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ABSTRACT

Recommender systems are algorithmic tools that assist users in discover-
ing relevant items from a wide range of available options. Along with
the apparent user value in mitigating the choice overload, they have
an important business value in boosting sales and customer retention.
Last, but not least, they have brought a substantial research value to
the algorithm developments of the past two decades, mainly in the aca-
demic community. This thesis aims to address some of the aspects that
are important to consider when recommender systems pave their way
towards real-life applications.

We begin our investigation by assessing the adoptability of popular
recommendation algorithms by e-commerce platforms, and perform
the comparative evaluation of these algorithms on real sales data pro-
vided by Apptus Technologies. Based on the conducted survey and
offline experiments, our research clarifies which algorithms are partic-
ularly useful for sales data.

The realistic modeling and evaluation of recommender systems is
another issue of utmost importance. Over the years, the field has been
gradually moving away from the oversimplified matrix completion ab-
straction to more pragmatic modeling paradigms, such as sequential,
streaming, and session-aware/session-based recommender systems (or all
at once). Despite the rapidly increasing body of work in each of those
directions, there is a need for more unified algorithmic solutions and
evaluation frameworks supporting them. To this end, we propose two
recommender systems for streaming session data, as well as a new
benchmarking/prototyping tool based on the streaming framework
Scikit-Multiflow.

Finally, a somewhat overlooked aspect of recommender systems is
their ethical implications. When a recommender is intended to leave
the lab and be deployed to real users, the purely accuracy-oriented al-
gorithmic approach is no longer sufficient. A deployed recommender
system must also guarantee its compliance with the societal and le-

gal norms, such as anti-discrimination laws, GDPR, privacy, fairness,



etc. To aid the development of ethics-aware recommender systems,
we provide a holistic view on potential ethical issues that may arise
at various stages of the development process, and advocate the provi-
sion of user-adjustable ethical filters. Among all ethical matters, algo-
rithmic fairness stands on its own as a rapidly developing sub-field of
machine learning, which has recently made its entry to the realm of
recommender systems. We contribute to this research direction by for-
mulating and solving the problem of preferentially fair matchmaking

in speed dating with minimal accuracy compromises.
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COMPREHENSIVE SUMMARY



1 INTRODUCTION

1.1 Preamble

The Web, they say, is leaving the era of search and entering one of discov-
ery. What's the difference? Search is what you do when you're looking
for something. Discovery is when something wonderful that you didn’t
know existed, or didn’t know how to ask for, finds you.

- CNN Money

Recommender systems (RS) have become indispensable and ubiqui-
tous tools for filtering and surfacing the relevant information in the
digital world. They address the important problem of choice overload,
which has proven detrimental to our emotional and psychological well-
being [262]. More specifically, recommender systems help their users
to [189]:

e decide, by predicting a relevance score (e.g. a rating) for an item
e explore, by suggesting similar items for a given item

e compare, by personalizing the ranking of a given list of items for

a user
o discover, by finding unknown but relevant items for a user

Helping users to satisfy their information needs in an effective and
efficient way is a highly rewarding task for the businesses as well: re-
portedly, 35% of sales on Amazon and 75% of downloads on Netflix
result from recommendations [9, 179]. Apart from e-commerce, the
application of recommender system spans a host of other domains, in-
cluding multimedia (movies, music), food (restaurants, recipes), so-
cial networks, mobile apps, jobs, and many more. The experimental
work presented in this thesis covers the e-commerce, dating, news, and
travel domains.

With this thesis, we aim to contribute to some of the important prac-
tical challenges of present-day recommender systems, namely the is-

sues of ethics, algorithms, and evaluation. Our contributions range



from theoretical explorations to open-source implementations. While
not immediately apparent, the algorithmic and the ethical aspects of
recommender systems are often interrelated. For example, a recom-
mendation algorithm that relies on user profiling may have ethical
implications, e.g., unwanted tracking. On the other hand, the prohi-
bition of user profiling for ethical reasons would require a different
algorithmic approach — perhaps less personalized as in anonymous
session-based recommendations. Another example of the interrelation
between the algorithmic and ethical aspects of RS is the connection be-
tween multi-stakeholder recommender systems and multi-sided fair-
ness [1]. Therefore, it is important to understand the practical chal-
lenges associated with both the algorithmic and the ethical counter-
parts, and make a connection where possible. This is attempted in the

rest of the section, serving as a motivation for our research questions.

1.2 From academia to industry

Academia solves simple problems with complex methods.
Industry solves complex problems with simple methods.

- Bjorn Brodén, Apptus Technologies

Despite that recommender systems have been known since early 1990s,
the academic interest toward this field has dramatically increased after
the announcement of the Netflix Prize? contest in 2006. With a million
dollars prize money, Netflix went on a quest for recommendation algo-
rithms capable of surpassing the accuracy of Netflix's own algorithm
by 10%. This contest spurred active research within the field, yield-
ing a variety of algorithmic offerings over the past 15 years. Surpris-
ingly, the prize-winning algorithm was never put to real use: Netflix
concluded that the measured accuracy gains “did not seem to justify
the engineering effort needed to bring them into a production environ-
ment” [9]. This interesting fact calls for a deeper analysis of the gap
between research contributions and commercial applications, which
until recently has not been a frequent discussion topic in the RS litera-

ture.

’http://www.netflixprize.com/



The Netflix problem was essentially formulated as a rating predic-
tion task. This has the following rationale: if we can accurately pre-
dict user’s ratings for unseen movies, then those candidates that re-
ceive the highest predicted rating can be recommended to the user.
Due to this problem formulation, and because of the early availabil-
ity of datasets containing movie ratings (e.g. MovieLens, EachMovie),
the vast number of early recommender systems have been modelled
as rating predictors and evaluated as such. Conversely, many com-
mercial systems only provide the so-called “top-N" recommendations
constructed from implicit interactions such as clicks, purchases, and
so on. This paradigm typically requires different approaches to algo-
rithms and evaluation [52]. We focus on this type of recommendations
in this thesis.

Considering the general lack of publicly available e-commerce data-
sets, researchers have acknowledged the need for case studies on real-
life sales data to better understand the specifics of these datasets and
the factors that are important for deploying recommender systems in
retail [230]. Our research starts with such a case study, accompanied
with a survey of e-commerce platforms featuring recommendation en-
gines (Paper |).

1.3 From matrix completion to session modeling

As long as the Matrix exists, the human race will never be free.

- Morpheus, The Matrix movie

Paraphrasing the above quote, “as long as matrix completion ex-
ists, the RecSys community will never be free from limitations”. Ma-
trix completion has long remained the primary abstraction of the recom-
mendation problem in the academic field. This was the case with the
Netflix Prize, too. The idea is to have a matrix of user-item ratings (or
other types of interactions), where the computational task is to predict
the missing entries of the matrix. Some of the known entries are held
out (often randomly), in order to enable the evaluation using error met-
rics (e.g. RMSE, MAE) or accuracy metrics (e.g. precision, recall). This

is an attractive setup for academic research as it offers standardized



evaluation, reproducibility, and mathematical convenience [52, 122],
particularly with matrix factorization methods [124, 154, 242, 250]. Al-
though dominant in the literature, this abstraction is admittedly over-
simplified as it relies on a single type of interaction and disregards
the sequential patterns of interactions. Evaluation-wise, it has been
acknowledged that the withheld ratings are not representative of the
actually missing ratings, which may mislead the performance assess-
ment of a system [122].

In practice, user activity logs are organized into time-ordered ses-
sions. Recognizing the needs for the direct modeling of session data in
RS, the research community has recently witnessed a notable paradigm
shift to session-aware and session-based recommendations. The former
paradigm models long-term user preferences across sessions, whereas
the latter one predicts the short-term intention of a user within a ses-
sion [303]. The session-based approach is practical as the majority
of users in real-world scenarios remain anonymous due to being ei-
ther firstcomers, or logged out visitors (sometimes deliberately so as to
avoid tracking) [119]. A non-reliance on user profiles in session-based
recommendations therefore makes user privacy less of a problem.

The increasing availability of sessionized datasets [21, 33, 137, 143,
288] during the past few years has significantly spurred the research
in this direction. Different from the matrix completion approach, the
key task of session-based recommendations is to predict the next likely
event(s) given the sequence of previous events in a session. Another
difference is that a single item can appear in different types of events,
e.g. the same item is first clicked, then added to a shopping cart, and
then bought. Event-awareness enables the identification of comple-
mentary and substitute items, which are important for personalizing
recommendations in e-commerce. For example, it is customary to view
frequent co-purchases as signals of complementary items [316]. An-
other possibility that session modeling offers is reminding users of
previously visited items. Such recommendations have shown signif-
icant business value [119]. For the reasons above, session modeling
better resembles the actual human-recommender interaction as com-

pared to the matrix completion setup. It also necessitates a different



algorithmic approach to recommendation and evaluation. Due to the
sequential nature of the problem, solutions based on Recurrent Neural
Networks (RNN) have become especially attractive for this task [47, 96,
108,232,234, 280]. Very good results have also been demonstrated with
conceptually and computationally simpler methods, such as kNN and
sequential rules [120, 173]. In this thesis, we explore alternative solu-
tions to session-based recommendations that are based on multi-arm
bandits [32] and decision trees [218].

Session-based recommendations are naturally evaluated using se-
quential protocols [232], where the number of subsequent events to
predict is dictated by the application needs. One of the most common
scenarios is next-item prediction, which is meaningful in several do-
mains such as news, music, and advertising. We employ this protocol
in Paper V. In look-ahead prediction, the recommendations are evalu-
ated against the sequence of next n events in the session. In certain sce-
narios, it is useful to predict all ground truth events regardless of their
sequence, which is typical of matrix completion setups. In e-commerce
applications, for instance, it is often desirable to predict which items
will eventually be bought in the current session [21]. This scenario is
explored in Paper lll. Recommending all ground truth items is also
done in Paper V, albeit in a supervised learning setting and a differ-

ent application domain (speed dating).

1.4 From batch to streaming

Amid the tech wiring, data streams and programmatic connections danc-
ing around us, simple ideas matter more than ever.
- Pete Blackshaw, Nestlé

In industrial contexts, offline evaluation is often used to determine
whether an algorithm is to be further “A /B tested” on real users. Con-
sequently, offline evaluation protocols should strive to approximate
the online settings as closely as possible. The RS evaluation in aca-
demic research has traditionally been done in batch mode, i.e. using
static train-test splits of pre-recorded data [94]. This approach assumes

that all data are available at once. Presently, even the aforementioned



state-of-the-art RNN-based recommender systems, which have widely
adopted sequential evaluation protocols, rely on batch training on static
chunks of historical data before entering the testing phase. This lim-
its their applicability in industrial contexts, where one of the require-
ments is the ability to make useful recommendations at the time of the
system’s launch, when insufficient amounts of data have been collected
yet [189]. Upon the arrival of new data, a recommender system would
have to periodically re-learn the entire model, which can be computa-

tionally impractical in industrial applications.

In the real world, recommendations are provided sequentially in
response to the events arriving from a stream of data. Stream-based (or
streaming) recommender systems adopt the online learning® paradigm,
according to which the learner is tested and trained incrementally (pre-
cisely in this order) as soon as new data become available. This is effi-
cient because each data point is typically accessed only once and then
discarded, whereas the existing model is merely adjusted to stay up-
to-date.

Because the importance of old data gradually diminishes with re-
spect to new data, this approach is naturally suited for the concept drift
adaptation, which is relevant to RS in a number of ways. First and fore-
most, it addresses the volatility of user preferences, which are subject
to change over time [184]. Secondly, it can deal with highly dynamic
domains (news, advertising, videos, etc.), in which new items con-
stantly emerge while previous items rapidly lose their relevance [138,
166]. In Paper lll we deal with bandit ensembles [32,281], for which the
component recommenders may also change their behavior as they pro-
cess more and more data points from the stream, which may impact the
overall performance of the ensemble. In this case, relative weights or
other parameters of component learners can be dynamically adjusted
to accommodate the drift [296].

Because of their practical value, the importance of streaming rec-
ommendations has been increasingly recognized in recent years [275].

A number of incremental RS have been proposed from various algo-

3not to be confused with online evaluation, e.g. A/B testing



rithmic families, such as neighborhood-based methods [205, 275], en-
semble learning methods [298, 299], matrix factorization [12, 175, 257,
279, 297], tensor factorization [269, 322], multi-arm bandits [39, 158,
164, 166], and some combinations thereof [136, 302, 326]. However,
the majority of existing stream-based RS have been designed for the
traditional recommendation problem (i.e. the matrix completion ab-
straction), rather than for session-based recommendations [96]. The

present thesis contributes to this emerging research direction.

One of the benefits of stream-based learning in RS is that it allows
for real-time performance monitoring of the algorithm’s evolution over
time, across a variety of evaluation metrics [296]. This enables the ex-
perimenter to get a clearer picture of how algorithms perform relative
to each other on various segments of the dataset (e.g. during cold-
start), as well as to understand the peculiarities of the dataset itself (e.g.
signs of seasonal effects). Presently, very few libraries/benchmarking
frameworks for streaming RS are publicly available for academic re-
search. Some of them are limited to the matrix completion problem [83,
140], whereas others have been developed for a particular application
domain [126, 264]. A general-purpose open source machine learning
library for data streams has recently been released under the name
Scikit-Multiflow. It offers a rich set of tools (incremental algo-
rithms, evaluation protocols, change detectors) to facilitate the research
on stream learning. According to its authors [198], Scikit-Multi-
flow is intended to complement the popular machine learning library
Scikit-learn[226], and become a Python-based equivalent to other
popular stream learning libraries, namely MOA [26] and MEKA [238]. Al-
though not directly applicable to the recommendation problem out of
the box, Scikit-Multiflow opens new possibilities for the future
developments of stream-based recommender systems in a more stan-

dardized and replicable way. We explore this potential in Paper V.

‘https://scikit-multiflow.github.io/



1.5 From algorithms to ethics

There is no right way to do a wrong thing.
- Harold S. Kushner, writer

Whenever algorithms get involved in decision making, the issues
of ethics inevitably come to the forefront. Recommender systems are
no exception. There are concerns that today’s research practice in per-
sonalization and recommender systems is dangerously unbalanced, as
it often puts commercial success above considerations of the moral im-
pact of this technology [147]. Yet, the discussion around recommen-
dation ethics as such remains very sparse and fragmented. Earlier
works that directly address ethics-aware recommendations [104, 245,
270, 282] focus on some specific moral issues arising in specific recom-
mendation scenarios. Prior to the ethical framework presented in this
thesis (Paper ll), the holistic view on the ethics of RS was lacking in
the field. Only recently, Milano et al. presented a survey of the ethical
challenges in RS [191], and extended it to the multi-stakeholder envi-
ronments [190]. Knowing what ethical issues may appear at each stage
of the RS development cycle would facilitate the emergence of more
user-friendly, privacy-preserving, non-discriminatory, and fair recom-
mender systems. To this end, our investigation of ethics-related inci-
dents scarcely reported in the RS literature has been necessary to draw
a roadmap for the potential ethical issues and their possible solutions.

One such motivating example brings us back to the Netflix Prize
contest. Two years after its public release, the Netflix dataset was de-
anonymized via a linking attack [203], putting a privacy of its 500,000
uses at risk. This resulted in a lawsuit and put an end to the planned
Netflix Prize sequel due to the raised privacy concerns [147]. Clearly,
personal privacy is one of the biggest issues in the ethical discourse
around the practices of data analytics, having to do with the leakage of
confidential personal information encoded in user profiles. As men-
tioned earlier, session-based recommendations alleviate this problem
by respecting the anonymity of a user. The privacy implications of RS
have been thoroughly studied by Friedman et al. [82]. To derive a clas-

sification of recommendation ethics, the research has to be extended to



other moral issues beyond privacy and anonymization in the context
of RS.

The three biggest challenges of today’s Web [75], outlined in a let-
ter penned by the Web’s creator Tim Berners-Lee, are (1) the loss of
control over personal data, (2) the easy spread of misinformation, and
(3) the lack of transparency. Apparently, all these are ethics-related is-
sues, since they pose a threat to the general moral principle of “do no
harm". It is not hard to find examples in the RS literature that relate
to each of the above. For instance, the Netflix case mentioned earlier
exemplifies the “failure of anonymization” [213], which is responsible
for issue (1). Issue (2) has become particularly relevant in the light of
the controversies around the U.S. presidential election of 2016 and the
Cambridge Analytica scandal of 2018, which makes a strong case about
the vulnerability of news recommenders and news feed algorithms in
disseminating fake news [196]. Finally, the lack of transparency stated
in issue (3) makes it possible to hide the evidence of algorithmic dis-
crimination, leading to such known incidents as recommendations of
lower paying jobs to female candidates or higher priced flights to Mac-
Book owners [243].

The FATML® community, standing for Fairness, Accountability, and
Transparency in Machine Learning, has formulated a set of five princi-
ples for determining the social and moral impact of algorithmic deci-
sion making: responsibility, explainability, accuracy, auditability, and
fairness. Their purpose is to “help developers design and implement
algorithmic systems in publicly accountable ways” [62]. We briefly
overview these principles in Section 2.7.4. With the research presented
in this thesis, we hope to draw attention to these topics in the narrower
field of RS, which clearly represents a class of such algorithmic systems
particularly susceptible to undesirable social and moral effects.

Many ethical issues in machine learning can be addressed by ei-
ther technological or normative means (or both). Normative solutions
are implemented via regulatory incentives, such as the General Data

Protection Regulation (GDPR)® in Europe, or the California Consumer

Shttps://www.fatml.org/
®https://gdpr-info.eu/
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Privacy Act (CCPA)’ in the U.S. As these solutions fall on the legal side
of ethics, we leave them outside the scope of this thesis.

Some of the important moral questions of algorithmic decision mak-
ing can also be approached algorithmically. For example, the ques-
tions of user privacy and fairness in RS are addressed with privacy-
preserving collaborative filtering [161, 229, 320] and fairness-aware rec-
ommender systems [36, 132, 169, 319, 327, 328], respectively. Many
notions of fairness from the social sciences literature have been trans-
lated to mathematical form, making them attractive for formulating
computational problems. In practical applications, achieving fairness
inevitably implies resolving the accuracy-fairness tradeoff [168, 310].
For instance, a recommender system for a dating app must be able not
only to predict highly probable matchings, but also to comply with fair
candidate selection policies. We investigate this direction in Paper V.

In our view, recommendation ethics would benefit from interdis-
ciplinary approaches, where existing legal policies are backed with
special-purpose technology designed to protect the moral rights and
liberties of RS users. At this stage, there seems to be a lack of consen-
sus amongst corporate and academic researchers regarding the “solu-
tions tookit” with exact methods for enabling algorithmic accountabil-
ity [75]. In this thesis, we propose an “ethical toolbox” for RS users,
giving them the necessary instruments to control the morally sensitive
aspects of a recommendation engine. The provision of such tools aims
to complement the existing technical means discussed above, thus pro-
moting the idea of ethics-awareness by design. The results of the feasi-
bility study reported in Paper Il show promising prospects for further

research and development of such user-centric toolkits.

1.6 Research questions

Each of the included papers of this thesis poses a distinct research
question in relation to the algorithmic or the ethical aspect of recom-
mender systems (or both). For each of them, we formulate a general

research question (RQ), accompanied with more specific sub-RQs. For

"https://oag.ca.gov/privacy/ccpa
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convenience, research questions are numbered in the same order as the

corresponding papers that address them.

RQ I How to assess the receptiveness of the e-commerce domain to the

algorithmic innovations in the field of recommender systems?

RQ I (a) Which recommendation algorithms perform well on
sales data?

RQ I (b) Which recommendation algorithms are favored by in-

dustrial e-commerce platforms?

RQ II What are the ethical challenges that impact the design and use

of recommender systems, and what are the possible solutions?

RQ II (a) How to aid morality in recommender systems through

user engagement?

RQ III How to build a session-based context-aware bandit ensemble
of elementary recommendation components with non-stationary

rewards?
RQ III (@) How does Thompson Sampling compare to other ban-
dit policies for orchestrating the ensemble?

RQ III (b) How to prime the sampler with prior knowledge, and

what effect does it have?
RQ III (¢) How to personalize the ensemble with anonymous

users, and what effect does it have?

RQ IV How to adapt the Scikit-Multiflow streaming framework
for rapid prototyping of session-based recommender systems?

RQ 1V (a) How to utilize the underlying stream learners for the

recommendation task?

RQ V How to define and reason about the fairness of matchmaking in
the context of speed dating, with respect to the expressed prefer-

ences for sensitive attributes of users?

RQ V (a) How to measure preferential fairness?

RQ V (b) How to resolve the fairness-accuracy trade-off?

12



Outline The remainder of the thesis’ comprehensive summary is or-
ganized as follows. In the next section, we provide the necessary theo-
retical background and build the intuition for understanding the rest of
the thesis. After that, we describe our methodological approach with
a detailed overview of each research method involved. We then go on
with the discussion of our contributions to each of the research ques-
tions formulated above. The results of the thesis and the general con-
clusions drawn from them are summarized in the final section.

The second part of the thesis contains the compilation of the origi-

nal research papers.

13



2 BACKGROUND

This section provides the relevant background essentials of recommen-

der systems that set the stage for the remainder of the thesis.

2.1 Recommendation problem

Recommender systems traditionally pursue two alternative fundamen-

tal objectives:

Objective 1: estimate the utility function that predicts how a user will

like an item (i.e. rating prediction)

Objective 2: estimate the utility function that predicts whether the user

will choose an item (i.e. item prediction)

The recommendation problem itself is usually defined as either best
item or top-N recommendation [59]. The first task aims to suggest the
most interesting new item for a target user, whereas the second task
aims to suggest top-N such items. A recommendation is considered
successful when the suggested item is consumed by the user, where
the definition of consumption is application-dependent (e.g. buying

an item, watching a movie, listening to a song, etc.).

2.2 Types of feedback

Recommender systems rely on two types of user feedback: explicit and
implicit.

2.2.1 Explicit feedback

This type of feedback is provided directly in the form of ratings on
a numeric or ordinal scale, e.g. when a user rates a watched movie.
Another example is the binary “like/dislike” indication of preference.
Explicit preference acquisition makes this feedback unambiguous and

reliable. However, there are a few drawbacks:
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e Rating data are typically sparse, as only a small fraction of con-

sumed items are rated.

¢ Rating functionality is not always supported by commercial plat-

forms.

e Rating-based recommendations are given under the assumption
that users are only interested in top-rated items. However, this
does not always hold in practice. For example, cheaper items
tend to receive lower ratings than the expensive ones, but might
nevertheless be preferred more often due to being more afford-
able.

2.2.2 Implicit feedback

This type of feedback is collected implicitly from various user interac-
tions on a website, such as clicks, purchases, search queries, etc. [153],
which act as a proxy for the user’s preference. The feedback that the
system receives when such an event is registered as a result of success-
ful recommendation takes the form of rewards. In most cases, this im-
plies binary preference, e.g. reward = 1if theitemisbought, reward =
0 if the item is not bought (a.k.a. positive-only feedback). The main ad-
vantage of this type of feedback is that it is generally denser and easier
to collect than the explicit one, since no direct user input is required.
However, this does not apply to all types of data. For instance, pur-
chase events are even sparser than rating data, since a user cannot rate
an item until he/she buys it. Furthermore, implicit feedback is more
ambiguous, since reward = 1 does not convey how much the user
liked the bought item, and reward = 0 does not distinguish between
items that were not examined, and items that were examined but not
preferred. Therefore, it is generally less reliable than explicit feedback,

and should be treated more carefully.

2.3 Problem abstractions

The recommendation problem is typically reduced to a suitable ab-

straction depending on the input data and the task at hand. We outline
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some of the popular and relevant problem abstractions encountered in
the RS literature.

2.3.1 Matrix completion

Matrix completion [237] is the most traditional and widely used ab-
straction for modeling recommender systems. Given a set of m users
U = {wi,...,un} and a set of n items I = {i1,...,%,}, they can be
represented as dimensions of a m x n matrix, whose cells contain user-
item interactions (either observed or missing). These can be ratings
or positive-only observations such as purchases. The user-item ma-
trix is typically incomplete and sparse [303]. The goal is to accurately
estimate the missing entries of the matrix. The vast majority of these
methods model user-item associations based on their low-dimensional

representations in a latent space.

2.3.2 Learning to rank

Ranking approaches directly learn the ordering of preferences over
recommendable items [134]. This is well-motivated by the fact that
the success of a recommender system essentially lies in getting the
top-IV items right. The methodology comes in three flavors: point-
wise, pairwise, and listwise ranking. Matrix completion can be seen
as a pointwise learning to rank method, which minimizes the rank-
ing loss function defined on an individual relevance judgement, i.e.
f(u,i) — R. It can be achieved via classification or regression. With
pairwise ranking, i.e. f(u,41,i2) — R, the loss function is defined
on pairwise preferences, where the goal is to minimize the number
of inversions. This can be solved with pairwise classification. List-
wise ranking, i.e. f(u,i1,...,i,) — R, directly optimizes some top-
weighted ranking measure such as MAP, NDCG, or MRR (defined in
Section 2.6.2). This can be achieved via genetic programming, boost-

ing, simulated annealing, etc.
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2.3.3 Multi-arm bandit

A less mainstream, but an increasingly popular abstraction is that of a
multi-arm bandit (MAB) game: given a set of actions (or bandit “arms”)
each having a fixed but unknown probability of reward, the player at
each time step selects an arm to pull with the aim to maximize his/her
cumulative reward. An arm pulling strategy hence needs to balance
between exploration and exploitation of available arms. Translated
to the RS scenario, the task is to estimate the relevance of less known
items (exploration), while ensuring that relevant items continue to get
recommended (exploitation) [172]. The selection of an item to recom-
mend is done according to some MAB policy. Alternatively, bandit
arms can represent distinct recommendation models [77, 281]. The
exploration-exploitation dilemma fits the sequential nature of recom-
mendations, and is very appropriate in dynamic domains where the
set of users and their preferences change over time [166].

The abstraction can be extended to the contextual multi-arm bandit
problem [45, 164, 281], where the choice of an action at a given time
step also depends on the observed contextual information associated
with a user-item pair. This is intuitively sensible, since the perceptions
of different users on the same item can vary significantly [164]. Huang
& Lin [114] study contextual bandits with delayed reward attribution,

which is a typical scenario in many practical applications.

2.4 Recommendation paradigms

We now review some of the popular recommendation paradigms that
have emerged during the past decade. They share certain commonali-

ties, especially when it comes to the evaluation methodologies.

2.4.1 Context-aware/time-aware recommendation

Traditional algorithmic approaches consider two entities for generat-
ing recommendations: users and items. Context-aware recommender
systems go further by incorporating various contextual factors into the
recommendation process, so that recommendations can be provided

in specific circumstances [2]. For example, the choice of a movie to
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watch may depend on where, when, and with whom it will happen.
These factors allow for a highly personalized user experience. For-
mally, context-awareness employs a scoring function f(u,i,¢) — R,
where c denotes some contextual information associated with the ap-
plication. The added dimension(s) results in a so-called multiverse rec-
ommendation abstraction, which extends to tensor completion [133].
In general, context-awareness can be introduced in three ways: pre-
filtering (contextualizing the input), post-filtering (contextualizing the
output), or in-filtering (contextualizing the RS function) [2].

Time information is one of the most useful and easy to collect types
of contexts, which may lead to substantial improvements in recom-
mendation accuracy [40]. For this reason, time-aware RS have gained
significant traction in the RecSys community. By keeping track of each
event’s time of occurrence, a recommender system can establish the
right time to recommend a particular product [303]. Time awareness
also enables sequence modeling, and various data ageing and forget-
ting mechanisms. Time can be represented as either a continuous vari-
able holding timestamps of events, or a categorical variable encoding

various periods of interest, e.g. workday/weekend.

2.4.2 Session-aware/session-based recommendation

Different from the matrix completion setup, session-aware recommender
systems aim to capture the user’s intention within and across their
browsing sessions [303]. A session starts when the user enters the web-
site and ends after an extensive period of user inactivity (the widely
adopted standard is 30 minutes [173, 303]). It contains a temporally
ordered sequence of user-item interactions.

Session-based recommender systems [119] are limited to the scope
of an active session, thus adapting to the user’s short-term intent. This
is the most common type of session awareness in RS due to the fact
that the majority of online users remain unidentified [289, 308]. The
typical goal of session-aware/session-based RS is to predict the user’s
immediate next action(s) in the current session based on their long-

term and/or short-term behavior.
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2.4.3 Sequence-aware recommendation

The focus of sequence-aware recommender systems is on the sequen-
tial order of user-item interactions [232]. The order of recommenda-
tions also plays a crucial role in many situations. For instance, rec-
ommending a battery after purchasing a camera makes perfect sense,
but it would not work as well in reverse. Sequence-aware recommen-
dations can be employed to solve a range of tasks, e.g. presenting
complementary /alternative items and making reminders of replen-
ishing consumables in e-commerce; suggesting playlist continuations
in music services; detecting consumption trends on an individual as
well as a community level. This paradigm is different from the tra-
ditional approaches that establish the relevance of a candidate item
without considering the previously consumed items of a user. There-
fore, sequence-aware RS are most useful for interactional context adap-
tation in session data, where the sequence of user actions can help
to infer his/her current intent and detect potential interest drifts. In
this respect, it comes hand in hand with the previous paradigm, but
in principle can also be used for matrix completion setups (e.g. [317,
323]). Sequence-aware RS work by capturing primarily sequential, but
also co-occurrence patterns in the user’s browsing history. Being de-
signed for temporal sequence modeling, Recurrent Neural Networks
(RNN) [108, 234, 280] have become a preferred approach for sequence-

aware RS.

2.4.4 Stream-based recommendation

In practical applications, recommender systems are challenged with
the streaming nature of the data, which is characterized as continuous,
non-stationary, temporally ordered, high-volume, and high-velocity
[85, 96]. Further, user feedback arrives at unpredictable rates and or-
der, and is potentially unbounded [296]. In highly dynamic scenar-
ios of real-life recommendations, new items emerge while older items
rapidly lose their relevance [138]. In response to these issues, stream-
based recommender systems have been designed to operate under lim-

ited memory constraints, adapt to concept drifts, and provide any-
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time recommendations almost instantaneously (typically, within 100
ms [138]).

Although the paradigms described in previous sections may cap-
ture the temporal and sequential dynamics of recommendations, they
do not typically consider the input data as streams [44]. One of the
important advantages of stream-based learning over the conventional
batch-based learning is the ability of the former to incrementally up-
date the model with new information without having to re-learn the
entire model [184]. Learning from evolving data streams entails a trade-
off between memory and forgetting [85]. Forgetting mechanisms for
stream-based RS have been extensively studied in [184]. Stream-based
recommender systems have been proposed both for session-based [96]
and matrix-based setups [298, 299].

2.5 Recommendation approaches

A recommender system can be built on the basis of various machine
learning techniques and combinations thereof. Because their number
is overwhelming, we briefly sketch the state of the art that is relevant

to the present thesis.

2.5.1 Content-based filtering

As the name implies, content-based filtering [225] relies on item con-
tent features to produce recommendations, which could be textual de-
scriptions, tags, and various attributes (metadata). The content fea-
tures are used to create a joint representation of items and users in the
system. A user vector encoding his/her preferences inferred from the
content tokens of previously consumed items is matched to candidate
items using a similarity function.

The representation is traditionally based on the vector space model
with TE-IDF token weighting [171]. The TF-IDF measure is the product
of term frequency (TF) and inverse document frequency (IDF), which for
each token ¢ in item ¢ are defined as follows:

fe.i
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where: f; ; is the frequency of occurrences of token ¢ in item ¢, and [ is
the item catalog.
The normalized TF-IDF weight is given by:
TF;,; - IDF,;

Wt = (2)
/S, TF2, - IDFZ,

The item-to-item or user-to-item affinity can then be computed us-

ing, for example, cosine similarity between the weighted token vectors:

Zt Wty * Wty (3)

Content-based recommender systems have a number of advantages:
e Most importantly, they are able to operate under cold-start and

suggest items with no prior interaction history.

e They produce interpretable results, thus increasing system trans-

parency and user trust.
e They canbe augmented using the Linked Open Data (LOD) cloud
(see the overview of LOD-based recommender systems in [60]).
On the downside,
o They suffer from overspecialization, i.e. producing too obvious

results.

e They tend to be less accurate than collaborative filtering (see next

sub-section).

e In their basic form, they fail to capture the semantics of items.
More recent techniques based on word embeddings can learn

such semantic representations [201].

2.56.2 Collaborative filtering

Collaborative filtering (CF) can be viewed as the opposite of content-
based filtering, as recommendations are generated solely from user in-
teractions with no reliance on item metadata. Collaborative recom-

mender systems make suggestions of items on the basis of similarities
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in consumption behavior of users. This approach is considered more
powerful than content-based filtering and remains predominant in RS
research [113]. It can also provide serendipitous discovery of items,
which is difficult with pure content-based methods [222]. However,
it is generally less transparent due to “black box” computations, and
potentially less secure due to its increased vulnerability to privacy at-
tacks [82]. It also suffers from the cold-start problem.

Because of the abundance of implicit positive-only feedback in real-
world applications, one-class collaborative filtering (OCCF) methods [215]
have been developed to address this type of signals. We only consider
this type of CF in the present thesis.

Broadly, CF techniques are divided into neighborhood-based (a.k.a.
memory-based) and model-based ones [59]. The former type utilizes
the user-item history directly to make predictions, and is therefore as-
cribed to lazy learning. A representative algorithm of this type is k-
nearest neighbors. In contrast, model-based techniques build mathe-
matical models from historical data to make predictions. Latent factor
models, which aim to learn latent features that explain the observed
user-item interactions [153], have received wide adoption. Especially
popular approaches belonging to this family are matrix factorization
and deep neural networks. Apart from these methods, a variety of
classification algorithms from machine learning can be employed for
building recommendation models. We now briefly introduce some of

the popular CF approaches that are relevant to our research.

k-Nearest Neighbors. kNN used to be the de facto standard in collab-
orative filtering long before the appearance of matrix factorization and
deep learning on the RS horizon. This technique remains popular be-
cause of its intuitiveness, ease of implementation, and good accuracy.
Conceptually, finding like-minded users in CF is very much equiva-
lent to the notion of a user’s neighborhood in kNN [10], which makes
this technique a natural first choice for building RS. It comes in two

variants:

User-user kNN predicts the score of an unknown item ¢ using the pref-
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erence for this item among & closest neighbors of the target user
u. This neighborhood, denoted by N (u), is formed on the basis
of similarity between user profiles (rows of the user-item matrix
R). The final score for an unobserved user-item pair (u, ¢) is cal-

culated as follows:

. 1 .
Suser—user(u7 Z) = m Z Slm(Ru,u Rv,o) (4)
v vEN; (u)

where N;(u) € N(u), such thati € Ry, Vv € N;(u).
Item-item kNN predicts the score of an unknown item ¢ based on its

similarity to the (at most) k-nearest items consumed by the target

user u:

Sitem-item (U, 1) = Z sim(Rae i, Re ;) (5)

The advantage of one kNN variant over another differs from case
to case, as it follows from results reported in [5, 221, 300] (in favor of
user-user kNN) and [58, 256] (in favor of item-item ANN). Considering
the nature of the algorithm, the choice of the method is typically de-
termined by the dimensions of the matrix: user-user kNN is preferred
when there are more items that users, and item-item kNN is preferred
otherwise.

The choice of a similarity measure plays a key role in this algorithm,
since it affects both the computation of neighbors, and the scoring of
items [94]. Popular measures include Cosine/adjusted Cosine similar-
ity, Jaccard index, and Pearson correlation.

Recommendations provided by kNN have good explainability be-
cause of the intuitive and simple nature of the algorithm. Although the
“laziness” of kNN makes it more computationally expensive during
the recommendation phase than model-based algorithms, it is custom-
ary to pre-compute the nearest neighbors in a training phase to be able
to serve near-instantaneous recommendations at prediction time [59].
This also makes kNN naturally suitable for streaming data, since pre-

computed item similarities enable recommendations to new users with-
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out having to re-train the system. Further, new user-item interactions
can be incorporated incrementally by updating the similarities involv-
ing only the current item [59]. Recent sequence-aware extensions of

ENN have shown very good results on session data [173].

Matrix Factorization. Latent factor models constitute state-of-the-art
in batch-operated RS, and have achieved remarkable performance in
both rating prediction [154, 242, 250, 278] and top-N recommenda-
tion [52, 124, 113, 240] tasks. Particularly effective for the matrix com-
pletion task are matrix factorization (MF) techniques, which project
users and items to the joint latent space. This is achieved via a singu-

RM*N] result-

lar value decomposition (SVD) of a user-item matrix
ing in two low-dimensional embedding matrices X" * %] and Y[V xK],

K < M,N.

Each entry in matrix R can then be approximated via the inner
product of the corresponding vectors in the latent space, i.e.
fui = (Xu,¥i) = xLy;. The objective of matrix factorization is thus to
find the approximation that minimizes the loss function £(X, Y|R) =
Z% (i — (X, yi))?. If r,; is unobserved, a common strategy is to
set r,; = 0. In addition, each event can be weighted according to the
number of observations, as suggested by Hu et al. [113]. A plausible
weighting scheme is w,,; = 1+a(#74:), where « is a tunable parameter
controlling the confidence level increase. This way, the weight matrix
WIM*N] g obtained. It is also common to add a form of I, regulariza-
tion with a tunable parameter A to prevent overfitting. The loss func-

tion becomes:

L(X,Y|R, W) = Zwui(rui - <Xuayi>)2+
U,

A xal 3+ D Hlyall)

(6)

Equation 6 can be minimized via alternating least squares (ALS).
This procedure fixes one of the latent vectors and solves for the other

vector analytically using ridge regression. The final closed form solu-
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tions for both latent vectors are as follows [113]:

x, = (YIW,Y + \I)'YTW, R, o
yi = (X_TWZX + )\I)_leWiR.7i

where: WLNXN] and W[MXM] are matrices with respective elements

of W, , and W, ; at the diagonal.

