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Abstract

One of the most interesting success stories of Artificial Intelligence (AI) is the employ-
ment of recommender systems (RSs) by companies like Netflix, YouTube, and Amazon.
The recommendation systems have evolved over time due to ongoing research in this
field, and they are now frequently capable of making astoundingly e�ective suggestions.
One could assume that the recommendation dilemma is almost resolved, given the
sheer number of articles published each year. However, there are new challenges
that this field has been facing in recent years. Specifically, it involves facing all the
sociological, cognitive, and legislative challenges that have come to the fore in the last
period. Hot topics in this area of interest are the quality of new and old models in
terms of accuracy and the dimensions, such as exposure to the bias of specific groups
of items or users. Also of great importance are the transparency characteristics of
the models for the suggestions they propose: the model must be interpretable and
capable of explaining the recommendation given to the user. How can we independently
evaluate the performance of models for recommender systems? Is there a benchmarking
base against which we can compare? What metrics need to be considered in a fair
recommendation context? Are there metrics suitable for measuring the quality of an
explanation? What techniques are best suited to address this challenge of transparency
to the consumer?

This dissertation intends to outline a path about the issues of responsible AI in
the context of recommender systems, starting with the problems about reproducibility
and benchmarking and then addressing the issue of model performance with respect to
metrics beyond accuracy and how this analysis is critically important in the context
of consumer experience. Finally, the topic of explainable recommendation techniques
and what impact these have in terms of performance and user experience will be
addressed. Starting from the recent academic literature in the area, this thesis will
intertwine with the issues close to the field of responsible AI by o�ering insights in
the following directions: (i) we propose an unambiguous framework for recommender
systems that is the core of common approach for benchmarking; (ii) we measure and
compare various collaborative filtering models for recommender systems in terms of
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accuracy- and over-accuracy-based metrics and their trade-o�s; (iii) we improve user
experience through non-trivial and explainable recommendations.
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Chapter 1

Introduction

The enormous amount of data on the World Wide Web (WWW), which has grown
tremendously over the past three decades, has brought users closer to each other and
to previously undiscovered goods [159], services [64], music [103], and films [37]. The
problem is that it gets harder to find the best content in this gold mine when more
information is available. Users are frequently confronted with a plethora of options,
making it challenging for them to select one, especially when they have a finite amount
of money or other resources to work with. For instance, a music search engine may
still return thousands of songs if you type in "classic rock".

In these circumstances, Recommender Systems (RSs) can greatly aid users in making
decisions since they direct them toward stu�they have not yet tried but are likely to
find relevant and interesting. One example is the return of a ranked list of items [209].
Modern RSs typically o�er individualized and personalized recommendations to various
individuals or user groups. They o�er suggestions based on several presumptions
in their formulation, such as the possibility that users can establish their choices
based on their preferences or the actions of other users who share those preferences.
As a result, recommender systems increase competition between online services and
brick-and-mortar retailers, improving user experience, provider revenue, and product
variety. Despite the enormous advances in the RS field, the bulk of current research
works have concentrated on improving system accuracy, with just a small portion of
the literature also taking other significant RS qualities and values, such as diversity
and novelty, into account [51]. Although recommender systems represent a bigger
sociotechnical system, the ranking algorithm is still just one component of it. Given
that algorithm research predominates in the field today, it becomes clear that our
research community seems to concentrate too much on a single aspect of the issue,
particularly one where the use of increasingly complicated algorithms may only produce
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declining results [127]. In fact, end consumers have not been adequately taken into
account by current accuracy-oriented RSs in the context of human-machine interaction
as a whole, where other significant elements are frequently seen as crucial for the whole
user experience [138].

Certain extra factors need special consideration. First, the internet in which RSs are
used is getting more complicated and full of hazards from a variety of sources and types,
such as cyberattacks, noisy and false information, and system bias. As a result, there
is a demand for trustworthy RSs (TRSs) that compete in the di�cult and complicated
online world. Second, there is an increased pressure on RSs from stakeholders like users,
owners, and regulators. These stakeholders need recommendations that are trustworthy,
which includes things like robustness, fairness, explainability, privacy preservation, etc.
in addition to accuracy. In fact, in some vital and sensitive industries, like as finance
and health, where extremely reliable RSs are required, trustworthiness is even more
crucial than correctness. Accuracy shouldn’t be an RS’s primary goal; trustworthiness
must come first, it has been agreed upon both in academia and the business world. A
new RS paradigm, or TRSs, is urgently needed as a result of these investigations [259].

