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Abstract: The contemporary city is increasingly being labeled as a smart
city consisting of both physical and virtual spaces. This digital augmentation
of urban life sets the scene for urban recommender systems to help citizens
dealing with the abundance of digital information and corresponding choice
overload, for example, by recommending the best place to have dinner based
on your personal profile. There are, however, concerns that this kind of al-
gorithmic filtering could lead to homogenization of urban experiences and a
decline of social cohesion among citizens. To overcome this issue, scholars
increasingly encourage the introduction of serendipity in all types of recom-
mender systems. Nonetheless, it remains unclear how this can be achieved in
practice. In this work, we study user evaluations of serendipity in urban recom-
mender systems through a survey among 1641 citizens. More specifically, we
study which characteristics of recommended items contribute to serendipitous
experiences and to what extent this increases user satisfaction and conversion.
Our results align with findings in other application domains in the sense that
there is a strong relation between the relevance and novelty of recommenda-
tions and the corresponding experienced serendipity. Moreover, serendipitous
recommendations are found to increase the chance of users following up on
these recommendations.
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1 Introduction

In contemporary cities, activities and experiences are increasingly shaped
by digital urban media (de Waal, 2013) such as urban recommender sys-
tems (Quijano-Sédnchez, Cantador, Cortés-Cediel, & Gil, 2020). Citizens
use these systems to help choose among possible destinations and activities
(e.g. TripAdvisor), places to eat or rest (e.g. Airbnb) or navigating through
the urban environment (e.g. Waze). These urban recommender systems are
an important example of real-time merging of digital and physical public
space to achieve efficiency and productivity. As such, they are argued to
contribute to the so-called ‘smart city’ (van der Graaf & Ballon, 2019).

Although urban recommender systems help citizens to cope with the abun-
dance of available digital information, they are often built on the premise
that users are merely looking for information closely matching their own
profiles ([aquinta et all, 2008; Jannach & Adomavicius, 2016). For exam-
ple, recently it has been shown that Google Maps guides people to the
very same types of restaurants, museums or activities over and over again
based on their demographic profiles and search history (Smets, Montero,
& Ballon, 2019). As a consequence of this premise, concerns are raised
that recommender systems may create urban ‘filter bubbles’ (see Pariser,
2011) by merely exposing users to predictable, popular and homogeneous
content rather than challenging their views with serendipitous encounters
(Zuiderveen Borgesius et al), 2016; Foth, 2017).

Serendipity refers to “what happens when we, in unplanned ways, encounter
resources that we find interesting” (Bjorneborn, 2017, p.2). As such, it has
been argued that serendipitous encounters in the city are not only key factors
for cities’ economic and innovative growth (Wood & Landry, 2008), but
that they are also central to social bonding and urban trust as described by
Jacobs’ (1961) notion of ‘well-used streets’. As a result, urban recommender
systems ignoring serendipitous recommendations may form a threat to the
urban ecosystem (McQuire, 2017). This threat of people not being exposed
to and excluded from spontaneous interaction with the diversity of cities
and their inhabitants is a timely issue that needs urgent attention (Smets
et al), 2019).

Recently, there has been an increased focus on serendipity in the domain
of recommender systems. Nonetheless, this line of research still shows some
gaps. Firstly, serendipity in recommender systems has rarely been inves-
tigated within an urban context. Over the last decade, the use of recom-



mender systems and their failure to introduce serendipity has mainly been
discussed in the context of mere online (social media) platforms (Reviglio,
2019). Only a few preliminary urban digital information systems have been
developed introducing serendipity into urban recommender systems, as a
merger between a digital and a physical environment rather than an en-
tirely digital environment. These few examples include applications for
urban navigation (X. Ge et al., 2017; Delva, Smets, Colpaert, Ballon, &
Verborgh, 2020; Li & Tuzhilin, 2019; Shepard, 2011) or applications to con-
nect strangers in public places (Paulos & Goodman, 2004). Research on
serendipity has, however, demonstrated that serendipity evolves differently
in different contexts inducing the need to further investigate serendipity
in urban recommender systems in particular (Lutz, Pieter Hoffmann, &
Meckel, 2017; Sun, Sharples, & Makri, 2011; Olshannikova, Olsson, Huh-
taméki, Paasovaara, & Karkkéinen, 2020).

Secondly, the small amount of existing studies about serendipity in urban
recommender systems rarely focus on user experience and evaluation in the
field. The majority of these studies rely on offline lab experiments for design
optimization (Kotkov, Veijalainen, & Wang, 2016). Such experiments can
be useful in choosing candidate algorithms, but often take place in artificial
settings in which specific recommender systems are imposed on test subjects.
In order to circumvent the limitations of such lab experiments, large scale
field studies are required to investigate user feedback in daily life situations
(Kotkov, Veijalainen, & Wang, 2016). Due to the involvement of actual
users those field studies are costlier and therefore often neglected (Silveira,
Zhang, Lin, Liu, & Ma|, 2019).