The works of Zhao et al. [323, 324] utilize time intervals between
interactions to improve the performance of matrix factorization in se-
quential recommendation settings. Other MF-based recommender sys-
tems for sequential tasks have also been proposed [127, 173, 241]. SVD
can be adapted for incremental updates via a technique called folding-
in [258], which allows to inject new vectors to the latent space without
re-computing the entire model. This trick helps to improve the scal-
ability of a system, at the expense of prediction accuracy. Vinagre et
al. [297] propose a fast incremental MF-based recommender system
trained using stochastic gradient decent (SGD), which can handle dy-

namic streams of positive-only user feedback.

2.5.3 Demographic filtering

The key assumption of demographic filtering is that users with com-
mon personal characteristics (gender, age, country, etc.) are likely to
share common preferences. Technically, demographic filtering can be
implemented using clustering, where each user is assigned to a demo-
graphic cluster specific to their profile. The recommendations are then
served on the basis of information about other users in the same clus-
ter [224]. Alternatively, demographic filtering can be understood in
terms of classification or regression, in which the input variables rep-
resent various demographic features of users, and the output values
encode their preferences [94]. It is worth noting that these methods do
not perform very well on their own, and therefore are usually included
as part of more complex hybrid methods [94]. They should also be
practised with care because of the potential ethical issues arising from

the use of protected attributes (see Section 2.7.6).
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2.5.4 Association rules mining

Another classical recommendation technique is association rules mining
(ARM), whose primary application is market basket analysis in trans-
actional data. Consider a set of sales transactions T’ = {t1,t2,...,t7(},
where each transaction represents a shopping basket or a user’s pur-
chase history (row of a user-item matrix R). Association rules mining

is done in two steps:

1. Frequent itemset generation.
Mining itemsets can be done using well-known algorithms such
as Apriori [4], Eclat [318], and FP-growth [98]. The frequency of

an itemset [ is determined from its support, calculated as follows:

ft:I1CtteT)

supp(I) = 7 ®)

2. Rule generation.
Each rule is a binary partitioning of a frequent itemset, taking the
form X = Y. The acceptance of a rule is determined by some

threshold on its confidence, calculated as follows:

confiX = v) = PP UY) ©)
supp(X)

Using this method, one can build a simple recommender system by
mining frequent itemsets from the rows of matrix R, and then extract-
ing all the rules “supported” by a given user and satisfying minimum
confidence. Thus, the antecedent of each extracted rule contains one or
more of the user’s known items, whereas the consequent of a rule con-
tains recommendable items. The aggregated confidence of rules can
then be used to determine the final ranking of candidate items. The
choice of thresholds for the support and confidence of rules has di-
rect effect on the coverage and the accuracy of recommendations. The
ARM technique has been successfully applied to clickstream data with
notable improvements over kNN methods in terms of scalability, accu-
racy, and coverage [194].

Because the method considers each transaction as a basket of items,

the sequence of user interactions is not preserved. To overcome this
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limitation, sequential pattern mining (SPM) and contiguous sequential pat-
tern mining (CSPM) methods aim to uncover the behavioral patterns of
consumption in which the ordering of events is taken into considera-
tion [232]. The latter variant is the most restrictive one, since it imposes
the adjacency of items. Sequential pattern mining is often used for the
next-item prediction task in session data [173, 195, 202, 315]. A choice
between ARM, SPM and CSPM is typically driven by the importance

of the ordering of events in a given application domain.

2.5.5 Bandit algorithms

Reinforcement learning problems address one important characteristic
of real-life RS that is difficult to achieve with traditional batch-oriented
methods, namely the need for adaptability [94]. Indeed, deployed rec-
ommender systems must be able to reinforce themselves with new ob-
servations to effectively handle cold-start and ever-changing context.
One popular class of reinforcement learning problems is the multi-arm
bandit problem, see Section 2.3.3.

In the most common scenario of a stochastic multi-arm bandit with
a set of k arms and Bernoulli rewards r € {0, 1}, the recommendation
agent at each time step ¢ seeks to pullanarm i(¢) € {1,..., k} thatmax-
imizes the expected total reward after T steps, i.e. 17 = E [Zthl i) -
The choice of an arm i(t) at each time step is governed by a bandit
policy, given the knowledge about the number of pulls n;(¢) and the
number of rewards r;(t) accumulated by each arm i up to time ¢. For

example, it could be one of the following policies:

e-greedy. Based on a pre-defined probability threshold 0 < € < 1 and
arandom sample p(t) ~ U(0, 1), the policy picks an arm greedily

as follows:

ri(t) :
, ifp(t) > €
i(t) = argmax { ™" p(t)

i=1,...k | p(t), otherwise

The exploration parameter € can be adapted to shrink over time
at a certain rate in order to reduce the amount of exploration, e.g.
e = c¢/t,0 < ¢ < 1][266].
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Upper Confidence Bound (UCB). This policy follows the principle of
“optimism in the face of uncertainty”. For each of the first k steps,

UCB explores a new arm. After that, it chooses an arm determin-

]

The above equatlon corresponds to UCBI1 [14], which is the most

istically such that:

i(t) = argmax { O

=1

basic variant of the algorithm. The second term of the equation
encodes the approximation for “optimism” by considering less
explored arms as more uncertain [38]. By extending this term,
more sophisticated variants of the algorithm have been proposed,
such as UCB2 [14], UCB-tuned [14], and MOSS [13].

Thompson Sampling (TS). This policy implements the “randomized
probability matching” strategy [263]. The choice of an arm de-
pends on its probability of being optimal, which is sampled from
the Beta posterior distribution:

i(t) = argmax 0;(t) ~ Beta(r;(t) + 1,n;(t) — ri(t) + 1)

i=1,....k
The two parameters of Beta distribution hold the number of suc-
cesses and the number of failures of each arm. This simple yet
powerful Bayesian approach has shown excellent performance

in addressing complex online problems [91].

To make bandit algorithms suitable for the top-N recommendation
problem, a few approaches exist. One possible solution is to assign a
separate bandit to each recommendation slot of a top-/V list. This ap-
proach is taken in ranked [158, 235] and independent [149] bandits. The
drawback of this method is that it does not fully utilize all the avail-
able feedback, and hence takes longer to converge than a single bandit
solution. A way to address this problem is to allow a single bandit
to pull several arms at each round in order to construct their ranking.
This type of MAB is known as a multiple-play bandit and has been stud-
ied in [150, 172]. Another emerging approach is based on ensemble
learning, where the bandit algorithm decides which recommendation

model to choose for filling the slots in the top-/V ranking by alternating
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between exploiting the currently best model and exploring the poten-
tial of other models [77, 281].

2.5.6 Hybrid/ensemble methods

Oftentimes, best results can be achieved when different algorithms are
either combined in a single model or complement each other to reach
a consensus. The success of these approaches has been witnessed in
recommendation competitions such as the Netflix Prize contest and
KDD cups [281].

The first approach is usually referred to as hybrid RS. Many rec-
ommender systems belonging to this category take advantage of het-
erogeneous data sources, such as content features, collaborative sig-
nals, and user demographics, in order to derive richer representations
for modeling user behavior. For example, Pazzani [224] introduces
a method called “collaboration via content” to address the sparsity
of user-item interactions. The proposed hybrid approach has proved
more successful at making recommendations than purely collabora-
tive or content-based filtering. In a similar fashion, these two filtering
methods have been combined to produce a movie recommender [251].
Hybridization is also a common way of tackling cold-start in RS [7,
53, 222, 260]. One of the well-established techniques that enables easy
blending of various data sources is a factorization machine [239]. It was
used in [90] to combine user and item characteristics with behavioral
data to build a hybrid recommender system for e-commerce. Other
successful hybrids have been designed by combining matrix factoriza-
tion with neighborhood models [73, 151] and bandit algorithms [136,
326]. A fusion of user feedback types - explicit and implicit - has also
proved effective [152, 162].

The second approach is known as ensemble RS. The idea behind this
method is to train a number of component recommenders, whose in-
dividual outputs are aggregated for the final prediction. The aggrega-
tion is typically done by taking the average or the (weighted) majority
vote [281]. This allows to reduce the variance of learning algorithms

on unseen data. Ensembles are often much more accurate than the in-
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dividual predictors that they are comprised of [64]. One of the most
celebrated examples of this is the recommendation ensemble of Bel-
IKor’s Pragramatic Chaos team that won the grand prize of the Netflix
contest [9]. Other successful examples in the RS practice include en-
sembles of matrix factorizations [56, 309], multi-arm bandits [281], and
mixed predictors [16, 118, 224].

2.6 Evaluation

We now review commonly used methods, metrics and criteria for eval-

uating top-N recommender systems.

2.6.1 Methods

A typical RS evaluation pipeline consists of an offline evaluation based
on some pre-recorded data, followed by an online evaluation on real
users. This last phase is usually performed when there is sufficient
evidence that the recommender outperforms some important baselines
on recorded data. In academic research, online evaluation is difficult
to perform and not generally practiced for evaluating proof-of-concept
prototypes. In industry, however, A /B testing is widely used for online
evaluation.

The offline approach does not involve any real interaction with RS
users, but has the advantage of being easy to conduct and reproduce
via publicly accessible datasets and standardized protocols and met-
rics. This type of evaluation can be done in either batch or sequential

(streaming) mode. We outline each of these methods next.

Batch mode The batch mode of evaluation remains predominant in
RS research. Its central premise is to make all predictions at once. With
this method, the total event history is segregated into distinct subsets,
where the largest one is used for training the model (training set), and
the smaller one is held out for the evaluation (test set). Often, a separate
validation set is used for hyperparameter tuning. Depending on the

data at hand, there are two basic ways of sampling user-item pairs:
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Random sampling. Usually, the separation of the sets is done by a
random sampling of a certain percentage of interactions from the
original dataset to build the test set. This proportion typically
ranges from 10% to 50%. The remaining events form the training
set. By repeating this procedure k times while ensuring that each
event is seen only once in the test set, we arrive at the k-fold cross-
validation method. This procedure helps to reduce the variance

of the estimates.

Chronological sampling. Dataset splitting can also be done chrono-
logically, when timestamps of events are available in the data.
According to this strategy, the experimenter chooses a time in-
stance, which divides user profiles into past and future events.
With this setup, the recommender is trained on past data to pre-
dict future data, which clearly leads to a more realistic evaluation.
Although classical cross-validation in this case is not feasible, re-
sampling and time-windowing methods can be employed to a
similar effect [40].

Apart from the popular proportion-based splitting strategy, there
exist protocols that fix either the number of known items, or the num-
ber of withheld items per test user for evaluation. They are referred to

as “given n” or “all but n” protocols [95].

Sequentialmode Unlike the batch mode of evaluation, the sequential
method reveals test events to the experimenter sequentially, and hence
measures the RS performance in an incremental fashion. This closely
mimics the real recommendation process, where each user action trig-
gers a recommendation request. For example, the user’s browsing be-
havior on an e-commerce website may trigger recommendations of
substitute, complementary, and discounted products [119] (aiming at
up-, cross-, and down-selling, respectively), depending on the context.

In principle, dataset partitioning is not required in sequential mode
of evaluation [296], if online learning is adopted. Nevertheless, some
historical data is typically provided to pre-train the model prior to en-

tering the prediction phase. For sequence-aware RS, the dataset par-
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titioning can be done either between- or within-sequences [232]. The
former procedure assigns complete sequences to training or test sets,
whereas the latter allows splitting a sequence into contiguous subse-
quences.

The most common sequential protocol for streaming environments
is known as prequential evaluation [85, 296]. It consists of test-then-train
operation cycles that run on sequentially arriving user-item pairs (Al-

gorithm 1).

Algorithm 1 Prequential evaluation

1: for each user-item pair (u, 7) arriving from the stream do

2: Produce top-N recommendations for user u
3: Evaluate recommendations against item ¢
4: Update model with new observation (u, ) > optionally

This protocol corresponds to the next-item recommendation task,
which is the special case of the “best-item” recommendation objective
mentioned in Section 2.1. The advantage of this evaluation method
over the batch mode is the ability to continuously monitor the system’s
performance over time against several metrics simultaneously [296].
The protocol naturally suits the multi-arm bandit setting (and rein-
forcement learning in general), but can also be used for traditional ma-
trix completion problems (e.g. [12, 297, 298]). However, this protocol
is strict in that it only evaluates the prediction of the immediate next
event, while ignoring the subsequent ones [296]. To relax this, sequen-
tial evaluation with look-ahead [232] matches recommendations against
next n items of the current user (only possible offline). Alternatively,
the current observation can be matched not only with the current rec-

ommendations, but also with a set of previous ones [296].

A/B testing Different from the previously discussed protocols, A/B
testing is an online evaluation method, which is widely used for eval-
uating new algorithms, design features, or even entire websites. It can
be viewed as a two-sample hypothesis testing methodology, where the
null hypothesis represents the control entity (“A”) and the alternative

hypothesis represents the treatment entity (“B”). For a recommender

32



system, the null hypothesis is associated with the current state of RS,
while the alternative hypothesis typically represents a new algorithm,
amodification of an existing algorithm, a new layout, etc. The user traf-
fic is then randomly divided between variants A and B, and the RS is
evaluated against some metric for some period of time. By measuring
the difference between A and B, the decision on the acceptance of the
alternative hypothesis is taken. The vast majority of online platforms,
such as Amazon and eBay, run online experiments on a continuous

basis [231] to evaluate the effectiveness of the system with real users.

2.6.2 Metrics

The accuracy of a top-N recommender system is usually assessed not
in absolute rewards, but in relative measures taking values from 0 to
1 (the higher the better). To evaluate an N-sized recommendation list
L(q) generated for request ¢, we calculate rewards or true positives (TP)
by comparing recommendations L(g) to the test set T'(¢) containing the
hidden ground truth items for the active user (or session) that issued
the request. This comparison also gives us the related counts of false
positives (FP), true negatives (TN), and false negatives (FN), summarized

in the contingency table of Figure 1.

CONSUMED

v | x

™ | FP

X | EFN| TN

RECOMMENDED

Figure 1: Contingency table

By constructing contingency tables for the whole set () of recom-
mendation requests, we can compute useful retrieval metrics, such as

precision and recall at the desired cutoff N:
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TP,

1
PrecisionQN = — Z FE E— (10)
@l £ TP, + FF,
1 TP,
RecallaN = — > " ———1 _ (11)
QI Z5 TP, + FN,

These metrics show how many rewards we get in relation to the
size of the recommendation list (precision), or the size of the test set
(recall). Because precision and recall trade-off against each other, they
are often reported via their balanced harmonic mean, known as the

F1-measure:

1 2 - Precision,QN - Recall,QN
F1QN = — 2 g
|Q q%;? Precisions@QN + Recall,QN

(12)

It is a known fact that top-N rankings introduce a position bias,
according to which the probability of a click on an item decays with
its rank in the list [50, 95]. The above evaluation metrics cannot ac-
commodate this bias. For this reason, top-N recommender systems
are often evaluated using ranking measures. One of them is mean av-
erage precision (MAP), which takes the arithmetic mean of precision at

all available recall levels:

N
1
MAPQN = — Z W Precision,Qi (13)
i=1

T (2
where: Precision,@Qi = 01if L;(q) & T(q)-

Another popular ranking measure is normalized discounted cumula-
tive gain (NDCG). Denoting r; € {0,1} as the reward obtained from
displaying an item at rank ¢ of L(¢), NDCG can be computed as fol-

lows:
QI

1 DCG

NDCGQN = — 4

Q| = IDCG,

N . min(N,[T(q)|) 1

where: DCG, = — _ IDCG, = —— (14
e ;logg(ﬂ—l) e ; log,(i 4+ 1) (14)
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A ranking measure that is often used for evaluating next-item pre-
dictions is mean reciprocal rank (MRR). It averages the reciprocals of the

first (i.e. topmost) relevant item'’s rank across recommendation lists:

Q]

MRR@N = 1 Z !
@l =

rank, QN (15)
where: rank,QN refers to the position of the first relevant item in top-
N recommendation list L(q).

Despite their widespread use, the illustrated evaluation metrics rep-
resent only a small fraction of available metrics in the arsenal of RS re-
search, and have been selected because of their relevance to the present
thesis and their popularity in the field. To ensure the usefulness of
evaluation, the set of metrics has to be carefully chosen in accordance
with the specific objectives that have been set for the concrete RS usage
scenario and the characteristics of its domain [261]. These objectives
also determine other evaluation criteria beyond accuracy that might

be important to consider in a particular use case.

2.6.3 Criteria

Recommender systems can be assessed for a variety of criteria (or prop-
erties), which have been covered in detail in [95]. Some of the most

important ones are outlined below.

Accuracy. This is the key property that recommender systems are be-
ing assessed for. It can materialize in various measures depend-
ing on the application domain, e.g. click-through-rate in adver-
tising, conversion rate in e-commerce, reciprocal liking in dating,

and so on.

Utility. This criterion can be defined as the value that RS stakeholders
(i.e. users, providers, or platform owners) gain from recommen-
dations. In the e-commerce domain, for example, recommenda-
tions serving some business-critical utility such as revenues or
customer retention may be even more important than accurate

predictions of purchases.
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Coverage. Real-world datasets suffer from the long-tail effect, accord-
ing to which the largest part of the product catalog is rarely or
never consumed. Therefore, optimizing a recommender for a
wider catalog coverage with the inclusion of long-tail items is
often desirable. Likewise, the ability of generating accurate rec-

ommendations for as many users as possible is another desired

property.

Explainability. The reliability of recommendations is not obvious to
a user unless they can be reasonably justified. This may affect
the usability of the entire recommendation module on a website.
It also raises wider ethical concerns around algorithmic opacity

and behavior manipulation.

Novelty/Serendipity. It is important to ensure that the system sug-
gests relevant items beyond those that the user has already seen
or would have found anyway. Serendipitous recommendations
are those that are unexpected in the context of the request, yet

still interesting to the user.

Diversity. Generating a diverse list of suggested items can be desired
to avoid the effect of a “filter bubble” in recommendations. Be-
sides, displaying only similar items in recommendations is likely
to reduce the usefulness of recommendations. Diversity is also
closely related to the issues of fairness, since dissimilar items can

help to mitigate potential discrimination.

In many practical situations, it is desirable to jointly optimize mul-
tiple properties of a recommender system, which are not necessarily
well-aligned. For instance, increasing the diversity, coverage or novelty
of recommendations may reduce their accuracy. To this end, multi-

objective learning in RS is often employed [158, 244, 304].
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2.7 Ethics in recommender systems
2.7.1 Law, ethics, and morality

As the societal impact and the degree of algorithmic sophistication of
recommender systems continue to increase, it is worth studying these
systems from an ethical perspective. Obviously, RS practitioners have
an obligation to adhere to policies prescribed by legislation. How-
ever, laws alone are not sufficient to protect users from the wide range
of undesirable side effects of using recommender systems and other
decision-making machinery. Unlike legislation, which has clear politi-
cal bounds, ethics aim to protect core (or intrinsic) values shared by all
humans regardless of their cultural, political, or geographical borders.
Among these values are autonomy, freedom, security, knowledge, and
resources [199]. Understanding the difference between law and ethics
is, in essence, knowing to distinguish between what one has a right to
do (legally, that is), and what is right to do [49].

The discipline of ethics is concerned with studying morality, which
can be defined as “a system of rules for guiding human conduct, and
principles for evaluating those rules” [283]. The purpose of this system
is “to prevent harms and evils” [89] and “to promote human flourish-
ing” [283]. Narrowing this down to the field of RS, we can define rec-
ommendation ethics as the study of the moral system of norms for serving

recommendations of products and services to end users, see also [217].

2.7.2 Recommenders as moral agents

The motivation for recommendation ethics as a field of study comes
from the realization that recommender systems represent agents that
act autonomously on behalf of the respective bodies who deploy them,
thus inheriting their moral agency. Therefore, at least theoretically, RS
can be thought of as a type of artificial moral agents [301]. Such agents
share certain moral competencies and abilities with human decision
makers [111]. Whereas they may not be entirely equivalent to human
moral agents, we claim that they can have “functional morality” by

satisfying two criteria: (a) autonomy, and (b) sensitivity to ethical val-

37



ues [301]. Furthermore, autonomous recommendation agents can be
regarded as moral agents because they are (a) sources of moral action,
and (b) can cause moral harm or moral good [81]. In terms of Moor’s
framework [200], the current state of (the very few) ethics-aware rec-
ommender systems ascribes them to either “ethical impact agents”,
or “implicit ethical agents”. The former type is the weakest sense of
a moral agent, which merely has ethical consequences to its actions.
Numerous examples of such consequences are provided in [217]. The
latter type of agent employs basic ethical intelligence, which is pre-
scribed by some in-built moral rules and principles. There is evidence
that such rule-based implicit ethical agents have begun to appear on
the RS horizon [270, 282].

2.7.3 Moral responsibility

Being morally responsible for taking an action, such as giving recom-

mendations, is conditioned on two criteria: causality and intent [283].

The principle of causality implies that some agent A is held respon-
sible for action X if A caused X, regardless of the intent. For example,
consider a recommendation agent being trained on historically biased
data, resulting in discriminatory results (e.g. a dating agent that learns
to prevent African Americans from getting recommendations of part-
ners that belong to a different race [293]). Even though the developers
of such an agent did not have any intent to discriminate, they are nev-

ertheless morally responsible for the outcome.

On the other hand, an agent can also be held responsible for the
mere fact of immoral intent, even if the actual harm has been avoided.
For instance, introducing first-degree price discrimination in a recom-
mender system is commonly perceived by the general public as un-
ethical [287] (it can also be illegal in many cases under the Robinson-
Patman Act [70]). Even if such recommendations go unnoticed, the
designers of the system are morally culpable because of the system’s

intentional disparity of treatment.
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2.7.4 Principles of accountable algorithms

Moral responsibility is part of a broader “robust and intuitive notion of
accountability” [208], which means that an agent, or a group of agents
are answerable for a caused harm [209]. According to FATML, the five

principles of accountable algorithms are as follows [62]:

Responsibility. Reveal possible ways of redress for adverse individ-
ual or societal impacts of an algorithm-driven decision mecha-
nism, and designate an internal body responsible for the timely

settlement of such issues.

Explainability. Provide comprehensible, even to non-technical users
and stakeholders, explanations of data and algorithms employed

in automated decision making.

Accuracy. Identify, record, and make available all sources of error and
uncertainty in data and algorithms, which can be used to under-

stand their implications and frame mitigation strategies.

Auditability. Disclose necessary information in the form of documen-
tation, API, or terms of use, which would enable interested third
parties to perform monitoring, checking, and criticism of the al-

gorithm’s operation.

Fairness. Take necessary steps to prevent discriminatory or unfair al-
gorithmic decisions with respect to various demographic groups
(race, gender, etc.).

These principles make it easier for RS developers to reason about
the moral accountability of their artifacts as they proceed through var-

ious development stages.

2.7.5 Ethical impact

Given that the field of recommendation ethics is still in its infancy, there
is a need for identifying and categorizing all sorts of implications of
recommender systems on the society, which would help to move the

field further towards ethics-awareness. To this end, the recent study by
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Milano et al. [191] presents a two-dimensional taxonomy of the ethical
impact of recommender systems, which we briefly summarize below.

Along the first dimension, the impact can manifest itself as:

1. Aloss in utility of recommendations, e.g. irrelevant recommen-

dations for users, reduced revenues for providers.
2. A violation of rights, e.g. various forms of unfairness.
Along the second dimension, the impact can constitute:

1. An immediate harm to stakeholders, e.g. generating unfair rec-

ommendations.
2. An exposure to future risks, e.g. privacy breaches.

The assessment of the ethical impact of RS must be done in consid-
eration of all the affected parties. This is especially relevant in multi-
sided markets bringing together multiple types of participants (e.g.
e-commerce auctions, social networks, dating platforms, ride-sharing
services, etc.). These types include RS users, providers, platform, and
society as a whole. Refer to Milano et al. [190] for a detailed discussion

around the ethics of multi-stakeholder recommender systems.

2.7.6 Algorithmic fairness

The subject of algorithmic fairness has drawn considerable attention
in recent years, currently enumerating more than 20 different formal-
izations adapted from the social science literature [294]. This goes to
show that no universal definition of fairness exists, and that it is highly
contextual [186]. The ultimate goal of fairness is to enable non-di-
scriminatory predictions with machine learning. Discrimination can
manifest itself in either a direct or indirect way [321]. The former type
takes place when sensitive (i.e. protected by law) attributes are ex-
plicitly used in generating non-favorable decisions for the users. This
causes the effect of a disparate treatment [84] of users with respect to the
protected attribute. The latter type of discrimination occurs when a

seemingly neutral attribute of users results in non-favorable decisions
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because of its correlation with a sensitive attribute, leading to a dis-
parate impact [84]. Unfairness is typically a property of biased data that
contains human-induced prejudice and stereotypes, and discrimina-
tory model failing to account for sensitive information and class im-
balances.

The most widely used definitions of fairness fall under two main

categories [186]:

Group fairness. A predictor satisfies group fairness if a given group-
conditional quality metric is comparable for individuals across
protected groups [84, 271]. Depending on the choice of the qual-
ity metric, different notions of group fairness have emerged, such
as demographic parity [68], equality of opportunity [100], equalized
odds [100], calibration within groups [141].

Individual fairness. A predictor satisfies individual fairness if it pro-
duces similar outputs for similar individuals [84]. The key aspect
of individual fairness is the choice of a distance metric that deter-
mines the similarity between individuals (without considering
protected attributes). Some of the known formalizations that be-
long to this category are fairness through awareness [68] / unaware-
ness [155], calibrated fairness [169], counterfactual fairness [155].

Addressing algorithmic fairness in practice can be surprisingly chal-
lenging [186], given the multitude of existing definitions and the fact
that some of them are mutually exclusive [84]. Translating fairness for-
malizations to recommendation scenarios is further complicated by the
immense sparsity of relevance evaluations and the multi-stakeholder
nature of recommender systems [72]. To this end, Burke [34] intro-
duces the notion of multi-sided fairness, which takes into account the in-
terests of recommendation consumers, providers, or both parties (de-
noted as C-, P-, and CP-fairness, respectively). Most often, this type
of fairness concerns reciprocal recommendations, e.g. in dating [327]
or job matching [193]. The growing body of work on the fairness of
rankings [24, 265, 313, 314] finds practical applicability in top-/N recom-

mender systems. A particularly useful concept is that of re-ranking [132,
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168] — a post-prediction procedure aiming to rebalance the ranked
outputs to satisfy some fairness criteria. In many cases, this can be
achieved with minor compromises in prediction accuracy [168, 265,
314].
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3 METHODOLOGY

No amount of experimentation can ever prove me right; a single experi-
ment can prove me wrong.
- Albert Einstein

This section details the methodological approach that has been fol-

lowed in the thesis.

3.1 Collaboration with Apptus Technologies

Through our collaboration with Apptus Technologies® - a Nordic leader
in e-commerce merchandising - we were able to get access to real-world
shopping session data to conduct part of our research. At the time
when our collaboration was initiated (early 2014), public datasets with
e-commerce session data were virtually non-existent, and their avail-
ability today is still limited (4 such datasets are reported in [232]). The
contribution of Apptus Technologies to the research presented in this
thesis is threefold:

o Two datasets containing shopping sessions from books and fashion
domains were provided for experimentation. Both datasets are
used in Paper | and Paper IIl.

e The Apptus’ eSales development platform was provided for build-

ing prototypes and running simulations.

o The joint research on a session-based recommender system was

conducted, whose results are reported in Paper |ll.

To comply with the ethical policies, the analysis of proprietary data-
sets was performed on company premises. This was done to eliminate
the risk of any accidental leakage of data belonging to the client base of
Apptus Technologies. Furthermore, all session data were anonymized
to protect the personal privacy of data subjects.

Shttp://www.apptus.com
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3.2 Choice of methods

To answer the research questions of this thesis, we apply five research
methods: (1) experiment, (2) design science, (3) survey, (4) case study, and
(5) literature review. The connection of these methods to the research
questions (and implicitly to the corresponding papers) is shown in Ta-
ble 1.

Table 1: Research methods

Research method Research question(s)

Experiment 1 (a), III (a), III (b), III (c), IV (a), V (b)
Design science I, TIT (b), III (c), IV, IV (a), V (a), V (b)
Survey I(b), I (a)

Case study LV

Literature review II, (V)°

The appropriateness of each method is assessed on the basis of two
criteria defined by Oates [211]:

o the method enables the researcher to find an answer to the re-

search question.

o the method enables the researcher to present the evidence and
the conclusion, and to argue convincingly that a new knowledge

has been created.

As follows from Table 1, each research paper applies more than one
research method. This is necessary to meet the multiple objectives of
each paper. In most cases, one of the employed methods is used to
evaluate the results of the main method, e.g. a design science followed
by an experiment (Paper Ill and Paper V), or a literature review fol-
lowed by a feasibility survey (Paper Il). In Paper |, two different meth-
ods are used in triangulation, i.e. providing independent perspectives

on the same issue.
9

secondary method
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Next, we present each of the methods separately and give more

details on how they have been applied to our research.

3.3 Experiment

Experiment is a research method that explores cause and effect rela-
tionships, aiming to prove or falsify a hypothesis about the link be-
tween a factor and an observed outcome [211]. To formulate a hypothe-
sis, a causal factor (independent variable) and an observed /measured
quantity (dependent variable) need to be identified. In our research,
the experimentation strategy lies in determining how, and to what ex-
tent, the use of a certain recommendation algorithm (or some modifi-
cation thereof) affects the pre-defined evaluation measure(s).

A specific type of experimentation we employ in this thesis is a
simulation experiment. The design of such an experiment involves the
construction of a simulation model (or simply a simulator) in a way
that closely mimics a real-world system [116]. The simulations mod-
els used in our research employ either batch evaluation (Papers | &
V) or streaming evaluation (Papers lll & IV) protocols. In these stud-
ies, an experimental unit represents the result obtained from a single
run or a batch, which are later averaged or aggregated to yield an out-
put value [252]. Since experiments cannot prove anything with abso-
lute certainty, they are typically repeated multiple times, under vary-
ing conditions [211]. In our streaming simulator that is used in Paper
lll, the aggregated result is obtained after averaging the outputs of 10
simulation runs with different random seeds, due to the randomized
nature of an algorithm. In Paper IV, this has not been necessary as the
proposed algorithm is deterministic!’. The varying conditions have
been supplied by means of three real-world datasets. The above meth-
ods comply with the standard practice for evaluating data streams [25].
In our batch simulators, the repetition is achieved by performing a 5-
fold (Paper |) and a 21-fold (Paper V) cross-validation.

In our research, experiments serve three purposes. First, they are

used as an empirical proof of concept after the design science step, where

10The evaluation framework itself (F 1owRec) has support for stream restarts
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the new prototype is evaluated against alternative baselines or config-
urations (Papers Ill, IV, & V). Second, the simulator can be part of the
artifact itself, as is the case with Paper |V. Here, a simulation exper-
iment is performed to showcase its own functionality. Third, a sim-
ulation experiment can also be part of a mixed methodology, such as
triangulation. It allows to capture a more holistic and complete por-
trayal of the case under study. In Paper |, the results of experiments
are triangulated with the results of the survey to answer the main re-

search question (RQ I).

3.4 Design science

Design science aims to build technological artifacts that serve human
purposes [178]. More specifically, it seeks to “create innovations that
define the ideas, practices, technical capabilities, and products through
which the analysis, design, implementation, and use of information
systems can be effectively and efficiently accomplished” [106].

Design science artifacts can be of four types: constructs (vocabulary
and symbols), models (abstractons and representations), methods (algo-
rithms and practices), and instantiations (implementations and proto-
types) [107]. The artifacts produced in our research belong to the last
three types, i.e.:

Models. This type of artifact is encountered in Paper V. After conceiv-
ing the idea of preferential fairness and putting it in the context of
existing fairness definitions, the proposed notion is formalized

as a model.

Methods. This type of artifact is seen in Papers Ill, IV, & V, whose
core ideas take the form of algorithms expressed either mathe-

matically or in pseudo-code.

Instantiations. All the proposed algorithms have been implemented
to produce working prototypes, i.e. instantiations. The prototype

of Paper IV has been released as an open-source Python library.

Design science is essentially a problem-solving paradigm [106, 211].
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Its research cycle iterates between five steps [291], which we briefly

outline below.

1. Awareness. This step gives birth to a research problem, identi-
fied in relevant practice or research. The motivations and intu-
itions for our research ideas are summarized in the thesis’ intro-

duction (Section 1).

2. Suggestion. This is a creative step, where a novel solution or a
tentative idea is envisioned for a problem at hand. In this phase,
we make important design choices, such as utilizing Thompson
Sampling for the bandit ensemble of Paper lll, or choosing Sci-
kit-Multiflow as the basis for our streaming framework pro-
posed in Paper V.

3. Development. In this phase, the idea is implemented according
to the type of the artifact. All the proposed algorithms are first

pseudo-coded, and then materialized into functional prototypes.

4. Evaluation. This step assesses the artifact on some implicit or
explicit criteria outlined in the first step. It usually reveals devi-
ations from expected results, in which case the newly gained in-
sights are communicated to another round of Suggestion (step 2).
This iterative workflow has been used to incrementally improve
our prototypes (at the very least, by tuning hyperparameters).
We have followed the “proof-of-concept” evaluations, whose pur-
pose is to demonstrate that the proposed solution has certain
properties, or that it behaves in a particular way under certain
conditions [211].

5. Conclusion. The research cycle ends when the results are per-
ceived as satisfactory and “firm”, meaning that the observed be-
havior can be easily re-invoked if needed, and any anomalous
behavior serves as ground for further research.

3.5 Survey

The survey methodology has three main characteristics [228]:
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o It is used to obtain specific quantitative descriptions of the pop-

ulation in a standardized way.

o It collects information from people by asking them structured

and pre-defined questions.

o It focuses on a fraction of the population - a sample, whose size is

large enough to enable statistical analyses.

This methodology is employed in Paper | and Paper Il. Our de-
sign choices in each case are guided by the survey’s objective. In Pa-
per |, the goal of the survey is to reveal important characteristics of
commercial implementations of recommender systems. Thus, the data
collected through the survey represents facts about the studied phe-
nomenon. In Paper ll, the survey is used to study the feasibility of
the proposed “ethical toolbox” for RS users. Here, the collected data
captures user opinions on specific ethical issues. In both cases, web-
based questionnaires are employed as a data generation method. This
method allows to reach many people across the globe quickly and at
a low cost [211]. Both studies are cross-sectional, i.e. focusing on a
particular “snapshot” of a population in time [48].

Other important design considerations have to do with the choice
of sample frame and size, as well as sampling technique. In Paper |,
our sample frame includes numerous e-commerce platforms that fea-
ture recommendation engines. Because of the anticipated difficulties
in obtaining business-sensitive insights into the internal workings of
proprietary software, we aim for meeting the minimally acceptable
threshold of 30 companies as a final sample size. This is considered the
de facto standard for studies with low estimated response rates [211].
The goal has been reached with 31 total responses and a response rate
of 12.4%. We use random sampling as our sampling technique. The
online questionnaire has been communicated to the respective devel-
opment teams via email or private chat session.

The target group of the survey in Paper Il is individuals rather than
companies. The questionnaire has been disseminated through Face-

book groups of numerous European universities. Since acquiring peo-
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ple’s opinions is clearly an easier task than surveying companies, we
opt for a larger sample, which has yielded 224 responses. We narrow
our sample frame to students and faculty members, and only those
who have confirmed their experience of using recommender systems.
This sampling technique is known as self-selection sampling [211]. The
rationale for choosing this method is to improve the validity of results

through increased confidence level of the respondents.

3.6 Case study

A case study allows a researcher to closely investigate a contemporary
phenomenon within its natural context [71, 248]. This investigation can
be of different types, e.g. exploratory, descriptive, or explanatory [211].
Case studies are flexible in that they allow for a study design that suits
a particular case, thus fully capturing its complexity [71]. The method-
ology is encountered twice in the thesis.

In Paper |, we conduct a comparative case study, which focuses on
two or more instances of specific phenomena [192]. Its goal is to un-
earth contrasts and similarity patterns across the examined cases. Spe-
cifically, we compare several well-known recommendation algorithms
for their predictive performance in a lab environment, and in paral-
lel compare their usage dynamics in an industrial sector by running a
survey. Hence, the unit of analysis is an algorithm. Such practice of
employing different research methods within a case study is not un-
common [248].

In contrast with the above approach, where the units of study are
off-the-shelf algorithms, the case study of Paper V is primarily of an
exploratory nature. That is, it needs to understand and devise its units
of study (namely, the measure of fairness and the re-ranking methods)
based on the provided context and existing literature, before moving
on with their development and analysis.

Both case studies also contain an explanatory counterpart, which
seeks to explain the observed outcomes. Ultimately, their insights are
meant to be “a step to action”, i.e. directly interpretable and applicable

to real-world scenarios [48].
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Case studies can be summarized using the following simple 3-level

hierarchy: context — case — unit of analysis [71]. This is done in Table 2.

Table 2: Case studies of the thesis

Paper | ‘ Paper V
Context E-commerce platforms Speed dating
Case RS in industry Fairness of RS
Unit of analysis RS algorithms Preferential fairness,

re-ranking methods

3.7 Lliterature review

Literature review is the necessary means to provide the foundation and
the conceptual framework for a research [211]. Itis used as a secondary
research method in each paper of the thesis to identify gaps in the liter-
ature and motivate the formulated research goals. In Paper I, itis also
used as a primary research method to address the ethical challenges in
recommender systems.

In this thesis, we adopt a rigorous, evidence-focused literature re-
view methodology proposed by Hagen-Zanker & Malett [97]. This
method follows the key principles of a systematic literature review
(rigor, transparency, and replicability), at the same time enabling a
more flexible retrieval and analysis mechanism. This mechanism en-

tails three separate activities:

1. Database search using pre-defined search strings. As suggested
by Wohlin [307], we initiate our search using Google Scholar!! to

alleviate the bias towards any specific publisher.

2. Snowballing, which is applied to the initial literature selection
identified in the previous step to drive the study further. We
perform snowballing by systematically examining both the ref-

erences list of the paper, and the citations to the paper. These

Uhttps://scholar.google.se/
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techniques are known as backward and forward snowballing, re-
spectively [307]. Snowballing is very useful for identifying influ-
ential, seminal work within the field of study [97].