The term "trustworthy" refers to an entity that a subject may depend on to be
decent, honest, and sincere1. Among the specific characteristics of "trustworthy" are
reliability, dependability, faithfulness, honor, creditworthiness, and responsibility [284].
An RS that its shareholder may trust to be good, trustworthy, reliable, dependable,
and faithful is referred to as a TRS in general.

1.1 Thesis Statement
The chapters of this thesis are as self-contained as possible and present the notions of
specific problems, architectures, paradigms, data structures, and metrics related with
their content. Moreover, each chapter independently surveys the state-of-the-art of
the specific problem it deals with, showing the most interesting solutions and their
limitations in the literature of that field.

In the next chapter, we propose a brief but comprehensive introduction to the most
important recurring topics of this dissertation. In detail, we analyze the recommenda-
tion problem with its models, solutions, and evaluation techniques (Chapter 2).

From this overview, we look at the problem of reproducibility and how an entire
evaluation pipeline can be tested consistently against the di�erent recommendation

1https://www.oxfordlearnersdictionaries.com/definition/american_english/
trustworthy

https://www.oxfordlearnersdictionaries.com/definition/american_english/trustworthy
https://www.oxfordlearnersdictionaries.com/definition/american_english/trustworthy
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models involved in a specific analysis. Next, we show how a careful investigation of
reproducibility allows for consistent exploration of the dimensions of novelty, diversity,
and fairness (e.g., beyond accuracy metrics) in an o�ine evolution scenario for RSs.
These kinds of metrics have a significant impact on the user experience of the customer
using a generic RS. For this reason, another aspect strongly related to this dimension
is analyzed: the possible explanations associated with recommendations. Specifically,
the focus is analyzing explainable recommendations generated by post-hoc approaches.
In the end, a formal model is proposed for generating counterfactual explanations for
Decision Support Systems (DSSs) in an enterprise scenario.

1.2 Research Contributions
This thesis investigate the aspects of TRSs peculiar to the strand of responsible
AI: reproducibility of results, fair and explainable recommendations. Each of these
issues is crucial in the TRSs research area, and this thesis connects these aspects
by investigating their distinctiveness in the context of personalization of information
access. The following sections provide additional details on this thesis’s research
goals and contributions. The author of this thesis, Claudio Pomo is the main
and corresponding author of the scientific publications related to the research
contributions presented in this dissertation2.

1.2.1 Ch. 3: Building a rigorous and robust framework for
RSs evaluation.

Contributions. In Chapter 3 of this thesis, we present our experiment management
framework for a recommendation scenario. Introducing an analysis about the problem
of reproducibility in RSs, we will see how this has led to the emergence of some
state-of-the-art model testing/evaluation frameworks for the current research area.
This investigation prompted us to release an all-encompassing testing framework for
RSs, from dataset management and partitioning to rigorous model evaluation, without
neglecting hyperparameter optimization. The result flowed into the opensource software
Elliot, currently the only tool in the RS landscape that o�ers the ability to manage an
entire pipeline of recommendations in a rigorous and transparent manner, leveraging a
single, appropriately packaged configuration file.

2The authors of the publications are alphabetically ordered. The corresponding author of each
publication is reported in the original articles.
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Publications. The results of this e�ort resulted in the publication of a scientific
paper "Elliot: a comprehensive and rigorous framework for reproducible recommender
systems evaluation" [15] presented at the 44th ACM SIGIR Conference on Research
and Development in Information Retrieval (SIGIR) 2021. A shortened version of this
work was the subject of presentation at the 11th edition of the Italian Information
Retrieval Workshop (IIR) 2021 and published in the discussion paper "How to Per-
form Reproducible Experiments in the ELLIOT Recommendation Framework: Data
Processing, Model Selection, and Performance Evaluation" [16]. In addition, the paper
"The Challenging Reproducibility Task in Recommender Systems Research between
Traditional and Deep Learning Models" [13], presented at the 30th Italian Symposium
on Advanced Database Systems (SEBD) 2022, highlights the critical issues of RSs
when it comes to reproducibility.
Role of Ph.D. Candidate. Corresponding author of all the above-mentioned
articles [13, 15, 16].