This study aims to fill these gaps by investigating user evaluations of
serendipity in urban recommender systems. More specific, this study ad-
dresses the question which characteristics of urban recommendations lead
to serendipity experiences and to what extent this increases user satisfaction
and conversion (i.e. the capacity of the recommender system to convince
users to follow up on the recommendations). In this way, the results of this
study provide a first insight into user evaluations of serendipity in urban
recommender systems.

The paper is structured as follows. The next section provides an overview of
the literature on urban recommender systems and the role of serendipity in
those systems. This overview will lead to a set of research questions under
study in this work. Section E introduces a survey among 1641 citizens about
experienced serendipity, user satisfaction and conversion in urban contexts.



Section @, subsequently, elaborates on the results of the analyzed survey
data. Finally, section Byends the paper with a discussion of the results.

2 Theoretical framework

2.1 Serendipity

Serendipity in digital environments has been studied from a wide range of
perspectives, each emphasizing their own focus and assumptions (Reviglio,
2019). In information science and information behavior research, empha-
sis is usually put_on process models explaining the occurrence of serendip-
ity experiences (Erdelez & Makri, 2020; Lutz et al.,, 2017; Erdelez, 2004;
Makri & Blandford, 2012). Various authors, for example, identified several
contextual factors related to the user, information, tasks and the environ-
ment that influence the process of information encountering (e.g. Jiang,
Liu, & Chi, 2015; Erdelez & Makri, 2020). Such contextual factors are
also adopted in the field of information system design, in which they are
considered precipitating conditions increasing the likelihood of serendipity
(McCay-Peet & Toms, 2011; Bjérneborn, 2017). Several studies have been
conducted trying to assess these conditions and the extent to which they
contribute to serendipity. Here, however, a mere distinction is usually made
between personal cognitive and behavioral antecedents (e.g. Lutz et al.,
2017) versus environmental factors or characteristics (e.g. McCay-Peet &
Toms, 2011). Those environmental factors consist of various aspects that
have been categorized by Bjorneborn (2017) as three key affordances: di-
versifiability, traversability and sensoriability. These affordances should be
considered as building blocks when designing environments that facilitate
serendipity, and respectively refer to the ability of the environment to allow
a diversity of contents, to be traversable and to be perceivable by the senses.

In the context of recommender systems, environmental affordances refer
to characteristics of the system itself. That is the diversity of the recom-
mended items, the navigation and interactivity of the system and the user
interface design. Most of the work on serendipity in recommender systems
has, however, mainly been dealing with the recommended items themselves.
In this strand of the literature, serendipity is most commonly considered
as a compound concept consisting of three characteristics of recommended
items: relevance, novelty and diversity (Chen, Yang, Wang, Yang, & Yuan,
2019; Kotkov, Wang, & Veijalainen|, 2016; also see Figure E)
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Figure 1. We hypothesize that the relevance, novelty and diversity of recommended
items in urban recommender systems affect user satisfaction and, subsequently, user
conversion through experienced serendipity.

Relevance refers to recommended items that users like or are interested in
(Maksai, Garcin, & Faltingg, 2015; [aquinta et all, 2008; Kotkov, Wang,
& Veijalainen, 2016) and is usually measured by the accuracy of predicted
user ratings for unseen items. It is an important aspect of serendipitous
recommendations because, by definition, serendipity refers to encounters
that are relevant to the user. Nonetheless, sole focus on relevance may lead
to filter bubbles because it precludes unexpectedness (Kotkov, Wang, &
Veijalainen, 2016).

Indeed, serendipity also requires unexpectedness, which may be facilitated
by including novelty and diversity in recommended items (Kotkov, Vei-
jalainen, & Wang, 2016; Tacchini, 2012; M. Ge, Delgado-Battenfeld, & Jan-
nach, 2010). Nowelty refers to items that are unknown to the user either
because they are (1) novel to the system, (2) forgotten by the user, (3)
unknown to the user or (4) unrated by the user (Kotkov, Wang, & Vei-
jalainen|, 2016; laquinta et al., 2008). Diversity refers to the variability in
recommended items a user receives (Kotkov, Wang, & Veijalainen, 2016). It
was already found by Chen et al| (2019) that both novelty and diversity are
important antecedents of unexpectedness, which in turn, affects experiences
of serendipity. Nonetheless, the overall influence of diversity on serendip-
ity was not confirmed by their study. The availability of a diverse set of
items is, however, considered to be a key environmental affordance to foster
serendipity (Bjorneborn|, 2017).

