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The serendipity recommendation tries to burst the filter bubble while still meeting user interests. However, serendipity itself has not
been well understood in the recommendation system. Thus, factor investigation in recommendation serendipity has attracted much
attention, for which two challenges hinder follow-up research: (1) Ambiguity of factors. Different works exploit different factors, and
the meanings of factors are inconsistent in various works. (2) Lack of complete impact validation. The importance of these factors
in different domains is not yet fully understood. The common approach of user surveys costs much, but the results are usually less
objective and limited in quantity. To this end, we strive to comprehensively identify and clarify serendipity factors and explore
objective data-driven approaches to validate factor impacts in large-scale cross-domain scenarios. We first conduct a comprehensive
literature review to identify all possible factors, from which we find that some factors are being used indistinguishably. To address
this issue, we propose two principles of meaning coverage and factor independence to clarify and disentangle serendipity factors.
Next, we propose a general experimental framework to explore the impacts of factors. Then, we implement one such framework and
run experiments on nine representative datasets to study factor importance on serendipity. We also propose a quantitative method
to measure the degree of disentanglement of factors and to test the effects of factor combinations. We gain several useful findings:
(1) relevance, diversity, and random are critical factors affecting serendipity; (2) domain features affect factor importance and can
guide serendipity recommendation; (3) the disentanglement quantification method benefits the understanding of serendipity and the
combination of factors. To our knowledge, this is the first work to comprehensively investigate serendipity factors and experimentally

compare their impacts in an objective data-driven approach.
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1 INTRODUCTION

As an important web mining technique for alleviating information overload, recommendation systems help users
find the right items from many candidates efficiently. Several advanced techniques have been proposed to improve
the accuracy of the recommendation, e.g. [12, 15, 16, 18, 20, 80, 82, 95, 97, 100, 105, 106]. However, accuracy-oriented

recommendation aggravates the information cocoons in which users can only see items that match their profiles or past
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Fig. 1. Overview of Frequently Mentioned Serendipity Related Factors in Literature. The Right (Green Box) for Bursting Filter Bubbles;
The Left (Blue Box) for Matching User Interests.

interests [27, 88, 89], which narrows users’ horizons, exacerbates the filter bubbles [25], and aggravates the long-tail
effect of platforms [21]. "Serendipity is an increasingly recognized design principle of the infosphere, and pursuit for
serendipity can help to burst filter bubbles and weaken echo chambers [75]." Therefore, the serendipity recommendation
is introduced [8, 22, 35, 65, 108], which tries to find items that interest users, but are beyond their discovery [23, 51, 52, 70].
However, the subjectivity nature makes it difficult to directly define and evaluate the serendipity of the recommendation
[61, 108]. Thus, researchers turn to study various factors of serendipity in recommendation systems.

We summarize the factors most frequently mentioned as shown in Fig. 1 and Table 5. It shows that various factors
have been considered in different works, making it difficult to reach a consensus for recommendation serendipity.
Furthermore, the meanings and names of serendipity factors are inconsistently used, i.e., some factors with the same
name have different meanings and implementations, while some factors share the same meanings but are given different
names. This further exacerbates the chaos of conception. Taking unexpectedness in Fig. 1 as an example, in literature it
has two non-personalized and four personalized ways/bases to implement, and some of them overlap with novelty and
surprise. If some platform or research would like to optimize unexpectedness, it must determine a definite meaning of this
factor; this also applies to all other factors. Going a further step, if it comes to optimizing all possible serendipity factors,
a set of non-overlapped factors that cover all meanings will be necessary for the efficiency and effectiveness, to avoid
redundancy or omission. This is consistent with the MECE rule (Mutually Exclusive, Collectively Exhaustive) [64], an
effective framework for categorizing ideas/tasks/issues to cover all options without overlapping. Therefore, it is urgent
to clarify and disentangle serendipity factors to help understand recommendation serendipity, benefit downstream
tasks, and promote future studies.

Moreover, it is also challenging to study the impact of various factors on recommendation serendipity. Conducting
user surveys is an effective validation method. Kotkov et al. [42] surveyed 475 users about eight descriptions of
serendipity with 2,146 movies on MoVielens!. Chen et al. [13] conduct a user survey involving 3,039 users on Taobao?
to study serendipity to improve user satisfaction. Wang et al. [87] study what item features and user characteristics
might affect perceived serendipity of users with a large-scale user survey, involving more than 10,000 users on mobile

!https://movielens.org
https://www.taobao.com/
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Taobao. Most recently, Denis et al. [43] collected 2002 survey responses from 397 users of an online article recommender
system and studied the impact of commonly mentioned factors on three types of serendipity: RecSys serendipity, user
serendipity, and generalized serendipity. Survey-based findings help to understand what is related to the serendipity of
recommendations. However, user surveys usually cost a lot of time and energy and are limited in users, items, domains,
and factors. Moreover, users may become impatient and their responses may be arbitrary or involve judgment bias [1].

In summary, there are two challenges in factor investigation for recommendation serendipity: (1) Ambiguity of
factors. Different works exploit different factors, and the meanings of factors are inconsistent in various works, which
hinders follow-up research. Therefore, it is urgent to comprehensively identify and clarify serendipity factors. (2) Lack
of complete impact validation. The roles of factors in the recommendation serendipity of various domains are still not
fully understood. User surveys cost a lot, while results are usually less objective and limited in quantity. Therefore,
it is necessary to try other approaches that involve less human intervention to validate factor impacts in large-scale
cross-domain scenarios.

Our Motivations. Keeping in mind the goal of understanding the serendipity of recommendation and the above
challenges, our motivations are threefold. (1) Exploring what factors are taken as related to the serendipity of recom-
mendations in literature and clarifying the meanings of serendipity factors. In particular, the name and meaning of each
factor should be consistent and unique, and there should be less overlap between any two factors to avoid ambiguity
and to benefit future studies. (2) Validating the impact of each factor on the serendipity of the recommendation in an
objective data-driven approach. The validation method should involve less human intervention and can be flexibly
applied in various domains. (3) Quantitative measurement of the degree of disentanglement between factors and
exploration of the proper ways to effectively integrate different factors to improve serendipity recommendation.

Our contributions. We strive to explore an objective approach with large-scale cross-domain and publicly available
datasets where less human intervention is involved, to uncover what factors contribute more to recommendation
serendipity and validate factor impacts in different domains. Our contributions are threefold.

(1) Identifying and clarifying factors of recommendation serendipity. We comprehensively review the
literature to explore all possible factors. To address ambiguity issues, we propose two principles of meaning coverage
and factor independence to clarify and disentangle factors. We gain a set of seven factors for recommendation serendipity,
including three personalized factors: relevance, difference, and diversity, and four non-personalized factors: novelty,
unpopularity, high quality, and random. This work will benefit many downstream tasks, e.g., facilitating interactive
recommendations by simplifying users’ factor selection and enhancing the explainability by providing the scores of the
recommended items on some key factors. (Section 3)

(2) Framework for evaluating the impact of factors on the recommendation serendipity. We propose a
general experimental framework and provide a specific implementation to validate the impact factor on recommendation
serendipity. It has two components: the optimization strategy for each factor and the factor impact evaluation with
comparative performance. It can be applied to check the importance of all the factors that users and service providers
may be concerned about. We also introduce an innovative quantitative method to assess the degree of disentanglement
between factors. It helps quantify information redundancy and select the most important factors for serendipity in
different domains, providing a novel perspective and theoretical support to optimize serendipity recommendations.
(Section 4)

(3) Extensive experiments of factor impacts on recommendation serendipity. The experimental results on
nine representative datasets validate that the proposed optimization strategies are effective and reflect impact factors in

different domains. In general, relevance, diversity, and random have more impacts on serendipity. Meanwhile, the role of
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factors varies with the datasets. We analyze the reason and find that the domain features also matter. This can help
guide the serendipity recommendation. For instance, if users’ interest is more focused in some domain, then relevance
can be given more weight; and vice versa. In addition, we also check the correlation among factors and test the effects
of factor combinations based on the degree of disentanglement. (Section 5)

To our knowledge, this is the first work that comprehensively investigates and disentangles factors of recommendation
serendipity and experimentally analyzes their impacts in an objective data-driven approach. The proposed factor
investigation method and experimental framework are general and can deal with new factors. The remainder is
organized as follows. Section 2 provides some representative research on serendipity recommendation in different
domains. The details of the factor investigation are described in Section 3. Section 4 introduces the experimental
framework for evaluating factor impacts, implementing such a framework, and defining and calculating the degree of
disentanglement between factors. Extensive experiments with nine real-life datasets are presented and analyzed in

Section 5. Finally, Section 6 concludes this paper and highlights future directions.

2 SERENDIPITY RECOMMENDATIONS IN DIFFERENT DOMAINS

We briefly review the literature on serendipity recommendations, particularly those methods in different domains.

Much research has been conducted on e-commerce. Wang et al. [86] proposed the INVBCF algorithm to recommend
serendipitous cold items to innovators in the e-commerce environment. Zhang et al. [98] studied the effect of price on
predicting the probability of user purchase for a session-based recommendation in e-commerce. Wang et al. [90] proposed
an industrial framework for serendipity recommendation in e-commerce, in which unexpected and satisfying items are
selected to achieve both accuracy and novelty. Some works are particularly done for movie recommendations. Yang et al.
[93] identified serendipitous items with post-satisfaction and pre-interest for movie recommendation. Leung et al. [49]
built the emotion-aware recommendation system to help with serendipity recommendation for movies. Nugroho et al.
[68] studied user curiosity in determining recommendation serendipity and also for movie recommendation, which
considered relevance, novelty, popularity, unexpectedness, and diversity.

