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ABSTRACT

Recommender systems suggest items, such as movies or books, to
users based on their interests. These systems often suggest items
that users are either already familiar with or could easily have
found on their own without additional assistance. To overcome
these problems, recommender systems aim to suggest serendipi-
tous items. While there is a lack of consensus in the recommender
systems research community on the definition of serendipity, it is
often conceptualized as a complex combination of relevance, nov-
elty and unexpectedness. However, the common understanding and
original meaning of serendipity is conceptually broader, requiring
serendipitous encounters to be neither novel nor unexpected. Re-
cent work in the social sciences has highlighted the various ways
that serendipity can manifest, leading to a more generalized def-
inition of serendipity. We argue that the study of serendipity in
recommender systems would benefit from considering items that
are serendipitous under this more general definition, giving us a
deeper understanding of the item characteristics and behavioral
impact of serendipitous recommendations. These findings will help
us to better optimize recommender systems for serendipity. In this
paper, we explore various definitions of serendipity and propose a
novel formalization of what it means for recommendations to be
serendipitous. Lastly, we present an experimental design for how
serendipity can be measured in a deployed recommender system.
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1 INTRODUCTION

Recommender systems are software tools that suggest items of
interest to users [16], where an item is a “piece of information that
refers to a tangible or digital object, such as a good, a service or a
process” [9]. By design, recommender systems often recommend
items that are either popular or similar to what users have already
consumed [4]. However, users are likely to already be familiar
with these items or are capable of finding them without the help
of a recommender system [10]. Furthermore, users tend to prefer
recommendations that are novel and interesting [10]. To overcome
these issues, recommender systems aim to suggest serendipitous
items [10].

In the recommender systems literature, serendipity is usually
defined as a complex concept which consists of one or more of
the following components: relevance, novelty and unexpectedness.
Relevance refers to an item that is beneficial to the user, and novelty
indicates that the user is unfamiliar with the item [8, 10]. Unex-
pectedness has numerous definitions, the most common being that
an item is dissimilar to what the user tends to consume [8]. This
conceptualisation is at odds with what is commonly understood by
serendipity. Merriam-Webster, for example, defines serendipity as
“the faculty or phenomenon of finding valuable or agreeable things
not sought for’!, which does not mention that a serendipitous
encounter needs to be novel or unexpected to the discoverer.
Even outside of recommender systems, serendipity is a difficult
term to translate between languages® and users may understand
the concept in their own way [17].

Inconsistent definitions of serendipity create three key problems
in recommender systems. First, items considered serendipitous
according to the common-usage definition might have differ-
ent characteristics compared to those considered serendipi-
tous in the recommender systems literature. Without being
able to identify such items, we cannot investigate their behavioral
impact on users, nor can we optimize a recommender system to
suggest them. Second, different definitions create confusion within
the research community and limit our ability to compare results
between experimental studies. Even among researchers with the
same broad definition of serendipity, the lack of consensus on how
to measure unexpectedness leads to similar issues [8]. Finally, rec-
ommender systems are user-facing systems and researchers often
seek feedback from users. In the case of serendipity, it is unclear
how researchers would translate between users’ looser definitions
of the term and the recommender systems definition, leading to
incorrect conclusions [11].

In this paper, (1) we show that the definition of serendipity used
in recommender systems is conceptually narrow compared to other

!https://www.merriam-webster.com/dictionary/serendipity
Zhttps://www.todaytranslations.com/news/most-untranslatable-word/
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definitions; (2) we propose a method to expand the definition of
what it means for recommendations to be serendipitous; and (3)
we present an experimental design for measuring serendipity in a
deployed recommender system.

2 GENERALIZED SERENDIPITY

The term serendipity was coined by Horace Walpole in his letter to
Sir Horace Mann in 1754. The author referenced the Persian fairy
tale “The Three Princes of Serendip” when describing his recent
discovery. In the story, the three princes of the country Serendip
were exploring the world and “making discoveries, by accidents
& sagacity, of things which they were not in quest of” [15]. This
definition is also consistent with modern dictionary definitions,
such as the one from the Britannica Dictionary®: “luck that takes
the form of finding valuable or pleasant things that are not looked
for.

