In other words, CSS can reveal the meaningful and relevant areas in utili-
zation of BSD, thus pointing directions for the analysis, making sense of the findings and 
enabling predictions as well as sensible explanations.

In summary, the aforementioned areas are the central conceptual and theoretical 
foundations of BSD that contribute to this inter-disciplinary concept. Social comput-
ing enables and serves technology-mediated social services and applications that in 
turn generate vast amount of complex social data; such data are managed and processed 
through Big Data tools; then insights and prescriptions are derived from data analytics 
methods and algorithms. CSS is one of the key fields to define targets and reasons for the 
analysis and explanations for the analysis results.
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Our synthesis and definition of Big Social Data
Drawing from our overview of the related literature and observation of contributing sci-
ence fields we provide a meta-level definition of the synthesized BSD concept as follows:

Big Social Data is any high-volume, high-velocity, high-variety and/or highly seman-
tic data that is generated from technology-mediated social interactions and actions in 
digital realm, and which can be collected and analyzed to model social interactions and 
behavior.

This definition approaches the concept from the synthesized perspective including the 
description of social data characteristics, its sources and origins as well as purpose of 
use:
Characteristics Shortly speaking, in this context, volume refers to the exponential growth 
of social data. Variety relates to various types and forms of social data sources: it might 
be structured, semi-structured or unstructured. Variety can also mean the difference of 
formats (for instance, text, image, video). Velocity refers to the fact that social data is gen-
erated and distributed with tremendous speed. One can simply count his/her activity in 
online services per hour to imagine the frequency, with which billions of people right at 
this moment create or share something online. These characteristics define the size of 
social data available for the analysis as well as real-time and dynamic nature of BSD. The 
volume, velocity and variety are traditional characteristics in any Big Data, while semantic 
is a more unique characteristic of BSD. It refers to the fact that all content manually cre-
ated is highly symbolic with various often-subjective meanings, which require intelligent 
solutions to be analyzed. There have been studies on mining and analyzing such multime-
dia data [73–76], however we are still far from the degree of the intelligence, which may 
turn immense pools of user-generated content into meaningful insights.

Data sources and origins In context of BSD, we consider technology-mediated social 
interactions as origins of social data types. It refers to digital self-representation, technology-
mediated communication and digital relationships data that may appear not only in social 
networks services but in variety of discussion forums, blogs, web and mobile chat applica-
tions, multi-player games as well as different web sites that are not for social purposes per se.

Purpose Analyzing and modeling social interactions and behavior means that research-
ers may use the data to describe, understand, and build models of digital interactions 
taking place between people and how people act (online) around these interactions (for 
example, profile building, self-expression and other activities that are not directly seen 
as interaction but, rather, necessary prerequisites for it). The knowledge, which is gained 
from analysis, may then be utilized in variety of applications, meaning that BSD practi-
tioners are free to choose which domain or research question to address. For instance, 
researchers may aim to solve fundamental societal issues or just explore tweets for the 
sake of testing new semantic algorithms.

The definition is further explicated in the following subsection with the classification 
of data types that relate to technology-mediated social interactions.

Types of Big Social Data

We emphasize that a central element of the BSD concept is “digital human”, who uses 
Information and Communications Technology (ICT) for digital social interactions. 
The rapid evolution of ICT has shifted the role of a user from a consumer to the active 
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producer and mediator of information, thus allowing people to control, personalize and 
apply the digital realm according to their values, social needs and preferences [70]. We 
incorporate the term of “digital human” to underline the shift towards new sociality that 
lives in hybrid reality [77], where the dynamism and constant availability of technology-
mediated communication blurs the boundaries between reality and virtuality. Thus, 
people do not distinct their activity in online and physical environments, because of 
“always-on” social networking. Similarly, Wooglar suggests the term of “virtual commu-
nity” and states that it is just the matter of choosing words: “In this usage, ‘virtual’, like 
‘interactive’, ‘information’, ‘global’, ‘remote’, ‘distance’, ‘digital’, ‘electronic’ (or ‘e-’), ‘cyber-’, 
‘network’, ‘tele-’, and so on, appears as an epithet applied to various existing activities and 
social institutions”. [78].

Around digital human interactions, there are both machine-generated and human-
generated data that potentially might turn into the social insight. However, in this paper 
we argue that exactly human-generated data makes BSD concept unique and distin-
guishes it from general field of Big Data. While machine-generated data could be ana-
lyzed through mere Big Data tools and applications, human-generated content requires 
more intelligent solutions to decode the semantics of people’s beliefs, opinions and 
behavior. Undoubtedly, Big Data may show what and how is changing in social inter-
actions, however it does not answer the question of why those changes and processes 
are happening. Therefore, we consider BSD is the solution to properly investigate the 
semantics of human-generated content. From our perspective, it may provide to practi-
tioners of many research fields both facts and reasoning.

While discussing human-generated data we mean content that is produced through 
social technology-mediated interactions of people in social media platforms. This cate-
gory may contain digital-self representation data, technology-mediated communication 
data and digital relationships data (see Fig. 3). These three categories define the types 
of data that could be interpreted and utilized as social data in the current digital envi-
ronment (see Table 2). In other words, Table 2 serves as a simplified taxonomy of BSD; 
however, it is not meant as an extensive index of what data is BSD but, rather, as a list of 
currently existing BSD examples that could be available for research and analysis.

Digital self‑representation

The first category to be discussed is digital self-representation. This is the initial step for 
“digital humans” to socialize and communicate themselves in the digital realm. These 
data types relate to numerous virtual profiles that have functions of identity depiction 
and communicative body [49]. In other words, the data is meant to reveal some informa-
tion (a “face”) for other users in the particular digital service. Albrechstlund proposes a 
concept of “sharing yourself”, which is related to the way constructed identity is partici-
pating in social networks creating relations with others [79]. In digital environment peo-
ple are limited in verbal and non-verbal impressions compensating it by means of text, 
pictures, videos and music that could be placed in the following data categories:

1. Profile data It includes login data (usually a name/nickname/e-mail address with 
which other people identify the user); identity data (depends on the digital environ-
ment, i.e. for some services one should provide real first name and last name, mobile 
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phone number, country, education, birthday); and personality data (e.g., profile pic-
tures, tags of interest, slogan, personal signature in discussion forums) In many social 
media services, it is the personality data that the other users particularly focus on 
and analyze to assess the interestingness of the user.

2. Self-published content It incorporates publicly disclosed or socially restricted data (to 
trusted users or specific communities), such as most status updates in social media, 
pictures, videos, and other content that people add to services to represent them-
selves.

3. Data published by the community Self-representation could be complemented 
through person-related content shared by other users. This refers to collaboratively 
created pictures, narrations, videos, etc.

Technology‑mediated communication data

Technology-mediated communication data refers to the data generated in two-way 
communication, collaborative knowledge creation and information distribution in the 
context of digital environment—the content and subjects of the communication. Tech-
nology mediates the constructed digital self-representation to contribute information, 
edit existing contributions, comment on entries and discuss related matters. From the 
fundamental perspective digital environments allow people to contribute to knowledge 

Big Social Data

Technology-Mediated 
Communication Data

Digital 
Relationships Data

Digital 
Self-Representation 

Data 

Digital Humans

Fig. 3 Overview of BSD types and sources. There are three major data types of Big Social Data—technology-
mediated communication data, digital self-representation data and digital relationships data
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creation and distribution through various digital devices  [80]. Digital environment 
facilitates physical communication channels resulting in private communication (i.e., 
one-to-one), public communication (one-to-many) and collaborative communication 
(many-to-many) data. Depending on the context, public and collaborative communica-
tion could also be private within the group of participants, i.e. in case it is a private chan-
nel of the organization.

Digital relationships data

Digital Relationships data describes the explicit connections and ties between users in 
the services. Analysis of this data can reveal social relationship patterns, social network 
structures and various other sociological and network level phenomena in the digi-
tal realm. Digital Representation category firstly contains explicit data, which refers to 
digital friendships and followership that a user has intentionally and explicitly defined. 
Technology-mediated social services provide the possibility to build virtual communi-
ties based on both physical and online activities (to create networks based on existing 
connections in physical world and/or create new networks with people from digital 
realm). There are two roles for users of such services—to be followee and follower. One 
could have followers or friends on various social platforms (Facebook, LinkedIn, Twit-
ter, Instagram, and many others), and in turn could follow someone to maintain friend-
ships, business relationships or track important content of another relevant user. An 
interesting factor to be researched is the motivation of people adding someone to the 
friend’s lists. Obviously such lists incorporate friends and colleagues, but also there 
could be public figures, interesting strangers or people with weak ties  [81–83]. There 

Table 2 Classification of Big Social Data types

Category Definition Types of data

Digital self-representa-
tion data

Data related to identity depic-
tion and communicative 
body in digital environ-
ment

Profile data (i) Login data (name/nickname/e-mail 
address and password); (ii) Mandatory data (services 
and application required data, for example, full name, 
citizenship, birthday); (iii) Extended data (profile pic-
tures, education, tags of interests)

Self-published content (e.g., personal documents, 
pictures, videos, interests): (i) Disclosed data (to the 
public); (ii) Entrusted data (content sharing within 
trusted digital community)

Data published by the community (e.g., pictures, nar-
rations, videos, posts): Relates to content shared by 
other users, which contribute to the digital identity 
creation

Technology-mediated 
communication data

Data related to two-way 
communication, knowl-
edge creation and distribu-
tion through technology

Private communication data instant 1-to-1 messaging 
and content sharing;

Public communication data 1-to-many messaging, 
commenting, information contribution and editing of 
existing entries;

Collaborative communication data many-to-many partici-
patory content sharing, chats, video-conferences

Digital relationships 
data

Data that reveal digital social 
relationships patterns

Explicit data Friendship data–Followee/Follower data;

Implicit data Data, which is revealed through technol-
ogy-mediated communication data (e.g., tweets could 
be analyzed to infer connections between people)
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is also implicit data, which could be revealed through analysis of technology-mediated 
communication data. For instance, tweets can be analyzed to infer individual connec-
tions between people. And from these individual connections, we can build network 
representations of communities in system level. As another example, two users having 
multiple common contacts (e.g., friend-of-a-friend) can be predicted to become explicit 
contacts in the future. When a user has, for example, liked or otherwise interacted with 
a non-contact user’s content or profile, there can be seen to be an implicit tie between 
the users [82]. However, such implicit data normally requires network analysis to be cre-
ated, and there are few tools or methods to provide such data automatically.

To summarize, we consider this list of BSD types could be valuable for researchers to 
outline the scope of their interests and will guide them to achieve successful outcomes. 
Nevertheless, research community has to remember that the accessibility of such data is 
a crucial challenge of BSD. Lack of access to the data often held by various service provid-
ers hinders the utilization of and research opportunities related to this emerging concept. 
Thus, researches should search for ways of collaboration with social media platforms.

Future work
The holistic overview of related concepts, research fields as well as research communi-
ties provide ideas regarding methodological steps that should be taken to enable further 
research and utilization activities around BSD. This is a combination of three activities 
that should be primarily focused on in order to open new avenues for the utilization.

1. Collecting data The initial step for all researchers who work with BSD is to collect 
needed datasets for analysis. This step brings up the ethical issues and challenges of 
data accessibility. Indeed, there are challenges in terms of accessing the data as it is 
often held by various service providers, which hinders the utilization of the data. 
Manovich notes this by stating ‘only social media companies have access to really 
large social data’ [38]. Fortunately, recently we have seen various movements and 
joint efforts for bringing together data that, in theory, is public but very challenging 
to collect in high volume enough for research purposes (for example, the OSoMe1 
project to help analyzing Twitter data). One of the most troubling issues is related to 
ethics: majority of people are not aware about their data being collected and ana-
lyzed by different organizations (including government and social media companies). 
Moreover, the regulations on accessing and usage of such data are not clear and not 
completely unified. There are also challenges that may cause privacy violation: col-
lecting more private data than allowed; accessing data without permissions; utilizing 
data for purposes, which are different from the initial purpose of collecting the data; 
misinterpreting the data; and changing the content. To make collecting phase feasi-
ble we need to fulfill the next step of our framework.

2. Collaboration BSD is multidisciplinary area that will require practitioners to build 
a proper team for work. Our suggestion is to build collaboration with social media 
platforms or companies that have access to actually large data sets. For instance, the 

1 Observatory on social media (OSoMe) project to study diffusion of information online and discriminate among mech-
anisms that drive the spread of memes on social media—http://truthy.indiana.edu/about/.
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research outcomes from thousands of twits would be questionable in comparison 
with research under billions of human-generated content from multiple channels. 
Collaboration with people or companies with various expertize and advantages in 
terms of social data availability will potentially reduce challenges with collecting data 
for one’s own study, extend the scale and scope of the work in a positive way as well 
as provide access to multidisciplinary expertise.

3. Manipulating data We argue that for gaining meaningful insights from BSD, 
researchers should design virtual environments where they would be able to access 
multiple data types, to compare and control them. It may bring new opportunities 
for authentic and reliable research outcomes. In this regard we agree with Watts [68] 
that we need ’social supercollider’, which will obtain diverse social data streams thus 
opening access to knowledge about people’s behavior on the massive scale. BSD arti-
ficial environments also could give opportunity to run virtual experiments and vali-
date results with members of related research community.

This paper was aimed to bring clarity on BSD topic in general for any application area. 
As for our intended future work, we aim to utilize BSD to foster serendipity and, thus, 
innovativeness in knowledge work organizations. Our objective is to obtain empirical 
evidence that analysis of BSD can help identify relevant new people to collaborate with.

Conclusion
The multidisciplinary and multi-dimensional nature of Big Social Data brings chal-
lenges to the development of a useful conceptualization and definition of the concept. 
Our literature overview shows that majority of related work on BSD is focused on the 
analysis of social data, giving less attention to describing what BSD actually is. This can 
lead to lack of consensus, inconsistency, and vague understanding of what such data 
could be used for. To bring clarity and sophisticated understanding of BSD we propose 
a synthesized conceptualization and definition of the concept and this growing field. We 
reviewed existing literature that demonstrates a variety of applications and approaches 
to study the phenomena around social data. Based on this we outlined the fields of sci-
ence that determine the scope of BSD (social computing, Big Data science, data analytics 
and CSS). We assume the knowledge about the involvement of each field would pro-
vide researches with the understanding of the expertise that is demanded for conduct-
ing research in this field. Additionally, we proposed the classification of BSD types that, 
from our perspective, well cover the spectrum of data that BSD consists of. In summary, 
with this paper, we aim to make researchers more informed about what is BSD, on what 
data to focus as well as motivate them to elaborate better conceptualization, in order to 
reach clear desirable research outcomes.
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Abstract. Collaboration and social networking are increasingly important for academics, yet
identifying relevant collaborators requires remarkable effort. While there are various networking
services optimized for seeking similarities between the users, the scholarly motive of producing new
knowledge calls for assistance in identifying people with complementary qualities. However, there
is little empirical understanding of how academics perceive relevance, complementarity, and diver-
sity of individuals in their profession and how these concepts can be optimally embedded in social
matching systems. This paper aims to support the development of diversity-enhancing people rec-
ommender systems by exploring senior researchers’ perceptions of recommended other scholars at
different levels on a similar–different continuum. To conduct the study, we built a recommender sys-
tem based on topic modeling of scholars’ publications in the DBLP computer science bibliography.
A study of 18 senior researchers comprised a controlled experiment and semi-structured interview-
ing, focusing on their subjective perceptions regarding relevance, similarity, and familiarity of the
given recommendations, as well as participants’ readiness to interact with the recommended people.
The study implies that the homophily bias (behavioral tendency to select similar others) is strong
despite the recognized need for complementarity. While the experiment indicated consistent and
significant differences between the perceived relevance of most similar vs. other levels, the inter-
view results imply that the evaluation of the relevance of people recommendations is complex and
multifaceted. Despite the inherent bias in selection, the participants could identify highly interesting
collaboration opportunities on all levels of similarity.