Some works have been done for serendipity recommendations on scientific collaboration, articles, courses, tourism, or
trips. Wan et al. [85] took unexpectedness, value, and relevance into account to identify serendipitous collaborators for
scientific collaboration. Magara et al. [58] exploited latent relationships to recommend serendipitous research articles.
Pardos and Jiang [70] designed a serendipity model for a university course recommendation system. Menk et al. [62]
proposed an online tourism recommendation system by exploiting the curiosity of users of online social networks. Gu
et al. [32] proposed a trip recommendation model considering POIs and attractive routes, which identified the attractive
routes with the popularity and Gini coefficient of POIs.

All of the above representative works indicate that serendipity and its related factors can benefit personalized
recommendations in many domains. Meanwhile, they validate the existence of different factors being considered for
the serendipity of recommendation and the inconsistency between factor names and meanings, which motivates our

work in this paper.

3 FACTOR INVESTIGATION

According to the systematic review method of the literature [89, 108], we have thoroughly researched the literature to
extract factors related to serendipity. Then we summarized frequently mentioned factors or components of serendipity
in the recommendations. We found that in various works, factors with the same name may have different meanings;

meanwhile, the same meaning might be expressed by different factor names. The inconsistency between the factor
Manuscript submitted to ACM
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names and their meanings hinders follow-up explorations. Incited by the effective framework of the MECE rule [64]
to categorize ideas/tasks/issues to cover all options without overlapping, we propose two principles to clarify and
disentangle those serendipity factors: (1) covering the meanings of all frequent factors in the literature, and (2) keeping

factors independent of each other. The processes of factor extraction, analysis, and clarification are described below.

3.1 Factor Extraction

Based on keyword search and text matching, we selected articles from DBLP3, Google Scholar?, as well as IEEE and ACM
digital libraries on serendipity and serendipity recommendation. To be specific, on DBLP, we collect all of the papers

non non "o "o

using the keywords "serendipity", "serendipi recommend", "surpris recommend", "novel", "unexpect", where "serendipi"

"o "on

denotes "serendipity” and "serendipitous”, "recommend" for "recommend", "recommendation” and "recommender”,
"surpris" for "surprise", "surprising” and "surprised", and "unexpect" for "unexpectedness” and "unexpective"; On Google
Scholar, we select the first 100 papers with the query "(serendipity OR serendipitous OR novel OR unexpect) AND
(recommend OR recommender OR recommendation)" and select the first 50 papers with the query "(surprise OR
surprising OR surprised) AND (recommend OR recommender OR recommendation)". In IEEE and ACM digital libraries,
we use similar keywords and choose papers on the topic of information retrieval and recommender systems.

We take the related works since 2016 as the main references. We also include some earlier representative works, e.g.,
[3, 26, 35, 39, 56, 60, 65, 69, 101]. Moreover, we refer to several survey papers (e.g. [1, 2, 22, 30, 38, 45, 75, 79, 108]) to
ensure that more possible factors are extracted. Finally, we collected more than 130 articles that use serendipity factors
as main references. Moreover, our method can deal flexibly with new factors, in case some factors are missed or new
factors are identified in the future.

Table 5 shows some commonly mentioned serendipity factors in the literature. According to the literature review,
most researchers believe that unexpectedness and relevance contribute greatly to the serendipity of recommendation
[7,13,17, 27, 42, 44, 45, 57, 66, 70, 71, 76, 81, 96, 107]. Some works evaluate it with user feedback [4, 13, 42].In [42, 44, 71],
novelty is also a critical factor. In [13], timeliness is taken as a more important factor than unexpectedness. Moreover,
value [92], positive surprise [27, 84], diversity [17] and temporal diversity [48, 99] are also being taken as important
factors of serendipity. Another factor combination consists of unexpectedness and usefulness [5, 26, 30, 59], and insight
is also mentioned [104].

To extract the main factors from various combinations, we count the frequency of the factors mentioned. The most
frequently mentioned two factors are unexpectedness (> 30 times) and relevance (> 15 times). Then follow surprise
(> 8), novelty (> 8), usefulness (> 7), value (> 7), etc. According to the goals of factors, we divide the commonly used
factors into two categories, one for bursting filter bubbles and the other for matching user interests (ability). The
former consists of four factors, unexpectedness, surprise, novelty, and diversity; and the latter consists of seven factors,
accuracy, relevance, usefulness, attractiveness, interestingness, value, and insight. We also summarize those factors and

their meanings (implementations or bases) in boxes and display them clockwise as shown in Fig. 1.

3.2 Factor Analysis

We analyze serendipity factors from two categories: factors for bursting filter bubbles and for matching user interests.

3https://dblp.org
“https://scholar.google.com
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3.2.1 Factors for Bursting Filter Bubbles. Many serendipity factors are proposed for bursting filter bubbles. The four
most important are unexpectedness, surprise, novelty, and diversity.
As shown in Fig. 1, the meanings of unexpectedness vary in different works, which could be divided into non-

personalized and personalized concepts, as follows:

o In non-personalized ways, Ge et al. [27] proposed that randomness and non-determinism algorithms could
achieve unexpectedness. Silva et al. [81] regarded items with fewer ratings as unexpected ones. Maksai et al.
[59] penalized expectedness of the most popular items, and [30, 107] thought items in the long tail would be

unexpected.

In personalized ways, four bases are used for unexpectedness: distance/similarity between the user and item, the
primitive model, the user profile, and the response of the user. Some works utilized distance or similarity to
define unexpectedness, treating dissimilar items [17, 36, 41, 44, 67, 84, 96] or those with a certain distance range
as unexpected [7, 19, 50, 57]. Some researchers defined unexpectedness based on a primitive model [26, 29, 56, 65,
66, 69, 73], where items not recommended by the primitive model are seen as unexpected ones. User profiles
are also used to define unexpectedness [42, 45, 79], e.g., research topics [92] and user’s latest preferences [104].

Moreover, some researchers thought that unexpectedness is determined by the user response [11, 76].

The factor of surprise expresses a similar meaning to unexpectedness, that is, a violation of the user expectation
[67, 84] and far from the user profile [79].

For the factor of novelty, an item can be novel to users in three ways [39]: new to the system, new to the user, and
forgotten items. [1, 13, 38, 44, 45] define novelty based on user profiles, where items different from user profiles are
taken as novel ones. [74] regards an item to be novel when more users have never interacted with it; while they are
regarded as unexpected in some other works.

Recently, diversity [17, 28, 103] has been employed to improve the difference among recommendations. [48]
investigates temporal diversity which means the temporal characteristics of top-k recommendations, [47] analyzes how
diversity affects user purchase preferences, [77] improves diversity with weak ties and [24] improves it with knowledge

graphs. [54] captures feature-aware diversity with a feature-disentanglement self-balancing re-ranking framework.

3.2.2  Factors for Matching User Interest. Important factors for matching user interest include value, usefulness, accuracy,
relevance, attractiveness, interestingness and insight.

The factor of value involves emotional aspects [9, 67] and usefulness [1, 36, 67, 104]. While usefulness could be
determined by user response [26] or accuracy [59]. And accuracy is similar to relevance [41, 52, 96]. While relevance
is employed to improve the similarity between recommendations and user profile [17, 76], historical items [45, 96, 107]
(or those with higher ratings [44, 56, 81]) and target users in latent space [92]. In addition, the factors of attractiveness
[29, 47] and interestingness [34, 40] denote similar meanings, i.e., the closeness to a user profile or history. The factor
of insight denotes the ability to connect recommendations with users [73, 104].

Main issues. We find that in various works, the same factor name usually expresses different meanings and vice
versa. As shown in Fig. 1, six types of unexpectedness and three types of relevance are proposed. The inconsistency

between the names and meanings hinders the follow-up research. Hence, there is an urgent need to clarify these factors.

3.3 Factor Clarification

We represent each factor f; as a two-tuple (name;, meaning;). The goals of factor clarification are threefold, as follows:

Manuscript submitted to ACM
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Goal 1: The name and meaning of each factor should be one-to-one correspondence, i.e., name; <> meaning;;
Goal 2: The meanings of any two factors should have no overlap, i.e., if i # j, then meaning; (| meaning; = 0;
Goal 3: The sum of meanings and corresponding implications inherent in all factors should remain unchanged,

after

. . original .
ie., Summeaning = Xic[1,n] Meaning; =Yje[1m] meaning;

Based on the principles of meaning coverage and factor independence, we perform disentanglement of the 11
frequently mentioned factors displayed in Fig. 1 with the following three steps. Other factors that are not frequently
mentioned or will be identified in the future can also be treated incrementally. Suppose f; = (name;, meaning;) is
the original factor that needs to be processed. Initially, let the set of disentangled factors (i.e., factors obtained by
disentanglement) as null and Summeaning as empty. We conduct disentanlgement mainly according to the factor

meanings, as follows:

Step 1: If its meaning is contained by existing disentangled factors, i.e., meaning; C Summeaning, it would be
discarded or merged directly;

Step 2: If there is some overlap between meaning; and Summeaning, then meaning; — (meaning; (| Summeaning).
the non-overlapping part, would be taken into Summeaning and given a name different from other disentangled
factors (can be name;);

Step 3: Otherwise, if meaning; () Summeaning = 0, factor; can be taken as a new factor, i.e., meaning; would be
taken into Summeaning and given a name different from other disentangled factors (can be name;).