Although there seems to be a certain level of agreement on
the definition between dictionaries and the letter to Sir Horace
Mann, the definition allows for multiple interpretations, covers a
wide range of phenomena and can often cause confusion [20]. To
illustrate the usage of the term in practice, we rely on the recent
literature review by Ohid Yaqub [20], that presents a taxonomy
of serendipity based on the archives of Robert K Merton, who
spent decades collecting mentions of the term “serendipity” in
magazines, newspapers, and journals. This collection later resulted
in the popular book “The Travels and Adventures of Serendipity: A
Study in Sociological Semantics and the Sociology of Science” [5].

According to Yaqub [20], there are four categories of serendipity:
Walpolian, Mertonian, Bushian and Stephanian, which are summa-
rized in Table 1. Walpolian serendipity is the discovery of things
that the discoverer is not in quest of. For example, a man named
Bob who does not plan to look for any gifts, visits a grocery store to
buy food, comes across a toy which is a perfect gift for his daughter
and buys it. Here, the toy is a serendipitous discovery. Mertonian
serendipity extends Walpolian serendipity by including discov-
eries of things that the discoverer looks for but finds through an
unexpected route. An example of this could be if Bob visits multiple
toy stores to find a birthday gift for his daughter, but fails to find
anything suitable. However, he comes across the kind of toy he is
looking for in a grocery store while shopping for food. Bushian
serendipity extends the definition further by including discoveries
made by the discoverer when they do not have a specific problem
in mind. In this case, while waiting for a bus, Bob’s gaze falls on
a shop window where he discovers the perfect toy and buys it for
his daughter. Lastly, Stephanian serendipity includes discoveries
that solve problems that appear after the discovery has been made.
For example, Bob finds a vintage lighter while going through old
boxes in his attic. Months later, he finds out that one of his friends
collects vintage lighters, making it a perfect gift.

3 SERENDIPITY IN RECOMMENDER SYSTEMS

To understand how serendipity has been defined in recommender
systems, we conducted a literature review in ACM Digital Library.

3https://www.britannica.com/dictionary/serendipity
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The user finds an interesting
article that is dissimilar to what
they like = This article is

The user logs in to the system to

find an article similar to what they serendipitous to the user
like

user user

Figure 1: An example of a serendipitous item according to
both RecSys and generalized definitions

Our search query was “[Title: serendipity] AND [[Title: recom-
mender] OR [Title: recommendation]]”, which resulted in 24 ar-
ticles. We inspected these articles, two popular literature review
articles on the topic [10, 23] and articles that cite the found papers.

Almost all the articles we found defined serendipity through
its components: relevance, novelty and unexpectedness, which is
consistent with [10]. In these definitions, relevance indicates that
an item needs to be beneficial to the user, novelty — that the user
should not be familiar with the item before consuming it, while
unexpectedness has a number of definitions, such as that an item
should be dissimilar to what the user usually consumes [8]. Each
study required an item to correspond to one or more components
mentioned above. For example, the first article we found, which
explicitly defined serendipity in recommender systems, was pub-
lished in 2006. The definition from the article required each of the
three components to be present: “serendipity in a recommender is
the experience of receiving an unexpected and fortuitous item recom-
mendation. But even if we remove that component, the unexpectedness
part of this concept the novelty of the received recommendations is still
difficult to measure” [13]. Meanwhile, the authors of a recent method
for recommending serendipitous courses to students at a university
included only relevance and unexpectedness in serendipity: “We
use the definition of serendipity as user perceived unexpectedness of
result combined with successfulness” [14]. The only article we found
that uses the generalized definition of serendipity in recommender
systems is [18]: “a serendipitous find relates to an unplanned yet
interesting encounter’.

We note that the recommender systems definition of serendip-

ity (RecSys definition) does not make any stipulations with
respect to user goals, but assumes that users are looking
for certain kinds of items, such as those they usually con-
sume. Items can, however, be considered serendipitous regardless
of what users are looking for and for what purpose, which can
include browsing through items, influencing other users of the
system or figuring out how the system works [6]. Not knowing
what the user’s goals are and what the item will be used
for will result in the misclassification of serendipitous and
non-serendipitous items. For example, in Figure 1, the article is
serendipitous to the user, only because it is relevant to the user and
dissimilar to their tastes, while the user is looking for articles simi-
lar to their tastes. However, in practice, the user does not always
look exclusively for articles similar to their tastes.