3. Grey literature capture. Relevant material can often be found
in sources beyond traditional peer-reviewed publications, such
as academic journals and conferences. The inclusion of the so-
called “grey literature” sources (e.g. working papers, reputable
blogs, technical reports, etc.) makes it possible to find relevant
material that has just been released and cannot be picked up via
snowballing. It contributes to the breadth, relevance, topicality,
and utility of a literature review [97].

In Paper I, the above methodology has been applied to each of
the RS development stages. At each stage, the literature review allows
us to reveal existing ethical issues and known countermeasures. Be-
ing evidence-focused, our literature study largely relies on the identi-
fication of existing examples of moral dilemmas in the RS practice to
support the narrative. The findings of the literature review have been
summarized in the form of an ethical recommendation framework pre-
sented in Paper |I.

3.8 Research limitations

In practice, the application of the chosen research methods entails cer-

tain limitations and threats to validity that are worth acknowledging.

3.8.1 Experiments

Our experiments are limited to offline simulations on recorded data.
Despite the predominance of this evaluation method in research, its re-
sults cannot adequately measure true user satisfaction [19]. To reliably
measure how an algorithm influences users’ behavior in reality, it has
to be tested online (e.g. through A/B testing). Whereas our collabora-
tion with Apptus Technologies could, in theory, enable us to perform
A/B testing in Papers | & llI, this evaluation has not been practically
possible.
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The absence of statistical significance testing in some of the per-
formed experiments could impact their internal validity. To increase
validity, we use both the methodological triangulation and source trian-
gulation [248] in Paper |. The former intersects the results obtained
from different methods, whereas the latter employs several distinct
data sources for evaluation. We also employ a 5-fold cross-validation
to reduce the effect of variation in the training data. In Paper V, we
further increase the number of folds to 21 to obtain more reliable aver-
age estimates. Besides, the comparative evaluation of (re-ranking) al-
gorithms is of minor importance to Paper V. In streaming data, cross-
validation is not applicable [85]. In paper Paper IV, we employ source
triangulation (using 3 datasets), which in this particular case is more
relevant than significance testing given that the evaluated algorithms

(except for the ensemble learner) are deterministic.

3.8.2 Design science

With the exception of Paper IV, other artifacts have been designed and
evaluated within a single application domain (e-commerce in Paper
Il and speed dating in Paper V). Being at an early stage of its devel-
opment, the framework proposed in Paper |V currently has a limited
number of algorithms and evaluation protocols, and should be inter-

preted as a proof-of-concept prototype.

3.8.3 Surveys

There are two main threats to validity when it comes to surveys. The
first one has to do with the sample size. As mentioned earlier, the small
sample size in Paper | is attributed to the fact that companies are ex-
pectedly reluctant to reveal the details of their algorithms. However,
we have surpassed an acceptable minimum of 30 respondents recom-
mended for surveys with a very low response rate [211].

The second limitation has to do with the representativeness of a
sample. In Paper |, the sample is biased towards commercial plat-
forms, whose number is almost twice that of open-source platforms.

However, this distribution is simply a characteristic of the obtained re-
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sponses, and not of our sampling strategy. In Paper I, on the other
hand, we deliberately choose a sample that focuses on academic en-
vironments, and hence does not represent the entire population. This
is a typical example of convenience sampling that is often practised
in small-scale research [57] to obtain a sample in a fast and inexpen-
sive way. We deem this choice acceptable for our feasibility study. In a
full-fledged survey, however, a more representative sample would be
desired. We partially compensate for this weakness by using proba-

bilistic random sampling of target groups.

3.8.4 Case studies

A common criticism of case studies is that they typically do not gen-
eralize well [71]. The case study performed in Paper | focuses on “or-
dinary” small to medium size e-commerce platforms. Admittedly, the
findings of the study are not likely to generalize to bigger players on
the RS market (e.g. Amazon, Zalando, Criteo, etc.) who are very active
in the RS research arena.

The significance of the case study conducted in Paper V may be
impeded because of the small dataset size (4189 records). Although
we use a large number of training folds in cross-validation (20), the ac-
curacy of partner matchings remains low. This has not been an issue
in the particular case as the focus of the paper is on the preferential
fairness of recommendations rather than their accuracy. In practice,
however, a fair but inaccurate recommender system would be of little
use, and hence more training data would be normally required. Source
triangulation has not been possible either due to the unavailability of
suitable publicly accessible dating datasets. However, the theoretical
contributions of the paper are applicable to other scenarios substan-

tially beyond speed dating.

3.8.5 Literature review

In the literature study of Paper Il, we have tried to identify as many RS-
related ethical issues and incidents as was possible at the time of con-

ducting this research. Being the first of its kind and intended as a dis-
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cussion starter, this exploration is not to be taken as an exhaustive sur-
vey of all possible ethical considerations in RS. Besides, its main focus
has been on the user-centric perspective, with only minimal account of
multi-stakeholder recommendation ethics. See Milano et al. [190] for a
wider coverage of that latter perspective.

We are also aware of the pitfalls associated with using the afore-
mentioned “grey literature” sources. To mitigate the risk of running
into false facts and misconceptions, we evaluate the credibility of each
source by verifying the reputation of the respective author/resource

before adding it to our reference list.
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4 CONTRIBUTIONS

This section summarizes the contributions of the thesis. Each of the
five formulated research questions is accompanied with sub-questions
that focus on more specific aspects of the respective RQ. We now revisit
each of them and elaborate on the findings of the related papers in

response to these RQs.

4.1 Research question |

The first research question explores the gap between the research con-
tributions of the RecSys communtiy and the realities of commercial

recommender systems.

RQIl. How to assess the receptiveness of the e-commerce do-
main to the algorithmic innovations in the field of recommender
systems”?

This question is motivated and investigated in Paper |. As the first
step to answering the question, it is important to understand and em-
phasize the specificities of the e-commerce domain in comparison to
more “traditional” domains such as movies, for which many conven-
tional RS have been designed. A vastly influential work is the one of
Pradel et al. [230], who point out that “the abundance of academic pa-
pers on collaborative filtering should be contrasted with many critical
aspects of the design of commercial recommender systems which re-
main mostly undocumented”. In particular, it is noted that e-commerce
datasets are characterized by very sparse purchase events and the gen-
eral lack of ratings. Despite that many existing algorithms that were
designed for rating prediction may still work on positive-only sales
data after certain modifications, benchmarking their relative accuracy
and speed on sales data would improve the understanding of their ap-
plicability to commercial settings. Having two proprietary e-commerce

datasets at hand, we formulated the following sub-question:
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RQ I (a). Which recommendation algorithms perform well on
sales data?

We answer this question by running a simulation experiment in
MyMediaLite [86] - a well-known RS library. Specifically, we evalu-
ate representative techniques from three big algorithmic families - ma-
trix factorization, neighborhood models (kNN), and association rules
mining (ARM) - on two proprietary e-commerce datasets: fashion and
books. We note that the ARM algorithm was not originally part of the
library, and was implemented by us and contributed to MyMediaLite
after the publication of Paper |. The results show that XNN and ARM
are generally more accurate and faster when applied to sales data, as
compared to two state-of-the-art matrix factorization methods, namely
WRMF [113] and BPRMF [240]. Table 3 reports F'1@5 measurements
for different algorithms evaluated in random and chronological split

modes (see Paper | for more detailed results).

Table 3: F1@5 scores of different algorithms run on two e-commerce datasets
(Paper 1)

Collaborative filtering Baselines
Split Dataset | WRMF  BPRMF | kNN ARM | Popular  Random

Random  Fashion | 0.1013 0.0676 | 0.1078 0.1162 | 0.0458 0.0000
Chronol.  Fashion | 0.0188 0.0121 0.0229 0.0214 | 0.0113 0.0014
Random Books 0.1322 0.0148 0.1859 0.1813 | 0.0149 0.0001
Chronol. Books 0.0260 0.0130 | 0.0363 0.0377 | 0.0114 0.0000

Willing to investigate these somewhat surprising findings further,

we formulated our next sub-RQ:

RQI (b). Which recommendation algorithms are favored by in-
dustrial e-commerce platforms?

To answer the question, we perform a survey of existing commer-
cial recommender systems on three criteria: (1) algorithms, (2) input
data, and (3) properties. The results of the survey are summarized in

Figure 2.
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RECOMMENDATION TECHNIQUES

Best selling products 74%
Randomly selected produds 26%
Manually selected products 26%
Neighbourhood-based methods 35%
Matrix Factorization models il 10%
Association rules mining 32%
Clustering M 3%
Bayesian classifiers 0%
Support vector machines 0%
Dedsion trees 13%
Artificial neural networks 3%
Content-based recommendations HEM 10%
Hybrid methods 6%

DATA UTILIZED FOR RECOMMENDATIONS

Transactions 81%
Metadata 3004
Community information / Trust 6%
Demographics 10%
Time [l 3%
Domain knowledge IEEENEN 23%

PROPERTIES OF RECOMMENDATIONS

Personalized 71%
Adaptive 35%
Context-aware NN 35%
Immune to cold-start NN 32%

B Commercia platforms B Open-source platforms

Figure 2: Characteristics of industrial recommmendation engines (Paper I)

Triangulating the results of the survey with those of the experiment
gives us a strong evidence for the practical attractiveness of neighbor-
hood-based (kNN) and association rules mining algorithms for e-com-
merce data. In general, we observe that many platforms choose to dis-
play best sellers, manually selected products, and even random prod-

ucts as recommendations.

To summarize our findings in response to the main research ques-

tion (RQ I), we observe that industrial e-commerce platforms favor
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rather simple algorithmic approaches, such as best-seller recommen-
dations, kNN and association rules mining. This is reasonable in light
of our experimental results, where more complex SVD-based methods
do not seem to offer tangible advantages in accuracy and speed. Very
similar results were reported in other studies on e-commerce recom-
mendations [197, 230]. We also experiment with time-aware evalua-
tion of RS, in line with some previous works [40, 160]. Specifically,
we focus on the comparison between random and chronological splits,
and establishing an optimal timespan for RS training. The results of
the survey make it surprisingly evident that temporal information is
not utilized by the majority of participating platforms!2.

As a side contribution, we devise a hyperparameter optimization
technique based on golden section search as a faster alternative to the

exhaustive grid search.

4.2 Research question Il

The second RQ addresses the issues of ethics in RS, which emerge at

various stages of the recommendation process.

RQIl. What are the ethical challenges that impact the design
and use of recommender systems, and what are the possible
solutions?

Prior to our research, the holistic coverage of RS-related ethical is-
sues seems to have evaded the attention of the research community.
The extensive literature study we perform in Paper Il materializes in
the list of ethical concerns that are mapped to each RS development
stage. In a broad sense, ethical concerns are categorized into the ethics
of data manipulation (e.g. privacy, anonymity, censorship issues), mo-
deling (e.g. algorithmic biases, behavior manipulation, discrimination
issues), and experimentation (e.g. (un)awareness, (un)equal treatment,
informed consent issues). We also outline known solutions with re-

spect to each of these issues. Our findings are summarized in the user-

12This observation only reflects the state of industry in 2014
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centric ethical recommendation framework (Table 4), promoting the
paradigm of “ethics awareness by design”. The contribution of the

framework is two-fold:

e toserveasaroadmap for RS practitioners who implement (ethics-

aware) recommendation engines in real-world applications

e toraise the awareness around recommendation ethics in the Rec-

Sys community

Whereas it is arguably difficult and too early to speculate about
the fulfilment of the first objective, the second goal has already been
reached to a large extent through the works of Milano et al. [190, 191],
who extended our research further to multi-stakeholder environments.

Aside from the theoretical exploration of recommendation ethics,
we study the possibility of engaging the users themselves in address-
ing certain morally sensitive components of a recommender system.

This is formulated as a secondary research question:

RQIl (a). How to aid morality in recommender systems through
user engagement?

In response to this question, we propose a practical tool for RS users,
which would give them the ability to manually adjust various morally-
sensitive settings of a recommender system. We coin this feature an
“ethical toolbox”, where each filter corresponds to the specific stage of
the articulated framework. For example, the initial user profiling stage
allows users to restrict the creation and the maintenance of a user pro-
file, whereas the last testing stage allows them to opt out of A/B testing
experiments, and reset the recommendation engine to its “default” al-
gorithm. The feasibility study we conduct in the frame of this research
has a positive outcome, with 4 out of 5 proposed filters being preferred
over alternative methods for handling a particular moral issue. At-
tention should be paid to the possible “control paradox” - a situation
where users express their willingness to have control over their data,

but do not make the effort of exploiting this control in practice [145].
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Table 4: Ethical recommendation framework (Paper II)

Development  User profiling Data publishing Algorithm design User interface design Online experiments
stage (input stage) (optional sharing stage) (modeling stage) (presentation stage) (optional testing stage)
Ethical con-  Privacy breaches, lack of = Privacy / security /  Biases, discrimination,  Algorithmic opacity, con- Unequal treatment, side

cerns awareness / consent, fake  anonymity breaches behavior manipulation tent censorship effects, lack of trust /
profile injection awareness / consent
Knowncoun-  Informed consent, pri- Privacy preserving data  Algorithm audits, re-  Explanations, ethical rule  Informed consent, pos-
termeasures vacy preserving collab-  publishing verse engineering, set generation, content sibility to opt out and
orative filtering, user discrimination-aware analysis delete data
identity verification data mining
User- “Do not track activity”  “Do not share data" tool “Marketing bias" filter “Content censorship” filter ~ “Opt out of experiments”
adjustable tool tool
controls
(the toolbox) This setting restricts the cre-  This option allows local user  This filter is used to remove  This tool can be used to set  This option can be used to

ation and the maintenance of
a user profile. Types of data
can be manually defined and
browsed items can be man-
ually deleted (e.g. “manage
history” tool on Amazon)

profiling but restricts data
sharing with third parties
(even in the presence of
Types of
data or categories of allowed
recipients can be manually
defined

anonymization).

any business-driven bias in-
troduced by RS providers,
and sets the recommendation
engine to the “best match”
mode (or other user-selected
modes, such as “cheapest
first”)

user-defined exclusion crite-
ria for filtering out inappro-
priate items or categories. It
also contains the option to
turn the filter on and off
(also with the possibility of
scheduling)

reset the recommendation
engine to its default algo-
rithm, exclude the user from
any future experiments, en-
able the opt-in option, and
delete data from previous
experiments
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This motivates further research towards the prototype implementation
of the toolbox with subsequent user testing, which would allow us to

draw more reliable conclusions about its usefulness and applicability.

4.3 Research question lli

The insights gained from Paper | motivate the use of simple recom-
mendation components (e.g. best-seller lists, co-purchased items, etc.)
in an ensemble multi-arm bandit (MAB) algorithm. We are interested
in simple components that can provide item-to-item recommendations
on each new product page visit on an e-commerce site. The following

research question is formulated:

RQIll. How to build a session-based context-aware bandit en-
semble of elementary recommendation components with non-
stationary rewards?

The solution we propose in Paper lll models each recommendation
component as a bandit arm, with some pre-defined policy orchestrat-
ing the arm selection process by balancing between exploration and
exploitation. Two complications reflected in RQ III stem from the fact
that the classical MAB formulation is not context-aware and that in-
dividual predictors (a.k.a. “weak learners”) may have irregularities in
their reward sequences. Our main contribution is the development of
a bandit-driven ensemble based on Thompson Sampling, which has
been adapted to meet the above requirements. In particular, we intro-
duce the dynamic partitioning trick, which divides the output of each
component predictor into disjoint itemsets with a (relatively) fixed pro-
bability of reward. In addition, the arm selection process is modified
to introduce context-awareness by only disallowing use of components
with empty responses (sleeping bandits). The results of Table 5 show
how these modifications affect the accuracy of the proposed recom-
mender system. This is our main contribution to RQ III.

Lastly, we adjust Thompson Sampling for the top-N ranking prob-

lem by employing a multiple-play mechanism, which performs one
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Table 5: Standard vs. modified Thompson Sampling (paper i)

Agent Recall Precision NDCG
Books
Thompson Sampling (SB+DP)  0.0581 183.3%  0.0210 194.4%  0.0716 194.6%
Thompson Sampling (SB) 0.0562 177.3%  0.0202 187.0%  0.0660 179.3%
Thompson Sampling 0.0317 0.0108 0.0368
Fashion
Thompson Sampling (SB+DP)  0.1734 121.3%  0.0152 113.4%  0.0483 119.9%
Thompson Sampling (SB) 0.1760 123.2%  0.0142 16.0% 0.0427 16.0%
Thompson Sampling 0.1429 0.0134 0.0403
Yoochoose

Thompson Sampling (SB+DP)  0.2973 110.5%  0.0419 110.8%  0.1391 121.4%
Thompson Sampling (SB) 0.2984 110.9%  0.0409 18.2% 0.1273 111.1%
Thompson Sampling 0.2690 0.0378 0.1146

SB = Sleeping Bandit, DP = Dynamic Partitioning

arm pull for each recommendation slot in the list. With the above
adjustments, the articulated bandit ensemble for e-commerce recom-
mendations (BEER for short) can be driven by any off-the-shelf non-
contextual bandit policy designed for stationary environments.

Our choice of Thompson Sampling is motivated by its proven prac-
ticality in modeling complex online problems [91], and its strong the-
oretical guarantees [135]. Still, it is worth comparing Thompson Sam-
pling with other low-regret policies, primarily those based on Upper
Confidence Bounds (UCB) [14, 159]. This is formulated as a separate

sub-question:

RQ Ill (a). How does Thompson Sampling compare to other
bandit policies for orchestrating the ensemble?

In the comparative study we perform in Paper lll, Thompson Sam-
pling outperforms six other popular MAB policies (MOSS, e-greedy,
and 4 variants of UCB) on all three datasets. It appears that Bayesian
approaches in general are very effective in bandit problems with com-
plex actions, since UCB-Bayes [135] comes second in accuracy in our

experiments. We believe that these findings can be of interest to the re-
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search community, in particular as an additional evidence in support
of Bayesian-oriented approaches advocated in [91].

Because Bayesian methods rely on priors, it is worth exploring whe-
ther the convergence of the ensemble can be improved by assigning
more informative priors than the standard Beta(1, 1) prior of Thomp-

son Sampling. We formulate this as our second sub-question:

RQlll (b). How to prime the sampler with prior knowledge, and
what effect does it have?

We utilize two sources of information for priming Thompson Sam-
pler: (a) past user sessions, and (b) product catalog.

The first option allows us not only to obtain the initial beta pos-
teriors for each component of the ensemble, but also to pre-train be-
havioral components (e.g. co-purchased items, co-clicked items, etc.)
by running the sampler through recorded data. Our results show that
using pre-trained behavioral components in the sampler leads to a con-
sistent improvement in its accuracy.

We also demonstrate that it is possible to achieve an accuracy gain
even when no historical data are available. In this case, we can take
advantage of statistical properties of the product catalog to make in-
formed guesses about the priors of attribute-based components (e.g.
same author, same genre, etc.).

Our overall conclusion after experimenting with both approaches
is that Thompson Sampling does not seem to enjoy particular bene-
fits from pre-setting the Beta priors, meaning that it can handle cold-
start gracefully out of the box. At the same time, our results encour-
age pre-training behavioral components with past transactional data,
when such information is available.

Going beyond item-to-item recommendations, we formulate the fi-
nal sub-RQ:

RQ Il (c). How to personalize the ensemble with anonymous
users, and what effect does it have?
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We can achieve a weakly personalized behavior by modeling the
relationship between anonymous browsing sessions. Specifically, we
construct a kNN-based recommendation component with temporal de-
cay capabilities. As Table 6 shows, the addition of this component to

the ensemble leads to considerable accuracy gains.

Table 6: BEER(TS) with kNN personalization (paper Il

Agent Recall Precision NDCG
Books
BEER[TS] with kNN  0.0716 131.1%  0.0279 t30.4%  0.0966 164.0%
BEER[TS] 0.0546 0.0214 0.0589
Fashion
BEER[TS] with kENN  0.1773 11.0%  0.0168 18.4%  0.0553 19.5%
BEER[TS] 0.1756 0.0155 0.0505
Yoochoose

BEER[TS] with ENN  0.3099 13.9%  0.0445 15.0%  0.1521 16.9%
BEER][TS] 0.2983 0.0424 0.1423

To summarize the contributions to RQ III, we propose a bandit-
based ensemble RS for streaming session data, driven by Thompson
Sampling. The ensemble has a number of advantages for a prospec-

tive e-retailer:

o Scalability, because bandit arms are modeled as predictors (as op-
posed to single items), and hence scale well with the growing

product catalog.

o Extensibility, because it is easy to switch between bandit policies,

and add new component predictors on the fly.

o Adaptability, because the system dynamically reacts to non-respo-

nsive predictors and to the changes in reward probabilities.

o Explainability, because elementary predictors capture simple as-
sociations between items (e.g. co-purchases), and hence are easily

interpretable.
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4.4 Research question IV

Presently, there is a lack of evaluation tools and standards for stream-
and session-based recommendations, which impedes their replicabil-
ity and comparability [126]. To this end, we explore the possibility of
adapting the Scikit-Multiflow stream learning framework for the
session-based recommendation task. In particular, we focus on next-

item recommendations.

RQIV. How to adaptthe scikit-Multiflow streaming frame-
work for rapid prototyping of session-based recommender sys-
tems?

To begin with, we cast the next-item prediction problem as a su-
pervised online learning task. The goal is to predict the label y cor-
responding to the next item in a session, given the current context
(e.g. session id, timestamp, etc.) encoded in the feature vector X.
This enables us to use the prequential evaluation protocol provided by

Scikit-Multiflow, with the following additions/modifications:

o A mechanism for evaluating a list of predictions against the true

label, using recall and mean reciprocal rank metrics.

e Session support, which allows to separate the stream into (over-
lapping) user sessions.

o A sliding window of last & training instances, which can be used
by recommendation models to get access to past session data, and

to stay up-to-date by forgetting obsolete data.

e Support for different event types, which allows the evaluator to
use different behaviors for different events, e.g. training on all

types of events, but evaluating only on purchase events.

The above evaluation protocol allows to monitor the evolution of
one or several recommenders in real time, which makes it easy to di-
agnose potential problems with learning (e.g. under cold start or con-

cept drift), and also to better understand the specificities of a particular
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dataset (see Paper IV for some example visualizations). It also mea-
sures and reports training/testing runtimes for each algorithm. The
averages of each evaluation metric are reported both on the global scale
(i.e. for the entire simulation run), and within a sliding window of
user-adjustable size.

One of the main advantages of using Scikit-Multiflow is the
collection of stream learners that is provided by the library. Being de-
signed for “ordinary” streams, these learners are not directly applica-
ble to the recommendation problem. We therefore formulate the fol-

lowing sub-question:

RQ IV (a). How fo utilize the underlying stream learners for the
recommendation task?

One of the available stream learners is the Hoeffding Tree (HT), also
known as the Very Fast Decision Tree (VFDT) [65]. In Paper IV, we de-
velop a “wrapper” class for this algorithm, whose goal is to provide a
recommendation interface for the underlying learner by handling its
inputs and outputs. This wrapping procedure makes the learner suit-
able for online recommendation. The resulting HT wrapper algorithm
was compared to several baseline streaming recommenders (including
the BEER[TS] ensemble from Paper llIl), and was found to be consis-
tently superior to them on three different datasets (see Paper |V for
empirical results).

All the proposed modifications and algorithm implementations ha-
ve been packed into the streaming recommendation framework titled
FlowRec, which technically is an extension of Scikit-Multiflow.

The framework has been released as an open-source Python library'®.

4.5 Research question V

In continuation of exploring the ethical dimension of RS, we conduct
a case study of fair matchmaking in speed dating. This study was par-

tially inspired by the CoffeeMeetsBagel incident [210], when the part-

Bhttps://git.io/flowrec
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ner recommendations provided by the dating platform were perceived
by many users as racially biased. The following research question is

formulated:

RQ V. How to define and reason about the fairness of match-
making in the context of speed dating, with respect to the ex-
pressed preferences for sensitive attributes of users?

In response to RQ V, we derive a definition of preferential fairness,
and put it in the context of existing fairness formalizations in machine
learning. In particular, we show that preferential fairness is a special
case of calibrated fairness, where the user’s expressed preference for the
partner’s sensitive attribute and its distribution in the candidate pool
set the merit for choosing the right candidates for recommendation.
This merit can be expressed numerically as the optimal (in terms of
fairness) mean value of the sensitive attribute at a given size of the
recommendation list. This is the first step to quantifying preferential
fairness, which is the subject of the first sub-RQ:

RQV (a). How to measure preferential fairness?

The calculation of preferential fairness is based on the distance be-
tween the current mean and the optimal mean of a recommendation
list for user u. Let us denote this distance (a.k.a. offset) as ¢,,. Likewise,
let 6,5, and dpqz define the minimum and the maximum possible off-
sets from the optimal mean for the current size of the list. We can now

define the preferential fairness on a [0,1] scale as follows:

g 21— Su = dmin_ (16)

(Sma:v - 6min

Higher values of ¢,, suggest greater fairness, which can also be con-
veniently expressed as a percentage score. In principle, it can be useful
in any other domain where explicit user preferences form the basis for
establishing the fairness of recommendations. Refer to Paper V for a

more detailed derivation of ¢,.
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Apparently, the preferential fairness of recommendations may be

at odds with their accuracy. This is the subject of the second sub-RQ:

RQV (b). How to resolve the fairness-accuracy trade-off?

The idea is to re-rank the generated recommendation list in a post-
processing step such that the desired level of fairness is achieved with
minimal accuracy compromises. We propose formulating the fairness-
accuracy trade-off problem as a 0-1 Knapsack problem, which can be
solved with dynamic programming or other heuristics, such as Tabu
search. The former method guarantees an optimal solution in pseudo-
polynomial time for binary attributes. The latter method is based on
a hill climbing heuristic, which is designed to find a good approxima-
tion fast, and potentially scales better for larger candidate pools. We
demonstrate how to use both methods in the binary case of racially
biased predictions, as well as for the non-binary case of religiously bi-
ased predictions. The proposed approach allows a system provider to
set a tolerance threshold for how much accuracy can be sacrificed for
increased fairness, or vice versa.

Our experimental results show that the preferential fairness of off-
the-shelf matchmaking algorithms does not exceed 55% for race, and
59% for religion. After the re-ranking procedure, the largest accuracy
drop suffered due to enforcing 100% fairness is 4.4% for the binary
attribute (race), and 9.7% for the non-binary attribute (religion). The
proposed methodology is justifiable on the grounds of modest accu-
racy compromises, and of the legal and ethical ramifications of racially
and religiously biased predictions. It also has a theoretical value in
the proposed variants of the Knapsack problem and Tabu search. The
details are provided in Paper V.
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5 CONCLUSIONS

The present thesis touches upon some pragmatic aspects of recom-
mender systems related to their algorithmic and ethical dimensions.
This pragmatism is grounded in the increasing demand to understand
the applicability of existing recommendation algorithms and evalua-
tion protocols to the realities of the industrial sector, as well as the eth-
ical impact of this technology.

Our initial insight into industrial recommendation engines empha-
size the practical advantage and the wide spread of relatively simple al-
gorithmic approaches in real-world applications, despite the academic
focus on more elaborate matrix factorization-based models. This res-
onates well with the Netflix” business decision not to implement the
prize-winning algorithm due to unjustified engineering efforts [9]. Five
years later, when deep learning models are dominating the field of
RS, most of them can still be outperformed by substantially simpler
algorithms such as kNN [54]. This also holds for session-based recom-
mender systems [120, 173, 174], which have become increasingly rel-
evant in recent years for modeling short-term user interests in anony-
mous sessions.

Taking this as a starting point, we devise a bandit-based algorithm
for combining a set of simple recommenders in an ensemble learn-
ing scheme, which can generate session-based recommendations in
streaming mode [32]. Stream- and session-based RS have practical va-
lue because they reflect the sequential nature of user interactions on
a website and retain the actual behavioral structure of historical data.
The proposed ensemble has been designed for purchase prediction in
e-commerce, and has proven especially effective with Thompson Sam-
pling at its core. Our second algorithmic contribution is the Hoeffding
Tree-based recommender system for next-item prediction, which be-
longs to the class of (online) supervised learning models [218]. The
proposed method operates in an ensemble-like manner when mak-
ing predictions, and has shown consistent superior performance com-

pared to the considered baselines. Both recommenders are character-
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ized by their relative simplicity, interpretability, and adaptability to
evolving data streams from the initial state of cold-start. We provide
open-source implementations of these recommenders in the proposed
simulation framework that we coin FlowRec!'4. The framework has
been developed on top of Scikit-Multiflow — a machine learn-
ing library for streaming data. F1owRec’s mission is to provide a tool
for rapid prototyping of session-based recommendation algorithms in
streaming mode, by offering standardized evaluation protocols and
recommender implementations. The “rapidness” of prototyping is also
warranted by the immediate access to numerous stream learners read-
ily available via the Scikit-Multiflow’s code base, which can be
utilized for recommendation purposes with reasonably little effort, as
we demonstrate in [218].

The ethical side of recommender systems has been largely over-
looked by academic researchers because of the fact that RS prototypes
rarely leave the lab environment. In real-world applications, the moral
impact of recommendations deserves serious consideration, since they
directly influence users’ choices, and can be susceptible to social effects
such as bias reinforcement, discrimination, misinformation spread, fil-
ter bubbles, and so on. Our research is the first attempt to formally de-
fine the concept of recommendation ethics, and to systematize various
scarcely reported ethical issues and the respective countermeasures
into a coherent framework. This analysis has been done by following
the typical recommendation pipeline and identifying /exemplifying po-
tential ethical concerns that emerge at various RS development stages.
Addressing these concerns implies resolving many challenging trade-
offs, such as user privacy vs. personalization, data anonymization vs.
data utility, informed consent vs. experimentation bias, and algorith-
mic transparency vs. trade secrets. The results of this analysis can
serve as a roadmap for building recommender systems that are “ethics-
aware by design”. In addition, we have explored the idea of engaging
users in adjusting a recommender system according to their own moral

standards, which has been well received by the participants of the per-

14Note that the F1owRec’s implementation of BEER[TS] ensemble is slightly different
from the one described in the original paper [32]; see [218] for details.

70



formed feasibility study. However, the idea is to be taken as a half-
measure due to the extra burden that it puts on users. We therefore
advocate the emergence of recommender systems with autonomous
moral agency that is grounded in existing theories and notions of so-
cial justice and fairness. To this end, many fairness-aware algorithms
and metrics have recently appeared on the RS horizon [36, 168, 265, 310,
314, 327, 328]. We continue in this direction by focusing on fair match-
making in dating services [219]. We introduce the notion of preferential
fairness, which is achieved by mapping the user’s expressed preference
for a sensitive attribute to the distribution of that attribute in the can-
didate pool. We then propose two re-ranking methods for solving the
recommendation problem under fairness constraints. The proposed
methodology has been successful in minimizing the fairness-accuracy
trade-off in matchmaking with racial and religious bias.

The recent self-reflectory insights of the RecSys community [54]
show worrying signs of the “phantom progress”, where the primary
choice of values (e.g. the hunt for accuracy) and algorithms (e.g. deep
learning) appear to be misplaced and often distant from the real-world
application needs. This is in line with the tone of the present thesis,
which advocates academic research endeavors that are driven by the

practical and ethical appropriateness of recommendations.
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Paraschakis D., Nilsson B.J., and Holl&énder J.

“Comparative Evaluation of Top-N Recommenders in
E-commerce: an Industrial Perspective”

Abstract  We experiment on two real e-commerce datasets and survey
more than 30 popular e-commerce platforms to reveal what methods
work best for product recommendations in industrial settings. Despite
recent academic advances in the field, we observe that simple methods
such as best-seller lists dominate deployed recommendation engines
in e-commerce. We find our empirical findings to be well-aligned with
those of the survey, where in both cases simple personalized recom-
menders achieve higher ranking than more advanced techniques. We
also compare the traditional random evaluation protocol to our pro-
posed chronological sampling method, which can be used for determin-
ing the optimal time-span of the training history for optimizing the per-
formance of algorithms. This performance is also affected by a proper
hyperparameter tuning, for which we propose golden section search as a

fast alternative to other optimization techniques.

Publishedin Proceedings of the 14th International Conference on Ma-
chine Learning and Applications ICMLA), IEEE, 2015
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Paper I: Comparative Evaluation of Top-N Recommenders in E-commerce: an
Industrial Perspective

6.1 Introduction

An intelligent recommender system (RS) is a powerful selling tool of
any contemporary e-commerce platform. According to Forrester!®, pro-
duct recommendations account for up to 30% of e-commerce sites’ rev-
enues. That was already apparent in 2006, when Amazon'® claimed
that 35% of its sales were triggered by recommendations [179]. The
same year, Netflix}” announced its famous million-dollar prize for im-
proving its recommendation engine. This contest has spurred active
research within the field, yielding a variety of recommendation al-
gorithms over the past decade. Interestingly, the prize-winning algo-
rithm was never put to real use: Netflix concluded that the measured
accuracy gains “did not seem to justify the engineering effort needed
to bring them into a production environment” [9]. This fact motivated
us to explore how receptive e-commerce platforms are to academic ad-
vances in the field of recommender systems. The connection between
research contributions and industrial solutions has rarely been in focus
of RS literature. As Pradel et al. [230] noted, “case-studies are neces-
sary to better understand the specificities of purchase datasets and the
factors that impact recommender systems for retailers”. Our work is
such a case study.

Originating from the Netflix problem, the vast majority of proposed
recommenders have been designed for rating prediction. In e-com-
merce, however, rating products is not commonly practised even when
this functionality is supported by a shopping platform. The problem
thus boils down to predicting a purchase rather than a rating score.
Purchase prediction based solely on transactional history is the com-
mon approach known as collaborative filtering (CF). In the absence of
explicit ratings, transactional datasets become binary and are referred
to as implicit feedback datasets. When it comes to missing data, implicit
feedback is ambiguous: if a customer has never bought a particular
product, it is not always a sign of negative preference (e.g. the prod-
uct might be out of stock). That is why algorithms designed for implicit

5http://www.forrester.com
http://www.amazon.com
Vhttp://www.netflix.com
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feedback often model heuristics of relationships between observed and
unobserved events in a dataset, as we shall see in Section 6.9.1. This di-
rection is less researched than movie ratings, partly due to the lack of
publicly available e-commerce datasets. In our experience, retailers are
reluctant to release their sensitive purchase data. Another factor that
differentiates these datasets from movie ratings is the extreme sparsity
of data: a typical retail store only sells a fraction of its product catalog.

Evaluation of recommender systems in industrial context deserves
special attention. Whereas the main academic interest appears to be
the accuracy of predictions, industrial recommenders are meant to be
optimized for revenues. As Aiolli [5] pointed out, the choice of an accu-
rate predictor is not all that is required to build a good recommender.
Other evaluation criteria that play an important role in e-commerce
are coverage of product catalog, utility and serendipity of recommen-
dations, adaptivity and scalability of an algorithm, etc. [95]. Since our
work aims at a comparison between algorithms and not a rigorous test-
ing of a particular recommender, we only consider accuracy and speed
as our evaluation criteria. The most reliable way of testing a deployed
RS is to perform an online evaluation (e.g. A/B testing), which may
however be too costly, time-consuming and therefore often infeasible
in practice. That is why customer behaviour is usually simulated of-
fline from the recorded purchase data. The choice of a proper user
modeling strategy is a crucial factor, which must provide a realistic es-
timate of the real performance of an algorithm. Numerous approaches
for such modeling have been discussed in [95]. In this paper we pro-

pose one such technique for offline evaluation.
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The contributions of this work are the following:

1. We conduct a survey of deployed recommendation engines in
the e-commerce domain. This is done to measure the extent to
which recent academic achievements in the field of recommender
systems are adopted by real-world applications. To the best of
our knowledge, this is the first study of this kind.

2. We find that the performance of simpler but faster algorithms
such as association rules can often be superior to more elaborate
techniques such as matrix factorization (MF). This confirms the
results of other recent works on purchase data, such as [230].

3. Our experiments show that training on all available data is in-
ferior to training on recent purchases for most algorithms. To
optimize recommendation accuracy, we propose the expanding
time window evaluation method for finding the optimal training
time-span.

4. We adapt the Golden Section Search (GSS) algorithm for multi-

dimensional hyperparameter optimization.

The paper is organized as follows. Section 6.3 presents our method-
ology, where we describe our datasets, evaluation protocol and met-
rics. We then present the GSS algorithm and the survey. In Section 6.9,
we give a brief presentation of the recommendation techniques used
in our study. In Section 6.10, we present and analyze our experimental

results and survey responses. Finally, Section 6.11 concludes the paper.

6.2 Related work

A few case studies, closely related to ours, performed comparative eval-
uations of different families of recommendation algorithms on pur-
chase datasets. A study by Huang et al. [115] points to the need for
better understanding of relative strengths and weaknesses of different
types of algorithms in e-commerce applications. Thus, they performed
a comparison of six different algorithms and found that spreading acti-
vation and link analysis produced the best results. Just as in our study,

they experimented on a fashion and a book store. A more recent case
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study by Pradel et al. [230] experimentally evaluated various CF algo-
rithms on a dataset of a French home improvement and building sup-
plies chain. The simple bigram rules recommender was found to yield
the best overall accuracy. One important conclusion of this work is that
the relative performances of algorithms depend on the setting to which
they are applied.

In relation to this, both studies evaluate recommenders in two set-
tings: complete and reduced transaction history. In [115], the reduced
training set contains a fraction of randomly sampled events, whereas
in [230] it contains the event history of the last two weeks of the training
data. In our paper, we adopt a more flexible setting where we evaluate

algorithms in various history lengths (see Section 6.5).

6.3 Methodology

In our study we conduct offline experiments on two real e-commerce
datasets: a fashion store (denoted as D1) and a book store (denoted as
D2). All experimentation is done on an Intel Xeon 2.53 Ghz PC with
12 Gb RAM. Our offline experiments aim to compare the performance
of algorithms from the three families: MF-based CF, memory-based
CF, and data mining (detailed in section 6.9). Two methods that rec-
ommend most popular and random products are used as baselines.
The representative algorithms from each of the aforementioned fam-
ilies were selected from the MyMediaLite library'® [86] to aid repro-
ducibility. Semantic- and context-aware methods have not been con-
sidered due to the nature of the input data, which consists solely of pur-
chase events. All techniques are evaluated for their predictive power
and speed. Our experiments are complemented with an online sur-
vey, which assesses recommendation engines of existing e-commerce

platforms. Survey responses are analyzed in Section 6.10.3.