The hypothesized influence of relevance, novelty and diversity on experi-
enced serendipity brings us to our first research question:

RQ1: How do relevance, novelty and diversity affect users’ ex-
perienced serendipity in urban recommender systems?



2.2 User satisfaction and conversion

The second goal of this study is to investigate whether experiences of
serendipity in urban recommender systems also lead to higher user satis-
faction and, consequently, higher user conversion rates (i.e. the ability of
the recommender system to persuade users to actually follow up on the rec-
ommendations). After all, it has been assumed that sole focus on relevance,
in contrast to serendipity, does not optimize user satisfaction because users
do not appreciate lists with very similar items (tKotkov, Veijalainen, & Wanpj
2016; lDe Gemmis, Lops, Semeraro, & MustoL b015|; |Chen et al.|, bmd; [Lutz
ot all, 2017: IZhang, Séaghdha, Quercia, & Jamboﬂ, l2012|; Baid, Fields, Jain
& Albayrakl, 2013). User satisfaction, in turn, has been shown to increase
user conversion (Chen et a1.|, }20191; |Venkatesh7 Thong, & Xul, lZOlQI).

Within the existing literature, it has already been shown that diversity pos-
itively correlates with user satisfaction (IKotkov, Veijalainen, & Wané, lZOld;
tDe Gemmis et alj, l2015|; lKunaver & Poir]|, l‘2017|). In the context of serendip-
ity, however, these findings contradict with the results of previously men-
tioned studies where only small relations were found between diversity and
experiences of serendipity (|Chen et al.|, bOld).

Mixed results have been found for the relationship between novelty and
user satisfaction (tEkstrand, Harper, Willemsen, & KonstanL |2014|; |Chen ed
, ) Novel items do not necessarily positively correlate with user
satisfaction or conversion because novelty could also decrease users’ trust in
the capabilities of the system (lEkstrand et al.|, l2014|).

However, given the call for contextual differentiation in serendipity research
and the current limited focus on serendipity in urban recommender sys-
tems, this study aims to further investigate the relation between serendipity
antecedents and user satisfaction. In sum, we hypothesize that relevance,
novelty and diversity affect user satisfaction and, subsequently, user conver-
sion through experienced serendipity (see Figure [l|). This brings us to the
following research questions:

RQ2: Do relevance, novelty and diversity influence users’ satis-
faction in urban recommender systems and can this influ-
ence be explained by experienced serendipity?

RQ3: Do relevance, novelty and diversity influence user conver-
sion in urban recommender systems and can this influence



be explained by experienced serendipity and user satisfac-
tion?

2.3 Contextual differentiation

The third goal of this study is to investigate whether experienced serendipity
also depends on the system’s domain or user’s needs. After all, it has already
been shown that users might have different needs for serendipity in different
recommendation scenarios (McCay-Peet, 2014; Kaminskas & Bridge, 2016;
Ekstrand et al), 2014; Sun et al), 2011). Indeed, serendipity in recommender
systems has already been studied in various contexts such as e-commerce
(Chen et all, 2019; Lutz et al), 2017). movies (Kotkov, Konstan, Zhao, &
Veijalainen, 2018), music (Zhang et al), 2012; Matt, Benlian, Hess, & Weif,
2014) and social networking sites (Lutz et al., 2017), all leading to variable
results. As a result, acknowledging that the urban environment is eminently
heterogeneous, studying serendipity in urban recommender systems also re-
quires to take a contextual differentiation into account. This brings us to
our final research question:

RQ4: Does the impact relevance, novelty and diversity on expe-
rienced serendipity in urban recommender systems depend
on the context of use?

3 Methods

3.1 Sample

Most existing studies on serendipity experiences with recommender systems
adopt an experimental approach in which test persons are confronted with
an artificial recommender system after which they are immediately asked for
their experiences (for example Pu, Chen, & Hu, 2011; Ekstrand et all, 2014).
However, especially in the context of offline activities, such experimental
studies create settings that may significantly deviate from regular situations
in daily life in which people use recommender systems. As an alternative, we
decided to use a survey with retrospective questions about actual behavior
and experiences in real-life situations.

We investigated the user evaluations of serendipity in urban recommender
systems through the Smart City Meter 2020. This is an annual survey in
Flanders and Brussels, Belgium, about citizens’ opinions, attitudes and be-
haviors in the context of smart cities. The data were collected between



March 1 and April 30, 2020 among people recruited through an online panel
of a private market research agency. This panel had been collected and
maintained over the years through various projects of the agency. A strati-
fied sample was taken from this panel according to gender, age and place of
residence (Brussels, Antwerp, Ghent, other large cities, small towns, munic-
ipalities). The size of the strata was determined by the distribution of these
variables among the Brussels and Flemish population. In addition, strata
size was adjusted according to the response rate within each stratum based
on previous experience of the agency. However, all drawn panel members
were invited by email to complete the questionnaire in the same way and
with the same number of contact attempts.