Note that a new factor may also be treated in other ways, e.g., keeping its meaning and fragmenting or rearranging
a previously adopted meaning/factor in light of new information. The specific approach can be considered on a

case-by-case basis.

3.3.1 Factor Disentanglement. We deeply analyze factor relations, especially their overlap in meanings, then clarify
and disentangle them. The process is somewhat similar to database normalization [46, 78], a systematic approach of
decomposing tables to eliminate data redundancy and ensure that data dependencies make sense. We can take the factor
list as a table with two columns: name and meaning. The goal of disentanglement is to make each name correspond
to a meaning that does not overlap with other factors. Fig. 2 and Fig. 3 illustrate the disentanglement of factors for
bursting filter bubbles and those for matching user interest, respectively. They show that the original factors have
several implementations/meanings and overlap heavily (the left two columns); while after disentanglement, the factors
are independent of each other, and all meanings are covered (the right two columns).

In the following, we try to disentangle factors with the principles of “meaning coverage” (i.e., make the disentangled
factors contain all meanings) and “factor independence" (i.e., keep no overlap among the factors). We conduct disentan-
glement mainly with the original meanings in the second column in Fig. 2 and Fig. 3. Note that the factor meanings
based on user response or emotion are taken as interactive factors, which will be left for future study.

We first deal with the four factors in Fig. 2. There are six types of unexpectedness: based on randomness, unpopularity,
user response, primitive model, user profile, and user-item dissimilarity, respectively. Meanwhile, the factor of novelty
involves three bases: user-item dissimilarity, user profile, and item profile. Moreover, surprise has two meanings based
on the user-item dissimilarity and the difference from the user profile, respectively, which are also contained in
unexpectedness and novelty. Finally, diversity has two meanings based on the user-item dissimilarity and the item profile,
respectively.

We treat non-interactive meanings with our disentanglement principles. The third meaning, which is based on user

response, is taken as interactive factors.
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it ]-){ dissimilarity with histories ‘

diversity \ diversity ]—){ dissimilarity among items ‘
: novelty ]—){ new to the system ‘

original factors original implementations/meanings  disentangled factors new implementations/meanings

unexpectedness

Fig. 2. Illustration of Factor Disentanglement: Factors for Bursting Filter Bubbles.

o For the first meaning, which is based on randomness, since this meaning has no overlap with disentangled factors
(which is null currently), we explore Step 3 of the three steps of disentanglement, i.e., take all this meaning and
take it as an independent factor, random, and assign it a more clear implementation/meaning as shown in the
fourth column in Fig. 2.

e For the second meaning, which is based on unpopularity, since this meaning has no overlap with disentangled
factors (i.e.,random), we explore Step 3 again, i.e., take all this meaning and take it as an independent factor,
unpopularity, and assign it a more clear implementation/meaning.

e For the fourth meaning of unexpectedness based on the primitive model, since this meaning has no overlap with
disentangled factors (i.e., random and unpopularity), we take it with a new factor of difference, and assign it a
clear implementation/meaning, according to Step 3.

e For the fifth and sixth meanings, which are based on user profile and user-item dissimilarity, respectively, since
they can be included by difference, we discard them (or merge them) according to Step 1.

e Finally, for the seventh meaning, item profile-based novelty, since it has no overlap with other disentangled
factors (i.e., random, unpopularity, and difference), we take it as an independent factor novelty and assign it a

clear meaning, according to Step 3.

The disentanglement results are shown in the right part of Fig. 2, where five factors are independent. The sum of
meanings (together with that of interactive factors) after disentanglement remains the same as before.

Then we deal with seven factors in Fig. 3. The factors of accuracy and relevance have three meanings based on
user-item similarity, user behavior, and user profile, respectively. In addition to these three bases, usefulness is also
related to the user response. The factor of value consists of two parts, usefulness and the emotion-based value. The
factors of interestingness and insight have two meanings based on user-item similarity and user profile, respectively;
The factor of attractiveness is described based on the user profile; they are also included by accuracy and relevance.

Again, we treat non-interactive meanings with our disentanglement principles. The fourth and fifth meanings, which

are based on user response or user emotion, are taken as interactive factors.

e For the first meaning, which is based on user-item similarity, since this meaning has no overlap with disentangled
factors (which is null currently), we explore Step 3 of the three steps of disentanglement, i.e., take all the meaning
and take it as an independent factor, relevance, and assign it a clear implementation/meaning as shown in the
fourth column in Fig. 3.

Manuscript submitted to ACM



Uncovering Recommendation Serendipity with Objective Data-driven Factor Investigation 9

interestingness relevance H similarity with histories ‘
accuracy

high quality H higher average rating ‘

attractlveness

:): usefulness
1ns1ght =

original factors original implementations/meanings  disentangled factors new implementations/meanings

Fig. 3. Illustration of Factor Disentanglement: Factors for Matching User Interest.

o For the second meaning, which is user-behavior-based accuracy, since this meaning has no overlap with disen-
tangled factors (i.e., relevance), we take it with a new factor of high quality, and assign it a clear implementa-
tion/meaning, according to Step 3.

o For the third meaning, which is based on user profile, since it can be included by the disentangled factors (i.e.,

relevance), we merge it according to Step 1.

The disentangled factors are shown on the right part of Fig. 3, where the factors are independent. Moreover, we take
the others based on user response and emotion as interactive factors. Again, the sum of meanings after disentanglement
remains the same as before. Note that we mainly study non-interactive factors with an objective data-driven approach.

We will leave interactive factors to future studies.

3.3.2 Meaning Clarification. We clarify the meaning and possible implementations of each factor as follows:

For “relevance”, “difference”, and “diversity”, we keep one meaning for each factor to maintain factor independence,
that is, similarity for relevance, dissimilarity of the recommendation and historical items for difference, and dissimilarity
between items in the recommendation list for diversity.

Factor 1: relevance. The factor of relevance is the main basis of accuracy, which is the goal of most recommendation
methods. It could be measured in terms of the similarity between recommendations and user long-term preferences,
short-term demands, and collaborative filtering. And the similarity metric depends on the application scenarios. For
example, the distance between the nodes could be used to measure their similarity in the embedding space.

Factor 2: difference. Existing serendipity recommendation methods denote differences from user expectation, user
profile, and items recommended by the primitive model as unexpectedness or novelty. We employ a more clear concept
difference to represent the dissimilarity between recommendations and the historical items of the users.

Factor 3: diversity. There are two types of diversity in the literature: difference from the historical items of the user
and difference among recommended items. We take the former as difference and the latter as diversity.

Factor 4: novelty. There are three implementations for “novelty” [39], new to the system (based on item profile),
new to the user (based on user-item dissimilarity), and forgotten items (based on user profile). Here, we take the first as
novelty and the other two as “difference”, to maintain meaning coverage and factor independence.

Factor 5: unpopularity. Besides novelty, another factor could also help to recommend items unknown to users, in
particular items in the long tail [81]. This factor is denoted as unexpectedness in [81]; for clarity, we employ a more
direct concept unpopularity to denote it. It can be measured based on historical interactions (e.g., rating, purchasing,
clicking).
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Meet Basic Requirements Broaden Users’ horizons Alleviate Long Tail

PO PR new to the system
relevance | similarity with histories - unpopularity
dissimilarity with histories

high quality | higher average rating ST e A random

Fig. 4. A Brief Summary of Seven Factors.

Factor 6: high quality. This factor plays an important role in user decision-making. Items with higher ratings
usually arouse user interest and improve satisfaction with a higher possibility. Some researchers even think that only
items with higher ratings are relevant to users [30]. In this paper, items with a higher possibility to increase user
satisfaction are regarded as high quality (e.g., higher ratings).

Factor 7: random. This factor is very special because for which all candidates have an equal chance of being selected.
As for top-k recommendation for the target user u;, k items are randomly selected to construct the recommendation
list R C Cy,.

Interactive Factors. Besides the above factors, there are some factors related to the user’s decision, response,
or emotion, which are denoted as interactive factors, as shown in Fig. 2 and Fig. 3. For instance, the usefulness of
recommendations should be judged by users in [26], the unexpectedness is decided by participants in [11] and the item
value might rely on emotional aspects in [9, 67]. Some works have deeply studied interactive factors with user surveys
and gained useful findings (e.g., [13, 42, 87]). This paper mainly focuses on non-interactive factors involving less human
intervention.

Based on the above factor investigation, we extract three personalized factors: relevance, difference, and diversity,
and four non-personalized factors: novelty, unpopularity, high quality, and random. Among the seven factors, relevance
and high quality can meet users’ basic requirements and avoid unrelated or unsatisfying recommendations; novelty,
difference, and diversity can help to widen users’ horizons; while unpopularity and random can alleviate the cold start
problem or long tail effect, and enhance the fairness of recommendations. Fig. 4 briefly summarizes the seven factors.

