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Abstract

Recent studies in recommender systems have shown that performance im-
provements achieved by state-of-the-art methods could be attributed to
the misapplication of offline evaluation protocols. These results highlight
the potential for both methodological and extrinsic aspects of evaluation
to impact results. Furthermore, specialised recommendation tasks, such
as sequential and cross-domain recommendation, additionally pose unique
and underexplored challenges for evaluation.

In this thesis, we present a series of studies examining different aspects
of evaluation in top-n recommendation, sequential recommendation, and
cross-domain recommendation. The first study examined sampled evalu-
ation metrics in top-n recommendation. Our results demonstrate greater
consistency between sampled and traditional (non-sampled) metrics com-
pared to prior studies, as well as additional advantages, such as the po-
tential for higher discriminative power and robustness against popularity
bias in sampled metrics. The second study looked at how the most widely-
used data splitting strategy in offline evaluation of sequential recommenders
is deeply flawed due to data leakage, which results in performance being
significantly overestimated. Our third study investigates user perceptions
of cross-domain recommendations. The results show that simply telling
users recommendations were based on information from a different domain
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significantly altered their perceptions of recommendations, lowering both
trust and interest. In the final study, we propose a novel meta-evaluation
framework based on techniques from psychometric assessment that can be
used to investigate various aspects of offline evaluation, including evalu-
ation metrics, the information content of data sets and the role of item
popularity and user engagement in recommendation.

This thesis contributes to our understanding of a diverse range of evaluation
challenges in recommender systems. The findings raise critical concerns re-
garding the evaluation of recommender systems, showing that standard
evaluation methods can result in questionable research findings. Addition-
ally, this thesis contains insights into how evaluation can be improved for
several recommendation tasks.

Computing Reviews (2012) Categories and Subject
Descriptors:
Information systems — Information retrieval — Retrieval tasks
and goals — Recommender systems
Information systems — Information retrieval — Evaluation of
retrieval results — Retrieval effectiveness

General Terms:
Evaluation, Recommender Systems, Experiments

Additional Key Words and Phrases:

Offline Evaluation, Top-N Recommendation, Sequential Recommendation,
Cross-domain Recommendation, Meta-evaluation, Item Response Theory,
User Study
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Chapter 1

Introduction

Humans are informavores who are naturally driven to seek out information
[149]. Advances in information technology have made it easier than ever
to access vast amounts of information online. Yet, the key challenge lies
in the fact that only a small fraction of this information is pertinent to
our needs, leading to the problem of information overload. To address
this issue, information filtering tools, such as recommender systems that
leverage personalized user profiles to eliminate redundant information, have
been developed [10].

Recommender systems have become an integral part of our daily lives,
influencing many of the digital services and platforms we use. These sys-
tems are employed in various domains, such as e-commerce platforms like
Amazon for product suggestion [88, 128], entertainment services like Net-
flix and Spotify for recommending movies and music [12, 59], and even so-
cial media sites like Facebook and Twitter for curating personalized feeds
[7, 45]. In recent years, there has been a rapid advancement in the develop-
ment of recommendation algorithms aimed at enhancing user satisfaction
on these platforms [47, 76, 85, 128]. This progress highlights the impor-
tance of evaluation, indicating a clear need to identify the most effective
recommendation algorithms for implementation in real-world systems.

Recommender system performance can be evaluated through either on-
line or offline methods [62, 125]. While online evaluation captures actual
user satisfaction in a live environment, offline evaluation that relies on his-
torical interaction data, is more commonly used in empirical studies due to
its effectiveness, reproducibility, and ease of implementation. It is impor-
tant to note that the standard offline evaluation method in recommender
systems is adapted from the field of information retrieval (IR), which incor-
porates the Cranfield paradigm [141] and rank-based metrics to assess the
quality of top-N recommendations [11]. This evaluation method has been
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2 1 INTRODUCTION

widely adopted and plays a crucial role in benchmarking performance and
tracking progress in recommender systems.

Offline evaluation in recommender systems presents numerous chal-
lenges. One significant issue is the lack of comparability in evaluation
results across studies, given that arbitrary evaluation configurations are of-
ten applied. Despite the existence of the standard evaluation method men-
tioned above, many experimental design decisions, such as pre-processing
approaches, evaluation metrics, and data splitting strategies, are frequently
determined without clear justification [37, 55]. These different choices, how-
ever, can significantly influence evaluation outcomes, often leading to flawed
conclusions about relative performance of recommender systems [17].

Second, there is a limited understanding of offline evaluation meth-
ods and the interpretation of their results. While the top-N evaluation
method, borrowed from IR, appears to be a natural fit for recommender
systems evaluation, it has been argued that the recommendation tasks and
settings, particularly for offline evaluation, may not align with the assump-
tions commonly made in IR [11]. This raises a critical concern: can the
standard evaluation method truly capture the effectiveness of recommender
systems? Furthermore, interpreting the evaluation results can be challeng-
ing. For instance, different recommendation algorithms may perform very
differently on various datasets [55]. While the "no free lunch theorem”
offers a simple explanation [2], a deeper understanding would require fur-
ther investigation into the influence of dataset characteristics on evaluation
outcomes.

Third, offline evaluation may fail to accurately reflect the real-world ef-
fectiveness of a recommender system. Indeed, relying on pre-collected inter-
action data and static evaluation metrics, offline evaluation often struggles
to capture the evolving dynamics of user preferences and satisfaction. This
limitation has been demonstrated in many studies across different domains
of recommender systems. For example, a study by Garcin et al. [43] re-
ported significant discrepancies in accuracy between offline and online eval-
uations in a news recommendation platform. Similarly, Rehorek et al. [109]
investigated this mismatch in the context of movie recommendations, fur-
ther highlighting the challenges of relying solely on offline evaluation to
assess recommender system performance.

With these challenges remaining unresolved, recent studies have raised
significant concerns regarding the reliability of offline evaluation in recom-
mender systems. An influential study by Dacrema et al. [38] published
in 2019 revealed that the reported progress in recommender systems often
diminishes upon closer inspection, attributing algorithmic improvements



to the misapplication of offline evaluation practices. Similarly, Bellogin et
al. [11] highlighted the presence of inherent statistical biases within the
offline evaluation methods, which undermines the accuracy and reliability
of the evaluation results. These observations emphasize the pressing need
for a comprehensive investigation into the effectiveness and robustness of
offline evaluation methods in recommender systems.

Surprisingly, nearly all previous research addressing evaluation concerns
has focused on the widely studied top-N recommendation task [11, 17, 23,
37, 38, 55]. Over the past decade, however, many specialised recommen-
dation tasks, such as sequential recommendation and cross-domain recom-
mendation, have gained significant attention in the recommender systems
research community, which typically require distinct evaluation practices.
For instance, in sequential recommendation, a modified data splitting strat-
egy is necessary to preserve temporal information. It is, therefore, crucial to
investigate the unique evaluation challenges associated with these tasks, in
order to gain a clearer understanding of the progress made for each specific
task and ensure that evaluation methods are effectively adapted.

The primary focus of this thesis is to identify and understand offline
evaluation challenges in recommender systems. This can be further ex-
plored by examining the methodological and extrinsic challenges of of-
fline evaluation for various recommendation tasks. While methodological
challenges focus on the issues that arise from the improper design or flawed
implementation of evaluation methods, extrinsic challenges examine the
influence of external factors, primarily user behaviors and perceptions, on
evaluation outcomes in the context of recommender systems. This thesis
contributes a series of comprehensive studies to investigate different aspects
and challenges of offline evaluation in top-N, sequential, and cross-domain
recommendation. The practical implications of the thesis include: (i) pro-
viding a thorough examination of the effectiveness and robustness of offline
evaluation, and (ii) offering a set of valuable insights into evaluation prac-
tices in recommender systems.

This chapter provides an overview of this thesis project, focusing on its
motivations, objectives, and contributions. Section 1.1 presents the objec-
tives and outlines the research questions addressed in this thesis. Section
1.2 then elaborates on the contributions of the thesis. In Sections 1.3 and
1.4, the author’s specific contributions to each research work included are
detailed and the organization of the thesis is described, respectively.



4 1 INTRODUCTION

1.1 Objectives and Research Questions

This thesis presents a series of studies to build a comprehensive understand-
ing of challenges and flaws associated with offline evaluation for diverse rec-
ommendation tasks. The primary objective is to answer the fundamental
question: Does offline evaluation in recommender systems truly measure
what it claims to measure? This can be further divided into three research
questions.

RQ1: How do methodological decisions in offline evaluation impact evalu-
ation outcomes in recommender systems?

Our investigation into this research question focuses on two recommen-
dation tasks, namely top-N recommendation and sequential recommenda-
tion. The motivation stems from the recognition of two unrealistic of-
fline evaluation practices corresponding to these tasks. First, to address
the growing computational demands, sampled evaluation metrics have be-
come the standard practice for offline evaluation for top-N recommendation.
Nevertheless, this approach does not align with real-world implementation,
where recommendations are generated based on the entire list of items [55]
or, at the very least, a set of candidate items [22], rather than the randomly
sampled or most popular items typically utilized in sampled metric-based
evaluation. Second, when evaluating sequential recommender systems, a
data splitting strategy known as temporal leave-one-out is widely employed
to preserve temporal information during the evaluation [105, 132, 160]. This
practice, however, does not reflect the real-world scenario, where only active
users who return to the system after a specified timepoint are considered
for evaluation. In contrast, offline evaluation with temporal leave-one-out
considers both active and inactive users, which can lead to inflated perfor-
mance estimates, as the recommendation model may leverage future infor-
mation from active users to predict the current preferences of inactive ones
[65, 131]. Given that numerous empirical studies in recommender systems
have relied on these evaluation practices to claim their contributions, it is
crucial to conduct a thorough analysis to fully understand their impacts on
evaluation outcomes.

RQ2: To what extent do extrinsic challenges contribute to discrepancies
between offline evaluation results and real-world performance?

One notorious issue with offline evaluation in recommender systems is
its misalignment with online evaluation [9, 116]. Recommender systems
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are inherently user-centric, making external factors related to users, such
as their engagement and perceptions, essential in determining the actual
effectiveness of a recommender system [76]. These user dynamics, however,
are often challenging to be captured in offline evaluation that relies solely
on historical interactions and static accuracy metrics. As a result, a sys-
tem that performs well in offline tests may not necessarily deliver the same
level of satisfaction for users in real-world environments. To investigate
how these user-relevant factors influence the evaluation of recommender
systems, we focus on the cross-domain recommendation task, where infor-
mation from a relatively dense domain is leveraged to improve recommen-
dation performance on a sparser domain [42]. The reason for selecting this
specific recommendation task is two-fold. First, there is a lack of prior
studies on understanding user perceptions of cross-domain recommenda-
tions, let alone their influence on system evaluation. Second, cross-domain
recommendation settings may introduce changes in system design, includ-
ing modifications to the interface and shifts in user interaction patterns,
which are more likely to influence users and give rise to unique challenges
distinct from those in other recommendation tasks. Since nearly all studies
on cross-domain recommendation have relied on offline evaluation, there is
a clear need to understand the impact of extrinsic evaluation challenges in
this context to reveal the true progress in this domain.

RQ3: Can we develop improved methodologies or frameworks to enhance
our understanding of the methodological and extrinsic challenges in recom-
mender systems evaluation?

Our understanding of offline evaluation in recommender systems is some-
what limited. Despite the widespread use of top-N recommendation evalu-
ation, it remains questionable whether this method can accurately capture
user preferences. Indeed, recommender systems often face the inherent is-
sue of missing information [11]. A rank-based metric with a value of 0
for a user can be attributed to either 1) the model fails to capture the
user’s preference, or 2) there is insufficient information to determine the
relevance of recommendations. Moreover, it has been observed that the
performance of different recommendation algorithms can vary considerably
across different datasets [55]. Benchmark datasets in recommender sys-
tems are often collected from diverse platforms and domains, each with
distinct characteristics. Despite this notable fact, the connections between
dataset characteristics and recommender system performance remain un-
clear. Finally, the core of a recommender system lies in its ability to deliver
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personalized experiences [76]. It is, therefore, critical in offline evaluation
to capture individual user characteristics and understand their influences
on system performance. To deepen our understanding of offline evaluation,
we propose a novel methodology based on item response theory (IRT). As
a psychometric framework, IRT was traditionally used to examine the re-
lationship between test takers’ ability and the characteristics of test items
[15]. By applying this analogy to recommender systems, it enables the
analysis of the recommender system’s performance in relation to the char-
acteristics of the datasets, as well as the influence of individual users and
items simultaneously. Furthermore, the established framework of IRT en-
sures the reliability of the proposed approach, providing a solid solution for
meta-evaluation and in-depth analysis of recommender systems evaluation.

1.2 Thesis Contributions

In tackling the three research questions described above, this thesis makes
the following contributions, detailed in the four articles referred to hereafter
as Articles I-1V.

Articles T and IT address RQ1 and investigate methodological challenges
in offline recommendation evaluation. Article I conducts a comprehen-
sive study using 52 recommendation algorithms across three benchmark
datasets to examine the consistency, discriminative power, and robustness
of sampled evaluation metrics for top-N recommendation evaluation. It is
shown that sampled metrics exhibit greater consistency with traditional
(non-sampled) metrics than previously reported, while offering additional
advantages, such as higher discriminative power and enhanced robustness
to popularity bias when appropriate sampling configurations are applied.
This study illustrates that the optimal sampling configurations are depen-
dent on dataset characteristics as well as the goals of researchers and in-
vestigators, highlighting the need for greater transparency in experimental
design decisions.

Article II contributes an in-depth investigation into the flaws of se-
quential recommender systems evaluation. We examined the issue of data
leakage induced by the widely-adopted data splitting strategy, temporal
leave-one-out, using nine state-of-the-art sequential recommenders and four
datasets. The results raise significant concerns about this evaluation prac-
tice, showing that the performance of sequential recommenders dramati-
cally drops after eliminating data leakage. More surprisingly, the reported
progress in prior studies of sequential recommenders may be questionable,
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given that they can even be outperformed by simple general recommenders
that do not rely on sequential information. This study also proposes a data
leakage prevention strategy for data splitting, namely split-by-timepoint
leave-one-out, which is recommended for researchers to ensure the trust-
worthiness of evaluation results.

