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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 RELATEDWORK
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)
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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.

ACKNOWLEDGMENTS
This work was conducted under Business Finland Project Big Match
(3166/31/2017 and 3074/31/2017).

REFERENCES
[1] Panagiotis Adamopoulos and Alexander Tuzhilin. 2014. On Unexpectedness in

Recommender Systems: Or How to Better Expect the Unexpected. ACM Trans.
Intell. Syst. Technol. 5, 4, Article 54 (dec 2014), 32 pages. https://doi.org/10.1145/
2559952

[2] Naresh Kumar Agarwal. 2015. Towards a definition of serendipity in information
behaviour. Information Research: An International Electronic Journal 20, 3 (2015),
1–16.

[3] Theresa Dirndorfer Anderson. 2011. Beyond Eureka Moments: Supporting the In-
visible Work of Creativity and Innovation. Information Research: An International
Electronic Journal 16, 1 (2011), 1–24.

[4] Paul André and MC Schrafel. 2009. Computing and chance: designing for (un)
serendipity. The Biochemist E-Volution 31, 6 (2009), 19–22.

[5] Ramakrishna Ayyagari, Varun Grover, and Russell Purvis. 2011. Technostress:
technological antecedents and implications. MIS quarterly 35, 4 (2011), 831–858.

[6] David Bawden. 2011. Encountering on the road to Serendip? Browsing in new
information environments. In Innovations in Information Retrieval: Perspectives
for Theory and Practice, Alen Foster and Pauline Rafferty (Eds.). Facet Publishing,
London, UK, 1–22.

[7] Toine Bogers and Lennart Björneborn. 2013. Micro-serendipity: Meaningful
coincidences in everyday life shared on Twitter. In iConference 2013 Proceedings,
Fort Worth, Texas, USA, 12-15 February, 2013. iSchools, Grandville, 196–208.

[8] Stoney L. Brooks. 2015. Being Social isn’t Just About Fun: An Examination of
Personal Social Media Usage. In AMCIS 2015. Proceedings of the Twenty-first
Americas Conference on Information Systems, Puerto Rico, USA, 13-15 August 2015.
Association for Information systems (AIS), Atlanta, Georgia, US.

[9] Ilona Buchem. 2011. Serendipitous learning: Recognizing and fostering the
potential of microblogging. Form@ re-Open Journal per la formazione in rete 11,
74 (2011), 7–16.

[10] Moira Burke, Robert Kraut, and Cameron Marlow. 2011. Social Capital on
Facebook: Differentiating Uses and Users. In Proceedings of the SIGCHI Confer-
ence on Human Factors in Computing Systems (Vancouver, BC, Canada) (CHI
’11). Association for Computing Machinery, New York, NY, USA, 571–580.
https://doi.org/10.1145/1978942.1979023

[11] Moira Burke, Cameron Marlow, and Thomas Lento. 2010. Social Network Ac-
tivity and Social Well-Being. In Proceedings of the SIGCHI Conference on Hu-
man Factors in Computing Systems (Atlanta, Georgia, USA) (CHI ’10). Asso-
ciation for Computing Machinery, New York, NY, USA, 1909–1912. https:
//doi.org/10.1145/1753326.1753613

[12] José Campos and Antonio Dias de Figueiredo. 2001. Searching the unsearchable:
Inducing serendipitous insights. In ICCBR 2001. Proceedings of the workshop
program at the fourth international conference on case-based reasoning, Vancouver,
BC, Canada, 30 July - 2 August 2001. SSRN, New York, NY, USA, 1–6.

[13] Xiongfei Cao, Xitong Guo, Douglas Vogel, and Xi Zhang. 2016. Exploring the
influence of social media on employee work performance. Internet Research 26, 2
(2016), 529–545.

[14] Wynne W Chin. 1998. Commentary: Issues and opinion on structural equation
modeling. , vii–xvi pages.

[15] Michael Chmielewski and Sarah C Kucker. 2020. An MTurk crisis? Shifts in
data quality and the impact on study results. Social Psychological and Personality
Science 11, 4 (2020), 464–473.

[16] Samantha Copeland. 2019. On serendipity in science: discovery at the intersection
of chance and wisdom. Synthese 196, 6 (2019), 2385–2406.

[17] Darcy Del Bosque. 2013. Will you be my friend? Social networking in the
workplace. New Library World 114, 9/10 (2013), 428–442.