6.4 Datasets

The summary of the two datasets is given in Table 7.

Byith the exception of the ARM recommender and the LLR-based similarity, which

were implemented separately
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Table 7: Summary for datasets D1 and D2

D1 D2

Domain Fashion Books
Timespan 9 months 26 days 3 months 10 days

Customers 26,091 505,136
Products 4706 210,455
Events 78,449 1,623,576
Sparsity 99.936% 99.998%
2014
\ 13/02/2014
%
Dec. Jan. Feb.

Nov. Mar.
25/10/2013 —
Oct. SPRING | Apr.  — 18/04/2013

Sep. May
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D1

|
15/07/2013

Figure 3: Timespan of datasets

Both datasets are of implicit feedback and contain a history of pur-
chases over a period of time. Each dataset is represented as a binary
purchase matrix Plm>nl whose entry P,; € {0,1} indicates whether
customer u € U™ bought product i € II" at least once. The two
datasets differ in size, sparsity, type of merchandise, and timespan (the
timespan is illustrated in Figure 3).

The distribution of purchases per customer is given in Figure 4,
which depicts the characteristic sparsity of purchase data. For our ex-
periments, we pre-filtered the datasets to contain customers with at
least 2 purchases, which is the bare minimum that enables customer
profile splitting (see section 6.5), while maintaining high sparsity lev-

els.
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Figure 4: Distribution of purchases per customers

6.5 Experimental protocol

The common strategy for offline experiments is to split the dataset into
training and test sets, where the latter simulates future purchases and
contains a fraction of events withheld from the original dataset. The
remaining events are kept in the training set, which is fed to a recom-
mendation engine that outputs a ranked list of unobserved products
based on some underlying algorithm. The top-N products are then
taken from the list as final recommendations. The choice of the split
ratio between training and test sets is arbitrary and usually ranges from
80/20 to 50/50 percent.

In our experiments, we follow two splitting strategies:

1. Traditional approach (non-chronological split). As it is often
practiced in RS literature [139, 240, 249, 255], we start by discarding
“cold-start” customers with profiles below a constant threshold. In our
case, we only keep those with at least 10 purchases. We then divide
all customers into 5 folds for cross-validation. In each test fold, we
randomly withhold half of events!? from customer profiles to build the
test set. The other half of events together with the remaining folds is
used for training the models.

2. Proposed approach (chronological split). The availability of
timestamps allows us to attempt a more realistic setup, where we train

on past events to predict future events. Furthermore, we deliberately

19if the number of events is odd, the training set will be larger than the test set by 1

event

79



Paper I: Comparative Evaluation of Top-N Recommenders in E-commerce: an
Industrial Perspective

——tt—t
1
past customers —>|_|_|“

i ] zactwe customers

_________________

"""Eﬁ..lture customers

t

0 R
split point
1= events (present time)

Figure 5: Representation of a temporal dataset. Horizontal lines represent cus-
tomer profiles on a timeline, where purchases are marked with blue bars.

keep all customers in place from the initial pre-filtering step, when only
those with at least 2 purchases were kept. This is the shortest user pro-
file length that can be divided in two parts (training and testing). This
choice was motivated by our intention to simulate a real cold-start en-

vironment. A temporal dataset is illustrated in Figure 5.

In this setting, we set a split point on the dataset’s timeline (in-
dicated with the red vertical line), which acts as our “present”. Past
events located to the left of the split point are used for training, whereas
future events located on the right side are used for testing. Customers
whose entire profiles lie in the “future” are discarded, whereas “past
customers” only appear in the training set. Keeping the split point (and
hence the test set) fixed, we train the models using the expanding time
window, starting from the most recent history and then going back in
time at a fixed rate up to full history. This approach allows us to deter-

mine an optimal training interval from our measurements.

In both cases, the task is to recommend products matching those of
the test set. The motive for attempting both approaches was to deter-
mine whether the widely used random, non-chronological splits can
reliably reproduce the same ranking of algorithms as the more realis-

tic temporal, cold-start splits.
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6.6 Evaluation metrics

Top-N recommendation lists are typically evaluated in terms of their
precision and recall. Precision measures the percentage of recommen-

ded products that are relevant,?

whereas recall measures the percent-
age of relevant products that are recommended.
Given a fixed size IV of recommendation list, we calculate the harmonic

mean of precision and recall, known as F'1-score:
1 lzw: 2 - precision, QN - recall, QN

F1QN = —
U £= precision, QN + recall,QN

17)

where U is the set of “active customers” (see Figure 5).

In our experiments we choose N = 5. Notably, evaluation at fixed
N suffers from bias introduced by unevenly distributed number of
events in the test set across customers. When this number is larger
than N, even a perfect recommender would never reach the maximum
accuracy score. Therefore, metrics with fixed N do not average well
and can only be used to estimate the relative performance between al-
gorithms. To tackle this problem, we also measure precision at the level

of recall, known as R-precision:

[u

] Z precision, Q|T,| (18)
u=1

R-precision =

where T, is the test set of customer u.

Thus, R-precision adjusts for the size of the customer u’s test set
and hence ensures that evaluation has an attainable maximum value
[249]. Thus, the aforementioned bias is eliminated and averaging across
customers makes more sense [177]. As opposed to F'1-score, R-preci-
sion allows to estimate the absolute quality of a recommendation al-
gorithm [249].

The disadvantage of the above evaluation metrics is that they do not
capture the utility of recommendations, making them all look equally

Dpeing relevant means being a member of the test set
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interesting to the customer. However, usability studies show that cus-
tomers are used to scan recommendation lists from top to bottom, of-
ten observing only a few products on the top of the list [95]. Therefore,
we use a special ranking measure to account for a positional discount

down the list, known as Mean Average Precision (MAP):

[u |7

1 1
MAP = m Z m Zprecisionu@k (19)
u=1 """l g=1

where precision, @k = 0 if product_at_position_k & T,

Thus, MAP is the arithmetic mean of precision values across recall
levels, averaged over all customers. MAP is a very popular metric in
information retrieval and is favored for its discrimination and stability
[177].

The above evaluation metrics are measured within the range [0,1],

where higher values are better.

6.7 Hyperparameter optimization via Golden Section Search

Most recommendation algorithms are affected by their hyperparame-
ters that need to be properly “tuned” when applied to a new dataset.
This is a problem of optimizing a cost function over a (multi-dimensio-
nal) configuration space. Evaluating a cost function is often computa-
tionally expensive, rendering common approaches such as manual and
grid search inefficient. We address this issue by adapting a Golden Sec-
tion Search (GSS) to our multi-dimensional hyperparameter optimiza-
tion, under the assumption of unimodality of the objective function.
In one dimension, the problem can be formulated as finding a point x
in the configuration space [a, b] such that the objective function f(x) is
maximized:

¥ = arg maxf(x) (20)

a<e<h
The GSS algorithm finds 2* through iterative shrinkage of the config-
uration space by sampling points between a and b using the inverse
golden ratio ¢ ~ 0.618, until the resulting interval becomes smaller

than the pre-set tolerance e:
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Algorithm 2 Golden Section Search

Input: List P(parami{(ai,bi,e1),...,paramp{an,, by, €,))
Output: Optimal values =7, ..., z}, of parameters in P
1: function Murti-GSS(P)

2 while |P| > 0 do > unoptimized parameters exist
3 fori < 1,|?| do

4 x1 < by — (b; — a;)

5: X9+ a; + (b — a;)

6 if f(z1) < f(x2) then > 2 must be in [x1, D]
7 a; < T

8 else > zf must be in [a, 5]
9 b; < x9

10: if b, — a; < ¢; then > param; is optimized
11: xf (b —a;)/2

12: remove param; from P

13: return z;

Given a set P of hyperparameters, the algorithm iterates over them
and the function f(x) evaluates a recommender in the current hyper-
parameter setting. Based on the given values of a, b, and ¢ of each hy-
perparameter, the required number of iterations can be pre-computed

as follows:
Z log 5=
Hiter =¥ 1)
log ¢

This allows for adjusting the value of € prior to running GSS in ac-
cordance with the available computational resources. GSS has fast con-
vergence because it never samples past a suboptimal point, but does
not guarantee finding a global maximum when the objective function
is multimodal. This leads to situations when the last iteration does not
necessarily produce the highest function value. To tackle this problem,
we save the values of hyperparameters every time when the evaluated
function peaks at its current best value.

For tuning hyperparameters in our chronological setup, we used
validation sets dating from 17/07/2013 to 31/07 /2013 for D1 and from
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29/07/2013 to 05/08/2013 for D2. We trained all algorithms on events
prior to the validation events of each dataset. For the non-chronological
case we validated algorithms on customers with 9 events, where ran-
dom 65%-35% user profile splitting was done. This ensures that our
validation sets are always disjoint from the test sets, where only cus-

tomers with at least 10 events are considered.

6.8 Survey of deployed recommender systems

The survey was aimed at commercial and open-source e-commerce
software vendors, who were asked to describe their recommendation
engines as accurately as possible. This was done via an anonymous on-
line questionnaire, which assessed the deployed RS on three criteria: a)
properties of recommendations, b) data utilized for recommendations,
and c) recommendation techniques. The selection of these techniques
is based on the classification by Amatriain et al. [10], with the addi-
tion of extra (non-personalised) techniques, such as random, manual,
or best selling product recommendations. Each question had a set of
pre-defined answers with a possibility to select multiple options and
provide a free-form answer if so desired. The questionnaire is available

online at http://goo.gl/forms/zFEfLL1FHO.

6.9 Recommendation algorithms

In this section we give a brief theoretical foundation for various algo-

rithms that were used in our experiment.

6.9.1 MF-based methods

MF-based models decompose the original purchase matrix P into lo-
wer-rank factor matrices W € RI™*4 and H € RI4*"(d < min(m,n)),
which capture latent relationships between customers and products.
The interest of customer u in product i is estimated by the dot product
of the corresponding factor vectors P,; = W,,. H}. The major challenge
is to compute the mapping of customers and products to a joint latent

factor space.
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Most prevalent factorizations encountered in RS literature are based
on singular value decomposition (SVD), where the mapping is per-
formed iteratively either through the alternating least squares (ALS)
or the stochastic gradient descent (SGD) optimization process. In our
study, we examine several SVD-based algorithms which have been spe-

cifically designed for implicit feedback datasets.

WRMF The Weighted Regularized Matrix Factorization model [113,
215] is a state-of-the-art algorithm based on SVD, which is formulated
as a least squares problem with two core components: a regulariza-
tion term to prevent overfitting, and a confidence value associated with
each event. The intuition behind this measure is that the confidence
of observed events being positive is higher than the confidence of un-
observed events being negative. One way to enforce this is to assign
higher weights to positive entries in P, although other weighting sche-
mes have also been discussed by Pan et al. [215]. The WRMF optimiza-

tion criterion is given as:

miny_ Cui(Pui = WuHE)? + MWl lF + | Hil 7)) (22)

where C; is a confidence of event P,;, A is a regularization parameter,

and || - ||z is a Frobenius norm of a matrix.

The factor matrices are first initialized with normally distributed
random numbers. The optimization process then alternates between
updating W and H as follows: [215]:

Wy i= Pp.Co. HHTCy. H + N) 71 (23)

H;. .= PfCc,wWwTC,Ww 4+ \I)~! (24)

The advantage of ALS is that it can be easily parallelized and its run-
ning time is linear in the size of the input [113].

BPRMF The BPRMF [240] model is formulated as a ranking problem
and is based on Bayesian Personalized Ranking optimization criterion
(BPR-OPT). Unlike WRMF which scores single products in P, BPRMF
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optimizes for correct ranking of product pairs for each customer, i.e.
the triple (u, 4, j). The basic idea of BPR is that if customer u consumed
product ¢ but did not consume product j, then P,; < P,; ranking-wise.

The generic BPR-OPT criterion is given as [240]:

BPR-OPT = " Ino(iui;) — Aol[0]] (25)
iy
where o(z) is a logistic sigmoid 1/(14+e~7), &,;; is an arbitrary function
that specifies the relationships in (u, 4, j), 6 is a parameter vector of an
arbitrary model, and )y is a model-specific regularization parameter.
In BPRME, the estimation of Z,;; is performed through matrix fac-
torization. But since the MF model can only predict single events, the
estimator is decomposed into single prediction tasks: &,; — ;. The
optimization is performed through SGD with bootstrap sampling of
training triples using the following update rule [240]:
e~%uii 9

f:=0+ a(l + e~ %uij %imj

+ Aof) (26)

where « is the learning rate.

6.9.2 Data mining (association rules)

Association rules mining (ARM) has been a popular instrument for
market basket analysis (e.g. in supermarkets), where associations be-
tween products are established from customer purchase patterns. This
technique is therefore a natural choice for recommender systems and
has demonstrated good performance on real-world e-commerce data-
sets, as shown by Pradel et al. [230]. In its simplest form, an association
rule 7 = j implies that whenever a customer buys product ¢, he or she
is likely to buy product j. The strength of a rule is measured on the

basis of its confidence and support, which are calculated as follows:

PR,  prp,
con(i=j) = TP] sup(i = j) = 2 ;3 :
uelU uelU iel

In other words, confidence is the probability of buying product j given
that product i was bought, while support is the fraction of events where

products 7 and j were bought together.
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The training phase involves computation of all the available rules,
whose confidence values are stored in a sparse matrix of size n x n.
To produce recommendations for customer w, a set of supported rules
is first identified from a customer profile. Then, unobserved products
are typically ranked by either the maximum confidence [230, 255] or
the sum of confidences [139] of corresponding rules. In our case, the
linear combination of confidence and support was found to yield better

results:
[1u]

rank(j) = Zcon(i = j) - sup(i = j) (27)

where I, is the profile of customer u (e.g. the set of observed products),

and j is a candidate product for recommendation.

6.9.3 Memory-based CF (K-nearest neighbors)

Memory-based CF relies on the notion of similarity between customers
or products. Thus, the key training step is the formation of a neigh-
borhood, which becomes a source of recommendations. For a given
customer, recommendations can be computed either from the neigh-
borhood of similar customers (user-based kKNN), or from the neigh-
borhood of products similar to those he or she has bought (item-based
ENN). Although the latter approach has been favored in RS literature,
we found user-based kNN to be more effective on both our datasets, in
line with the results of [5, 300].

The performance of a kNN recommender is much dependent on
the similarity measure used to calculate the neighborhood. Cosine and
Jaccard similarity are commonly used for this task. In our tests, the
Log-Likelihood ratio proposed by Dunning [66] and adapted for CF
by Owen et al. [214] produced superior results. In short, this metric
estimates the probability that the overlap of events in customer profiles
is not due to chance [214]. Let I,, and I, denote two customer profiles.
The Log-Likelihood ratio (LLR) is then defined as:

LLR = f(IuaIU) : (H[Iualv] _H[Iu] _H[Iv]) (28)

where f(I,,1I,) is a count-dependent scaling factor, H[I,, I,,], HI[I,]
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and H|[I,] are the entropy of the joint and the marginal probabilities,
respectively (refer to [66, 67] for details).

During training, an LLR-based neighborhood is calculated for each
customer. The testing phase ranks unobserved products based on the
accumulated LLR scores of each neighbor who consumed the products

in question.

6.10 Results

In this section, we present the results from our experiments on datasets
D1 and D2. All algorithms were tuned using GSS and then evaluated
on the three metrics described in Section 6.6. After reporting the exper-

imental results, we also present a summary of the survey responses.

6.10.1 Experiment 1. Non-chronological split

We first present the results from the “traditional” approach, where we

have:

o test customers with at least 10 purchases
¢ random sampling of events (50/50 profile splitting)

o 5-fold cross-validation

The performance of algorithms in this setup is given in Tables 8
and 9. It can be seen that UserkNN and ARM outperform MF-based
methods on all metrics, which is especially prominent in case of D2,
where BPRMF has performance comparable to that of the most popular
books recommender. This finding conforms to those reported in [5,
230].

The presented runtimes of algorithms were calculated as the sum of
training and testing time. In Tables 10 and 11 the average running times
(across training sets) are reported. The results are given in the format
hh:mm:ss. Aside from the implementation details, the running time
of algorithms depends on their hyperparameter values, such as K for
UserkNN or iterations / factors for MF-based methods. We can see that
WRMEF is consistently slower than other methods, despite having been

trained with fewer iterations than BPRMF in all cases. We attribute
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it to the fact that ALS involves a least squares solution, which is more
expensive than an SGD iteration. The noticeable boost in WRMF speed
in Table 11 is merely because the algorithm was trained with fewer

factors than in random mode (determined by the GSS).

Table 8: Scores for the random split on D1

Recommender ~ MAP  F1@5  R-prec  Running Time

WRMF 0.0927 0.1013 0.1036 00:05:21
BPRMF 0.0650 0.0676 0.0698 00:00:32

UserkNN 0.1000 0.1078 0.1073 00:00:05
ARM 0.1100 0.1162 0.1155 00:00:01

Most Popular  0.0523 0.0458 0.0468 00:00:00
Random 0.0028 0.0000 0.0010 00:00:00

Table 9: Scores for the random split on D2

Recommender ~ MAP  F1@5  R-prec  Running Time

WRMF 0.1293 0.1322 0.1363 07:10:10
BPRMF 0.0188 0.0148 0.0187 00:12:46

UserkNN 0.1796 0.1859 0.1854 00:56:21
ARM 0.1774 0.1813 0.1825 00:16:24

Most Popular 0.0139 0.0149 0.0156 00:07:02
Random 0.0002 0.0001 0.0001 00:09:09

6.10.2 Experiment 2. Chronological split

The second experiment was conducted maintaining the cold-start issue
in the data and splitting the datasets chronologically using the expand-
ing time window approach described in Section 6.5. The set partition-
ing was performed on a monthly basis for D1 and on a bi-weekly basis
for D2. The test set contained the last month of data for D1 and the last

2 weeks of data for D2. The training sets were of increasing length from
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1 to 9 months for D1 and from 2 to 12 weeks for D2. The different par-
titioning scales were chosen because of considerably shorter timespan
of D2 (even though it contained much more events). Figures 6 and 7
show the performance of algorithms for varied history lengths. Purple

dots indicate peaks in performance.
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Figure 6: Chronological split of D1 with 9 training sets
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From observing the performance peaks in Figure 6, it becomes clear

that the optimal training history for D1 lies within the 3 recent months,

which appears logical for a fashion store. A similar trend of favoring

recent events is observed in Figure 7, with the exception of UserkNN,

whose performance increases proportionally with the size of the his-

tory. It can also be seen that best-seller recommendations are generally

most effective when recommending the most recently sold merchan-

dize. These observations suggest the adoption of time-aware recom-

menders in e-commerce, which have shown improved quality of pre-

dictions in the movie ratings domain [154].

Table 10: Average scores for the chronological split on D1

Recommender ~ MAP  F1@5  R-prec  Running Time
WRMF 0.0244 0.0188 0.0147 00:05:27
BPRMF 0.0214 0.0121 0.0095 00:00:06

UserkNN 0.0312  0.0229 0.0222 00:00:06
ARM 0.0334 0.0214 0.0225 00:00:01
Most Popular 0.0206 0.0113  0.0080 00:00:00
Random 0.0037 0.0014 0.0009 00:00:00

Table 11: Average scores for the chronological split on D2

Recommender ~ MAP  F1@5  R-prec  Running Time
WRMF 0.0351 0.0260 0.0224 02:27:10
BPRMF 0.0160 0.0130 0.0114 00:18:37

UserkNN 0.0469 0.0363 0.0352 00:50:14
ARM 0.0488 0.0377 0.0346 00:20:35

Most Popular  0.0150 0.0114 0.0094 00:10:24

Random 0.0001  0.0000 0.0000 00:14:42
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Tables 10 and 11 show the performance of algorithms after aver-
aging their accuracy scores over all training sets. The results indicate
that in general, time-based splits preserve the same ranking we ob-
served in random splits, although with less significant difference in
performance scores. The low measurement values is the consequence
of cold-start conditions: predicting purchases for customers with short
profiles is difficult (but realistic). However, this is not the only reason.
We extended our experiment 2 by keeping test customers with at least
10 purchases. We then performed a chronological split followed by a
50/50 random split (as in experiment 1). The effect we observed af-
ter evaluating algorithms in these two protocols was quite remarkable:
randomizing events in customer profiles boosted the performance of
some algorithms by more than 300% (e.g. for WRMF). This observa-
tion tells that preserving the sequence of events during evaluation is
crucial and that traditional random splits may produce too optimistic

estimates of a recommender’s accuracy.

6.10.3 Survey responses

31 responses were obtained in total from 20 commercial and 11 open
source e-commerce platforms®!. The responses to each of the 3 ques-
tions are summarized in Figure 8. Below we discuss some of the inter-
esting findings.

Transactional data is used by more than 80% of respondents, which
points to the clear dominance of CF over the content-based approach.
At the same time, timestamps of events are neglected by most compa-
nies, which seems unreasonable in the light of our experimental find-
ings. Other contextual sources of data have also shown low usage, even
though more than a third of recommendation engines have been re-
ported to be context-aware. This must be due to the comparatively
higher percentage of ad-hoc recommenders based on domain knowl-

edge.

21 Among participants who chose not to stay anonymous were VP-Cart, Ecwid, Web-
Jaguar, YesCart, NitroSell, S3Cart, Graphflow, NationKart, Whirlwind eCommerce, and

PinnacleCart
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RECOMMENDATION TECHNIQUES

Best selling products 74%
Randomly selected produds 26%o
Manually selected products 26%
MNeighbourhood-based methods 35%
Matrix Factorization models [EHE 10%
Association rules mining 32%
Clustering 3%
Bayesian classifiers 0%
Support vector machines 0%o
Dedsion trees 13%
Artificial neural networks 3%
Content-based recommendations HEM 10%
Hybrid methods 6%

DATA UTILIZED FOR RECOMMENDATIONS

Transactions 81%
Metadata 39%
Community information / Trust 6%
Demographics 10%
Time W 3%
Domain knowledge 23%

PROPERTIES OF RECOMMENDATIONS

Personalized 71%
Adaptive 35%
Context-aware 3500
Immune to cold-start NI 3200

m Commerciadl platforms W Open-source platforms

Figure 8: Survey responses

It seems that commercial platforms tend to put much more effort
in personalization than their open-source competitors. We observe
that neighborhood-based filtering and association rules mining are the
most popular personalized recommenders, which totally conforms to
our experimental results.

Recommending best selling products is the preferred approach for
most platforms. Indeed, our experiments show that outperforming

best-seller lists can be challenging even to personalized recommenders.
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Furthermore, trivial methods of recommending random or manually
selected products are more widespread than state-of-the-art methods,
such as MF.

It appears that some platforms can be opposed to RS as such. One
of the respondents argued that “if a shopper goes to all the trouble to
choose the right product, it is almost insulting to link them to a page
that says ‘if you don’t like this, then here are some recommendations.’
Adding recommendations to a page that is the end result of a buying

decision is a distraction and is likely to lower the rate of conversion”.

6.11 Conclusions

Recommender systems is an important area of academic research and
a vital revenue-generating tool in e-commerce. In this paper, we raised
the question of the adoption of techniques in industry and the effec-
tiveness of recent machine learning models for typical e-commerce set-
tings, where explicit ratings are inexistent and implicit information is
sparse.

We have shown that deployed e-commerce platforms take rather
simplistic approach to product recommendations, with best-seller lists
being at the heart of their engines. When it comes to personalized rec-
ommendations, the incline toward “good old methods” is not as sur-
prising as it seems: our experiments confirm the superior performance
of kNN collaborative filtering and association rules mining to more
advanced MF-based methods when applied on binary purchase data.
Similar findings have been reported in [230].

Whereas in academic context researchers tend to prioritize accu-
racy over speed (according to [20], only 11% of RS research papers re-
port runtimes), in industrial settings where real-time interaction with
the system is employed, the time factor is undoubtedly vital. This
might be another reason in favor of simpler techniques. We show that
time is also important in terms of the recency and the sequence of
events. Depending on the type of merchandize, e-commerce datasets
exhibit varied effects of seasonality. Thus, our experiments indicate

that training on all available history is in most cases not optimal. We
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present a time-based splitting strategy that helps to establish the opti-
mal timespan of a training set. This optimization can lead to improved
recommendation accuracy and runtime efficiency. We also show that
traditional random sampling, which often implies training on future
events to predict past events, is prone to producing too optimistic per-
formance estimates due to capturing erroneous shopping patterns.
Finally, we propose fast Golden Section Search for automatic tuning

of algorithms with multiple hyperparameters.
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“Towards an Ethical Recommendation Framework”

Abstract The goal of our study is to provide a holistic view on various
ethical challenges that complicate the design of recommender systems
(RS). The articulated ethical recommendation framework maps RS de-
sign stages to the corresponding ethical concerns, and further down
to known solutions and the proposed user-adjustable controls. The
need for such a framework is dictated by the apparent lack of research
in this particular direction and the severity of consequences stemming
from the neglect of the code of ethics in recommendations. This frame-
work aims to aid RS practitioners in staying ethically alert while tak-
ing morally charged design decisions. At the same time, it would give
users the desired control over the sensitive moral aspects of recom-
mendations via the proposed “ethical toolbox". The idea is embraced

by the participants of our feasibility study.
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7.1 Introduction

In the era of Big Data, when the vast information overload makes it
challenging for consumers to locate the products or services they need,
recommender systems (RS) offer a helping hand in filtering the data. The
notion of recommendations is built on real-life experiences and therefore
perceived by humans as something inherently positive. User studies
indeed show that the mere fact of labelling items as “recommenda-
tions" increases their chances of being consumed [51, 145]. Whenever
this fact is exploited for reasons beyond serving user needs, an eth-
ical problem arises. Formally, ethics can be defined as “the study of
morality" [283], where morality in turn can be defined as “the system
whose purpose is to prevent harm and evils" [89]. As we show later,
in the context of recommender systems these “evils" may include pri-
vacy intrusion, identity theft, behavior manipulation, discrimination,
offensive / hazardous content, misleading information, etc. Thus, we
can define recommendation ethics as the study of the moral system of
norms for serving recommendations of products and services to end
users in the cyberspace. This system must account for moral implica-
tions stemming from both the act of recommending per se, and the en-
abling technologies involved. A holistic view on recommendation ethics
is currently lacking in the field of RS, despite the massive research
that it attracts nowadays. According to the recent study by Tang &
Winoto [282], there exist only two publications ([245, 270]) that specifi-
cally address the problem of ethical recommendations. Still, they only
focus on particular problems in particular applications. Concerns over
the lack of holistic approach have also been brought up by Friedman
et al. [82] who studied the privacy aspects of recommender systems -
the subject that has drawn the most attention in the ethical discourse
around the practices of big data. Another recent paper by Koene et
al. [147] points to the striking research imbalance in the area of person-
alized RS. The authors note that the strong emphasis on the commer-
cial success of recommender systems contrasted with the considerable
neglect of moral values, has a potential risk of a future public backlash

against this research area. Our study is also in line with the rapidly
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growing attention to Fairness, Accountability, and Transparency (FAT)
in machine learning.

Recommendation ethics is a multifaceted problem, which relates
to several interconnected topics that we broadly group into the ethics
of data manipulation (privacy, anonymity, censorship issues), algorithm
design (algorithmic biases, behavior manipulation, discrimination is-
sues), and experimentation (fairness, awareness, informed consent is-
sues). In Section 7.2, we touch upon all these topics in relation to rec-
ommender systems. In Section 7.3, we outline an ethical recommen-
dation framework that serves two purposes: a) it provides a roadmap
for an ethics-inspired design of RS; b) it proposes a toolbox for manual
tuning of morally-sensitive components of RS. We evaluate our pro-
posal in Section 7.4 by analyzing the results of the conducted survey.

Section 7.5 concludes our work.

7.2 Theoretical background: ethical challenges

This section discusses various ethical challenges around recommender

systems that have been identified in the related literature.

7.2.1 Data collection and filtering

Both types of personalized information filtering used in recommender
systems - collaborative and content-based - require the construction of a
user profile, expressed in either item attributes (metadata), or user inter-
actions (ratings, purchases, etc). Unique user profiles make it possible
to tailor recommended items to user’s individual preferences.
Collecting behavioral data is often done in the absence of informed
consent. Public surveys point to the great demand for “do not track"
tools that would help users gain control over the data collection pro-
cess [74]. Often, a notice about data logging is hidden inside the Terms
of Service (ToS) [147], which users are expected to read and agree with.
However, the well-familiar line “I have read and agree to the terms” has
been coined as “the biggest lie on the Internet" [212] due to the fact
that people either do not read or do not understand these lengthy and
legalese-heavy notices. Even if they did, they would still have to spend
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40 minutes per day on average for doing so [185]. A number of initia-
tives” have been launched to improve the current situation by stan-
dardizing ToS, introducing trust marks or centralized monitoring. In
Europe, the EU Cookie Law attempts to strike a compromise between
brevity and informativeness by enforcing minimalist pop-up banners
for acquiring user consent to store cookies. Sadly, both approaches fall
victim of a “click to close" attitude from internet users [147]. It is worth
noting, however, that the legislation pertaining to data collection, use,
and disclosure has become more comprehensive in recent years with
the introduction of the U.S. Consumer Privacy Bill of Rights and the
European Privacy Directive [82].

To improve the accuracy of recommendations, user profiles can fur-
ther be enriched by gathering additional data from external sources.
This can be achieved by means of tracking cookies [246], linked open
data [103], social networks [55] and even information brokers who col-
lect and resell user activity data [212]. Whereas exceptionally detailed
user profiles have positive effect on personalization, their leakage and
misuse can put user’s privacy at risk. Friedman et al. [82] distinguish
three major sources of privacy breaches in recommender systems: a)
the recommendation engine itself (and the people behind it), when its op-
eration does not live up to users’ individual expectations of privacy; b)
RS users, who may attempt an inference attack on each other’s profiles
by observing RS outputs; and c) external adversaries (e.g. hackers), who
may attempt to re-identify subjects in anonymized data (see more in
Section 7.2.2).

When fallen into the wrong hands, behavioral profiles built for serv-
ing personalized recommendations may as well be utilized for mali-
cious purposes, such as phishing or social engineering [147]. Moreover,
disclosed user profiles may reveal sensitive private information either
directly (e.g. health records) or indirectly (e.g. by inference from movie
ratings). Profile injection is one of the possible attacks, which uses fake
profiles to promote or demote recommendations of certain items [35].

For example, it can be used to suppress recommendations of com-

Zhttp://www.commonterms.net, http://tosback.org, http://
www.truste.com https://wiki.mozilla.org/Privacy_Icons
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petitor’s products by giving them low ratings from a fake profile. To
tackle this problem, some websites (e.g. Booking.com) enforce user
identity verification as a prerequisite for leaving feedback. The emer-
gence of recommendations-as-a-service (RaaS) in the past few years has
also raised privacy concerns due to the exposure of user profiles to a
third party [82].

A number of privacy preserving collaborative filtering (PPCF) tech-
niques have been proposed in RS literature (e.g. [165, 229, 320]) to pro-
tect user profiles from misuse. These solutions can be broadly classi-
fied into architectural (protocols, certificates), algorithmic (cryptography,
differential privacy, pseudonymity, obfuscation), and normative (poli-
cies, regulations) [82]. The major challenge in such privacy-enhanced
RS is to preserve the recommendation accuracy at an acceptable level.
A comprehensive overview of privacy aspects of RS can be found in [82].
It is therefore crucial that RS developers become aware of potential pri-
vacy implications and take the necessary precautions during the initial
data gathering /user profiling stage.

Apart from employing privacy-enhancing technology (PET), rec-
ommender systems can benefit from graphical user interfaces (GUIs)
that enable users to manage their profile data by defining interests,
cleaning up browsing history, and so on (e.g. see Amazon’s “manage
history" tool). Bakalov et al. [15] show that this has a positive effect
on RS usefulness and usability, as well as on the overall user satisfac-
tion. The reason is that users have different perceptions of privacy and
different attitudes towards the associated protective measures [22]. To
this end, user-tailored privacy decision support for recommender systems
has received considerable attention in the literature [144, 145, 306]. De-
spite the provided ability to manually withhold items from one’s pro-
file history, there is a danger that these items may still be inferred from
other information exposed to a recommender system [82]. Therefore
we advocate the use of PET-based and GUI-based solutions in combi-
nation as a complex protective measure.

The final stage of information filtering in a RS delivers relevant
items to a user. With very few exceptions ( [245, 270, 282]), existing

systems do not employ any ethical filtering of their output. This raises
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an issue of content censorship with all its consequent implications. As
well noted in [282], what is algorithmically appropriate is not neces-
sarily ethically appropriate. The serendipitous nature of a collabora-
tive RS adds an extra challenge due to its tendency to produce unex-
pected results. Apart from the obvious need for parental control, one
might think of morally troubling examples of recommending meat-
based products to a vegetarian, gay-intolerant movies to a homosex-
ual, alcohol drinks to a religious Muslim, or tobacco products to a per-
son who struggles to quit smoking. Should the recommender system
be held accountable for serving offensive or even hazardous content?
How can it mitigate the risk of moral harm? The ethical appropri-
ateness of candidate items can be established by mapping potentially
harmful elements in media content (drug use, nudity, etc.) to a user’s
persona (gender, age, religion etc.), as explained in [282]. The authors
suggest that moral values are incorporated into system requirements,
with users having control over the filtering process. We add that moral
values can be treated as a special type of context, which can be used
in pre-, post-, or in-filtering stages of recommendations. An attempt
to build a fully-automated ethical RS is made in [270], where the hu-
man intervention is not required. Yet, the reliability of such a system
largely depends on user-specified demographic data, which can often
be omitted or falsified by users due to privacy concerns. Besides, ap-
plying an automatic censorship filter in the complete absence of user
control (and consent) would also be morally problematic. Facebook’s
profanity filter for blocking offensive words serves as a good example

of a user-adjustable censoring tool.

7.2.2 Data publishing and anonymization

The active research on recommender systems would hardly be possi-
ble without the availability of publicly released datasets from online
services such as Netflix, MovieLens, or LastFM. Annual RecSys chal-
lenges and contests such as the Netflix Prize propel research and help
businesses improve their recommendation engines by means of crowd-

sourcing RS algorithms from a large academic community. Because a
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public dataset contains private data [188], releasing a myriad of user
records bears serious moral responsibility. The risks of disclosing a
user profile were mentioned in the previous section. Here, we continue
this discussion from the perspective of privacy preserving data publishing
(PPDP).

For several decades now, anonymization has been used to disguise
personally identifiable information (PII) in public datasets by employ-
ing such techniques as generalization, suppression, perturbation, or
anatomization [311]. Barocas et al. [18] define anonymity as the state of
complete unreachability, whose absence would pose a threat to one’s
ethical and political freedoms. The naive assumption that such anony-
mity can be achieved by disguising explicit PII such as names or phone
numbers has long ceased to hold due to the existence of quasi-identifiers.
When combined, these seemingly harmless fields are capable of uni-
quely identifying a user (e.g. 87.5% of U.S. residents can be identified
via a (ZIP code, birth date, gender) combination [276]). However, user
demographics is a valuable input for many recommenders, and a too
aggressive anonymization may impact the usability of a dataset (espe-
cially for a content-based RS). This challenging trade-off between pri-
vacy and utility lies in the core of PPDP. Taking an online pharmacy
dataset as an example, its public release might go either of the two ex-

treme ways, both leading to a highly undesirable outcome:

e heavy anonymization — inaccurate recommendations — pur-

chase of incompatible medications

e poor anonymization — re-identification of subjects — disclo-

sure of sensitive health records

Data owners are therefore encouraged to perform a privacy calcu-
lus [145] before deciding on whether and how a public release should
be administered. This is done by “multiplying" the risk of disclosure by
the sensitivity of the data [213], weighted against the anticipated bene-
fits. Such privacy calculus can potentially be automated, as explained
in [145]. If data sensitivity is domain-dependent, should there be reg-

ulations dictating how to treat data from a specific domain before the
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release? Should there be different levels of domain-specific data access
for different types of public (researchers, students, data brokers, adver-
tisers, etc.)? Corporate ethics sometimes result in semi-public releases,
when the dataset’s accessibility by external analysts is bounded by the
physical organizational boundaries. Notably, anonymization may be-
come a necessity even on platforms with a closed recommender sys-
tem [103], which operates on a privately maintained dataset. This is
done to protect user identities when the data is shared between differ-
ent departments of a large organization [213].

Notably, various anonymization techniques aimed at protecting pri-
vacy in public data are ethically problematic in themselves. This is
because obfuscated user profiles can be interpreted as “invalid data",
which may potentially lead to incorrect inferences about individuals
(even if the recommendation accuracy remains high). This may have
negative psychological and even legal consequences [82].

The possibility of aggregating data from external sources unlocks
the door to easy re-identification even in the presence of substantial
anonymization. This can be done through a linking attack [176], which
matches records in different databases via quasi-identifiers. This at-
tack was effectively used to de-anonymize the Netflix dataset (contain-
ing 500,000 users) only two years after its public release [203]. As a
result, the planned Netflix prize sequel was discontinued due to the
filed lawsuit [147]. It was shown in [203] that with some minimal and
imprecise outside information about the user (a couple of public rat-
ings from IMDDb and their approximate dates), it was possible to iden-
tify him/her in the Netflix dataset with high probability. Apparently,
disclosed movie ratings can be used to infer sensitive facts about a per-
son, such as their political/religious views, or sexual status. More-
over, revealing movie rating history may have implications on user’s
future privacy [203]. Naturally, this applies to other types of prefer-
ence data too (music tastes, Facebook “likes", etc.). The risk of privacy
breaches is further exacerbated because of the accretion problem [213],
which refers to the snowballing effect of chained linking attacks on
the increasing number of databases. Linking large chunks of external

data has become easier than ever thanks to the rise of big data, seman-
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tic web, and social networks. The case of de-anonymizing the com-
pletely Pll-less Twitter graph by intersecting it with the social graph of
Flickr serves as an instructive example [204]. Ethical concerns about
de-anonymization of data might explain the limited number of public

datasets available for RS research.

anonymization

Data |[* Data
collector > publisher

informed consent

appropriate
access level

fair use

(no de-anonymization attempts) suitable format

data
completeness

A
1
1
data quality QO Q results of analysis
1
1
1
1
1
1

C

A

preserved

utility

Data
> recipient

Figure 9: Moral bonds between stakeholders in the data publishing process

Figure 9 depicts moral bonds between the three main stakeholders
in a data publishing cycle, namely data collector, data publisher, and data
recipient. These bonds reflect the moral responsibility of stakeholders
towards each other, as well as the data subjects involved. The responsi-
bility of the data collector is to ensure that the data sample is represen-
tative of the population, clean, and contains the necessary attributes.
The consent is then given to the data publisher to proceed with the
release. In return, the data publisher guarantees anonymity and pri-
vacy protection of data subjects. In front of the data recipient, the pub-
lisher is responsible for making the dataset accessible (in compliance
with the active policies), properly formatted, and usable for analysis.
The data recipient is morally entitled to the fair treatment of data and
- in some cases and upon agreement - communicating the results of
the analysis back to the data collector /owner. We note that this is just
an idealized framework, whose practical implementation is currently
confronted with challenges of technological or legislative nature.