In addressing RQ2, Article III contributes a novel study design aimed at
understanding how user-centric factors, such as user perceptions, influence
the true performance of cross-domain recommendation. This study reveals
an interesting fact: simply telling users that the recommendations are gen-
erated based on information from another domain significantly alter their
perception of the recommender system, causing a decrease in user trust and
interest in recommendations. The finding further highlights that ignoring
user perceptions in offline evaluation can lead to inflated evaluation results,
causing misalignment with online evaluation.

Moving on to RQ3, Article IV proposes a novel meta-evaluation frame-
work by adapting item response theory, a well-established psychometric
assessment technique, to recommender systems. This framework enables
the examination of three key perspectives of offline evaluation, including
recommender’s ability, data set characteristics, and the influence of item
popularity and user engagement. The results from a comprehensive eval-
uation study using 52 recommender systems and 3 benchmark datasets
highlight that top-N evaluation metrics fail to reflect the high ability of
recommender systems to model user preference. Meanwhile, it is found
that the top-N recommendations with the most discriminatory power are
biased towards lower difficulty items. The study further provides a series of
qualitative analyses on how item popularity and user engagement impact
system performance. This work demonstrates great potential to influence
future research in recommender systems evaluation.

1.3 Author Contributions

Article I: The author of the thesis identified the need to investigate the
impact of sampled metrics on offline evaluation in recommender systems,
formulated the experimental design, conducted the experiments and an-
alyzed the experimental results presented in the paper. Additionally, the
author of the thesis was responsible for drafting and editing the manuscript.

Article II: The author of the thesis contributed to the conceptualization
of the study and the experimental design. In addition, the author of the
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thesis assisted in analyzing the experimental results as well as writing and
editing the manuscript.

Article III: The author of the thesis was involved in the design of the
user experiment and assisted in interpreting the results. The author of the
thesis also contributed to drafting and refining the manuscript.

Article IV: The author of the thesis co-proposed the idea and addressed
the challenges of adapting item response theory into the evaluation of rec-
ommender systems. The author of the thesis implemented and conducted
the experiments to investigate key aspects of offline evaluation. Besides, the
author of the thesis was responsible for drafting and editing the manuscript.

1.4 Structure of the Thesis

Chapter 1 outlines research backgrounds, objectives, and contributions.
Chapter 2 provides an overview of recommender systems, with the primary
focus on offline evaluation methods, to build the foundation for understand-
ing the studies described in this thesis. In Chapter 3, we present two com-
prehensive evaluation studies investigating the methodological challenges
in offline evaluation for top-N recommendation and sequential recommen-
dation, which addresses RQ1. In relation to RQ2, Chapter 4 examines the
impact of extrinsic evaluation challenges in cross-domain recommendation
through a user experiment. The meta-evaluation framework developed to
enhance the understanding of offline evaluation is presented in Chapter
5, addressing RQ3. At the end of the thesis, Chapter 6 revisits the key
findings, offering a deeper discussion of their implications and suggesting
directions for future research and exploration.



Chapter 2

Background

This chapter provides essential background on recommender systems nec-
essary for understanding the research questions and studies discussed in
this dissertation. We begin by introducing the foundational concepts and
core algorithms of recommender systems in Section 2.1. Section 2.2 delves
into evaluation methodologies in recommender systems, covering both of-
fline and online approaches. We conclude the chapter with a discussion of
the open challenges in recommender system evaluation in Section 2.3.

2.1 Recommender Systems

Recommender systems are information filtering tools invented in the early
1990s to address the growing challenge of information overload [76]. The
first known recommender system, Tapestry [46], was introduced by Gold-
berg et al. to help users manage large volumes of electronic mail through col-
laborative filtering, a technique that leverages subjective evaluations from
users to identify relevant contents. However, in this design, users were re-
quired to manually select whose evaluations to consider, which limited the
practicality and usability of the system. This limitation was later addressed
by researchers from MIT and the University of Minnesota with the intro-
duction of GroupLens [112], a news article recommendation system that
automated the process by aggregating collective evaluations/ratings from
multiple users. This approach, now known as user-user collaborative fil-
tering, became the foundation for many subsequent systems. Well-known
examples include Ringo [127], a system for recommending music artists,
and Video Recommender [57], designed for suggesting videos through e-
mail and the web. Later, recommender systems began to be developed in
the commercial sector alongside the rise of e-commerce in the late 1990s.

9



10 2 BACKGROUND

Several companies started marketing recommender engines, with one of the
most successful being Net Perceptions [122], which partnered with major
companies, such as Amazon, Best Buy, and JC Penney to deliver online
shopping solutions.

Moving into the 2000s, recommender systems continued to develop sig-
nificantly in both research and industry. There has been substantial devel-
opment of recommendation algorithms, significantly expanding the scope of
recommender system research. Prior to 2005, recommender systems were
primarily based on collaborative filtering with approaches, such as item-
item collaborative filtering [119], a dimensionality reduction-based method
[120] and others being developed. Subsequently, other types of approaches,
such as content-based [49, 111, 114] and knowledge-based methods [62],
have been developed. Driven by the $1 million Netflix Prize challenge
launched in 2006, many machine learning and data mining researchers en-
tered the field, making substantial improvements in rating prediction ac-
curacy [76]. During this time, matrix factorization [78] gained significant
popularity due to its proven effectiveness [62]. It should be noted that,
during this period, the focus of recommendation tasks shifted from rating
prediction to top-N recommendation, which aims to provide a list of the
most relevant items to users [26, 55]. This transformation was driven by the
growing use of recommender systems in commercial applications [76], which
showed that improving prediction accuracy did not necessarily guarantee
better user experiences [11, 23, 55].

Around 2010, there was a growing awareness of the importance of user
experience in recommender systems. Systems that offer greater interactiv-
ity to users, such as critique-based recommender systems that ask users to
provide feedback on recommendations for improvement, were introduced
[20]. Konstan and Riedl [76] discussed the evolution of recommender sys-
tem research shifting the focus from algorthimic performance to user expe-
rience. They argued that measuring user experience reveals critical aspects
of systems and requires a broader set of measures than those commonly
used. In 2011, Pu et al. [106] proposed a unifying user-centric evaluation
framework, ResQue, which focuses on various aspects of systems, including
usability, usefulness, interface, interaction qualities and user satisfaction.
Many user-focused studies in recommender systems have since based their
experimental designs on ResQue [72, 107, 158].

Over the past decade, recommender system research has been largely
driven by the advancements of deep learning. Around 2016, many neural
network-based collaborative filtering approaches were developed to effec-
tively model the latent features of users and items to enhance recommen-
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dation quality [28, 159]. Graph neural networks [152] were employed to
advance knowledge-based approaches. Subsequently, recurrent neural net-
works [98] and transformer-based models [140] were applied to sequential
recommendation to capture the temporal dynamics of users’ historical in-
teractions [146]. Entering the era of large language models, conversational
recommender systems introduced a new paradigm, enabling users to inter-
actively engage with the system to support their decision-making process
[61]. With the rapid advancement of new algorithms, numerous libraries
specifically designed for benchmarking were introduced, such as daisyRec
[133], Beta RecSys [100], RecBole [162], to name a few.

Alongside the rapid advancement of recommender systems, the research
community has experienced significant expansion over the past two decades.
In 2007, the first ACM Recommender Systems Conference (RecSys) was
held in Minnesota, organized by Prof. Joseph Konstan, and has since be-
come one of the most important events in the RS community [62]. Many
established conferences focusing on data science, information systems, and
web technologies have gradually introduced dedicated sections for recom-
mender systems, such as ACM SIGKDD Conference on Knowledge Discov-
ery and Data Mining (KDD), ACM SIGIR Conference on Research and
Development in Information Retrieval (SIGIR), and The Web Conference
(WWW). Additionally, two conferences, the ACM SIGIR Conference on
Human Information Interaction and Retrieval (CHIIR) and the Interna-
tional Conference on Intelligent User Interfaces (IUT) that emphasize user-
centered design and personalization, have provided valuable insights into
the human aspects of recommender systems. Recently, the first journal
dedicated to recommender systems, ACM Transactions on Recommender
Systems (TORS), was launched in 2023.

In the meantime, education on recommender systems has gained in-
creasing popularity across universities and academic institutions [62]. With
the emergence of online learning platforms, certain courses have been made
available online, notably the Recommender System Specialization offered
on Coursera by the University of Minnesota since 2018 [103]. Several hand-
books and textbooks have been published since 2011, the most notable
being those by Ricci et al. [113], Jannach et al. [62], and Aggarwal [4].

2.1.1 Recommendation Tasks

Early research in recommender systems focused on two primary tasks [26]:
(i) predicting how much a user will like a particular item, referred to as
rating prediction [78, 119, 122], and (ii) identifying a set of items that a
user is likely to prefer, known as top-N recommendation [26, 121]. By the



12 2 BACKGROUND

late 2000s, it became widely recognized that top-N recommendation aligned
more closely with the objectives of many commercial platforms [11, 23, 55],
and since then it became the primary focus of the RS research community
[11, 76]. More recently, researchers have recognized that users may have
different needs at various stages or across different platforms [76], making
specialised recommendation tasks essential to address these diverse require-
ments. For example, cross-domain recommendation have been introduced
to improve the experience of new users, leveraging information from one
platform or service to enhance their interactions with another [157]. This
section provides a brief overview of top-N recommendation, and two special-
ized recommendation tasks, sequential recommendation and cross-domain
recommendation, which are relevant to the studies presented in this thesis.

Top-N Recommendation

Top-N recommendation refers to the task in recommender systems of gen-
erating a list of the most relevant items for users. Numerous recommen-
dation algorithms have been proposed over the past decades to address
the top-N recommendation task [5, 23, 26, 121]. Formally, given a set of
users U = {uy, ug, ..., up } and items I = {iy,ig, ..., i,y }, user preferences are
recorded by an interaction matrix I, where each element r,; € R denotes
the rating of item ¢ given by user u [130]. r,; is usually measured on a
5-point Likert scale like in the MovieLens datasets [50]. For each user wu,
the set of items that have been rated is denoted as positive examples € I,
while the remaining non-rated items are considered to be negative exam-
ples € I\I,. The goal of top-N recommendation is to identify a set of N
items for each user that maximizes the likelihood of positive interactions
to appear within that set.

Sequential Recommendation

Sequential recommendation, also known as next-item prediction, focuses on
modeling the sequential patterns in users’ historical interactions to predict
the next item they are likely to prefer. This task is particularly effective
in improving user experience on e-commerce platforms, such as Amazon,
where the goal is to recommend the next item a user is highly likely to
purchase based on their recent buying history [144]. Since its introduction
in 2015, the number of studies on sequential recommendation has increased
significantly every year [35]. Early approaches to sequential recommenda-
tion used Markov Chain (MC) to model sequential user behavior [111, 126].
Subsequently, many deep learning techniques have been applied to sequen-
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tial recommender systems. Recurrent neural networks (RNNs) are used
to capture long-term user interests [135], while transformer-based models,
such as SASRec [66] and BERT4Rec [132], leverage the attention mecha-
nism to capture relationships between items in the sequence.

Cross-domain Recommendation

Cross-domain recommendation was introduced in the early 2010s to over-
come the limitations of single-domain recommender systems, such as data
sparsity and the cold-start problem [42]. The core idea is to leverage in-
formation from a denser source domain to improve recommendations in a
sparser target domain. Indeed, the development of cross-domain recom-
mendation (CDR) algorithms largely depends on the overlap of users and
items between the source and target domains. Collective matrix factoriza-
tion leverages cross-domain knowledge derived from overlapping users and
items to constrain the factorization process in both domains [108, 155, 157].
Another line of approaches, embedding and mapping, combine latent rep-
resentation techniques with mapping functions to capture the transferable
patterns across the two domains [41, 92, 165]. When there is no overlap
in either users or items, clustering-based approaches are used to capture
similarities in rating patterns [84, 101] or auxiliary information, such as
tag correlations [33, 36] is utilized to infer relationships between domains.
Despite this extensive exploration of CDR algorithms in recent years, sur-
prisingly little effort has been made to understand user perceptions of CDR
systems [70, 157, 164].

2.1.2 Recommendation Algorithms

Despite various categorizations of recommendation algorithms, this section
adopts a more straightforward approach by dividing them into two cate-
gories: 1) traditional recommendation algorithms, and 2) neural-based al-
gorithms, based on whether they incorporate neural networks [161]. Neural-
based algorithms take the advantages of deep neural network architectures
to enhance their capacity for modeling complex user preferences [159, 161].
However, recent studies have shown that, with careful hyperparameter tun-
ing, traditional recommendation algorithms can outperform the state-of-
the-art neural-based approaches [37, 38].
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Traditional Recommendation Algorithms

Traditional recommendation algorithms typically include three types: col-
laborative filtering, content-based approaches, and hybrid approaches [3].

Collaborative filtering is based on the assumption that users with simi-
lar preferences tend to consume similar items [26, 76, 119]. This approach
initially relied on explicit feedback from users to predict ratings. However,
it has now shifted towards utilizing implicit feedback to rank items to gener-
ate recommendations [119]. Two primary collaborative filtering approaches
have been developed: the nearest-neighbor approach and matrix factoriza-
tion (MF) [11]. Within the nearest-neighbor approach, UserKNN [75] and
ItemKNN [26] recommend items based on preferences of users with simi-
lar tastes or by finding items similar to those already liked by a given user
[161]. Matrix factorization, proposed by Koren et al. [78], involves mapping
users and items into a latent factor space. This method reconstructs the
interaction matrix by multiplying latent factors to capture the underlying
patterns in user-item interactions. Later, Rendle et al. [110] introduced
Bayesian Personalized Ranking (BPR), which is based on pairwise user
preferences and involves sampling negative items. This model provides a
framework for incorporating implicit feedback into top-N recommendation
algorithms, including MF'.