[18] Sonja Dreher. 2014. Social media and the world of work. Corporate Communica-
tions: An International Journal 19, 4 (2014), 344–356.

[19] Siying Du and Steve Gregory. 2016. The Echo Chamber Effect in Twitter: does
community polarization increase? In COMPLEX NETWORKS 2016. Complex
Networks & Their Applications V. Studies in Computational Intelligence, H. Cherifi,
S. Gaito, W. Quattrociocchi, and A. Sala (Eds.). Vol. 693. Springer, Cham, 373–378.

[20] Miguel Pina e Cunha, Stewart R Clegg, and Sandro Mendonça. 2010. On serendip-
ity and organizing. European Management Journal 28, 5 (2010), 319–330.

[21] Nathan Eagle and Alex Pentland. 2005. Social serendipity: Mobilizing social
software. IEEE Pervasive Computing 4, 2 (2005), 28–34.

[22] Thomas Erickson andWendy A. Kellogg. 2000. Social Translucence: An Approach
to Designing Systems That Support Social Processes. ACM Trans. Comput.-Hum.
Interact. 7, 1 (mar 2000), 59–83. https://doi.org/10.1145/344949.345004

[23] David Gefen, Detmar Straub, and Marie-Claude Boudreau. 2000. Structural equa-
tion modeling and regression: Guidelines for research practice. Communications
of the association for information systems 4, 1 (2000), 7.

[24] Samuel D Gosling, Peter J Rentfrow, and William B Swann Jr. 2003. A very brief
measure of the Big-Five personality domains. Journal of Research in personality
37, 6 (2003), 504–528.

[25] Rex Hartson. 2003. Cognitive, physical, sensory, and functional affordances in
interaction design. Behaviour & information technology 22, 5 (2003), 315–338.

[26] Jan B Heide and Allen M Weiss. 1995. Vendor consideration and switching
behavior for buyers in high-technology markets. Journal of marketing 59, 3
(1995), 30–43.

[27] Natali Helberger, Kari Karppinen, and Lucia D’acunto. 2018. Exposure diversity
as a design principle for recommender systems. Information, Communication &
Society 21, 2 (2018), 191–207.

[28] Jonathan L. Herlocker, Joseph A. Konstan, Loren G. Terveen, and John T. Riedl.
2004. Evaluating Collaborative Filtering Recommender Systems. ACM Trans. Inf.
Syst. 22, 1 (jan 2004), 5–53. https://doi.org/10.1145/963770.963772

[29] David John Hughes, Moss Rowe, Mark Batey, and Andrew Lee. 2012. A tale of
two sites: Twitter vs. Facebook and the personality predictors of social media
usage. Computers in Human Behavior 28, 2 (2012), 561–569.

[30] Mohammad Hossein Jarrahi. 2017. Social Media, Social Capital, and Knowledge
Sharing in Enterprise. IT Professional 20, 4 (2017), 37–45.

[31] Phillip Jeffrey and Andrew McGrath. 2000. Sharing Serendipity in the Workplace.
In Proceedings of the Third International Conference on Collaborative Virtual Envi-
ronments (San Francisco, California, USA) (CVE ’00). Association for Computing
Machinery, New York, NY, USA, 173–179. https://doi.org/10.1145/351006.351037

[32] Steven Johnson. 2011.Where good ideas come from: the seven patterns of innovation.
Penguin, London, UK.

[33] Byungkyu Kang, Nava Tintarev, Tobias Höllerer, and John O’Donovan. 2016.
What am I not seeing? An interactive approach to social content discovery in
microblogs. In International Conference on Social Informatics. Springer, Cham,
279–294.

[34] Sara Kiesler and Jonathon N Cummings. 2002. What do we know about proximity
and distance in work groups? A legacy of research. Distributed work 1 (2002),
57–80.

100

https://doi.org/10.1145/2559952
https://doi.org/10.1145/2559952
https://doi.org/10.1145/1978942.1979023
https://doi.org/10.1145/1753326.1753613
https://doi.org/10.1145/1753326.1753613
https://doi.org/10.1145/344949.345004
https://doi.org/10.1145/963770.963772
https://doi.org/10.1145/351006.351037


What Supports Serendipity on Twitter? Academic Mindtrek 2022, November 16–18, 2022, Tampere, Finland

[35] Bart P Knijnenburg, Martijn C Willemsen, Zeno Gantner, Hakan Soncu, and
Chris Newell. 2012. Explaining the user experience of recommender systems.
User Modeling and User-Adapted Interaction 22, 4-5 (2012), 441–504.