While privacy models are being developed by computer scientists
to aid PPDP (differential privacy [69], k-anonymity [277], [-diversity
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[176], etc.), lawmakers fight their own battle to regulate data publish-
ing and catch up with the ethical realities of big data analytics. At the
very least, legislators must acknowledge that the traditional anonymi-
zation paradigm based on the removal of PII is nothing more than a
half-measure [213]. We refer the reader to [213] for an in-depth discus-

sion of the regulatory challenges concerning PPDP.

7.2.3 Algorithmic opacity, biases, and behavior manipulation

A typical recommender system operates as a black box, with its output
being the only part that is visible to a user. Whereas certain input sig-
nals can also be observed (e.g. product attributes, personal purchase
record, public ratings), aggregating and processing them into recom-

mendations is done completely behind the scenes (Figure 10).
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Figure 10: High-level view of a personalized recommender system

What are the ethical implications of not knowing the algorithm that
rules recommendations? Apparently, this opacity makes it hard to rea-
son about the political, economic, and cultural agendas behind these
suggestions [223]. It can also hide the evidence of algorithmic discrim-
ination [253] and behavior manipulation [147]. As Pasquale [223] notes,
“faulty data, invalid assumptions, and defective models can’t be cor-
rected when they are hidden". This is why algorthmic opacity is view-
ed as a serious ethical issue in data science. Should users be allowed to
look inside the black box? The survey by Herlocker et al. [105] reveals
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that 86% of users would like to see an explanation interface as an integral
part of the recommendation service. The simplest example is Ama-
zon's “customers who bought this item also bought..." recommenda-
tion interface. Automatic explanations can provide transparency into
how and why a recommendation was generated, and hence improve
users’ trust in the system [105, 285]. Especially when a recommender
system gives bad advice, users deserve an explanation and a possibility
to correct the system’s reasoning (this property is known as “scrutabil-
ity") [285]. One way of aiding transparency is to report the system’s
confidence in generated recommendations.

Whereas explanations offer a way to unbox a recommendation en-
gine, they also have a number of ethical implications. This practice
often comes in conflict with corporate ethics that may forbid the disclo-
sure of an algorithm for fear of losing competitive advantage or mak-
ing it vulnerable to intentional manipulation [61]. The challenge in this
case is to find other ways to justify recommendations without having
to open the black box. Some examples of such justifications are given
in [105]. Other alternatives proposed in the literature include routine
algorithm audits by third parties [253], and reverse engineering meth-
ods [61]. Perhaps less obvious, there also exists a privacy threat that
exploits the fact that explanations reveal connections between items.
Combined with some side information, these connections would allow
an adversary to identify a specific person and reveal their personal de-
tails [236]. Finally, the provision of transparency is impeded because
of the interpretability problem [37]. Even if an algorithm is not kept in
secrecy, explaining it to a user may hardly be possible because of its in-
herent mathematical complexity. For example, some recommendation
methods are based on latent semantic analysis, where the distinguish-
ing factors do not have a clear interpretation [285]. The problem is
further exacerbated by the “course of dimensionality”, which makes it
impossible for a reasoning human to grasp the extreme multitude of
features involved in computation [37]. Besides, unveiling the algorithm
in this case would not be sufficient, since predicting its behavior with-
out knowing the specific feature values is virtually impossible [253].

Finally, some of the most successful recommender systems are imple-
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mented as hybrid and ensemble models, combining several algorithms
and data sources. Comprehending the reasoning behind such complex
systems may be very hard even for trained computer scientists.

In their interaction with RS, how can users be certain that their in-
terests are respected and prioritized? What if the recommendation
output is severely biased and their behavior is being intentionally ma-
nipulated to meet certain business objectives? Documented examples
of algorithmic bias include recommending lower paying jobs to fe-
male candidates, or higher priced flights to MacBook owners [243]. As
Ross [247] notes, there is a big difference between using a dataset for
describing a population and using it for manipulating the behavior of that
population. For instance, this can happen when a recommender sys-
tem is exploited to push expiring, overstock, de-listed, and other first-
priority items that do not necessarily answer the needs of a user. It may
be tempting for a business to disguise such items under misleading cat-
egory names such as “best sellers" in order to boost the utilization of
any unwanted inventory. In a similar way, privileged recommendation
categories (e.g. “top hotels") can be easily populated with paid listings
that may not correlate well with the category label.

Another type of bias that can be encountered in recommender sys-
tems is price discrimination. This enables a RS to adjust prices on the fly
based on the user’s willingness-to-pay (WTP) value, defined as the max-
imum amount of money s/he is expected to pay for a given product.
It has already been shown that travel sites Cheaptickets and Orbitz in-
tentionally raise hotel prices for visitors who do not have an account
with them [99]. Another example is Amazon’s short-lived experiment
on selling DVDs at different prices to different users, which provoked a
furious reaction showing the profound moral impact of price discrim-
ination [292]. Nevertheless, this did not stop researchers from propos-
ing recommendation models with personalized pricing (e.g. [129, 183,
325]). Unfortunately, the ethical feasibility of such systems remains
poorly addressed and hence questionable, especially considering that
price discrimination is illegal in some jurisdictions. Even when it is
not, this serves as a good example of when legal does not equate to eth-

ical. An even worse case can be made when a discrimination is based
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on morally sensitive attributes (gender, race, religion, etc.) that are ei-
ther directly provided by a user, or inferred from other information
available to a recommender system (as discussed earlier). For example,
when a person is to be recommended for a loan, gender-discriminatory
decisions may introduce dangerous “false negatives" that may poten-
tially lead to lawsuits [295]. Such systems can (and should) benefit
from specialized techniques for discrimination-aware data mining [76].

Personalized news recommenders, to a large extent, can be account-
able for the creation of the so-called “filter bubbles". This dangerous
side effect of personalization turns news consumption into a one-sided
propaganda by serving stories that only reaffirm one’s biases. This is-
sue came to the forefront with a vengeance after the recent unexpected
election of the U.S. president Donald Trump, which was largely at-
tributed to the dissemination of fake news over the internet [8]. Ac-
cording to Chaslot & Gorbatai [46], 80% of recommended videos on
YouTube favored Trump over Clinton (regardless of the posed queries),
most of which featured false stories.

How can users gain control over the aforementioned biases intro-
duced by the RS providers? Is it users’ moral right to receive recom-
mendations that best match their interests? The freedom to choose
what criteria the recommender system is optimized for may increase
user satisfaction and trust through better personalization. We there-
fore believe that the RS’s marketing bias should become adjustable by
users, giving them the ability to reset the system’s current optimization
goals to the default, or “best match", mode. To provide evidence that a
such a system is indeed free from biases, it can expose explanation in-
terfaces, as discussed earlier. However, to fully address the problem of
behavior manipulation, a regulatory oversight by trusted third parties
is advised [147].

7.2.4 Online experiments

RS practitioners willing to assess the real effect of a new recommen-
dation algorithm (or modifications of an existing one) often embark

on A/B testing. This is an online between-subjects experiment, where
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control and treatment groups are assigned the original and the modified
variants of an algorithm, respectively. Digital businesses ranging from
small start-ups to internet giants such as Yahoo, Twitter and Ebay, con-
tinuously run online experiments in attempt to improve their services.
In the vast majority of cases, however, users are silently dragged into
these experiments without their knowledge, let alone consent. Taken
to an extreme, the exposure to a previously untested algorithm is some-
what akin to medical trials, where the consequences of applying a new
method may lead to unpredictable side effects and potential harm.

It is worth mentioning two (in)famous examples of online experi-
ments, which have clearly stepped over the ethical line. In 2012, Face-
book studied the phenomenon of emotional contagion by intention-
ally manipulating the moods of more than 600,000 users through their
news feeds. Two years later, dating service OKCupid studied the emo-
tional effect of recommending bad partner matches to its users while
presenting them as “exceptionally good". Both experiments failed to
acquire explicit permission from participants, while toying with their
emotions and private lives. This gave rise to a public uproar and de-
bates about the ethics of A/B testing. Referring to the aforementioned
cases, Grimmelmann [93] reminds that running experiments on peo-
ple is regulated by laws and as a minimum, requires the provision of
informed consent and approval of an Institutional Review Board (IRB).
Researchers embarking on A/B testing need to establish whether the
data protection laws fall under the jurisdiction of countries where re-
searchers or participants reside, where the server or the IRB are lo-
cated, where the data is analysed, or some combination of these [247].

There are several ways of dealing with informed consent in online
experiments. In the “opt-in" scenario, user consent is acquired explic-
itly via a prior notice. Given the ubiquity of online experiments (we
note the ubiquity of RS as well), implementing prior consent in prac-
tice does not appear particularly realistic. Furthermore, prior consent
introduces an unavoidable bias that may potentially influence the re-
sults and make the sampling less than random [231, 247]. Another pos-
sibility is the “implied consent" acquired through ToS, with an added

option to opt-out from experiments at any time. Implied consent may
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be sufficient for experiments with low risk [78]. Since many compa-
nies perform A /B testing with no consent at all, the “notify after" ap-
proach can be taken to retroactively inform users about the performed
study, providing them with the results, contact information of the in-
volved researchers, and offering the option to delete their data [231].
Felten [78] warns that this alternative is only applicable to situations
with minimal risk. Thus, the perceived moral impact of the experi-
ment should be a deciding factor for obtaining informed consent. It is
important to remember that when the risk of moral hazard is high, the
test is unethical even with consent from participants [78].

When a recommender system is A /B tested for potential gains from
applying an experimental algorithm, the two variants of algorithms
(i.e. original and experimental) may differ significantly in their out-
put. For example, hotel booking operators Expedia and Hotels.com
are known for conducting A/B testing experiments that steer one of
the user groups towards more expensive hotels [99]. This raises the
question of fairness: is it users’ moral right to demand the interaction
with the trusted (“default") system instead of the one whose behav-
ior is far less obvious? Again, we suggest that the ability to reset the
recommender system to its default algorithm is provided as an option
to RS users. Considering that A/B testing is undoubtedly an indis-
pensable evaluation tool in a RS developer’s arsenal, it is important to

ensure that it is practiced in an ethical manner.

7.3 Summary as a framework

In this section we summarize the findings of the study in the form
of a user-centric ethical recommendation framework. The framework
maps various RS development stages to potential ethical concerns and
the recommended countermeasures. As a practical contribution, we
propose an “ethical toolbox" comprised of user-adjustable controls cor-
responding to each development stage. These controls enable users to
adjust the recommender system to their individual moral standards.
Table 12 outlines the articulated framework, which also details the mea-

ning of each component of a toolbox.
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Table 12: General user-centric ethical recommendation framework

Development
stage

User profiling
(input stage)

Data publishing
(optional sharing stage)

Algorithm design
(modeling stage)

User interface design
(presentation stage)

Online experiments

(optional testing stage)

Ethical con-

Privacy breaches, lack of

Privacy / security /

Biases, discrimination,

Algorithmic opacity, con-

Unequal treatment, side

cerns awareness / consent, fake  anonymity breaches behavior manipulation tent censorship effects, lack of trust /
profile injection awareness / consent
Knowncoun-  Informed consent, pri- Privacy preserving data  Algorithm audits, re-  Explanations, ethical rule  Informed consent, pos-
termeasures vacy preserving collab-  publishing verse engineering,  set generation, content sibility to opt out and
orative filtering,  user discrimination-aware analysis delete data
identity verification data mining
User- “Do not track activity"  “Do not share data" tool “Marketing bias" filter “Content censorship" filter ~ “Opt out of experiments"
adjustable tool tool
controls
(the toolbox) This setting restricts the cre-  This option allows local user  This filter is used to remove  This tool can be used to set  This option can be used to

ation and the maintenance of
a user profile. Types of data
can be manually defined and
browsed items can be man-
ually deleted (e.g. “manage
history” tool on Amazon)

profiling but restricts data
sharing with third parties
(even in the presence of
anonymization).  Types of
data or categories of allowed
recipients can be manually
defined

any business-driven bias in-
troduced by RS providers,
and sets the recommendation
engine to the “best match”
mode (or other user-selected
modes, such as “cheapest

first”)

user-defined exclusion crite-
ria for filtering out inappro-
priate items or categories. It
also contains the option to
turn the filter on and off
(also with the possibility of
scheduling)

reset the recommendation
engine fo its default algo-
rithm, exclude the user from
any future experiments, en-
able the opt-in option, and
delete data from previous
experiments
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The provided transparency and control over recommendations are
known to increase users’ trust in the system [105, 145]. At the same
time, empirical studies show that users tend to avoid the hassle of ad-
justing settings once they get the ability to do so [145]. However, we
argue that the existence of the proposed controls is what makes the
system ethics-aware by design and thus helps to retain prudent RS users
who would stop using the system otherwise. One way of reducing the
burden of adjusting settings is to implement adaptive defaults. For ex-
ample, the “donot track activity" control can be pre-set according to the
user’s expressed willingness to accept cookies, or according to the esti-
mated sensitivity of information involved in user profiling. Likewise,
the content censorship filter may automatically enable itself during pe-
riods when children are expected to be at home. Certain controls, such
as “do not track activity" and “do not share data" can be combined to
simplify user interface. In general, the usability of the provided con-
trols may depend on many factors, such as their layout, frequency of
using the system, sensitivity of data, and so on. As a vital first step,
however, it is necessary to establish the general stance of users towards
the ethics of recommender systems and whether the proposed toolbox

would stand as a viable solution. This is done in the next section.

7.4 Feasibility study

We conduct an online survey® to find out people’s opinions and their
preferred course of action regarding five ethical aspects of recommen-
der systems that the proposed toolbox aims to address, namely: user
profiling, data sharing, marketing bias, content censorship, and online exper-
iments (corresponding to the five stages of the framework in Table 12).
The survey was disseminated to Facebook groups of numerous Euro-
pean universities, yielding 224 responses from students and academic
staff. 10 responses from people who claimed to be totally unfamil-
iar with recommender systems were filtered out, leaving us with 214
valid opinions. Instead of directly asking whether participants would

be willing to have a manual configuration tool for a particular ethical

Zavailable at http: //recommendations.typeform. com/to/kgKNQO
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Table 13: Issue 1/5: User profiling

Q1.1. Which of the following factors, if any, would make you give
up on personalization in favor of preserving privacy? (multiple

answers allowed)

# (% cases)

A) Ability to infer sensitive information from my browsing behav-
ior, such as my sexual status, health condition, or religious beliefs.
B) Revealing my browsing behavior to other users of the same ac-
count (for example, other family members using the same website)
C) Using my profile for targeted advertising campaigns / promo-
tional emails

D) None of the above. I want to receive personalized recommen-
dations and I am not concerned about privacy

E) Other

F) I don't care either about recommendations or privacy when I

browse the web

139 (65.0%)

116 (54.2%)

111 (51.9%)

11 (5.1%)

7 (3.3%)
6 (2.8%)

Q1.2. How should user profiling be handled?

# (% cases)

A) Recommendation engines should provide user-adjustable con-
trols for setting user profiling on/off manually

B) Agreeing to the Terms of Service and allowing/disallowing
cookies on websites makes me feel safe about my user profile

C) I don’t care about user profiling, and I don’t want to be informed
or asked about it

D) Other

169 (79.0%)

38 (17.8%)

7 (3.3%)

0 (0.0%)

issue, we offered them a choice between several alternative options.

The results of the survey are summarized in Tables 13-17, where an-

swers are listed in descending order of the number of votes received.

To mitigate ambiguities, each question was preceded with a short ex-

planation of a particular ethical aspect (omitted from Tables 13-17 for

brevity). We note that some complementary questions allow multiple

answers (hence percentages do not always sum up to 100).
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Table 14: Issue 2/5: Data sharing

Q2.1. Which of the following probable implications, if any,
would make you refrain from sharing your anonymous profile,
even if it would contribute to better recommendations in the fu-

ture? (multiple answers allowed)

# (% cases)

A) Hacker attacks on anonymized public data which may result in
re-establishing my identity

B) The possibility of using my data for purposes other than research
C) The possibility of finding out additional information about me
by matching records in different databases

D) My willingness to share data depends on how much I trust the
particular website that gives recommendations

E) None of the above. I am not afraid of publishing my anonymized
profile online as long as it benefits the service I get

F) Other

123 (57.5%)

117 (54.7%)
116 (54.2%)

96 (44.9%)

10 (4.7%)

1(0.5%)

Q2.2. What is your stance towards sharing your data with third

parties for research purposes?

# (% cases)

A) I want to be able to control data sharing myself in the settings of
a recommendation engine

B) I am willing to share my data with third parties, as long as it
stays anonymous. This should be inscribed in the ToS

C) I don’t want my data to be shared with third parties under any
circumstances, even if it has been anonymized

D) I don’t have an opinion

E) Other

104 (48.6%)

65 (30.4%)

45 (21.0%)

0 (0.0%)
0 (0.0%)
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Table 15: Issue 3/5: Online experiments

Q3.1. Which of the following reasons, if any, would make you re-
frain from participating in an A/B testing experiment? (multiple

answers allowed)

# (% cases)

A) Lack of consent: the fact that I am not notified or asked for per-
mission to participate in the experiment

B) None of the above. I don’t mind testing the new algorithm,
which might work even better than the old one

C) System instability: I cannot be sure that I will get the same qual-
ity of recommendation the next time I visit the website

D) Lack of trust: I wouldn't trust an advice coming from an exper-
imental, previously untested system

E) Unfairness: it is not fair to treat the users of the same system
unequally

F) Other

103 (48.1%)

94 (43.9%)

30 (14.0%)

25 (11.7%)

16 (7.5%)

1(0.5%)

Q3.2. What would be the preferred method of getting your con-

sent for participating in an A/B testing experiment?

# (% cases)

A) Contact me before the experiment and ask for my permission to
participate

B) Don't contact me at all, but provide an option in the recommen-
dation engine for controlling whether I want to interact with the
existing system or participate in testing of a new recommendation
method

C) Inform me after the experiment, but allow me to delete any data
I generated during the experiment, if I want to

D) Don’t contact me at all, and let the system do what it finds ap-
propriate

E) Other

84 (39.3%)

73 (34.1%)

33 (15.4%)

23 (10.7%)

1(0.5%)
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Table 16: Issue 4/5: Marketing bias

Q4.1. What do you think about the marketing bias of a recom-

mendation system?

# (% cases)

A) I don't expect salespeople of physical stores to be unbiased in
their recommendations. Online recommendations are no different.
If it’s important for the business, I don’t mind

B) This is clearly unethical because I expect recommendations to be
unbiased and tailored to my preferences at all times

C) I don’t mind the marketing bias because I may find such “biased"
recommendations even more interesting

D) I don’t have an opinion

E) Other

90 (42.1%)

81 (37.9%)

17 (7.9%)

16 (7.5%)
10 (4.7%)

Q4.2. How should the marketing bias be handled?

# (% cases)

A) Removing or allowing a marketing bias should become a user-
adjustable option of a recommendation engine

B) Companies have the right to adjust their recommendations as
they please. Users should not intervene

C) Recommendation engines should never be allowed to recom-
mend anything that doesn’t serve user needs

D) I don’t have an opinion

E) Other

80 (37.4%)

60 (28.0%)

49 (22.9%)

19 (8.9%)
6 (2.8%)

Table 17: Issue 5/5: Content censorship

Q5.1. How should content censorship be handled in recommen-

dation systems?

# (% cases)

A) Recommendation engines should have a user-adjustable censor-
ship filter, where I can set my exclusion criteria and turn the filter
on/off at my own will

B) There should be no censorship. I want to be able to examine all
relevant options and judge myself what is appropriate

C) Recommendation engines must filter out inappropriate items
automatically, based on my profile data or something else

D) I don't care if there is any content censorship or not in recom-
mendations

E) Other

104 (48.6%)

58 (27.1%)

31 (14.5%)

19 (8.9%)

2 (0.9%)

118



Paper II: Towards an Ethical Recommendation Framework

The examination of survey results immediately reveals participants’
strong preference for taking morally sensitive issues under their con-
trol. In 4 out 5 cases, the majority voted for having a user-adjustable
setting within a recommendation engine for controlling a particular
ethical issue. In the following paragraphs we analyze the responses
(including the free-form ones where these were deemed relevant and
insightful).

Online experiments (Table 15) was the only case where a user-adju-
stable option came second (however with only 5.2% difference from
the top choice). Considering that the lack of consent was identified as
the biggest ethical barrier to participating in A/B testing (Q3.1), the
indicated preference towards the opt-in scenario (Q3.2) appears well
justified, as it is linked with maximal risks. As one of the participants
noted, requests from users to delete their data implicitly signals that
they should best be excluded from future experiments.

When it comes to user profiling (Table 13), we observe a strong
trend of preferring privacy over personalization. Users” major con-
cern is the disclosure of their browsing behavior and the risks asso-
ciated with it (Q1.1). In fact, 5 respondents stated explicitly that they
would not trade their privacy for personalization for whichever reason,
whereas one participant stated that s/he would only accept personal-
ization on a group level, while staying anonymous within the group.
Our results once again confirm the failure of ToS to satisfy users’ pri-
vacy needs (Q1.2). Instead, the vast majority of users (79%) want to
have the ability to control user profiling manually.

Exactly the same attitude was expressed by users towards sharing
their data with third parties (Q2.2) due to various privacy concerns
(Q2.1). Notably, almost half of users would adjust their data sharing
strategy depending on how much they trust the particular website.

The marketing bias of RS (Table 16) brought up the most contro-
versy as it can be seen in Q4.1, where two opposite views divided
the overwhelming majority of users into two camps. Interestingly, the
largest camp is ready to accept biased recommendations, with 7.9%
of users feeling especially optimistic about them. The challenge of this

particular issue can also be judged from the considerably large propor-
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tions of hesitant respondents who refrained from answering Q4.1 and
Q4.2. Still, both camps prefer to have a manual control over the mar-
keting bias in the settings of a recommender system. This issue also
yielded a larger number of free-form responses, most of which starkly
manifested users’ negative stance towards recommendations because
of the awareness of the marketing bias. One user also expressed their
concern about getting falsely advertised recommendations (e.g. abus-
ing explanations of type “other users also bought", etc.), which were
mentioned in Section 7.2.3.

As far as the censorship is concerned (Table 17), the preference for
being able to filter the recommendation output manually clearly dom-
inated other options in Q5.1. On the other hand, the preference for
having no censorship considerably outweighed the preference for au-
tomatic content filtering. Thus, having the former option as a “smart
default" is well justified. In any case, censorship appears important to

the overwhelming majority of RS users (91.1%).

7.5 Conclusion

We conclude that multiple moral dilemmas of varied severity emerge
on every stage of RS development, while their solutions are not always
evident or effective. In particular, there are many trade-offs to be re-
solved, such as user privacy vs. personalization, data anonymization
vs. data utility, informed consent vs. experimentation bias, and algo-
rithmic transparency vs. trade secrets. Balancing between consumer
and corporate ethics in recommender systems is a challenging task. A
careful assessment of moral risks is crucial for deciding on the strate-
gies of data anonymization or informed consent acquisition for per-
forming A/B testing or user profiling. Yet, the question of precisely
who and how should perform such risk analysis is still a subject of de-
bates. We have found evidence that many big players on the RS market
(Facebook, Amazon, Netflix, etc.) have faced loud ethics-related back-
lashes. Thus, it is important to ensure that the RS architecture is not
only legally and algorithmically justified, but also ethically sound.

The articulated ethical recommendation framework suggests new

120



Paper II: Towards an Ethical Recommendation Framework

paradigm of ethics-awareness by design with an addition of a contextual
layer that utilizes existing technologies where possible and comple-
ments them with user-adjustable controls. This idea was embraced by
the vast majority of our survey participants, and future work should

further test its viability in a fully implemented RS prototype.
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Exploration/Exploitation of Diverse Recommendation
Components: an Experimental Study within e-Commerce”

Abstract This work presents an extension of Thompson Sampling ba-
ndit policy for orchestrating the collection of base recommendation al-
gorithms for e-commerce. We focus on the problem of item-to-item
recommendations, for which multiple behavioral and attribute-based
predictors are provided to an ensemble learner. In addition, we de-
tail the construction of a personalized predictor based on k-Nearest
Neighbors (kKNN), with temporal decay capabilities and event weight-
ing. We show how to adapt Thompson Sampling to realistic situations
when neither action availability nor reward stationarity is guaranteed.
Furthermore, we investigate the effects of priming the sampler with
pre-set parameters of reward probability distributions by utilizing the
product catalog and/or event history, when such information is avail-
able. We report our experimental results based on the analysis of three

real-world e-commerce datasets.
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8.1 Introduction

Dynamically responding to user queries with top-/V item ranking is a
very common problem on the web, which pertains to search, adver-
tising, and recommendations. A specific use case of interest is gen-
erating item-to-item (i2i) recommendations for every visited product
page with the aim to maximize product sales. Such non-personalized
recommendations are useful when user profiles are limited or non-
existent. This is very typical of online shopping sessions, where most
visitors are unidentified [289, 308], yet keen to see meaningful recom-
mendations already on their first page visit (for example on a land-
ing page). Such dynamic environments with streaming event data and
severe cold-start make conventional recommender systems impracti-
cal and call for reinforcement learning approaches, whose exploration-

exploitation paradigm appears very appropriate [166].

Item rankings can be generated by various predictors that utilize
item consumption patterns and/or content features. Learning which
predictor (or a combination thereof) is optimal in a given context in an
online manner naturally translates to a multi-arm bandit (MAB) prob-
lem. In its classical formulation, a policy sequentially chooses from
a finite set of actions with stationary (but unknown) reward distribu-
tions in attempt to maximize the total reward of the policy (or equiva-
lently, to minimize the total regret - the amount lost due to not choos-
ing the optimal arm in each step). This problem has been extensively
studied in the literature, especially since the seminal paper by Lai &
Robbins [159]. They introduced upper confidence bound (UCB) poli-
cies attaining a logarithmic regret (see Section 8.8.5 for more details on
UCB). Another popular but fundamentally different low-regret policy
is Thompson Sampling [135]. Being Bayesian in spirit, it is better suited
for modeling complex online problems [91], which is why we adopt
this method in our recommender system. Its main idea is posterior
sampling: the expected rewards of bandit arms are obtained by sam-
pling the parameters from the posterior distribution associated with
each arm. The algorithm then chooses the arm with the highest ex-

pected reward. Because of this randomized sampling procedure, the
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algorithm implicitly alternates between maximizing the immediate re-
ward, and gaining new information about other arms in order to aid fu-
ture rewards. This exploration-exploitation trade-off is the key aspect
of the multi-arm bandit problem. The behavior of Thompson Sampling
tends to be mostly exploratory in the beginning, but becomes more
exploitative as it gets more and more data, allowing the algorithm to
gradually converge closer to the true parameter values. We give a more
formal introduction to Thompson Sampling for the Bernoulli bandit
problem in Section 8.7.2.

Since most work on multi-arm bandits has been theoretical in na-
ture [268], their implementation in real-world scenarios such as con-
tent recommendations is still elusive [3]. This is because many of the
assumptions made by traditional MAB are violated in practical appli-
cations. In particular, we envision the following challenges of imple-

menting bandit recommendations in e-commerce:

Non-stationary rewards. Since behavioral signals in the data (i.e.
user-item interactions such as clicks and purchases, see Section
8.4.2) are aggregated over time, predictors of this type gradually
improve their performance and are hence characterized by non-
stationarities in their reward sequences. Algorithms that deal

with this issue include switching and restless bandits [38, 88, 187].

Multiple plays. The “top-/N ranking” problem dictates that multiple
actions need to be taken in each round to ensure that all avail-
able item slots are filled. Problems of this type are addressed
with ranked [158, 235, 274] cascading [156, 167] and multiple-play
bandits [91, 172, 290].

Variable availability of actions. In the real world, not all actions
are available at each time instance. For example, this may hap-
pen when predictors find no correlations between items, or when
items themselves are not accessible (e.g. out of stock). Bandit
policies capable to accommodate such situations are known as
sleeping bandits [131, 142, 267].

In this paper we propose a streaming recommender system [296],
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which adapts existing MAB policies to the aforementioned scenarios.
Motivated by the fact that many industrial recommenders tend to fa-
vor simple algorithmic approaches (e.g. best-seller lists) [221], our so-
lution is essentially an ensemble learning scheme that uses Thompson
Sampling to orchestrate the collection of elementary recommendation
components. This allows content-based and behavioral signals in the
data to effectively complement each other in response to queries. The
proposed model offers a number of advantages to a prospective vendor

(explained in the following pages in more detail):

o It allows to easily plug-in/out recommendation components of

any type, without making changes to the main algorithm

e Modeling components as arms helps to overcome the scalability

limitation of the more common “items-as-arms” representation

e Handling context can be shifted to the level of components, hence

eliminating the need for contextual MAB policies

¢ Elementary recommendation components are easily interpretable
and hence allow for more transparent user interfaces that im-

prove user’s trust in the system

8.2 Article notes

The present article constitutes an extension of the original paper (Bro-
dén et al. [31]) published in the proceedings of the 2018 Conference
on Intelligent User Interfaces. The extension offers a theoretical anal-
ysis of ensemble learning (Section 8.5) to better motivate the concept
of dynamic partitioning that is central to our approach. This concept
has also been explained in more detail in Section 8.6 with the help of
illustrative examples.

Another notable difference from the conference version is the intro-
duction of session-based personalization to our ensemble framework
by constructing a kNN component. To this end, we provide the the-
ory behind this component in Section 8.4.3, and perform a new exper-
iment on session-based personalization (Section 8.8.7). Under this ex-

periment, we also provide component statistics, showing the exposure
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and success rate of the most active components to better visualize the
inner workings of the ensemble.

The Related work section has been expanded with a coverage of
item-to-item, session-based, and sequence-aware recommender sys-
tems (Section 8.3). We also provide a more detailed explanation of the
session-based recommendation mechanism illustrated in Figure 11.

Lastly, our experimental setup (Section 8.8.1) now also details the
streaming evaluation protocol used in our experiments.

The paper is organized as follows. Section 8.3 gives an overview of
related variants of MAB policies, along with related studies on MAB-
based recommender systems. Section 8.4 introduces our approach and
details the proposed ensemble algorithm in pseudo-code. In Section 8.8
we describe our experiments and present their results. We summarize

and conclude our findings in Section 8.9.

8.3 Related work

The problem that we address in this paper, i.e. assisting unidentified
users of the system by adaptively suggesting relevant products, is re-
ferred to as session-based recommendations in the literature. This is
distinct from session-aware recommender systems, which have access
to multiple user sessions of a known user. Due to the aforementioned
dominance of anonymous sessions in e-commerce, session-based rec-
ommendations have attracted significant interest in this area (e.g. [47,
121, 128, 163, 286]). The conversion of anonymous sessions is espe-
cially important from the perspective of customer retention and im-
proving future customer experience by enabling deeper personaliza-
tion via user profiling. Indeed, session-based recommender systems
can be thought of as weakly personalized solutions, as their knowledge
of the user is limited to the scope of a single session. On the other hand,
they are effective at capturing the so-called interactional context defined
by the user’s current shopping mood and intent, which can be inferred
from their most recent actions [206, 233]. This is different from the
more traditional representational context defined by less dynamic con-

textual factors, such as location, season, or preferences [206]. For a typ-
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ical e-commerce platform featuring a large number of new or anony-
mous users, deriving interactional contextual factors is paramount [233].

The recency of actions to be considered for recommendations is de-
fined by the user’s last-IV interactions on the website, where IV can be
as large as the length of the session, or as small as a single (i.e. most re-
cent) event. The latter scenario (N = 1) effectively corresponds to item-
to-item recommendations, where the currently examined item serves
as a query to a recommender system [110]. This type of context adap-
tation prevails in current research on session-based recommendations
[233], and is also the one we follow in this work. In Section 8.8.7, how-
ever, we also experiment with the ensemble configuration that makes
use of the entire user session for generating recommendations. Con-
siderable attention in such scenarios (i.e. when N is the total number
of events in the user session) has been devoted to sequence-aware rec-
ommendation algorithms [232], particularly those based on recent ad-
vances in Recurrent Neural Nets (RNN) [47, 109, 120, 234]. In spite of
being at the forefront of research in session-based recommendations,
current implementations of RNN-based architectures struggle to sur-
pass the accuracy of simpler and computationally cheaper methods
such as association rules or k-nearest neighbors, as illustrated in [120,
128]. In addition, RNN-based methods suffer from poor explainabil-
ity [128], which can have a detrimental effect on user experience. The
above reasons justify our choice of the k-nearest neighbors algorithm
for building the personalized variant of the ensemble (see Section 8.4.3).

Bandit algorithms are becoming some of the most promising ap-
proaches in the area of recommender systems [166]. Due to their ex-
ploratory nature, they are especially effective in attacking the cold-
start problem (e.g. [43, 77, 181]). Referring to the e-commerce domain,
Bernardi et al. [23] characterize this problem as the continuous cold-
start, emphasizing the fact that users and items remain “cold” for an
extensive period of time. Moreover, existing users have the tendency to
“cool down”, which happens when their previously learned intentions
and preferences eventually become obsolete. This observation moti-
vates the use of non-personalized item-to-item recommendations that

we present in this work. We model bandit arms as predictors, which al-
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lows us to devise an ensemble method to tackle cold-start. This distin-
guishes our approach from others mentioned (e.g. [158, 164, 305, 326]),
wherein arms represent single items. Whereas an item-as-arm model
may be reasonable for few arms (as in [136, 164, 165, 207]), the magni-
tude of real-world data would likely lead to scalability issues [146].

The non-stationarity of arm rewards has been approached from dif-
ferent angles. In the presence of domain knowledge, the shape of the
reward distribution may be known a priori. Bouneffouf and Féraud
[27] show how to take advantage of this knowledge in UCB1 [14] to
tackle non-stationarity in music or interface recommendations. In ma-
ny cases (including ours), the functional form of non-stationarity is not
known. Therefore, automatic detection of abrupt or drifting changes in
reward sequences have been proposed in several extensions to UCB [88,
102] and Thompson Sampling [38, 187] policies. We will present Thom-
pson Sampling, UCB, and some of its variants, such as UCB1, in Sec-
tions 8.7.2 and 8.8.5. The two types of behaviors (i.e. abrupt and drift-
ing) correspond, respectively, to switching [88, 187] and restless [38] ban-
dits. Garivier et al. [88] also show that any policy with a logarithmic
regret for the stationary case is bound to T'/log(T") regret in the pres-
ence of reward irregularities, where T is the time horizon. In fact, the
notion of dynamic regret has been introduced for drifting reward func-
tions, which is measured w.r.t. a benchmark policy taking the best ac-
tion for each round in isolation [267].

The multiple arm selection (top-V) problem is highly relevant for
recommender systems. The most straightforward solution, known as
ranked bandits, assigns a separate bandit to each slot in the ranking [235,
274]. Lacerda [158] presents an interesting use case for ranked ban-
dits that optimizes multi-objective ranking in recommender systems.
More recently, cascading bandits have been proposed as a variant of
a ranked bandit for modeling position bias in click data [156], and
have been evaluated on movie recommendations [167]. Ranked ban-
dits have been criticized for the underutilization of the available feed-
back, since it cannot be shared between individual bandits [172]. A bet-
ter approach in this respect is the so-called multiple-play bandit, which

can fully observe all incoming rewards. It is this approach we adopt
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in our work. A multiple-play bandit algorithm called EXP3.M, origi-
nally proposed in [290], has been assessed against two ranked bandit
algorithms on movie and joke recommendations, demonstrating that
EXP3.M indeed converges faster than the two ranked algorithms [172].
Likewise, Gopalan et al. [91] apply Thompson Sampling for the prob-
lem of top-N arms selection and report a significant reduction in run-
ning time as compared to a decoupled bandit policy. They conclude
that being Bayesian is advantageous for addressing complex bandit
problems, and thus motivate our choice of policy.

Our problem setting, which resembles many other practical situa-
tions, assumes that certain actions may be unavailable or unreasonable
at times. This has implications on the definition of regret, which is tra-
ditionally measured w.r.t. the best action in hindsight and is no longer
applicable [142]. The idea then is to choose the best action among
currently available actions ordered by their expected reward. Prob-
lem settings that exhibit such behavior have been coined sleeping ban-
dits and studied in various contexts. For example, Kanade et al. [131]
present a no-regret sleeping bandit algorithm for adversarial rewards,
whereas Kleinberg et al. [142] analyze the regret for both adversarial
and stochastic cases. A contextual sleeping bandit with stochastic re-
wards is presented in [267], wherein the author reproduces the result
of [142] using contextual zooming. The term ’contextual’ refers to ban-
dit algorithms that explicitly take into account the state of the environ-
ment (a.k.a. the context) in a given time step to decide upon the arm
selection.

