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ABSTRACT
Serendipity has been recognized as a valuable property of recom-
mender systems. While there is a lack of consensus on the precise
definition of serendipity, it is often conceptualized in terms of the
relevance, novelty and unexpectedness of recommendations. How-
ever, the common understanding and original meaning of serendip-
ity is conceptually broader, requiring serendipitous encounters to
be neither novel nor unexpected. Recent work has highlighted the
various ways in which serendipity can manifest, leading to a more
generalized definition of serendipity. In this paper, we conducted
an observational study where we collected 2002 survey responses
from 397 users of an online article recommender system. In our
study, we found a significant proportion of serendipitous recom-
mendations were missed by the conventional definitions used in
the recommender systems research literature, exposing the “dark
matter” of serendipity that has been overlooked in prior studies.
Interestingly, users’ opinions of which articles should be consid-
ered serendipitous did not strongly align with any of the definitions
investigated. Furthermore, despite several user behaviors being sig-
nificantly associated with a majority of definitions of serendipity,
the overall goodness of fit was very low. Our findings highlight the
issues of evaluating serendipity in recommender systems and the
challenge of reconciling serendipity with user expectations.

CCS CONCEPTS
• Information systems → Recommender systems; • Human-
centered computing → Field studies.
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1 INTRODUCTION
Recommender systems suggest items, such as movies and books,
that are predicted to be of interest to users [28]. By design, rec-
ommender systems tend to recommend either popular items or
items associated with users’ consumption patterns, which means
that users may already be familiar with recommendations or oth-
erwise capable of finding them without a recommender system
[17]. For these reasons, recommender systems are frequently eval-
uated on the basis of so-called “beyond accuracy” metrics, such
as novelty, diversity, and serendipity, in addition to utility-based
metrics like precision and nDCG [12]. In the case of serendipity,
the recommender systems research community has operationalized
the concept as a combination of relevance, novelty and unexpect-
edness, where relevance refers to whether an item was beneficial
to the user, and novelty indicates whether the item was unfamiliar
[14, 17, 34]. Unexpectedness has numerous definitions, the most
common being that the user does not think they would have found
the recommended item on their own [2, 8–10, 18, 36]. We argue
that this conceptualisation is unnecessarily narrow and excludes
many recommendations that should be considered serendipitous.

The term serendipity was coined in 1754 by Horace Walpole in
reference to the Persian fairy tale The Three Princes of Serendip. In
the story, the three princes were exploring the world and “making
discoveries, by accidents & sagacity, of things which they were not
in quest of” [27]. This usage is consistent with modern dictionary
definitions. For example, Merriam-Webster1 defines serendipity as
“the faculty or phenomenon of finding valuable or agreeable things
not sought for”. While there is broad agreement between these defi-
nitions, they allow for multiple interpretations and cover a wide
range of phenomena. Indeed, the sociologist Robert K. Merton spent
decades collecting mentions of the term “serendipity” from maga-
zines, newspapers, and journals to characterise its use context [26].
Merton’s archive was subsequently used to create a typology of
serendipity that encompasses four different types of scenario that
can be considered serendipitous: Walpolian, Mertonian, Bushian
and Stephanian serendipity [39]. Each type of serendipity is de-
fined by (i) whether the discoverer had a specific goal in mind

1https://www.merriam-webster.com/dictionary/serendipity
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and (ii) what type of solution the discovery lead to. Following [15],
we collectively refer to these types of serendipity as generalized
serendipity to distinguish them from how serendipity has been
defined in the recommender systems literature, which we refer to
as RecSys serendipity.

The focus on problem-solving in generalized serendipity makes
it broader in scope than the definitions used in recommender sys-
tems and potentially easier to apply in experimental studies. Indeed,
the RecSys definition has numerous shortcomings that complicate
its use. First, while the most common definition of serendipity in
recommender systems requires relevance, novelty and unexpected-
ness, a recent review showed that numerous studies have omitted
one or more of these components [17]. Furthermore, even studies
that define serendipity in the same way can differ in terms of how
each component is measured [14]. This lack of consensus makes
it difficult to compare results across studies and creates additional
“researcher degrees-of-freedom” [32] that can lead to misuse. Sec-
ond, despite being considered important in the RecSys definition of
serendipity, there is no mention elsewhere of serendipitous encoun-
ters needing to be either novel or unexpected [15]. This suggests
there are numerous recommendations that should be considered
serendipitous (i.e. according to generalized serendipity), but are
not due to the strictness of the RecSys definition. Last, when eval-
uating recommender systems based on user feedback regarding
serendipity, it may be complicated by users’ colloquial understand-
ing of the term [15, 30]. Correspondingly, a recommender system
designed to increase serendipitous discoveries may not meet users’
expectations if their understanding of serendipity is misaligned
with that of the system designers. For concision, we refer to this
subjective definition of serendipity based on users’ opinions as user
serendipity.

In this paper, we investigate serendipity in the online article
recommender system, Soulie2. We designed an observational study
to identify serendipitous article recommendations using per-article
surveys. We collected 2002 survey responses from 397 users and
classified whether each article was serendipitous according to each
definition of serendipity. First, we wanted to understand how well
the definitions of serendipity used in recommender systems re-
search and users’ subjective opinions aligned with generalized
serendipity. Next, as we observed considerable overlap between
RecSys and generalized serendipity, we investigated the relative im-
portance of relevance, novelty and unexpectedness in generalized
serendipity. Last, we analyzed users’ behavior in our system, includ-
ing interface interactions (whether articles were “liked”, added to
“favourites” or marked as “read later”), reading progress and time
spent in the system, to understand how these variables relate to dif-
ferent definitions of serendipity. In summary, we ask the following
research questions:
• RQ1 Alignment with Generalized and User Serendipity:
To what extent do the various definitions of RecSys serendip-
ity capture items considered serendipitous under generalized
serendipity? Furthermore, to what extent do users’ opinions
agree with generalized and RecSys serendipity?