It is worth noting that the names and meanings of factors after disentanglement are uniform in different domains,
while their impacts on serendipity may vary with different domains, for which we propose an experimental evaluation
framework in the following section. Last but not least, the obtained set of seven factors can serve as a basis of
recommendation serendipity, from which the recommendation service providers can select and combine some of them
to construct serendipity in their domains; they can also add new factors for their special requirements according to the

three steps of our factor disentanglement.

4 EXPERIMENTAL FRAMEWORK

We propose a general experimental framework for evaluating the impact of factors on serendipity in different domains.
We first introduce the overall framework. Next, we provide an implementation to illustrate how to apply it in practice.
We also propose a quantitative method to measure the degree of disentanglement between any two factors, providing a

basis for factor selection and combination.

4.1 Overall Framework

The overall framework (Fig. 5) consists of two parts: optimization strategies and comparative performance evaluation.
For each factor to explore, e.g., factor;, we would employ a strategy to generate the corresponding recommendations
R; and evaluate its performance on serendipity with metric mge, and those on all factors with metric my, ..., mp,. The
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Fig. 5. Overview of Experimental Framework.

performance of recommendations on related factors would evaluate the effectiveness of the employed strategy, while
the performance on serendipity can reflect the relative importance of each factor on recommendation serendipity. The

framework can produce a list of factors ranked by their importance on serendipity in each domain.

4.2 An Implementation of The Experimental Framework

We propose a method to implement our framework. The recommendation strategy is used to optimize the corresponding
factor, e.g., the strategy for “relevance” is expected to optimize the relevance of recommended items. As long as the
strategy for each factor works as expected, we can then compare their effects on serendipity in the second part of our
experimental framework. In this paper, we mainly check the relative importance of each factor in different domains, so

we design the recommendation strategies independently.

4.2.1 Implementation of Recommendation. According to the results of factor clarification in Section 3.3, we implement
a recommendation strategy and corresponding evaluation metric for each factor. We take the top-k recommendation as
the basic framework and denote R as the set of recommended items, and Cy,, as the set of candidate items for target
user u;. For convenience, we also exploit the function normalized(x) to convert the value into the range of [0,1].

Factor 1: Relevance. The factor of relevance denotes the similarity between recommendations and the labeled items
I,, in the test set. We employ a basic method of collaborative filtering to recommend relevant items based on similarity.
While the similarity sim(ng, n,) between two nodes n, and ny, is calculated as the normalized dot product of their
embedding vectors (www.cuemath.com/algebra/dot-product), in line with the embedding method in [33].

Strategy. The goal of relevance-based strategy is to maximize the similarity between the target user u; and recom-

mendations R,Zfl .

sim(ng, np) = normalized(emby,, - emby, ), (1)
Rrel — ; i), 2
" aranglgft ;“m(“t i) @)

1

Metric. The average similarity of all recommended items generated by different recommendation strategies and the

target user is taken as the evaluation metric, denoted as rel.

1
rel(R) = > sim(i ), 3)
| |i€R
sim(i,I,,)) = min sim(i, iq). (4)
ig€l],

ug
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Factor 2: Difference. The factor of difference represents the distance between recommendations and users’ historical
behaviors [52].

Strategy. For u;, the recommendation set based on difference R:ﬁf is as follows:
dif (ur,iq) =1 — max sim(iq, ip), (5)
ip EIut
dif . .
R = arg max dif(ug, i), 6
i gRgCut;z f ) O]

where I, denotes items rated by u; in the training set.
Metric. The factor of difference captures the dissimilarity among recommendations and historical items. So the metric
dif is calculated as follows:

1
dif(R) = — Z 1-sim(i, I,). @)
|R| i€eR
Factor 3: Diversity. As mentioned in Section 3.3.2, the factor of diversity reflects the difference or dissimilarity
among items.
Strategy. We employ the method in [14] to optimize the diversity. Suppose L is a kernel matrix that satisfies the
condition, and Lg is the sub-matrix of L that is indexed by items in R. The possibility of recommending R is proportional

to the determinant of Lg. The optimization objective is to find an item subset R C C,,, with the biggest determinant.
P(R) oc det(Lg), ®
div
R;,° = arg max det(Lg). 9
Uy g RCCy, (Lr) )
Metric. The factor of diversity denotes the difference among recommendations. To keep consistent with other metrics,
the similarity between any two items in a list is exploited for measuring diversity here. It is worth noting that the above
strategy is for optimizing list-wise diversity which is commonly pursued in diversity-oriented recommendation. While
the metric exploits pair-wise similarity and measures the diversity of a whole list.
1
div(R) = —— 1 — sim(iq, ip). (10)
[RIIRI Z

ig,ip€ER

Factor 4: Novelty. For the factor of novelty, we regard items new to the system as novel ones, as mentioned in
Section 3.3.2.

Strategy. We utilize the release timestamp time(i) of item i, to measure its novelty nov(i). The larger the timestamp,
the larger the novelty is. For the target user u;, top k items of candidates Cy,, with the biggest nov(-) would be offered.

Formally, we generate novelty-based recommendation R;;%° as follows:

nov(i) = normalized(time(i)), (11)
RMOv _ ). 12
u, = Arg Rngl%’,ft ; nov(i) (12)

Metric. We employ the mean values of novelty scores of items in the recommendation set R to measure the novelty of

recommendations.

nov(R) = % Z nov(i). (13)

i€R
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Factor 5: Unpopularity. The factor of unpopularity is another attractive factor to relieve the long-tail effect [81].
Items with fewer ratings tend to be more unpopular.
Strategy. Similar to [81], we employ the number of ratings to item i, |rating(, i)|, as the basic to measure its unpopularity

unpop(i). Formally, the unpopularity-based recommendation set thnp P for target user uy, is calculated as follows:

unpop(i) = 1 — normalized(|rating(, i)|), (14)
Runpop — . ) 15
w' ! = erg max ;unpop(l) (15)

Metric. The unpopularity of recommendations unpop(R) is the mean value of the unpopularity score of all items in R,
as follows:
unpop(R) = % Z unpop(i). (16)
i€eR
Factor 6: High Quality. Items with high quality are more likely to gain user satisfaction, and thus receive high
ratings [30].

Strategy. Similar to [30], we employ the average ratings of item i to measure its quality, denoted as rating(, i).

Formally, the quality score qua(i) of an item i and the high quality-based recommendation set RZZM, are calculated as
follows:
qua(i) = normalized(rating(, i)), (17)
qua _ .
Ry, = argRrggx Z qua(i). (18)

=Y jeR

Metric. The quality of recommendations R is determined by the average quality of the recommended items.

1 .
qua(R) = — Z qua(i). (19)
|R| i€eR
Factor 7: Random. The random factor is quite special because all candidates have an equal chance to be selected.
Moreover, to compare the factor importance later, we must assign a score in [0,1) for each selected item.
Strategy. We first randomly assign a score ran(i) € [0, 1) to each candidate item i € C, and then select the top-k

items R}, according to the score, as follows:

ran(i) = random(), (20)
R/" = arg max Z ran(i). (21)
' ReCuy ieR

Metric. Unlike other factor-optimizing strategies that try to optimize the corresponding factors, as long as the items
are randomly selected, the random-based strategy can be taken as effective. Due to the special characteristic of the

random factor, there is no metric to optimize the random-based strategy.

4.2.2  Implementation of Evaluation. We need to determine the serendipity metrics to check the factor impacts on
recommendation serendipity. However, as mentioned before, there is no universally acknowledged definition or metric
for serendipity up to now [72]. As pointed out by a recent survey in [108], there are three types of evaluation methods
on serendipity: direct evaluation by a self-defined serendipity formula, indirect evaluation with its components, and

evaluation based on user feedback.
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To break the circle and keep the objective approach in mind (i.e., less human intervention), we search the literature
and select two representative serendipity metrics in [26, 45, 52], denoted as ser1 and ser2, respectively.

Li et al. [51, 52] studied the serendipity 2018 dataset [42], and found that serendipity can be taken as the balance
between relevance rel and difference dif; based on the two parts, they proposed ser1. While ser2 is based on a primitive
model [26, 45], in which items generated by the primitive model Rp are taken as expected ones, and will be filtered
out for generating serendipity recommendations. The level of serendipity is evaluated by the similarity between the
remained items and the target item. Following the practice in [3, 101], we employ items with high average ratings or

popularity as Rp. Formally, the calculations of ser1 and ser2 are as follows:

2« rel(R) « dif (R)

serl® = = TR ¥ dif (R) @2)
ser2(R) = |R_—1RP| ie;RPsim(i, L,). (23)

The above two metrics evaluate serendipity in different ways. So they can work together to better check factor effects,
that is, a factor that shows importance on both can be taken as really important. Furthermore, we also exploit two more
recent serendipity metrics proposed by Fu et al. [23]. They labeled two datasets with serendipity by the crowdsourcing
method and introduced two recall-based metrics, HR_ser@k, and NDCG_ser@k, defined based on the serendipity
labels. HR_ser@k measures if any serendipity item is retrieved in the top-k position (1 for yes and 0 otherwise), while
NDCG_ser@k measures both the existence and the positions of the serendipitous items in the top-k recommendation

list. They are calculated as follows:
HR_ser@k =I(SNR # 0), (24)
k serend_score_i(1 or 0)

NDCG_ser@k = -
; loga(i+1)

(25)

Where S represents the serendipity item set, and R represents the set of recommended items. I is the indicator
function, which takes the value 1 if its argument is true, and 0 otherwise. This means that if at least one serendipity
item appears in the first k positions of a recommendation list R, then the value of HR_ser@k for R is 1, and 0 otherwise.