Content-based approaches leverage auxiliary information, such as user
profile and item attributes (e.g., genre and leading characters in movies),
to generate recommendations [159]. More concretely, a content-based ap-
proach constructs a user profile as a weighted vector of attributes derived
from the items the user interacts with [3]. The relevance score between
users and unseen items can, therefore, be assessed by measuring the simi-
larity between the user profile and item vectors, for example, using cosine
similarity. To construct user and item vectors, Lang proposed using term
frequency-inverse document frequency (TF-IDF) to compute the weights of
each attribute extracted from news articles to be recommended [3, 82]. In
contrast, Pazzani and Billsus [104] proposed a Bayesian model to predict
the probability that a user would be interested in a web page given the
attributes of that page.

Hybrid approaches combine the collaborative filtering and content-based
methods, often leading to improved performance in recommendation. A
simple method for combining these approaches involves rating aggrega-
tion or voting schemes, where predictions from two or more independently



2.1 Recommender Systems 15

trained models are integrated [62]. Furthermore, contextual information
can be integrated with MF to enhance recommendation performance. Popes-
cul and Pennock [124] developed a unifying probabilistic framework that
combines both approaches, effectively addressing the cold-start problem
with items.

Neural-based Algorithms

Incorporating deep learning (DL) architectures into traditional recommen-
dation algorithms offers several benefits. Firstly, deep learning methods
benefit content-based recommender systems by effectively leveraging auxil-
iary data. When various types of data, such as text, images and metadata,
are available, DL techniques can utilize this information to enhance the rec-
ommendation process [159]. Moreover, the capacity of deep learning models
to solve challenges across different domains facilitates the development of
recommender systems tailored to specific recommendation tasks. For exam-
ple, recurrent neural networks (RNNs) [98] are highly effective in modeling
sequential data, making them a natural solution for sequential recommen-
dation [56]. Similarly, Graph Neural Networks (GNNs) [152] offer a valid
approach for incorporating additional contextual information into recom-
mender systems through modeling relationships within, for example, social
networks or knowledge graphs [151]. Below, we briefly introduce several
notable prior works on the application of DL models in recommender sys-
tems. We refer the readers to a more detailed survey by Zhang et al. [159]
for further information.

Many attempts have been made to integrate neural networks into col-
laborative filtering. Dziugaite et al. [29] introduced Neural Network Matrix
Factorization (NNMF) by replacing the inner product in MF with a multi-
layer perceptron (MLP) for interaction reconstruction, enabling the model
to learn arbitrary functions from the data. Another well-known model,
Neural Collaborative Filtering (NCF), proposed by He et al. [53], follows a
similar concept but differs from NNMF in its approach to modeling user-
item interactions. More concretely, while Dziugaite et al. [29] focused on
minimizing prediction error for explicit ratings, He et al. [53] concentrated
on modeling implicit data. In their subsequent work, He et al. [52] pro-
posed augmenting NCF with a convolutional layer to capture high-order
correlations between user and item embedding dimensions, resulting in a
model known as ConvNCF. Liang et al. [86] proposed MultiVAE, a frame-
work that integrates variational autoencoders (VAEs) into collaborative
filtering, enhancing the capabilities of traditional recommenders.
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2.2 Evaluating Recommender Systems

Recent years have witnessed a rising awareness of the importance of evalua-
tion within the RS community [55, 62, 125, 130, 158]. The goal of evaluation
is typically to conduct comparative studies on a set of candidate recommen-
dation algorithms and identify the most suitable one for incorporation into
a real-world system [125]. Three key evaluation methodologies have been
mostly used in recommender systems evaluation, namely offline evaluation,
user studies, and online evaluation. Offline evaluation involves compar-
ing recommendation approaches using pre-collected historical interaction
data, allowing for controlled and reproducible assessments. User studies
gather feedback from a small group of users who interact with the sys-
tem and provide insights into user experiences and perceptions. Online
evaluation involves testing systems with real users in a live environment,
offering direct and practical insights into the system performance.

Compared to user studies and online evaluation, offline evaluation does
not require the implementation of a real-world recommendation system,
reduces the complexity of finding participants and maintaining users, and
has been predominantly used in RS research for benchmarking algorithms
[125]. However, studies over the past decade have raised significant concerns
about offline evaluation [11, 17, 23, 37, 38|, with one of the most notable
issues being its misalignment with online evaluation [9, 43, 76]. This section
reviews the three evaluation methodologies for recommender systems, with
a primary focus on offline evaluation.

2.2.1 Offline Evaluation

Offline evaluation refers to the process of assessing a recommender system’s
performance using pre-collected datasets. This method has been widely
adopted in recommender system studies due to its efficiency, ease of use,
and reproducibility [76, 125].

Offline evaluation in RS initially centered on assessing how accurately
a recommender system predicts user ratings for items by measuring pre-
diction error [55, 76]. However, it has been shown that this measure is too
stringent to assess the utility of recommender systems [23]. The RS com-
munity has, therefore, shifted towards adopting methodologies and metrics
from the information retrieval field to improve their evaluation solutions
[11]. This adaptation includes both the Cranfield paradigm [142], which
involves conducting experiments with test collections to evaluate different
retrieval approaches, and rank-based evaluation metrics, such as Precision,
Recall, and Normalized Discounted Cumulative Gain (NDCG) [63].
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Table 2.1: Summary of Notations

U, I Set of users, set of items
R Set of ratings
I, clI Set of items rated by u
T, C I, Set of test items for u
N, =1\1, Set of negative items for u
N7 C Ny Set of sampled negative items for u
Vi, Vb C I, Original and ordered target set for u
VE vt Set of top K items from V,, for u
Vufk eVt The k-th item recommended for u
rel (Vufk) € {0,1} Relevance of k-th item recommended for u

More concretely, the offline evaluation process for a recommender sys-
tem can be outlined as follows. Following the definition in Section 2.1.1,
given a user u, I, represents the set of items rated by the user. Offline
evaluation in RS typically involves constructing a target item set V,, for
a given user u, based on which top-K items are obtained for calculating
the evaluation metrics. Typically, the target item set can be composed by
merging the test item set T, and the negative item set N,, resulting in
Vi = Ty, U Ny, where N, = I\I,. A recommender system that is being
evaluated returns scores that indicate the likelihood of the user liking each
item in V,,. These scores are then used to rank items, producing an ordered
list of recommendations V. With a pre-defined cutoff K, the ordered list
V.t is truncated to obtain VuK , which contains the top-K recommended
items in ranked order. Finally, rank-based metrics are applied to the top-K
recommendation list to assess its quality and the overall performance of the
recommender system is typically obtained by taking the average across all
users. The notations used in this thesis are summarized in Table 2.1.

Accordingly, the experimental design of offline evaluation involves three
key aspects: (1) benchmark datasets, (2) data pre-processing, and (3) eval-
uation metrics. Despite the existence of the unified evaluation framework,
there has been limited consistency in these experimental settings across
studies. For instance, Sun et al. [134] highlighted that given the availabil-
ity of many datasets for recommender system evaluation, their selection
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is often arbitrary. In the study by Zhao et al. [160], four data splitting
strategies commonly used in offline evaluation were summarized. Valcarce
et al. [138] identified that the use of different metrics with varying cutoffs
in evaluation has made results across studies incomparable. A more critical
issue, frequently highlighted in several studies, is the insufficient reporting
of experimental details in research papers [17, 37, 134, 161]. In this section,
we examine the three aspects of the experimental design for recommender
systems evaluation.

Benchmark Datasets

The effectiveness of recommendation algorithms has been greatly improved
by the increased availability of benchmark datasets since the late 1990s. In
1998, the GroupLens research group released the first benchmark dataset,
the MovieLens dataset, which contains 100K user ratings for movies, for
recommender system evaluation [50]. Later, to meet the increasing demand
for more complex recommendation models, larger versions of the MovieLens
dataset (containing from 1M to the latest 32M ratings) have been gradu-
ally released from 2000 to 2024 and have gained great popularity in the RS
research community [50]. Another popular dataset for movie recommen-
dation is the Netflix dataset, which was launched in 2006 as part of the
Netflix Prize Challenge [12].

In 2005, Ziegler [166] collected a large-scale dataset consisting of more
than 1 million book ratings from Book-Crossing, facilitating studies on book
recommender systems. Two datasets, Last.FM [18] and LEM-1b [123] were
collected from Last.FM for music recommendation and were published by
the GroupLens in 2011 and Schedl in 2016, respectively. With the in-
creasing use of recommender systems in e-commerce, the Amazon datasets,
containing a larger volume of product metadata and user reviews across
various product categories, were released in 2014 [51]. A larger version of
these datasets was subsequently introduced in 2018. The Amazon datasets
were published and are maintained by the research group led by Julian
McAuley at UC San Diego [51]. Regarding social media recommendation,
one notable dataset is the Yelp dataset, which was released through the
Yelp Challenge in 2018 [6]. Subsequently, four additional versions contain-
ing more user reviews have been released in recent years.

Indeed, the development of these datasets enables researchers to com-
pare recommender systems on a standardized basis, which facilitates the
tracking of progress in the field. Table 2.2 presents the statistics for the
most frequently used datasets from 2017 to recent years [134]. These
datasets span various domains including movies, books, e-commerce, and
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Table 2.2: Statistics of Benchmark Datasets in recommender systems.
Statistics presented for the Amazon and Yelp datasets specifically corre-
spond to Amazon (2014) and Yelp (2018), respectively.

Dataset Domain #Users #ltems #lInteractions Sparsity (%)
Last.fm [18] Music 1,892 17,632 92,834 99.7217
Book-Crossing [166] Book 105,283 340,556 1,149,780 99.9968

Netflix [12] Movie 480,189 17,770 100,480,507 98.8224
MovieLens-1M [50] Movie 6,040 3,952 1,000,209 95.8098
MovieLens-10M [50] Movie 71,567 10,681 10,000,054 98.6918
MovieLens-20M [50] Movie 138,493 27,278 20,000,263 99.4706

Amz-Music [51]  E-commerce 478,235 266,414 836,006 99.9993
Amz-Books [51]  E-commerce 8,026,324 2,330,066 22,507,155 99.9999
Amz-Electronic [51] E-commerce 4,201,696 476,002 7,824,482 99.9996
Amz-Clothing [51] E-commerce 3,117,268 1,136,004 5,748,920 99.9998
Amz-Sports [51]  E-commerce 1,990,521 478,898 3,268,695 99.9997
Yelp [6] Social Media 1,326,101 174,567 5,261,669 99.9977
Epinions [136] Social Media 22,166 296,277 922,267 99.9860

social media. The sparsity of a dataset is determined by the ratio of missing
entries to the total number of entries in the user-item interaction matrix
[62].

Among the datasets, MovieLens-1M is the most widely used, likely due
to its lower sparsity and relatively small size [50, 134]. Most datasets
provide explicit ratings on a five-point Likert scale, with the exceptions
of Last.FM and Book-crossing. Book-crossing uses a 0-10 rating scale,
while Last.FM records user listening counts for different artists [18, 166].
Due to the presence of temporal information (i.e. timestamps), MovieLens
datasets, Amazon datasets, Yelp, and Last.FM are also commonly used for
evaluating sequential recommenders [105].

Data Pre-processing

Data pre-processing in RS typically involves three steps: (1) data clean-
ing, (2) data transformation, and (3) data splitting [17]. Data cleaning
aims to enhance data quality by removing users and items with very few
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interactions. Common strategies include 5-core [153] and 10-core filtering
[54, 147], which involves removing users and items with fewer than 5 or 10
interactions, respectively.

Data transformation in the context of RS involves converting explicit
ratings (e.g., a user rating a movie as 5 stars) into implicit feedback (e.g.,
user clicks). A typical approach is to convert each entry in the interaction
matrix as 0 or 1, indicating whether the user rated the item [53, 54, 110].
It should be noted that a substantial portion of recommender systems are
developed based on implicit feedback given their high prevalence and avail-
ability in real-world scenarios [53, 60, 110, 159]. Additionally, the RS com-
munity has shifted its focus from rating prediction to top-N recommen-
dation tasks [23], meaning that explicit ratings are no longer essential for
modeling recommender systems.

Data splitting is employed in recommender systems evaluation to ensure
the generalizability of the trained model. Following the established evalu-
ation paradigm in machine learning, a common strategy involves dividing
the dataset into three distinct subsets: training, validation and test sets
[99, 160]. Specifically, the training set is used to build the recommender
system, the validation set is used for hyperparameter tuning, and the test
set is utilized for evaluating the system’s performance [4]. As user-centered
applications, data splitting in RS is typically performed on a per-user ba-
sis [17], meaning that the interaction records for each individual user are
divided into the three subsets.

Recently, Zhao et al. [160] conducted a thorough investigation into al-
ternative data splitting methods in top-N recommendation. They explored
four data-splitting settings considering two aspects: (1) the ordering of in-
teraction records, either temporal or random, and (2) the method of data
splitting, either ratio-based or leave-one-out. For general recommender sys-
tems, particularly those based on time-insensitive algorithms, it is recom-
mended to use random ordering and ratio-based splitting for more accurate
evaluation. In contrast, for sequential recommendations, temporal order-
ing is preferred. Additionally, leave-one-out splitting is suggested for small
datasets to maximize the size of the training set.

Evaluation Metrics

While other aspects, such as novelty, diversity and coverage are important,
the primary focus of offline evaluation in recommender systems has been on
effectiveness measures [4, 17]. Early studies in recommender systems mea-
sured the prediction errors of ratings using metrics, such as Mean Squared
Error (MSE) or Root Mean Squared Error (RMSE) to assess the accuracy
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of recommender systems [55, 62]. These metrics, however, have been shown
to be unsuitable for assessing rankings, which is a more critical concern for
recommender system applications [23, 55, 76]. Consequently, many rank-
based metrics widely used in IR have been applied to recommender systems
[11, 138].