Key words: People recommender systems, Social matching applications, Expert search, Homophily,
Diversity, Research collaboration, Social networking, Bibliography data analysis

1. Introduction

In scholarly work, collaboration has become a normative form of knowledge pro-
duction. Researchers across the social sciences broadly concur that collaboration
is the best path to solving complex problems and achieving exceptional results
(Frydlinger et al. 2013). Collaboration is promoted as a means of cultivating qual-
ity, enhanced resource utilization, and high impact (Hsiehchen et al. 2015). In



358 Ekaterina Olshannikova et al.

science and patenting, a substantial shift toward collective work has been found
across scientific disciplines and business domains (Wuchty et al. 2007; Börner
et al. 2010). In academic research, collaboration takes place on a dyadic level
between individuals, amongst research teams, as well as within international con-
sortia. However, identifying new suitable candidates for academic collaboration
requires high investment in social networking, and the disciplinary structures can
prevent unexpected combinations of individuals.
Following this trend of the increasing importance of collaboration, supporting

social networking and encouraging new social encounters have become central
design goals in the HCI & CSCW communities. Prior research on so-called social
matching (Terveen and McDonald 2005) has particularly looked into people rec-
ommender systems (Tsai and Brusilovsky 2016; Guy and Pizzato 2016) and
opportunistic matching applications (Mayer et al. 2015a; Mayer et al. 2016) that
aim to enable identification of new relevant connections, some of them employing
playful approaches and gamification (Paasovaara et al. 2016). There are also pro-
totypes of people recommender systems that specifically aim to match scholars:
for instance, expert finding systems (Vassileva et al. 2003; Beham et al. 2010),
or event-based mobile applications like ‘Find & Connect’ developed by Chin
et al. (2014) and experimented at the UbiComp 2011 conference. Considering the
rich publication data available in online repositories, prior research has looked
into bibliography analysis methods for recommender systems, e.g., DBLP1-based
systems for researchers (Zaiane et al. 2007).
However, the majority of professional matching systems tend to utilize a

similarity-maximizing approach, providing recommendations of like-minded oth-
ers with similar interests. In this regard, Yuan and Gay (2006) deliberate that
homogeneity produces both positive and negative effects on interpersonal com-
munication, community formation, and knowledge work – “homophily not only
unifies, it also divides a network”. On the one hand, collaboration within a group
of people with shared interests can contribute to a safe and trustworthy work envi-
ronment, enabling cohesive team spirit and ease of communication. On the other
hand, it has been found that researching and cooperating with diverse individu-
als is essential in tasks that aim to create new knowledge (Mollica et al. 2003).
Prior work emphasizes that an insightful dialogue between diverse actors can
build social capital (Burt 2017) by increasing awareness about external knowl-
edge groups and bridging polarized intellectual communities towards abounding
knowledge sharing and idea creation (Argote and Ophir 2002). While research on
diversifying item recommendations (Adamopoulos and Tuzhilin 2015; Castells
et al. 2015) is gaining interest, few attempts have been made to match people
based on diversity (Rajagopal et al. 2017).
Additionally, the evaluation of people recommender systems and matching

applications is geared toward the assessment of algorithm effectiveness, with little
focus on user perceptions. Although there is well-established research on user-
centered evaluation of content recommender systems (Knijnenburg et al. 2012;
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Pu et al. 2011), the choice of potential collaborators is significantly different and,
therefore, requires contextually operationalized evaluation metrics. Considering
the diverse needs of scholars, it is essential to pay attention to subjective percep-
tions regarding the recommended people and carefully conceptualize factors such
as perceived relevance and willingness to follow-up on the recommendations.
To enable the gathering of such data, we developed a simple DBLP-based people

recommender system that provides the user with recommendations of other schol-
ars from three different levels of similarity regarding their publication history –
low, moderate and high. With a user study that combines a controlled experiment
and semi-structured interviewing, we address the following research questions:
(RQ1)What level of measured similarity of publication history is preferred in recom-
mendations of potential collaborators? (RQ2) What specific needs and expecta-
tions scholars have in regard to seeking professional collaboration?
The findings reveal an intriguing mismatch between scholars’ intuitive behavior

and deliberate intentions regarding potential academic collaboration. While the quan-
titative results demonstrate participants’ general preference to most similar recom-
mended people, the interview data brings up a variety of scholars’ needs for connect-
ing with cross-disciplinary and diverse people. Thus, the nature of the collaboration
task might influence the perceived relevance of potential candidates, for example,
regarding the complementarity of professional roles, skills, and expertise.
The contribution of this work is two-fold: (i) providing empirical findings

on subjective perceptions of people recommendation relevance in the context
of potential academic partnering, and (ii) presenting the qualitative account of
academics’ needs in collaboration and factors that might affect their decision
in choosing partners. Furthermore, as a methodological contribution, we oper-
ationalize measures for subjective opinions on people recommendations in the
context of professional academic collaboration.

2. Related work

While various disciplines have studied scientific collaboration in different ways, a
general consensus is that collaboration is imperative for effective knowledge pro-
duction. Bozeman et al. (2013) note that research collaboration is often limited
to the notion of co-authorship, and criticize the assumption that cooperation is
undoubtedly resulting in a knowledge product (e.g., scientific paper). In this arti-
cle, we approach scholarly partnering practices, which are beyond co-authorship,
and do not require an explicit valuable outcome. In fact, Bozeman and Corley
(2004) define key motives for scientific collaboration and propose that the selec-
tion of collaborators can be driven by: (i) work ethic attribution and schedule
compliance; (ii) shared nationality; (iii) need to mentor junior researchers; (iv)
administration request or high reputation; (v) preceding collaboration experience,
its quality and personality chemistry; (vi) complementarity of skills. Consider-
ing this breadth, in this article we adopt the broad definition by Bozeman et al.
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(2013): “collaboration is a social process whereby human beings pool their
human capital for the objective of producing knowledge.”
To emphasize novelty of our contribution and the research gap we cover

the following topics. First, we discuss research on supporting social interaction
and collaboration in the general context of conferences and introduce works on
bibliography-based recommender systems. Then, we deliberate on the concepts of
similarity and diversity. Finally, we provide an overview of existing user-centered
evaluation metrics in recommender systems.

2.1. Computational support for matching scholars

Supporting experts finding is one of the crucial CSCW design goals to facilitate
collaborative knowledge creation and dissemination (Ackerman and McDonald
1996). Over the last two decades, systems for supporting the conference experi-
ence have expanded from increasing people’s awareness of necessary information
at the venue (e.g., schedule and contents) to facilitating social encounters, for
example arranging meetings (Nishibe et al. 1998) and general enhancement of
attendee interaction with the environment and other people (Dey et al. 1999). One
reasonably common approach relates to location and proximity-based services for
finding relevant connections (Kawakita et al. 2004; Cox et al. 2003). For instance,
‘Find &Connect’, a social networking mobile application developed by Chin et al.
(2014) and experimented during the UbiComp 2011 conference, aims to provide
the users with social recommendations based on physical proximity and similarity
of interests. The results of the work reveal that users preferred acting on famil-
iar recommended people or friends-of-friends, as well as those who have similar
research interests.
There are also generic, platform-like services designed to help the attendees

meet new people with shared interests (Zenk et al. 2014). An example of such
tool is ‘Confer’ (Zhang et al. 2016) which has been tested and deployed in
several HCI conferences. ‘Conference Navigator’ is another example and has
gradually acquired new features and functions (Farzan and Brusilovsky 2007;
Wongchokprasitti et al. 2010; Parra et al. 2012). For instance, the most recent ver-
sion (Brusilovsky et al. 2017) – ‘Conference Navigator 3’ – is a community-based
recommender system that by utilizing content-based and tag-based analysis meth-
ods provide the user with personalized suggestions about people and contents of
a conference. The user can explore their research community through interac-
tive social network visualization and connect with similar experts either before or
during an event.
Another recent research proposes so-called ‘Adaptive Conference Compan-

ion’ (Arens-Volland and Naudet 2016) – a mobile application that aims to deliver
personalized guidance for attendees of academic events. In addition to utilizing
conference data and explicit user input, authors enhance profiling and match-
making mechanism by extracting bibliographic database (DBLP, GoogleScholar)
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and social media channels (LinkedIn, ResearchGate and MyScienceWork). They
applied a term frequency-inverse document frequency (TF-IDF)2 algorithm (Beel
et al. 2016) for recommending most similar people and sessions in the scope
of users’ interests. The authors speculate that the majority of participants in the
experiment were well-prepared for the conference and already had their schedule
which matched with recommendation predictions of relevant content. Unfortu-
nately, the authors did not discuss the effectiveness of a system from the social
networking perspective, i.e., how people reacted to and perceived the relevance of
people recommendations.
Another vein of research relates to recommending academic collaborations by

utilizing bibliography data and social networks analysis and, thus, suggesting can-
didates with similar research interests. For instance, Kong et al. (2016) utilized
topic clustering model to retrieve academic domains, calculate authors’ features,
and analyze academic collaboration networks. Another group of researchers (Li
et al. 2014) explored co-authorship networks to identify relevant collaborators
with an already existing academic tie. They observed that scholars’ relationships
are more complicated in a real-world setting and suggested that future work
should go beyond existing co-authorship networks and consider matching people
without established connections. Most recently, Hoang et al. (2017) proposes a
new approach to calculate similarity with deep learning and experiment on DBLP
and WiKiCFP databases. Sie et al. (2012) designed a system for recommending
future co-authors that utilizes co-authorship network and topic similarity aspects
in the matching mechanisms. They tested researchers preferences regarding exist-
ing co-authors vs. new potential candidates with a light-weight user study by
asking the participants to rate each recommendation on a scale from one to ten.
The findings revealed that participants prefer existing connections with whom
collaboration has been already established.
To summarize, the prior work displays a diversity of research and develop-

ment of people recommender services for scholars with a particular focus on
analyzing human-generated content and publishing history. The literature on algo-
rithmic approaches indicates that bibliographical data sets can serve as a valid
data source for identifying and recommending social connections. The algorith-
mic choices encouraged us to approach the area with specific topic modeling
methods (TF-IDF) and to analyze the cosine distance3 (Li and Han 2013) between
the authors. Although there is apparent interest in creating services for academic
partnering, the primary contribution of preceding research lies in the design of
new matching mechanisms and algorithms. The evaluation of such systems, thus,
is focused on testing the quality criterion of prediction accuracy and little atten-
tion is paid to the subjective perceptions of recommendation usefulness and user’s
intention to follow-up on those. In this article, we experiment on content-based
similarity-difference dimensions and specifically focus on the human-centered
and subjective evaluation of perceived relevance and related variables.
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2.2. Concepts of similarity and diversity

Our approach of diversity-enhancing people recommender systems is founded
on the relatively strong consensus that fruitful collaboration and high innovation
capability result from complementary viewpoints among a diverse group of actors
(Mitchell and Nicholas 2006). Rodan and Galunic (2004) imply that heteroge-
neous knowledge is of high importance to both overall managerial performance
and particularly to innovation performance. However, the factual value of diver-
sity and how it should exactly manifest remain unclear. Despite the extensive
literature, the role of both similarity and diversity (as opposite ends of a con-
tinuum), particularly in the decision-making of choosing academic collaborators,
requires more research, as will be shown in what follows.
The related work discussed in the previous subsection demonstrates a tendency of

utilizing similarity-maximizing approaches for recommending content and con-
nections, thus amplifying the effects of homophily bias. The concept of homophily
has caught the attention of researchers, primarily in social psychology (Lazars-
feld and Merton 1954; Marsden 1987; Moody 2001), as the phenomenon of
individuals’ natural preference to interact with similar-minded people who share
socio-cultural traits. In CSCW and HCI research, homophily has been addressed,
for instance, as a predictive and influential factor of online behavior in content
preferences (Chang et al. 2014), and audience attraction on social media (Sharma
and Cosley 2016). Another vein of research focuses on studying diversity in
terms of human, relational and intellectual capital within global organizations to
design features that support online communities in collaborative tasks (Muller
et al. 2012). Researchers and developers seem to have adopted the similarity-
maximizing approach from item recommender systems, using metrics of similar-
ity as the proxy for relevance also in matching peers within organizations (Guy
et al. 2010) and scholars in the context of academic collaboration (Heck 2013).
Although homophily might strengthen existing communities, it does not

encourage the creation of new ties to further away in the global social network.
Some researchers propose that such mechanisms directly lead to the formation
of echo chambers that are detrimental to information flow, innovation, and cre-
ativity (Jasny et al. 2015; Bessi 2016). Echo chambers have received critique
particularly with respect to social media services that divide the user community
into camps of different opinions and thus increase polarization in the society (Li
et al. 2013; Lee et al. 2014).
At the same time, organizational studies have identified that also diversity can

have negative influences on collaborative activities, such as information exchange
and decision-making (Graves and Elsass 2005; Hobman et al. 2004). An extensive
review (Mannix and Neale 2005) concludes that social differences (i.e., surface-
level), such as race and gender, indeed tend to have adverse effects on the ability
of groups to function effectively, whereas more profound cognitive dissimilarities,
such as differences in expertise or personality, are more often positively related to
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team performance. In other words, diversity is strongly linked to the concept of
identity, which can make the introduction of diversity challenging in established
work cultures.
Following the above mentioned, CSCW research has investigated whether it is

possible to overcome the adverse effects of dissimilarities in teams to provoke
creativity and productivity. For instance, Dong et al. (2016) found that commit-
ment to a common cause, such as shared goals of the work, bring people together
despite cultural differences. Similarly, but from a broader perspective, Ye and
Robert Jr. (2017) revealed that collectivism (over individualism) makes people
more tolerant to differences in terms of personal values, working styles, skills,
and general abilities, thus, embracing individual creativity and work satisfaction.
Besides, Rajagopal et al. (2017) investigated how to match peers with dissimilar
opinions. The findings demonstrated that matching people with different interpre-
tations of shared interests is more effective in producing positive experiences of
breakdown.
Overall, the literature on diversity and homophily contains interesting contra-

dictions, which calls for further empirical research on various forms of similarity
or diversity in different types of collaboration. To this end, we seek to uncover
how the two concepts are interlinked particularly in the assessment of the
relevance of potential scholarly collaborators.

2.3. User-centered evaluation criteria for recommender systems

Historically, research on recommender system has primarily focused on the design
of algorithms, underlying the assumption that better algorithms results in bet-
ter user experience with the systems. Pu et al. (2012) challenges this premise
by providing conceptual observation and guidelines on the evaluation criteria for
recommender systems. They explicitly emphasize the importance of the user’s
perception regarding the system qualities. We summarize existing conceptualiza-
tions of the recommendation quality as follows: (i) perceived accuracy (Pu et al.
2011) – how well recommendations match with users interests defines the trust
towards the systems; (ii) familiarity (Sinha and Swearingen 2002) – presence of
familiar items increase trust towards the system; (iii) novelty (Castells et al. 2015)
– unexpectedness of received recommendations can affect perceived usefulness
of the system; (iv) diversity (Nguyen et al. 2014) – receiving diverse items lessens
filter bubble thus increasing users’ satisfaction and, as a consequence, perceived
accuracy of the system.
Knijnenburg et al. (2012) also provide a framework for the user-centered evalu-

ation of recommender systems that extends the system accuracy metric with other
relevant measures. For instance, the authors observe correlations between con-
cepts, such as perceived recommendation quality (relevance), choice satisfaction,
variety, diversity, effectiveness, and accuracy along with personal characteristics
of the user (e.g., trust towards ICT).
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To sum up, these types of evaluation criteria focus on subjective user percep-
tions’ in the evaluation of objective aspects of the system. In this article, we do not
question the effectiveness of the designed system and its elements, but rather focus
on investigating scholars’ attitudes towards the recommended people as potential
collaborators. The evaluation criteria proposed by the prior research has proven
to be effective in the assessment of item recommender systems. In contrast, as
objects of recommendation, human individuals contain much more diverse fea-
tures that influence the evaluation. When assisting people in choosing potential
collaborators, the subjective perception of relevance might have various facets
and be determined by the need or task for partnering, and, therefore, the metrics
should be operationalized accordingly. In this article, we approach relevance crite-
ria with the temporal aspect (i.e., from the perspective of past vs. current research
interests), as well as from the perspective of potential collaborative activities with
the recommendations.