• RQ2 Relative Importance of RecSys Serendipity Compo-
nents: What is the relative importance of relevance, novelty

2https://www.soulie.io/

and unexpectedness in both generalized and user definitions of
serendipity?

• RQ3 Associations with User Behavior: What aspects of
user behavior are associated with generalized serendipity, user
serendipity and the various definitions of RecSys serendipity?
Our study found that the precision of using RecSys and user

serendipity to predict the set of generalized serendipity articles was
0.64, showing a moderate alignment between definitions. Recall
was generally lower, with scores ranging from 0.35-0.71. Indeed, the
most common definition of RecSys serendipity (i.e. relevant, novel
and unexpected [1, 2, 14, 17, 25, 35]) had the lowest recall, exposing
what we refer to as the “dark matter” of serendipity; serendipitous
recommendations that would have been overlooked in prior stud-
ies. Conversely, while user serendipity aligned closest with RecSys
serendipity, it still only had a precision of 0.57. Despite these find-
ings, we found that the components of RecSys serendipity were
significantly associated with both generalized and user serendip-
ity3. However, model fit was low: 0.12 and 0.31 for generalized
and user serendipity, respectively. Similarly, despite user behaviors
being significantly associated with a majority of serendipity defini-
tions, the model fit was generally very low and did not exceed 0.11.
These results suggest a need to identify better explanatory factors
in future work.

2 BACKGROUND
In background, we cover definitions, assessment and predictors of
serendipity in recommender systems.

2.1 Definitions of Serendipity
Here, we describe the various definitions of RecSys serendipity as
well as the definitions of generalized and user serendipity.

2.1.1 RecSys Serendipity: The first mention of serendipity in rec-
ommender systems was in 2004 by Herlocker et al., who stated that
“A serendipitous recommendation helps the user find a surprisingly
interesting item he might not have otherwise discovered” [9]. While
numerous definitions of serendipity have been used since then, a
majority require serendipitous items to be some combination of
relevant, novel and/or unexpected [14, 17]. Relevance indicates user
interest in an item, which can be captured explicitly via a survey
question or implicitly if, for example, users consume the item [14].
Novel items have been defined as those the user is unfamiliar with
and as those not thought of at the moment of recommendation
[14]. Unexpectedness has also been defined in several ways, such as
being dissimilar to what the user usually consumes [11, 14, 17, 40]
and when the user enjoyed consuming an item they did not expect
to enjoy [2, 14]. In general, there is no consensus on which compo-
nents are integral to serendipity nor how each component should
be measured [14, 15, 17, 42].

In this paper, we consider all combinations of relevance, novelty
and unexpectedness as variations of RecSys serendipity as each
combination has been used in prior studies (with the exception
of relevance, that we include for comparison) [11, 13, 17, 21, 23,
41]. For relevance, we used whether the user liked a given item
3Relevance, novelty and unexpectedness were significantly associated with user
serendipity, but only relevance and novelty were significantly associated with general-
ized serendipity.
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and, for novelty, we required that an item be unfamiliar to the
user [14]. Lastly, we used one of the most common definitions for
unexpectedness: items the user thinks they would not have found
without the recommender system [2, 8–10, 18, 36].

2.1.2 Generalized Serendipity: Generalized serendipity was intro-
duced by Kotkov et al. as a broader definition of serendipity for
recommender systems than what was previously used [15]. Gen-
eralized serendipity is based on Yaqub’s typology that divides
serendipitous encounters into four categories: Walpolian, Merto-
nian, Bushian and Stephanian serendipity [39]. Walpolian serendip-
ity is the beneficial discovery of things not looked for by the dis-
coverer. Mertonian serendipity extends the previous category by
including beneficial discoveries looked for by the discoverer, but
found via an unexpected route. Bushian serendipity further extends
the definition by including things found without a specific goal in
mind. Lastly, Stephanian serendipity also covers beneficial discov-
eries that help to solve problems that occur after the discovery was
made [39].

Kotkov et al. operationalized Yaqub’s work by considering users’
goals with a recommender system [15]. Under generalized serendip-
ity, an item is serendipitous if it helps the user to achieve at least
one goal different from those they set out to achieve with the rec-
ommender system. For example, if a user wants to find an article
to read during breakfast, but finds an article to share with a friend,
then finding that article is considered serendipitous. If the user
does not have any goals when using the system, then any goals
achieved are considered serendipitous. The formal definition of
generalized serendipity is as follows: “Assume that all goals of the
target user at moment in time 𝑡𝑘 is the set 𝐺𝑡𝑘 . Meanwhile, the time-
line is discrete 𝑇 = {𝑡1, 𝑡2, ..., 𝑡𝑛}, such that at each moment user
goals are different compared to the goals in adjacent moments in time:
(𝐺𝑡𝑘−1 ≠ 𝐺𝑡𝑘 ) ∧ (𝐺𝑡𝑘 ≠ 𝐺𝑡𝑘+1 ). Goals that the target user wants to
achieve in a recommender system at 𝑡𝑘 are 𝑅𝑡𝑘 ⊆ 𝐺𝑡𝑘 , while 𝑅𝑡𝑘 = ∅
if the user does not interact with the system or has no specific goals
during the interaction. An item recommended by the system to the
target user is serendipitous if it helps them to achieve any goals from
the set 𝑆𝑡𝑘 =

⋃𝑛
𝑗=𝑘

𝐺𝑡 𝑗 \ 𝑅𝑡 𝑗 ”. Generalized serendipity is similar to
definitions used in other disciplines, such as information interac-
tion [20] and the social sciences [15]. The key difference between
generalized and RecSys serendipity is that generalized serendipity
is based on the difference between what the user looks for and
what they find, whereas RecSys serendipity is based on the user’s
interest in and awareness of the item prior to finding it.