In 2000, Sarwar et al. [121] suggested to use Precision@K and RecallQK
to evaluate top-N recommendation. While Precision@K measures the pro-
portion of recommended items that are relevant, Recall@QK assesses the
proportion of relevant items that are actually recommended. Their formu-
las are defined as follows:

. 1 T, N VE|
PrecisionQK = — —_— (2.1)
1 T, N VE|
RecallOK = — — (2.2)
P

One problem with both Precision@QK and Recall@QK is that they did not
take positions of items into account. To mitigate this issue, mean average
precision (MAP) has gained great popularity for IR system evaluation, and
has been shown to have a high discriminative power and stability [93]. MAP
measures the quality of the entire ranking by examining how the relevant
items are positioned across the target item list. To calculate MAP, we first
define average precision for user u as follows:

1 T, NVE
ap, = 2y OVl gy (2.3)

where V¥ denotes the set of top-k items extracted from V.. Subsequently,
MAP is calculated by taking the average of AP, across all users, resulting
in

1
MAP = il > AP, (2.4)
uelU

MAP can be considered an aggregation of precision at different Recall levels,
providing a single-figure measure combining both precision and Recall [93].

Another metric that takes the ranking of items into account is Nor-
malized Discounted Cumulative Gain (NDCG) proposed by Jarvelin and
Kekalainen [63] for IR evaluation in 2002. NDCGQK rewards rankings
where relevant items are positioned higher. This metric became popular in
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recommender systems in the late 2000s [1, 89]. Discounted cumulative gain
(DCG) for user u can be calculated as follows:

K rel(V+k)
DCG,QK =Yy —— %% 2.5
; logy(k + 1) (2.5)

where rel (Vufk) represents the relevance (i.e. either positive or negative) of
the k-th item in the ordered target item list V. to u. To allow for a fair
comparison between different users, NDCGQK is defined as the normalized
ratio of DCGQK to its maximum possible value, IDCGQK (short for Ideal
DCQG), as follows:

1 DCG,QK
ND K=— _—— 2.
cea |U| ueZU IDCG,QK’ (2.6)
min(K,|Ty|) 1
IDCG,QK = _ 2.7

Another evaluation metric worth mentioning is HitRate@K, which is
defined as the proportion of users who have at least one relevant item
appearing in the recommendation list. The metric is calculated as follows:

1
HitRateQK = 0l > 1T NIE| > 0), (2.8)
uelU

where I(-) denotes the indicator function. The use of this metric in rec-
ommender systems was proposed by Karypis [67] in 2001 to evaluate item-
based top-N recommendation.

Among the metrics introduced above, NDCGQK and Recall@K are the
most popular ones in recent RS research [134]. Despite their widespread
use, these metrics, which are directly adapted from IR evaluation, have
been shown to be susceptible to statistical biases inherent in recommender
systems due to the issue of missing information [11]. Furthermore, the
choice of metrics and their corresponding cut-off values is often arbitrary
[17, 37]. In 2018, Valcarce et al. [138] conducted a thorough investigation
into the robustness and discriminative power of evaluation metrics. They
observed that while NDCG offers better discriminative power, Precision
demonstrates the highest robustness. Meanwhile, they recommended using
deeper cut-offs (e.g. 100) to mitigate statistical bias and to gain greater
discriminative power.



2.2 Evaluating Recommender Systems 23

2.2.2 User Studies

Since the late 2000s, understanding and evaluating user experience has
become an important topic in the RS research community [76]. In this
context, user studies provide a valuable solution for researchers to gather
feedback, enabling deeper insights into system design and user behavior.

User studies offer several benefits compared to offline and online evalu-
ations. In a user study, user satisfaction can be directly measured, which
provides a more accurate reflection of the true effectiveness of recommender
systems than offline evaluation [106, 107]. In contrast to online evaluation,
which focuses on overall evaluation criteria, such as revenue and click-
through rates, user studies provide more detailed insights, such as user
behavior, intentions and perceptions [125]. User studies, therefore, allow
for the most comprehensive feedback compared to other types of evaluation
methods [158].

In a user study, a small group of participants is recruited to perform pre-
designed tasks using the recommender systems being evaluated [125, 158].
During the experiment, participants’ behaviors are observed and recorded
to collect quantitative measurements, such as task completion time, click-
through rates, user ratings, etc. Qualitative measurements (e.g. user sat-
isfaction) that are often challenging to obtain, can be collected by asking
participants to answer questionnaires before, during, and after the task.
This section provides a brief overview of the user study design.

Study Design

Similar to offline evaluation, which is based on IR evaluation approaches,
user studies in recommender systems also draw inspiration from interactive
IR study design [68]. User study design involves multiple design decisions.
Depending on the researchers’ purpose, the study can take the form of a
single-system usability test or involve a comparison between the developed
system and a baseline. Meanwhile, a factorial design can be used when
researchers aim to investigate multiple factors within a system, as it al-
lows each combination of factors to be examined independently [68]. In
user studies, candidate recommender systems can be compared using ei-
ther a between-subjects or a within-subjects study design [48], where the
difference lies in whether each participant engages with only one or all can-
didate systems. A within-subject design allows for direct comparison of
candidate systems and is therefore considered more efficient. In contrast,
between-subject design requires more participants to test candidate systems
separately, making it less commonly used in practice. Another important
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factor in user studies is to counterbalance the order of systems and tasks
to control for order effects and avoid potential bias.

One significant challenge in conducting user studies is recruiting partic-
ipants. Various methods, such as posting advertisements, inviting individ-
uals within the same organization, and sending invitations through mailing
lists, have been employed [68]. However, it can sometimes be difficult to
access suitable participants due to factors such as limitations of the tar-
get demographic and availability of target users for specilaised systems. A
modern solution adopted by many researchers is using Mechanical Turk to
recruit participants [71]. In many fields conducting user studies, however, a
prominent issue is that participants are often recruited through convenience
sampling, leading to an overrepresentation of students and researchers [97].
As for the number of participants, a commonly cited reference is approx-
imately 30, a number determined to meet the assumptions required for
certain statistical tests [83]. However, the exact number required can vary
depending on factors such as the effect size and desired statistical power.
As a rule of thumb, smaller effect sizes and higher statistical power require
more participants to identify significant differences between tested systems
[74].

User studies often involve gathering information through questionnaires,
making their design crucial for effective RS evaluation. On one hand, it
is important to ensure that the questions are neutral and free from bias
towards any of the systems being tested [125]. On the other hand, the
questions should effectively measure various aspects of the recommender
system, such as usability, usefulness and user satisfaction, to support a
comprehensive evaluation [106]. One influential framework, ResQue, pro-
posed by Pu et al. [106], links the characteristics of recommender systems
with users’ evaluation behaviors to provide guidelines for the development
of questionnaires. In brief, ResQue consists of 15 constructs related to four
high-level, independent dimensions for user evaluation: perceived system
qualities, users’ beliefs, subjective attitudes, and users’ behavioural inten-
tions. Perceived system qualities refer to users’ perception of the objec-
tive characteristics of recommender systems, focusing on recommendation
quality, interface design, and the system’s ability to elicit user preferences.
Users’ beliefs represent higher-level user perceptions influenced by their per-
ceived system quality. Users’ attitudes reflect the overall feelings of users
toward the system, while behavioural intentions measure how the system
influences users’ purchasing decisions. As stated by Pu et al. [106], re-
searchers are encouraged to determine which constructs and questions to
include, with the option to add extra questions based on their specific goals.



2.3 Summary and Open Challenges 25

2.2.3 Online Evaluation

Despite involving real users, online evaluation differs from user studies by
having users perform real-world tasks in live settings [125]. Consequently,
online evaluations provide the most realistic assessment scenario, as users
engage with the system in a natural and self-motivated manner [158].

Online evaluation is typically conducted through A/B testing, also
known as online controlled experiments, which can be used to assess in-
terface changes and algorithm enhancements [74]. In an online controlled
experiment, users are randomly assigned to different RS configurations
[74, 158]. This randomization ensures that user groups are evenly dis-
tributed across the test configurations, thereby eliminating bias. Similar
to user studies, user behaviors are observed and recorded during the ex-
periment. Hypothesis testing is then employed to identify statistically sig-
nificant effects of different RS configurations on user behavior. Due to
its focus on optimizing user experience and generating immediate business
value, A/B testing is extensively applied in large-scale real-world recom-
mender systems, such as Netflix [47] and Amazon [73].

Online evaluation can also be conducted via longitudinal analysis [40],
which studies user behavior and metrics over time to understand the long-
term effects of changes or interventions. For example, a recent study by
Liang and Willemsen [87] investigated the long-term impact of digital nudg-
ing on users’ exploration behavior and listening preferences over time in mu-
sic recommendation in a 6-week experiment. However, longitudinal studies
are relatively rare in RS research, likely because recommender systems typ-
ically focus on users’ immediate interests or behaviors, rather than their
long-term patterns [39, 87].

2.3 Summary and Open Challenges

This chapter provides an overview of recommender systems research aim-
ing to 1) conceptualize recommender systems and 2) introduce evaluation
methodologies for recommender systems. The following observations can
be drawn from the review:

e Top-N recommendation has become the predominant approach in RS
due to its close alignment with real-world recommendation scenarios.

e Specialised recommendation tasks, such as sequential recommenda-
tion and cross-domain recommendation, have been extensively stud-
ied in recent years to address diverse requirements of users.
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e Deep learning methods have been integrated into recommender sys-
tems to enhance their capability to model complex user preferences.

e Recommender systems can be evaluated through three types of ex-
periments: offline evaluation, user studies, and online evaluation.

e Offline evaluation in RS draws inspiration from IR evaluation, with
rank-based metrics, such as Recall@K and NDCGQK, being widely
adopted to assess the quality of the top recommended items.

e User studies are a powerful tool for collecting qualitative and subjec-
tive measurements from users, providing insights into various aspects
of system performance.

Despite the valuable contributions of these studies to the robust evalu-
ation of recommender systems, there remains several open challenges.

First, the evolving evaluation practices have not been closely exam-
ined. As datasets grow larger, evaluating recommender systems by ranking
all items for each user becomes computationally expensive. Consequently,
sampled evaluation metrics that use all positive items and a subset of sam-
pled negative items for each user have become widely adopted in recom-
mender systems [161]. Several recent studies, however, have highlighted
a mismatch between sampled and traditional non-sampled metrics, rais-
ing concerns about the reliability of using sampled metrics for evaluation
[16, 24, 80, 161]. Despite these efforts, two main issues still remain. First,
these studies are based on a relatively small number of recommendation
algorithms (i.e. 3-12), which limits their statistical power to assess the im-
pact of sampled metrics in practice. Moreover, these studies primarily focus
on measuring the consistency between sampled and non-sampled metrics,
leaving other important properties, such as discriminative power and ro-
bustness, unexplored.

The second challenge lies in insufficient examination of adjustments
made to evaluation practices for specialised recommender systems. Sequen-
tial recommendation has gained significant popularity in recent years [146].
The current evaluation practice for sequential recommendation is built upon
the top-N evaluation framework, with an adjusted data-splitting strategy
known as temporal leave-one-out, designed to preserve temporal informa-
tion during the evaluation process. Surprisingly, this adjustment has not
been thoroughly examined, despite recent reports highlighting its potential
risk of causing data leakage [99, 161]. This raises a crucial question: Can we
trust the reported progress in sequential recommender systems, given that
the evaluation practice may inadvertently lead to additional vulnerability?
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Third, to address various challenges in recommender systems, new sys-
tem designs have been proposed over the past few decades [42, 61, 132].
However, little effort has been made to evaluate their practical utility with
real users. In cross-domain recommendation, in particular, while numer-
ous novel algorithms have been proposed since the 2010s [164], nearly all
these studies rely on offline evaluation, which limits our understanding of
their true effectiveness in real-world settings. Furthermore, cross-domain
recommendation assumes that user information from one domain can be
leveraged to enhance their experience in another [157]. To collect informa-
tion across domains, modifications to interface design or user-system inter-
action patterns may be required, which could have a significant impact on
user experience. Despite being suggested as a promising future direction in
many survey papers [42, 157, 164], the influence of cross-domain settings
on user perceptions remains underexplored.

In addition, there is a lack of understanding of the evaluation results in
recommender systems. Current evaluation practices often output a single
metric value as the proxy for a system’s utility. While research papers rely
on these metrics to highlight the superior performance of their approaches,
the differences in metric values are typically small and insufficient to draw
meaningful conclusions about relative system performance [16]. Moreover,
an algorithm may demonstrate superior performance on certain datasets
but not others [55], making it difficult to identify the factors contributing
to the performance difference. More importantly, it is often challenging to
understand whether improvements or declines in system performance are
connected to specific phenomena or patterns in recommender systems.

In summary, there is a pressing need for a comprehensive examination of
recommender system evaluation. This thesis conducts a series of evaluation
studies to explore various methodological and extrinsic challenges in offline
evaluation for top-N, sequential and cross-domain recommendation.
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Chapter 3

Methodological Challenges of
Offline Evaluation

Offline evaluation plays a crucial role in advancing the development of
recommender systems. Early studies evaluated system performance by
measuring the prediction error of user ratings; however, this approach has
proven insufficient for assessing system utility [17, 55]. Subsequently, re-
searchers sought solutions for evaluating rankings of recommendations and
adapted a rank-based evaluation method from IR to measure the quality
of top-N recommendation lists in recommender systems [11, 17]. Due to
its better alignment with real-world recommendation scenarios [76, 138],
where the goal is to identify a list of items to recommend to users, this
method has become the standard practice over the past decade.

In recent years, many studies have raised concerns about offline evalu-
ation practices in recommender systems [11, 17, 37, 38, 80]. These studies
have primarily focused on identifying methodological challenges, such as
the improper design or misapplication of evaluation methods. For instance,
Bellogin et al. demonstrated that applying IR evaluation methods to rec-
ommender systems introduces significant biases in measuring effectiveness,
due to the discrepancies between the evaluation assumptions for IR and rec-
ommender systems [11]. In the study by Dacrema et al. [38], it is pointed
out that many recommender system studies involve improper evaluation
practices, where state-of-the-art algorithms appear to outperform simple
heuristic methods simply because the latter were not properly tuned.