[36] Ansgar Koene, Elvira Perez, Christopher James Carter, Ramona Statache, Svenja
Adolphs, Claire O’Malley, Tom Rodden, and Derek McAuley. 2015. Ethics of
personalized information filtering. In International Conference on Internet Science.
Springer, Cham, 123–132.

[37] Jacqueline Lane, Ina Ganguli, Patrick Gaule, Eva Guinan, and Karim R Lakhani.
2019. Engineering Serendipity: The Role of Cognitive Similarity in Knowledge
Sharing and Knowledge Production. Technology & Operations Mgt. Unit Working
Paper 20-058 (2019), 1–75.

[38] Frieder R Lang, Dennis John, Oliver Lüdtke, Jürgen Schupp, and Gert G Wagner.
2011. Short assessment of the Big Five: Robust across survey methods except
telephone interviewing. Behavior research methods 43, 2 (2011), 548–567.

[39] Christoph Lutz, Miriam Meckel, and Giulia Ranzini. 2013. Trusted Surprises?:
Antecedents of Serendipitous Encounters Online. In 63rd Annual Conference of the
ICA International Communication Association. ICA International Communication
Association, London, UK, 32.

[40] Christoph Lutz, Christian Pieter Hoffmann, and Miriam Meckel. 2017.
Online serendipity: A contextual differentiation of antecedents and
outcomes. Journal of the Association for Information Science and
Technology 68, 7 (2017), 1698–1710. https://doi.org/10.1002/asi.23771
arXiv:https://asistdl.onlinelibrary.wiley.com/doi/pdf/10.1002/asi.23771

[41] S Makri. 2016. Supporting Serendipity in future digital information environments.
Teoksessa S. Makri & TM Race (toim.), Accidental Information Discovery (ss.
105–113). London: Chandos.

[42] Stephann Makri, Ann Blandford, Mel Woods, Sarah Sharples, and Deborah
Maxwell. 2014. “Making my own luck”: Serendipity strategies and how to sup-
port them in digital information environments. Journal of the Association for
Information Science and Technology 65, 11 (2014), 2179–2194.

[43] Kim Martin and Anabel Quan-Haase. 2017. “A process of controlled serendip-
ity”: An exploratory study of historians’ and digital historians’ experiences of
serendipity in digital environments. Proceedings of the Association for Information
Science and Technology 54, 1 (2017), 289–297.

[44] Sabine Matook, Jeff Cummings, and Hillol Bala. 2015. Are you feeling lonely?
The impact of relationship characteristics and online social network features on
loneliness. Journal of Management Information Systems 31, 4 (2015), 278–310.

[45] Abigail McBirnie. 2008. Seeking serendipity: the paradox of control. Aslib
Proceedings: New Information Perspectives 60, 6 (2008), 600–618.

[46] Lori McCay-Peet and Anabel Quan-Haase. 2016. The Influence of Features and
Demographics on the Perception of Twitter as a Serendipitous Environment. In
Proceedings of the 27th ACM Conference on Hypertext and Social Media (Halifax,
Nova Scotia, Canada) (HT ’16). Association for Computing Machinery, New York,
NY, USA, 333–335. https://doi.org/10.1145/2914586.2914609

[47] Lori McCay-Peet and Elaine G Toms. 2015. Investigating serendipity: How it
unfolds and what may influence it. Journal of the Association for Information
Science and Technology 66, 7 (2015), 1463–1476.

[48] Joanna McGrenere and Wayne Ho. 2000. Affordances: Clarifying and Evolving a
Concept. In Proceedings of Graphics Interface 2000 (Montréal, Québec, Canada) (GI
2000). Canadian Human-Computer Communications Society, Toronto, Ontario,
Canada, 179–186. https://doi.org/10.20380/GI2000.24

[49] Alexander Newman, Yuen Lam Bavik, Matthew Mount, and Bo Shao. 2021. Data
collection via online platforms: Challenges and recommendations for future
research. Applied Psychology 70, 3 (2021), 1380–1402.

[50] Alex Newson, Deryck Houghton, and Justin Patten. 2008. Blogging and other social
media: Exploiting the technology and protecting the enterprise. Gower Publishing,
Ltd., UK.