3. System design

In this section, we first explicate the choice of the data source used for the design
of the recommendation algorithm. Next, we outline the data cleaning process and
analysis and, finally, describe the user interface developed for the experiment.

3.1. Data source, data cleaning, and analysis

We designed a content-based people recommender system using DBLP, an open
bibliographic database of publications records from the majority of Computer
Science conferences and journals. The DBLP dataset is a substantial plain ASCII
XML file.4 The metadata for each record contains more than necessary details for
the study and, therefore, requires multiple cleaning procedures.
In the first step, the XML file was parsed using the ‘xml.sax’5 package target-

ing on the following tags: article, inproceedings, proceedings, book, incollection,
phdthesis, mastersthesis, and www. Then, from the parsed XML file, we extracted
5,847,090 records that consist only of titles, co-authors, publishing years and
venues. Next, in the resulted subset we cleaned the titles of publications follow-
ing three steps: (i) converting letters to lowercase, (ii) removing the English stop
words with ‘nltk.corpus.stopwords’6 function, (iii) removing the digital strings.
The people recommender system runs on the subset of the parsed 5,847,090

records and depends on the input of publication venues of a given user (partic-
ipant of the study). The detailed data analysis is demonstrated in Figure 1. For
a participant, top venues of their publications are given (see step 1 in Figure 1).
Then a subset of records is extracted from the parsed DBLP dataset by only those
publication venues (step 2). All the titles in the subset records are cleaned as
described previously and aggregated to form the corpus profile for each author
ever published in those venues (step 3). Those authors who have less than three
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Figure 1. Overview of the DBLP data analysis process to produce people recommendations.

publications in recent five years are filtered out to improve the quality of recom-
mendations. Next, we tokenize the corpus and build the vocabulary with the words
that only appear once or show up in more than 95% of the author corpus profiles
using ‘CountVectorizer()’ function from scikit-learn.7

After corpus tokenization, TF-IDF is applied to the profile model to form fea-
ture vectors for each author (step 4). Next, we compute the cosine distances
between the given participant and the other authors in the subset records regarding
them (step 5). As it is more intuitive to indicate the close distance with a smaller
number, we use cosine distance to represent the similarity between two authors.
Accordingly, the closest, or the most similar author to a participant will have the
smallest cosine distance.
To validate the participants’ preferences on similarity-difference continuum

during the user study, we decided to deliver recommendations in the form of three
groups of controlled distances – low (high similarity), medium (moderate sim-
ilar) and high (low similarity). To automatically separate recommendations into
such groups, the cosine distances between a participant and the other authors
are sorted first, and then the OTSU filter (Otsu 1979) is employed to detect the
boundaries between each group (step 6). The OTSU filter calculates the optimum
threshold separating the two groups so that their intra-class variance is minimal.
As the distribution of the cosine distances follows the power law, we implement
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the OTSU filter twice. In the first round, we apply it to the whole sorted cosine
distances to detect the boundary between the low distance group and the rest. In
the second round, we apply the OTSU filter on the rest without the low distance
group to divide medium and high distances groups. Finally, three recommenda-
tions that have no co-authorship with the given participant (step 7) and published
in the same venues are picked from each distance group as the final output, thus
delivering nine recommendations in total (step 8).

3.2. User interface

A single-page web application was deployed in Firebase development platform.8

Figure 2 illustrates the User Interface (UI) view with personalized recommen-
dations in the form of a carousel-based list. The UI visualizes all information
about authors, which DBLP data set allows to extract: full name, research topics,
the list of co-authors, and recent publications. Each section of the UI is expand-
able if there is additional content available. The publication list represents only
works from conferences where both the recommended person and the participant
of the experiment have published in. Accordingly, the list of co-authors is taken
from those publications only. The topics were generated through bigram anal-
ysis on the corpus profiles of each recommended person. We first generate the
bigram word pairs using NLTK ‘bigram’ function on all the corpus. Next, we use
‘nltk.ConditionalFreqDist’ to calculate the occurrence of other words by giving
a certain word in the corpus. For example, in a bigram word pairs for a word
‘social,’ the word ‘media’ may appear 20 times, while the word ‘compute’ may
appear zero times. Then, to generate the authors’ topics, the bigram word pairs are

Research topics
Recommendation 1 Full name

Social Recommendations for The Participant 1

Co-author 1 Co-author 2 Co-author 3 Co-author 4 Co-author 5 Co-author 6

Topic 1

Topic 6

Topic 2

Topic 7

Topic 3

Topic 8

Topic 4 Topic 5

Co-authors 8

Recent publications

Authors. Publication 1 title. Year, Venue

Authors. Publication 2 title. Year, Venue

Authors. Publication 3 title. Year, Venue

8

Figure 2. The UI presented to the participant (here with anonymized recommendation).
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created from their corpus. After that, we check the conditional frequency of the
second word regarding the first word in each pair. If the frequency is equal to or
higher than ten (10), we pick this bigram word pair as one of the authors’ topics.

4. User study

We designed a user study combining a controlled experiment and a semi-
structured interview. By providing participants with real recommendations, we
aimed to help them to form their opinion regarding experiment variables. Follow-
ing the homophily bias, we hypothesize that the lower the cosine distance between
the participant and the recommended person (i.e., the similarity of publishing
history), the more relevant and similar the recommendation would be perceived.

4.1. Experimental design

In the experiment, the computed cosine distance (content-based distance) is the
independent variable, represented as three groups of fellow academics – those
with low, medium or high distances. Thus, recommendations of other researchers
with high similarity (low distance), moderate similarity (medium distance) and
low similarity (high distance), with three recommendations from each group were
presented to the participants. The participants were not informed of the three
groups to avoid biased evaluation, and the presentation order of the altogether nine
recommendations was randomized. The evaluation inquired the participants’ per-
ceptions about the following dependent variables: relevance, similarity, familiarity
and willingness to interact.

4.2. Recruitment and participants

For the experiment, we recruited 18 English-speaking senior researchers who
work at two university campuses in Tampere, Finland. Following the assumption
that senior researchers often have more needs for finding collaborators, we limited
our scope to postdoctoral researchers, professors, or otherwise senior academic
positions. For the recruitment, we utilized various e-mail lists to reach relevant
faculties, departments, and research groups. In addition to offering the partic-
ipants a movie ticket for their participation, the recommendations of potential
collaborators were also marketed as incentives to take part in the study.
Overall, we had 13 male and five female participants, all based in either of the

two universities in the same city. Fourteen of them are Finnish, two Russians, one
British, and one Romanian. The ages vary from 32 to 66 (Median: 42, Mean: 45).
Seven of the respondents reported their current occupation as Senior Researchers,
six as Postdoctoral Researchers, four as Full Professors, and one as an Asso-
ciate Professor. The most frequent research interest of the participants included
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human-computer interaction (10), gaze technologies and interactions (7), wireless
technologies (6), interaction design and techniques (6), interfaces and information
systems (5), usability/user experience and user-centered design (5), telecommu-
nications and networking (5), virtual reality (3), wellness/health technologies (3).
Their academic experience varied from 10 to 46 years (Median: 19, Mean: 20.3).
Figure 3 illustrates the participants’ backgrounds and attitudes concerning

technology orientation, social openness, activity in networking, and breadth of
research interests. Along with the other background information, the figure
implies that the respondents represent what we would consider as typical com-
puter science scholars, being technically oriented and curious about research,
while displaying variety in their networking practices and interests.

4.3. Procedure and data gathering

The data gathering is comprised of three parts: (i) screening of suitable par-
ticipants based on their professional position and publishing history before the
experiment session. These data were used to prepare personalized recommenda-
tions for each participant. (ii) In the experiment session, the participant signed
a consent form by filling out an online survey, including also a background
questionnaire and numerical evaluations of each recommendation. (iii) The
experiment was followed by a semi-structured interview to gather qualitative data
about the participants’ choices and needs for collaboration. The whole study ses-
sion lasted from 40 minutes to 1.5 hours, depending on the time the participant

Figure 3. The overview the participants’ backgrounds and attitudes.



Scholars’ Perceptions of Relevance... 369

took to get familiar with and assess the recommendations and how opinion-
ated and expressive they were in the interviewing part. All sessions were audio
recorded with the participants’ permissions.
Before starting the numerical evaluation, participants were given time to

explore all the recommendations and get a general overview of the alternatives.
The evaluation was constructed according to four variables (see questionnaire ver-
batim in Table 1): (i) perceived relevance from the perspective of current and
past research interests (Q1 and Q2), (ii) expected willingness to interact with a
recommended person in the context of a scientific conference, including six tra-
ditional collaborative activities (Q3-Q8), (iii) levels of perceived familiarity –
whether or not the user is familiar with the target person, with their research, or
with their co-authors (Q9-Q11), (iv) perceived similarity between the participant
and a recommended person (Q12). The variables were operationalized based on
the authors’ personal experiences and qualitative research insights on academic
collaboration and user experience evaluation. Originally over 20 candidate items
were assessed within the project team and with collaborators in an iterative fash-
ion, resulting in the included 12 items. After providing the ratings, participants
were asked to explain the scores and their reasoning behind them verbally. The
interview questions that are also presented in Table 1 were designed to obtain par-
ticipants’ rationale behind the scoring of recommendations as well as to reveal
needs and factors that affect decision-making in academic networking practices.

4.4. Data analysis

Tableau9 was used for analysis and visualization of participants’ background
information, and RStudio10 for statistical analysis and visualizing the scores in
multiple box plots. The experiment has a thrice-repeated within-subjects design
with nine categorical data points per participants. We utilized non-parametric
Friedman test (Sheldon et al. 1996) and post-hoc analysis with ‘Agricolae’
package11 in RStudio to identify a statistically significant difference between the
participants’ ratings of the three recommendations’ groups in all questions. To
avoid pseudo-replication, we calculated medians of scores given to each group of
recommendations. Thus, the input data for the Friedman test consisted of Partici-
pant ID, Similarity distance groups (Low, Medium, High) as factors, and medians
of scores as values.
As for the qualitative data, the audio recordings from each session were tran-

scribed and resulted in a text file for each participant (with Min 211, Max 1,373
and Median 690 words). The coding procedure consisted of two cycles includ-
ing elemental, axial and focused methods (Saldaña 2015). At the first cycle, we
applied structural coding that allowed us to group data under top-level categories
from interview questionnaire (see Table 1): overall impression, collaboration
needs, comments about recommended people and their content, essential factors
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Table 1. Online survey structure and questions verbatim.

Recommendations evaluation (Likert 7 point scale, 1: completely disagree, 7: completely
agree)

(Perceived Relevance) I consider this person is relevant to me from the perspective of:

Q1.My current research interests

Q2.My past research interests

(Willingness to interact) I consider this person is relevant to me for the following activities

at the context of a conference

Q3. Asking for advice

Q4. Giving advice

Q5. Sharing research results and/or ideas

Q6. Exploring joint research interests

Q7. Spending time at a conference together

Q8. Organizing a research visit

Which other activities would this person be interesting to interact with?

(Perceived Familiarity) To what extent are you familiar with this person?

Q9. I am familiar with the research of this person

Q10. I know by name some of the coauthors of this person

Q11. I know him/her in person

(Perceived Similarity) Q12. How similar to you do you find this person’s research areas?

Very different (1) - Very similar (7)

Interview questions

1. Please tell about your overall impression about the recommended people.

2. Could you please specify what kind of needs for collaboration you normally have?

3. Choose one the most relevant and irrelevant persons and briefly explain why you gave them the

scores you did.

4. About whom was it particularly hard to make an evaluation?

5. Which of the presented information about the recommended person do you consider

relevant/meaningful in professional matching?

6. What would other factors about the people be important when considering with whom to

collaborate?

7. Overall, how would you feel if a system like this gave you recommendations of whom to

collaborate with?

8. Would you prefer to receive automatic notifications during a professional event or look for

relevant people by yourself?
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Figure 4. The distribution of participants’ scores regarding perceived relevance
and similarity.

in social matching, attitudes towards ICT-mediated professional social match-
ing. Then, for the data in each category, we utilized line-by-line analysis and
deconstruction of data into emerging categories, which were further reconstituted
resulting in subcategories, linkages, and relationships. Finally, the focused coding
was applied to identify the most frequent codes and organize them into emerging
themes.

5. Results

We first report the quantitative and qualitative results on perceived relevance,
similarity, familiarity and willingness to interact. Then, we discuss the needs
and important factors in research collaboration, which might have affected the
participants’ decision-making on potential social interactions.

5.1. Perceived relevance and similarity

5.1.1. Quantitative findings
The participants evaluated the perceived relevance of given recommendations
from two perspectives (see Figure 4): relevance for current (Q1) and past research
interests (Q2). To summarize, the scores were found to be consistent with the
computer-defined cosine distance. The highest scores were given to the group of
recommendations with low distance, while those with the high distance generally
received the lowest grades. This indicates the prevalence of homophily bias (pre-
ferring most similar researchers) in this sample of participants. Nevertheless, the
data also reveals high ratings of perceived relevance for the group of recommen-
dations with low similarity. These matches have received scores of five and higher
(appears 16 times) that indicates some participants’ interest in dissimilarity and
openness towards new opportunities.
A Friedman test and post-hoc analysis indicated a statistically significant dif-

ference in the scores of each group of recommendations (see Figure 5). Ratings
of relevance for the past and current research interests demonstrated almost equal
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Distance groupQuestion
Low Distance

Medium Distance
High Distance
Low Distance

Medium Distance
High Distance
Low Distance

Medium Distance

Relevance fo past research interests (Q2) 

Similarity (Q12)

Relevance for current research interests (Q1) 

High Distance

Ranks Low Distance Medium Distance
47.5
35 <.01**

<.001***
<.001***

<.001***
<.001***

<.001***25.5 <.05*

<.01**

<.05*

50
34.5
23.5

52
32
24

Test Statistics
N=18,
Chi-Square=16.5
DF = 2, p<.001*** 

N=18,
Chi-Square=24.03
DF = 2, p<.001*** 

N=18,
Chi-Square=25,21
DF = 2, p<001*** 

Figure 5. Results of Friedman’s Test and post-hoc analysis. Significance codes:
0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05.

results, meaning that participants were consistent in their scores independently of
the temporal perspective.
The quantitative results of perceived similarity (Q12) also demonstrate the ten-

dency of a significant difference in given scores (See Figure 4). Accordingly,
matches with low distance are graded as most similar, matches with medium
distance as somewhat similar and those with high distance – least similar. This
consolidates validity of cosine distances and OTSU filter as a method for identi-
fying thresholds of three degrees of similarity. Friedman test results consolidate a
significant difference between recommendations groups (See Figure 5).

5.1.2. Qualitative findings
The verbal feedback about relevance and similarity is generally in line with the
quantitative results. To provide an overview of participants’ comments, we col-
lected illustrative examples in Table 2, sorted according to the three groups of
similarity distance. Although the participants were unaware of the three different
similarity distances, in their feedback they distinguish between different degrees
of perceived relevance by using phrases like ‘very/most relevant,’ ‘somewhat
relevant/not exact match’ and ‘irrelevant/totally irrelevant.’
Feedback about the outliers (in Q1 – 9 cases, in Q2 – 7 cases) – recommenda-

tions of high distance rated as relevant – has revealed that such recommendations
relate to participants’ current research interests with potential for future direc-
tions, or because of surprising topics appeared in their profiles. Such cases hint
about interest in dissimilarity and openness for new opportunities, as quotes 1 and
2 illustrate.

1)“(R8) This person has really interesting research topics. [...] I thought
it would be fun to get to know something else, something different from
my own research focus. I would definitely go to see their poster. Maybe it
would be interesting for my future research. This is an interesting and fun
recommendation!” (P1, 50 y.o., Finnish female, Post-doc)
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Table 2. Examples of participants’ verbal feedback about given recommendations.