Recent years have seen successful implementations of Thompson
Sampling for recommendations of news articles [45, 281], movies [326],
music [101], documents [28], courses [207], search queries [112], and
dating partners [11]. Convincing attempts have been made to couple
Thompson sampling with popular matrix factorization techniques [136,
326]. Closest in spirit to our work is the paper by Tang et al. [281], who
present an ensemble meta-bandit recommender system. Similar to our
approach, they use a hyper-bandit ruled by non-contextual Thomp-
son Sampling to adaptively explore/exploit base contextual bandits

that select items to recommend. The same basic idea of using a ban-
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dit algorithm for prediction model selection in recommender systems has
been conveyed by Felicio et al. [77]. They experiment with UCB1 and
e-greedy policies with arms modeled as clusters of users induced by
matrix factorization. Our work differs mainly in how we model arms
and attribute rewards. Contrary to some of the aforementioned rec-
ommenders that maximize the click-through rate (CTR) (e.g. [3, 45,
158, 164, 172, 281]), we are interested in optimizing the number of sold
units. In our experience, this e-commerce objective does not benefit
from items that merely attract clicks, and therefore requires a different

attribution model. We outline our approach in the next section.

8.4 Approach
8.4.1 Problem setting

Following the reinforcement learning paradigm, we consider a typical

e-commerce scenario as an interplay between:

o E-commerce environment comprised of a product catalogue I =
{i1,...,41}, and (possibly overlapping) user browsing sessions,
S = (s1,...,55]), each defined as s = (q¢,,...,4q:,, Pr,), where
query ¢; € I represents a product page visitat timet,and P, C I
is the final purchase order at time 7 designating the end of the
< |I]). Note that sessions that do not

session (typically, | P-,
contain purchases are extremely common, but cannot be used for
evaluating recommendations (however, they are useful for train-

ing prediction models).

o Recommendation agent implemented as a multi-arm bandit with
a set of actions A = {ay,...,a/4|} and a sequence of states ¥ =
(01,...,0)x). Each action represents a base recommendation fu-
nction that maps a given query to some subset of the product
catalog, i.e., if @ is the set of all queries, thena : Q@ — P (I \ @),
where P (-) is the powerset function.

We will only consider queries and purchases belonging to the same

session and will, for ease of notation, omit session indices.

130



Paper III: A Bandit-Based Ensemble Framework for Exploration / Exploitation of
Diverse Recommendation Components: An Experimental Study within E-Commerce

For each query ¢; with an associated N-sized recommendation list
Ly, the agent takes at most NV available actions A; = (a1, ...,a)4,|),
s.t. |4¢] < N and q; € A, according to some bandit policy 7 so that
the precision at time ¢: precQN (L) = |L; N P;|/N is maximized. An
action can appear more than once in A; and the recommender does not
have access to P, at time ¢, since ¢t < 7.

Each display of an action’s recommendation in L; results in a binary
reward r € {0, 1} after observing a purchase order at time 7. We refer to
each successful recommendation (i.e. the recommended item is even-
tually bought) corresponding to » = 1 as a hit. The reward of an action
that fails to generate a hit is zero (r = 0).

In case the same successful recommendation is given by different
actions within a session, we face the problem of attribution, i.e. decid-
ing which action should get credit for the sale of an item to the active
user [17]. We follow the equal multi-touch attribution strategy, accord-
ing to which each action that generates a hit is equally rewarded. Al-
ternative strategies include first-touch attribution, last-touch attribu-
tion, and fractional attribution (see [17] for details). Since we have no
means of establishing which of the displayed recommendations are ac-
tually noticed by the user, we consider equal attribution to be the safest
choice.

For each action a € A, we maintain a tuple of running rewards r,
and displays n,, which represents the agent’s current state of knowl-
edge: 0; = (q,Mq)aca. The agent moves to an updated state o1
after attributing rewards at time 7. Figure 11 exemplifies the described
mechanism on the example of a record store. As mentioned earlier,
each user query corresponds to a particular product page visit, where
the recommendations are to be shown. In other words, even if a user
performed a search query, the term 'query’ in our case refers to a click
on one of the search results, which triggers recommendations for a par-
ticular item (or the user-item pair, if the user is identifiable). As Fig-
ure 11 shows, the agent receives a query ¢; from a user who accesses a
particular record page at time ¢;. Based on its state ; and policy 7, the
agent chooses three actions, namely a1, a2 and ag, each returning a sin-

gle item as a recommendation. This results in three recommendations
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being shown to the user on the product page of the query item ¢;. The
user’s browsing session continues at step ¢, with another product page
visit and corresponding recommendations from the agent. At time T,
the user buys three items, all of which were recommended at some
point during the session. This forms the basis for attributing rewards
to bandit arms (or “actions’). These attributions are shown in dotted
lines in Figure 11. After the attribution round, the agent moves to a
new state o with a newly acquired knowledge. In reality, the agent
operates on multiple sessions similar to the one depicted in Figure 11,
which may be active at the current time step. The ultimate goal of the
agent is to maximize the cumulative reward: r = >, ., r¢, where r;
is the sum of rewards obtained at time ¢. )

The described scenario showcases the interactive aspect of the sys-
tem: as the agent influences the user’s behavior by giving recommen-
dations on product pages, the user’s reaction to these recommenda-
tions in turn helps the agent adapt and improve its action selection pol-
icy. What Figure 11 also demonstrates is the transparency of this user-
agent interaction, which is achieved by designing explainable actions
corresponding to a specific item attribute (e.g. ’artist’) or event (e.g.
'viewed after item z”). Recommendation interfaces displaying such ex-
planations next to each recommended item can serve as an additional
navigation tool allowing users to explore relevant items based on some
specific attribute of interest (for example, browsing books written by
the same author). Next, we formally introduce the two types of actions

mentioned above.

8.4.2 Base recommenders

As stated earlier, action set A is an ensemble of base recommendation
functions or “components”.?* These are simple contextual predictors,
whose output is determined by the input query. Each component de-
fines a graph G,((V, E), W), where V is a set of vertices representing

items, E is a set of edges representing between-item associations (in-

2The terms ‘actions’, ‘components’, ‘predictors’, and ‘recommendation functions’

have the same meaning and are used interchangeably
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Figure 11: i2i session-based recommendations with explainable actions

duced by a), and W is a set of edge weights measuring the strength of
these associations. We assume that all edge weights are positive.

We distinguish between two types of components:

1. Attribute-based components connect items via their content fea-
tures (i.e. metadata). We use elementary components, each rep-
resenting a particular attribute of the product catalog. Edges of
this type are undirected. For example, Ng._ . (v) retrieves the
neighborhood of item v containing all items of the same color(s)
as v. Optionally, edge weights can be used to measure the num-

ber of attribute values that are matched.

2. Behavioral components connect items via events (clicks, purcha-
ses, etc.). The edge’s weight in this case captures the frequency
of event observations, i.e. the strength of the association. These
values will be used as estimations of expected reward of this rec-
ommendation response. The edges can be directed, indicating
that the event connecting two items is only meaningful in one
direction. For example, we use the following four types of be-

havioral components:
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e click-click (cc): the directed edge (v,v’) € E[Ng, (v)] signi-
fies that the click on item v is followed by the click on item

v’

e session-click (sc): theedge {v,v'} € E[Ng, (v)] signifies that

items v and v’ are both clicked within the same session.

e purchase-purchase (pp): the directed edge (v,v') €
E[Ng,,(v)] signifies that the purchase of item v is followed

by the purchase of item v'.

e customer-purchase (cp): the edge {v,v'} € E[Ng, (v)] sig-
nifies that items v and v are both purchased by the same

customer (not necessarily in the same session).

The two types of components correspond, respectively, to the terms
content-based and collaborative filtering used in the recommender sys-
tems literature. Our choice of very granular predictors is dictated by
the need for cross-domain applicability, since we want the recommen-
der to operate well on various types of e-commerce data from com-
plete cold-start. However, a vendor can engineer components in many
ways, for example by introducing more complex feature combinations,
campaigns, best-seller/special offer lists, or personalization. Next, we
discuss the construction of a session-based personalized component

using a neighborhood-based approach.

8.4.3 k-Nearest Neighbors (kNN) component

The introduction of a personalized component to the ensemble enables
it to look beyond the current query and take advantage of the entire
user session for the computation of recommendations. This has a po-
tential to boost the overall accuracy of the ensemble by leveraging the
power of collaborative filtering to serve session-tailored content.
Neighborhood-based methods such as kNN are among the most
widely practised personalized recommendation techniques due to their
effectiveness and ease of implementation. As we shall see in Section
8.8.7, the addition of this component to the ensemble will have a con-

siderable positive impact on the accuracy of recommendations, which
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is why we take a closer look at this method here. According to recent
empirical evidence, the predictive performance of KNN on session data
can surpass that of the state-of-the-art deep learning methods such as
GRU4REC [120]. In session data, the neighbors in kNN refer to sessions

that are in some sense similar to the active session.

Furthermore, kNN algorithms are incremental by their nature, mak-
ing them a good choice for streaming session data. This means that
ENN is naturally capable of handling new sessions having only one
event (in which case it becomes equivalent to "click-click” or ’session-
click’ component), or recommending new items as long as at least one
session containing the new item may act as a ‘neighbor’ to some other
session. Another important property of kNN is its ability to provide ex-
plainable recommendations, which is difficult with other recommen-
dation techniques based on e.g. Singular Value Decomposition or Re-
current Neural Networks. Explanations can be given on the grounds
of shared items between the current session and its neighbors from
which the recommendations are extracted. As mentioned earlier, the
explainability of recommendations is a very important factor of the

user-system interaction.

The basic kNN formula for calculating the relevance score rel(i) of

some candidate item ¢ for session S is:

rel(ili ¢ S) = > w(i,S')-sim(S,5") - 1(i € §) (29)
S'eN(S)

where N(S) is the k-sized neighborhood of session S and w(i, S’) is
the worth of item ¢ in session S’ weighted by some similarity measure
sim(S, S"). Typically, Cosine or Jaccard similarity is employed depend-
ing on whether the session is represented as a real-valued or binary

vector. The parameter & has to be established empirically from the data.

Session representation We assume that e-commerce sessions are com-
prised of three types of events: clicks, additions to cart, and purchases.

This assumption is based on examining the data format used in some
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available public e-commerce datasets containing session events?®. We
note that wish-listing, tagging, or reviewing are also examples of valid
event types that are, however, less common in this domain. Taking
the worth of these events into account, the following holds: w(click) <
w(cart) < w(purchase). If we set w(purchase) = 1, other event types
can be expressed as fractions of a purchase, e.g. w(click) = 0.2 and
w(cart) = 0.5. With this weighting scheme, we represent each session
as a vector of cumulative item weights: S = (w(i1), w(iz),...,w(ig)))
For example, if item ¢ was clicked 2 times, then added to cart, but not
purchased, then its worth in the session is w(i) = 2-0.24+0.5 = 0.9. We
note that it is possible to use different representations of the same ses-
sion in the similarity computation phase and in the recommendation
phase. For instance, we could set wgy(click) = 0.2, wsiy (cart) = 0.5 to
compute the neighborhood, but wy.(click) = 0.0, wy(cart) = 0.0 to en-
force recommendations of only previously purchased items. This way,

higher flexibility in modeling the kNN component is achieved.

Ageing The worth of an item in the session may also depend on how
many time steps back it was observed. This captures the intuition that
the most recently examined items are better estimators of the user’s
intent in the session as compared to more distant observations. Like-
wise, the process of establishing close neighbors may also be sensitive
to their age. These two dimensions of ageing can be modelled using
the concept of half-life, which can be defined as the time it takes for ex-
actly half of the item or session weight to decay. The exponential decay

of initial weight wq at time step ¢ using the pre-set half-life parameter

1 t/ti)2
wy = W (2> (30)

We note that ¢ in our case does not represent timestamp, but the

ty/2 is given as follows:

temporal distance of the item/session from the most recent item/ses-
sion. In this way, session similarities and item weights in Equation 29

are time-decayed using Equation 30.

Phttp://2015.recsyschallenge.com/challenge.html,
https://www.kaggle.com/retailrocket/ecommerce-dataset/
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Algorithm  The £NN algorithm scales poorly if all known sessions are
considered as candidates for neighborhood formation. It is therefore
common to perform a pre-processing step that selects some manage-
able subset of sessions as possible good candidates for the neigbor-
hood. At first, this can be achieved by retaining all sessions in which
at least one item of the current session appears. This enables different
strategies for pre-preprocessing using efficient lookup and set opera-
tions. In our experiments, the strategy that yields the best results sim-
ply considers sessions containing the current query item. If this set is
empty, then the union of sessions containing previous items of the cur-
rent session is returned. For faster performance, it is also possible to
return top-k sessions sorted by their overlap with the current session.
To demonstrate the effectiveness of pre-processing, we report running
times and accuracy metrics of kNN with and without pre-processing in
Experiment 5. Once the possible candidate sessions have been found,

ENN proceeds as shown in Algorithm 3.

Algorithm 3 kNN recommender

Input: D: dataset, S: current session vector, k: number of neighbors
Output: recommended item "

1: N(S) « pre-process(D)

2: foreach S’ € N(S) do

’

3: sim(S, S") « m > cosine similarity

4: if IN(S)| > k then

5: N(S) + arg maxyy (sycn(s), v (s) =k 2osrent(s) Sim(S, S")
6: rel(i) + 0.0,Vi € S € N(9)

7: foreach S’ € N(S) do

8: foreachi € S',i ¢ Sdo

9: rel(i) < rel(i) + sim(S, S") - Wre (i, S”)

10: i* < argmax; rel(7)

11: return¢*
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8.5 Analysis of ensemble learning

To further illustrate the issues with ensemble learning, let us for now
assume that we are in possession of an optimal algorithm that has full
knowledge of the incurring expected rewards associated to each query
in the input sequence, i.e., E(R:(L.(q;))) = 1, 1, is known to the algo-
rithm, given that R:(L:(q;)) denotes the random variable of rewards
for the recommendations L;(g;) associated to the query ¢. The notation
r1,+ is short-hand for this expected reward. The total expected reward
for the algorithm is maXLf7~--»L}{Zl<t<T rrr ¢}, where T' is the time
horizon. The optimal algorithm simp_ly_picks, at each time step ¢, the
recommendations L; with maximum expected reward, r Lit = TLot
for all L;.

An ensemble learner that is supposed to learn the optimal algo-
rithm faces several problems. First, non-stationary rewards are impos-
sible to learn unless there is some inherent structure or some known
restrictions to them. Second, and possibly even worse, is that in e-
commerce settings, the number of arms, i.e., the size |I| can be in the
millions and the number of permutations of recommendation items
thus many magnitudes larger. The expected reward for each arm is
therefore extremely small, thus the speed of convergence for any ban-

dit based ensemble learner will be very low.

To address the convergence speed, we would like to reduce the
number of arms and at the same time increase the expected rewards of
these. Going back to our fictional optimal algorithm, we assume that
it has additional access to base recommendation functions or compo-
nents a1, ..., a,, which we further assume always produce locally op-
timal recommendations. Thus, our optimal algorithm has full knowl-
edge of the expected rewards E(R;(a;(g:))) = rj, where R.(a;(g:))
denotes the random variable of rewards for the recommendations as-
sociated to component a; on query ¢; at time ¢. This leaves the problem
of non-stationary rewards unsolved, but for now let us make the fur-
ther assumption that E(R;(a;(g:))) = r;, i.e., the reward is stationary
over time. We can then consider the reward r; to be associated di-

rectly to the component a;. Again, an optimal algorithm in this case
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simply picks the component that has the largest reward r; and uses
this one throughout the query sequence. The objective of an ensemble
learner is hence to learn which component has the maximum expected
reward and once this is done, it continues answering the remaining
queries using this component, since the reward probabilities are sta-
tionary. In this setting, Thompson sampling has been proved to have
low regret [135] and with few components, the convergence speed in-

creases accordingly.

For some practical applications, the assumption that each compo-
nent a; has a stationary reward is valid, e.g., in the comparison of
the efficiency of medical treatments as originally proposed by Thomp-
son [284]. However, for most e-commerce situations, this assumption
is completely unreasonable leading to poor performance of ensemble
learners like Thompson sampling and UCB. In fact, an ensemble learner
will learn the average reward of the component a; with the best aver-
age performance over the query sequence. This means that the ensem-
ble learner will never do better than the component with best average
performance even if there exist other components that do significantly

better when queries are in specific domains or contexts.

Algorithm 4 Optimal Full Knowledge Recommender

Input: ¢:: a query at time step ¢, aj, forl1<j<m components
Output: Optimal top-N recommendations L, for time step ¢

1: j*«0, r"«+0.0

2: foreach1 < j <ndo

3: if ¢ € aj and r; > r* then > Assume true for some j
4 Jrg, iy
5: return L:(aj=(q:)) > Component a;+ has maximum reward for ¢,

To overcome this problem, we relax our strong assumption about
stationary rewards and make a significantly weaker assumption on the
reward probabilities. Each component a; can have different probabili-
ties for different queries, but the queries can be partitioned into two
sets ; and Q;, such that queries ¢; € Q; each have the same ex-

pected reward r; and the queries ¢; € Q); each have expected reward
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E(R¢(a;(q:))) < r;,1i.e., much smaller than r;. We henceforth identify
each component a; with the corresponding query set ();. In the sequel,
some components (the behavioral ones) are given by enumerating the
queries and some (the attribute-based ones) are defined intensionally,
by reference to the corresponding attributes, e.g. jazz records.
Consider now the algorithm presented as Algorithm 4. We prove

that Algorithm 4 is indeed optimal.

Theorem 1. Given n components ay, . . . , a, withassociated rewardsry, ..., r,
and a query sequence Q1 = {q1,...,qr}, such that each a; C Qr, then Al-
gorithm 4 produces recommendations with maximum total expected reward.

Proof. Let Jopr = {j7,...,j+} be the sequence of indices of compo-
nents giving the maximum expected reward. The total expected re-
ward for this solution is ), ., ., r;-. Consider a query ¢; at time step
t where Algorithm 4 does not use index j; but some other index j;"
in Step 5 of the algorithm. Since Algorithm 4 always selects a compo-
nent having maximum associated reward, this means that r . > r;;
and the choice of Algorithm 4 is at least as good as the optimal choice.

Repeating the argument for every ¢, 1 < ¢ < T, proves the theorem. O

For this, less restrictive, model, we have two challenges. First, we
need to modify the ensemble learner to be able to acquire sufficient
knowledge to apply Algorithm 4 rather than simply the component
with best average performance. The main difference lies in the test
g: € a; in Step 3 of Algorithm 4. Thus, for the ensemble learner to
work, it must be able to perform this test on each component, i.e., test
that the query is contained in the component and hence that the recom-
mendations produced have the high reward r; associated to the com-
ponent a;. In Section 8.7, we develop such an ensemble learner; see
Algorithm 6. However, instead of implementing the test in the learner,
it defers the test to the component which then decides to answer if the
query belongs to it, otherwise it refuses to provide recommendations
for the query.

The second challenge is to guarantee stationary or almost stationary

rewards for the queries in each component (as opposed to stationary
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rewards for all queries). Since the ensemble learner has no a priori
knowledge of the rewards, it may falsely include or exclude queries
from a component. As the actual rewards are learned, the ensemble
learner must update the components to contain the correct queries so
as to maintain almost stationary component rewards.

To ensure that each component maintains nearly stationary rewards
on its queries throughout the query sequence, we introduce the con-
cept of dynamic partitioning of components to let the ensemble learner
split components into pieces when rewards of the queries contained in
the components begin to differ too much. Again, this partitioning is
deferred to the actual component so as to avoid introducing domain
specific actions to the ensemble learner. We discuss the dynamic parti-
tion process in more detail in the next section. The expected rewards of
components or predictors will henceforth be referred to as the precision

of these.

8.6 Dynamic partitioning

Itis apparent that bandit arms constructed as in Section 8.4.2 are prone
to non-stationary behavior, since the size of the neighborhood N¢, (v)
may differ significantly from query to query. The problem is particu-
larly profound in behavioral components, as new edges are constantly
added to the graph and the weights of existing edges are constantly
updated from new observations. This may lead to situations when
top-performing predictors (in the long run) get under-explored by the
bandit algorithm because of their poor performance at an early stage.

A simple solution to this problem, as we indicated in the previ-
ous section, is to dynamically partition a component a into several dis-
joint parts or “sub-components” based on the estimated precision of
each candidate item contained in the query response Ng, (¢). In other
words, we cluster the queries with the aim to obtain sub-components
each having a distinct but homogeneous precision. Homogeneous here
means that within each sub-component, the precision is roughly the
same. We achieve this by actually partitioning the query-response pair

to simultaneously partition the component and to cluster the responses
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according to their precision estimates. This approach is consistent with
the mixture of experts paradigm, which “models the local competence
of experts in different distributions of data space according to each
input data” [182]. In our case, each sub-component can be viewed
as an expert that specializes in certain types of input queries. Let

aicA acA

i ANB

Figure 12: Partitioning the components. Top: query answers of component A.
Bottom: query answers of component B. The area A N B contains common
queries for A and B (see further explanation in text).

szB blCB

A, denote a partitioning of a recommendation component a: A, =
Pla),st-Narca, = D5Upca, = a,Va € A. We can now expand the
original action set to the set of sub-actions: A = |J, A,, where each
sub-action ¢’ € A, has a (relatively) fixed reward distribution. The
rationale for partitioning the components is illustrated in Figure 12.
In this example, components A and B answer 10 queries each, with
4 queries in common. The successful and unsuccessful answers are
marked with “+” and “-”, respectively. Overall, A is more precise than
B since it correctly answers 60% of the queries vs. 40% for compo-
nent B. However, B happens to be much better in segment A N B,
with 100% precision. The total precision for all queries is measured
as prec,,, = prec(A — B) + prec(A N B) + prec(B — A). If Aand B
unpartitioned 1-6/10 +
0.4-4/10+1-0/10 = 76%. However, if A is partitioned into seg-

ments a; and a2 and B is partitioned into segments b; and by (with

are used ’as is’, the precision comes up to prec

142



Paper III: A Bandit-Based Ensemble Framework for Exploration / Exploitation of
Diverse Recommendation Components: An Experimental Study within E-Commerce

an overlap in ag and bs) as shown in Figure 12, the precision becomes:
PTeCpatitioneg = 1 - 6/10 +1-4/10 +1-0/10 = 100%. This is happening
because for segment A N B, where sub-component b, has perfect pre-
cision, it will be preferred to a, at all times by the sampler. The overall
gain of this partitioning is thus 31.6%. It can be shown that the gain by
a factor of 2 is achievable in the best-case scenario.

Since the actual precisions are not known a priori, we have to resort
to various proxies for precision depending on the type of component.
For example, attribute-based components can be partitioned based on
)26

the inverse document frequency (IDF)~°, as shown in Algorithm 5.

Algorithm 5 IDF-based partitioning

Input: ¢: query, a: attribute, I: item catalog, K: #subsets in partition
Output: A,: partition of candidate itemset V' (Ng,, (q))
DA — D,ah + O,...,a + @ > initialize sub-components to empty sets
s Ag (o, ah, ..., al) > create a partition
o idfy = 0,idf, < 0,...,idf|; < 0 v initialize IDF scores of each item to 0
: for each v € attribute_values(a, ¢) do

1
2
3
4
5: C « V(Ng,.,(q)) © generate candidate itemset induced by value v
6 idf < log(|I]/(]|C| + 1)) b calculate the inverse document frequency
7
8

foreachiec C do > for each item in candidate itemset

idf, < idf, 4 idf > update the IDF value of an item

9: foreachi € V(Ng,(q)) do > for each item in «’s response to g
10: k < select_index(i, idf,) > get sub-component from item'’s idf
11: ay, + oy U {i} > assign the item to the selected sub-component

12: return A,

The intuition behind it is that the more frequent the target attribute
value is in other items, the more difficult it is to make the right recom-

mendation. This is captured by the IDF score:

1]
NG, (q)] +1

26Term frequency (TF) is omitted from calculations as the number of occurrences of

IDF(q,a) = log (31)

an attribute value in the same item is rarely greater than 1
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where | N¢,, (¢)|is the number of retrieved items sharing the same value
of attribute a with the query item ¢, and || is the size of the item cata-
log. Thus, smaller neighborhoods Ng, (¢) result in better (higher) IDF
scores. These scores are aggregated when the query item has multiple
values for the attribute (e.g. a book with several authors), as Algo-

rithm 5 shows.

When it comes to behavioral components, we can directly use edge
weights w, (v,v") corresponding to event observations as a proxy for
precision (for the kNN component, we use the relevance score com-
puted using Equation 29). The obtained scores are then assigned to
bins to obtain the partitioning of the component’s output using, e.g.,
log, (score) for bin boundaries. Because the event graphs are constantly
evolving, partitioning is done dynamically upon each response N¢,, (¢q)
of some component a to some query ¢, and hence new (more precise)
sub-components emerge with time. For example, as soon as an as-
sociation between any pair of items surpasses the previously uncon-
quered threshold of ¢ observations, it will automatically be assigned
to a newly created partition corresponding to w,(v,v’) > ¢. In this
manner, pairwise item associations accumulating more weight eventu-
ally migrate from a lower-precision partition to a higher-precision one.
This ensures that the precision of each partition is kept within certain
limits, thus maintaining almost stationary reward estimates. Figure 13
gives a toy example of partitioning a response of a ’click-click’ com-
ponent to a query on item g. We see that this response yields four
recommendable items (nodes i, to i4). For each association between a
query item and a recommendable item, we calculate the precision es-
timate by taking the logarithm of the associated weight (recall that it
corresponds to the event observation count). The obtained estimates
determine how to partition the response by clustering the four edges -
(g,71) to (g, 14) - to sub-components, based on some pre-set thresholds
for bin boundaries (in our example, 2 and 6). Note that as soon as the
edge (g, i2) receives one more observation resulting in wc.(q,i2) = 4,

this edge will migrate from sub-component a; to as.
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Given: query g, component A = "click-click” (cc), thresholds @ = {2, 6}
NG..(q) = {i, iz, i 1) prec(q. ix) < log, wee (. ix)

prec(q, ir) = log, wee(g, i) = 1
Ju— .\ def .
prec(q, iz) = log, wee(q, iz) = 1.58

pree(q is) < log, wee(q, is) = 3

pree(q, is) = log, wee(q, is) = 6.64
ay : 0 < prec(q,ix) < 2= ay 3 (q,i1),(q, i2)

az : 2 < prec(q,ix) < 6 = a; 3 (q, i3)

as : 6 < prec(q, ix) = a1 3 (q, is)

Figure 13: An example of dynamic partitioning of a behavioral component
(‘click-click”) into three sub-components a1, a2 and as, in response to query q.

8.7 An ensemble learning agent
8.7.1 Preliminaries

Our agent extends beyond the classical multi-arm bandit, since it needs
to solve the top-N selection problem with varied action availability.
The availability of action a for filling the j-th position in the top-V list

L, is subject to the following conditions:

1. N¢,(q:) # @, i.e. the response of action a to query ¢; is non-

empty

2. Ng, (q)\L[1,...,j — 1] # @, i.e. the response contains at least
one item distinct from those already recommended at the first

j — 1 positions of the recommendation list L;.

Based on the above conditions and the policy 7, the agent plays the

best among currently available actions. This corresponds to picking
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one item from the action’s sub-graph. The procedure is repeated for
each position in L;. The ensemble learner is therefore characterized
as a sleeping bandit with multiple plays. Both recommendation steps
(i.e. choosing an action and choosing an item) can be taken in either
deterministic or probabilistic manner.

Because of the partitioning method presented earlier, we can ap-
ply any standard stochastic policy to our bandit ensemble framework,
henceforth referred to as BEER (Bandit Ensemble for E-commerce Rec-
ommendations), where action rewards are assumed to be drawn i.i.d.
from some fixed probability distributions. This also means that the se-
lected action can now pick a random item from its sub-graph, which
helps to diversify recommendations without loss in precision.

A well-studied family of deterministic MAB policies is based on the
principle of optimism in the face of uncertainty. These policies select an
action with the highest index corresponding to the upper confidence
bound (UCB) for the action’s expected reward, plus some padding func-
tion (e.g. [88, 159, 164]). They capture the intuition that the high bound
is either due to the action being under-explored, or well-rewarded in
expectation. Other policies balance between exploration and exploita-
tion probabilistically. For example, the e-greedy policy chooses a random
action with probability e and the empirically optimal action with prob-
ability 1 — ¢, whereas randomized probability matching chooses an action
in proportion to its probability of being optimal. The latter approach
is known as Thompson Sampling and has shown promising results in
many practical applications, including top-N action selection [91]. We
now give an overview of this policy and then explain how to adapt it

for the needs of our ensemble learning bandit (Algorithm 6).

8.7.2 Thompson sampling

Probability matching is a Bayesian heuristic, which models reward dis-
tribution using a parametric likelihood function P(r|a,6), where 6 =
(01,...,0,4)) is some unknown parameter vector. Our reward system
implies a Bernoulli bandit, where parameters ¢ represents the proba-

bilities of obtaining a binary reward. Given agent state o at the current
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step ¢’ and some prior distribution over 6, the posterior distribution is
obtained using Bayes’ rule:

P(J}L?T])DW) o< lt_[P(rt\a € A, 0)P(0) (32)

t=1

P(b|o) =

We then take an optimal action according to the probability matching

principle:
a* = argmaxa/]l[E(ﬂa,G) = mE}XE(r\a’,H)]P(ﬂU)dG (33)

Instead of computing the integral, Thompson Sampling draws ran-
dom samples independently for each action a from the respective pos-
terior P(6,|0) and chooses the action a* with the largest 6,. The prior
is typically Beta-distributed, since it is conjugate to the Bernoulli dis-
tribution: P(f,) ~ Beta(w, ), where o« = a9 + r, can represent the
number of "successes"”, and § = By + n, — 1, can represent the number
of "failures".

The randomized nature of Thompson Sampling implies continuous
exploration in situations when deterministic UCB policies get stuck in
the same action over the extended period of time. This makes Thomp-

son Sampling more robust in various practical scenarios, namely:

o Delayed feedback. Because of random sampling, the exploration

phase does not suffer from the lack of regular posterior updates.

o Adding new actions. One can simply set the new action’s prior to
the default Beta(1,1) and let the ensemble algorithm continue
its exploration naturally. In UCB, the exploration would focus
exclusively on the new action until its confidence bound becomes

comparable to the bounds of other actions.

o Non-stationary actions. When a previously well-performing action
starts failing, Thompson Sampling goes to the exploration phase
faster than UCB.

All the above scenarios are handled seamlessly without any algorithm
parameterization, which is another advantage of Thompson Sampling.
However, the existence of the Beta parameters allows to re-shape the

reward distributions beforehand, as we discuss next.
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8.7.3 Sampler priming

The parameters o« > 0 and 5 > 0 control the shape of Beta distribu-

. . _a . 2 _ apB
tion with mean p = e and variance 0 = CETES) CETiEn

parameters o and Sy allow us to prime the sampler with some initial

The prior

frequencies of successes and failures. At time ¢y, &« = oo and 5 = fo.
The de facto choice ag = By = 1 corresponds to the uniform distri-
bution (i.e. uninformative prior). We consider two practical situations

when more informative prior parameters can be specified:

1. Recorded event data is available beforehand. This can happen
when the recommender system is deployed on a pre-existing e-
commerce site. In this case, parameters o and 3 can be learned
directly by running Thompson Sampling through the recorded
data. We experiment with this scenario in Section 8.8.6.

2. No recorded event data is available. This is the case of newly
launched e-commerce sites, where only the product catalog is
known. In this scenario, a vendor might attempt to prime attri-
bute-based components based on the statistical properties of the
product catalog. We give an example of such priming (along with

its experimental results) in Section 8.8.6.

In cases when the direct estimation of o and 3 does not seem fea-
sible (as in case 2), we might still make assumptions about the means
of prior distributions based on some domain knowledge (e.g. product
catalog). We can then reason about the variance through the following

formula:
52t (L —p)
v

; (34)

where v > 1 is a parameter expressing our uncertainty about the esti-
mated mean. This parameter is defined as v = a4 3+ 1. Choosing high
values of v (i.e. high certainty) results in more peaky curves, whereas
lower values lead to flatter distributions. Knowing the estimates of
and o2 allows us to compute «a and S as follows:

(n=1)(0 +p* — p)

plo® + p* — p) _
_ ~ U 5=
ag ag

(35)

o =
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8.7.4 Algorithm

Our bandit ensemble based on Thompson Sampling (“BEER[TS]”) is

summarized in the pseudo-code of Algorithm 6.

Algorithm 6 BEER[TS]

Input: o, 8\"): prior parameters Va € A > default: ap = 8o =1

Output: top-N recommendations L, where ¢ is current time step
1: for eacht do
2: forj=1,...,N do

3: for each a € A do
4 Co + V(Ng, (@)\L[1,...,7 —1] > a’s answer to g
5: if C, = @ then
6: continue > do not take “sleeping” actions
7 Aq + partition(C,) > into disjoint subsets
8: foreach a’ € A, do
9: Select index k(a') > sub-action to sample from
10: O ~ Beta(aé“) + (e’ ﬁéa) + Nie(ar) — Th(a’))
11: a* < argmax,, 0,
12: L[j] + pick_item(Clq~)
13: Observe reward r € {0, 1} for L:[j] > delayed until time 7
14: Th(a*) & Th(a*) + 7 > update action rewards
15: Nk(a*) ¢ Ni(ar) + 1 > update action displays
16: Output Ly > output recommendations at time ¢

We note that it is easy to replace TS with other MAB policies within
the BEER framework. The experimental evaluation of different policies
is given in Section 8.8.5.

One step of Thompson Sampler takes constant time, and the time
complexity increases linearly in the number of sub-components com-

prising the learner.
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8.8 Experiments
8.8.1 Datasets and experimental setup

We conduct our experiments using two proprietary e-commerce data-
sets?” from the books and fashion domains, and one public dataset®® [21]
with cross-domain merchandise. From these datasets, we select 500,000
events of timestamped session data for our experiments. To make the
evaluation possible, we only consider sessions that culminate in a pur-
chase order (however, non-converted sessions can still be used to train

the model). The summary of the datasets is given in Table 18.

Table 18: Dataset summary

Dataset Books Fashion Yoochoose
# Products 91433 19731 52739

# Purchases 134850 50096 101763

# Attributes 45 51 2

# Sessions 58465 21411 55600

Mean session length 8.6 events 22.37 events  9.25 events

The composition of the ensemble that is used in our experiments
varies across the datasets. While we use a fixed set of four behavioral
predictors (those presented in Section 8.4.2), the number of attribute-
based components ranges from 2 to 51, as Table 18 shows.

Our simulation adopts the streaming evaluation protocol, which has
started gaining attention of the recommender systems community in
recent years (e.g. [44, 170, 296]). This approach aims to simulate real-
time user interaction with the system in offline mode by processing
one event at a time. This is different from the traditional batch evalua-
tion method, where the algorithm is first trained on a chunk of train-
ing data, and then evaluated on a disjoint chunk of test instances. In
contrast, the streaming method operates on a continuous flow of data

and thus does not require data pre-processing. This also means that

?’Provided by Apptus Technologies: http: //www.apptus . com
2Provided by Yoochoose: http://2015.recsyschallenge.com
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training must be done incrementally after each observed user-item in-
teraction. For each new event in the stream, our simulation proceeds

as follows:

1. if it is a click, generate a recommendation list for the given item

based on the information known so far; then go to step 3.

2. if it is a purchase, evaluate all previous recommendations given

in the current session against the purchased items.
3. update the model with the observed event.

It is easy to see that this protocol is consistent with Figure 11, which
was used earlier to illustrate the workings of the algorithm in a user
session. Next, we present the evaluation metrics that are used in step

2 of the above protocol.

8.8.2 Evaluation metrics

In all our experiments, top-/N recommendations are evaluated at N =
5. The accuracy of such recommendations is traditionally measured
in terms of precision and recall. Precision shows how accurate the rec-
ommender system is in relation to the number of displays within a
session, whereas recall evaluates its accuracy with respect to the num-
ber of purchases in a session. In the context of e-commerce, recall is
an especially valuable metric since it basically shows how many pur-
chases might have been triggered by recommendations (we note that
a recommendation panel is clearly neither the only nor necessarily the
main way to generate a purchase on a website). Apart from the ap-
parent business value, converting a session via recommendations —
as estimated by recall — also means that the recommender system has
successfully assisted the user in finding the product(s) of their interest,
thus improving the overall user experience.

Let hs and h/, denote, respectively, the number of total and distinct
hits in session s. Note that a hit refers to a successful recommendation
(which may not necessarily be unique within a session, as the same
item could appear in several recommendation lists). The above metrics

can be defined as follows:
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hs I
2 recall = 2ol
Zs s Zs |P7's

where n, is the number of displays in session s, and P;, is the set of

precision = (36)

purchased items in session s.

In addition, we report the Normalized Discounted Cumulative Gain
(NDCG), which is sensitive to the position at which a hit occurs (un-
like precision and recall). This property is important because of the so-
called position bias - the human’s natural tendency to examine ranked
lists from top to bottom, giving higher weight to the topmost items.
From the perspective of user experience, algorithms optimized for top-
weighted lists are advantageous because they maximize the chance of
a user seeing the most relevant content from first glance at recommen-
dations, thus reducing the time needed to find the item of interest, and
minimizing the probability of missing it. To account for the position
bias, NDCG first computes the discounted sum of relevance scores of
the ranked items (DCG). The discount is nothing but a decreasing func-
tion of the item’s rank. As Equation 37 shows, the discount in NDCG is
logarithmic. The relevance score in our case reflects the binary reward
for the displayed recommendation at a given rank j, i.e. ; € {0,1}.
The DCG is then normalized by the DCG of the ideal ranking (i.e. when
all displayed items yield positive rewards), denoted as IDCG.

For a set of queries (), NDCG at rank NV is computed as follows:

Q|

1 DCG,
NDCG = ] ZIDCG

where

min(|P|,N)

N
r; 1
G ; log,(i + 1)’ IpoG, ; logy (i + 1) (37)

All our experiments report the averages over 10 runs of the simu-

lation.
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8.8.3 Experiment 1. standard vs. modified Thompson Sampling

In our first experiment, we compare the modified Thompson Sampling
policy adapted for non-stationary and “sleeping” actions (i.e. Algo-
rithm 6) to the standard Thompson Sampling algorithm. The com-
parison table is given below. We note that TS(SB+DP) in Table 19 is
equivalent to BEER[TS] from Algorithm 6.