2.1.3 User Serendipity: User serendipity is based on each users’
subjective understanding of the term serendipity [15]. While user
serendipity is ill-defined, it is an important point of comparison
to understand users’ perspectives and to interpret user feedback.
Indeed, serendipity has been recognized as one of the most difficult
words to translate into different languages [22] and is often misused
in daily life [29].

2.2 Assessment of Serendipity
Serendipity is generally assessed in recommender systems using
surveys tailored to a specific definition of serendipity [17].

2.2.1 RecSys Serendipity: Serendipity studies in recommender sys-
tems tend to ask users to interact with a set of items and use survey
questions to identify whether those items should be considered
serendipitous. For example, Kotkov et al. conducted an experiment
in MovieLens, a movie recommender system, where the authors
picked movies that were relevant to users based on their ratings
and asked them to indicate whether each movie was novel or un-
expected according to multiple definitions of each term. If a user
indicated that a relevant movie was both novel and unexpected,
then it was labeled serendipitous according to the RecSys definition
[14].

As there is no consensus on precisely what constitutes RecSys
serendipity, researchers have used various questions to assess rele-
vance, novelty and unexpectedness. For example, Taramigkou et
al. only asked about relevance and unexpectedness: “Did you find
artists you wouldn’t have found easily on your own and which you
would like to listen to from now on?” [36]. Zhang et al. essentially
defined serendipity as unexpectedness (i.e. no relevance or novelty)
using the following semantic differential scale: “Exactly what I listen
to normally... Something I would never have listened to otherwise”
[40]. In contrast, Smets et al. used relevance and a variation of un-
expectedness: “How often do you find yourself pleasantly surprised
by the recommended restaurants or bars on these websites and apps?”
[34].

2.2.2 Generalized Serendipity: There have been two study designs
proposed to investigate generalized serendipity in recommender
systems: a laboratory study [33] and a field study [15].

Smets et al. proposed a laboratory study for assessing generalized
serendipity [33]. Users would be instructed to use a recommender
system to shortlist items that fit specific criteria, such as finding
appropriate books for a book discussion club. While looking for
these items, users would be provided with another list to save
items they found interesting, but were otherwise unrelated to the
search task (that they would be forwarded after the study). After
completing the task, participants would then be asked to fill out a
survey to identify serendipitous recommendations in the non-task
related list.

Kotkov et al. proposed a field study for measuring generalized
serendipity [15]. In the experiment, participants would use the
recommender system in their daily lives, but would regularly be
asked to share their current goals, i.e. why they are using the system.
After consuming each item, participants would be asked to indicate
what goal the item helped them to achieve. An item would be
considered to be generalized serendipitous if it helped a participant
to achieve any goals different from those they set out to achieve.
This paper implements and further develops this study design.

2.2.3 User Serendipity: Similar to RecSys serendipity, user serendip-
ity is assessed by asking participants a survey question after they
have interacted with a recommender system. This question takes
the form of a direct question that contains the word serendipity,
but provides no further explaination with regards to specific cri-
teria. For example, Said et al. simply asked the question: “Are the
recommendations serendipitous?” [30].
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(a) Hub page (b) Article viewing (c) Article survey (d) Selecting interests (e) Goal survey (f) Collections (favorites,
read later, history)

Figure 1: User interface of the article recommender system.

2.3 Predictors of Serendipity
Recently, several user studies have identified predictors of RecSys
serendipity. Kotkov et al. studied serendipity in MovieLens and
found it to be correlated with preference broadening. Furthermore,
ratings predicted by MovieLens, item popularity, content-based
and collaborative similarity to users’ profiles were all predictors
of serendipitous recommendations [14]. Chen et al. conducted a
survey on serendipity in e-commerce and showed it to be correlated
with user satisfaction, purchase intention and timeliness [6].

Wang and Chen [37] compared serendipity in the movie [14] and
e-commerce domains [6]. They found that lower item popularity
and smaller user profiles (items consumed in the past) result in
higher chances of serendipity in both domains. However, other
factors were domain-specific: diversity of items consumed was cor-
related with serendipity in the movie domain, but anti-correlated in
e-commerce. Whereas, timeliness and collaborative similarity were
correlated with serendipity in e-commerce, but anti-correlated in
the movie domain. Interestingly, they showed that in e-commerce
certain user groups (men, older people) and personality types (high
on curiosity, openness to experience, conscientiousness, extraver-
sion, and neuroticism, but low on agreeableness) weremore inclined
to perceive recommendations as serendipitous.

Lastly, Smets et al. conducted a survey on venues in an urban
recommender system. They found that the more frequently users
visited venues, the higher the chances of them finding serendipitous
venues [34].