Low distance (high simi-
larity)

Medium distance (moder-
ate similarity)

High distance (low simi-
larity)

(R2) I am familiar with this
person and his coauthors
but not in person because
I didn’t collaborate with
this Greek team directly.
However, I was reviewing
their publications, particu-
larly, the most recent paper
on the list. I consider this
recommendation is the most
relevant to me. I would
surely like to meet in person.
(P3, 32 y.o., Russian male,
Senior Researcher)

(R4) I guess this person
is some research leader or
professor. Some papers are
close to what I am doing, but
not an exact match. I would
probably find a lot of inter-
esting discussion with him.
He seems to be more expe-
rienced than me. There is
a clear shared interest. I do
not remember hearing about
him and do not recognize
any of co-authors. (P8, 33
y.o., Finnish male, Postdoc-
toral Researcher)

(R7) I have never seen
this person before. There
are thousands of young
researchers, I am not sur-
prised. I have no idea why
the system recommends me
this person because his top-
ics are totally different from
mine. I do not know any of
co-authors and topics do not
seem to be relevant. (P7, 56
y.o., Finnish male, Senior
Researcher)

P3 research interests:
wireless technologies,
telecommunication and
networking

P8 research interests:
Intenet-of-Things, wireless
technology, radio networks,
and positioning

P7 research interests:
Human-computer interac-
tion, VR, gaze technologies
and interactions

R2 research topics: wire-
less technology, cellular sys-
tems, sensor networks

R4 research topics: Neural
networks, stochastic decod-
ing

R7 research topics: Crowd
science, human-computer
interaction

2)“(R9) This person is from a different field, and the research has interesting
aspects. The last paper in the list is the most interesting: it is about something
similar we have been doing recently but not published yet! So, I have to check it
and maybe contact the authors.” (P2, 42 y.o, Finnish male, Senior Researcher)

Some participants also mentioned that their first impression about recom-
mended people had changed when they started to check the recommendation’s
profiles in details (see quote 3).

3) “That was a good idea that you gave me to check all recommendations first
because initial reaction was different, but when I started thinking and realized
that my first impression maybe was not correct. When you start thinking about
recommendations’ relevance further, there might be some changes. So some of
them are not that irrelevant as I thought at first.” (P16, 50 y.o., Finnish female,
Senior Researcher)

Hence, decision-making on perceived relevance was found to be influenced
by the participants’ estimation about how topics of recommended people match
with their own – whether they are similar, very different or complementary. In
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this regard, few participants addressed that evaluating the similarity between them
and the recommended people is a challenging task. First, they mentioned employ-
ing different scales of comparison (5 cases) – assessing a recommended person
from the perspective of all research fields in the world or specific focus areas.
The second factor refers to the temporal aspect (5 cases): as interests and research
directions tend to change, the evaluation of the similarity depends on the cho-
sen time frame. Participants also pointed out that the estimation of relevance and
optimal level of similarity for specific collaboration are context dependent (4
cases): some tasks would require cooperation with diverse people, while other
tasks benefit from similarity. Thus, when looking for candidates with a distinct set
of skills, people should also define shared interests or goals to make a prospec-
tive collaboration fruitful. Participants also acknowledged the possible adverse
effects of receiving recommendations of people who are very similar (4 cases).
For example, in a professional context, high similarity of interests might result in
competition, and social interaction with such people will require choosing specific
communication strategies.

5.2. Familiarity

5.2.1. Quantitative findings
Familiarity variable was evaluated from three perspectives: familiarity with the
research topics (Q9); recognizing some of the co-authors’ names (Q10); and
knowing the match in person (Q11). The Figure 6 depicts that the scores of
recommendations with a low distance in all questions are widely distributed,
while groups of the medium and high distances received mostly negative ratings.
According to scores distribution, participants are mainly familiar with the research
of recommendations and aware of many co-authors of recommended people in
low distance group. Besides, there are only a few people whom participants know
in person. The results of the Friedman test yield a statistically significant dif-
ference in given scores (see Figure 7). The post-hoc analysis reveals significant
variance only in groups of low vs. medium and low vs. high distances.
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Figure 6. The distribution of participants scores regarding perceived familiarity.
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Figure 7. Results of Friedman’s Test and post-hoc analysis. Significance codes:
0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05.

5.2.2. Qualitative findings
In general, participants were positively surprised to see many unfamiliar people
in the list of recommendations and were happy to increase their awareness about
new researchers in related scientific fields (see quote 4 and 5). At the same time,
they appreciated receiving suggestions about people with established ties or well-
known figures and interpreted it as confirmation of the algorithm validity.

4) I think the 1st one was most familiar, he is a good match. For the others, I
started to wonder about their research topics. I tried to see co-authors identi-
fying relation to me and then to topics. I think it is good that the majority of
recommendations are unfamiliar because it is a people recommender system.
(P6, 35 y.o., Finnish male, Postdoctoral Researcher)

5) I was curious about why I do not know some of the people. I was trying
to analyze, and I think there might be a time delay in our academic activities
or maybe there is a gap regarding research communities. (P3, 32 y.o., Russian
male, Senior Researcher)

In the interview, participants addressed that already known people are less
exciting recommendations (quotes 6 and 7). Even though we intentionally filtered
out all the co-authors, the bibliographic data prevents understanding of the actual
social relationships between researchers. Thus, in some cases (9 recommenda-
tions out of 54), the system recommended people from very close social circles,
for instance, peers from academic projects or colleagues with whom one had not
co-authored publications but interact daily (quote 8).

6) “(R3) It seems like I know him. His areas of research match with mine, I
would say, by 90%. I know some of his co-authors even in person. This is the
most interesting recommendation but not surprising, because I know him and
even know his Ph.D. students.” (P5, 42 y.o., Finnish male, Full Professor)

7) “The first and last person in the list I already know. They are obviously
relevant recommendations. But the rest is more interesting because I do not
know them.” (P10, 40 y.o., Finnish male, Senior Researcher)
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8) “(R2) One interesting observation is that one of the recommended people is my
roommate. We have similar topics and plenty of other commonalities. We are
cooperating mostly by talking. I think, we have never written papers together,
but we have shared co-authors.” (P4, 56 y.o., Russian male, Senior Researcher).

5.3. Willingness to interact

5.3.1. Quantitative findings
Evaluation of the willingness to interact with recommended people reflects six
predefined scenarios of face-to-face interaction or follow-up collaboration at the
context of a conference (see Figure 8): (Q3) asking advice, (Q4) giving advice,
(Q5) sharing research ideas, (Q6) exploring joint research topics, (Q7) spend-
ing time together, and (Q8) organizing a research visit. The distribution of scores
demonstrates that participants seemed to have a very positive attitude towards
engaging in a low-threshold interaction like sharing research ideas, exploring
common research topics and spending time together, particularly with most simi-
lar people. Scores given to medium and high distance groups illustrate variance of
opinion with a neutral attitude on average. Interestingly, all the six interaction sce-
narios yielded very similar results, even in the more long-term follow-up action of
organizing a research visit. The results of the Friedman test (see Figure 9) depicts
a statistically significant difference in given scores only in groups of low vs. high
and low vs. medium distance.

5.3.2. Qualitative findings
In general, participants have diversified opinions regarding the estimation of
any interactions and follow-up activities. The majority of participants (12 cases)
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Figure 8. The boxplots visualize participants scores distribution about scenarios of willing-
ness to interact.
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Figure 9. Results of Friedman’s Test and post-hoc analysis. Significance codes:
0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05.

consider such social activities to happen naturally at conferences and do not nec-
essarily require high investments of time in collaboration. For some, it was hard to
envision willingness to interact with unfamiliar people based on papers titles and
topics of the research. Thus, some participants (8 cases) admitted that they would
like to learn more about a recommended person before taking any decisions on
social interaction. Some emphasize (5 cases) that even in a real context of visit-
ing the conference, it might be challenging to find relevant people in a crowd and
contextualized use of such recommender systems might simplify the process and
encourage social interaction with unfamiliar people (see quote 9).

9) “Such system should narrow the focus to serve specific purposes [...] I think
about a scenario where I am going to the conference, so then I can define ’show
me people who are relevant to this event’ and it would give me a sense of
community around it [...] After all these years you sometimes stand somewhere
in the corner of a conference hall not knowing anybody. Of course, I can start
communicating with random people, but it would be much more efficient if the
system can suggest already somewhat relevant people and provide with tickets
to talk.” (P11, 53 y.o., Finnish female, Full professor)

5.4. Needs and important factors in research collaboration

When specifying crucial needs for collaboration, participants mentioned differ-
ent activities. The most frequent reasons are understandable when considering
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senior academics: seeking academic and industrial partners for funding appli-
cations (appears in 12 answers) and knowledge sharing as the way of indirect
cooperation (12 answers, e.g., exchange of data or finding relevant publications in
the topic of interest). Some participants also pointed out a need for people with-
out conflicts of interest (5 answers) such as pre-examiners, reviewers, editors or
opponents, who are highly demanded and complicated to find. Another reason
was research mobility (5 answers), which calls for cooperation with particularly
international universities or companies.
Interestingly, whereas similarity was generally considered to be a significant

aspect, the above-mentioned collaborative relationships demand heterogeneity
of methodological skills, research areas, or social networks. The participants
also emphasized that needs for collaboration are occasional and it will be use-
ful to contextualize the recommender system to specific scenarios, for instance,
make it particularly location- and event-based or expert-finder. In their opinion,
this will ensure the reasoning for using a service and motivate to follow-up on
recommendations (see quote 10).

10)“I would be interested in such a system to explore people who are visiting
the same conference in advance and filter them based on similarity or relevance.
[...] It will help me to revise recommendations faster. Let’s say for the event-
based mobile application it will be great to inform me when a person visits the
event and recommend me to meet him there. If a notification to interact comes
in the middle of a street, then I doubt it will work. However, if it will happen
at the conference I, of course, will try to follow-up on recommendations.” (P8,
33 y.o., Finnish male, Postdoctoral Researcher)

The participants also specified factors that matter to them when seeking profes-
sional collaboration. First, the majority (14 replies) addressed the importance of
affiliation and the current position of candidates. From their perspective, it can tell
a lot about the seniority, availability, and potential interest of the people. Besides,
considering the relatively high migration of researchers to non-academic posi-
tions, it can indicate whether potential cooperators are still pursuing an academic
career. Furthermore, many factors can be implicitly obtained from publications.
For instance, the quantity, citation rates, and quality of papers might reveal infor-
mation about the maturity of a researcher, their topics of interests as well as
information about their community. For many (8 replies), these aspects play a
significant role when aiming to approach unfamiliar scientists (see quote 11).

11) “There are different influence groups with leading experts which are often
competitors. So, based on co-authors of a match in his publication lists I can
instantly interpret that he belongs to particular influence group. That can help
in decision-making whether to collaborate or not and carefully choose the
communication strategy.” (P5, 42 y.o., Finnish male, Full Professor)
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Discussion on seniority level brought out various opinions (7 replies). In
general, seniority plays a considerable role: for instance, in tasks that require
straightforward ability to make decisions (e.g., project planning) it is essential
to be in contact with mature researchers, while some practical implementa-
tions could be performed in cooperation with students (e.g., assisting a course).
Other scenarios might call for open-mindedness regarding this aspect, like in the
following example:

12) “The seniority level does not matter to me that much. Sometimes junior
people are more creative and innovative. [...] So we should never think about
seniority levels. More senior people might have much information, but at the
same time too narrow in their vision and interests. Of course, it depends: for
consultancy, I might prefer to contact senior people, while for generating new
ideas and brainstorming I will be more interested in collaborating with young
researchers.” (P15, 50 y.o., Finnish female, Senior Researcher)

Additionally, participants address the personal chemistry factor (7 replies),
specifically for cases of direct collaboration it might be crucial regarding the
efficiency of interpersonal relationships and teamwork (see quote 13):

(13) Chemistry plays a significant role – we need some basis for communica-
tion. It should be a person with whom it is nice to sit talk and drink coffee in
addition to work practicalities. (P15, 65 y.o., British male, Senior Researcher)

Thus, participants highlighted that this factor is highly demanded yet unfeasible
to be integrated into the system because in their opinion personality compatibility
can be assessed only after continuous interactions.

6. Discussion

While prior research has aimed at creating meaningful professional connections
with the help of people recommender systems, little attention has been put on eval-
uating the subjective perceptions of the recommendation relevance.We emphasize
that recommending is different from predicting new connections (McNee et al.
2006): to design services that can meaningfully enhance professional collabora-
tion, algorithms should go beyond reproducing or strengthening the typical human
bias.
In the following, we first summarize our findings and reflect on their novelty

and relevance. Next, we provide a discussion on limitations and future work.

6.1. Summary of the results

We presented the results of an experiment on computer science researchers’
preferences regarding potential collaborators of different similarity levels with a
DBLP-based recommender system. With 18 senior scholars in areas related to CS,
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we tested how the dependent factors of perceived relevance, similarity, familiar-
ity and willingness to interact are related to the independent variable of objective
similarity measurement in terms of publication history.
The findings reveal that (1) the homophily bias is evident also in scholars’

intuitive assessments of relevance and willingness to interact, and (2) there is
a mismatch between people’s intuitive choices and the deliberate intentions in
decision-making on potential collaborators.
Considering our first research question about which level of system-defined

similarity is preferred in participants’ evaluations, the findings demonstrate the
highest ratings for most similar people. Methodologically, the subjective eval-
uations of different similarity levels seem to consolidate the system design,
particularly the efficiency of the OTSU filter in identifying different levels on the
similarity–difference continuum. In other words, even the relatively simple ana-
lytics procedure with scarce data seemed to work sufficiently, and the publication
data represented the participants’ topics accurately enough. While the norm in
such data analytics tends to stress the need for Big Data (e.g., Hoang et al. 2017),
it appears that for people recommendations the systems could suffice with rather
simple datasets as long as the recommender engine logic is well designed. The
findings imply that the participants were able to retrieve useful suggestions and,
for the majority, the evaluation process with the operationalized variables was
straightforward.
Regarding the second research question about academics’ needs and expecta-

tions in professional collaboration, the results demonstrate that the optimal area
on the similarity-difference continuum highly depends on the type and context of
collaboration. For instance, crucial factors in direct cooperation, such as personal
compatibility and similarity of attitudes and beliefs, are not as emphasized in
short-term and indirect professional interactions (e.g., consultancy type of cooper-
ation) as in long-term collaboration. Furthermore, the nature of the collaboration
task might influence the perceived relevance of potential candidates, for example,
regarding the complementarity of professional roles, skills, and knowledge.
As a methodological contribution for studying user perceptions, we opera-

tionalized the concepts of perceived relevance, similarity, familiarity and will-
ingness to interact as subjective evaluation measures for the context of academic
collaboration. This helps to uncover some of the experiential aspects of these
concepts and quantitatively assess how individuals consider people recommen-
dations. To complement the reductionist measures, the qualitative findings reveal
more complex and nuanced aspects that should be addressed in the design and
evaluation of people recommendations for professional partnering.
Following the participants’ rationale about important factors in collaboration,

we propose that the diversity of recommendations in professional social matching
could be enhanced through several dimensions or criteria of relevance:
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– similarity in terms of background, attitudes, values, beliefs, goals and inten-
tions (e.g., research aims). Previous research addressed that similarity of
such qualities can raise cohesion or so-called ‘affinity’ (Moreland and
Zajonc 1982) in interpersonal relationships, and can even reduce adverse
effects of individual dissimilarities (Dong et al. 2016) in collaborative work;

– complementarity in terms of professional roles, skills, knowledge, and
social capital. In this context, complementarity is beyond pure diversity, as
discussed by Mitchell and Nicholas (2006). It should enable relevant oppor-
tunities for collaboration by identifying beneficial intersections between
individuals’ qualities;

– compatibility for direct cooperation in terms of being mentally, socially,
morally or emotionally close to each other. This aspect was partially empha-
sized by Bozeman et al. (2013), who define collaboration as a process of
knowledge production, in which compatibility of such qualities can establish
trustful, joyful and personally valued cooperation;

– approachability/logistics – the availability of a person for direct or indirect
interaction in terms of physical proximity as well as social and organi-
zational distance. This dimension echoes with ‘collaboration readiness’
conceptualized by Olson and Olson (2000), who calls for better technologi-
cal solutions to enable smooth communication and interaction practices for
distributed collaboration.