Table 19: Standard vs. modified Thompson Sampling

Agent Recall Precision NDCG
Books
TS (SB+DP)  0.0581 183.3%  0.0210 194.4%  0.0716 194.6%
TS (SB) 0.0562 177.3%  0.0202 187.0%  0.0660 179.3%
TS 0.0317 0.0108 0.0368
Fashion
TS (SB+DP) 0.1734 121.3%  0.0152 113.4%  0.0483 119.9%
TS (SB) 0.1760 1232%  0.0142 16.0% 0.0427 16.0%
TS 0.1429 0.0134 0.0403
Yoochoose

TS (SB+DP) 0.2973 1105%  0.0419 110.8%  0.1391 121.4%
TS (SB) 0.2984 110.9%  0.0409 182%  0.1273 111.1%
TS 0.2690 0.0378 0.1146

SB = Sleeping Bandit, DP = Dynamic Partitioning

Table 19 reveals that accounting for “sleeping” actions in Thomp-
son Sampling is a necessary measure for our application, since it im-
proves the accuracy on all three metrics and all datasets. The “sleep-
ing” mode becomes especially important when frequently chosen com-
ponents cannot answer many queries, in which case they should allow
other (responding) components to take over the query.

It can be seen that component partitioning is able to further boost
the accuracy on all datasets in terms of precision and NDCG rank-
ing. In the Books dataset, it also improves recall. In the other two

datasets, we observe the typical precision-recall trade-off, with recall
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suffering small losses yet remaining within comparable value ranges.
This can be explained by the fact that sub-components have limited
catalog coverage (as compared to an unpartitioned component), and
hence can miss some items in the purchase order P;. However, they
increase the likelihood of a relevant item being purchased by improv-
ing its exposure (precision) and ranking (NDCG) in recommendation
lists. We also note that in this experiment we applied the same thresh-
olds for component partitioning in all datasets, and hence it would be
reasonable to expect higher scores with dataset-specific thresholding
strategies. We leave this analysis for the future.

We performed a two-tailed t-test on the results in Table 19 and it

proved them to be statistically significant at an alpha level of 0.01.

8.8.4 Experiment 2: BEER(TS) vs. baselines

We now compare our ensemble recommendation algorithm against
two stand-alone recommenders, namely best sellers (BS) and those-who-
bought-also-bought (TWBAB). Both predictors are based on item (co-
Jpurchases, which is clearly the strongest behavioral signal in a non-
personalized context. This makes these predictors highly competitive
as baselines for our experiment. While making this comparison, we
evaluate two variants of BEER[TS] - with and without the aforemen-
tioned baselines as components of the ensemble. In this comparison, it
is also worth looking at the coverage of queries by the recommenders.
Table 20 summarizes the results of the experiment.

Regardless of whether the two baselines are part of the ensemble or
not, BEER[TS] vastly outperforms the stand-alone baselines in terms of
recall and NDCG. It is also clear from Table 20 that TWBAB tends to be
the most precise recommender (for Books and Yoochoose). However,
this predictor has rather poor query coverage, which is especially evi-
dent in the Books dataset, with only 41.64% query response rate. The
query coverage of BEER[TS] without baselines is also lower than in
other datasets, which is why the Books dataset benefits more from the
“sleeping” bandit configuration in the previous experiment (Table 19).

The best sellers baseline, on the other hand, is capable of answering
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Table 20: Ensemble recommender vs. stand-alone baselines

Agent Recall Precision NDCG query coverage

Books
BEER[TS] incl. baselines  0.0589 0.0213 0.0719 1.0
BEER[TS] excl. baselines  0.0551 0.0275 0.0655 0.7185

TWBAB 0.0324 0.0365 0.0366 0.4164
Best sellers 0.0105 0.0085 0.0292 1.0
Fashion

BEER[TS] incl. baselines  0.1750 0.0155 0.0504 1.0
BEER[TS] excl. baselines 0.1704 0.0149 0.0474  0.9825

TWBAB 0.1185 0.0136 0.0277 0.7792
Best sellers 0.0490 0.0119 0.0374 1.0
Yoochoose

BEER[TS] incl. baselines  0.2985  0.0424 0.1424 1.0
BEER[TS] excl. baselines  0.2953  0.0470 0.1376  0.8999
TWBAB 0.2311  0.0519 0.1063  0.7286
Best sellers 0.1211  0.0234 0.0687 1.0

TWBAB = those-who-bought-also-bought

every query (past the very first session), since its recommendations are
not query-specific. Therefore, the inclusion of this baseline makes it a
good fallback method for the ensemble learner. With the addition of
TWBAB, the learner can benefit from TWBAB'’s high precision in cases
when it gives an answer. Indeed, we observe that the inclusion of the
two baselines to BEER[TS] results in better recommendation accuracy

with an excellent query coverage.

8.8.5 Experiment 3: MAB policies within BEER

As noted earlier, it is easy to replace Thompson Sampling with other
MAB policies within the BEER framework. In this experiment, we run
several instances of our ensemble learner powered by various MAB
policies. Apart from TS, we consider five variants of UCB algorithms,
namely UCBL1 [14], UCB-Tuned [14], UCB-Bayes [135], KL-UCB [87],
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and MOSS [13], as well as the pre-tuned e-greedy policy. The simplest
of these policies is e-greedy, which chooses an arm greedily with prob-
ability 1 —¢, and plays a random arm otherwise. A well-tuned e-greedy
is the obvious first choice as a baseline bandit policy. The Upper Con-
fidence Bound (UCB) family of algorithms is clearly one of the most
popular solutions to MAB problems. The key difference of this policy
from e-greedy and Thompson Sampling is that it is deterministic (in
its original formulation). It chooses an arm based on a confidence in-
terval, within which the expected reward is to be found. The policy
makes optimistic guesses based on the upper bound of this interval
(UCB). The arm which maximizes the sum of expected reward and up-
per confidence bound is pulled. If the guess is wrong, then the upper
bound will quickly decrease and we will start exploring other arms. If
the guess is right, the chosen action will be exploited, thus contribut-
ing to the reduction of regret. This is how UCB policies balance explo-
ration and exploitation. Over time, repeated arm pulls will eventually
approach the true expected value. Different variants of this strategy
that are used in our experiment differ in how they estimate the UCB
and/or put constraints on the reward distribution.

The resulting scores for different policies are summarized in Ta-
ble 21.

We observe that Thompson Sampling maintains its top rank for all
metrics in all three datasets. In line with the findings of Gopalan et
al. [91], we conclude that Thompson Sampling is very effective in solv-
ing complex practical online tasks, such as e-commerce recommenda-
tions. Our experimental findings support the claims that were made
in Section 8.7.2 regarding the advantages of Thompson Sampling over
UCB-style policies in situations such as delayed reward attribution,
which is our case here. The strength of Bayesian policies is also evi-

dent from the fact that UCB-Bayes is the second best performer.

8.8.6 Experiment 4: priming the sampler

Having established the best policy for orchestrating the ensemble com-

ponents, we experiment with priming the Thompson Sampler with
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Table 21: Ensemble learner with different MAB policies

Agent Recall Precision NDCG
Books
BEER[TS] 0.0589  0.0213 0.0719

BEER[UCB-Bayes]  0.0578 0.0210 0.0709
BEER[UCB-Tuned] 0.0568 0.0206 0.0694
BEER[MOSS] 0.0567  0.0205 0.0694
BEER[UCBI1] 0.0526  0.0188 0.0642
BEER[KL-UCB] 0.0500 0.0195 0.0657
BEER[e-greedy] 0.0024 0.0117 0.0382

Fashion
BEER[TS] 0.1750 0.0155 0.0504
BEER[UCB-Bayes] 0.1701  0.0147 0.0480
BEER[e-greedy] 0.1697 0.0151 0.0489
BEER[MOSS] 0.1656 0.0141 0.0463
BEER[KL-UCB] 0.1630 0.0149 0.0485
BEER[UCB-Tuned] 0.1602 0.0133 0.0437

BEER[UCBI1] 0.1426 0.0114 0.0377
Yoochoose
BEER[TS] 0.2984 0.0424 0.1424

BEER[UCB-Bayes]  0.2976  0.0422 0.1414
BEER[UCB-Tuned] 0.2975 0.0421 0.1412
BEER[MOSS] 0.2971 0.0422 0.1413
BEER[UCBI1] 0.2955 0.0415 0.1394
BEER[KL-UCB] 0.1794  0.0287 0.0950
BEER[e-greedy] 0.1211  0.0234 0.0755

side information in attempt to give it an additional accuracy boost. As
outlined in Section Sampler Priming, this information may come from

two sources: a) pre-existing user sessions; and b) the product catalog.

Priming with pre-recorded event data The deployment of the recom-
mender system on an existing website with some history of past user

sessions makes it possible to prime the sampler in two ways. First, the
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behavioral components can be warm-started with initial item associa-
tions from past events. This allows the sampler to take advantage of
high-precision behavioral components from the very start. Second, af-
ter running the sampler through historical data we obtain the initial
posterior distributions for each component, which allows us to assign
informative priors to the Thompson Sampler. We evaluate both sce-
narios by running BEER[TS] through pre-recorded 100K events pre-
ceding our test data for each dataset. In Table 22 we evaluate the effect
of pre-training behavioral components and priming the component’s

Beta distributions separately.

Table 22: Priming the sampler with pre-recorded event data

Agent Recall Precision NDCG
Books
BEER[TS]: pre-trained+primed  0.0632 17.3%  0.0231 18.5%  0.0828 115.2%
BEER[TS]: pre-trained 0.0633 17.5%  0.0230 18.0%  0.0822 114.3%
BEER[TS]: cold-start 0.0589 0.0213 0.0719
Fashion
BEER[TS]: pre-trained+primed  0.1805 132%  0.0159 12.6%  0.0517 12.8%
BEER][TS]: pre-trained 0.1792 125%  0.0157 11.3%  0.0511 11.6%
BEER]|TS]: cold-start 0.1749 0.0155 0.0503
Yoochoose
BEER[TS]: pre-trained+primed ~ 0.3115 145%  0.0434 13.1%  0.1464 13.2%
BEER[TS]: pre-trained 0.3096 13.9%  0.0434 13.1%  0.1466 13.4%
BEER[TS]: cold-start 0.2980 0.0421 0.1418

It becomes clear that pre-training behavioral components has a no-
ticeable effect on the accuracy of recommendations (even when the pre-
recorded dataset is 5 times smaller than the test set). However, the
effect of priming the Beta parameters is less evident. This especially

holds for datasets with few components, such as Yoochoose.

Catalog-based priming A more challenging priming scenario is when

the only available side information is the product catalog. Even though

158



Paper III: A Bandit-Based Ensemble Framework for Exploration / Exploitation of
Diverse Recommendation Components: An Experimental Study within E-Commerce

priming behavioral components in this situation is not feasible, we may
still make informed guesses about the predictive ability of attribute-
based components. One way of reasoning about their means is to make
them inversely proportional to the average query response size. This
has the same intuition we used for IDF-based partitioning (Section 8.6):
attributes that yield larger sets of recommendable items for a given
query (i.e. the currently examined item) have lower expected rewards
as compared to attributes that produce ‘sharper’ responses. In other
words, assuming that each query response from action a contains one
relevant item, the mean p, is equal to the probability of that item ap-

pearing in the top-1 result. We can express it as follows:

1 1
R - - 38
b = G, 2 TN @ )

where V(G,,) is a set of vertices (items) connected via attribute a, and
Ng, (q) is a neighborhood of query item ¢ containing items with the
same value of attribute a as item q.

The calculation of the variance is done via Equation (34), where we
need to set the uncertainty parameter v according to our confidence in

the estimation of yi,. We envisage several possibilities:

1. Uniform v. For the standard Thompson Sampling with priors
a=1,8=1 wehave: v = o+ 3 + 1 = 3. This corresponds to
the default variance of 1/12.

2. Component-specific v depending on the component’s query cov-
erage. For example, v, = /[V(G,)| + 1. Intuitively, the more
items (i.e. queries) have contributed to estimating the means, the
more reliable that estimate is. Plugging this v, to Equation (34)
will result in variances reflecting our degree of uncertainty in the

primed means.

Another factor worth considering is posterior scaling. In classi-
cal Thompson Sampling, all actions start off with uniform priors with
1 = 0.5. In most recommendation scenarios, however, it is reasonable

to assume that the true Beta means will be much closer to 0. This can

159



Paper III: A Bandit-Based Ensemble Framework for Exploration / Exploitation of
Diverse Recommendation Components: An Experimental Study within E-Commerce

be seen in Table 20, where the precision of the best stand-alone predic-
tor (TWBAB) is at best 0.0519. Therefore, we may aid convergence by
setting the initial means to lower values, such as 0.05. In case the dis-
tributions are not uniform but primed, we can scale the primed means
to the interval [0,0.05].

Table 23: Catalog-based priming

Agent Recall Precision NDCG
Books

BEER][TS]: catalog-primed, vq = /|V(Ga)|+1  0.0592  0.0214 0.0721

BEER][TS]: catalog-primed, vq = 3 0.0587  0.0213 0.0718

BEER[TS]: cold-start 0.0587  0.0212 0.0716
Fashion

BEER[TS]: catalog-primed, v = /|V(Ga)|+1 0.1761  0.0156 0.0506

BEER][TS]: catalog-primed, vq = 3 0.1752  0.0157 0.0508

BEER[TS]: cold-start 0.1750  0.0155 0.0503

We now evaluate the catalog-based priming of attribute-based com-
ponents based on Equation (38) and the two aforementioned variance
estimation strategies. Behavioral components cannot be primed in this
case and hence maintain their uniform distributions, but are scaled as
explained above. This time we exclude the Yoochoose dataset from the
analysis, since it only has 2 attribute-based components. The results for
the two other proprietary datasets (having 45 and 51 attribute-based

components) are presented in Table 23.

Our results indicate that priming the sampler in the absence of any
historical event data is indeed feasible, but the additional accuracy gain
obtained in our experiments is negligible (below 1%). While other ap-
proaches for the estimation of primed means might yield slightly better
results, we conclude that adjusting prior parameters is not crucial for
the convergence of Thompson Sampling, as the algorithm learns very
fast anyway. However, what helps to warm-start the algorithm, as is
shown in Table 22, is pre-training behavioral components using past

event data.
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8.8.7 Experiment 5: Session-based personalization

In our last experiment, we add the kNN component to the ensemble,
thus making it able to deliver personalized recommendations within
the scope of a session. In its stand-alone version, it serves as a strong
baseline that would be interesting to run next to our ensemble in com-
plement to experiment 2. We compare these two configurations (e.g.
ENN stand-alone and kNN within BEER[TS]) with our standard con-

figuration that uses only elementary components.

Parameter tuning The kNN parameters discussed in Section 8.4.3 we-
re tuned on a disjoint validation set of 500K events preceding the events
of the test set. These parameters with their respective value ranges are
presented in Table 24. Table 25 reports the optimal values of the pa-
rameters for the 3 datasets. These values were used to parameterize

the kNN component in order to optimize its performance in our ex-

periments.
Table 24: kNN parameters
Parameter Description Range of values
k number of neighbors 10 - 1000
Wsim * (Welick, Wearts Wpurchase) ~ Similarity weights 0.0-1.0

Wree © (Welick, Wearts Wpurchase) ~ Tecommendation weights 0.0 - 1.0

hlife event half-life 0-100

session_hlife session half-life 0 - #sessions
cosine
euclidean

similarity similarity measure jaccard
dice

log-likelihood

Notably, equal weighting of event types for the similarity compu-
tation yielded the best results for all datasets. We also observe that for

Books dataset, having no ageing at all is preferable.
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Table 25: Optimized NN parameters

Parameter Books Fashion Yoochoose

k 100 100 100
Wsim - (wclicky Weart wpurchase) (10/10/10) (10110110) (10/10/10)
Wrec + (wclick7 Weart wpurchase) (05/07/10) (05107/10) (10/10/10)

hlife 0 00 25
session_hlife () #sessions 10000
similarity jaccard cosine dice

Pre-preprocessing In order to demonstrate the impact of pre-proces-
sing in kNN (as described in Section 8.4.3), we report running times
and accuracy scores of two kNN runs: with and without the pre-proces-
sing step. The results are given in Table 26.

Table 26: The effect of pre-processing in kNN

Agent Recall Precision NDCG Runtime
Books
kNN with pre-processing  0.0626 114.7%  0.0391 151.0%  0.0871 00:03:15
kNN w/o pre-processing  0.0546 0.0259 0.0885 01:09:58
Fashion
kNN with pre-processing ~ 0.1726 161.3%  0.0171 0.0558 00:06:58
kNN w/o pre-processing  0.1070 0.0173 0.0559 01:19:27
Yoochoose
kNN with pre-processing ~ 0.3120 113.4%  0.0485 15.9% 0.1606 12.2%  00:07:13
kNN w/o pre-processing  0.2751 0.0458 0.1571 02:09:38

The above results make it obvious that the pre-processing step is
crucial in kNN, as it drastically improves not only the running time of
the algorithm, but its accuracy as well. The observed boost in recall
using the proposed pre-processing procedure is indeed very evident.
This especially holds for the Fashion dataset, that is characterized by
long sessions (twice as long as the other two datasets). In such cases,

the overlapping sessions are more “noisy” and may not capture the
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intent of the user well. Explicitly biasing the algorithm in favor of ses-
sions containing the current query item appears to be a good strategy

for filtering out the multitude of noisy neighbors.

Personalizing the ensemble We now demonstrate how the ensemble
is affected by the inclusion of kNN, and how it compares with the
stand-alone kNN recommender (Table 27).

Table 27: BEER(TS) with ENN

Agent Recall Precision NDCG Coverage
Books
BEER[TS] with kNN  0.0716 131.1%  0.0279 130.4%  0.0966 164.0% 1.0
ENN 0.0626 114.7%  0.0391 182.7%  0.0872 148.0%  0.6892
BEER[TS] 0.0546 0.0214 0.0589 1.0
Fashion
BEER[TS] with kNN 0.1773 11.0% 0.0168 18.4% 0.0553 19.5% 1.0
kNN 0.1725 0.0171 110.3%  0.0558 110.5%  0.9931
BEER[TS] 0.1756 0.0155 0.0505 1.0
Yoochoose

BEER[TS] with kNN 0.3099 13.9% 0.0445 15.0% 0.1521 16.9% 1.0
kNN 0.3120 14.6% 0.0485 114.4%  0.1606 112.9%  0.9658
BEER[TS] 0.2983 0.0424 0.1423 1.0

It can be seen that kNN alone is capable to surpass the performance
of the ensemble, especially with respect to precision and NDCG. This
is manifested most prominently in Books dataset. This result is not sur-
prising however, since the comparison is between a personalized rec-
ommender and a non-personalized one, where the odds are obviously
in favor of the former. One can also notice that the query coverage of
ENN is inferior to that of the ensemble. This is because the stand-alone
ENN will fail to generate recommendations during the initial period of
cold-start, when no session overlaps can be found.

The inclusion of kNN to the ensemble leads to observable improve-
ments on all metrics in all three datasets. In Books, the measured boost

of 65% in NDCG and ~30% in precision and recall is noteworthy, con-
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sidering that this is an effect of adding a single component. In Fashion,
we can notice that although the recall of the stand-alone ANN recom-
mender is slightly worse than that of the ensemble, its integration to
BEER[TS] improves recall over the basic configuration. This has to do
with the fact that the addition of an extra component affects the in-
terplay between components of the ensemble. This influence on the
choice of components by the sampler has a positive effect when a high-
precision component such as kNN is introduced. To better understand
what is happening under the hood of the ensemble, we report compo-

nent statistics in the next sub-section.

Component statistics We now present pie charts that demonstrate the
exposure and success rate of the most significant components for each
dataset (Figures 14-19).
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customer- .
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purchase- customer-
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o author:3.6 %
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Figure 14: Books dataset: component statistics for BEER(TS)
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Figure 15: Books dataset: component statistics for BEER(TS) with kNN
Figure 14a shows the breakout of component displays in the stan-
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dard configuration of BEER[TS] for the Books dataset. We observe
that best-sellers and customer-purchase enjoy the highest exposure, hav-
ing roughly equal share of displays (~30%). We also note the appear-
ance of several attribute-based components, such as author, description,
series, and title, which manage to compete with stronger behavioral pre-
dictors. The author_exact component, in particular, does it quite well,
with 11% success rate (Figure 14b). It appears that customer-purchase is
responsible for the majority of hits in this dataset (51.6% success share).

Figure 15a shows how the addition of kNN to the ensemble affects
the exposure of other components. The impact of this inclusion is large,
especially on customer-purchase, whose usage drops from 29.1% to 6.6%.
Apparently, the reason for this large decline lies in the fact that these
two components happen to have a large overlap in queries that they
answer. Since the precision of kNN appears to be considerably higher
(see Figure 15b), it ends up getting picked much more often by the
sampler than customer-purchase.

The attribute-based components are affected in a lesser way, since
they seem to specialize in different types of queries. This also holds for
best-sellers, whose exposure remains fairly high. The reason is that it
answers many 'cold-start” queries, with virtually no competition from
other predictors. Accuracy-wise, we observe kNN’s immense contri-
bution of 72.3% to the overall hit rate of the ensemble (Figure 15b).
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_— best-sellers: 10.1% et .
other:8.2% ‘A other:1.7% \ )/ best-sellers: 4.9 %

purchase-
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session-click: 30.9 %
session-click: 36.3 %

(a) Exposure in % of 870365 displays (b) Successes in % of 15272 hits

Figure 16: Fashion dataset: component statistics for BEER(TS)
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Figure 17: Fashion dataset: component stafistics for BEER(TS) with kNN
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Figure 18: Yoochoose dataset: component statistics for BEER(TS)
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Figure 19: Yoochoose dataset: component statistics for BEER(TS) with kNN
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Figure 16a depicts the exposure of components in the standard en-
semble for the Fashion dataset. We immediately notice the absence
of any strong attribute-based predictors, despite that their amount in
this dataset is the largest of the three datasets analyzed. Instead, we
observe their cumulative exposure of 8.2%, which is less than of any
one behavioral component. Furthermore, their hit contribution in this
dataset is negligible at 1.7% (Figure 16b).

The inclusion of kNN follows the similar pattern previously ob-
served on the Books dataset, with substantial suppression of behav-
ioral predictors, but no impact on attribute-based ones (Figure 17a).

The dominance in success rate is also very evident at 63.8% (Figure 17b).

In Figure 18a, we observe the nearly uniform distribution of (be-
havioral) component displays in the standard configuration of the en-
semble on the Yoochoose dataset (we remind the reader that there are
only 2 attributes present in the dataset). The distribution of successes,
however, is more skewed, with the largest contribution coming from

the click-click component (43.2%, see Figure 18b).

Contrary to what we see on other datasets, the exposure of this
dominant behavioral component is not affected by the inclusion of KNN
(Figure 19a). In fact, click-click manages to maintain its dominance in
success rate (Figure 19b), and the two components appear to operate
in good synergy by answering different types of queries. For instance,
click-click will fail on queries where the query item has no history of
‘co-clicks’. Such a case, however, is not problematic for the kNN com-
ponent, who will still be able to find meaningful neighboring sessions

with high probability.

This dataset also shows the characteristic behavior of the best-sellers
component (Figure 18), whose low hit rate (3.9%) does not seem to jus-
tify its high exposure (20.2%). This is the price to pay for the perfect
query coverage of the ensemble, who chooses best-sellers when no other

predictor can handle the query.
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8.9 Conclusions
8.9.1 Contribution summary

E-commerce is one of the most important and challenging application
domains of recommender systems, where recommendations must be
adaptively computed for each new product page visit. To address this
problem, we proposed an item-to-item ensemble recommendation al-
gorithm with Thompson Sampling at its core. A user interface that
serves intelligent recommendations to customers of an e-commerce
store in real-time makes it more likely that they will encounter prod-
ucts of interest as they explore the product catalog. Furthermore, the
proposed framework allows system developers to deliver semantically
transparent user interfaces [148], where each recommendation is accom-
panied with a clear explanation of its source (e.g. behavioral or attri-
bute-based; see Figure 11). The explainability of recommendations has
proved to be of paramount importance to users, as it encourages them
to interact with the system and correct wrong impressions [153], in-
stead of having to face a ‘black box". The proposed algorithm is also
friendly to new users of the system, who can benefit from recommen-
dations literally from the first product page visit, since the ensemble
framework does not rely on user profiles or individual browsing pat-
terns. However, if such a pattern is already in place, the existence of a
session-based personalized component such as kNN can boost the ac-
curacy of recommendations further. We provide our approach to kNN
featuring event weighting and time decay for e-commerce session data.

The proposed algorithm was designed with a commercial appli-
cation in focus, making it simple for a potential vendor to introduce
recommendation functionalities to new or existing e-commerce plat-
forms. The recommendation components of the ensemble can be con-
structed automatically from the existing item attributes or user-item
interaction types (collaborative signals). At the same time, the system
allows vendors to effortlessly integrate hand-crafted components into
the ensemble, which are immediately picked up and explored by the
Thompson Sampler. Such a component-based architecture is scalable,

since the number of bandit arms does not depend on the number of
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items. An integral part of our recommendation bandit is its adapta-
tion to realistic situations with “sleeping” actions and non-stationary
reward sequences through dynamic partitioning of recommendation
components.

In a series of experiments on real e-commerce session data, we show
that the above adaptations are crucial for the algorithm’s operation
(with accuracy gains ranging from 83% to 94% for the Books dataset).
We further evaluate the strength of the ensemble approach, achieving
far superior results in comparison to strong stand-alone baseline rec-
ommenders, namely best-sellers and those-who-bought-also-bought. As
we have observed, adding these baselines to the ensemble does not
only improve its accuracy, but also attains 100% query coverage. We
also show how this non-personalized ensemble compares to a person-
alized recommender (kNN), and demonstrate the accuracy gain from
introducing session-based personalization. Our comparative study co-
nvinces us that Thompson Sampling is empirically the best MAB pol-
icy for the BEER framework. We further show that Thompson Sam-
pling handles cold-start gracefully out-of-the-box, as it does not seem
to benefit much from Beta parameter priming. This property together
with TS’s robustness to observation delays makes it a very attractive
method for attacking the recommendation problem using reinforce-
ment learning. Our final experiment illustrates how recommendation
components compete for exposure. This has a direct effect on the ap-
pearance of the recommendation interface to the user: will it become
more of a navigational tool for exploring similar items based on shared
attributes, or will it behave more like a discovery mechanism for pop-
ular or serendipitous goods, when collaborative filters are at work?
Since in Thompson Sampling, exposure is a function of success, user
behavior itself will play its role in shaping the character of an adaptive

recommender system.

8.9.2 Future work

The proposed ensemble algorithm is as good as the components that

it is comprised of. It is therefore worth exploring better strategies for
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constructing base predictors for the ensemble. When it comes to be-
havioral signals, we expect that the user-based (as opposed to session-
based) personalization would bring additional benefits to the ensem-
ble, provided that user profile data is available. This way we can take
advantage of both short-term and long-term user preferences when
computing recommendations. With regard to attribute-based compo-
nents, the next research direction is to develop methods for the auto-
matic composition of high-precision attribute combinations as poten-
tial components of the ensemble. In addition, it is worth considering
components built from item descriptions and/or images, thus utiliz-
ing the full range of data available in an e-commerce application. At
the same time, effort should be made to retain the explainability of the
resulting ensemble method at an acceptable level, making sure that the

user-system interaction is as transparent as possible.
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Paraschakis D. and Nilsson B.J.

“F'1lowRec: Prototyping Session-based Recommender Systems
in Streaming Mode”

Abstract Despite the increasing interest towards session-based and
streaming recommender systems, there is still a lack of publicly avail-
able evaluation frameworks supporting both these paradigms. To ad-
dress the gap, we propose FlowRec — an extension of the stream-
ing framework Scikit-Multiflow, which opens plentiful possibil-
ities for prototyping recommender systems operating on sessionized
data streams, thanks to the underlying collection of incremental learn-
ers and support for real-time performance tracking. We describe the
extended functionalities of the adapted prequential evaluation proto-
col, and develop a competitive recommendation algorithm on top of
Scikit-Multiflow’s implementation of a Hoeffding Tree. We com-
pare our algorithm to other known baselines for the next-item predic-

tion task across three different domains.

Published in Proceedings of the 24th Pacific-Asia Conference on
Knowledge Discovery and Data Mining (PAKDD), 2020
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9.1 Introduction

In the past few years, the RecSys community has witnessed a paradigm
shift from the traditional matrix completion problem to sequential ses-
sion-based recommendations [126, 232]. The latter approach is domi-
nated by neural methods that are often evaluated in an online manner,
i.e. when the events of a session are sequentially revealed and pre-
dicted one-by-one. However, these systems are still trained in batches
on large chunks of recorded data [108, 232, 280]. To better approxi-
mate real-world scenarios, streaming recommender systems [63, 275,
296] have been designed for incremental online learning from continu-
ous data streams in the context of limited memory/runtime, and any-
time prediction [272]. However, most of them address the conventional
rather than session-based recommendation problem [96]. Bridging the
gap between session-based and streaming recommender systems has
been recently attempted [96, 126], marking an emerging research di-

rection of a high practical value.

Presently, only a few publicly available benchmarking frameworks
for streaming recommendations exist. Some of them have been de-
signed for a specific application domain [126, 264], while others lack
native support for session data [83, 140]. Scikit-Multiflow [198]
has recently been released as a general-purpose Python framework
for stream mining, offering a variety of stream learners, change detec-
tors, and evaluation methods. To facilitate the research on streaming
session-based recommendations, we propose FlowRec? - an exten-
sion of Scikit-Multiflow for rapid prototyping of recommender
systems. Currently, it contains several stream-oriented recommenders
and metrics for prequential evaluation. Additionally, we demonstrate
a principled way of exposing a recommendation interface to an un-
derlying stream learner class of Scikit-Multiflow (namely, a Ho-
effding Tree). We show that the resulting recommender system has re-
markable performance against established baselines. F1owRec’s func-

tionality is detailed in the next section.

Yhttps://git.io/flowrec

172



Paper IV: FlowRec: Prototyping Session-based Recommender Systems in Streaming
Mode

9.2 FlowRec

The framework consists of three main entities: a stream, an evaluator,
and a model. This section describes the interplay between these enti-

ties.

9.2.1 Problem setting

Consider a stream D of (overlapping) user sessions S = si,...,8|g|
(Figure 20). A session represents an ordered sequence of events of the
form (X, y), where X is a feature vector describing the context for item
y. As a bare minimum, X contains the session identifier for the item.
Other common features are timestamp and event type (e.g. click, pur-
chase, etc.). The scope of our study is limited to the context of col-
laborative filtering, which relaxes the assumption of item metadata in

feature vectors (technically, any feature can be encoded as a part of X).

Ateachtimestept = 1,...,T, the stream provides a sample (X, y).
Based on the information in X, the model is asked to generate a list
of N predictions Y = (41, ..., ) in an attempt to correctly guess the
hidden item y. This corresponds to the next-item prediction task in the
RecSys literature [232]. In practice, only certain features of X are re-
tained for the prediction part, such as the current session identifier,
and possibly the timestamp of the event. After the prediction, the en-
tire feature vector X together with the label y are revealed to the model,
allowing it to make an incremental update. This iterative, supervised
‘test-then-train” methodology is known as prequential evaluation [296]
(Figure 21).

In our framework, each processed sample (X,y) is added to the
sliding window of the last n observations, which we refer to as observa-
tion window (depicted as the green box in Figure 20). Although its use
is not required in the ordinary stream learning, it can ease the devel-
opment of session-based models by providing a snapshot of the recent
session data on demand. The size of the window must be chosen in

consideration of the system’s memory and runtime constraints.
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9.2.2 Metrics

FlowRec implements several evaluation metrics, two of which are com-
monly used for next-item prediction [96, 108, 173, 280], namely recall
(a.k.a. hitrate) and mean reciprocal rank (MRR). Recall measures the av-
erage number of successful predictions, whereas MRR measures their

average reciprocal ranking, i.e.:

T
Recall@N = Z Ly = ;) (39)

t=1 i=1

Nl
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t=1 i=1

MRR@N = 1(y = %) (40)

Nl =
S| =

The framework keeps two sets of measurements: (a) global, where
the running average of each metric is calculated from all the past data;
and (b) sliding, where the average is taken over a sliding window of re-
cent events that we call the evaluation window (purple box in Figure 20).
The sizes of evaluation and observation windows are user-adjustable,

offering flexibility in simulation setups.

9.2.3 Prequential evaluation

The basic workflow for measuring recall using prequential evaluation
is presented in Algorithm 7. The complete functionality of Scikit-
Multiflow’s prequential evaluator is provided in its official docu-
mentation®

FlowRec introduces the following additional parameters® for the

evaluator:

¢ Indices of data columns holding session, timestamp, and event
type identifiers. The last two columns are optional, and allow for

time-aware and event-specific training and/or evaluation.

e Stream-related configurations, such as the size of the observation
window, and the number of events to skip from the start of the

stream.

e Recommendation-specific settings, such as the size of the rec-
ommendation list, and the event types that trigger recommen-
dation requests. There are also flags for enabling/disabling re-
minders and repeated recommendations. Reminders are recom-
mendations of items that were visited earlier by the user, whereas
repeated recommendations are those that were already given ear-

lier to the user.

Ohttps://scikit-multiflow.github.io/scikit-multiflow/
documentation.html
Slhttps://flowrec.readthedocs.io/en/latest/eval_

parameters.html
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The size of the evaluation window (as well as other settings) are cov-
ered by the original parameter list of the EvaluatePrequential class
in Scikit-Multiflow. Note that the stream provides samples in the
order as they appear in the dataset. The last column of the dataset

should always contain the item identifiers.

Algorithm 7 Basic prequential protocol for measuring recall

Input: D: data stream, N: recommendation cutoff, nicep: size of the observa-
tion window, M: set of recommendation models
Output: Recall@N of each model

1: W < create_queue(ngeep) > observation window of nge.p latest events

2: ry — 0,Yme M > reward counter
3:n+0 > evaluation counter
4: while D.has_more_samples() do

5: X,y < D.next_sample()

6: if X.session € W.sessions then

7: for eachm € M do

8: Y « m.predict(X)

9: if y € top_N(Y) then
10: Tm < Tm + 1
11: n+<n+1
12: for each m € M do
13: m.partial_fit(X,y)

14: W.add(X,y)

15: return rp, /n,Vm € M

9.3 Prototyping

Prototyping incremental session-based recommendation algorithms in
FlowRec is straightforward. First, a streaming model is built by ex-
tending the BaseSKMOb ject class of Scikit-Multiflow with the
appropriate mixin. It is natural to treat the recommendation task as a
multi-class classification problem, where each class corresponds to an

item. Hence, the suitable mixin for this type of problemsis Classifi-
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erMixin32. What remains is to implement the following abstract meth-
ods:

partial_fit (X, y) — Incrementally train a stream model.
predict (X) — Generate top-NV predictions for the target’s class.
predict_proba (X) — Calculate the probabilities of a sample per-

taining to each of the available classes (implementing this method
is optional).

Every stream model developed in FlowRec has access to useful
shared resources, such as observation window, current session vector,

and item catalog.

9.3.1 Session-based streaming models

Presently, FlowRec contains the following streaming models for ses-

sion-based recommendations:

Rule-based models The first three models are rule-based recommen-
ders that capture one-to-one relationships between items. These meth-
ods rely on the very last item of a session to make their predictions for
the next item. Despite their simplicity, rule-based models have proven
surprisingly effective in the domains of music and e-commerce [173],
and have very low computational complexity. We briefly outline these
methods below (refer to [173] for details).

Association Rules (AR) The rules are derived from co-occurrences of
two items in a session (e.g. ‘those-who-bought-also-bought’). A

co-occurrence forms rules in both directions, i.e. y; <> vy, t # t'.

Markov Chains (MC) The rules are derived from a first-order Markov
Chain, describing the transition probability between two contigu-

ous events in a session, i.e. Yy — Yi41.-

Zhttps://scikit-multiflow.github.io/scikit-multiflow/
user—-guide.core—-concepts.architecture.html
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Sequential Rules (SR) The rules are derived from sequential patterns
between two items in a session, but not necessarily in successive
events, i.e. y, — yy,t’ > t. The sequential association is assigned
the weight 1/(¢' — ¢).

In FlowRec, the above algorithms can be made event-specific by
providing the event_column_index parameter to the evaluator. For
instance, predictors of type purchase <> purchase, click — purchase,
etc. can be useful in e-commerce applications as parts of an ensemble

recommender [32].

Session KNN  This is a specialized version of the k-Nearest Neighbors
(kNN) algorithm that operates on session data. It is a strong base-
line with performance comparable to that of certain deep neural meth-
ods [120, 173]. Being model-free, the algorithm is incremental by na-
ture. S-kNN recommends items from other user sessions that are sim-
ilar to the current session (a.k.a. neighbors). Given the active session

S, the score of the candidate item g is calculated as follows:

score(f | ¢ S)= Y sim(S,8)-1(He ) (41)
S7EN(S)
where N(5) is the k-sized neighborhood of session S, and sim(S, S’)
is a measure of similarity between two sessions.
FlowRec implements Cosine, Jaccard, Dice, and Tanimoto similar-
ity. In the future, we plan to implement other kNN variants described
in [173].

BEER(TS) This is a bandit ensemble designed for streaming recommen-
dations, which employs Thompson Sampling for the model selection.
In [32], event-specific rule-based models were used as behavioral com-
ponents of the ensemble. In FlowRec, any model implementing the
predict_proba method can be added as a component of BEER[TS].
For each recommendation slot, the ensemble picks a model m with
the highest sample 6,,, ~ Beta(oy,, fm), where a,, is the number of
past successes, and 3, is the number of past failures. The method is

adaptable to non-stationary data (e.g. occurring due to concept drift),
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which is achieved via exploration-exploitation. In addition, BEER[TS]
supports component splitting into (relatively) stationary partitions (see
[32] for details), which is achieved in FlowRec by setting the bound-
aries for probabilities returned by the predict_proba method. Fur-
ther, the components of the ensemble can complement each other in
case of poor coverage, which helps to attack sparsity and cold-start is-

sues.

Popularity baseline This is the traditional baseline that outputs the

top-N most popular items in descending order.

The above methods can be incrementally trained either on the global
scale, or within the observation window. The latter option acts as a
forgetting mechanism for older data, which aids model scalability and

adaptability to recent trends.