In total, 1641 eligible panel members responded to the questionnaire. Be-
cause of the disproportional stratified sampling strategy, the realized sample
more or less followed the population distribution of gender, age and place of
residence. Nonetheless, because of panel constraints, people under the age
of 30 and over the age of 70 were slightly underrepresented. For that reason,
based on the population distributions, the respondents were assigned anal-
ysis weights. Further analysis also showed that the sample included both
higher and lower educated people and voters of all relevant political parties.

3.2 Variables

In order to allow for contextual differentiation (cf. R@4) the respondents
were randomly divided into two groups. The first group was confronted with
questions about recommender systems for Catering in the city (restaurants
and bars). The second group, in turn, was confronted with questions about
recommender systems for general Activities in the city. The respondents
were firstly asked how often they use recommender systems (websites or
apps like Google, TripAdvisor,...) to find new catering stores or to find things
to do in the city respectively. Respondents who indicated to never use
such websites or apps were not asked any further questions about these
recommender systems and were forwarded to the next questionnaire section.
All other respondents, in contrast, got follow-up questions about serendipity,
satisfaction and conversion in these recommender systems.

Unfortunately, within the existing literature, examples of measurement in-
struments for serendipity experiences are scarce. Additionally, the few ex-
isting operationalizations are also quite diverse. Some use several agree-
disagree statements for measuring specific dimensions of serendipity like
perceived recommendation diversity (e.g. Knijnenburg, Willemsen, Gant-



ner, Soncu, & Newell, 2012). Others developed item sets for measuring
experiences about serendipity affordances based on the work of Bjérneborn
(e.g. McCay-Peet & Toms, 2011) or implemented a set of questions allowing
test persons to compare different recommender systems (e.g. Ekstrand et
all, 2014). Some investigated the potential of survey questions for measur-
ing a various range of serendipity definitions (e.g. Kotkov et alj, 2018) or
instantaneous experiences of serendipity (e.g. Lutz et al., 2017). Because of
space constraints, however, we based our work on the survey items used by
Chen et al) (2019), who adopted a short single-item version of the ResQue
evaluation framework for recommender systems (see Pu et all, 2011).

In order to measure relevance of recommended items respondents were asked
how often they get recommendations that suit them well (see the Appendix).
For measuring novelty, they were asked how often they get recommendations
they didn’t know yet. For (lack of) diversity, they were asked how often
they get the same kind of recommendations. For experienced serendipity,
respondents were asked how often they find themselves pleasantly surprised
by the recommendations in these systems. User satisfaction was measured
by a question about how satisfied respondents generally are with the recom-
mendations they usually get. User conversion was measured by a question
about how often they actually follow the provided recommendations in such
recommendation systems. Respondents could provide answers to all these
questions through 5-point Likert scales. The Likert scales were treated as
continuous variables in all analyses below (see Table m)

3.3 Analysis

Given that our theoretical model (Figure E]) assumes an indirect effect of
relevance, novelty and diversity on recommender system conversion through
experienced serendipity and user satisfaction, we used mediation analysis to
model the data. Mediation analysis refers to the investigation of direct and
indirect effects of a set of exogenous independent variables on the dependent
variables through mediator variables (MacKinnon, 2008).

Within the existing literature, mediation analysis usually starts from an in-
vestigation of the total effect of the independent variables on the dependent
variables (see, for example, Baron & Kenny, 1986). Subsequently, the effect
of the independent variables on the dependent variables is measured again
but controlling for the mediator variables. This allows for discriminating
between the direct and indirect effect of the independent variables on the
dependent variables. Nonetheless, it is advised to model all effects simulta-



‘Xipuadde ay3 ul punoj 8q ued ssjeds asuodsal pue SuIpiom uoIIsend) "Se|eds-1exi] Juiod-G uo pa3ds|jod diem sesuodsad ||y
's39x0€4q aJenbs ussmiaq ssnjes-d

[too>] y¢- [t00>] )G lo90" 1 9Q°- [to0>] oy [t00>] Gt €8 29°¢C UOISIBAUOD)
[t00>] gt et 1 60 [too>] y¢- [100>] 49" VA ¥,.°€ uoliloeysileg
[too>] y1°- [t00>] gy [t00>] 4G° 6. 8¢ Audipusisg
lzoo 1 QT - [vo 1 Q- g/ ¥G6°€ KusisniQq
100> O 8L 9T'e AyjeroN
08’ €e'e ERIZCTEN
dnou3 sainy
[t00>] g¢* [t00>] gt [too>] T° [too>] y¢- [100>] 0G* vl 6°¢C UOISIDAUOD)
[t00>] g w62 1 10 [t00>] T [100>] 6G* 12 99°¢ uolildoeysijeg
loos 1 00" [t00>] 4 [t100>] gG* 9/, €0'€ Andipusisg
leoo 1 60" vt 1 GO° 08 Ge'e KusisnQq
(100> T €8’ or'e AproN
8 GTe ERLZCIEN

dnoi3 Suusie)

uoiloeysineg  Andipusiag Ausianig STENNIN 90UBAD[RY ‘AdQ PIS ueap|
SUOI1E[2110D)