There is no consensus on the definition of serendipity among
users. They might be confused by the term [17], which is important
to take into account when analyzing user feedback. We suggest
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Table 1: A typology of serendipity [20]

What type of solution did the discovery lead to?

Yes: Searching with

Solution of the given problem

Solution of a different

No: Searching with
no particular problem in mind

Is there a defined problem in mind through an unexpected route: problem:
a targeted line P Mertonian serendipity Walpolian serendipity
of inquiry? Solution of a pre-existing problem | Solution is waiting for

through an unexpected route:
Bushian serendipity

a problem:
Stephanian serendipity

Generalized

o RecSys
definition

definition

User
definition

Figure 2: Euler diagram of items classified as serendipitous
according to different definitions

that serendipity according to users and recommender system com-
munity capture some items that are serendipitous according to the
generalized definition, but also misclassify other items (Figure 2).

4 GENERALIZED SERENDIPITY IN
RECOMMENDER SYSTEMS

Based on the generalized serendipity definition, in recommender
systems an item is serendipitous if it helps the target user to achieve
any of the goals that are different from the goals they set out to
achieve through a given recommender system at a given time (this
includes users with no specific goals). An item is also considered
serendipitous if it helps the user to achieve any goals that will
appear in the future. We also define serendipity more formally as
follows:

Assume that all goals of the target user at moment in time #. is the
set Gy, . Meanwhile, the timeline is discrete T = {t1, fa, ..., ty }, such
that at each moment user goals are different compared to the goals
in adjacent moments in time: (Gy,_, # Gy ) A (Gy, # Gyy,, ). Goals
that the target user wants to achieve in a recommender system at
ty are Ry C Gy, while Ry, = 0 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 S;, = U;'L:k Gy, \Rtj.

We illustrate generalized serendipity with examples in Figure 3.
Let us assume that a user logs into a recommender system which
suggests articles. An article is serendipitous to the user according to
Walpolian serendipity, if the user looks for an entertainment article
but finds an article for work (Figure 3(a)) (“targeted search solves
unexpected problem” [20]). According to Mertonian serendipity,
an article is serendipitous if the user looks for an article for work
using a search engine and fails to find it, but accidentally finds the
article in a recommender system (Figure 3(b)) (“targeted search
solves problem-in-hand via unexpected route” [20]). According to
Bushian serendipity, an article is serendipitous if the user has no
goals but when they visit the system, they come across an article

The user finds an article that is
useful for work = This article is

serendipitous to the user
entertainment

“ = @

user user

The user logs in to the system
to find an article for

(a) Walpolian serendipity

ils || Later, the user
The user fails ogs in o the The user comes
to find an across an article

The user uses Google to || @rticle in RE:SIVS;““":“ for work
find an article for work Google article to rea

now (for leasure)
o - \,' =) _E{[SSN

user

The user finds an article that is
useful for work = This article is
serendipitous to the user

user

(b) Mertonian serendipity

The user finds an article that is
useful for work = This article is
serendipitous to the user

=) @ (E=

user

The user logs in to the system with
no goals in mind

‘-

user

(c) Bushian serendipity

The user talkes to a friend and

[ The user finds a random article || realizes that t'd be good to
the found article to

them

The user logs in to the system with
no goals in mind

user user user  friend

(d) Stephanian serendipity

Figure 3: Examples of serendipity in recommender systems,
where the term RecSys corresponds to recommender system

for work (Figure 3(c)) (“untargeted search solves an immediate
problem” [20]). According to Stephanian serendipity, an article is
serendipitous if the user has no goals in mind, comes across an
article but only later, when meeting a friend, realizes that that article
would be useful to share with that friend (Figure 3(d)) (“untargeted
search solves a later problem” [20]).
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5 AN EXPERIMENTAL DESIGN FOR
MEASURING SERENDIPITY

To date, researchers have been measuring serendipity by asking
users questions only after the users have received recommendations
[3, 8, 21]. For example, Kotkov et al. labeled a movie serendipitous
if a user indicated that it was relevant, novel and unexpected to
them only after watching the movie [8]. This experimental design
does not allow for the collection of information on the initial goals
of the user when they looked for recommendations, which is essen-
tial to labeling an item serendipitous according to the generalized
definition.