9.3.2 Hoeffding Tree wrapper

Prototyping streaming session-based recommenders can be facilitated
by employing the rich collection of incremental algorithms offered by
Scikit-Multiflow, including Bayesian methods, lazy learners, en-
sembles, neural networks, tree-based methods, and more [198]. Utiliz-
ing any of these methods for recommendation tasks is achieved via a
wrapper, which is a middle layer that handles the inputs and the out-
puts of an underlying learner. Some of the common tasks performed

by wrappers include:

e transforming a sample to the desired input format accepted by a

learner.

e calling the predict_proba method of a learner, and manipu-

lating its return values to generate top-N recommendations.

Using the above approach, we develop a recommender system by
‘wrapping’ the HoeffdingTree classifier thatis provided by Scikit-
Multiflow.
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Hoeffding Tree (HT) Also known as a Very Fast Decision Tree (VFDT)
[65], a HT is an incremental, anytime decision tree inducer designed
for learning from data streams. Its key idea lies in the fact that only a
small subset of samples passing through a node may be sufficient for
deciding on the split attribute. For estimating the minimum number of
samples needed, the method employs the Hoeffding bound, which of-
fers sound theoretical guarantees of performance (see [65] for details),

asymptotically comparable to that of a batch decision tree.

HT wrapper architecture The Scikit-Multiflow’simplementation
of a HT supports Naive Bayes prediction at the leaves of the tree, and
the possibility of assigning a weight to each fitted sample. We take
advantage of both capabilities in the proposed HT recommender. The
core idea of our algorithm is to encode all item-to-item associations em-
ployed by rule-based methods (see above) in a unified learner. This al-
lows HT to capture both sequential and co-occurrence patterns in a ses-
sion. The idea is conceptually similar to the BEER[TS] framework [32],
but instead of treating between-items associations as separate predic-
tors explored by a bandit, we fit them to a single decision tree classifier
using a specific weighting scheme, as explained below. We hence for-
mulate the recommendation task as a multi-class classification prob-
lem. Due to the nature of the problem, HT is reduced to a decision
stump, whose nodes represent input items, and the leaves contain item

predictions obtained via Naive Bayes classification.

Training the model The incremental training of a HT in Scikit-Mu-
ltiflow can be done by calling the method partial fit (X, vy,
sample_weight). The first two parameters specify the input feature
vector and the output label, respectively, with an associated (optional)
sample weight. We use these parameters to encode the sequential re-
lation between two items, by letting the feature vector contain the an-
tecedent item and the label represent the consequent item. For the ease
of notation, we use the item in place of a feature vector in Algorithm 8
(y or ¢/, lines 7 and 8). Internally, each antecedent is represented as a

node of the tree.
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Algorithm 8 HT wrapper training procedure

Input: (X,y): sample from the stream; wyc > 1: importance weight for

Markov Chain sequences; win, € [0,1]: importance weight for inverse

sequences.
1. 8+ (yi,..., y\/5|) > session item vector for the session id encoded in X
2: fori«+ 1,...,|S| do

3: if i = |S| then

4 W — WM > weight for the ‘next-item” sequence
5: else

6: w< 1/(|S]—i+1) > weight for a non-contiguous sequence
7: ht .partial_fit (y.,y,w) > fit observed sequence
8: ht.partial_fit (¥, ¥y W Winy) > fit inverse sequence

After fetching the current session vector S from the observation
window, the wrapper learns all sequential patterns involving item y
by fitting a series of samples (v}, y, w),Vi = 1,...,|S|, where the sam-
ple weight is inversely proportional to the distance between two items.
Clearly, these fits utilize the same patterns as captured in Sequential
Rules (SR) described above. Among these patterns, y5 — y pertains
to the Markov Chain (MC). The corresponding sample, (y" s Y, w MC),
uses a separate weight reflecting the perceived importance of the ‘next-
item’ sequence. Finally, encoding co-occurrence patterns captured by
Association Rules (AR) is achieved via a series of the so-called inverse
fits, i.e. (y,yi,w - winy), Vi = 1,...,]S|, which complete the bidirec-
tional associations. The fixed weight w;,, € [0,1] is used to inform
the influence of inverse (hence unobserved) sequential patterns on the

classification.

Making predictions Unlike rule-based models, where the predictions
are made solely on the basis of the latest item in a session, our HT
wrapper makes predictions in an ensemble-like manner by combining
the responses of all the relevant nodes of the tree. The prediction pro-
cedure is detailed in Algorithm 9.

For each item ¥ in the current session vector, the wrapper calls

the predict_proba(y,) method of a HT. This method returns a class
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Algorithm 9 HT wrapper prediction procedure

Input: X: feature vector containing session id; warc > 1: importance weight
for Markov Chain sequences; win, € [0, 1]: importance weight for inverse
sequences; NV: recommendation cutoff

Output: Y: top-N recommendations

1: S+ (¥i, ... ,y|’ S‘) > session item vector for the session id encoded in X
2: P+« (P(y1),...,P(yp|)), set P(y;) < 0,Vi,...,|P| b init probabilities
3 fori«1,...,|S|do

4: P; + ht.predict_proba(y;) b predict class probabilities from y;
5: if i = |S| then

6: P+ P, -wnce

7: else

8: P« P/(|S|—i+1)

9% P« P+P

10: returnY < (y1,...,yn), VP(yi) € top-N(P)

probability vector that expresses the likelihood of each candidate item
to follow item y;. The probability vectors P; are then weighted with the
recency of item y]. Predictions obtained from the most recent item, yl’ S|’
receive the highest weight specified by wasc. All weighted probability
vectors are then added to produce the final scores for the candidate

items, top-N of which are returned.

9.4 Simulation results

9.4.1 Datasets

We use public datasets containing sessionized browsing logs. The data-
sets originate from three recommendation contests representing news,

travel, and e-commerce domains. They are summarized in Table 28.

Table 28: Datasets summary (1M events each)

Dataset Contest Domain (Action) Items Sessions  Avg. length
Clef NewsReel'15 [138] News (impressions) 109 305703 3.27 events
Yoochoose  RecSys’15 [21] E-commerce (clicks) 21300 255166 3.92 events
Trivago RecSys'19 [143] Travel (clickouts) 243714 521677 1.92 events
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9.4.2 Prequential evaluation setup

We consider the task of online next-item recommendation, where the goal
is to suggest the list of most probable items to appear in the next session
event. We track Recall@10 and MRR@10 during the entire run of the
simulation using the real-time visualizer provided by the framework,
which reports the global and the current (sliding) averages. Time hori-
zon for each simulation is set to 1M events, with evaluation and ob-
servation window sizes of 10K and 50K events, respectively. The lat-
ter size was chosen in consideration of sufficient (sliding) session his-
tory and a reasonable memory/runtime overhead. We use a separate
validation set of 100K events (preceding those of the simulation) for
hyperparameter tuning. The evaluation itself is performed from pure
cold-start, with no model pre-training involved. Sessions of size 1 are
excluded from the evaluation. For our simulations, we use Intel Core
i7 CPU @ 2.80 GHz and 16Gb RAM.

9.4.3 Model setup

We evaluate the models presented in Section 9.3, with an addition of
a Random classifier that sets the lower bound for performance. Below
we briefly outline the optimal model configurations after the hyperpa-
rameter tuning step.

Rule-based (AR, MC, SR) models operate on a global scale, whereas
the popularity-based one (POP) works within a sliding window. S-
ENN uses Cosine similarity, with £ = 100 (Trivago), & = 200 (Clef),
k = 300 (Yoochoose). We also use recent session sub-sampling [120], with
sub-sample sizes of 500 (Clef), 1000 (Trivago), and 1500 (Yoochoose).
BEER[TS] includes AR, MC, SR, POP, and S-kNN as components of
the ensemble. The HT wrapper uses weights wa;c = 3 (Yoochoose),
wye = 5 (Clef, Trivago), and w;n, = 0.01 (Clef), win, = 0.9 (Yoo-
choose, Trivago). The HoeffdingTree class of Scikit-Multiflow
is instantiated with leaf prediction='nb’ to enable Naive Bayes
prediction at the leaves. The pre-configured experiments are provided

in FlowRec’s code base for reproducibility.

33We use the subset of the dataset provided in [173].
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9.4.4 Results

The results of the simulation for the three datasets are presented in
Figures 22-24. The top performing model in each case is marked with
an asterisk. Note that the column ‘Sliding’ contains the averages of the

very last evaluation window.

The HT wrapper consistently achieves higher recall and MRR than
the other baselines on all three datasets. This proves the effectiveness
of combining item-to-item sequential patterns, and utilizing the en-
tire user session at prediction time in an ensemble-like manner. The
HT wrapper also happens to be noticeably faster than its main rival,
BEER[TS] (in its current configuration). The total running times for
each model are recorded by the framework. As a point of reference, we
consider the upper limit of 100 ms per recommendation prescribed by
the CLEF NewsReel challenge [138]. Table 29 reports average response
times per recommendation request for each model. We observe that

all runtimes fall within the recommended limit.

The real-time visualization offers the possibility to diagnose poten-
tial issues at an early stage. For instance, the performance charts for
Yoochoose and Trivago make it obvious that the inclusion of POP to
BEER][TS] is not justified, and hence it can be dropped from the en-
semble to gain speed. The live monitoring of model evolution helps
to see how algorithms behave relative to each other on various seg-
ments of the dataset, as well as to better understand the peculiarities of
the dataset itself. For example, the above two charts clearly show the
stagnation of S-kNN after leaving the initial cold-start segment (~0-
50K), while other models continue to learn. We also see that Clef ex-
hibits a more dynamic domain (news) with more profound concept
drift, which makes learning more challenging. It is the only dataset
where the popularity recommender has decent performance, surpass-
ing other models on certain data segments. The Clef chart also reveals
the “easy’ portion of the dataset (~ 600K-800K), where most algorithms
(but not POP) boost their performance.
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Figure 22: Performance charts for Clef (news)
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Table 29: Average recommendation time (msec) per model

| AR SR MC POP RAND SkNN BEER[TS]  HT
Clef 0.270 0.213 0.204 0.187 0.204 26.543 27.858 2.542
Yoochoose | 0.744 0.623 0.476 3.365 0.313 2434  13.331  9.629
Trivago | 4.276 4.093 4.082 11.38 1.150 5.675  85.163  23.036

9.5 Conclusion

We introduce FlowRec — a new recommendation framework for
streaming session data developed on top of Scikit-Multiflow. It
serves as a testbed for streaming recommendation models by offering
prequential evaluation with real-time performance monitoring. One
advantage of prototyping in FlowRec is the ability to ‘wrap’ various
stream learners provided by Scikit-Multiflow, thus treating them
as black boxes. We demonstrate how to develop such a wrapper for the
HoeffdingTree class, capable of generating accurate session-based
recommendations on evolving data streams. The framework will be
further extended with additional evaluation protocols, metrics, and al-

gorithms.
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10 PAPER V

Paraschakis D. and Nilsson B.J.

“Matchmaking Under Fairness Constraints:
A Speed Dating Case Study”

Abstract Reported evidence of biased matchmaking calls into ques-
tion the ethicality of recommendations generated by a machine learn-
ing algorithm. In the context of dating services, the failure of an au-
tomated matchmaker to respect the user’s expressed sensitive prefer-
ences (racial, religious, etc.) may lead to biased decisions perceived by
users as unfair. To address the issue, we introduce the notion of prefer-
ential fairness, and propose two algorithmic approaches for re-ranking
the recommendations under preferential fairness constraints. Our ex-
perimental results demonstrate that the state of fairness can be reached
with minimal accuracy compromises for both binary and non-binary

attributes.

Published in International Workshop on Algorithmic Bias in Search
and Recommendation (Bias 2020). Held as part of the 42nd European
Conference on Information Retrieval (ECIR 2020).
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10.1 Introduction

In 2016, a number of incidents were reported by users of the dating

app CoffeeMeetsBagel*

, who complained that the service had consis-
tently been matching them against partners of their own ethnicity, de-
spite the user’s explicitly communicated ethnic neutrality [210]. Ar-
guably, the observed bias of algorithmic matchmaking originates from
two common assumptions: first, that an algorithm must strive to repro-
duce the preferences of existing users; and second, that these inferred
preferences should inform matching decisions, overriding the user’s
expressed desires [117]. Another motivating example [293] shows that
a classifier trained on speed dating data can learn to discriminate on
the basis of protected characteristics of users, unless special preventive
measures are taken. One such measure is re-ranking the recommen-
dation output in a post-processing step, which can be applied to tra-
ditional recommender systems trained in pointwise or pairwise man-
ner [273]. The idea of preferentially fair matchmaking therefore boils
down to formulating and solving a recommendation problem under
expressed preference constraints. In line with the above examples, we
investigate the fairness of a matchmaking mechanism for speed dating,

based on a publicly available dataset [79].

10.2 Case study

We begin our study by analysing how consistent people are in follow-
ing their intimate preferences. The aforementioned dataset contains
4189 speed dates collected over a series of 21 meetups (a.k.a. ‘waves’)
between 2002 and 2004. The participants were Columbia University
students who all had a 4-minute date with each person of the opposite
sex. At the end of each date, both parties had to make (or not make)
their pick. In case of reciprocal liking, a ‘match” was registered and the
contact details were exchanged. Before attending, they filled in a pre-
registration questionnaire to state their demographics, self-perceived
traits, and preferences. In particular, attendees could express how im-

portant it was for them to date people of their own race or religion.

34https://coffeemeetsbagel.com/
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In Figure 25, we compare the distributions of own-race and other-
race partners in the candidate pool with the corresponding distribu-
tions of eventually liked partners (referred to as ‘picks’ in Figure 25).
We observe that for low values of own-race importance (namely, 1-4),
the racial distribution of picked partners closely follows that of the can-
didate pool. The pattern starts changing after the value of 7 onwards,
where we notice discrepancies between the racial distribution of can-
didate partners and the picked ones; namely, showing far less interest
in other-race partners. This proves that people generally tend to fol-
low their racial preferences, which therefore should be respected by a
matchmaker.

Racial distribution of dating partners (log scale)

103

102

1 2 4 5 6 8 9 10
own-race importance
| own-race candidates wams own-race picks
other-race candidates wms  other-race picks

Figure 25: Consistency patterns in racial preferences

10.3 Matchmaking

A matchmaker designed for speed dating offers assistance in mate se-
lection and helps participants find their matches quicker. It works by
comparing the content-based profile of a target user with the corre-
sponding profiles of all other attendees of the opposite sex within the
same wave, in attempt to predict a pick (individual positive decision)
or a match (reciprocal positive decision). It is trained on historical data
from the remaining waves containing the outcomes of all their dates.
This describes a hybrid recommendation model known as collaboration
via content [224], which practically boils down to a binary classification

task. The percentage of picks and matches in the dataset are 42% and
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16%, respectively. To tackle class imbalance, we employ cost-sensitive
learning and classification threshold tuning established through cross-
validation on training data.

The dataset structure offers a natural way of performing a 21-fold
cross-validation, where each wave is used once as a test set, while the
remaining waves are used for training. We use the aggregated F1 score

as our accuracy metric:

2 - Precision - Recall
Fl1= 42
Precision + Recall (42)

The number of participants in a wave varies from 9 to 44. Since each
target user appears only in his/her wave, the matchmaker cannot rely
on the their prior dating history and hence operates in the conditions
of continuous cold-start.

Due to small candidate pools, the purpose of a matchmaker in speed
dating is to suggest all good candidates to a user (as opposed to the
classical top-k recommendation). In other words, it must decide not
only who to recommend, but also how many of them. The cut-off k
is thus dynamically determined by the classification threshold. This
‘variable-k’ recommendation setting can be generalized to other do-
mains beyond speed dating that operate on short candidate lists (e.g.
suggesting restaurants in the immediate neighborhood of a user).

10.4 Related work

Speed dating is a relatively new format, which has become the topic
of several studies [79, 80, 123, 293, 327] aiming to establish the key in-
fluential factors of ‘rapid” matchmaking. First insights were provided
by Fisman et al. [79, 80], who showed that women tend to put much
emphasis on the partner’s race and ethnicity. Van der Zon [293] builds
a classifier for speed dating to predict the partner’s positive decision,
and shows that it can produce racially discriminatory rules. Issues of
bias and discrimination on intimate platforms have been studied by
Hutson et al. [117], who advocate the design of matchmaking services
able to intervene in discrimination without overriding the user’s pref-

erential autonomy. All the above insights motivate our study as they
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stress the need for the careful consideration of sensitive attributes in a
non-invasive way when making mate suggestions.

A reciprocal recommender for speed dating was recently proposed
by Zheng et al. [327]. The authors focus on the multi-stakeholder no-
tion of fairness, which in their case does not involve any protected at-
tributes and hence is less ethically charged than the interpretation of
fairness that we put forward in this paper. Joel et al. [123] investigate
whether the mutual attraction in speed dating can be predicted from
the users’ traits and preferences reported before the date. This is iden-
tical to the experimental setup of our work. Despite the use of cutting-
edge machine learning algorithms, predicting a match above chance
has proved to be extremely challenging [123]. Although the predic-
tive accuracy is not the focal point of our study, our experience with
predicting matches has been similar. Sapiezynski et al. [254] propose
a new fairness metric for ranked outputs, in which fairness depends
not only on the ranking algorithm itself, but also on the model of user
attention. This way, the same ranking can appear biased both in favor
and against the protected group depending on how the user attention
is distributed over items. This metric is used to reveal societal biases in
online dating, which can be corrected by reshuffling the system’s out-
puts. Although different in approach, the general idea of their work is
similar to ours.

The role of fairness-aware algorithms in promoting non-discrimina-
tion, neutrality, and fair treatment in recommender systems has gained
wide recognition [34, 130, 132, 168, 310, 314, 328]. Fairness is a multi-
faceted notion allowing a range of definitions, e.g. see [84, 294]. It is
also a multisided concept [34] as it concerns both parties: those receiv-
ing recommendations, and those being recommended. This obviously
holds true in dating contexts. Steck [273] expresses fairness in terms
of preserving the proportionality of user interests in recommendations
(a.k.a. ‘calibration’). Conversely, Kamishima et al. [130] define fairness
as staying neutral to user’s viewpoints to enforce diversity in recom-
mendations and avoid filter bubbles. In general, diversity and fairness
are closely related concepts [132, 157, 168].

Our work is along the lines of recent studies focusing on how to
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achieve fairness via re-ranking [24, 132, 168, 313, 319], and how to quan-
tify the fairness of existing rankings [313, 314]. Adopting this approach
typically incurs tolerable compromises in prediction accuracy [168, 273].

We empirically validate this hypothesis in Section 10.7.

10.5 Preferential fairness
10.5.1 Background

Presently, at least 20 different definitions of fairness are known in the
machine learning community [84, 294]. In a broad sense, preferential
fairness falls under the category of individual fairness, which requires
that ‘similar individuals are treated similarly’ [68]. To relate it to our
case, two individuals can be considered similar if they have expressed
similar racial preferences. All other things being equal, the ‘treated
similarly” part implies that they both receive partner recommendations
with similar racial distributions.

Two edge cases are possible. When the strongest preference is ex-
pressed, the matchmaker is restricted to recommendations of own-race
partners to satisfy the user’s request. From the ethical viewpoint, act-
ing differently would mean a violation of the freedom of choice (i.e.
depriving the user of the ability to form a relationship with a partner
of the desired race). Conversely, the weakest preference implies that
the user is equally interested in all the races. Ignoring this preference
could lead to unjustified racial biases akin to filter bubbles [130]; see
CoffeeMeetsBagel example above [210].

In most cases, the distribution of races (or any other sensitive at-
tribute) is not uniform in the candidate pool, which raises the ques-
tion of how to sample the candidates. Should all the races have equal
representation in recommendations, or should it be proportional to
the racial distribution of the candidate pool? A recent user study in-
vestigating public attitudes towards fairness [259] shows that the lat-
ter option is generally perceived as the fairer choice in such scenar-

ios®. Selecting individuals in proportion to their merit is known as

35The assumption of proportionality may not hold for all individuals. More user stud-
ies are needed to better understand what users actually mean by no racial preference’.
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calibrated fairness, whose several interpretations exist [169, 273]. Its gen-
eral idea is rooted in the theory of proportional equality conceived by
the ancient philosopher Aristotle, and serving as a basis for distribu-
tive justice [92]. Therefore, preferential fairness is a special case of
calibrated fairness, where the calibration is done on the basis of ex-
pressed user preferences. We argue that this meritocratic formulation
also satisfies the conditions for multi-sided fairness [34], where the eth-
ical treatment of both parties (i.e. users and candidates) is taken into
account. As follows from Figure 25, it is in the interest of both sides
that candidates are selected in proportion to the target user’s expressed
preference for race because it increases the chance of a positive out-
come. In practice, the merit for picking a candidate for recommen-
dation is a combination of his/her level of compliance with the tar-
get user’s sensitive preferences, and the estimated probability of their
match. In the meritocratic sense, this serves as a ‘minimal guarantee
of fairness’ [125]: any candidate who is presently more qualified than
another candidate should have a better (or at least equal) chance of
exposure as the less qualified candidate. Thus, the task of a preferen-
tially fair matchmaker is to calibrate its recommendations by mapping
the user’s preference to the distribution of a sensitive attribute in the
candidate pool.

10.5.2 Model

To make calibration possible, we need to find the optimal mean p},
for the race attribute of the generated k-sized recommendation list for
user u. The mean p} should reflect the distribution of this attribute
in the candidate pool in proportion to the user’s expressed preference
for race. For our running example, let us consider a binary sensitive
attribute a € {0, 1}, and the user’s associated degree of preference for
this attribute, p,, € [0, 1]. Let Ac = (a1, a2, - ,ay) denote the attribute
distribution of the complete candidate pool C, and define the two val-
Ues fimae and p14, to be the mean of the k largest attribute values in
Ac and the mean of all the n attribute values in A¢, respectively. Ac-

cording to the previously defined idea of fairness, we can define the
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optimal mean as:
,u; = (1 - pu) *HA- +pu * Umazx (43)

Further, let A, = (a1, a2, - ,ax), k < nbe the attribute distribution
of the recommendation list for user u. By analogy, (4, is the mean of
the attribute values in A,,.

If we encode the race attribute for user u such that the value of 0
denotes ‘other race” and the value of 1 denotes ‘own race’, it is easy
to see that the above equation satisfies both edge cases presented ear-
lier. For p, = 1 (strong preference), the optimal mean enforces the
maximal skewness of recommendations towards own-race partners,
whereas for p, = 0 (weak preference), the optimal mean reduces to
the mean of the candidate pool.

Therefore, the calibrated fairness of a recommendation list can be
expressed by its closeness to the optimal mean. To be able to quantify
this fairness on a [0, 1] scale, we first compute its offset from the opti-
mal mean, ,, = |uf — pa,|. We then find the minimum and the max-
imum offsets 0,5, = miny, |} — p| and dpae = max,, |u), — p|, where
the means y: are taken over all possible item combinations of size k from
the candidate pool, C. This allows us to formally define the preferential
fairness ¢,, of a given user’s recommendation list as follows:

by E1— Ou = Omin_

Smsas — Omin .
where the term (0, — dmin)/(Omaz — Imin) represents the unfairness
penalty henceforth denoted by .
In the extreme case when all candidates share the same attribute
value (e.g. they are all of the same race), we simply set ¢,, = 1 to avoid
division by zero. ¢, takes values from 0 to 1, where higher values sug-

gest greater fairness and we can also express it as a percentage score.

10.6 Re-ranking methods

The above measure allows us to quantify the fairness of recommenda-

tions with respect to the user’s sensitive preferences. Further, it can
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be used to constrain a potentially biased recommender system in or-
der to make it fair(er). As mentioned earlier, the recommender system
is essentially a binary classifier which outputs a vector of matching
scores for all the candidates, and recommends the ones above some
threshold value, §. The generated predictions can be optimized for
fairness using re-ranking methods, with the possibility to control the
accuracy-fairness trade-off via a tolerance constant a € [0, 1]. We refer
to the resulting solutions as a-fair recommendations, whose fairness

is bounded by the condition ¢,, < a.

10.6.1 Knapsack

One way of modeling the accuracy-fairness trade-off is by viewing it
as a variant of a 0-1 Knapsack problem (KP). In its classical formulation,
we are given a set of items {z;}7_, each with a weight w; > 0 and a
value v; > 0, and are tasked with filling the knapsack with items that
would maximize its total value without exceeding its upper bound on

the weight capacity W:

n
max E Vi T;
i=1

subject tonixi < W,and z; € {0,1}
i=1

(45)

The Knapsack problem is NP-complete, and can be solved to opti-
mality by means of dynamic programming (DP) in pseudo-polynomial
time [180].

Equation 45 clearly resembles our task of maximizing the overall
accuracy of recommendations (i.e. the sum of prediction scores) with-
out exceeding the unfairness score ¢, bounded by . Let Ac and S¢
denote the attribute vector and the prediction score vector of the can-
didate itemset, respectively. Knapsack weights and values can then be
represented as w; = A¢[i] and v; = Sci], for 1 < i < n, where n = |C|
is the total number of candidates. Because the resulting capacity of our
knapsack (i.e. the sum of attribute values) must be evaluated in terms

of its (un)fairness, two important adaptations are needed.

197



Paper V: Matchmaking Under Fairness Constraints: a Speed Dating Case Study

Adaptation 1: lower bound on capacity. The tolerance constant o ba-
sically defines the allowed range of means for the attribute vector of a
candidate solution. Hence, there is a need to satisfy not only the upper
bound (as in the classical KP), but also the lower bound on the knapsack
capacity in the DP algorithm, i.e. Y ., w;x; > Wp. This variant of the
Knapsack problem has rarely been addressed in the literature (we are
only aware of two works, namely [41, 312]).

To compute the bounds satisfying the given tolerance «, we first

find the corresponding J,, offset:
(5,1 = (1 — a) . 5mzn +a- 6max (46)

Let py, = max(p) — da, fimin) and py = min(ul + 04, thmas)- Then
any o-fair solution R® must have its attribute mean in the interval

BL < PApa < HU-

Considering that f14,,, = E”f};ﬂ“ ~, we get:
WL =R up <Y w< Ry £ Wy 47)
wWEARa

The above equation defines the bounds on the knapsack capacity guar-

anteeing a-fairness at size k = |R%|.

Adaptation 2: exact-k solution  The original KP formulation does not
restrict the size of a solution. Since the computation of fairness is done
for some specific list size k, we introduce a new constraint:
>i, x; = k. This variant is known as the exact k-item Knapsack problem
(E-kKP) [42], and can be solved by adding a 3rd dimension to the DP
algorithm to keep track of the knapsack size.

Since our end goal is to find the most accurate ranking of arbitrary
size such that it satisfies the fairness constraint, we run a separate in-
stance of E-kKP for each &k = 1,...,n — 1 to obtain a set of a-fair solu-
tions F = {R}}7Z, where RY is a proper subset of C. Note that the
DP algorithm simply optimizes the sum of item values without distin-
guishing between positive (v; > §) and negative (v; < 6) predictions.

Since KP does not support negative values, we introduce a relevance
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criterion that allows us to pick the optimal solution R* as follows:

min(| R|, [ R®)
R* = maxpa . E -0 48
argMaXpoecg ax(|R|, |Ra|) v ( )

vESRa

where R is the original (presumably unfair) recommendation list, and
Spre is the prediction score vector of an a-fair solution, R*.

The first factor in Equation 48 optimizes the F1 score by penalizing
solutions whose sizes diverge from the original recommendation list
(causing losses in precision or recall), whereas the second one penal-
izes solutions containing negative predictions. The criterion is gener-
alizable to any re-ranking method, and can potentially be adjusted to

optimize other measures of interest.

Adapted KP  The above adaptations are unified in a KP variant with

cardinality and dual capacity constraints:

n
max E Vg
i=1

subject to W, < Zwixi < WU,Za:i =k,z; € {0,1}

=1 i=1

(49)

A DP solution can be constructed based on the following recurrence

relation:
T[Z - 17 ka la UL

if Zwe{k largest of {w;}7_,} w1
T[i, k, 1, u] = max (50)

Tli— 1,k — 1,1 — w;,u — w;] + vy,

if Zwe{kfl largest of {w;}7_;} w > —wi,w; <u

where indices i, k, [, u correspond, respectively, to item index, solution
size, capacity lower bound, capacity upper bound.

Since for binary attributes the upper bound is at most n, the overall
time complexity of the KP re-ranking algorithm is O(n?), yielding an
optimal solution that would otherwise require O(n - 2") time to com-

pute the score in Equation 48 in the case of an exhaustive search.
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It turns out that a special case of KP can also be used to speed up the
computation of the fairness measure. Recall that it relies on quantities
Imin and dp,qz, Where the former is expensive to compute as it requires
enumerating all combinations. An alternative solution is to formulate
it as a subset sum problem [6], which is a variant of KP with item values
being equal to their weights. The goal is to determine if some subset
of items sums up to a predefined number ¢. In our case, ¢t = ku*. But
instead of searching for exact matches, we seek a subset whose sum of
values is the closest to t. Again, we use DP to fill in the memoization

array T'[n, k, W,,], from which it is easy to compute &,

|t — T[nv k?]”

; 1)

Omin = argmin,_y  w,
Continuous attributes To use KP with continuous attributes, we sim-
ply multiply the fractional weights by a scaling factor and take the inte-
ger part. Clearly, the choice of a scaling factor will affect the precision
of the solution and the running time. This would allow us to work with
attributes that contain, for instance, probabilities of candidates being

of the same religion as the target user.

10.6.2 Tabu search

Another re-ranking method we develop is a hill climbing heuristic based
on Tabu search. It starts with an initial solution and gradually improves
itaccording to some optimization criterion until the stopping condition
is met. Unlike Knapsack, Tabu search does not guarantee an optimal
solution, but has the advantage of finding a good approximation fast’.

Here, the initial solution is the original (presumably unfair) recom-
mendation list R. In each iteration, the algorithm chooses between two

types of operations:

1. Adding the highest-scored item from C'\ R to R, yielding the
solution R

2. Removing the lowest-scored item from R, yielding the solution
R-

36Due to the termination criterion, the precise running time of Tabu search is unknown
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To drive these choices, the algorithm evaluates both possibilities us-
ing the criterion given in Equation 48 with ¥ = {R", R~ }, and selects
the maximum one. The ‘tabu’ part restricts the neighborhood of can-
didates to those that:

1. Will move the resulting mean in the direction of x;
2. Have not been used in the previous iteration(s)

This is implemented by maintaining a dynamic tabu list containing
currently prohibited items. The algorithm terminates as soon as the
unfairness penalty ¢, of the solution becomes lower or equal to the

chosen tolerance «.

Continuous attributes Escaping from local minima can be challeng-
ing for Tabu search in case of continuous attributes. We solve this by
employing a restarting mechanism that is triggered when a limit of it-
erations has been reached. With each algorithm restart, the size of the

tabu list is incremented by 1.

10.7 Experimental results

We implement a matchmaker for speed dating® as described in Sec-
tion 10.3, using four different classifiers: Logistic Regression, Random
Forest, XGBoost, and Gaussian Naive Bayes. The target label is ‘match’
(i.e. reciprocal liking). Our implementation follows the standard pipe-
line involving missing data imputation, feature selection/encoding,
and hyperparameter tuning. After the pre-processing step, there are
39 total attributes describing each pair of potential dating partners. We
measure the F1 score and the fairness (in %) of generated recommen-
dations before and after re-ranking. We set a = 0 to enforce 100% fair

solutions.

10.7.1 Racial bias

We first resolve the racial bias of recommendations on the basis of two

attributes: (a) the ‘same-race importance” attribute expressed by the

%Source code: https://git.io/preferential_ fairness
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Figure 26: Religious tradition by race/ethnicity (227)
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user on an ordinal scale from 1 to 10, and (b) the binary ‘same race’
attribute indicating whether the given pair belongs to the same race (in
essence, this attribute is a result of collapsing a complex multivalued
‘race’ variable into a single binary one)®. For re-ranking, we employ
the two methods introduced in the previous section. The results are

summarized in Table 30.

10.7.2 Religious bias

Resolving the religious bias requires a slightly more involved proce-
dure. For reasons beyond our knowledge, the speed dating dataset
only provides the ‘importance of the same religion’ preferential at-
tribute, without the corresponding ‘same religion” attribute on which
re-ranking methods could rely. One way to address the problem is
to estimate the missing attribute probabilistically from external data
sources. Although possibly lacking in precision, such estimates are
commonly acceptable for illustration purposes (e.g. inferring race from
profile pictures, as done in [254]). We make our estimation of religion
on the basis of the U.S. religious landscape study [227]. It contains
statistics about the racial and ethnic composition by religious group,
covering all 50 U.S. states®; see Figure 26. Let X = {x1, 29, -+ ,7,} be
the set of n religions and Y = {y1,y2, -, ym } be the set of m races.
Given the knowledge about the races of users, the probability of two
users u; and uy being of the same religion can be estimated as follows:
P(@u, = TuolYurs Yua) = 2zex P@lyu,) - P(2(Yus)-

After the analysis, the minimum and the maximum estimates cor-
respond, respectively, to combinations (Black, Asian) with P = 0.09,
and (Black, Black) with P = 0.34.

To use re-ranking methods with probabilistic attributes, we apply
the methodologies described in the previous section. For Knapsack,
we multiply all weights by a scaling factor of 10 to keep good bal-

ance between running time and precision of a DP algorithm. For Tabu

38 A limitation of this approach is that it cannot properly match participants having

biracial or multiracial identity
% Although the speed dating study also took place in the U.S., we allow some margin

of error due to state-to-state variability of racial/religious composition
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Table 30: Re-ranking under racial fairness constraints

Measure Original Fair (Knapsack) Fair (Tabu)
Logistic Regression
F1 score 0.2647 0.2566 0.2530
Fairness 54.71% 100% 100%
Random Forest
F1 score 0.2524 0.2466 0.2467
Fairness 53.28% 100% 100%
XGBoost
F1 score 0.2625 0.2526 0.2592
Fairness 51.99% 100% 100%
Gaussian Naive Bayes

F1 score 0.2357 0.2379 0.2334
Fairness 52.63% 100% 100%

Table 31: Re-ranking under religious fairness constraints

Measure Original Fair (Knapsack) Fair (Tabu)
Logistic Regression
F1 score 0.2647 0.2473 0.2390
Fairness 56.31% 100% 100%
Random Forest
F1 score 0.2524 0.2368 0.2378
Fairness 52.31% 100% 100%
XGBoost
F1 score 0.2625 0.2479 0.2559
Fairness 49.69% 100% 100%
Gaussian Naive Bayes

F1 score 0.2357 0.2339 0.2298
Fairness 58.63% 100% 100%
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search, we employ a restarting mechanism to escape from local optima.
We set the initial tabu list size to 2, and the limit of iterations to 100.
According to our observations, it can take up to 5 algorithm restarts to
obtain a solution. However, occasions like these have been very rare.
The results of re-ranking with religious preferences are summarized
in Table 31.

To better see the impact of re-ranking on accuracy at various fair-

ness levels, we compare their trade-off for racial and religious prefer-
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Figure 27: F1 score vs. fairness

10.7.3 Discussion

It appears that the preferential fairness of off-the-shelf classifiers before
re-ranking does not exceed 55% for race, and 59% for religion (column
‘Original’ in Tables 30 and 31). Nevertheless, maximizing fairness from
the state of being nearly ‘half fair’ in the beginning is possible with

minimal accuracy losses thanks to the proposed re-ranking methods.
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As expected, the losses in F1 observed in Table 31 are more substan-
tial than those in Table 30, reflecting a more demanding nature of re-
ranking over non-binary attributes. Specifically, the largest registered
accuracy drop is 9.7% for religion, and 4.4% for race.

During the experiments, we observe that re-ranking of a non-oracle
recommender occasionally triggers true positives or true negatives. The
more accurate the recommender, the higher the loss due to re-ranking.
Indeed, the largest decrease in F1 score is associated with our most
accurate classifier, Logistic Regression. Conversely, our least accurate
classifier — Naive Bayes — actually enjoys a small increase in F1 after
re-ranking via Knapsack (Table 30).

The trajectory of F1 loss for increasing fairness levels differs from
model to model (Figure 27). In general, we see a steeper decline in
accuracy for probabilistic attributes (Figures 27c, 27d), especially as the
fairness approaches 100%.

The two re-ranking methods have comparable performance in prac-
tice, without a clear winner. The choice of a method should be dictated
by the nature of a sensitive attribute (whether it is binary or continu-
ous), and the size of the candidate pool. Knapsack has the advantage of
guaranteed optimality for binary attributes, and potentially better run-
time efficiency for continuous attributes (if a reasonable scaling factor
is chosen). On the other hand, Tabu search has higher efficiency for
larger candidate pools.

In view of the modest accuracy compromises, and of the legal and
ethical ramifications of racially and religiously biased predictions, the
use of re-ranking is easily justifiable.

10.8 Conclusion

In response to the provided evidence for algorithmically biased match-
making, we introduce the notion of preferential fairness — a special case
of calibrated fairness, where the user’s preference for the sensitive at-
tribute and its distribution in the candidate pool set the merit for choos-
ing the right candidates for recommendation. Using the proposed fair-

ness measure and re-ranking algorithms, we show how to quantify and
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eliminate racial and religious bias in the outputs of matchmaking clas-
sifiers for speed dating. This measure can be useful in other domains
where the preferential aspect of fairness is the key factor for establish-
ing the ethicality of recommendations.

As a theoretical contribution, we have formulated and solved the
exact-k Knapsack problem with dual capacity constraints, which guar-
antees optimality in re-ranking. We also present a variation of Tabu
search, offering potentially better scalability and comparable re-ran-
king performance. Both methods are driven by the proposed relevance
criterion, which maximizes the accuracy of fair recommendations to a
user. Contrary to the established ‘top-k” standard, we address a harder
problem of generating recommendations with a dynamic cut-off. Our
methodology can be generalized to other scenarios where multi-obje-
ctive, variable-size recommendations are meaningful. Re-ranking un-
der multiple fairness constraints would be an interesting avenue for
future work.

To conclude, we agree with the vision that future designs and poli-
cies of matchmaking services should strive to discourage users from
expressing socially sensitive preferences to protect the dignity and self-
esteem of the concerned minority groups [117]. We show that when
such preferences do exist, the proposed methodology can aid in as-
sessing and de-biasing the output of a recommender system for the

affected user.
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