6.2. Limitations and future work

We selected a mixed-method approach to enable a broad understanding of our
research questions. By combining a controlled experiment with qualitative face-
to-face interviews, we intentionally limited the sample size and compromised
generalizability with deeper qualitative understanding. In the same vein, the par-
ticipants represent culturally the same geographical area, which means that the
generalizability of the findings to the general population of scholars is limited.
Nevertheless, our method allowed us to observe the decision-making process

on collaboration in the actual context of using a people recommender system.
Additionally, it helped to engage participants in the discussion on potentially rele-
vant partners concerning similarity, complementarity, and other essential qualities
or factors when seeking collaboration. We could not have elicited some of the
interview findings without having the task of evaluating the recommendations in
situ. In fact, our prior research experience suggests that qualitative exploration
of human needs, wishes, and expectations often benefits from providing a design
artifact that can help a participant to form opinions on abstract concepts and
speculated behavior.



382 Ekaterina Olshannikova et al.

6.2.1. Data set limitations
The limitations on data set might explain some of the mismatches in participants’
quantitative and qualitative feedback on recommendations. A central limitation of
DBLP is that only the publication titles (without abstracts) are available, which
limits the content analysis and compromises the accuracy of the user profiles. For
example, some participants addressed that it was problematic to assess the rel-
evance of junior researchers who had a small number of papers (Min 3 in the
reported study). Limiting the data sample to only those who have extensive pub-
lication history would be advantageous for the accuracy of topic modeling and
providing comprehensive pictures of the assessed individuals. However, we inten-
tionally wanted to introduce both junior and senior researchers and reveal how
they could be appreciated in different contexts of cooperation, as well as evaluate
the role of seniority as a possibly influential factor in collaboration processes.
Another limitation of the DBLP data set is that it provides limited under-

standing to the social ties between researchers. Even though we excluded all
the co-authors of each participant from the recommendations, some were rec-
ommended people with whom they occasionally interact (9 cases out of total 54
recommendations). The proportion of very familiar people was relatively small,
so this can be argued to have an relatively small effect on the perceptions of the
system validity. By applying alternative data sources, if practically feasible, it
would be possible to implement more advanced analysis of social networks and,
thus, prevent recommending already known people.

6.2.2. Homophily bias
Even though the participants of the experiment were unaware of the similarity dis-
tance groups, the quantitative ratings of recommendations indeed demonstrated
the tendency of researchers preferring most similar people. Only a few par-
ticipants assessed recommendations with high distances as exciting, surprising
and worthy of exploration for potential follow-up. At the same time, the qual-
itative feedback provides evidence of aspects in a research collaboration that
require access to both similar and different others. In the following, we discuss
two possible reasons behind the apparent homophily bias, also related to the
methodological validity of the study:
(i) The evaluation was largely based on first impression. Studies on the cogni-

tive processes of choice (Kahneman 2003; Stanovich and West 2000) distinguish
between two modes influencing humans’ decision-making – so-called ‘system
1’ (effortless, intuition-based judgment) and ‘system 2’ (rational and reasoning-
based). In our experimental setup, it seems that most of the participants were
primarily relying on their intuition and did not engage in more rational or
reflective reasoning in their evaluation. Therefore, the first impression about
recommendations was likely driven by the homophily bias, thus explaining the
numerical evaluations. At the same time, after rationalizing the matter during the
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interview, and reflecting with specific practical collaboration scenarios, the partic-
ipants started appreciating different types of diversity between themselves and the
evaluated person. As for considerations for design, this finding calls for user inter-
faces that support reflection and multi-dimensional analysis of the collaboration
potential with a given recommendation. The current norm in recommender sys-
tems and leisurely social matching is based on hastiness: using simplistic profiles
and simple mechanisms for selecting or discarding recommendations. We argue
that such UI and interaction mechanisms do not fit with the goal of identifying
optimal academic collaborators.
(ii) Lacking a timely need for collaboration. At the moment of the experiment,

all of the participants were involved in research projects where the consortium
was already built, and they did not report having any urgent needs or require-
ments for finding new collaborators. Therefore, the estimation of relevance was
mostly formed according to their general picture of an ideal collaborator. Nev-
ertheless, the majority emphasized the occasional need to utilize such people
recommender systems for research networking and collaboration. This raises two
design considerations. First, this calls for user interfaces that support keeping
track of different types of collaboration needs in the often so scattered work of
academics; most simply, the user could be reminded about their different profes-
sional activities upon receiving a recommendation. Second, this calls for context
awareness (Mayer et al. 2015b) in timing the recommendation. For example,
rather than having separate services for professional matching, the recommenda-
tions could be tied to services that academics typically use to seek for suitable
collaborators.

7. Conclusions

We evaluated scholars’ perceptions of relevance about potential collaborators
representing different levels of similarity, utilizing a bibliography-based people
recommender system. We operationalized the concept of perceived relevance,
familiarity, similarity and willingness to interact within the context of evalu-
ating prospective collaboration. By showing how these variables match with
system-defined similarity in bibliography data, we revealed the asymmetry of
scholars’ intuition-based evaluation and their intentions. The quantitative results
demonstrated the effects of homophily bias (preference of most similar others)
to perceived relevance, while qualitative findings identify important factors for
collaboration that naturally require connection with people of complementary
expertise. Compared to the evaluation methods used in item recommenders, the
findings demonstrate that people recommender systems require more advanced
models and logics that go beyond predicting ties or optimizing for accuracy.
From cognitive psychology perspective, assessment of potential partnering with
recommended people is a complicated task that should not rely only on the
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first impression. Considering the long-term and reciprocal nature of professional
collaboration, social matching of scholars calls for domain-specific solutions.

Acknowledgments

This work was conducted under Business Finland project Big Match
(3166/31/2017 and 3074/31/2017). We owe special gratitude to Tuomas Kaittola
for the implementation of the system. We thank all the members of the project
who contributed to the design of the experiment.

Notes

1 DBLP database – http://dblp.org/statistics/recordsindblp.html
2 TF-IDF is a numerical statistic that is intended to reflect the importance of a

word to a document in a collection or corpus.
3 Cosine distance is a measure of angular similarity between two non-zero vec-

tors of an inner product space that measures the cosine of the angle between
them.

4 The DBLP dataset (2.0 G) can be downloaded from the official website –
https://dblp.uni-trier.de/xml/

5 XML.SAX package provides a number of modules which implement the Sim-
ple API for XML (SAX) interface for Python – https://docs.python.org/2/
library/xml.sax.html

6 The Natural Language Toolkit (NLTK) is a Python-based suite of libraries and
programs for symbolic and statistical natural language processing. Official
NLTK website – http://www.nltk.org

7 Scikit-learn is a tool for data mining and data analysis in Python – http://
scikitlearn.org/stable/about.html

8 Firebase is a mobile and web application development platform which
operates on Google infrastructure – https://firebase.google.com/

9 Tableau – a data analytics and visualization tool – https://www.tableau.com
10 An open-source integrated development environment for R, a programming

language for statistical computing and graphics – https://www.rstudio.com
11 Agricolae documentation – https://www.rdocumentation.org/packages/

agricolae/versions/1.2-8
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Social recommender systems, such as “Who to follow” on Twitter, utilize approaches that recommend friends of a friend or
interest-wise similar people. Such algorithmic approaches have been criticized for resulting in filter bubbles and echo chambers,
calling for diversity-enhancing recommendation strategies. Consequently, this article proposes a social diversification strategy for
recommending potentially relevant people based on three structural positions in egocentric networks: dormant ties, mentions of
mentions, and community membership. In addition to describing our analytical approach, we report an experiment with 39
Twitter users who evaluated 72 recommendations from each proposed network structural position altogether.(e users were able
to identify relevant connections from all recommendation groups. Yet, perceived familiarity had a strong effect on perceptions of
relevance and willingness to follow-up on the recommendations. (e proposed strategy contributes to the design of a people
recommender system, which exposes users to diverse recommendations and facilitates new social ties in online social networks. In
addition, we advance user-centered evaluation methods by proposing measures for subjective perceptions of
people recommendations.

1. Introduction

Social media and social networking services such as Twitter
are widely used in professional cooperation within and
across organizations, helping to gain new insights and share
knowledge. (e functionality of recommending new con-
nections is essential for expanding the social network and
introducing new professional ties. Such people recommender
systems represent the areas of social computing and social
matching [1], which are argued to require careful design of
the algorithmic principles [2]. (us, people recommenders
aim at influencing followership by suggesting seemingly
suitable others based on user modeling and predictive
analytics.

(e majority of existing approaches tend to support
homophily bias [3]—a tendency of preferring others with
similar characteristics as oneself, focusing on similarities in

user-created content [4]. Another commonly used principle
is the triadic closure [5] in the followership networks [6] that
focuses on friend-of-a-friend connections. Furthermore, the
“Who to follow” feature on Twitter has been found to favor
already popular users and promote uni-directional network
connections [7]. A recently much-discussed concern is that
network-based algorithms on social media can lead to echo
chambers and perpetuate social polarization [8] because they
are efficient in reproducing existing connections but limited
in developing new ones. (erefore, introducing new social
ties is likely to be based on similarity or close social vicinity
of the active user.

Consequently, an important goal has been set to increase
diversity in the recommendations [9, 10], potentially de-
creasing human and algorithmic biases [11]. Our work
highlights this goal toward diversification and heterogeneity,
especially in the professional networking context where
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diversity is seen as a key driver for fruitful collaboration [2].
Diversifying people recommendations can enable unex-
pected yet valuable social encounters [12], which require
alternative recommendation strategies to identify relevant
people in the vast and complex Twitter network. Traditional
recommender systems research seeks to optimize algorith-
mic accuracy and effectiveness [13, 14], creating algorithms
that can reproduce actors’ current behavior as accurately as
possible [15] rather than aiming at increasing diversity. In
turn, focusing on accuracy results in a lack of user-centered
research addressing the intricacies of recommendation
strategies regarding the desirable degree and types of di-
versity exposure. To this end, understanding the users’
subjective perceptions of the relevance of given diversity-
oriented people recommendations is crucial.

An ongoing merger of three nearby universities provided
an opportune case study for exploring a new social matching
strategy on Twitter. (is merger raised a need to enable
cross-sectoral collaboration between scholars and stake-
holders within the new university community [16]. Prior
research suggests that bridging polarized intellectual com-
munities and increasing social awareness contributes to
developing creativity and innovation capabilities [17]. (e
pool of Twitter users following one of the to-be-merged
universities represents an implicit community of interest in
research and innovation with various backgrounds, disci-
plines, and areas of life at a specific locality. To make this
community explicit, we address the untapped potential for
professional social matching by introducing new connec-
tions with a diversification strategy that subscribes to the
principle of balancing between similarity and diversity
[2, 18]. Specifically, we vary degrees of diversity in the social
network structures while at the same time seeking shared
interests and topics by measuring the similarity of the
produced content.

To apply and evaluate the recommendation strategy in
practice, we collected tweets and followership data on more
than 12,000 actors who follow the Twitter account of at least
one of the three universities. To remedy isolated social
groups on Twitter, we suggest reshaping the social network
structures rather than exposing the users to more diverse
content. In contrast to prior research, which typically an-
alyzes only followership ties [19], we also use mention-based
social networks since mentions are stronger interaction
indicators between actors. Such an approach allows for
identifying three topology-based structural positions in the
active user’s egocentric network [20]—Dormant ties, Men-
tion-of-Mention, and Community membership. While pre-
vious research touched on three structural network positions
[21], in this paper, we provide their extended definition and
description of the analysis procedure and present empirical
findings of an online user experiment on subjective per-
ceptions of the produced recommendations.

To empirically study the proposed diversification
strategy, we set the following research question: How do
recommendations based on the proposed structural positions
associate with the subjective users’ perceptions of the relevance
and willingness to follow-up? Unaware of the different rec-
ommendation groups, 39 voluntary Twitter users in the

target community evaluated a total of 288 recommendations
(72 from each proposed structural position and one baseline
group). (e analysis shows that the proposed structural
positions can help introduce diversity exposure in different
ways: remind about forgotten ties, motivate to connect with
new people, and help enter latent communities. (us, the
paper contributes to interdisciplinary research on social and
people recommender systems by proposing a nonconven-
tional perspective for diversifying the pool of people rec-
ommendations and, prospectively, making online social
networks more heterogeneous.

2. Related Work

We first outline existing conceptualizations of diversity and
similarity within the context of interpersonal relationships
and social matching. Next, we outline the existing people
recommendation approaches and diversity-enhancing
mechanisms on Twitter. Finally, we review research on user-
centered evaluation of recommender systems.

2.1. Optimizing for Diversity or Similarity. Concepts of
similarity and diversity are two essential polarities in social
participation. Driven by the natural tendency of humans to
prefer similar others [22], homogeneity is preferable when
establishing trustworthy and coherent relationships [23]. At
the same time, diversity is vital for productive and inno-
vative collaboration [24]. Prior research has studied the
perceived diversity of social relationships [25] and explored
how diversity dimensions (e.g., cognitive, physiological, and
demographic differences) are addressed in Human-Com-
puter Interaction research [26]. User-centric recommender
systems research is interested in diversity as a design goal to
overcome algorithmic biases [11, 27] and drawbacks of
personalization in information filtering [28, 29]. (e com-
mon conceptual aspect across prior literature is that diversity
is seen as the opposite of similarity [30] and has been de-
fined, for instance, as average dissimilarity [31], distribu-
tional inequality [32], and nonredundancy [33]. (erefore,
diversity can be interpreted as a perceived difference or
measurable distance between all recommendations pre-
sented to the user.

While both similarity and diversity can be substantial,
optimizing for either of them has been criticized [10]. For
instance, social recommendations built on the principle of
similarity might strengthen existing communities but can
also lead to social polarization and echo chambers [34],
hampering information flow, innovation, and creativity [35].
Extreme diversity among community members can nega-
tively affect, for example, knowledge sharing and decision-
making [36], resulting in conflicts, especially in the case of
surface-level social and cultural differences (e.g., demo-
graphic qualities). (us, researchers have investigated how
to overcome or decrease the impact of the abovementioned
adverse effects. For instance, it has been found that actors
should share common ground in terms of background
qualities, values, or goals to establish fruitful relationships
[37]. At the same time, professional roles, capabilities, and
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skills should vary [38]. Rajagopal et al. [39] suggest that
matching people based on dissimilarities of attitude or
opinion toward the topic of interest results in better learning
experiences compared to similarity-maximizing recom-
mendation approaches. Geared toward diversity-enhancing
approaches in the social matching of scholars, researchers
have proposed recommending not only very similar others
but also somewhat similar and different people to extend the
social circles [13].

In this study, we focus on the so-called diversity ex-
posure [10] that refers to “the content that the audience
actually selects, as opposed to all the content that is avail-
able.” Diversity exposure is associated with studies on
detecting expertise and opinions online to extend personal
autonomy (individuals’ choices) and overcome echo
chambers [40] for more informed rather than polarized
opinions. We contribute to the research on diversity ex-
posure by introducing a strategy that exposes Twitter users
to the diversity in their social networks. Driven by the idea
that fruitful relationships benefit from both shared interest
and diversity, we conduct an experiment controlling for
similarity and focusing on the effects of social diversity.
While the concepts of diversity and similarity are well
studied regarding cognitive qualities, personality, and de-
mographics, their manifestation on social networks remains
understudied. Considering that social structure encapsulates
various human biases, our approach aims to decrease their
impact by enhancing diversity in the composition of indi-
viduals’ social networks.