Since the two metrics HR_ser@k and NDCG_ser @k need serendipity labels, they can only be tested in the two
datasets labeled with serendipity by [23]. There are more metrics in the literature that can be flexibly selected and

designed according to specific scenarios or requirements.

4.3 Degree of Disentanglement between Factors

We propose a new concept of the degree of disentanglement to measure how far two factors are being disentangled.
This can help validate the effects of our factor disentangling method, as well as facilitate further understanding of
factors and the combination of proper factors.

Intuitively, the more two factors are independent, the higher the degree of disentanglement between them, and the
larger the distance between the recommended lists by the two factors’ recommendation strategies. Therefore, we calculate
it based on the distance of the recommendation results generated by different strategies. Let the recommendation lists
produced by the two strategies of factors A and B be denoted as R4 and Rp, respectively. Without loss of generality, we
exploit the normalized cosine distance to measure the distance between two items n, and ny, in Eq. 26, where emby,,,

and emby,,, are their embeddings. Based on this, we further define the distance from the recommendation list Rg to R4,
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i.e., disent(R4, Rp), as shown in Eq. 27. Note that this distance is asymmetrical, that is, the distance from Rp to R4 is
calculated by selecting the items in Rp with the minimum distance to every item in R4 and outputting the minimum
one, and vice versa. Some items may be selected several times if they are closer to items in the other list, while some
other items may not be selected if they are further.

Different factors have different difficulties in disentangling. For instance, randomly generated recommendations
tend to be more scattered, making it difficult to disentangle random and other factors. Thus, considering the varying
difficulty of disentangling for different factors, we calculate the upper bounds for each factor’s recommendation results
and then normalize the degree of disentanglement based on their upper bounds. The details are as follows:

For a given recommendation list R, the calculation of the upper bound of its distant recommendation list is shown in
Eq. 28. That is, we need to find an optimal subset R’ from the candidate items C,,, that maximizes the distance with R.
However, this problem involves selecting the optimal subset and solving it for each user’s recommendation would be
computationally too expensive. To reduce the computation cost, we propose an alternative upper bound and rewrite
the formula as Eq. 29. In this equation, RF represents the recommendation lists generated by all strategies of factors
defined in the experimental framework, with each list corresponding to each factor. This approach significantly reduces
the search space for the upper bounds. Finally, we obtain the normalized and symmetric degree of disentanglement

between two factors A and B by integrating the normalized distance from Rp to R4 and that from R4 to Rp, as in Eq. 30.

emby,, - emby,

di s =(1-——)/2, 26
is(ng, np) = ( lembn |- |€mbnb|)/ (26)
1
disent(Ry, Rp) = — in {dis(ia, ip)}, 27
isent(Ra, Ry) = o D min {dis(ia iy)) (27)
ig€RA
UpBound(R) = max {disent(R,R")}, (28)
ReCy,
UpBound(R) = max {disent(R, R}, (29)
R’ eRp

) 1 disent(Ra,Rg) disent(Rp,Ra)
d 1 AB) = - .
isentnorm (4, B) 2 [ UpBound(R4)  UpBound(Rp)

(30)

Quantitatively measuring the degree of disentanglement between factors can help to quantify the information
redundancy of any two factors, and guide the selection of the most proper factor combinations for serendipity in
different domains, thus providing a novel perspective and theoretical support for understanding serendipity factors and

optimizing serendipity recommendations.

5 EXPERIMENTAL EVALUATION

In this section, we apply our general framework and implementation in large-scale cross-domain datasets °>. We have
three goals for experiments: (1) to validate the effectiveness of the proposed recommendation strategies, by checking if
they can optimize the corresponding factors, (2) to check the impacts of factors on recommendation serendipity by
comparing their relative importance in each domain, and (3) to explore the ways of effective factor combination by
measuring their degree of disentanglement and checking the effects of different combinations.

We verify the effectiveness of seven strategies for optimizing seven serendipity factors on six recommendation
metrics (because the random factor is not taken as a recommendation metric) and four serendipity metrics (i.e., serl, ser2,

HR_ser@k and NDCG_ser@k), and explore what factors contribute more for serendipity, with the nine datasets in Table

5The code can be found at: https:/github.com/csjwj2023/factors-of-serendipity-recommendation.
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Table 1. Statistics of Datasets.

Dataset #Users  #Items #Interactions avelnt/user avelnt/item Density
kindle 25927 58883 662994 25.57 11.26 0.043%
electronics 49072 82932 835578 17.03 10.08 0.021%
home 1395 1171 25445 18.24 21.73 0.016%
clothing 13058 62137 185551 14.21 2.99 0.023%
tool 1173 629 22633 19.29 35.98 3.068%
beauty 1197 693 26983 22.54 38.94 3.253%
sport 10849 35368 172241 15.88 4.87 0.045%
ser_bk 2346 113876 265037 112.97 2.33 0.099%
ser_mv 621 23952 74970 120.72 3.13 0.504%

1. For ser2, we employ 100 most popular items and 100 items with the highest ratings as primitive recommendations,
since 100 is sufficient for all users in our datasets, and it is also believed to be enough in many domains. Therefore,
the recommended items filtered out by the primitive model are quite different from those on ser1. In this way, we can
better understand serendipity from different perspectives. Note that the high quality factor is not considered for ser2
because high-quality items that have the highest ratings are excluded in ser2.

Rationality of Serendipity Metrics. The four serendipity metrics evaluate the serendipitous degree from different
perspectives. The two metrics serl and ser2 involve little human intervention. While HR_ser @k and NDCG_ser @k
are recall-based metrics that involve human-labeled data. ser1 belongs to the category of component-based serendipity
metrics, which exploits the results of the two components of relevance and difference. It reflects the common fact
that serendipity comes from difference, meanwhile, with some basic relevance. While ser2 belongs to the category of
formula-based serendipity metrics, which evaluates the similarity between the recommended items that have been
filtered by the primitive model and the target item. Therefore, we can say that the four metrics generally cover the

most understanding of recommendation serendipity.

5.1 Experimental Settings

5.1.1 Datasets and Basic Settings. We conduct experiments on nine representative datasets, which mainly come from
Amazon review data (Amazon Dataset). They cross various domains and have different statistical characteristics.
Moreover, we also take into account the impact of user responses on serendipity and conduct experiments on two
serendipity datasets provided by Fu et al. [23]. These two datasets provide large-scale labeled data on serendipity,
obtained through crowdsourcing methods that process user comments in Amazon books and movies.

We preprocess data following the approach of CLSR [102] and SUM [53], which adopt an iterative filtering approach
to implement the 10-core setting to ensure data quality. It executes two iterations: first, delete items with fewer than
ten interactions; second, retain users with at least ten interactions and remove the others. Note that after the second
iteration, some items may retain fewer than ten interactions because some of their reviewers were deleted. The statistics
are shown in Table 1, and the detailed distribution of interactions per item is shown in Table 2.

For the training and testing set division, [37] pointed out that it should follow the global timeline to avoid data
leakage. We follow a commonly used setting: according to the timestamps of each user’s interaction sequence, we
divide each dataset with the first 80% interactions of each user as the training set and the other 20% as the testing set.
We conducted all the experiments ten times and checked their average performance.

For the accuracy and the efficiency of the similarity calculation, we generate representations of users and items with
a recent representation method particularly designed for recommendation system, LightGCN [33], which has been
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Table 2. The Distribution of Interactions Per Item in Nine Datasets.

Dataset 1 2 3 4 5 6 7 8 9 10 >10

kindle 9.67 8.38 777 707 681 633 608 568 518 433 327
electronics 19.76  16.53 12.16 8.9 6.5 482 3.68 297 242 198 20.28

home 0 0 0 0 0 0 0 0 0 9.14 90.86
clothing 42.68 2345 1197 679 395 257 1.8 128 094 082 375
tool 0 0 0 0 0 0 0 0 0 0 100
beauty 0 0 0 0 0 0 0 0 0 0 100

sport 3461 195 1205 7.64 515 375 259 214 178 141 938
ser_bk 58.27 19.01 7.95 44 269 181 133 092 0.69 05 2.43
ser_mv 48.4 1997 9.11 56 342 267 172 1.63 11 102 536

verified to be effective in recommendation tasks. We conduct top-k recommendations and check the performance with

k=5, 10, 15, and 20. The results show similar trends. Here we mainly show the results with k = 20 to avoid redundancy.

5.1.2 Candidate Generation. For the efficiency of the evaluation process and the reliability of results, we generate
candidates with ten random seeds and conduct experiments on them. There are two reasons for this setting. First, it
costs lots of time to run the seven strategies on the nine original whole datasets. Second, the goal of performance
evaluation is not to obtain the exact values but to compare the relative importance of factors. Hence, we choose to
generate candidates and we try to keep similar statistical characteristics to that of the global. For each user u, we employ
the proportionate stratified sampling strategy [83] to sample « unrated items(we set « as 1000 which is large enough).
After that, we checked the statistics on the similarity of unrated users and items on the global and the candidate sets,
and they show very similar statistical characteristics. This validates that the candidate sets are reasonable, and it is

sufficient to conduct experiments on the candidates.