‘ASI9AIp Joy 1dooxe
‘y81y 01 91EJSPOW BJE UOISISAUOD PUB UOI1DBJSIIES ‘Sjuspadalue Audipusias syl UsaMISq SUOIIE|9.I0D DIBLIBAIQ BY | SIUSWUOIIAUD
ueqgJn ul Swa1sAS JSPUSWIWIODISI JO UOISISAUOD pue uolldejsijes ‘Alidipusiss inoge suoissnb pspnjoul asleuuonssnb sy °1 9jqep

10



neously in one single analysis model (Rucker, Preacher, Tormala, & Petty,
2011). For that reason, we conducted a path analysis were paths were de-
fined along the theoretical model in Figure E] additional to direct effects of the
serendipity antecedents relevance, novelty and diversity on the dependent
variables user satisfaction and conversion. The model was estimated in R
using the lavaan package (Rosseel, 2012). Multi-group estimation was used
to distinguish between the Catering scenario and the Activities scenario.
Parameter estimates were obtained by maximum likelihood estimation with
robust Huber-White standard errors to avoid problems of non-normality.

Note that we do not correct p-values for multiple testing since this research
is exploratory. The interpretation of results are mainly based on estimated
effect sizes rather than p-values. After all, p-values are bad measures of effect
sizes or the importance of results (Wasserstein & Lazai, 2016; Greenland et
all, 2016; Amrhein, Greenland, & McShane, 2019). Moreover, adjustments
for multiple testing increase type II errors for non-null associations and are
calculated based on arbitrarily chosen numbers of tests (Rothman, 1990;
Feise, 2002).

4 Results

4.1 Descriptive analyses

On average, the respondents provided similar answers to all survey items
(see Table E) Indeed, they were mostly undecided about whether recom-
mender items are usually relevant, novel and diverse, whether they expe-
rience serendipity, are satisfied by the recommendations and adopt to the
recommendations, because the observed means of all items are close to the
center of the scale, i.e. 3. Nonetheless, except for conversion, the responses
were slightly skewed to the positive side of the response scales in both the
Catering as well as the Activities respondent groups. Additionally, the
spread of the responses was more or less similar across all items in both
experimental groups, as shown by the observed standard deviations.

When considering the bivariate correlations between the six items in both
contexts, the data firstly reveal relatively strong relations between rele-
vance, novelty and experienced serendipity. Diversity, in contrast, is very
weakly correlated with experienced serendipity as well as with both other
antecedents. This suggests that, in contrast to relevance and novelty, diver-
sity in recommendations does not cause users to experience serendipity.

11



Regarding satisfaction with the outcomes of the recommender systems, the
data yield the highest correlations for relevance. The correlations with nov-
elty and experienced serendipity are also moderately high. Also here, there
doesn’t seem to be much correlation with diversity. This suggests that peo-
ple prefer to obtain recommendations that are, above all, relevant, even
though novelty may also increase satisfaction. Further analysis will reveal
whether these effects can be explained by experienced serendipity. The
results, however, do not suggest that users seek much diversity in their rec-
ommendations in order to be satisfied.

When considering user conversion, lastly, the data show slightly different
patterns. Here, relevance doesn’t seem to correlate much higher than nov-
elty, even though all correlations are still moderately high. Also here, diver-
sity doesn’t seem to affect conversion at all in the Activities scenario, but
it does show a moderate correlation with user conversion in the Catering
scenario.

It should be noted that the correlation patterns are very similar between
the two experimental groups, i.e. in the context of recommender systems
for catering stores compared to recommender systems for urban activities.
This suggests that the context of recommender system usage is of minor
importance within these two scenarios.

Before the models were fit, we also tested for multicollinearity among the
different items, because this may result in unreliable parameter estimates
(Farrar & Glauber, 1967). Nonetheless, as none of the correlation coefficients
exceeds .80, there is a low risk of multicollinearity.

4.2 Mediation analysis

Considering the results of the path analysis (see Table E and Figure E), the
findings from the correlation matrix are confirmed. The results suggest that
experienced serendipity largely depends on the relevance and the novelty
of the recommendations, even after controlling for the other antecedents.
Diversity in the recommendations, in contrast, doesn’t seem to affect expe-
rienced serendipity. In the Activities group, the estimated effect of diver-
sity on experienced serendipity was even slightly negative and statistically
quite significant. All combined, the antecedents explain almost 40% of the
variance in experienced serendipity in both the Catering and the Activities
group, which is moderately high in social sciences.