2.4 Serendipity Outside of Recommender
Systems

Serendipity has been widely researched in other disciplines using
similar definitions to those investigated in our study. For exam-
ple, Bao and Yang investigated serendipity in management using
a definition similar to one previously used in recommender sys-
tems: “serendipity has two fundamental properties: unexpectedness
and value” [5]. The authors surveyed 353 participants and found
that serendipity was one of the core factors that influenced impul-
sive buying behavior [5]. Sawaizumi et al. introduced the concept of
“serendipity cards” in education and used a definition of serendipity

similar to generalized serendipity [31]. Agarwal conducted a litera-
ture review on information behavior and suggested that serendip-
ity can result in beneficial discoveries, but also disappointment,
depending on the information encountered [4]. Lastly, Makri et
al. conducted an observational study of serendipity in information
seeking with 45 participants and also used a definition similar to
generalized serendipity: “[w]e therefore define ‘coming across in-
formation serendipitously’ as ‘finding useful or potentially useful
information unexpectedly – either when not looking for information
at all, when looking for information about something else or when
looking for information with no particular aim in mind.”’[20]. The
study suggested that serendipity-related information interaction
behavior can be observed in a research setting. Considering the
similarities between the definitions of serendipity used in other
disciplines and those we have investigated in our study, we believe
that the issues we highlight could also have implications for the
study of serendipity in other contexts.

3 METHODOLOGY
In this work, we wanted to directly compare examples of general-
ized serendipity, the various definitions of serendipity used in the
recommender systems literature and participants’ own understand-
ing of serendipity. Our study was based on Soulie, an application
where participants could browse through recommendations of on-
line articles related to their interests and provide feedback using
brief surveys (see Figure 1). The data collected allowed us to assign
which, if any, definition of serendipity could be applied to a given ar-
ticle. Additionally, we logged numerous interaction events between
participants and the application to analyze which aspects of user
behavior are associated with different definitions of serendipity.

3.1 Study Design
We designed an observational study based on Soulie, an article
recommender system currently under development for Android
and iOS. This study was part of the development process.

The application loads articles from the Internet and displays
them in an internal web browser (see Figure 1(b)). The articles were
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chosen from popular websites, including Pitchfork4, Ars Technica5
and Live Science6. These websites were crawled each day and new
articles added to the database. At the time of writing, the database
contains links to 97,583 articles categorized using the following
topics: news (76,652), media (7,186), technology (3,123), business
and finance (2,596), opinion (1,945), social (1,331), art (1,304), science
(1,228), nature (945), personal growth (739) and entertainment (534).
Articles can only belong to a single topic. After two weeks, the
articles expire and become unavailable for recommendation.

The application was advertised through social media as a tool
for providing personalized serendipitous article recommendations
for learning useful information and to encourage personal develop-
ment. Participants were notified that the application was currently
under development and were invited to join a mailing list and
Slack channel. When an early version of the application was ready,
participants were invited to enroll in the study. Participants were
informed that the study was dedicated to serendipity and their
participation would support further development. All participants
were aged 18 or over and gave informed consent for their data to
be used for research purposes. The study ran for 16 weeks from
December 15, 2022 to April 6, 2023.

3.2 Survey Design
To identify serendipitous articles, we asked participants to com-
plete two types of survey throughout the study: goal surveys (1
question) and article surveys (5 questions). The survey questions
used a combination of 5-point scales and short free-form text. The
survey questions were all derived from the recommender systems
literature and are shown in Table 1. We used the minimum num-
ber of survey questions to increase response rate and minimize
disruptions while users interacted with the system.

3.2.1 Goal surveys: The goal survey appeared the first time partici-
pants opened the application each day and asked them to state their
current goal for using the application (see Figure 1(e)). The goal
survey included a list of predefined goals (described below) that
participants could add to with their own custom goals. Participants
could change their goals at any time, indicate that they had “No goal”
and set multiple simultaneous goals (excluding “No goal”, which
could not be combined with any other goals). The goal surveys
were only used to identify whether articles could be considered
serendipitous according to generalized serendipity.

3.2.2 Article surveys: The article surveys were used for measuring
each serendipity type and appeared after the participants had read
each article (see Figure 1(c)). Participants had the option to skip the
article survey and, if they skipped three surveys in a row, were not
asked to complete the survey for the rest of the day. If a participant
completed an article survey for the same article more than once,
then we only considered the most recent response.

3.2.3 Predefined Goals: To help participants fill out the surveys
quickly, we included a list of predefined goals for both the goal and
article surveys. We created the list of predefined goals by asking
members of the application’s Slack channel to indicate the goals

4https://pitchfork.com/
5https://arstechnica.com/
6https://www.livescience.com/

they would like to achieve with the application and to describe
the kinds of article they would like recommended. We received 36
replies and extracted goals using the following procedure [7]. First,
we filtered out goals that were inapplicable to our study design
(e.g. “spending less time on the phone” ) or too specific (e.g. “finding
articles on financial freedom” ). Next, we summarized the remaining
answers, resulting in the list shown in Figure 2. Following [15], we
also added a “No goal” option.

3.2.4 Generalized Serendipity: We used the two goal-related ques-
tions from the goal and article surveys to understand whether a
given article was serendipitous according to the definition of gen-
eralized serendipity. We compared the goals the participant stated
they wanted to achieve with our system with the goals that they
stated had been achieved with the recommended article [15]. If
the participant achieved at least one goal different from the list of
planned goals, then we labeled the article as an example of general-
ized serendipity. We note that for the purpose of our analysis, we
only required each participant to have a consistent interpretation
of each goal and did not require different participants to have the
same interpretation of a given goal [15].