2.2. Approaches to People Recommendations.
Epistemologically, Twitter-based people recommendation
approaches utilize user modeling based on data retrieved
from basic features of the platform: “follow,” “tweet,”
“mention,” and “retweet” [19]. Accordingly, content-based
approaches focus on analyzing textual content, such as
tweets and retweets, while network-based approaches ex-
amine followership and mentions relationships. Table 1
provides an overview of existing approaches for recom-
mending people on Twitter.

(emost conventional approach identifies similarities in
users’ topics of interest content-wise and shared audience in
social networks. In addition to similarity-based approaches
[41], the number of followers and followees in a user profile
can be used for producing recommendations based on the
“popularity” dimension [42]. Recommendations can also be
based on users’ activities such as tweeting, mentioning, and
retweeting [43]. For example, depending on the social
matching scenario, the most popular and active users might
be prioritized or omitted from the list of recommendations.

Since traditional recommendation approaches have been
criticized for fostering human and algorithmic biases [45],
recommender systems research has recently explored dif-
ferent approaches for diversification. In the context of
people recommendations, these approaches fall into two
categories. (e first relates to the diversity of features—the
most conventional approach that focuses on deriving
multiple user features, that is, explicit or implicit

characteristics such as interests, social network, affiliation,
and others. For example, Yuan et al. [46] proposed
extracting contextual features such as mobility and activity
for people recommendations on Twitter. Guimarães et al.
[47] proposed an extension of users’ features by simulta-
neously utilizing content-based, collaboration-based, and
user-based information, thus increasing user modeling ac-
curacy and the effectiveness of people recommendations.

(e second category relates to the diversity of analytical
procedures—utilizing hybrid analysis techniques for filtering
the recommendation pool. A representative example of this
approach complements identifying the content similarity
with sentiment analysis to create emotion-based recom-
mendations for matching Twitter users with shared topics
and similar [48] or different [49] emotional attitudes toward
them. Jacovi et al. [50] argued for mining person and content
interest relationships to complement existing approaches
based on similarity and familiarity. According to the au-
thors, merely being similar or familiar with a person does
not imply directional interest, yet it is essential for estab-
lishing new ties. We also contribute to the diversity of
analytical procedures by combining different analyses for
social tie identification accompanied by retrieving the topic
similarity from the content of users’ tweets. In addition, we
consider contextuality through boundary specification for
the recommendation pool: geographically bounded shared
interests serve as a common ground across members with
inherent internal diversity of expertise sectors.

From the perspective of social networks, people rec-
ommendation approaches are limited to the analysis of
followership networks and typically utilize triadic closure
principles [19]. Smith et al. [51] argued that the nature and
topology of networks on Twitter are underutilized, and
conventional filtering or recommendation algorithms are
trapping users to homogeneous content and social con-
nections. Following the call for diversifying social network
structures, Sanz-Cruzado and Castells [52] proposed rec-
ommending weak ties derived from dynamic interactive
networks (e.g., based on retweets or mentions) of Twitter
users. However, their evaluation study is based purely on
comparing generated recommendations for forming con-
nections in real life. Importantly, they do not ask users about
their perceptions of the recommendations. Although we
firmly subscribe to the overall goal of Sanz-Cruzado and
Castells’ work, we approach the network-based recom-
mendation mechanisms and the evaluation procedure dif-
ferently. We propose utilizing both followership networks to
identify weak ties and mention-based networks to reveal
interaction-driven weak and tacit connections. Aiming at
user-centered evaluations beyond the accuracy [15], we also
measure subjective perceptions of recommendations from
different structural network positions.

2.3. User-Centric Evaluation of Recommender Systems.
Recommender systems traditionally utilize system-centric
evaluation methods and rarely assess the quality of rec-
ommendations with user-centric experiments [15, 53].
System-centric methods algorithmically simulate the
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accuracy by comparing the estimated opinions regarding the
value of recommendations with pre-built ground truth
datasets [54]. User-centric evaluation collects opinions and
observes behavior during the interaction with the recom-
mender system [55]. Prior research suggests that system-
and user-centric measures could lead to contradictory re-
sults [56]: recommendations that the system estimate to be
relevant may not be perceived the same way by the user.
(erefore, the need for operationalizing subjective measures
to evaluate recommendations’ quality has been raised [13].

Nevertheless, the research on defining and applying
subjective evaluation measures in practice remains scarce.
Existing research primarily focuses on assessing the system’s
objective aspects, such as interaction effort and efficacy [56].
(e measures that aim to reveal users’ attitudes regarding
recommendations are mainly driven by the idea of evalu-
ating trust toward the system and its functional effectiveness.
For instance, measures such as perceived accuracy [55] and
familiarity [57] were proposed assuming that recommen-
dations that best match the user’s interests and are perceived
as familiar increase the trust toward the system and imply
efficiency. (e subjective measures of novelty and diversity
are driven by the goal of revealing the users’ satisfaction
[58, 59]: the novel and diverse recommendations can in-
crease the subjectively perceived usefulness.

In summary, existing evaluation measures have been
proven suitable for item recommenders (suggestions on
products and content). However, as objects of recommen-
dations, people represent more complex quality criteria that
can affect decision-making regarding evaluating their value.
Considering social matching scenarios for professional so-
cial networking, the subjective perceptions on recommen-
dation relevance can be influenced by a particular need for
partnering. (is calls for context-specific operationalization
of evaluation metrics [2]. Besides, there are no established
measures for subjective perceptions of the people recom-
mendation to our best knowledge. (is paper proposes
evaluating the relevance of recommendations from two
perspectives—the value of recommended people for pro-
fessional activities and their topics’ usefulness. In addition,
we operationalize measures for evaluating low- and high-
cost follow-up activities.

3. Exploring and Defining Structural
Network Positions

Our overall matching strategy is to introduce people who
share similar interests based on the tweets’ content (e.g.,

shared scientific interests) but have only an indirect or in-
active connection in the social network. (us, by controlling
content similarity, we can compare subjective perceptions of
recommendations based on the different structural positions
defined as follows:

(i) Dormant tie (Dorm)—reintroducing existing fol-
lowee with whom user did not have any explicit
interactions; as a recommendation mechanism, this
could remind about possibly ignored or forgotten
ties [60];

(ii) Mentions-of-Mentions (MoM)—a friend-of-a-friend
type of a connection [61] in the mention network; in
contrast to typical followership networks, the
mention network is based on more explicit
interactions;

(iii) Community membership (Com)—a user identified
to belong to the same community cluster [62]; this
could introduce new people in a computationally
identified network cluster with no explicit follow-
ership and mention-based ties;

(iv) 1e rest of the population (Rest) as a baseline
condition—all the other users who follow at least
one of the institutional accounts, considered as the
most random source of recommendations.

In the following, we describe the procedure for exploring
and defining the three structural positions as potential
recommendation strategy, including details on data col-
lection, data processing, and analysis methods.

3.1. Data Source, Cleaning, and Preprocessing. We used the
official Twitter API to collect followers of to-be-merged
universities and their recent tweets (See Figure 1, step 1).(e
raw Twitter data were stored on a MongoDB database
(https://www.mongodb.com/), a flexible data model that
allows development without a predefined data schema. (e
system is implemented in Python, and we use the PyMongo
package (https://pypi.org/project/pymongo/) to set up a
communication channel with a MongoDB database. We
collected tweets and followership data using separate
modules for each task, respectively, “GetTweets” and
“GetFollowers.” (e preprocessing phase takes care of the
tweet text cleaning task (See Figure 1, step 2) in three stages:
(1) converting letters to lowercase, (2) removing the English
stop words, and (3) removing the nonletter characters and
URLs. Since we aimed to generate person-to-person rec-
ommendations, preprocessing also consisted of manually

Table 1: Overview of typical recommendation approaches.

Approach Type of recommended users
Similarity [41] Users who share interests (tweet content) or audience (network)

Triadic closure [6, 19] If A & B both follow C, recommend A to B (or vice versa); if A follows both B & C, recommend B to C; if A
follows B and B follows C, recommend C to A

Popularity [42, 43] Users who have many followers or followees
Activity [43] Users who frequently tweet, mention, retweet, etc.
Reciprocity [44] One’s followers
Activity & followership
[44] Users whose tweets are retweeted by followees of the target user
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filtering out the organizational accounts (e.g., Twitter pro-
files of local companies). Next, we generatedmodels of target
users (See Figure 1, step 3) by collecting the statistical in-
formation regarding followers of universities’ accounts,
including the total number of user’s tweets, the number of
languages in use, and the number of tweets in each language.
An index is created for each user in the database. (e text
corpus from all the cleaned tweets of a user is collected as the
corpus profile (“corp_profile”).

We selected users who follow at least one of the selected
four university-related Twitter accounts in Tampere, Fin-
land. For each follower, we collected their 500 most recent
tweets. (e collected dataset consisted of 12,809 distinct
followers and 3,523,397 tweets. (e content analysis could
only be done within one language corpus because of a lack of
analysis procedures supporting the local language. (ere-
fore, we excluded Twitter profiles that contain less than 50
English tweets (out of the most recent 500) from the analysis
and the pool of potential recommendations. It is noteworthy
that English is actively and proficiently used by most of the
users in the dataset. Tweet language distribution is as fol-
lows: 58.70% are Finnish, 31.06% are English, and 10.24% are
other languages. As a result, the final dataset comprises 4,474
users and 933,785 English tweets.

3.2. Social Network and Content Analyses. (e data analysis
(See Figure 1, step 4) comprises building mention-based and
egocentric followership networks for detecting structural

network positions and content analysis to obtain cosine dis-
tances for measuring the content similarity. To identify
structural network positions (See Figure 1, step 5), we utilized
the NetworkX Python package (https://networkx.github.io).
NetworkX allows to model, manipulate, and analyze the
structure of networks by specifying nodes and edges between
them. In our use case, the nodes represent distinct actors in the
Twitter network, and the edges illustrate the relationships
between them. We created a directed mention network from
the collected dataset. We used the mention network to identify
the MoM and Com groups. (e Mentions-of-mentions group
follows the triadic closure principle—if user A directly men-
tions user C and B, then C would be recommended to B and
vice versa. For the Community membership, we utilized the
Louvain Modularity algorithm [63] directly in the mention-
based network to detect groups of strongly related users
without an explicit connection.(eDorm structural position is
identified by utilizing the followership network populated
directly from the Twitter API. An edge connecting two nodes in
the followership network represents an existing followership
link between two users on the platform. We identify the Dorm
structural positions by utilizing both the mention and the
followership networks.

For the experiment stage, we set the requirement for
users to have at least three potential recommendations per
each structural network position and apply the filter ac-
cordingly (See Figure 1, step 6).

We run the content-based similarity analysis utilizing
the unsupervised topic modeling technique Latent Dirichlet

1. DATA SOURCE
Twitter API

GetTweets Module GetFollowers Module

PyMongo

MongoDB

2. DATA PRE-PROCESSING

3. GENERATE TARGET USERS MODEL

“_id”: ObjectID(”59f70a1e0366e”),
 “name”: “User Name”,
 “screen_name”: “Screen Name”,
 “id”: 14094651,
 “tweet_lan_stats”:{

 “en”: 136,
 “id”: 2,
 “hr”: 1,
 “ti”: 1

},
“twet_num”:500,
“twet_lan_num”:4,
“corp_profile”:[

 “application”,
 “postdocsession”,
 ...
 “api”,
 “economy”,

 ]
 }

Twitter User N

IN
PU

T Build Mention-based 
Network

Build Followership
Network

4. DATA ANALYSIS

6. FILTER USERS WITH AT LEAST 3
POTENTIAL RECOMMENDATIONS

User N
Dorm

5. IDENTIFYING STRUCTURAL NETWORK POSITIONS

(DORM) Detecting Dormant Ties For User N

(MOM) Detecting Mention-of-Mentions
Ties For User N

Followership link exists

Mention link does not exist

Mention link does not exists

Mention link exists
(COM) Detecting Community-based Ties for User N

7. SORT USERS ACCORDING TO
COSINE DISTANCES

8. PICK 3 MOST SIMILAR POTENTIAL
RECOMMENDATIONS AND GENERATE
RECOMMENDATION SETS FOR USER N

Set 1

Set 2

Community identified with Modularity algorithm

(REST) Detecting �e Rest Potential Ties for
User N, not belonging to Drom, MoM, Com groups

Target User
Followee of the Target User
Potential Recommendation

Run LDA-based content analysis
and calculate cosine distances

Mom Com Rest
Rec1
Rec2 
Rec3

Rec1
Rec2 
Rec3

Rec1
Rec2 
Rec3

Rec1
Rec2 
Rec3

Set 3

@Rec1
Dorm

@Rec2
MoM

@Rec3
Com

@Rec4
Rest

@Rec1
Dorm

@Rec2
MoM

@Rec3
Com

@Rec4
Rest

@Rec1
Dorm

@Rec2
MoM

@Rec3
Com

@Rec4
Rest

Figure 1: Visual representation of the data collection, analysis procedure, and recommendation approach.
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Allocation (LDA) [64]. Each topic in the LDA model is
constructed with a multinomial probability distribution of
words. Given a document, in our case, a user’s corpus profile,
the LDAmodel can calculate the probabilities of being in each
topic of the document. (us, a vector of LDA topic rep-
resentation for each document can be generated, where a
given number of topics Z within a corpus comprises doc-
uments t. In our case, one document consists of a set of
tweets per user. LDA defines each topic over a set of n-grams
w. Accordingly, the process can be formulated as follows:

P(w|t) � 
Z

z�1
P(w|z)P(z|t). (1)

Next, we use cosine distance to measure the similarity
between two users as each of them has its own LDA topic
vector. (e lower the cosine distance value, the higher the
similarity. (e cosine distance is a similarity measure metric
between two nonzero vectors. Given two vectors u and v, the
cosine distance between them is calculated as follows:

sim(u, v) �
uTv

‖u‖ · ‖v‖
. (2)

(erefore, content analysis (LDA+Cosine distance)
allows sorting the recommendations within each group of
structural positions from the most to least similar in relation
to the target user (See Figure 1, step 7). Next, for each
follower of the target university accounts, the top three
content-wise similar users were identified within each
structural position group (See Figure 1, step 8). (us, all the
given recommendations for each eligible participant have a
maximum degree of similarity but belong to different
structural positions. Finally, three sets of recommendations
are generated for each identified eligible participant (See
Figure 1, step 8). Each set consists of four recommendations:
one from each of the studied structural network positions
and the baseline group (Rest).

4. Experiment Design

(e objective comparison of the number of possible rec-
ommendations from each group of structural positions per
participant demonstrated an insignificant overlap (see Ta-
ble 2). (e numbers vary between users, depending on the
number of followees and activity on Twitter (see examples in
Figure 2). We aimed to provide a minimum of four and a
maximum of twelve recommendations for each participant
(1–3 from each group), which introduced the requirement
for eligible respondents to have at least three other Twitter
users in each structural position. 574 users out of the 4,474
met this requirement. Evaluating one set (4 recommenda-
tions) was mandatory for each participant, and the other two
sets of four recommendations were voluntary. By providing
up to three sets of recommendations for each participant, we
wanted to achieve a higher number of evaluations per each
structural network position. Some respondents evaluated all
three sets of recommendations (12 in total), some only one
or two sets (4 or 8 in total). (is procedure resulted in

subjective perceptions on 72 recommendations from each
structural network position to compare them statistically.

4.1. Procedure. (e evaluation of the proposed structural
network positions was carried out with two online surveys
deployed on Google Forms: (1) a background questionnaire
querying about demographics and the participation consent;
(2) a survey with a personalized list of four other Twitter
users (See Figure 3) and a set of questions to evaluate the
recommendation. We chose to use Google Forms because it
allows scripting-based automation to generate personalized
surveys with tailored lists of recommendations.