Moreover, a well-known issue in recommender system evaluation is the
application of arbitrary evaluation practices without proper justification,
despite their potential to significantly impact the evaluation outcomes [17].
According to Herlocker et al. [55], “everyone seems to report with the pro-
tocol that generated better results”. More surprisingly, some of those arbi-
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trary practices become the standard after being adopted by many research
papers, even though they have not been thoroughly validated. One example
of this is sampled evaluation metrics, first introduced by Koren et al. [77] in
2008, which quickly became widespread in the RS research community due
to its computational efficiency [16]. However, it was only recently that the
practice was examined by Krichene et al. [80], who identified a significant
flaw: the evaluation results using sampled metrics deviate substantially
from those obtained with traditional non-sampled metrics.

Some offline evaluation practices may be improperly designed, as they,
for instance, do not align with real-world conditions. For instance, in se-
quential recommendation, the data splitting strategy, temporal leave-one-
out, was applied to preserve temporal information in evaluation [105, 132,
146]. This practice, which uses the last interaction of each user for evalu-
ation, however, does not reflect the real-world scenario, where only active
users who return to the system after a specified timepoint are considered
for evaluation [99]. Applying improperly designed practices may introduce
additional biases into the evaluation process, leading to inaccurate estima-
tions of system utility.

Considering the issues discussed above, there is a critical need to thor-
oughly examine the methodological challenges in recommender system eval-
uation. In this chapter, we conduct two comprehensive evaluation stud-
ies examining the standard evaluation methods for top-N recommendation
and sequential recommendation, respectively. Study I provides an in-depth
analysis of sampled evaluation metrics in top-N recommendation (Article I
[90]). It is noteworthy that, although the influence of sampled metrics has
been explored in prior studies [16, 80], our investigation is more extensive,
covering 52 recommendation algorithms and 3 benchmark datasets. Study
II investigates the impact of the standard data splitting strategy, tempo-
ral leave-one-out, for the assessment of sequential recommender systems
(Article II).

This chapter is organized as follows. Section 3.1 and 3.2 present the
motivation, approach, and main findings of the two studies, respectively.
We then conclude the chapter by discussing the implications of our results
for recommender systems evaluation in Section 3.3.

3.1 Top-N Recommendation Evaluation

The problem of top-N recommendation, which involves identifying a list of
N items most relevant to a user, has been a significant focus in recommender
systems research for the past two decades [26]. Its evaluation typically
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involves ranking a large collection of items for each individual user [80],
which can result in increasing computational demands as the volume of
datasets grows. Consequently, a more efficient evaluation method based
on sampled metrics, where all positive items (i.e. rated!) and a limited
set of sampled negative items (i.e. unrated) are used for the calculation
of effectiveness metrics, has become widespread in offline recommendation
evaluation [16, 53, 78, 80, 134]. Surprisingly, the sampling strategy and
the sample size for negative items have been determined arbitrarily in the
literature due to the absence of established guidelines in the RS community
[37].

More recently, sampled metrics have been demonstrated to produce in-
consistent evaluation results with traditional non-sampled metrics [17, 80].
For instance, the study by Krichene and Rendal [80] initially highlighted the
shortcomings of sampled evaluation metrics, concluding that they should be
avoided if possible. A subsequent investigation by Canamares and Castells
[16], on the other hand, suggested the existence of an optimal sample size
that makes trade-off between evaluation consistency and overall discrim-
inative power. Despite interesting explorations, these studies were based
on relatively few recommendation models, thereby lacking statistical power
for the analysis.

This section presents a comprehensive study using 52 recommendation
algorithms and 3 benchmark datasets to examine the sampled metrics from
three important aspects, namely consistency, discriminative power, and ro-
bustness. We first introduce how sampled metrics are calculated in Section
3.1.1, and briefly describe the desired properties of evaluation metrics for
top-N recommendation in Section 3.1.2. The main findings of our study
are summarized in Section 3.1.3.

3.1.1 Sampled Evaluation Metrics

The key distinction between the sampled evaluation metrics and traditional
rank-based metrics (i.e. non-sampled) introduced in Section 2.2.1 lies in how
the target set is constructed. Recall the notations presented in Table 2.1,
for a given user u, T;, and N, denote the test item set and negative item
set for that user. For traditional metrics, the target set is composed by
merging the two item sets directly, as defined by V,, = T,, UN,,. In contrast,
for sampled metrics, only a set of sampled negative items, denoted by N},
is used to construct the target set, resulting in V,, = T,, U N,;. We hereafter

'In this study, we consider the case where recommendation algorithms are trained on
implicit feedback from users. Explicit ratings are converted to implicit feedback as 1 or
0, indicating whether an item is rated by a user or not.
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refer to the target set in these two settings as full target and sampled target,
respectively.

A sampled target, based on which sampled metrics are calculated, can
be parameterized by the sample size and the sampling strategy. In the lit-
erature, sample sizes typically range from 50 to 1,000 [30, 53, 78, 134, 148],
with the most common being 100 [80]. Two sampling strategies includ-
ing uniform sampling and popularity-based sampling have been employed
[16, 80, 134]. While uniform sampling treats all negative items equally,
popularity-based sampling weights each item based on the number of rat-
ings it received (i.e. its popularity). For clarity, we hereafter use the term
“configuration” to denote the combination of sample size and sampling
strategy, employed to determine the sampled metrics.

3.1.2 Properties of Evaluation Metrics

An effective evaluation metric should measure a model’s performance accu-
rately. Serving as the proxy for traditional rank-based metrics in reducing
computational cost, sampled metrics are expected to yield consistent eval-
uation results with those produced by non-sampled metrics. This property
is referred to as consistency. Meanwhile, sampled metrics should have
substantial ability to discriminate between the best-performing models, ex-
hibiting strong discriminative power. For data-driven models, the eval-
uation metrics should be capable of delivering consistent results despite the
challenge of missing data, i.e. maintain high robustness. In this section,
we discuss briefly how to measure these three properties corresponding to
sampled metrics.

Consistency. To measure the consistency, a common approach is to assess
the Kendall'r correlation coefficient [69] between model rankings obtained
with sampled and traditional non-sampled metrics [80, 161]. One consen-
sus in the RS research community is that two rankings yield a Kendall’s 7
correlation above 0.9 are deemed almost equivalent [138, 141].

Discriminative Power. In the context of RS, the discriminative power of
a metric can be evaluated through tie analysis, which involves comparing
the performance of a pair of recommenders for each individual user [17].
Given a group of recommenders, the overall discriminative power of a par-
ticular metric can be estimated by the average number of ties across all
model pairs. In addition to the tie analysis, statistical significance tests
on pairwise model performance have also been utilized to measure the dis-
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criminative power of evaluation metrics [17, 19, 118, 138]. For instance,
Canamares and Castells [17] measured the discriminative power of a given
metric by summing P-values derived from statistical tests across all model
pairs. This measure, however, lacks interpretability: even if the sum of
P-values obtained remains the same, the number of model pairs with sta-
tistically significant differences in performance can vary.

Robustness. Prior studies have demonstrated that rank-based metrics
are susceptible to the problem of missing relevance judgements in the test
set, leading to biased evaluation [14, 138, 156]. Indeed, incompleteness in
judgements has been demonstrated to cause two types of biases, sparsity
bias and popularity bias, in recommendation evaluation [11]. While sparsity
bias occurs when relevance judgments are missing at random, popularity
bias arises because the distribution of missing judgments is non-uniform. To
examine the robustness of sampled metrics, we progressively exacerbate the
problem of missing data by removing the user-item ratings from the test set,
either randomly or according to item popularity, to amplify sparsity bias
and popularity bias, respectively. A robust evaluation metric is expected to
rank recommenders consistently under these circumstances, suggesting the
ranking consistency that is typically measured by Kendall’s 7 correlation
coefficient to be a reasonable measure for robustness [11, 141].

3.1.3 Main Findings

The study covered 52 recommenders to ensure the statistical power of
the analyses. Three benchmark datasets, MovieLens-100K, ML-1M, and
Amazon-Books were selected due to their different characteristics. I exam-
ined the three most widely used rank-based metrics: precision, NDCG, and
recall with cutoff values of 5, 10, and 20, respectively.

Consistency. Ranking consistency increases as negative sample sizes go up
on all datasets, as shown in Figure 3.12. However, the best performing sam-
pling strategy that achieves the highest ranking correlation is dataset de-
pendent. While uniform sampling yields higher ranking consistency on two
MovieLens datasets, Amazon-Books performed best with popularity-based
sampling. More interestingly, high ranking consistency can be achieved
even with small sample sizes such as 50 and 100, as long as the appropriate
sampling strategy is employed.

2The results from MovieLens-100K were not shown in the figures presented in this
chapter because they were very similar to those of MovieLens-1M.
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Figure 3.1: The consistency between model rankings for the traditional

metrics and sampled metrics with varying negative sample sizes and sam-
pling strategies on MovieLens-1M (denoted by ML-1M) and Amazon-Books

(denoted by A-B).
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Figure 3.2: The impact of popularity bias on model ranking consistency
with varying negative sample sizes and sampling strategies on MovieLens-
1M and Amazon-Books (only Precision@10 shown).

Discriminative Power. Both very small and large sample sizes can result
in a significant increase in ties, implying a decreased discriminative power
(see Figure 2 in Article I). Indeed, while many models achieve comparable
high performance with small negative sampling sizes, larger sample sizes in-
troduce greater challenges to the recommendation task, resulting in similar
poor performance across different models. A relatively small sample size
can lead to a higher discriminative power, given that the lowest number of
ties was found with a sample size < 100 around 81% of the time.

Robustness. While larger sample sizes demonstrate greater robustness
against sparsity bias, smaller sample sizes exhibit noticeable resilience to
popularity bias (see Figure 3.2). However, popularity bias is a major con-
cern compared to sparsity bias as the ranking correlation with high popu-
larity bias can be as low as 0.3 in our experiment (e.g. in MovieLens-1M)
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while the correlations with the sparsity bias consistently exceeded ~0.8
across all the experimental settings.

It should be noted that the main findings related to the three aspects
did not yield consistent suggestions regarding sampling configurations. To
maintain high consistency with non-sampled metrics, it is suggested to
use larger sample sizes; whereas relatively small sample sizes (e.g. 100)
are shown to gain increased discriminative power and higher robustness
against the popularity bias. These results also highlighted the importance
of the selection of sampling strategies, demonstrating that high ranking
consistency can be achieved with even small sample sizes like 100 when the
best-performing sampling strategy is used on each dataset.

3.2 Sequential Recommendation Evaluation

In recent years, sequential recommendation that focuses on the next-item
recommendation task has gained increased popularity in the RS research
community [34, 66, 132, 146, 163]. Sequential recommender systems provide
personalized recommendations by leveraging sequential dynamics of user’s
historical interactions, allowing for more accurate prediction of users’ fu-
ture preferences [146]. Furthermore, recent advances in deep learning have
enabled the rapid development of sophisticated sequential recommendation
models, such as SASRec [66] and BERT4Rec [132].

While much attention has been given to developing novel approaches,
few studies have focused on the evaluation of sequential recommenders.
Indeed, the evaluation of sequential recommenders largely relies on the tra-
ditional top-N recommendation evaluation scheme, while incorporating a
temporal data splitting strategy named temporal leave-one-out (LOO)
to preserve sequential information. Despite its prevalence, prior studies
have demonstrated that temporal LOO cannot maintain the temporal con-
sistency between training and test data, causing data leakage in evaluation
[64, 65, 99, 134]. These studies were, however, primarily conducted in the
context of non-sequential recommendation, for which temporal LOO has
rarely been utilized. Moreover, the existing studies have narrowly focused
on the impact of adopting temporal LOO on model ranking, neglecting its
broader implications.

This section conducts a comprehensive evaluation study to examine the
validity of using temporal LOO for the evaluation of sequential recom-
mender systems. The study has two primary objectives. First, we aimed
to investigate whether temporal LOO leads to data leakage in sequential
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Figure 3.3: Examples of temporal LOO and split-by-timepoint LOO.
White, blue, and red boxes represent training, validation, and test user-
item interactions, respectively. In split-bytimepoint LOO (bottom), inter-
actions are partitioned based on a global cut-off date across all users (black
dashed line). Interactions that come after the test interactions are dis-
carded (crossed box).

recommender systems evaluation. Second, we wanted to understand the
influences of data leakage on the evaluation outcomes with temporal LOO.
Section 3.2.1 briefly introduces temporal LOO and the issue of data leakage.
The main findings of the study are summarized in Section 3.2.2.

3.2.1 Temporal Consistency and Data Leakage

Data leakage describes a situation in which some information used for
training would not be available in real-life scenarios [65, 99]. In sequen-
tial recommendation, temporal data leakage can arise when the test set
contains user-item interactions that occurred prior to some interactions in
the training set, as a consequence of using a data splitting strategy that
cannot maintain the temporal consistency. This section begins by introduc-
ing temporal LOO and illustrating its potential for causing temporal data
leakage. We then present split-by-timepoint LOO, a novel temporal data
splitting strategy that prevents data leakage by enforcing a global timeline
between training and test sets. Figure 3.3 provides an overview of tempo-
ral LOO and split-by-timepoint LOO. By comparing the two data splitting
strategies in our experiment, we can gain valuable insights into the impact
of data leakage in sequential recommender systems.
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Temporal LOO

As shown in Figure 3.3 (top), temporal LOO partitions user-item interac-
tions based on a local timeline for each user. More concretely, temporal
LOO uses the last interaction of each user for testing and the second to the
last for validation. All remaining interactions are assigned to the training
set.

Temporal LOO cannot maintain the temporal consistency between the
training and test data. Indeed, when predicting the next item for a given
user to consume at timepoint ¢, temporal LOO cannot prevent other users’
interactions that occurred after timepoint ¢ from being used in the train-
ing process. Those interactions after ¢ are in fact unavailable in real-world
recommender systems, which can lead to invalid or highly unlikely recom-
mendation results.