3.2.5 RecSys Serendipity: We included three survey questions re-
lated to relevance, novelty and unexpectedness in the article survey
to understand whether each article was serendipitous according to
any of the previously used definitions of serendipity in the recom-
mender systems research literature (see Table 1). Following [14],
an article was considered, for example, relevant, if participants
responded with either 4 or 5 on a 5-point scale (corresponding to
“agree” and “strongly agree”, respectively). If the participant indi-
cated that each component necessary for a given type of RecSys
serendipity was true for the current article, then we labeled the
article as an example of RecSys serendipity.

3.2.6 User Serendipity: The article survey included a single ques-
tion to understand whether participants considered a given article
serendipitous according to their own understanding of the term.
If the participant responded with either 4 or 5 on a 5-point scale
(corresponding to “agree” and “strongly agree”, respectively), then
we labeled the article as an example of user serendipity.

3.3 Measures
We logged numerous interactions in the application to understand
the degree to which user behavior was impacted after encounter-
ing serendipitous articles. We used the following variables in our
analysis:
• User interactions:Wemodelled whether users interacted with
the application after reading an article as a binary variable. The
variable was set to 1 if the participant had either “liked” or
added the article to their “Favorites” or “Read Later” lists, and 0
otherwise. Among the articles with survey responses, 20% had
at least one type of interaction: 17% were liked, 5% were added
to “Favorites” and 4% were added to “Read Later”. Participants
were able to “unlike” an article as well, so we only considered
the final status at the end of the study.

• Reading progress: We modelled the reading progress of each
viewed article as a continuous variable between 0 and 1 indi-
cating the proportion of the web page scrolled through by the
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Table 1: Survey questions and response scales. The 5-point Likert scale corresponds to the options: strongly disagree, disagree,
neutral, agree, strongly agree.

Type of Serendipity Question Response options Adopted from
Goal survey

Generalized serendipity Pick today’s goal Learn new things, Improve myself, etc. [15]
Article survey

Relevance I liked this article 5-point Likert scale [14, 17, 34]
Novelty I gained knowledge 5-point Likert scale [14]
Unexpectedness I wouldn’t have discovered this by myself 5-point Likert scale [2, 8–10, 18, 36]
User serendipity This article was serendipitous to me 5-point Likert scale [30]
Generalized serendipity I achieved the following goals Learn new things, Improve myself, etc. [15]

0 200 400 600 800 1000
number of times the goal has been set

Find articles within my interests
Learn new things

Improve myself
Entertain myself

Keep up with the news
Find positive (uplifting) articles

Find articles on niche topics
No goal

Explore topics outside my interests
[custom]

go
al

s

(a) Distribution of goals set by participants to be achieved with the application.

0 100 200 300 400 500 600 700 800
number of times the goal has been achieved

Learn new things
Find articles within my interests

Find articles on niche topics
Keep up with the news

No goal
Entertain myself

Explore topics outside my interests
Find positive (uplifting) articles

Improve myself
[custom]

go
al

s

(b) Distribution of goals achieved with an article. “No goal” indicates that the article
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Figure 2: Planned and achieved goals. Custom refers to goals added by participants.
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ticipant. For clarity, we omitted four participants from the
graph who spent more than 200 minutes using the applica-
tion.

Figure 3: Distributions of user behaviors

participant. Figure 3(a) shows the most frequently occurring
value of reading progress was close to 1. It is worth noting that
articles are often followed by online advertisements, so partici-
pants may not have scrolled to the end of the page even though
they read the whole article.

• Time spent:We logged the number minutes each participant
spent in the application by calculating the total duration of
all sessions. Participants were considered to be in an active
session if there was a timestamped interaction within the last 10
minutes. Interactions included, for example, navigation between
pages, survey responses and goal updates. Participants spent an
average of 20.5 minutes (median 8.4 minutes) in the application

(see Figure 3(b)). We log transformed time spent as it could only
take a positive value.

3.4 Procedure
As part of the registration process for the study, participants gave
informed consent and provided demographic information. Only
participants over the age of 18 were allowed to take part in the
study. Participants were then given access to the application, which
they needed to download and install on their mobile device.

Participants were not given an explicit task to complete other
than to use the application as a way to discover articles to read.
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We describe how participants could interact with the application
during that process:
• Define interests: Participants could define their interests dur-
ing registration and at any point afterwards. Interests were
selected from the list of article categories, i.e. news, technology,
etc. (see Figure 1(d)). Each participant had to pick at least one
topic of interest.

• Set goal(s): Participants stated their current goals by answering
the goal survey. The goal survey was opened at the start of the
first session of the day and could be accessed at any point by
the participant to redefine their goals. Goals could be selected
from the list of predefined goals or a custom goal added by the
participant (see Figure 1(e)).

• Browse articles: Participants could browse articles from the
hub screen (see Figure 1(a)). The application recommended 15
articles at a time with 12 articles corresponding to the partici-
pant’s stated interests and 3 articles from topics outside of their
interests. Articles were sampled randomly from each category.
If participants modified their interests, then the recommended
articles were updated accordingly. Participants could select ar-
ticles for reading or remove an article from the list of recom-
mendations. Articles that were read or removed were replaced
by another article from the same category.

• Read articles: While reading articles (see Figure 1(b)), partici-
pants could “like” or add it to their “Read Later” and “Favorites”
lists. After reading an article, participants were asked to com-
plete an article survey (see Figure 1(c)). Articles that participants
had read or added to a list were available on the collection screen
(see Figure 1(f)).