(e respondents were given no information about the
types of structural network positions or why these indi-
viduals were particularly recommended to them. (e order
of recommendations was randomized within each set. (e
evaluation survey measured several subjective constructs,
including perceived familiarity and perceived relevance of
the recommendations and one’s willingness to follow-up on
them. No existing subjective measurements for perceived
relevance could be found in literature, particularly for people
recommendations. (erefore, the statements were oper-
ationalized based on the authors’ personal experiences and
insights on academic collaboration and user experience
evaluation. Initially, over 20 candidate items were iteratively

Table 2: 26 potential recommendations from the Dorm group, 483
from MoM, and 1,246 from Com for an average targeted Twitter
user. Intersections of each group are insignificant, meaning rec-
ommendation pools are mutually exclusive.

Dorm MoM Com Rest
Dorm 26.92
MoM 10.66 483.03
Com 0.02 0.004 1,246.23
Rest 0 0 0 8,303.3
Bold values indicate average sizes of recommendation pool from each
structural network position.

User 1
Followers: 150
Followees: 552

User 2
Followers: 3,686
Followees: 3,423

User 3
Followers: 65,300
Followees: 65,200

2,603

510

277

33
8
5

2,583

1,560

616
81

55 173
86

642 55 892
12

217115

2,614

Com

Dorm
MoM

Figure 2: (e sizes of recommendation pools and intersections per
each structural network position for three example users with different
numbers of followers and followees. (e size of the Dorm group is
most directly related to the number of followers/followees, while the
size of MoM is affected more by activity in terms of mentions.
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assessed and refined within the project team and close
colleagues, resulting in 13 items used in the survey. Per-
ceived familiarity was measured using a 5-point Likert scale:
Very unfamiliar (1)–Very familiar (5). All other items were
measured using a 7-point Likert scale: Strongly Disagree (1)–
Strongly Agree (7). In addition, open-ended questions in-
quired about the overall impressions about the recom-
mended person and the respondent’s reasoning behind the
evaluations.

4.2. Recruitment and Respondents. We subscribed to the
importance of research integrity and followed the policies
provided by the National Ethical Committee in Finland.
Accordingly, a study does not require an ethical review if it
includes informed consent and does not involve any of the
following: underage subjects, exposure to strong stimuli,
potential long-term mental distress, or intervention with the
physical integrity of participants. (e study was identified as
low-risk and, hence, did not require an ethical review. (e
participants were provided with a consent form that in-
cluded a link to a detailed ethics disclaimer explaining the
integrity and data management principles.

We invited eligible participants over e-mail. (e targeted
participants’ contact information was publicly available on
their Twitter profiles, and anyone could access it. (e in-
vitation consisted of a short description of the study, in-
cluding links to the Background and Consent survey and a
detailed ethics disclaimer. As an incentive for participation,
we organized a raffle of Amazon vouchers. Out of the 574
eligible respondents, 68 signed up, and 39 participated in the
experiment. (ey evaluated 288 recommendations in
total—72 recommendations per each structural network
position. (e sample includes 19 male and 19 female Twitter
users (one unspecified), all but one being Finnish and
residents of Finland. (e ages vary from Min 24 to Max 63,
with an average of 43.9 and a median of 45. (e majority
(N� 29) of respondents are full-time workers, mainly uni-
versity researchers. However, many other knowledge work
professions are included, such as lecturers, entrepreneurs,

community managers, coordinators, and project managers.
(e number of followers per respondent varies between 150
and 65,300, the average being 2,994 and the median 762.(e
number of followees varies from 311 to a maximum of
65,200, with an average of 3,289 and a median of 1254. (is
indicates that the respondents, on average, are active Twitter
users with an extensive number of connections.

Along with the background information, we queried the
respondents’ typical behavior and attitudes to professional social
networking with 7-point Likert statements (See Figure 4). On
average, the respondents frequently network with other people,
maintain their networks, and are typically careful in choosing
with whom to network. From a professional perspective, their
occupation typically requires intensive collaboration. Being
successful in their work depends on established social ties, and
they use Twitter to support their professional networks. (is
implies that social networking is an essential element in their
professional lives. (e majority also indicated that they mostly
interact with like-minded people at work.

(e participants were provided with a consent form that
included a link to a detailed ethics disclaimer explaining the
integrity and data management principles.

4.3. Survey Data Analysis. (e collected responses were
imported to SPSS for statistical analysis, addressing two
objectives. First, we tested if the proposed structural posi-
tions are perceived to be different from each other and could
thus serve as alternative analytical mechanisms. (e eval-
uation has a thrice-repeated within-subjects design with four
categorical data points per respondent. As the collected data
are ordinal, we utilized a nonparametric Friedman test with
Bonferroni corrected pairwise comparison to measure sta-
tistical differences. (e input data for the Friedman test was
in a rank format, where rank represents the frequency of
each Likert scale value per evaluation statement. (e second
objective was to identify correlations among experimental
variables. We were particularly interested in revealing
whether perceived familiarity or attitude toward social and
professional networking correlate with perceived relevance

Survey about potential connections on Twitter

Dear participant,

Below you can see a personalized list of potential valuable connections. First, take a look at all the profiles.
When you are ready to give your opinion on each of them, please proceed to the next section. Feel free to
make notes while getting familiar with their profiles. At the end of the survey, we will ask you which one of 
them was the most interesting to you.

Recommendation 1 First and Last Name
http://www.twitter.com/rec1_twitter_name

Recommendation 2 First and Last Name
http://www.twitter.com/rec2_twitter_name

Recommendation 3 First and Last Name
http://www.twitter.com/rec3_twitter_name

Recommendation 4 First and Last Name
http://www.twitter.com/rec4_twitter_name

Figure 3: Anonymized representation of the first set of recommendations in a survey deployed on Google forms.
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and willingness to follow-up on the recommendation. We
utilized a nonparametric bi-variate Spearman correlation
test as the collected data are ordinal (Likert scale).

5. Findings

We first provide results on objective measurements of
similarity and respondents’ perceived familiarity with rec-
ommended Twitter users, followed by subjective perceptions
regarding the relevance of the recommendations. Next, we
describe the respondents’ readiness to engage in follow-up
activities with the recommended people. Finally, we report
bivariate correlation tests on associations between various
variables, which provide additional insights and future re-
search directions. In all the subsections, we first report
statistical results and continue to present related qualitative
findings.

5.1. Objective Measures of Similarity. (e respondents were
unaware of the cosine distances (similarity measures) to
avoid biased evaluations of recommendations based on the
structural network positions. We aimed to pick recom-
mendations with as equal cosine distances as possible (i.e.,
smallest possible variance in terms of content similarity).
However, the measures are personal for each respondent and
depend on the size of the recommendation pool. Since the
Com and Rest recommendation pool sizes are larger, there is
a higher probability of having potential recommendations
with a smaller cosine distance (See Figure 5(a)). (e rec-
ommendation pool of Dorm and MoM is significantly
smaller, and therefore, on average, the distance is higher.

(e scatterplot of respondents’ scores given to recom-
mendations over the cosine distance values demonstrates a
somewhat random distribution, indicating no dependencies
between them (See Figure 5(b)). A correlation test further
supports this fact in Section 5.5. (erefore, we argue that the
slight variance in content similarity does not prevent
comparing different structural position groups.

5.2. Differences in Perceived Familiarity across the Structural
Positions. (e descriptive statistics results confirm that
the most familiar recommendations belong to the Dorm
group (See Figure 6). 44% of the recommendations from
the Dorm structural network position fall into the cate-
gory of either familiar or very familiar, 18% are somewhat
familiar, and the remaining 38% are either unfamiliar or
very unfamiliar. (e other three structural groups pri-
marily consist of unfamiliar people, with few outliers. In
the MoM group, 71% of the recommended Twitter users
were regarded as unfamiliar, 14% were considered fa-
miliar, and 15% somewhat familiar. (e recommenda-
tions from Com and Rest groups have almost similar
proportions of unfamiliar people—94% and 91%, re-
spectively. (e Friedman test indicated a statistically
significant variation in respondents’ ratings of perceived
familiarity across different structural positions. (e
pairwise comparison identified substantial differences in
the evaluations of the Dorm group versus other groups.

As expected, in the open-ended questions, many re-
spondents stated that they already follow many of the
recommended Twitter profiles that belong to the Dorm
group. Although the respondents might be aware of the
recommended person, the analysis of the social network
structures revealed a lack of explicit interactions between
them. (e feedback in open-ended questions also sup-
ported the cases of users being unfamiliar with their
followees. A relatively large number of unfamiliar fol-
lowees in the Dorm group could imply that followership
indeed is a weak indicator of actual social relationship and
familiarity. As the act of following is typically a low-cost
action, it might be even hard to keep track of andmaintain
their connections, especially when the number exceeds a
thousand:

(Dorm) “1is person has very versatile tweets and retweets.
[. . .] I already follow her, but I did not remember that.”
(R25, Staff Scientist; 1,139 followers, 1,472 followees)

Score Distribution, %

I frequently network with new people

I carefully choose with whom to network

I actively keep in touch with my existing connections

My occupation requires that i actively collaborate with others

In my occupation, I mainly interact with likeminded pepole

Being successful in my profession depends on the social connections I have 

I use Twitter to support my professional networking

Statement 100 20 30 40 50 60 70 80 90 100

6

5

5

6

5

6

6

6

(1) Strongly Disagree
(2) Disagree
(3) Somewhat Disagree
(4) Neutral

(5) Somewhat Agree
(6) Agree
(7) Strongly Agree
Median Score

Figure 4: Overview of respondents’ self-reported behavior regarding social and professional networking.

8 Advances in Human-Computer Interaction



While the Twitter user interface allows seeing follow-
ership relationships, it is more challenging for users to reveal
connections based on mentions or especially mentions-of-
mentions. Only a few respondents recognized that they have
a bridging tie with the recommendations from the MoM
group. For instance, one noticed that they have a shared
professional connection with the recommended person:

(MoM) “1e person and her tweets are really interesting for
me. She is perhaps the only one of the groups I find likely to
contact and discuss future research collaboration. [. . .]
Profile appears approachable, and she has been apparently
already collaborating with some people I know.” (R1,
Principal Research Scientist; 2,566 followers, 3,120
followees)

Being unaware of different structural network posi-
tions, the respondents were positively surprised by re-
ceiving many unfamiliar and diverse recommendations.
In what follows, the findings demonstrate that being
familiar with a person seems to increase the perception of
relevance and willingness to follow-up on
recommendations.

5.3. Differences in Perceived Relevance across the Structural
Positions. (e respondents’ subjective perceptions of rec-
ommendations provided additional confirmation of the
distinct nature of the three proposed structural positions.
(ere is an apparent prevalence of positive attitude toward
recommendations from the Dorm and MoM groups in the
evaluations of both content relevance and professional
relevance (See Figure 7). (e Dorm group is perceived as the
most favorable, while in the evaluations of content relevance,
the opinion regarding recommendations from the Com and
Rest groups split in half. Regarding the evaluation of pro-
fessional relevance, the proportions of negative scores
prevail.

“Sometimes, I am unsure whether I am answering as a
professional me or a private me. For instance, when it
comes to one user profile, where a private me starts to think
that it is interesting due to tweets about kids, and I have
kids myself.” (R5, Project Researcher; 1,206 followers, 944
followees)

(e pairwise comparison further demonstrated statis-
tically significant differences mainly between Dorm and

Score Distribution, %
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PositionQuestion

Select the option that best
describes how you are

familiar with the person

Dorm
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MoM
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Pairwise Comparisons

Com

Com

Rest

Dorm
MoM
Com
Rest

Friedman Test
Results, N=39

×2(3) = 57,
p<.001***

.004**

<.001*** .291 1
.476<.001***

(1) Very Unfamiliar
(2) Unfamiliar
(3) Somewhat Familiar

(4) Familiar
(5) Very Familiar
Median Score3

Figure 6: Proportions of perceived familiarity levels across different structural positions. 72 recommendations per position. Significance
codes: 0 “∗∗∗” 0.001 “∗∗” 0.01 “∗” 0.05 “” 0.1.
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in similar fashion along the Likert scale (strongly agree (1)–strongly disagree (7)), which implies that there are no dependencies between the
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Com, and Dorm and Rest. Interestingly, the difference
between MoM and Com is strongly significant only in
evaluating whether topics of the recommended person are of
interest to the participant (Statement 1 in Figure 7).

As for the qualitative feedback, when rationalizing the
relevance of recommendations, the respondents often ad-
dress the importance of having similar interest topics. (ere
is a clear positive tone in the qualitative feedback regarding
recommendations from the Dorm and MoM groups. As
addressed earlier, familiarity plays a significant role in
evaluating relevance, and respondents often start their
rationalization by explicating an existing connection with
the person, if there is any. In the following example, fol-
lowership relationships between the respondent and rec-
ommended person started after the face-to-face encounter at
the conference:

(Dorm) “Lively, energetic, knows a lot about a host of
topics, loves traveling. She is somebody I met at a conference
a couple of years ago, and we have been in touch on social

media as well.” (R3, Senior Lecturer; 295 followers, 584
followees)

In the next example, the respondent highlights that the
recommended person is unfamiliar yet addresses the rele-
vance of topics and the benefit of making a professional
connection with a person from another university:

(MoM) “Seems active, topics relevant to me. I did not know
him probably because he is in a “distant” university; it is
always good to know new people from other universities.”
(R13, University Researcher; 953 followers, 1,010
followees)

When evaluating recommendations from Com and
Rest groups, the respondents seem to consider a variety of
dimensions. For instance, the activeness of users in
publishing tweets and their self-representation also play
an important role in choosing whom to follow or with
whom to interact:
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Figure 7: Proportions of given scores regarding perceived content and professional relevance of recommendations from each structural
network position, and the results of Friedman test with details on Bonferroni corrected pairwise comparison. 72 recommendations per
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(Com) “Tweets very seldom; the topic is somewhat inter-
esting, but not enough for me to follow.” (R39, HRDirector;
721 followers, 1,001 followees)

(Rest) “Publisher! Seems interesting at first, but as I scrolled
down, it seemed a bit too professional for my taste. 1e
tweets in English somehow made me lose my interest.”
(R12, Researcher; 448 followers, 1,260 followees)

None of the respondents identified being socially con-
nected with recommendations of the Com group, yet one
respondent noticed the size of the community they share
with the recommended person:

(Com) “An interesting personality. I was able to see that we
have something in common only after a closer look at the
profile. Good Tweets and Retweets. [. . .] Also, the fact that
we have 88 shared followers creates trust [. . .].” (R6, Project
Manager; 550 followers, 763 followees)

To sum up, the data imply that the perceptions of rel-
evance vary across different structural positions, thus sup-
porting the objectively observed differences between the
proposed network-based matching mechanisms. Yet, rele-
vance seems to be a weak motivator for respondents to
follow-up and interact with recommended Twitter users, as
discussed next.

5.4.Willingness to Follow-Up on Recommendations across the
Structural Positions. (e assessments of follow-up activities
(See Figure 8) illustrate the weakest difference between
structural positions, meaning that respondents are less open
toward social interactions despite the level of recommen-
dation relevance. Passively exploring tweets (statement 7) of
recommended people from the Dorm and MoM groups is
positively perceived, while other activities brought up pri-
marily negative attitudes. (e Friedman test demonstrated
statistically significant differences in the evaluation of rec-
ommendations from three structural positions within all
variables. (e pairwise comparisons reveal apparent dif-
ferences between the Dorm and Com, Dorm and Rest, MoM
and Rest structural network positions regarding the inten-
tion to continue reading recommended person tweets
(statement 7). (ere is a statistically significant difference
between Dorm and Com, as well as Dorm and Rest groups
regarding the attitude toward mentioning recommended
people. Other activities do not illustrate very significant
differences.