12
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Figure 2. Our data suggest an effect of relevance, novelty and serendipity on recom-
mender system satisfaction and conversion. Satisfaction doesn’t seem to have an effect
on conversion.

When considering the standardized effects on user satisfaction, relevance
clearly shows the largest effect (.444 and .526 for the Catering and Activities
group respectively). The more recommendations are relevant to the user, the
more satisfied this user will be. The effect of novelty of the recommendations,
in turn, is three to four times smaller (.168 and .095 respectively), although
these effects are still highly significant. Similar to the effects on experienced
serendipity, the effect of diversity on user satisfaction is almost non-existent

in both experimental groups.
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More surprisingly, however, the data do not confirm that the effect of rel-
evance and novelty on user satisfaction can be explained by experienced
serendipity. In both experimental groups, the indirect effects of relevance
and novelty on satisfaction through experienced serendipity are very small.
Put differently, our results do not confirm that higher user satisfaction due to
high relevance and novelty in recommendations can be explained by positive
experiences of serendipity. Also, after controlling for relevance, novelty and
diversity, the effect of experienced serendipity on user satisfaction is much
smaller compared to the bivariate correlations (see Table Iil) This suggest
that observed relations between experienced serendipity and user satisfac-
tion are spurious correlations because they are both commonly caused by
the relevance and novelty of recommendations.

Looking at the effects on user conversion, also here, the total effects of
relevance and novelty remained fairly large and statistically very signifi-
cant in both the Catering and Activities scenarios, even after controlling
for the other variables including experienced serendipity and satisfaction.
This firstly suggests that the effects of relevance and novelty on conversion
can neither be explained by better experiences of serendipity nor by higher
satisfaction with the recommended items.

Again, relevance of recommended items seems to have a larger effect on
user conversion compared to the novelty of recommended items in both the
Catering and Activities group (.308 versus .127 and .235 versus .125 respec-
tively). Surprisingly, within the Catering group, the results also yielded
a moderate effect of .159 for diversity. The more diverse recommended
restaurants and bars are, the more the respondents state to follow up on
these recommendations. Within the Activities group, in contrast, no such
effect was found, similar to previous findings for diversity.

In contrast to the effects on user satisfaction, the results also yielded fairly
large effects of experienced serendipity on user conversion. In the Activities
scenario, the effect of experienced serendipity was even about twice as large
as any other effect (.393 more specifically). These results imply that recom-
mendations pleasantly surprising users increase the chance of users following
up on these recommendations, and this can only marginally be explained by
the relevance and the novelty of the recommendations.

The differences between the effects on satisfaction and user conversion seem
to be explainable by a surprising lack of correlation between satisfaction
and user conversion. Indeed, after controlling for relevance, novelty, diver-
sity and experienced serendipity, the effect of satisfaction on user conversion
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completely disappears (that is .007 and -.005 respectively). Given the corre-
lation between both constructs found in the bivariate analyses, these results
suggest that satisfaction only relates to user conversion because both con-
cepts are determined by relevance, novelty and experienced serendipity. In
contrasts to our expectations, however, satisfaction does not seem to have
an important influence on (self-reported) user conversion.

Last, it should be noted that no large differences were found between the
Catering and Activities scenarios, except for the few effects already men-
tioned above. The purpose of the urban recommender system does not
seem to have an important influence on the processes behind experienced
serendipity in our examples.

5 Discussion

5.1 User evaluations of serendipity in urban recommender sys-
tems

This paper set out to study how users experience serendipity in urban recom-
mender systems and which characteristics of the recommendations (novelty,
relevance and diversity) contribute to this. Previous work had already stud-
ied experienced serendipity in recommender systems in various domains and
identified some antecedents (e.g. Chen et al., 2019; Lutz et al), 2017), but
few did this by a large-scale evaluation in the particular urban context. As
a result, this paper presented a first exploration of the topic but also opened
avenues for further research, which aligns with the relatively novelty of the
study of serendipity in urban recommender systems.

Overall, our findings about the antecedents contributing to experienced
serendipity in urban recommender systems are in line with findings from
research in other application domains. The results of our research provide
a clear affirmative answer to our first research question (RQI): within ur-
ban recommender systems for catering stores and activities, experienced
serendipity does primarily depend on the relevance of the recommended
items and secondarily on the novelty of these items. Increases in diversity
among the recommended items, however, do not seem to affect experienced
serendipity. This is in line with other studies that also reported smaller
effects for diversity (e.g. Chen et all, 2019).