3.5 Participants
We recruited 616 participants for our study (339 male, 218 female,
59 other). Participants were recruited via social media. The median
age of participants was 21, but ranged from 18 to 44. As this was
an observational study with no explicit task, many participants
interacted with the application, but did not complete any goal or
article surveys. To answer our research questions, we focused on
the subset of 397 participants (207 male, 147 female, 43 other) who
provided at least one response to a pair of goal and article surveys.
In this subset, participants provided 2002 article survey responses
on 1320 unique articles. A majority of participants only rated a
single article, while the median was 2 articles and the mean was 5
articles.

4 RESULTS
We conducted a quantitative analysis to contrast the sets of articles
that met the definitions of generalized, RecSys and user serendipity.
In terms of participants’ goals, the most popular were “finding
articles within my interests” and “learn new things”, which were
also the most frequently achieved goals (see Figure 2). Custom
goals added by participants included, for example, “keep up with
economics”, “get information to make a decision what to buy/do” and
“regain focus”. Based on the responses to the article surveys, we
identified 1075 articles for generalized serendipity, 687 articles for
RecSys serendipity (using the most common definition: relevant,
novel and unexpected) and 789 articles for user serendipity. These

Table 2: Classification metrics of how well each definition of
serendipity predicts the set of generalized serendipity arti-
cles. The highest scores for each metric are in bold.

Serendipity def. Precision Recall Accuracy
user 0.64 0.40 0.59
rel 0.59 0.67 0.62
nov 0.58 0.71 0.61
unexp 0.50 0.64 0.51
rel_nov 0.61 0.53 0.61
rel_unexp 0.61 0.43 0.59
nov_unexp 0.59 0.47 0.58
recsys (rel_nov_unexp) 0.64 0.35 0.58

sets of articles have substantial overlaps with one another (see
Figure 4). For example, around half of the generalized serendipity
articles are also considered serendipitous by users (Figure 4(d)),
while most of the user serendipity articles belong to at least one
component of RecSys serendipity (Figure 4(b)).

4.1 Alignment with Generalized and User
Serendipity

For RQ1, we wanted to investigate the extent to which the various
definitions of RecSys serendipity captured the set of articles consid-
ered serendipitous according to generalized and user serendipity.
We used the classification evaluation metrics: precision ( TP

TP+FP ),
recall ( TP

TP+FN ) and accuracy ( TP+TN
TP+FP+TN+FN ), where TP is true pos-

itives, TN is true negatives, FP is false positives and FN is false
negatives. To compare ResSys and generalized serendipity, we con-
sidered the set of true articles (i.e. TP + TN) to be the 1075 general-
ized serendipity articles and the set of positive articles (i.e. TP + FP)
to be those considered serendipitous according to a given RecSys
definition. As the number of articles viewed by each participant
was not equal, we report the average precision, recall and accuracy
per participant. To investigate user serendipity, we repeated this
analysis, but replaced the set of generalized serendipity articles
with the set of user serendipity articles.

For concision, we used the following shortcuts to describe each
component of RecSys serendipity: rel for relevance, nov for nov-
elty and unexp for unexpectedness. We indicated the intersection
between serendipity components with an underscore, e.g. rel_nov
corresponds to articles that were both relevant and novel. We con-
sidered all definitions of RecSys serendipity that have previously
appeared in the literature [11, 13, 17, 21, 23, 41] in addition to rele-
vance for comparison.

4.1.1 Generalized serendipity. Table 2 shows the precision, recall
and accuracy of how well each definition of RecSys serendipity
and user serendipity predict the set of generalized serendipity ar-
ticles. Both user serendipity and rel_nov_unexp had the highest
precision (0.64). However, these two definitions also had the lowest
recall scores (0.4 and 0.35 for user serendipity and rel_nov_unexp,
respectively). These findings are in accordance with our intuitions:
RecSys serendipity is conceptually narrow as demonstrated by low
recall, but its moderately high precision may still make it appro-
priate for ensuring the presence of serendipitous items in top-n
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Figure 4: Euler diagrams showing the overlaps between different definitions of serendipity

Table 3: Classification metrics of how well each definition of
serendipity predicts the set of user serendipity articles. The
highest scores for each metric are in bold.

Serendipity def. Precision Recall Accuracy
generalized 0.40 0.64 0.59
rel 0.46 0.86 0.67
nov 0.41 0.78 0.58
unexp 0.35 0.69 0.49
rel_nov 0.50 0.72 0.71
rel_unexp 0.52 0.59 0.71
nov_unexp 0.44 0.54 0.64
recsys (rel_nov_unexp) 0.57 0.49 0.73

recommender systems. Generalized serendipity appears to be well
captured by novelty: it has the highest recall (0.71) and the second
highest accuracy (0.61). However, we note that these scores are
conditional on participants’ decision to read a given article and,
therefore, implicitly depend on some aspect of relevance as well. In-
deed, relevance had the highest accuracy (0.62), which is interesting
because recommender systems are designed to predict which items
are relevant to users’ interests and this is thought to be antagonistic
to serendipity [2, 11, 17].

4.1.2 User serendipity. Table 3 shows the precision, recall and accu-
racy of how well each definition of RecSys serendipity and general-
ized serendipity predict the set of articles considered serendipitous
by participants. From the user perspective, rel_nov_unexp, the
most common definition of RecSys serendipity, had both the high-
est precision (0.57) and accuracy (0.73). Moreover, relevance had
exceptionally high recall (0.86) for user serendipity. Generalized
serendipity performs comparatively poorly across metrics versus all
other definitions (with the exception of unexpectedness), suggest-
ing that participants’ understanding of serendipity is more inline
with the components of RecSys serendipity than the other types
of scenario in which the term could also be applied. We elaborate
further on the implications of this finding in discussion.