(e respondents also addressed challenges in estimating
the relevance of received recommendations and their in-
tention for follow-up activities in the open-ended responses.
For instance, one respondent mentioned that decision-
making on the interestingness of a recommendation might
be affected by the overall sympathy toward a Twitter user,
making it challenging to draw a line between personal and
professional interests:

According to one of the respondent’s reasoning, as
Twitter is designed mainly for distributing knowledge, it was
challenging to envision social interactions with a recom-
mended person beyond the features that the platform offers:

“Taking a look at a person’s Twitter account does not really
tell me anything about what would happen if I would meet
the person in real life. 1at is why I gave a neutral answer
about the consequences of meeting with someone face-to-
face. [. . .] Real-time one-to-one conversation enables quick
learning and multiple ways to dig up common interests.
[. . .] Twitter or other social media platforms do not provide
the same opportunities; they give a very narrow view to a
person, their expertise, views and what we could learn from
each other.” (R39, HR Director; 721 followers, 1,001
followees)

Even though few respondents were somewhat positive
about recommendations from the baseline group (Rest),
being unfamiliar with the recommended person seemed to
play a role in determining the willingness to follow-up:

“Quite general Twitter profile. Professional but also other
content as well, such as news. I liked how she tweeted about
the academia/academic world, although we do not work in the
same field of study. I would follow her if I knew her somehow
other than through Twitter. She seems nice and relatively
active.” (R12, Researcher; 448 followers, 1,260 followees).

In summary, while respondents expressed the readiness
to engage in low-cost interactions, such as exploring the
recommended profiles or starting to follow them, they were
hesitant to consider initiating interaction beyond the Twitter
platform so soon after seeing the recommendation. (is is
particularly the case if the actions require face-to-face in-
teractions or direct contact. (is is understandable given the
short time frame for exploring the costs and benefits of
potential social interaction and the limited view of the
recommended person’s profile. Besides, as one of the re-
spondents admitted, Twitter is perceived as a platform for
passive social behavior to broadcast and consume content.
(e users are accustomed to Twitter not providing features
to extend the interactions to other channels.

5.5. Correlations across the EvaluationVariables. In addition
to looking at how the evaluations differ across predefined
structural positions, we explored various statistical associ-
ations between the variables to identify future research
questions. (e Spearman test revealed several statistically
significant positive correlations (see Table 3). In particular,
perceived familiarity positively correlates with all the other
variables on subjective evaluations, especially with the
perception of professional interest (statement 4) and follow-
up activities such as an intention to mention the recom-
mended Twitter user (statement 10). (e respondents’
background variables and social networking attitudes, such
as frequency of socialization and activeness of maintaining
existing ties, demonstrate a relatively strong correlation,
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particularly with the willingness to follow-up on recom-
mendations (statements 8–12). In addition, the test indicates
that the scores of high-cost follow-up activities (statements
10–12) increase with higher ratings of Twitter use for
professional networking. (e test results also imply no
dependencies between objective measures of similarity and
subjective perceptions on recommendations, which were
aimed for. Overall, while correlation tests do not infer causal
relations between the variables, the test hints at interesting
statistical associations that should be investigated in more
detail, for instance, to cover not only correlations between
the recommendation evaluations but also personality and
attitude-related aspects.

6. Discussion

Diversity has been a central concept in the design of
information systems and social technologies, particularly
CSCW and HCI research exploring its different forms
(e.g., cognitive, physiological, demographic) for more
inclusive and accessible technologies. (is paper ex-
tended the discourse around diversity by focusing on the
importance of structural diversity in social networks. We
proposed identifying structural network positions in a
multidimensional space of social networks, allowing the
exposure of Twitter users to a variety of potential con-
nections that they would otherwise likely miss.

Score Distribution,%Network
Position

Friedman Test
Results, N=390 10 20 30 40 50 60 70 80 90 100

Statement

7. I intend to continue
reading this person’s
tweets

8. I intend to start
following this person
on Twitter

9. I intend to explore
other social media
profiles of the person

10. I intend to contact
this person for
meeting face-to-face

11. I intend to contact
the person online

12. I intend to mention
the person in my
future tweets

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

Dorm
MoM
Com
Rest

×2(3) = 29.615,
p<.001***

×2(3) = 14.054,
p<.001***

×2(3) = 18.750,
p<.001***

×2(3) = 14.612,
p<.001***

×2(3) = 23.281,
p<.001***

×2(3) = 33.623,
p<.001***

.686

<.001*** .039*
.107<.001***

1

1

.058 .095
.190.121

1

.322

.02* 1
1.045*

1

.963

.121 1
1.095

1

.013*

.003** 1
1.011*

1

.393

<.001*** .095
.152<.001***

1

Lo
w

-c
os

t F
ol

lo
w

-u
p 

Ac
tiv

iti
es

H
ig

h-
co

st 
Fo

llo
w

-u
p 

ac
tiv

iti
es

Pairwise Comparisons
Dorm MoM Com

6

(1) Strongly Disagree
(2) Disagree
(3) Somewhat Disagree
(4) Neutral

(5) Somewhat Agree
(6) Agree
(7) Strongly Agree
Median Score

6
5
3
3

5
4

3

3
4

2
2

2
2
2

2
2
2

2
1

2

2
2

1
1

Figure 8: Proportions of given scores regarding willingness to follow-up on recommendations from each structural network position, and
the results of Friedman test with details on Bonferroni corrected pairwise comparison. 72 recommendations per position. Significance codes:
0 “∗∗∗” 0.001 “∗∗” 0.01 “∗” 0.05 “” 0.1.

12 Advances in Human-Computer Interaction



To answer our research question, the findings illustrate that
recommendations are perceived differently. (us, both the
objective measurements and subjective perceptions indicate the
distinct nature of the proposed three structural positions. (e
respondents’ relatively positive evaluations of relevance suggest
that the proposed recommendation strategy is a meaningful
approach for diversifying people recommendations.

Furthermore, the fact that the respondents could identify
relevant others from all groups implies various internal and
external factors that might influence the subjective perceptions. It
provides evidence that identifying recommendations within a
latent community of interest (academic institutions at a specific
locality in this case) is a promising approach to boundary
specification.

6.1. Contributions and Reflections. Our findings contribute to
the research on diversity exposure of people recommendations
by defining structural positions in egocentric networks and
analytical procedures for identifying related recommendations
from Twitter data.(e following pinpoints the possible ways of
how our strategy and the different structural positions might
contribute to the diversification agenda:

(i) A recommendation from the dormant ties group
can remind users about their existing connections
that possess expertise or perspectives that they need
at the moment;

(ii) Mention-of-mention recommendations can moti-
vate interaction with new people in a trustworthy
manner as there are bridging actors in-between;

(iii) Recommendations based on community member-
ship structural position canmotivate the user to enter

a latent community in a different area of the overall
network, however with shared topics of interest.

(us, the proposed structural positions can help introduce
diversity exposure in different ways, prospectively suggesting
connections that Twitter users would otherwise overlook.

At the same time, the findings indicate a significant role of
familiarity in the subjective evaluation of recommendations. As
expected, most recommended Twitter users were unfamiliar to
the respondents. However, there were some familiar people,
even in the “community membership” and the “rest” groups.
(is could be explained by the empirical context of the ex-
periment, where boundary specification was based on the
followership of the selected institutional Twitter accounts bound
to a locality. We assume that this would have a strengthening
effect on perceived familiarity. Research on social psychology
has also revealed that homophily bias increases the perception
of familiarity [65]—the stronger the perceived similarity, the
more preferable and familiar the person would seem to be.

A relatively large number of unfamiliar followees in the
Dorm group could imply that followership indeed is a weak
indicator of actual social relationships. (us, even though
there is an established followership link, it is worthwhile to
remind users about people belonging to the Dorm structural
network position, which could result in more explicit social
interaction. (e presence of a relatively high number of
outliers in the familiarity evaluation can also be explained by
some respondents having a large number of followers and
followees, all of whom they practically cannot remember. It
has been shown that cognitive and temporal limitations
prevent people from maintaining the number and quality of
their relationships [66, 67]. Besides, interactions on social
media might create a false sense of connection [68] and do

Table 3: (e bi-variate spearman correlation test results between variables of subjective perceptions and selected background variables,
perceived familiarity, and objective measures of similarity.

I frequently
network with

people

I actively keep
in touch with
my existing
connections

I use Twitter to
support my
professional
networking

Perceived
familiarity

Objective
similarity

Cor. Sig. Cor. Sig. Cor. Sig. Cor. Sig. Cor. Sig.
1. (is person tweets about topics that I find interesting 0.144∗ 0.003 0.098 0.100 1.00 0.093 0.479∗∗ 0.000 0.037 0.535
2.(is person shares information and content that I find
useful 0.174∗∗ 0.019 0.129∗ 0.030 0.104 0.080 0.493∗∗ 0.000 0.039 0.508

3. (e tweets of this person are relevant to my own
interests 0.140∗ 0.016 0.083 0.166 0.052 0.380 0.437∗∗ 0.000 −0.015 0.796

4. I find this person interesting for my professional
activities 0.196∗∗ 0.001 0.165∗∗ 0.006 0.134∗ 0.024 0.501∗∗ 0.000 0.032 0.591

5. Meeting this person could provide inspiration to my
professional activities 0.258∗∗ 0.000 0.169∗∗ 0.005 0.127∗ 0.034 0.442∗∗ 0.000 −0.031 0.608

6. I could benefit from this person professionally 0.199∗∗ 0.001 0.188∗∗ 0.002 0.156∗∗ 0.009 0.430∗∗ 0.000 0.016 0.794
7. I intend to continue reading this person’s tweets 0.156∗∗ 0.009 0.125∗ 0.035 0.111 0.062 0.536∗∗ 0.000 0.010 0.873
8. I intend to start following this person on Twitter 0.234∗∗ 0.000 0.206∗∗ 0.001 0.120∗ 0.047 0.359∗∗ 0.000 0.008 0.898
9. I intend to explore other social media profiles of the
person 0.285∗∗ 0.000 0.302∗∗ 0.000 0.107 0.073 0.334∗∗ 0.000 0.020 0.740

10. I intend to mention the person in my future tweets 0.302∗∗ 0.000 0.325∗∗ 0.000 0.265∗∗ 0.000 0.545∗∗ 0.000 −0.024 0.686
11. I intend to contact the person online 0.376∗∗ 0.000 0.350∗∗ 0.000 0.232∗∗ 0.000 0.369∗∗ 0.000 −0.026 0.662
12. I intend to contact the person for meeting face-to-
face 0.384∗∗ 0.000 0.346∗∗ 0.000 0.205∗∗ 0.001 0.270∗∗ 0.000 −0.009 0.881

Values in bold indicate correlation significance. ∗∗0.01; ∗0.05.
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not match with offline relationships or predict the degree of
familiarity between the actors.

In addition, this study contributes to user-centric
evaluation methods in the context of people recommender
systems. Prior research on evaluating recommender systems
is largely built on the assumption that the more accurate the
algorithms, the better the user experience [15]. While this
approach is useful in evaluating item recommendations (e.g.,
products or multimedia content), recommending people
involves a different notion of recommendation quality. (e
operationalized measures of subjective perceptions pre-
sented in this work can be utilized in future research on
evaluating the relevance and familiarity of social recom-
mendations. However, measuring the potential follow-up
activities beyond the intention to start following the rec-
ommended person worked poorly: the findings illustrate
that respondents are generally not interested in speculating
high-cost follow-up actions (e.g., face-to-face meetings).
(us, it is questionable to utilize such a measure as an in-
dicator of recommendation quality, at least in the context of
controlled experiments. (at said, we acknowledge an in-
herent challenge in measuring the relevance of people
recommendations. As the benefits of more heterogeneous
social networks only surface over time, measuring the im-
mediate impression about the relevance of a recommen-
dation will likely not reflect their long-term value as a
connection.

6.2. Practical Implications. Existing recommendation
mechanisms shape the choices people make, influencing not
only the diversity of interests and opinions but also social
structures [69]. Mindful of the threat that such a high agency
could strengthen structural issues like polarization and echo
chambers, we believe that the recommendation strategy
proposed in this article is worth pursuing in practical ap-
plications. Notably, the proposed structural network posi-
tions could contribute to systems design that can lead to
more diverse exposure in individuals’ social networks. (e
analysis procedures could be transferred to many other
social media platforms; after all, the proposed content
analysis is not limited to hashtags, and the notions of fol-
lowership and mentions are common in other services as
well.

When applying the proposed strategy and the structural
network positions in a real-life people recommender system,
the restrictions on eligibility criteria for the users, driven by
the experiment setup, can naturally be disregarded. (ere
might be scenarios when Twitter users do not have enough
recommendations from the Dorm type of a structural po-
sition. However, our finding demonstrated that the MoM
and Com groups result in numerous options even for the
users with a small number of followers and followees. (e
effectiveness of the proposed strategy can be strengthened by
increasing transparency regarding the recommendation
logic in the actual system and explicating the potential value
of recommendations from each group. (is, in turn, might
also improve the willingness to follow-up on them.

6.3. Limitations and Future Work, Experimental Setup and
Generalizability. (e conducted experiment naturally
comes with limitations that can affect the validity and re-
liability of the findings. First, although the presented di-
versity-enhancing recommendation strategy seems
promising, we could not yet compare that with other
strategies in this pioneering study. (us, the assessment of
the goodness of the recommendation strategy remains quite
preliminary based on this experiment. In future work, a
comparison with conventional recommendation algorithms
would show the goodness in relation to the currently used
standards.

In addition, we only tried three calibrations within the
proposed strategy and with a sample size limited by
practicality and data availability. Regarding generalizabil-
ity, the respondents mostly represent the same geo-
graphical area and cultural background due to the selected
focus of introducing users who feel some affinity to the to-
be-merged universities. (e sample of participants for the
experiment might also be considered biased, as the number
of respondents’ followees and followers is higher compared
to an average Twitter user. Large-scale studies and com-
parisons against different baseline recommendations are
required to prove the effectiveness of the overall matching
strategy and the structural positions as recommendation
mechanisms. Nevertheless, as the paper lays the ground-
work for a new diversification strategy, it is essential to
show that such an alternative strategy is sensible from the
users’ viewpoint and technically feasible before comparing
it with others. We call for follow-up research to also
compare the effectiveness of current and other alternative
algorithmic approaches.

Network analysis. Our recommendation approach uti-
lizes social network analysis, which has been critiqued due to
several issues [70]. First, modeling networks is limited in
terms of deriving personal roles and interpersonal experi-
ences. It is an oxymoron to reduce multi-faceted and dy-
namic social relationships into network structures with
simple node and edge features. Second, network-based
analysis can hardly reveal a full and truthful picture of real-
world relationships. Nevertheless, our study demonstrates
that it is possible to analyze Twitter social networks in new
ways that can advance the social matching of individuals.

Content Analysis. Due to the lack of accurate content
analysis procedures for the local language, the content
analysis was limited to English tweets. In addition, we did
not distinguish between personally created tweets and
retweeted tweets. (ese factors might have decreased the
accuracy of representing an individual’s topics of interest,
which, in turn, could affect the subjective perceptions of the
recommendations. (is study also does not consider the
segmentation of the participants according to the types of
Twitter use or personality traits [71]. However, the results of
correlation tests imply that such factors can be relevant. (is
opens avenues for investigating various personality-related
and other background variables that might affect the per-
ceived relevance of recommendations and readiness to
follow-up on them.
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7. Conclusion

Despite the extensive prior research on people recom-
mendations on Twitter, the social network structure per-
spective has been generally underutilized. To address this
gap, we proposed a new recommendation strategy for a
Twitter-based implicit community of interest, prospectively
producing more heterogeneous people recommendations
and positively diversifying the users’ social networks. (e
novelty of the proposed strategy lies in combining mention-
based and followership-based networks to identify different
types of structural network positions: dormant (followership
with no explicit interactions), mention-of-mention (a
friend-of-friend connection in the mention network), and
community based (users belong to a shared community with
no explicit followership and interactions). (e findings il-
lustrate that the proposed structural positions are indeed
distinct from each other and that the respondents could find
relevant users from all groups. However, the willingness to
follow-up on recommendations is relatively low and pri-
marily driven by perceived familiarity. We call for more
design-oriented research to identify solutions that could
increase the probability of follow-up actions. We conclude
that a more comprehensive analysis of social networks and
more human-centric methods to evaluate recommendations
are necessary to improve the benefits and effectiveness of
people recommendations on Twitter and other social net-
working services.
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