Split-by-timepoint LOO

Split-by-timepoint LOO maintains the temporal consistency between train-
ing and test data by enforcing a global timeline, as can be seen in Figure
3.3 (bottom). Given a global cut-off date for all users, we refer to users
who have at least one interaction after the timepoint as active users; other-
wise, they are referred to as inactive users. For each active user (see Figure
3.3 (bottom, User 1)), the user-item interaction immediately preceding the
cut-off date is used for validation, while the item immediately after it is as-
signed to the test set. All interactions prior to the cut-off date, but not in
the validation set, are treated as training examples, whereas interactions af-
ter the cut-off date, but not in the test set, are discarded. For each inactive
user (see Figure 3.3 (bottom, user 2)), the last interaction is assigned to the
validation set and the remaining interactions are included in the training
set. Consequently, inactive users are excluded from evaluation to prevent
temporal data leakage into the training process. As for the selection of the
global cut-off date, the strategy is to use the date that maximizes the test
set size to (i) include a sufficient number of users for evaluation, and (ii)
enhance the comparability with temporal LOO.

3.2.2 Main Findings

The study was conducted using 9 state-of-the-art sequential recommenda-
tion models and 4 benchmark datasets. We investigated the impact of data
leakage in sequential recommender systems by analyzing the performance
differences between temporal LOO and split-by-timepoint LOO. The analy-
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Table 3.1: Relative difference between temporal LOO and split-by-
timepoint LOO (subsamp.= X ), and temporal LOO with subsampled train-
ing data and split-by-timepoint LOO (subsamp.=v").

Popularity-sampled Unsampled

Subsamp. NDCGQ@10 recall@10 NDCGQ@10 recall@10
ML.1m X -73.4% -64.5% -90.0% -87.7%
v -72.2% -63.7% -88.9% -86.5%
Yel X -30.7% -26.4% -53.1% -52.8%
P v 933%  -224%  -14.2% -24.9%
Steam X -21.7% -22.1% -16.5% -22.4%
. v -16.7% -19.4% 2.6% -12.9%
Beaut X -62.7% -55.9% -78.3% -75.2%
Y v -41.6% -39.1% -69.8% -67.4%

ses were based on both popularity-sampled and unsampled NDCG@10 and
recall@10 due to their prevalence in the literature [105].

Existence of Data Leakage

The experimental results highlighted the existence of data leakage with
temporal LOO. Dramatic performance drops in NDCG@10 and recall@10,
ranging from 16.5% to 90.0% across sequential recommenders, were iden-
tified over four datasets when changing the data splitting strategy from
temporal LOO to split-by-timepoint LOO (Table 3.1, subsamp.=x). Two
potential factors account for the performance drops: i) the mitigation of
data leakage using split-by-timepoint LOO, and ii) the reduced model qual-
ity resulting from the smaller training set with split-by-timepoint LOO.
We further investigated the impact of training set sizes by randomly sub-
sampling the training set until it was approximately the same size as split-
by-timepoint LOO. As illustrated in Table 3.1 (subsamp.=v"), the reduced
amount of training data is far from sufficient to explain the performance
drops in most of the scenarios, thereby confirming the presence of data
leakage. Moreover, we identified similar performance drops, with the ac-
tive users (i.e. users less affected by data leakage) achieving considerably
lower NDCG or recall than inactive users (i.e. users suffered from data
leakage) with temporal LOO (see Table 3 in Article II).

Impacts of Data Leakage

Three significant consequences of data leakage by temporal LOO were iden-
tified. First, data leakage resulted in the overestimated evaluation results,
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Figure 3.4: Inconsistent model rankings with temporal LOO (T-LOO) and
split-by-timepoint LOO (ST-LOO) for popularity-sampled (top) and un-
sampled (bottom) nDCG@10.

with temporal LOO obtaining considerably higher NDCG and recall com-
pared to split-by-timepoint LOO, irrespective of the model, the dataset,
and whether the sampled metrics were used or not. Second, temporal LOO
achieved inconsistent evaluation outcomes (i.e. the rankings of sequential
recommendation models) with split-by-timepoint LOO, as can be seen in
Figure 3.4. Indeed, even the worst-performing recommender with tempo-
ral LOO can be the best-performing model with split-by-timepoint LOO
(see unsampled/Steam in Figure 3.4). Lastly, data leakage led us to mis-
takenly believe that sequential recommenders consistently achieved supe-
rior performance compared to general recommenders, given that there was
a general recommender that outperformed the best-performing sequential
recommenders in terms of unsampled NDCG on a majority of datasets with
split-by-timepoint LOO (see Table 5 in Article II).

3.3 Discussion

This chapter presented two evaluation studies investigating the method-
ological challenges associated with offline evaluation of recommender sys-
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tems (RQ1). We focused on two primary recommendation tasks, namely
top-N recommendation and sequential recommendation.

For top-N recommendation, our study on sampled metrics yielded more
positive results compared to earlier reports [80, 160]. These results were
characterized by: (i) improved ranking consistency with traditional non-
sampled metrics, and (ii) the potential to achieve greater discriminative
power and enhanced robustness against popularity bias when appropriate
sampling configurations are applied. As for sequential recommenders eval-
uation, our results showed empirically that temporal LOO was severely
flawed due to data leakage. Indeed, the performance of sequential recom-
menders can decline significantly without data leakage, and can even be
surpassed by simple general recommenders.

Based on these findings, the following recommendations are put for-
ward to improve the offline evaluation practices in recommender systems.
First, regarding the use of sampled metrics, given the significant impact of
sampling configurations on ranking consistency, discriminative power, and
robustness, it is crucial for researchers or investigators to make their own
experimental decisions to fulfill their specific goals. For instance, they may
use relatively small sample sizes to attain higher discriminative power or in-
creased robustness against the popularity bias. Second, it is recommended
to replace the problematic data splitting strategy, temporal LOO, with its
more realistic variation, split-by-timepoint LOO, to avoid data leakage in
sequential recommender systems. Finally, to ensure the robustness and reli-
ability of evaluations, greater transparency in experimental design decisions
is strongly encouraged.

Our findings also hold great potential to guide future research on rec-
ommender systems evaluation. The study on sampled metrics highlights
the importance of identifying the optimal sampling configurations based
on the characteristics of the dataset. In fact, our attitude toward sampled
metrics is more positive than ever, not only due to the favorable results
obtained in this study, but also because the use of sampled metrics appears
increasingly unavoidable as datasets in recommender systems continue to
grow in size. Therefore, putting more effort into optimizing evaluation con-
figurations will help ensure the efficiency of the evaluation process while
maintaining high trustworthiness in the results. Furthermore, the results
indicating that sequential recommenders can be outperformed by general
recommenders when data leakage is avoided raise important research ques-
tions for future exploration. It necessitates an in-depth investigation into
the role that sequential information plays in enhancing recommendation
performance.



Chapter 4

Extrinsic Challenges of Offline
Evaluation

Offline evaluation faces extrinsic challenges due to its inability to account
for user dynamics in recommender systems. As recommender systems gain
widespread use in real-world applications, evaluating their effectiveness re-
quires measuring user experience and satisfaction with recommendations
[76]. Many exogenous factors, such as interface design or system settings,
can influence user interactions with and perceptions of recommender sys-
tems, and therefore significantly impact the actual system performance.
Given its static nature, offline evaluation often fails to account for these
impacts, as it cannot effectively capture the evolving behaviors and inter-
ests of users. Consequently, approaches that perform well offline may not
necessarily achieve equivalent user satisfaction in practice [9].

Indeed, many studies have shown that offline evaluation fails to reflect
the true effectiveness of recommender systems. For instance, an early study
by Cosley et al. [21] demonstrated that interface design can influence user
opinions on items, which in turn, can affect user satisfaction. Ekstrand et
al. [31] showed that user-centric aspects that are challenging to capture by
offline evaluation, such as novelty, satisfaction, and diversity, can influence
the effectiveness of recommender systems. A recent study by Nguyen et
al. [102] examined how individual personality traits influence user satis-
faction, indicating that overlooking such factors in offline evaluation can
lead to inaccurate performance estimates. Moreover, several studies have
revealed the misalignment between offline and online evaluation outcomes
across various applications, including scientific article recommendation [9],
news recommendation [43], and movie recommendation [109]. These find-
ings highlight the importance of understanding extrinsic challenges in offline
evaluation in order to gain more comprehensive insights into its reliability.
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Recommender systems have advanced significantly in recent years, not
only in terms of algorithm development but also through the emergence
of specialised systems. For instance, cross-domain recommendation has
attracted considerable attention due to its potential to address issues re-
lated to cold-start and data sparsity [157]. Cross-domain recommendation
is based on the assumption that user interests across different domains are
relevant. Therefore, it is possible to leverage information from a source
domain to a relatively sparse target domain to generate more accurate rec-
ommendations [13]. Despite improvements in recommendation performance
[42], cross-domain recommendation poses unique evaluation challenges. For
instance, integrating information from different domains can influence inter-
face design and user interaction patterns, potentially amplifying extrinsic
challenges in offline evaluation. Unfortunately, there is a lack of research
exploring user-relevant factors in cross-domain recommendation and their
impacts on the evaluation [70, 157, 164].

More recently, cross-domain recommendations with explainability have
been identified as a promising future research direction to improve user
perceptions in terms of transparency, persuasiveness and trustworthiness
[157]. Similarly, incorporating explanations can influence interface design
and significantly impact user experience in the cross-domain setting. This
topic, however, has been underexplored in empirical studies [143].

This chapter aims to address these research gaps by investigating how
cross-domain settings and recommendation explanations impact user per-
ceptions (Article IIT [79]). Our study confirms that offline evaluation of
cross-domain recommendation faces extrinsic challenges, resulting in a po-
tential overestimation of recommender systems’ performance. This chapter
is organized as follows: Section 4.1 provides an overview of our user study,
highlighting the main findings. Section 4.2 offers a brief discussion of the
results and their implications.

4.1 User Perceptions of Cross-Domain Recommen-
dation

This section presents a user study designed to investigate how cross-domain
recommendation setting and explanations influence user perceptions of rec-
ommendations. We briefly introduces the study design, implementation de-
tails, measures employed, and the primary findings of the study. In Section
4.1.4, the primary findings of the user study are outlined.
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Rate book recommendations
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Figure 4.1: Overview of the between-subject study with four experimental
conditions. The green boxes correspond to the single-domain recommen-
dation setting with or without explanations; whereas the orange boxes are
relevant to the cross-domain recommendation setting.

4.1.1 Study Design

A key consideration for the user study was to disentangle the effects of
whether recommendations were single- or cross-domain from whether ex-
planations were present or not. Therefore, the study included four experi-
mental conditions for comparison. To simulate a cross-domain setting, we
selected “movies” and “books” as the source and target domains.

We identified three primary experimental confounders that influence
the study design. First, each participant must be clear about what infor-
mation is available for generating recommendations. Our study, therefore,
adopted a between-subject design to situate each participant in only one
experimental condition. Second, it is essential that the quality of gener-
ated recommendations is consistent across all scenarios because otherwise
variations in recommendation quality could affect user perceptions, lead-
ing to biased results. To achieve this, random recommendations for each
participant in both single- and cross-domain settings were generated. A
recommendation generation procedure was proposed to ensure that each
participant received recommendations of fairly balanced quality (see Sec-
tion 4.1.2). Finally, it is necessary to ensure that the generated explanations
can justify the recommendations credibly. We additionally asked partici-
pants to rate the quality of generated explanations related to books that
they had read, which served as a sanity check.

With all these considerations in mind, the overview of the user study
with four experimental conditions is demonstrated in Figure 4.1. After a
participant logged into the system, they were randomly assigned to one of
the four experimental scenarios (Page 1-3). The user was then asked to
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1) rate the book recommendations generated based on the items that the
user liked (Page 3), 2) complete the questionnaire regarding seven aspects
of user perceptions (Page 4), and 3) validate the quality of the generated
explanations for books that they are familiar with (Page 5-6). As the study
aimed to investigate the impact of the cross-domain setting itself (i.e. not
specific cross-domain recommendation algorithms), the book recommenda-
tions provided to the user were actually random books and were not tailored
to user preferences.

4.1.2 Implementation Details

This section briefly introduces the implementation details of the two major
components of the study, namely, recommendation generation and expla-
nation construction. The implementation was based on the tag genome
datasets for books and movies, which contain relevance scores for various
tags assigned to each item (i.e. book or movie).

Generating Recommendations

Random book recommendation lists were generated to ensure that the rec-
ommendations provided to the user have consistent quality across different
experimental conditions. To create the recommendation lists, we first fil-
tered out the top 25% of popular and unpopular books to avoid extreme
cases. Subsequently, a topic diversification algorithm was employed to
generate diversified recommendation lists [166]. However, this diversifi-
cation led to the inclusion of some niche items, which were distinct from
all the other books in the majority of the recommendation lists. We elimi-
nated these niche items based on how frequently they appeared in the lists
and then re-generated the recommendation lists. Following this procedure,
4,209 diversified recommendation lists were generated with a fairly bal-
anced quality. The book recommendations for each user were generated by
randomly sampling one of these pre-generated lists without replacement.

Generating Explanations

We applied tag-based explanations with a contrastive feature showing users
both common and uncommon tags of the recommended books and items
that they preferred. We first extracted a set of tags that appeared in both
tag genome datasets. For each tag in the set, two scores, score. and score,,
were calculated, which measure how common or uncommon a tag is between
a user’s favourite items and the recommended books:
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scorec(t,b,i) = rel(t,i) - tfidf (t,b), (4.1)

scorey(t,b,i) = rel(t,b) — rel(t,i), (4.2)

where rel(t,7) and rel(t,b) represent the relevance scores of tag ¢ in the
user’s preferred item ¢ and book b, respectively. tfidf(t,b) is calculated
using the following formula:

tfidf (t,b) = rel(t,b) - log (Zz,ejgjf!l(?fal?)) , (4.3)

which measures the importance of tag ¢t to book b in a list of books B,
following a similar concept of term frequency-inverse document frequency
in natural language processing.