[51] Casey Newton. 2018. Twitter is relaunching the reverse-chronological feed as
an option for all users starting today. https://www.theverge.com/2018/12/18/
18145089/twitter-latest-tweets-toggle-ranked-feed-timeline-algorithm. Online;
accessed 8 April 2020.

[52] Jacqueline Ng, Ina Ganguli, Patrick Gaule, and Karim R Lakhani. 2019. Engineer-
ing Serendipity: Atypical Encounters, Collaborations, and Knowledge Production.
Academy of Management Proceedings 2019, 1 (2019), 15839.

[53] Tien T. Nguyen, Pik-Mai Hui, F. Maxwell Harper, Loren Terveen, and Joseph A.
Konstan. 2014. Exploring the Filter Bubble: The Effect of Using Recommender
Systems on Content Diversity. In Proceedings of the 23rd International Conference
on World Wide Web (Seoul, Korea) (WWW ’14). Association for Computing Ma-
chinery, New York, NY, USA, 677–686. https://doi.org/10.1145/2566486.2568012

[54] Mehrbakhsh Nilashi, Dietmar Jannach, Othman bin Ibrahim, Mohammad Dalvi
Esfahani, and Hossein Ahmadi. 2016. Recommendation quality, transparency,
and website quality for trust-building in recommendation agents. Electronic
Commerce Research and Applications 19 (2016), 70–84.

[55] Jennifer E Nutefall and Phyllis Mentzell Ryder. 2010. The serendipitous research
process. The Journal of Academic Librarianship 36, 3 (2010), 228–234.

[56] Ariane Ollier-Malaterre, Nancy P Rothbard, and Justin M Berg. 2013. When
worlds collide in cyberspace: How boundary work in online social networks
impacts professional relationships. Academy of Management Review 38, 4 (2013),
645–669.

[57] Ekaterina Olshannikova, Thomas Olsson, Jukka Huhtamäki, Susanna Paasovaara,
and Hannu Kärkkäinen. 2020. From Chance to Serendipity: Knowledge Workers’
Experiences of Serendipitous Social Encounters. Advances in Human-Computer
Interaction 2020 (2020), 18 pages.

[58] Thomas Olsson, Pradthana Jarusriboonchai, PawełWoźniak, Susanna Paasovaara,
Kaisa Väänänen, and Andrés Lucero. 2020. Technologies for enhancing collocated
social interaction: review of design solutions and approaches. Computer Supported
Cooperative Work (CSCW) 29, 1 (2020), 29–83.

[59] Salvatore Parise, Eoin Whelan, and Steve Todd. 2015. How Twitter users can
generate better ideas. MIT Sloan Management Review 56, 4 (2015), 21.

[60] Eli Pariser. 2011. The filter bubble: What the Internet is hiding from you. Penguin,
London, England.

[61] Henri Pirkkalainen, Ekaterina Olshannikova, Thomas Olsson, and Jukka Huh-
tamäki. 2021. Examining Serendipitous Encounters and Self-Determination in
Twitter-Enabled Innovation. Advances in Human-Computer Interaction 2021
(2021), 12 pages.

[62] Tammera M Race and Stephann Makri. 2016. Accidental information discovery:
cultivating serendipity in the digital age. Chandos Publishing, Cambridge, MA.

[63] TS Ragu-Nathan, Monideepa Tarafdar, Bhanu S Ragu-Nathan, and Qiang Tu. 2008.
The consequences of technostress for end users in organizations: Conceptual
development and empirical validation. Information systems research 19, 4 (2008),
417–433.

[64] Matthew K Robison, Katherine I Gath, and Nash Unsworth. 2017. The neu-
rotic wandering mind: An individual differences investigation of neuroticism,
mind-wandering, and executive control. The Quarterly Journal of Experimental
Psychology 70, 4 (2017), 649–663.

[65] J Reynaldo A Santos. 1999. Cronbach’s alpha: A tool for assessing the reliability
of scales. Journal of extension 37, 2 (1999), 1–5.

[66] Gerard Saucier. 1994. Mini-Markers: A brief version of Goldberg’s unipolar
Big-Five markers. Journal of personality assessment 63, 3 (1994), 506–516.

[67] Viviane Sergi and Claudine Bonneau. 2016. Making mundane work visible on
social media: a CCO investigation of working out loud on Twitter. Communication
Research and Practice 2, 3 (2016), 378–406.