Table 4: Coefficients for fixed effects from two mixed-effect
logistic regression models with relevance, novelty and un-
expectedness as independent variables (with corresponding
P-values in brackets). Significant P-values (P < 0.0015) are in
bold.

Serendipity def. Relevance Novelty Unexpectedness pseudo-𝑅2
generalized 0.51 (2e-15) 0.24 (2e-4) 0.08 (0.09) 0.12
user 1.39 (2e-16) 0.44 (7e-8) 0.38 (7e-9) 0.31

4.2 Relative Importance of RecSys Serendipity
Components

Given the significant overlap between articles that meet multiple
definitions of serendipity, we wanted to understand the relative
importance of relevance, novelty and unexpectedness in both gen-
eralized and user serendipity. To address RQ2, we fitted two mixed-
effect logistic regression models. Each model included three inde-
pendent variables corresponding to participants’ 5-point ratings of
relevance, novelty and unexpectedness statements from the article
surveys. The dependent variable for each model corresponded to
whether an article was serendipitous according to the generalized
or user definitions. To account for repeated measures, we included
a random intercept for each participant. Table 4 shows the esti-
mated regression coefficients for both models. We used McFadden’s
pseudo-𝑅2 as a measure of model fit [24]. We applied Bonferroni
correction to the significance threshold as follows: 0.05/33 = 0.0015
(based on the 33 statistical tests conducted in this paper).

Table 4 shows that all components of RecSys serendipity are
associated with user serendipity, whereas only relevance and nov-
elty were associated with generalized serendipity. For both user
and generalized serendipity, however, the strongest and most sta-
tistically significant association was with relevance, highlighting
its importance to serendipity in general. Furthermore, the relative
ordering of components by the magnitude of their coefficients is the
same for user and generalized serendipity7. Lastly, the goodness of
fit for each model using RecSys serendipity components was much
higher for user serendipity than for generalized serendipity (𝑅2 =
0.31 and 0.12, respectively). This shows that (i) user serendipity is

7This assumes that the coefficient for unexpectedness in the model for generalized
serendipity is zero as it was not statistically significant.
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Table 5: Coefficients for fixed effects from ninemixed-effect logistic regressionmodels with serendipity definitions as dependent
variables and user behavior measures as independent variables (with corresponding P-values in brackets). Significant P-values
(P < 0.0015) are in bold.

Serendipity def. Interactions Reading progress Time spent pseudo-𝑅2
generalized 0.35 (0.01) 1.01 (3e-8) 0.17 (6e-3) 0.06
user 1.22 (2e-16) 0.66 (5e-4) 0.24 (2e-3) 0.09
rel 2.30 (2e-16) 1.29 (7e-13) 0.17 (2e-3) 0.11
nov 1.19 (4e-15) 0.93 (8e-8) 0.08 (0.09) 0.05
unexp 0.31 (0.04) 0.39 (0.03) 0.02 (0.6) 0.08
rel_nov 1.64 (2e-16) 1.05 (2e-9) 0.17 (7e-4) 0.08
rel_unexp 1.47 (2e-16) 1.11 (2e-9) 0.17 (7e-3) 0.10
nov_unexp 0.92 (2e-11) 0.82 (5e-6) 0.11 (0.06) 0.07
rel_nov_unexp 1.44 (2e-16) 1.11 (2e-8) 0.21 (2e-3) 0.10

closer than generalized serendipity to RecSys serendipity as rele-
vance, novelty and unexpectedness explain a greater proportion of
variance and (ii) a substantial proportion of the variance in both
user and generalized serendipity remains unexplained.

4.3 Impact of Serendipity on User Behavior
In RQ3, we wanted to understand how user behavior was impacted
after encountering serendipitous articles. We fitted nine mixed-
effect logistic regression models. Each model included independent
variables for user interactions, reading progress and time spent
in the application. The dependent variable for each model corre-
sponded to whether an article was serendipitous according to a
given definition of serendipity. To account for repeated measures,
we included a random intercept for each participant.

Table 5 shows the estimated regression coefficients for each
model. User interactions and reading progress were associated with
a majority of serendipity definitions (7/9 definitions), confirming
that participants valued serendipitous encounters (otherwise they
would not have read or bookmarked the articles). However, gen-
eralized serendipity was only associated with reading progress,
showing that information needs to be consumed to achieve new
goals, but, as the most common goal achieved was to “learn new
things” (see Figure 2(b)), it does not necessarily need to be book-
marked. Time spent was only associated with rel_nov, suggesting
that higher user engagement with the application did not gener-
ally result in more serendipitous encounters. Lastly, model fit was
uniformly low across all serendipity definitions. User serendipity,
for example, had better model fit using RecSys serendipity compo-
nents as predictors (0.31, from Table 4) than user behaviors (0.09).
While serendipity appears to have a measurable impact on user
behavior (as demonstrated by significant regression coefficients),
there is limited potential for passively monitoring serendipity using
interaction data (as indicated by extremely low 𝑅2 values).