4.1.3 Measures

The study aims to assess how cross-domain recommendations and explana-
tions affect perception and behavioural intentions of users. Behavioural
intentions, namely users’ interest in the recommendations they received,
can be measured by the ratings given by each user directly. Seven aspects
related to user perceptions were extracted from prior studies [8, 27, 137]:

e Transparency: the level of users’ understanding of how recommen-
dations are generated

e Scrutability: users’ ability to tell if the system is wrong

e Trust: the level of users’ confidence in the system being right

e Persuasiveness: to what degree users are convinced to consume items
e Efficiency: users’ ability to make quick decisions

e Effectiveness: users’ ability to make good decisions

e Satisfaction: the users’ enjoyment from using the system

A questionnaire containing seven statements corresponding to each as-
pect was created based on the ResQue questionnaire® [106]. Participants
were asked to rate their level of agreement with each statement on a 5-point
Likert response scale.

3The statements for all the aspects can be found in Article III, Table 1.
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Table 4.1: Odds ratios for four independent variables derived from seven
ordinal logistic regression models corresponding to the seven aspects of
user perceptions. Statistically significant results are indicated in bold, and
significance codes used: * < 0.05, xx < 0.01, % % * < 0.001.

DV. Familiar Cross-domain  Explanations CD: Exp.
Transparency 1.155%* 0.527 2.257* 1.514
Scrutability 1.03 0.899 2.604** 0.449
Trust 1.156%** 0.505%* 1.083 1.861
Persuasiveness 1.219%** 0.706 0.817 1.249
Efficiency 0.896* 0.651 1.259 1.642
Effectiveness 0.931 0.748 0.731 1.868
Satisfaction 1.039 1.275 1.454 0.853

4.1.4 Main Findings

This section presents the main findings of the user study with 237 valid
participants. The study was conducted on Amazon Mechanical Turk. As
part of quality control, a strategy known as catch-trials was applied to fil-
ter out participants who provided suspicious responses. The distribution
of participants across the four experimental conditions is balanced, ranging
from 57-63. Given that the majority of participants agreed with the expla-
nations for both common and uncommon tags, the validity of the generated
explanations can be confirmed. Ordinal logistic regression was applied to
analyze the impact of cross-domain settings and explanations on user per-
ceptions and behavioural intentions. It should be noted that an additional
variable, referred to as “Familiar” in the following results, was incorporated
to improve model fit. For further discussion related to this variable, readers
are referred to Article III (Section 5).

User Perceptions. As shown in Table 4.1, the cross-domain setting de-
creased perceived trust among users, whereas explanations had positive
impact on transparency and scrutability for all recommendations. In ad-
dition, cross-domain explanations influenced user perceptions the same as
single-domain explanations, given that none of the interaction terms were
statistically significant.

Behavioural Intentions. As can be seen in Table 4.2, cross-domain rec-
ommendations decreased users’ interest, which may result from the de-
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Table 4.2: Odds ratios of the ordinal logistic regression model, where the
dependent variable corresponds to ratings that participants gave to express
their interest in reading each book recommendation. Significance codes
used: x < 0.05, xx < 0.01, % % % < 0.001.

DV. Familiar (read) Cross-domain  Explanations CD: Exp.

Ratings 5.929%** 0.701*** 0.783* 1.662%**

creased user trust discussed above. Moreover, it was found that explana-
tions increased interest in cross-domain recommendations, but not to the
same extent as single-domain recommendations without explanations.

4.2 Discussion

This chapter investigates the extrinsic challenges of offline evaluation, par-
ticularly in cross-domain recommendation, in a user study. We present a
novel study design to investigate the impact of cross-domain settings and
explanations on user perceptions and behavioural intentions while avoid-
ing numerous confounding factors. These user dynamics, which are chal-
lenging to capture in offline evaluation, are important sources of extrinsic
challenges, contributing to the discrepancy between the performance of rec-
ommenders estimated offline and in real-world environments.

The results reveal the existence of negative user perceptions and be-
havioural intentions toward cross-domain recommendations, regardless of
recommendation quality. Although incorporating explanations partially
mitigates these negative effects, its performance is nonetheless perceived as
inferior to single-domain recommendations without explanations. Due to
the lack of awareness regarding these negative effects, offline evaluation is
highly probable to overstate the performance of cross-domain recommenda-
tion, yielding inconsistent results with online evaluation. Given that nearly
all studies investigating cross-domain recommendation rely on offline eval-
uation, the reported progress should be interpreted with greater caution.

Moreover, our study highlights the importance of user experiments for
recommender system evaluation. Indeed, various exogenous factors, such
as interface design and users’ original belief, can affect user perceptions of
recommendations, which can further influence the utility of recommender
systems. These impacts can be fully understood only through user studies.
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Chapter 5

Meta-evaluation of Recommender
System Evaluation

In Chapters 3 and 4, we examined the key challenges associated with of-
fline evaluation in top-N, sequential and cross-domain recommendation. It
is important to note that, even though adjustments are made to address
the unique requirements of each recommendation task, current evaluation
practices across all tasks follow a unified framework known as top-N rec-
ommendation evaluation, where rank-based metrics are used to assess the
quality of top-N recommendation lists [76, 138]. Despite its widespread
use, our understanding of top-N recommendation evaluation is still lim-
ited, and its application in recommender system evaluation raises several
open questions.

First, it remains uncertain whether rank-based metrics are an effective
proxy for assessing the utility of recommender systems. Recommender sys-
tems face the problem of incomplete user preference data, as their goal is
to recommend previously unseen items to users rather than those already
known to be preferred [16, 94, 129]. Consequently, even if a recommender
system correctly identifies the relevant items, it may still underperform in
terms of metric values due to the inaccessibility of relevant information. In
other words, top-N recommendation evaluation that assesses the quality of
recommendation lists may fail to reflect the true capabilities of recommen-
dation algorithms [4].

Second, top-N recommendation evaluation has been shown to have a low
level of discriminative power [16], which highlights the difficulty in distin-
guishing between the best-performing models. Indeed, a similar observation
was made in our own evaluation study of top-N recommendation presented
in Chapter 3. It was found that many users do not have even a single pos-

49



50 5 META-EVALUATION OF RECOMMENDER SYSTEM EVALUATION

itive item in the top-10* across various algorithms and three benchmark
datasets®, leading to rank-based metrics with small magnitudes. The prob-
lem is more pronounced in the Amazon-Books dataset [51], likely due to
its higher sparsity. Given the minimal difference in performance indicated
by rank-based metrics, the reliability of top-IN recommendation evaluation
is questionable.

The primary objective of recommender systems is to deliver personal-
ized content to each user [17, 76]. Rank-based metrics, however, treat all
users equally and evaluate system effectiveness by averaging performance
across them. As a result, top-N recommendation evaluation may fail to
capture the variations in recommender system performance across users.
For instance, some models may perform better for users with niche tastes,
while others are more effective for average users.

Another limitation of top-N recommendation evaluation is the difficulty
in explaining its results. A commonly observed issue in offline evaluation
is that some algorithms perform well on certain datasets but not on others
[55]. This discrepancy may arise from differences in dataset characteristics.
For instance, models that more effectively capture item popularity distri-
butions tend to perform better on datasets that exhibit higher popularity
bias. This information is unfortunately hidden in top-N recommendation
evaluation.

This chapter conducts a comprehensive meta-evaluation to gain a deeper
understanding of top-N recommendation evaluation (Article IV [91]). We
propose a novel methodology to adapt item response theory (IRT)[117],
a family of latent variable models used in psychometric assessment and
educational testing, to recommender systems evaluation. IRT allows us to
jointly estimate the latent ability of recommender systems in modeling user
preferences and the latent difficulty of ranking pairs of positive and negative
items for a given user. We analyze whether rank-based metrics accurately
reflects the utility of recommender systems by comparing them with the
recommender’s latent ability. Further analyses of the marginal distribution
of recommendation difficulties across users and items facilitate a deeper
understanding of how user engagement and item popularity influence the
evaluation. This chapter begins with a brief introduction to item response
theory and its adaptation to recommender systems in Section 5.1. Section
5.2 presents the main findings of the study, and Section 5.3 provides a brief
discussion to conclude the chapter.

“The cutoff value of 10 is mostly adopted in the literature [37, 38, 134].
5The median proportions of such users across ~ 50 recommendation models are 54.8%,
39.8%, and 92% on MovieLens-100K, MovieLens-1M, and Amazon-Books, respectively.
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5.1 Adapting Item Response Theory to RS

This section aims to establish a meta-evaluation framework based on item
response theory (IRT). We begin by introducing the basic concepts of IRT,
and then illustrate how to adapt IRT to recommender system settings.

5.1.1 Introduction to IRT

IRT is a family of statistical models in psychometrics used to analyze how
individual test takers respond to test items [25, 117]. Unlike traditional
testing, where each question is considered to have an equal contribution to
the assessment, IRT is under the assumption that different characteristics
(e.g difficulty) of test items can have distinct impacts on the evaluation.
As an example, it is more reasonable to assign a higher score to a test taker
who is able to answer more difficult questions. The core of IRT is, therefore,
to jointly estimate the latent ability of test takers and characteristics of test
items based on the pattern of responses via statistical modeling.

It is worth noting that Item Response Theory (IRT) has gained increas-
ing popularity in recent years within Al. For example, it has been used to
evaluate classification models in machine learning [95, 96], question an-
swering in natural language processing (NLP) [115], and to facilitate test
set creation and evaluation in NLP [81, 139]. Since the publication of our
paper, IRT has also been applied to fairness evaluation in recommender
systems [154]. To avoid confusion related to the meaning of “item” in rec-
ommender systems versus IRT, we use the term “question” when referring
to test items in the context of IRT.

IRT Models. Common IRT models include 1PL (i.e. Rasch), 2PL, and
3PL models, depending on how many parameters are utilized to model each
question. Taking the 3PL model as an example, it models the probability
of a test taker j giving the correct response to a question i as a logistic
function with three extra parameters for the question, namely, difficulty,
b;, discrimination, a;, and guessability, ¢;:

l—Ci

Wi = 105 000 bir o) = s 4 a5~ )

(5.1)

where Uj; represents the response with 1 as the correct response and 0
otherwise and 6; denotes the latent ability of the test taker. According to
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the characteristics of the logistic function, three parameters related to the
question can be explained as follows:

e difficulty (b; € R): is measured on the same scale as 6;, so that
higher ability of a test taker with respect to b; indicates a higher
probability of the response being correct,

e discrimination (a; > 0): is determined by the slope at b; and a
larger a; illustrates that the question better distinguishes test takers
with abilities above b; from those with lower abilities,

e guessability (¢; € [0,1]): is the probability that a question can be
guessed correctly, irrespective of 0;.

In addition, the 3PL model can be simplified to a 2PL model with the
guessability parameter ¢; = 0, and to a 1PL model with ¢; = 0 and a; = 1.

5.1.2 IRT Adaptation in Recommender Systems

To evaluate the performance of a recommender system, a natural thought
is to treat each recommender system as a “test taker” in the IRT formu-
lation. However, the traditional IRT models can only be used to model
dichotomous responses, while the goal is to evaluate the whole ranking of
recommendations. To overcome this issue, we take inspiration from the
Bayesian Personalized Ranking [110] to create “questions” as (user, posi-
tive item, negative item) triples. A recommender is considered to give the
correct response if it can rank the positive item higher than the negative
one; otherwise, the recommender is considered to provide an incorrect re-
sponse. In this way, it is feasible to assess the recommender’s performance
in modeling user preference, which is defined as the ability to rank the pre-
ferred items over less preferred ones.

Formal definition. Given a set of N RS models and M questions (i.e.
triples), each question can be represented by 7., = (ug, i, ), where 4; and
¢ represent positive and negative items for the user ug, respectively. The
latent ability 6, of each RS model and parameters for each question, such as
question difficulty b,, and discrimination a,,, can be estimated with various
approaches, e.g. maximum likelihood estimation (MLE) [32], Markov Chain
Monte Carlo (MCMC) [44] and variational inference (VI) [58]. We further
aggregate the parameters for each individual item, user, and even user-item
pair by averaging across all triples containing the target object. Taking



5.2 Main Findings 53

difficulty (b,,) as an example, the recommendation difficulties for item i,
user ug, and user-item pair (ug,i;) can be calculated as follows:

d(item) . Zm bin - I(Zt € Tm)
t

S I €Tw) (52)

(user) Em bin - I(Uk € Tm)
4= S I(ug € ) (53)
d(pair) - Zm bin - I[(Uk, it) € Tm] (54)

Mo X I ukyie) € Ti]

where I(-) denotes the indicator function.

Inference. Mean-field VI is the most appropriate approach for IRT mod-
eling in the RS setting as other approaches such as MCMC are not suitable
for the scale of the datasets involved [150]. Mean-field VI is under the
assumption that the posterior distribution can be simplified by factorizing
over each latent variable resulting in

46(0,t, 1, 7) = p(p)p(7) | [ P(On)p(tm), (5.5)

where 0 and t denote the latent variables of RS models’ ability and question
parameters. The parameters of prior distributions of the latent variables
are u and 7. To estimate the latent variables, variational inference aims
to minimize the KL-divergence between the simplified posterior g4(-) and
the true posterior, which is done by maximizing the evidence lower-bound
(ELBO) given that the true posterior is unknown.

5.2 Main Findings

This study involves 52 recommendation models and three benchmark
datasets, allowing for reliable inference of IRT parameters. Due to the
extremely large number of triples that can be composed even with small
datasets®, a sampling procedure is proposed to make IRT training more
scalable (Article IV, Section 4.5). We validate the sampling procedure by
showing a high consistency between 5 replicates of IRT models trained
on different sets of sampled triples. The reported results are obtained
with 2PL models as they consistently outperform 3PL models in terms of
classification accuracy of predicted responses.