5.2 Effectiveness of Strategy

Fig. 6 displays the evaluation results on nine datasets. We take Fig. 6(a) as an example to describe the meaning, which
displays the results on the kindle dataset. In this figure, we directly display the average score of all users on eight
metrics (i.e., nov, unpop, ..., serl, and ser2) of each factor’s recommendation strategy. For a clear comparison, we fill the
color of each unit with scores in each column. A deeper color indicates a greater contribution of the factor to the metric.

We can see that the corresponding strategy usually performs the best on the corresponding metrics, i.e., the factor of
novelty gets the highest score on the nov metric, as well as unpopularity on unpop, high quality on qua, relevance on
rel, and difference on dif. Therefore, we can say that most recommendations show a clear tendency for the corresponding
factor and a relatively poor optimization for the rest. This indicates that most strategies work as expected to optimize
the corresponding factor. Therefore, the strategies are validated to be effective.

There is only one exception, diversity strategy performs the best on the div metric in four datasets (home, sport,
ser_bk, and ser_mv), and it ranks the second best in the other five datasets. We analyze the reason and find that in
our framework (and in most existing diversity-oriented recommendation strategies), the employed method optimizes
for set-wise diversity, that is, all items in the recommendation list are expected to be various. Whereas the metric div
is for pair-wise diversity, that is, any two items in the recommendation list are expected to be less similar to each
other. It is worth noting that the choice of pair-wise div metric is also reasonable because it can reflect the diversity
from the perspective of individual users and items. While evaluating set-wise diversity usually needs some additional
information like the category or aspect coverage. Additionally, the method utilizes a greedy algorithm to address an

NP-hard problem, which may involve some approximation error.
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Fig. 6. Comparison of Various Strategies on Nine Datasets.

5.3 Impacts of Factors on Serendipity

In this section, we deeply analyze the impacts of factors on serendipity from multiple perspectives: performance on

four serendipity metrics, performance in different datasets/domains, and possible impacts of datasets/domains.

5.3.1 Performance on Four Serendipity Metrics. In this subsection, we check the overall factor importance on the
four serendipity metrics: serl, ser2, HR_ser@k, and NDCG_ser@k (Section 4.2.2), as shown in Fig. 6. Due to space
limitations in the last two subfigures, we use hr_s and ndcg_s for short of HR_ser@k and NDCG_ser@k, respectively.
The main findings are as follows:

Four factors of unpopularity, relevance, high quality and novelty make more impacts on all four serendip-
ity metrics. Since serendipity bears a subjective nature, besides 7 review datasets without human intervention on
serendipity, we also conduct experiments on two large-scale serendipity datasets labeled by humans with a crowd-
sourcing approach [23], ser_bk and ser_mv. The last two columns of Figs. 6(h) and 6(i) show that on HR_ser@k and
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NDCG_ser@k, the most important factors include unpopularity, novelty, high quality and relevance in ser_bk and
ser_mv. The reason may be that humans usually prefer new items, which increases the chances for cold and new items
to be evaluated as positive serendipity samples. Meanwhile, the four factors also show relatively high importance on
ser1 and ser2 (except for high-quality, which is excluded on ser2) in the two labeled datasets. Therefore, we can say
that the performance on the four serendipity metrics together reflects the importance of those four factors.

Other three factors of random, difference, and diversity make less impacts on HR_ser@k and NDCG_ser@k,
because of the sparsity of serendipity labels. In Figs. 6(h) and 6(i) it can also be observed that the other three factors,
random, difference, and diversity, gain much less importance on HR_ser@k and NDCG_ser@k. While they gain higher
importance on serl and ser2. This may be because the serendipity labels are quite sparse in the two datasets (1% [23]),
and each user usually has a few positive samples and multiple negative samples on serendipity. Therefore, it is difficult
for the recommendation strategies based on random, difference, and diversity to hit the positive labels, leading to poor
performance on HR_ser@k and NDCG_ser@k. It is worth noting that manual annotation requires additional costs
and may introduce subjective biases. Therefore, we suggest integrating metrics that do not require additional manual
labeling, like ser1 and ser2.

Furthermore, in Fig. 6 the factors’ importance on serl and ser2 are quite different in nine datasets, just as ex-
pected when designing the two metrics (Eqs. 22 and 23). We will integrate the performances on the two metrics to

comprehensively analyze factor importance in different domains.

5.3.2  Performance in Different Datasets/Domains. We summarize the serendipity rankings of serl and ser2 on all
datasets in Fig. 7 to compare the factor impacts directly for serendipity on various domains. Fig. 7(a) and Fig. 7(b)
display the rankings of factors on nine datasets in terms of ser1 and ser2, and Fig. 7(c) shows the overall tendency by
summing the factor rankings of ser1 and ser2, denoted as ser-combined. The more a factor contributes to serendipity,
the higher it ranks. Meanwhile, the higher the ranking, the darker the unit color is. Taking the first column in Fig. 7(a)
as an example, it shows that on kindle, relevance ranks first, indicating that it contributes the most to ser1. The ranks of
other factors are as follows: random, diversity, high quality, unpopularity, novelty, and difference. Moreover, the orders
are different in different columns, indicating that the roles of factors on serendipity vary with datasets or domains.

In general, relevance, diversity, and random make more impacts on serendipity. We count the number of
datasets on which each factor ranks within the top 4 of all seven factors, according to the combined serendipity in
Fig. 7(c). The first four factors are relevance (8 times), diversity (7 times), random (7 times), and unpopularity (6 times).
Meanwhile, novelty (5 times) rank in the middle, difference and high quality rank at the bottom. Since random strategy
has some uncertainty, we suggest to exploit it more carefully. Therefore, with the cross-domain experiments, we
believe relevance, diversity and unpopularity are beneficial serendipity factors for future research. Moreover, the higher
importance of unpopularity also indicates that serendipity recommendation is beneficial for cold start items with fewer
ratings and can help alleviate the long tail effects.

Factor rankings on serl vary among different datasets, while those on ser2 are quite consistent with
most datasets. As shown in Fig. 7(a), the rankings of seven factors on ser1 show much variance in nine datasets. For
instance, to observe along the rows, relevance ranks first on six datasets, while it ranks 6th or 7th on home, sport, and
ser_mv. Meanwhile, difference ranks last on five datasets, while it ranks higher on electronics, home, sport, and ser_mv.
Moreover, the other five factors usually rank in the middle, with rankings varying from 2nd to 6th. Next, to observe
along the columns in Fig. 7(a), factor rankings on some datasets share a similar trend, like kindle and ser_bk. On the
two datasets, novelty, relevance, and difference share the same rankings (i.e., novelty ranks 6th, relevance ranks 1st, and
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Fig. 7. Rankings of Factor Importance on (a) serl, (b) ser2 and (c) ser-combined.

difference ranks last, respectively), and other factors’ rankings differ no more than one. While the seven factors have the
same rankings on ser_combined in the two datasets, as shown in Fig. 7(c).

As for ser2, Fig. 7(b) shows that relevance consistently ranks first and difference ranks 6th on ser2, while high quality
consistently ranks last because it is excluded as primitive results, and it is non-personalized which leads to low relevance
with the target user. Hence, we suggest exploiting high quality and relevance (or other personalized factors) together in
practice. Moreover, random and diversity rank 2nd or 3rd, novelty and unpopularity rank 4th or 5th in most datasets.
The reason may be that ser2 is mainly based on the similarity between items (Eq. 23), which is close to the relevance.

We analyze the difference between performance on serl and ser2 and find two possible reasons: (1) The design of
the two metrics is quite different from each other. serl is based on the balance of difference and relevance between
recommended and real interacted items. While ser2 is based on the recommendation, excluding that from a primitive
model. (2) The importance of relevance is different from that of difference among nine datasets, which leads to the
variance on serl.

Considering ser1 and ser2 together, unpopularity and novelty have similar rankings in all the nine datasets.
In Fig. 7(a) and Fig. 7(b), although the rankings of unpopularity and novelty vary with datasets, they have similar
rankings in the same dataset; In most datasets, their difference is no more than one; only in ser_bk, their ranking

difference is 2. We will analyze the possible reasons from the perspective of factor correlation in Section 5.4.

5.3.3 Possible Impact of Datasets/Domains. To find the possible impact of datasets or domains on the importance of
serendipity factors, we further analyze item and user distribution in the embedding space. We calculate the mean value
4 and standard deviation value o of the distances between user-item and item-item in the training and testing sets, as
shown in Tables 3 and 4, respectively. Without loss of generality, we use the normalized cosine distance dis(ng, np) to
measure the distance of two items as in Eq. 26. We also list the average interactions per user and item in Table 1, and
the distribution of interactions per item in Table 2. Note that our data preprocessing only guarantees that each user has
at least ten interactions, while only in home, tool, and beauty, most items have at least 10 interactions. In the other six
datasets, most items have less than 10 interactions.