5 DISCUSSION AND LIMITATIONS
The main goal of this research was to compare the various defi-
nitions of serendipity used to assess recommender systems with
generalized serendipity, a conceptually broader definition focused
on problem-solving. We also wanted to understand how users’
subjective understanding of serendipity compared to these more

formal definitions. We conducted an observational study over a
period of 16 weeks. In the study, we collected 2002 survey responses
from 397 users of an online article recommender system. In our
results, we found a significant proportion of serendipitous recom-
mendations were missed by the conventional definitions used in the
recommender systems research literature. Furthermore, we identi-
fied a disconnect between both RecSys and generalized serendipity
and what users believed to be serendipitous encounters. Lastly,
our attempts to model generalized and user serendipity fell short,
with relevance, novelty and unexpectedness, and different types
of behavioral data having very low goodness of fit. We discuss the
implications of these results in the following subsections.

5.1 The Dark Matter of Serendipity
Our study highlights the “dark matter” of serendipity in recom-
mender systems research; recommendations that should be consid-
ered serendipitous and are, therefore, beneficial to users, but have
been overlooked due to the narrow definitions of serendipity used
in prior work. We presented numerous results to substantiate this
claim. First, more articles fitted the definitions of generalized and
user serendipity compared to RecSys serendipity in terms of raw
counts (687 versus 789 and 1075 for RecSys, user and generalized
serendipity, respectively). Second, even the best performing RecSys
definitions had only moderate precision for both generalized and
user serendipity. Furthermore, the most common variant of RecSys
serendipity had the worst performance in terms of recall (see Ta-
bles 2 and 3). Lastly, the explanatory power of relevance, novelty
and unexpectedness was shown to be limited for both generalized
and user serendipity (see 𝑅2 values in Table 4).

Unobserved serendipity has numerous implications. The lack of
consistency between user studies in terms of the selection of defi-
nition and the composition of surveys already makes it difficult to
compare results. However, the possibility of unobserved serendip-
ity has the potential to dramatically alter the conclusions of past
studies. Indeed, even in system development, an algorithm that
has been optimized to recommend serendipitous items is likely to
under perform as a result of being trained on data that was labelled
based on RecSys serendipity.

In future work, we plan to investigate the implications of this
unaccounted for serendipity. First, our current study looked at
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serendipity from the perspective of sets of items, however, recom-
mendations are usually generated from a ranked list. Therefore, we
want to understand how different definitions of serendipity affect
the number of serendipitous encounters in top-n recommendations.
Next, Wang and Chen showed that serendipity can manifest in
domain-specific ways [38]. We want to understand whether this
is the case with generalized serendipity, or if it is more robust to
differences in domain.

5.2 Serendipity or User Experience?
We showed that user serendipity – users’ colloquial understanding
of serendipity – resulted in a different set of serendipitous articles
compared to generalized and RecSys serendipity. In particular, we
showed that the most common version of RecSys serendipity had
only moderate precision when classifying user serendipity (see
Table 3). Furthermore, while the explanatory power of relevance,
novelty and unexpectedness was higher for user serendipity than
generalized serendipity, the model fit still low (0.31, see Table 4).
Lastly, relevance appears to capture most of the items users identify
as serendipitous, whereas novelty identifies the majority of items
with respect to generalized serendipity (recall scores of 0.86 and
0.71, respectively, see Tables 2 and 3).

These findings have consequences for recommender systems
design: optimizing a recommender for either generalized or RecSys
serendipity will not align the resulting recommendations with users
expectations of serendipity, which may negatively impact user
experience. In future work we want to understand the interplay
between serendipity and user experience, and investigate whether
it would actually be beneficial to narrow the RecSys definition of
serendipity further by attempting to filter out recommendations
that would not meet users’ subjective understanding of the term.

5.3 Beyond Relevance, Novelty and
Unexpectedness

Our results showed that neither the RecSys serendipity components
nor the user behavior data we collected could be used to model
generalized or user serendipity with even moderate goodness of fit
(see Tables 4 and 5). If we want to produce descriptive models of
serendipity, then we need to identify additional candidate variables
to account for the unexplained variance. Based on prior work, our
study design could be extended to investigate the following: context-
dependency, user and item characteristics, and the impact of user
interfaces. We cover each in turn:
• Context-dependency:Contextual information, such asweather,
time of day and location, have long been known to impact the
efficacy of recommender systems [3] and, therefore, will impact
all definitions of serendipity due to the general importance of
relevance (see Table 4).

• User and item characteristics: RecSys serendipity has been
shown to be associated with user characteristics, such as de-
mographic information and personality traits [37], and item
characteristics, such as item popularity and similarity to items
already consumed [14]. Both are likely to have an impact on
user and generalized serendipity as well.

• Impact of user interface: Both user interface [33] and rec-
ommendation list composition [16, 19] have been shown to

alter user perceptions of recommendations. Indeed, intra-list
diversity has already been shown to alter RecSys serendipity
[16]. We believe that these factors could also benefit user and
generalized serendipity.

5.4 Limitations
There are several limitations with our study. First, our results are
based on an observational study and not a randomized controlled
trial, limiting us to identifying correlations related to serendipity.
This limitation is common among serendipity studies because the
short duration of laboratory studies may not include any serendip-
itous encounters (for comparison, our study ran for 16 weeks).
Second, previous studies have highlighted domain-specific factors
in serendipity, but we only investigated recommendations in a sin-
gle domain: online articles, which could limit the generalizability
of our findings. Third, we investigated recommendations that were
sampled at random from user-selected topics. While this had the
advantage that it could not suffer from the inherent biases in top-n
recommender systems, such as popularity and sparsity bias, it is not
clear whether this affected our results. Fourth, as we notified partic-
ipants that the study was about serendipity, this might have had a
priming effect on survey responses. Lastly, our study implicitly as-
sumes that all serendipitous encounters should be weighted equally,
but this is not necessarily the case from the user perspective.
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