5The number of triples grows quadratically with respect to the number of items in a
dataset.
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Table 5.1: The Spearman’s rank correlation coefficients between the model
ability and various rank-based evaluation metrics. All results are statisti-
cally significant (P < 0.05).
MovieLens-1M Amazon-Books
All Bottom  Top All Bottom  Top
Precision@10  0.808 0.912 0.151 0.816 0.802 0.473
nDCG@Q10 0.82 0.91 0.226 0.805 0.795 0.381
Recall@10 0.831 0.93 0.301 0.828 0.798 0.531
HitRate@10  0.828 0.924 0.253 0.822 0.802 0.49
MRR@10 0.792 0.892 0.152 0.798 0.795 0.344
MAP@10 0.808 0.905 0.177 0.796 0.781 0.365

Metrics

5.2.1 Recommender’s Ability

We investigate whether top-N evaluation metrics can capture the recom-
mender’s ability to model user preferences by measuring the Spearman’s
rank correlation coefficient between their achieved model rankings, as
shown in Table 5.17. Overall, the correlations are higher than ~ 0.8 across
the three datasets. However, a closer inspection discloses that higher
scores in top-N evaluation fail to reflect a recommender’s ability given that
the correlations between top-performing models (i.e. models with above
median scores for rank-based metrics) decrease dramatically. It should
be noted that top-performing models are the primary focus in RS offline
evaluation where the goal is to identify the optimal recommender to be
applied in real-world applications.

5.2.2 Test Set Information and Characteristics
Test Set Information

IRT also allows for the analysis of how informative the test set is in assessing
the abilities of recommenders (See details in Article IV, Section 2.3). It
is noted that MovieLens-1M contains substantially more information than
MovieLens-100K due to a larger size. Despite Amazon-Books containing 3 x

"For clarity, the results from MovieLens-100K were omitted from the thesis, as they
were very similar to those obtained with MovieLens-1M. Readers are referred to the
original paper (Article IV) for further details.
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the number of question triples compared to MovieLens-1M, their maximum
Fisher information is approximately equal.

Test Set Characteristics

By averaging the difficulty and discrimination values across triples, we can
further analyse the characteristics of user-item pairs in the test set. Figure
5.1 illustrates different patterns of difficulty and discrimination of test sets
of MovieLens and Amazon-Books datasets. For clarity, we refer to the
user-item pairs in the test set (i.e. blue dots) as “test pairs” and top-10
user-item pairs that appeared in the test set (i.e. red dots) as “top-10
pairs”. It should be noted that the difficulty and discrimination can
contextualize recommendation ability (see the distribution of red dots). A
model that yields more red dots (i.e. top-10 recommendations), especially
those of higher difficulty, typically has greater recommendation ability.

MovieLens datasets. The highest discriminatory power lies in lower
difficulty test pairs (see blue dots in any subplot in the middle row),
suggesting the inability of rank-based metrics to distinguish between
top-performing models. Moreover, top-10 pairs are concentrated at low
difficulties regardless of the models (see red dots in each subplot), which
indicates the existence of challenging user-item pairs that are difficult for
most recommenders to rank correctly.

Amazon-Books. Top-10 pairs are more evenly spread over the distri-
bution of difficulty (see blue dots in the bottom row). Given that many
top-ranking models, such as SGL and NCL, are able to identify top-10 pairs
with high difficulty (see red dots), it is suggested that each of these models
provides distinct top-10 recommendations that users prefer. Hence, model
ensembling may be an effective method for improved recommendation per-
formance on Amazon-Books.

5.2.3 Item Popularity and User Engagement

The qualitative analyses further reveal how item popularity and user

engagement impact the recommendation difficulty of each item and user®.

8However, these results are not shown with Amazon-Books. One conjecture is that
the limited number of popular items (i.e. items with more than 500 ratings) in the dataset
fails to reveal any significant patterns.
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Figure 5.1: User-item pair difficulty (x-axis) and discrimination (y-axis) plots for selected methods across three
datasets. The blue dots represent user-item pairs included in the test set, whereas the red dots denote test user-item
pairs, where the item is featured in the top-10 recommendations for the corresponding user.
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We summarize the main findings below and refer readers to the original
publication for more details (Article IV, Figures 5 and 6).

Item Popularity. Two notable facts regarding the recommendation
difficulty of items can be observed: 1) items with high popularity tend
to have lower difficulty, and 2) items with low popularity can be of low
difficulty if they were rated by highly engaged users.

User Engagement. It was found that higher engagement does not nec-
essarily entail lower user difficulty, instead, user difficulty converges to the
long running average as user engagement increases. Moreover, less engaged
users can benefit from shared preferences from highly engaged users.

5.3 Discussion

This chapter proposes an IRT-based approach to facilitate meta-evaluation
of recommender system evaluation. Our analyses demonstrate that IRT is
a powerful tool for gaining a comprehensive understanding of offline rec-
ommendation evaluation from three aspects: 1) the recommender’s ability
to model user preferences, 2) information, difficulty and discrimination of
a test set, and 3) the impact of user engagement and item popularity.
Our findings showed that top scores from rank-based metrics do not
reflect improvements in recommendation algorithms’ ability to model user
preferences. We further analyzed different patterns of difficulty and dis-
crimination in three benchmark datasets, showing how these parameters
can be used to contextualize latent ability between methods and datasets.
Finally, our qualitative analysis revealed valuable patterns in how recom-
mendation difficulty interacts with user engagement and item popularity,
and how these patterns relate to real-world recommendation scenarios.
The proposed IRT framework can also be regarded as an effective eval-
uation framework for recommender systems. First, IRT directly estimates
the latent ability of recommender systems to model user preferences. Al-
though rank-based evaluation aligns with the top-N recommendation task
more closely, latent ability that is based on pairwise item ranking may bet-
ter reflect real preference of users and, therefore, is more resilient to the
problem of missing judgements in offline evaluation [11]. Meanwhile, IRT
de-emphasizes item pairs that are easy to rank while attributing more im-
portance to the difficult ones, intrinsically providing higher discriminative
power. In addition, IRT may present a solution for managing popularity
bias in evaluation. For instance, items with higher popularity are more
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likely to have lower difficulty and, therefore, contribute less to the evalua-
tion, as we discussed in Section 5.2.3.

Despite these benefits, IRT modeling in the context of recommender
systems imposes a high computational burden, thereby preventing the ap-
proach from being widely used. It may be worthwhile, however, to construct
and manage a unified leaderboard on each benchmark dataset using IRT
to assist researchers in uncovering patterns hidden in the raw values of
rank-based metrics.



Chapter 6

Discussion

Offline evaluation plays a crucial role in the development of recommender
systems. Initially designed to assess the performance of IR systems, the
top-N evaluation method has become the predominant approach for eval-
uating recommender systems over the past decade [17]. However, recent
studies have identified numerous challenges with this method, revealing its
vulnerability to biases in datasets [11], potential for misapplication [37, 38],
and inconsistency with online evaluation [9, 76]. Furthermore, research
on evaluation flaws has primarily focused on top-N recommendation, with
limited attention given to other specialised recommendation tasks, such as
sequential and cross-domain recommendation. These observations high-
light an urgent need for a thorough investigation into the effectiveness and
robustness of offline evaluation of recommender systems.

In this thesis, we conducted a series of evaluation studies exploring both
methodological and extrinsic challenges related to various recommendation
tasks. We examined the validity of the top-N evaluation method and iden-
tified, for the first time, distinct evaluation flaws specific to sequential and
cross-domain recommendation. Additionally, this thesis contributes a novel
meta-evaluation framework based on item response theory which allows an
in-depth understanding of recommender system evaluation from various as-
pects. This chapter revisits the key findings of the studies, discusses their
implications, and highlights potential future research directions.

6.1 Summary of the Main Findings

This section summarizes the key findings from the studies conducted in
this thesis. We examine how these findings relate to the three research
questions that guided this work.
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RQ1: Methodological Challenges

Our investigation of the methodological challenges in Chapter 3 focused
on the evaluation practices in top-N recommendation and sequential rec-
ommendation. In the case of top-N recommendation, we showed that pre-
viously reported levels of inconsistency between sampled and traditional
non-sampled metrics had been overestimated. Nevertheless, sampled eval-
uation metrics have additional advantages, including higher discriminative
power and improved resilience to popularity bias when appropriate sam-
pling configurations are applied.

In sequential recommender systems, we observed that the commonly
used data splitting strategy, temporal leave-one-out, caused data leak-
age during evaluation. Consequently, the performance of sequential
recommender systems was significantly overestimated. Another impor-
tant finding of the study is that sequential recommenders could even be
outperformed by many non-sequential models after mitigating data leakage.

RQ2: Extrinsic Challenges

Extrinsic challenges often arise from insufficient consideration of user-
relevant factors in offline evaluation. Given the complexities involved in
conducting field studies with real users, there has been limited investiga-
tion of extrinsic evaluation challenges in different recommendation tasks.
Cross-domain recommendation, in particular, may face potential changes
in interface design or interaction patterns, presenting unique evaluation
challenges that remain underexplored. Indeed, the results of our user
study presented in Chapter 4 demonstrate that by simply telling users that
the recommendations were generated based on information from another
domain can lead to decreased user trust and interest. Although incorpo-
rating recommendation explanations can partially alleviate negative user
perceptions, cross-domain recommendation would still perform worse than
single-domain recommendation without explanations.

RQ3: Improved Methodology for Meta-evaluation

To enhance our understanding of recommender systems evaluation, we pro-
posed a powerful meta-evaluation framework based on IRT in Chapter 5 to
examine the top-N evaluation method. The study addressed both method-
ological and extrinsic factors in offline evaluation, focusing on both the va-
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lidity of top-N evaluation and how the characteristics of datasets, individual
users, and individual items influence recommender systems’ performance.
Surprisingly, we found that higher model rankings in top-N evaluation did
not necessarily reflect higher ability of recommender systems to model user
preferences. We further investigated the relationship between system per-
formance and dataset characteristics, such as difficulty and discrimination.
The qualitative analysis of the study also provided valuable insights into the
impact of user engagement and item popularity on recommender systems’
performance.

6.2 Implications and Future Directions

This thesis identified key challenges in offline evaluation across mul-
tiple recommendation paradigms, highlighting critical concerns about
the reliability of the reported progress in the RS research community.
This section further discusses how these observations and the findings
can contribute to driving practical impact in top-N recommendation, se-
quential recommendation, and cross-domain recommendation, respectively.

Top-N Recommendation

Our observations from the studies draw attention to improved evaluation
practices for top-N recommendation. Despite traditional rank-based
evaluation being widely adopted, it has been shown to suffer from low
discriminative power. Moreover, as datasets used in recommender system
continue to grow in size, computationally efficient alternative methods for
evaluation are inevitably required. Fortunately, based on our findings,
sampled evaluation metrics show great potential to address these limita-
tions. One promising research direction is, therefore, to investigate how to
determine the optimal negative sampling strategy, given the characteristics
of each dataset. This would enable us to overcome the limitations of
sampled metrics, achieving higher discriminative power and robustness
without compromising our confidence in the evaluation results. Another
promising direction involves employing the IRT framework to construct
optimal test sets. This would provide a more efficient solution that bridges
the gap between traditional and sampled evaluation metrics, allowing
test sets to be created by balancing difficulty and discrimination, thus
achieving higher accuracy while maintaining strong discriminative power.
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Sequential Recommendation

Our findings suggest that performance gains of sequential recommenders
over non-sequential models are potentially misleading, highlighting a
pressing need for re-evaluation of their effectiveness with more reliable
evaluation practices. To mitigate data leakage, we recommend replac-
ing temporal leave-one-out using alternative data-splitting strategies,
such as split-by-timepoint leave-one-out. Moreover, given our limited
understanding of sequential recommender systems, further exploration is
needed to determine whether sequential dynamics can genuinely enhance
recommendations, and if so, in what contexts and to what extent. Indeed,
each dataset lies on a spectrum of how much sequential information there
is to take advantage of by sequential recommenders. It is, therefore, im-
portant to develop unbiased methods for estimating the level of sequential
information in the datasets. This will not only deepen our understanding
of its influence on recommendation performance, but facilitate the selection
of more appropriate datasets for evaluation.

Cross-domain Recommendation

Our work highlights the potential negative impact of the cross-domain set-
ting on user perceptions of cross-domain recommendations. One future
research direction is to quantify the impact of user perceptions, investigat-
ing whether top-performing cross-domain recommendation algorithms can
mitigate this issue and how much improvement in offline performance is
necessary to produce meaningful real-world impact. Moreover, our findings
suggest that future research could focus on exploring novel system designs,
such as incorporating better recommendation explanations, to reduce the
impact of negative user perceptions.

Our results also emphasize the importance of user experiments in under-
standing the true effectiveness of recommender systems. However, a hidden
fact is that many researchers avoid user studies due to the complexities of
system implementation and participant recruitment [9, 116]. A “half-way
house” solution may be to utilize Mechanical Turk in recommender system
evaluation, allowing for more efficient collection of human feedback [71].
As an alternative, future exploration could focus on the development of
user simulation techniques, such as leveraging advances in large language
models [145]. Incorporating simulated users into evaluations can poten-
tially provide valuable insights into user-relevant factors like perception
and satisfaction, leading to more informative conclusions.
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6.3 Limitations

The primary limitation of the thesis is that it only focuses on the utility
of recommender systems, while other relevant evaluation criteria, such as
diversity and novelty, are not explored. Furthermore, the findings of the
experimental studies in Chapters 3 and 5 may be constrained to specific ex-
perimental conditions, such as the algorithms and datasets. We attempted
to mitigate these limitations by including a variety of algorithms and using
datasets with diverse characteristics to enhance the generalisability of the
results. However, given that these studies are data-driven, the results may
be influenced by inherent biases in the datasets used.

Similarly, the user study presented in Chapter 4 was conducted us-
ing Amazon Mechanical Turk. Several limitations relevant in this context
include 1) lack of control over the experimental environment, and 2) poten-
tial response biases. To address these limitations, our study incorporated
additional verification steps to filter out susceptible participants.
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