Tables 3 and 4 consist of user-item distance and item-item distance. Each of the two distances consists of three parts,
indicating the performance (i.e., the mean value y and standard deviation value o) on the rated items (i.e., the first part),
on all items (i.e., the second part), and the ratio of rated over all items (i.e., the third part). The items rated by a user
can be taken as related to him. The ratio depicts the relative aggregation level of related user-item representations. In
general, a smaller ratio indicates that related nodes are more aggregated and users focus more on historical interest,
while a larger ratio indicates a broader interest distribution. We gain several findings, as follows:

Manuscript submitted to ACM



Uncovering Recommendation Serendipity with Objective Data-driven Factor Investigation 21

Table 3. Statistics on Distance in Embedding Space (in the Training Set).

user-item distance item-item distance
dataset rated all rated/all rated all rated/all
Hui Oui Hui Oui Hui Oui Hii Oii Hii Oii Hii Oij
kindle 0.243 0.107 | 0.504 0.066 | 0.481 1.631 | 0.382 0.113 | 0.219 0.250 1.745 0.452
electronics | 0.286 0.127 | 0.510 0.066 | 0.562 1.921 | 0.416 0.125 | 0.295 0.250 1.408 0.500
home 0.292 0.107 | 0.499 0.096 | 0.585 1.114 | 0.404 0.146 | 0.500 0.099 | 0.809 1.477
Clothing 0.193 0.166 | 0.510 0.071 | 0.379 2.335 | 0.310 0.173 | 0.106 0.208 2.916 0.830
tool 0.318 0.098 | 0.493 0.103 | 0.646 0.957 | 0.405 0.144 | 0.498 0.098 | 0.813 1.464
beauty 0.335 0.099 | 0.503 0.084 | 0.666 1.178 | 0.422 0.134 | 0.499 0.087 | 0.846 1.553
sport 0.199 0.112 | 0.510 0.085 | 0.391 1.325 | 0.327 0.140 | 0.493 0.096 | 0.663 1.461
ser_bk 0.189 0.111 | 0.501 0.081 | 0.376 1.368 | 0.357 0.124 | 0.010 0.073 | 34.098 1.716
ser_mv 0.236 0.125 | 0.502 0.075 | 0.471 1.668 | 0.375 0.119 | 0.014 0.084 | 25.922 1.405

Table 4. Statistics on Distance in Embedding Space (in the Testing Set).

user-item distance item-item distance
dataset rated all rated/all rated all rated/all
Hui Oui Hui Oui Hui Oui Hii Oii Hii Oii Hii Oii
kindle 0.347 0.139 | 0.504 0.066 | 0.688 2.121 0.371 0.155 0.219 0.250 1.696 0.620
electronics | 0.373 0.149 | 0.510 0.066 | 0.732 2.248 0.367 0.197 0.295 0.250 1.244 0.787
home 0.441 0.165 | 0.499 0.096 | 0.882 1.725 0.326 0.223 0.500 0.099 0.652 2.254
Clothing 0.273 0.204 | 0.510 0.071 | 0.535 2.856 0.292 0.228 0.106 0.208 2.744 1.095
tool 0.323 0.103 | 0.493 0.103 | 0.654 0.999 0.324 0.192 0.498 0.098 0.651 1.952
beauty 0.318 0.102 | 0.503 0.084 | 0.632 1.212 0.342 0.182 0.499 0.087 0.686 2.098
sport 0.444 0.103 | 0.510 0.085 | 0.870 1.214 0.356 0.217 0.493 0.096 0.723 2.272
ser_bk 0.415 0.110 | 0.501 0.081 | 0.827 1.359 | 3.83e-8 3.86e-8 | 0.010 0.073 | 2.31e-7 5.33e-7
ser_mv 0.450 0.108 | 0.502 0.075 | 0.896 1.435 | 7.27e-9 3.83e-8 | 0.014 0.084 | 5.03e-7 4.53e-7

In general, user interests’ distance remains stable in the two datasets of tools and beauty, while it becomes
larger with time in the other seven datasets. Table 3 displays the statistics of the first 80% interactions (i.e., the
training set), and Table 4 displays the last 20% interactions (i.e., the testing set). Comparing the values of j,; (the 2nd
column, user-item distance, rated) in Table 3 with those in Table 4, we can observe the rather significant changes
in seven datasets other than tool and beauty. For instance, Apuy; for tool and beauty is 0.323 — 0.318 = 0.005 and
0.318 — 0.335 = —0.017 respectively; while Ayy,; for kindle and ser_mv is 0.347 — 0.243 = 0.104 and 0.450 — 0.236 = 0.214,
respectively. It suggests that users’ interests may be more stable in the two domains of tools and beauty, while they
evolve much in the other seven domains. We further analyze the reason and find that, there are many more items and
fewer average interactions per item in the other seven domains (as shown in the third column "Items" and the sixth
column "avelnt/item", in Table 1), indicating more choices and more variance.

The role of factors in affecting serendipity varies with datasets, and the domain features also matter. Fig.
7 shows that the rankings on different factors vary with datasets. Combining Fig. 7(c) with Tables 3 and 4, we observe
that datasets with similar statistical characteristics and similar domain features also exhibit similar factor ranks on
serendipity. For instance, the rankings of factors in the kindle and ser_bk datasets are the same on ser-combined, while
the mean values of the two datasets are relatively small, and the two involve similar domains: kindle is for electronic
reading and ser_bk is for reading in Amazon books.

A similar finding is also observed in home and ser_mv, as well as tool and beauty, where the mean values of user-item

distances are close to each other in both the training and testing datasets. Taking home and ser_mv for instance, among
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Fig. 8. The Degree of Disentanglement of Various Strategies on the Nine Datasets.

all the seven factors, the rankings of novelty, unpopularity, and diversity are the same, and two other factors (i.e., random
and high quality) differ in ranking by only one, indicating some consistency between the factor rankings and the
statistical characteristics.

In summary, the statistical characteristics of datasets can reflect the overall features of user interactions in different
domains, which will further impact factor importance on recommendation serendipity. This finding is very helpful for
future research in that we can guide the strategy design with the domain features. For instance, if users’ interest is

more focused in some domain, then relevance can be given more weight, and vice versa.

5.4 Correlation among Serendipity Factors

Fig. 6 also reflects the correlation among factors. Similar to the rankings in Fig. 7, we can also check the factor importance
on the other six metrics, i.e., nov, unpop, qua, rel, dif, and div. Taking the nov metric for instance, besides novelty
itself, unpopularity and difference contribute more than the others. To further study the correlation among serendipity
factors, we calculate the degree of disentanglement among any two factors using Eq. 30. Fig. 8 illustrates the degree of
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disentanglement between recommendations generated by the strategy corresponding to different factors in the nine
datasets. We have the following findings:

All the degrees of disentanglement are quite large between any two factors. This validates the effectiveness
of our factor-disentanglement approach and indicates that different factors can measure serendipity from different
perspectives.

The degree of disentanglement between difference and relevance is consistently high in all the nine datasets.
We analyze the reason and find that, according to the definitions in Section 3.3.2, difference tends to recommend items
that are different from the user’s historical behavior, while relevance is more focused on the user’s historical interests,
representing the other side. Therefore, their recommendations exhibit significant differences. Based on this finding, we
can combine the two factors for better serendipity recommendations.

The degree of disentanglement between unpopularity and novelty is consistently low in all the nine
datasets. For unpopularity and novelty, the former is calculated by the normalized rating numbers, and the latter
is calculated by the normalized time when an item is put into the system (i.e., new to the system). Since new items
typically have fewer ratings than those that have existed longer, it is natural that the two strategies based on these
factors often recommend similar items. However, they are not always consistent. For instance, some longer-existing
items may also have higher unpopularity if they received very few ratings, while those items have a lower novelty.

Moreover, as shown in Fig. 6, both novelty and unpopularity achieve the best performance in each other’s metrics in
the seven general datasets, and second best (with itself performing the best) in the two labeled datasets. In addition, their
rankings in serendipity are similar on nine different datasets, as shown in Fig. 7. This indicates that their correlation is
higher than others, which is consistent with the relatively lower degree of disentanglement. This further validates the
effectiveness of our factor disentangling approach.

The degrees of disentanglement between relevance and all other factors are generally high in most datasets.
This indicates two things: first, the recommendations by relevance based strategy are quite different from other factor-
based strategies; second, it will bring benefits on serendipity when combining relevance and other factors since they
usually produce different recommendations.

In summary, the degree of disentanglement can help understand the level of information redundancy of different

factors and guide the selection of the most important factors for serendipity in different domains.

5.5 Combination of Serendipity Factors

In this section, we explore the impact of different factor combinations on recommendation serendipity. As analyzed in
Section 5.4, the degree of disentanglement between difference and relevance is consistently high in all datasets, which
indicates they exhibit the minimum redundancy of information. Therefore, we take the two factors as an example
to study the effects of factor combination. We simply summarize the scores of the two factor-based strategies with
linear weights from 0.1 to 0.9, and check the importance of the nine combinations, as illustrated in Fig. 9. For instance,
0.1rel_0.9dif represents the combination of taking the score of relevance-based strategy with a weight of 0.1 and that
of difference-based strategy with 0.9. We find that with the growth of relevance in the combination, the importance of
the combination factor on ser2 continuously increases. As for ser1, there are two kinds of trends in the nine datasets, as
follows:

When difference weighs more than relevance on ser1, the performance of all the nine combinations falls in
between that of the two single factors. As shown in the seventh column in Figs. 9(c), 9(g), and 9(i), the importance of

difference (i.e., the sixth row in the figures) is larger than that of relevance (i.e., the fifth row) on ser1 in the three domains
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Fig. 9. Comparison between Combined Factors and Single Factor based Strategies on Nine Datasets.
of home, sport, and ser_mv. Then, the performance of the nine combinations from 0.1rel_0.9dif to 0.9rel_0.1dif
decreases gradually on serl. Together with the factor rankings of home, sport, and ser_mv in Fig. 7(a), it indicates
that in the domain of home, users prefer new and unpopular products (i.e., novelty and unpopularity rank the highest).
Meanwhile, in the domain of sport, difference and high quality are more important. In the domain of movie watching
(i.e., ser_mv), users prefer more movies that are different from historical records, while unpopularity and novelty also
rank higher.