In 2022, Smets et al. proposed an experimental setting for measur-
ing generalized serendipity in recommender systems in a laboratory
setting [18]. According to the proposed design, the user is given
a particular task of finding certain items. For example, they could
be asked to find articles to discuss at a meeting. The user can also
label certain items as favorite. After the experiment, the user is
given a survey regarding their favorite items and asked to identify
if the items were serendipitous. This experimental design allows
researchers to measure serendipity more precisely than the designs
used in the past. However, as mentioned by the authors, the design
is only applicable in a laboratory setting [18]. In this section, we
build on the previous literature and propose an experimental design
for measuring serendipity in a field experiment (in a functioning
recommender system).

To assess serendipity in a recommender system, we propose the
following procedure. As the user logs into the system, they should
complete a survey about the goals of their visit. During each session,
the user should have an opportunity to change their goals. After
consuming each item, the user should complete the same survey
indicating whether that item helped them to achieve any of their
goals. The predefined goals in the survey should be identified prior
to the study. The user should be able to add customized goals. The
item is serendipitous to the user if it helps the user achieve at least
one goal that is different from those the user has currently set.

5.1 Example

A user logs into a news recommender system. After logging in, the
system requires the user to complete the following form (the user
can select multiple goals and add new ones).

Please indicate all the goals of your visit:

e Browse through articles

o Find articles within my interests

o Explore articles outside of my interests
e Provide feedback

e No goals

o Add a custom goal

The user selects the goals: “Find articles within my interests” and
“Browse through articles”. The user also adds the customized goal
“Find entertaining articles”. The user browses through articles and
reads one of them. After reading the article the user is asked to fill in
the same form, except that the list of options now also contains “Find
entertaining articles” and the instruction reads: “Please indicate all
the goals that this article helped you to achieve”. The user selects the
goals: “Find entertaining articles”,'Browse through articles”, adds
and selects one more goal “Find an article to share with a friend”.

Denis Kotkov, Alan Medlar, and Dorota Glowacka

The system considers this article to be serendipitous because it
helped the user to achieve a goal that the user initially did not plan
to achieve.

The user continues browsing through articles, finds another
article and reads it. After reading the article, the user indicates that
it helped them to achieve the following goals: “Browse through
articles” and “Find entertaining articles”. The system considers this
article non-serendipitous because it did not help the user achieve
any new goals.

6 LIMITATIONS

Our approach has two main limitations. First, the proposed ex-
perimental design can only measure serendipity with the problem
appearing before solution (Walpolian, Mertonian, Bushian defini-
tions) and does not cover the situation where the problem appears
after the solution (Stephanian definition) due to the difficulty of cap-
turing such events. Second, asking users about serendipity might
affect their experience of interacting with the system, so differ-
ent interactions mechanisms should be investigated to make the
process easier or otherwise worthwhile for the user.

7 CONCLUSION

In this paper, we showed that there is a mismatch between the
RecSys definition and other valid definitions of serendipity. Fur-
thermore, we proposed a method for expanding the definition of
serendipity in recommender systems, and presented an experimen-
tal design for measuring serendipity in recommender systems. In
recommender systems, serendipitous items have been claimed to
achieve three benefits: to increase user satisfaction [1, 3, 8], to
broaden user preferences [6, 8, 21, 22] and to overcome the overspe-
cialization problem [1, 7]. Overspecialization happens when a user
cannot discover new kinds of items as the recommender system only
suggests items similar to what the user usually consumes [2]. Items
that are serendipitous according to the generalized definition can
potentially enhance these benefits and provide novel insights into
serendipitous recommendations. We hypothesize that generalized
serendipity is a more suitable basis to develop novel serendipitous
recommenders than how serendipity is currently conceptualized
in recommender systems and plan to conduct this experiment in
future work.

We only covered the generalized and RecSys definitions of serendip-
ity, but the term has also been defined in other fields. In information
retrieval, for example, serendipity is often defined similarly to the
generalized definition: “occurs when a user acquires useful infor-
mation while interacting with a node of information for which
there were no explicit a priori intentions” [19]. Researchers in this
field also rely on user goals similar to those presented in this paper:
“[w]e therefore define ‘coming across information 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.”’ [12] However, fields outside of
recommender systems are not within the scope of this article.
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