However, when considering our second (R@2) and third research question
(RQ3) related to respectively user satisfaction and conversion, our results
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provided more complex conclusions. Firstly, the results of our survey did
confirm that relevance and novelty positively affect user satisfaction with
recommended items as well as the chance that users follow up on these rec-
ommendations, i.e. user conversion. For diversity, in contrast, such an effect
was again completely absent. People thus get most satisfaction from rec-
ommendations when the recommendations are relevant and novel to them,
while they barely care about any diversity in these recommendations.

Secondly, however, the effects of relevance and novelty on satisfaction and
conversion can barely be explained by increases in experienced serendipity.
Moreover, next to relevance and novelty, experienced serendipity also seems
to have a separate effect on satisfaction and user conversion. These results
might suggest that experienced serendipity should be considered as a con-
struct that acts next to the experienced relevance and novelty of items in
recommender systems. Future research may focus on the distinction and
relations between all these concepts.

In addition, our results also revealed that user satisfaction and user con-
version are only spuriously related because they commonly depend on fac-
tors like relevance, novelty, diversity and experienced serendipity of recom-
mended items. After controlling for these factors, satisfaction and conver-
sion surprisingly don’t seem to be related at all. This unlikely lack of a
direct relationship was, however, also found in previous studies (e.g. Lutz
et all, 2017).

Finally, for the contextual differentiation under study in the fourth research
question (R®4), the results did not show large differences between recom-
mender systems for catering stores and for urban activities. Put differently,
the context of the recommendations does not seem to have an impact on
the way serendipity related concepts determine user satisfaction and conver-
sion. One notable exception was the effect of diversity on user conversion,
which was moderately large in the Catering scenario and non-existent in the
Activities scenario. It should be noted here, however, that the difference be-
tween recommender systems for catering stores and urban activities might
not sufficiently reflect the diversity in urban recommender systems. Future
research might thus elaborate on this topic.

5.2 Limitations

We are aware that our research may have some methodological limitations.
The first limitation is the use of a retrospective survey about respondents’
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past experiences and behavior. Retrospectively asking people for their expe-
riences may introduce measurement variance and bias because reported ex-
periences may not correspond with true experiences at the moment the rec-
ommender systems were used due to recall bias. As already discussed above,
a solution to this problem can be found in experimental studies. Nonethe-
less, such studies, while optimizing internal quality, may suffer from lower
external quality because of the artificial settings they create. As a result, in
order to get full insights in the topic of serendipity in urban recommender
systems both experimental as well as observational studies are required in
order to triangulate findings. For that reason, we believe our study provides
a contribution to the field.

Another alternative to solve the problem of recall bias is the use of experience
sampling, in which users are immediately asked some questions in a pop-up
directly after using a recommender system. Experience sampling, however, is
very difficult to implement as it requires adapting the recommender system
user interface. Additionally, it may also annoy users leading to dropouts

and it put some serious restrictions on the number of questions that can be
asked.

The second limitation is that no causal relationships between the differ-
ent concepts, as implied by the theoretical model (see Figure [l}), could be
proven by the study design. Such causal claims can only be investigated
by true experimental designs in which system design characteristics related
to relevance, novelty and diversity are explicitly manipulated by the study
experimenter. Unfortunately, such experiments are still scarce in the exist-
ing literature. Moreover, such experiments also don’t allow to make causal
claims about the relationships between the true experiences of relevance,
novelty, diversity and serendipity.

The third limitation is the fact that all concepts were measured by sin-
gle questions instead of item batteries. Although this approach was also
adopted in related work Chen et al) (2019) this may lead to measurement
bias. Also, order effects may have played a role: the question about user sat-
isfaction was asked as the first question while the conversion question as the
last one. This might also explain the lack of correlation between satisfaction
and conversion. Future research may focus on such order effects, for exam-
ple, by randomizing the question order in order to neutralize such ordering
effects. Further, question wording may also lead to measurement bias and
variance due to interpretation differences among respondents. For exam-
ple, the question measuring diversity may also be interpreted as how often

18



the service updates recommendations for users. Likewise, novelty can be
interpreted in different ways (Kotkov, Wang, & Veijalainen, 2016; [aquinta
et all, 2008, see) and it remains unclear to what extend the interpretation
overlaps between the questions measuring novelty in particular and expe-
rienced serendipity in general. Unfortunately, research on proper question
development about serendipity is still scarce and very heterogeneous in the
current literature and may thus form an interesting topic for future research.
Such research will not only entail questionnaire development and validation
but will also require more in-depth research on the meaning of serendipity
in urban environments (and urban recommender systems in particular).

Further, in order to circumvent an artificial research environment with a
limited focus on certain antecedents of serendipity, we asked our respon-
dents to think of the recommender systems they would actually use in their
general daily life to find catering stores or activities within their cities in-
stead of creating lab experiments to test for particular design differences in
recommender engines. However, as a result of this strategy, we also don’t
know about which recommender systems our respondents thought about
while completing the survey and to what extent their momentary reactions
represent their overall opinions adequately.