When relevance weighs more than difference on ser1, the performance of all combinations has two stages,
it first falls in between that of the two single factors, then it outperforms any single strategy. This can be
seen in the seventh column in Figs. 9(a), 9(b), 9(d), 9(e), 9(f), 9(h). We attribute this to the combination of difference
and relevance, which allows for the selection of relevant items at an appropriate distance from the user’s historical
interests. This approach effectively balances relevance while satisfying the user’s exploratory needs. As shown in the
sixth column in Table 4, the statistical characteristics of these datasets, i.e., the rated/all ratios of user-item distances p;,
are generally smaller than the other three datasets (i.e., home, sport, and ser_mv). It demonstrates that users’ interests
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Fig. 10. The Impacts of Different k, Taking the kindle Dataset as An Example.

are more concentrated. The factor rankings in Fig. 7(a) also validate that in these domains, users prefer items similar to
historical records, where relevance ranks first. Therefore, the fusion approach that combines relevance can achieve
performance on ser1 beyond any single factor. This allows for trade-offs between different factors of serendipity to

accommodate the specific needs of different domains.

5.6 Impact of Possible Implementations and Parameters

Possible Implementations of Experimental Framework. In the general framework, it is flexible to select suitable
ways to optimize factors, evaluate the performance of serendipity and its factors, as well as deal with new factors
or combined factors. For instance, the recommendation can exploit personalized or non-personalized strategies, in
either static or interactive environments; the performance evaluation can be measured with quantifiable metrics or user
surveys. Furthermore, when applied to specific platforms, it only needs to implement factor-optimization strategies and
serendipity metrics based on its own data processing and recommendation framework.

Note that although the absolute value of factor impacts in a domain may be different with different implementation
strategies, the relative importance of factor rankings is stable in each domain, as long as the factor-based strategies can
effectively optimize the corresponding factors and the experiments are conducted with consistent evaluation metrics
and datasets. This is because, for a given target user, a given optimization metric, and a given dataset, the best k
candidates that meet each optimization metric should be similar or even the same.

Possible Effects of Embedding Method. The values in Tables 3 and 4 may vary with different representation
models, because they may generate different embeddings for users and items. Since LightGCN has been verified to
be effective in recommendation tasks, we exploit it as the representation model. We also try some other embedding
methods like word2vec [63]. While the absolute values are different, the relative trends are similar to those in Tables
3 and 4. Moreover, when applied to real platforms, it can directly use the original data processing (including the
embedding method) in the platforms.

Impacts of Parameter k in top-k Recommendation. To ensure the stability of our results, we conduct the
experiments with different k. We check the performance with k = 5, 10, 15, and 20 on the nine datasets, and the results
show similar trends (see that for kindle in Fig. 10). Under the ser1 and ser2 metrics, as k increases, the performance of
the strategies does not change significantly except for relevance and diversity. The reason is that the coverage rate of
the recommendation increases as k increases, which leads to an increase in diversity. Other factors remain with the

same relative relationship.
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6 CONCLUSIONS

In this paper, we strive to explore an objective data-driven approach for factor investigation on recommendation
serendipity, which can be taken as an important attempt in addition to user surveys. We thoroughly researched the
literature to extract all possible factors and propose two principles of meaning coverage and factor independence to
clarify them. Then we propose a general framework to evaluate each factor’s impact on serendipity. Next, we provide
one possible implementation approach of the framework, and we conduct comprehensive experiments on large-scale
cross-domain datasets, which evaluate the relative importance of different factors in different domains. We also propose
a quantifying method of the degree of disentanglement to measure the distance between any two factors, which provides
some insight into understanding factor correlation and combining proper factors to improve serendipity. Finally, we
observe that the domain features also matter with factor importance, which reflects the main characteristics of user-item
interactions in different domains. This can be used to guide serendipity recommendations in more domains.

It should be noted that the patterns or results identified in this study can serve as an example to explore the impact of
serendipity and its corresponding factors. The findings may not be generalized to all domains or applications. However,
the proposed method is general and can be applied in other real-life scenarios, and the disentangled seven factors can
serve as a basis for constructing serendipity in different domains. There are several directions for future work: (1) It is
promising to explore the seven factors to enhance serendipity recommendation in various domains, particularly in
those where serendipity recommendations have not been fully studied, e.g., smart education, lifelong learning, science
popularization, and so on. (2) More implementations can be tried on factor disentanglement and the impact evaluation
framework. (3) It will be interesting to design interactive tools that allow users to select their serendipity factors [10].

(4) The research method can also be exploited to deal with other complex and ambiguous concepts.
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A APPENDIX

A.1 Frequently Mentioned Serendipity Factors in Literature

We list some representative and frequently mentioned serendipity factors in the literature, shown in Table 5. It can
be seen that different works exploit different factors to construct recommendation serendipity; moreover, in various
works, the same factor name may express different meanings and vice versa. The ambiguity and inconsistency between
the factors’ names and meanings significantly impact the understanding of recommendation serendipity and hinder the

follow-up research. Hence, there is a strong necessity to clarify those factors.

Table 5. Frequently Mentioned Serendipity Factors in the Literature.

Factors Source | Statement
[81] unexpectedness: the number of ratings given to i is smaller than the average number of ratings
given to all items; relevance: the rating given to i is bigger than the average rating by u.
unexpectedness: between a lower limit and an upper limit on the distance of recommended items
unexpectedness and relevance [7] p )
rom expectations
[66] unexpectedness: inferred by a primitive strategy
[70] user perceived unexpectedness of result with successfulness
[45] unexpectedness: significantly differ from user profile; relevance: a user likes, consumes or is
interested in; novelty: a user has never consumed the item.
unexpectedness, relevance and nove novelty: in three ways, new to system, new to user and forgotten items .
pected 1 d Ity [42] Ity: in th y to syst t d forgotten it [39]
[76] unexpectedness: a positive response from users; relevance: some similarities with user profile;
novelty: new items to users.
unexpectedness, relevance, novelty, and timeliness [13] novelty: from a category/domain outside of the user’s profile
unexpectedness: have different research topics from the target scholars; relevance: the proximity
unexpectedness, relevance, and value [92] X . .
between two nodes in co-author network; value: the influence of this collaborator.
unexpectedness, relevance and positive surprise [27] unexpectedness: achieved by randomness, and non-determinism algorithms.
unexpectedness: the difference between recommendations made before and after considering
unexpectedness, relevance and diversity [17] serendipity; relevance: not completely dissimilar from a user’s interests; diversity: the differences
among recommended items.
[6] not appear to be connected and will become interesting
unexpectedness and usefulness [59] unexpectedness pena}izes the most popu}ar items; usefulness: accuracy
[30] unexpectedness: the items in the long tail
[26] unexpectedness: based on a primitive model; usefulness: judged by users
unexpectedness, usefulness and insight 73] Fnegpectedness: bafed ona primitiv’e prediction model; usefulness: the potential value; insight:
‘making connections” to a target user’s profile. [104]
value: interestingness [5], usefulness [3]; novelty: unknown and different item, where unknown
unexpectedness, novelty, and value [1] items include items that the user never consumed before and different items include items that are
different from the user’s profile [38, 45].
recommending items that are valuable to the user, but do not contain content that the user was
unexpectedness and value [67] .
expecting.
unexpectedness: the encountered information should be unexpected or a surprise to the information
unexpectedness, value and insight [104] actor; value: useful and beneficial to the information actor; insight: an ability to find some clue in
the current environment, then “making connections” with one’s previous knowledge or experience.
. unexpectedness: the deviation from a benchmark model [31, 65]; attractiveness: determined in
unexpectedness and attractiveness [29]
terms of closeness to the user profile [55]
unexpectedness: the relation between the entity and the query should not have been otherwise
unexpectedness, interestingness and relatedness [34] discovered by the user; interestingness: the entity should engage the interest of the user when
searching for the query; relatedness: relevant to the query that a user is searching for.
unexpectedness and accuracy [41] unexpected: dissimilar to user profile or historical items
. unexpectedness: three ways are employed to recommend items with different distances from user’s
unexpectedness and interest [19] .
interests
unexpectedness, good surprise and preference [11] unexpectedness: determined by users
unexpectedness and high quality [94] unexpectedness: distant from users’ latest preferences
value: willing to pay and experienced utility. Expectation for an information object is based on
value and surprise [67] the expected likelihood of a user seeing such an information object; surprise: a violation of such
expectation.
surprise and success [79] surprise: far from the user profile; success: similar to user’s history
. accuracy: similarity to users’ long-term preferences and short-term demands and recommendation
accuracy and difference [52] . X Vs R . .
accuracy; difference: difference from users’ history and diversity among recommendations
genre accuracy and content difference [51] accuracy in genre-level preference and difference in collaborative filtering
high satisfaction and low interest [91] satisfaction: items with high ratings; interest: items with ratings
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