[68] Jörgen Skågeby. 2012. The irony of serendipity: disruptions in social information
behaviour. Library hi tech 30, 2 (2012), 321–334.

[69] Anne Thoring. 2011. Corporate tweeting: Analysing the use of Twitter as a
marketing tool by UK trade publishers. Publishing research quarterly 27, 2 (2011),
141–158.

[70] Alice Thudt, Uta Hinrichs, and Sheelagh Carpendale. 2012. The Bohemian Book-
shelf: Supporting Serendipitous Book Discoveries through Information Visual-
ization. In Proceedings of the SIGCHI Conference on Human Factors in Computing
Systems (Austin, Texas, USA) (CHI ’12). Association for Computing Machinery,
New York, NY, USA, 1461–1470. https://doi.org/10.1145/2207676.2208607

[71] Jeffrey W Treem and Paul M Leonardi. 2013. Social media use in organizations:
Exploring the affordances of visibility, editability, persistence, and association.
Annals of the International Communication Association 36, 1 (2013), 143–189.

[72] Help Center Twitter. 2020. Personalization based on where you see Twit-
ter content across the web. https://help.twitter.com/en/using-twitter/tailored-
suggestions. Online; accessed 8 April 2020.

[73] Ward van Zoonen, Joost WM Verhoeven, and Rens Vliegenthart. 2016. How
employees use Twitter to talk about work: A typology of work-related tweets.
Computers in Human Behavior 55 (2016), 329–339.

[74] Saúl Vargas and Pablo Castells. 2011. Rank and Relevance in Novelty andDiversity
Metrics for Recommender Systems. In Proceedings of the Fifth ACM Conference
on Recommender Systems (Chicago, Illinois, USA) (RecSys ’11). Association for
Computing Machinery, New York, NY, USA, 109–116. https://doi.org/10.1145/
2043932.2043955

[75] Dhaval Vyas, Alan Dix, and Gerrit C van der Veer. 2015. Reflections and encoun-
ters: Exploring awareness in an academic environment. Computer Supported
Cooperative Work (CSCW) 24, 4 (2015), 277–317.

[76] Shanshan Zhang, Ron Chi-Wai Kwok, Paul Benjamin Lowry, and Zhiying Liu.
2019. Does more accessibility lead to more disclosure? Exploring the influence of
information accessibility on self-disclosure in online social networks. Information
Technology & People 32, 3 (2019), 754–780.

[77] Dejin Zhao and Mary Beth Rosson. 2009. How and why people Twitter: the role
that micro-blogging plays in informal communication at work. In Proceedings
of the ACM 2009 international conference on Supporting group work. ACM, New
York, NY, USA, 243–252.

101

https://doi.org/10.1002/asi.23771
https://arxiv.org/abs/https://asistdl.onlinelibrary.wiley.com/doi/pdf/10.1002/asi.23771
https://doi.org/10.1145/2914586.2914609
https://doi.org/10.20380/GI2000.24
https://www.theverge.com/2018/12/18/18145089/twitter-latest-tweets-toggle-ranked-feed-timeline-algorithm
https://www.theverge.com/2018/12/18/18145089/twitter-latest-tweets-toggle-ranked-feed-timeline-algorithm
https://doi.org/10.1145/2566486.2568012
https://doi.org/10.1145/2207676.2208607
https://help.twitter.com/en/using-twitter/tailored-suggestions
https://help.twitter.com/en/using-twitter/tailored-suggestions
https://doi.org/10.1145/2043932.2043955
https://doi.org/10.1145/2043932.2043955

	Abstract
	1 Introduction
	2 Related Work
	2.1 Information Serendipity
	2.2 Social Serendipity
	2.3 Serendipity and Professional Use of Twitter

	3 Technology Characteristics of Twitter as Potential Facilitators of Serendipity
	4 Methodology
	4.1 Measures Used in the Study
	4.2 Recruitment and respondents
	4.3 Data Analysis

	5 Findings
	5.1 Descriptive Statistics
	5.2 Antecedents of Information and Social Serendipity
	5.3 Antecedents for Different Types of Twitter Use

	6 Discussion
	6.1 Discussion of the Key Findings
	6.2 Limitations
	6.3 Practical Implications and Future Research Topics

	7 Conclusions
	Acknowledgments
	References