Finally, our research strategy also depends on the current status of existing
urban recommender systems. This means that our research merely involves
an evaluation by citizens of these current systems rather than an investiga-
tion of how citizens actually want such systems to be. For example, it might
well be the case that today’s urban recommender systems lack a sufficient
amount of diversity in their recommendations, which make questions about
such diversity much more abstract to respondents.

A final remark should be made about the particular timing of our survey,
which was during the early days of the global pandemic (March-April 2020).
In Belgium, citizens were since mid-March restricted in their movements
and so-called non-essential shops (including bars and restaurants) had to
close. Despite this situation, we believe that it did not significantly im-
pact our findings since the survey retrospectively questioned citizens about
their past experiences and behavior. Since we asked these questions just at
the beginning of the pandemic, citizens could still recall recent experiences.
Nevertheless, if the timing were to have an impact, it could potentially ex-
plain the weak correlation between satisfaction and conversion. However,
further work here is needed.
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6 Conclusion

This work aimed to contribute to the existing work on serendipity by provid-
ing a first insight into user evaluations of serendipity in urban recommender
systems. By means of a survey among 1641 citizens in Flanders and Brus-
sels (Belgium) we collected data on their previous experiences with using
recommender systems in urban contexts. More specifically, we explored to
what extent characteristics of the recommended items (i.e. their relevance,
novelty and diversity) led to experiences of serendipity and how this relates
to user satisfaction and conversion.

Our findings showed that users’ experiences of serendipity in urban recom-
mender systems align with findings in other application domains in the sense
that there is a strong relation between relevance, novelty and experienced
serendipity. Moreover, serendipitous recommendations are found to increase
the chance of users following up on these recommendations. A noteworthy
finding is the fact that diversity is only weakly correlated with experienced
serendipity, similar to findings in other work. We believe this result has to be
interpreted carefully as it is exactly the assumed lack of diversity that spurs
research into serendipitous recommendations. In other words, the lack of
diversity in today’s recommender systems might possibly explain this weak
relationship.

By elaborating on the limitations of our study, we underlined the difficulty of
collecting data on user evaluations of serendipity in urban recommender sys-
tems. We therefore call for further research that studies this subject in more
depth, taking into account the previously suggested paths for further work.
Such research will contribute to the current challenges that come along with
the increasing implementation of technologies in our urban environments,
and how this affects serendipity in the city.
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Appendix

Questions Catering group

1.

Searching for a bar or restaurant on the internet. How do you ex-
perience this? How often do you use websites or apps (e.g. search
robots like Google, TripAdvisor,..) to search for new restaurants or
bars? Very often — Often — Sometimes — Rarely — Never

How satisfied are you with the recommended restaurants or bars on
these websites or apps? Very satisfied — Satisfied — Neither satisfied,
nor dissatisfied — Dissatisfied — Very dissatisfied

How often do you think such websites or apps recommend restaurants
or bars that suit you well? Very often — Often — Sometimes —
Rarely — Never

. How often do you think such websites and apps recommend restaurants

or bars you don’t know yet? Very often — Often — Sometimes —
Rarely — Never

How often do you think you get the same kind of restaurants or bars
recommended on these websites and apps? Very often — Often —
Sometimes — Rarely — Never

How often do you find yourself pleasantly surprised by the recom-
mended restaurants or bars on these websites and apps? Very often
— Often — Sometimes — Rarely — Never

How often do you actually go to the recommended restaurants or bars
on these websites and apps? Very often — Often — Sometimes —
Rarely — Never

Questions Activities group

1.

Searching for activities on the internet. How do you experience this?
How often do you use websites or apps (e.g. search robots such as
Google, TripAdvisor, ...) to find out what to do in a city (e.g. when
you are on vacation or planning a day trip)? Very often — Often —
Sometimes — Rarely — Never

How satisfied are you with the recommended restaurants or bars on
these websites or apps? Very satisfied — Satisfied — Neither satisfied,
nor dissatisfied — Dissatisfied — Very dissatisfied
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. How often do you think such websites or apps recommend restaurants
or bars that suit you well? Very often — Often — Sometimes —
Rarely — Never

. How often do you think such websites and apps recommend activities
you don’t know yet? Very often — Often — Sometimes — Rarely —
Never

. How often do you think you get the same kind of activities recom-
mended on these websites and apps? Very often — Often — Some-
times — Rarely — Never

. How often do you find yourself pleasantly surprised by the recom-
mended activities on these websites and apps? Very often — Often —
Sometimes — Rarely — Never

. How often do you actually go to or actually participate in the recom-
mended activities on these websites and apps? Very often — Often —
Sometimes — Rarely — Never
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