1.2.2 Ch. 4: Reproducibility and Repricability studies span-
ning classical Collaborative Filtering and beyond.

Contributions. In this thesis chapter, we will analyze in detail the problem of
reproducibility of results in the context of Collaborative Filtering (CF) type RSs.
Starting from the scientific literature and its experimental results, we will show how,
despite the community’s e�orts to make RSs perform better in terms of accuracy,
some recent works add nothing, and some historical research area models still perform
well if the evaluation scenario found to be consistent regarding experimental choices.
Our analysis of CF models continues beyond accuracy metrics. Still, it takes the
opportunity to showcase how we have often chased the path of improving accuracy
performance while sidelining research for novelty/diversity or bias/fairness phenomena
that strongly impact the user experience.
Publications. The Elliot framework has also proven to be e�ectively useful in
the context of reproducibility and replication of results; in fact, two papers were
developed with its support in this context. The first was presented at the 15th ACM
Conference on Recommender Systems (RecSys) 2021 and is entitled "Reenvisioning
the comparison between neural collaborative filtering and matrix factorization" [20],
while a second paper entitled "Top-n recommendation algorithms: A quest for the
state-of-the-art" [19] was presented at the 30th ACM Conference on User Modeling,
Adaptation and Personalization (UMAP) 2022.
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Role of Ph.D. Candidate. Corresponding author of all the above-mentioned
articles [19, 20]

1.2.3 Ch. 5: Analysis of the impact of beyond accuracy
metrics in modern recommender systems.

Contributions. The analysis conducted with the previously mentioned tool, "Reenvi-
sioning the comparison between neural collaborative filtering and matrix factorization",
found that state-based collaborative recommendation models achieve remarkable results
in terms of accuracy but fail to perform as well when measuring the frequency of
suggesting less popular items. This observation motivated the analysis of a type of RSs
belonging to the CF family, that is inspired by Graph Learning techniques (GLRSs).
This new approach has shown great promise in terms of accuracy. Still, no rigorous
evaluation revealed the performance in terms of novelty/diversity and bias/fairness of
the recommendations produced. The analysis involved the detailed study of GLRSs
and their information propagation (message passing) characteristics through the var-
ious nodes. In addition, a new approach called Edge Graph Collaborative Filtering
(EGCF) was proposed and showed significant results in terms of both accuracy and
novelty/diversity. Moreover, an obvious trade-o�between accuracy and user experience
metrics (novelty/diversity and bias/fairness) motivated a new development in this
line of research. To close this gap of this analysis between GLRSs and classical RSs
belonging to the collaborative filtering (CF) family, a new approach of rigorous analysis
based on a multi-objective approach guided by Pareto frontiers is introduced.
Publications. The research contributions presented in this chapter are based on
two works. The first one is presented at the 2nd Workshop on Multi-Objective Rec-
ommender Systems held in conjunction with the 16th ACM Recommender Systems
Conference (RecSys) 2022 and titled "How Neighborhood Exploration influences Nov-
elty and Diversity in Graph Collaborative Filtering" [21]. This paper represents the
first attempt to analyze the dimensions of novelty and diversity concerning message
passing techniques typical of GLRSs. The evidence from this work motivated another
contribution entitled "Reshaping Graph Recommendation with Edge Graph Collabora-
tive Filtering and Customer Reviews" [22] that was presented at the Workshop Deep
Learning for Search and Recommendation held in conjunction with the 31st ACM
International Conference on Information and Knowledge Management (CIKM) 2022.
Furthermore, a research paper about the introduction of a new o�-line evaluation
approach to measure the severity of the trade-o�between accuracy and bias/fairness
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metrics is currently under review as a long paper entitled "Auditing Consumer- and
Producer-Fairness in Graph Collaborative Filtering".
Role of Ph.D. Candidate. Corresponding author of the articles [21, 22] and the
research contribution presented in a paper under review. These elements are presented
in Chapter 4.

1.2.4 Ch. 6: Impact of explainable recommendations on the
user experience.

Contributions. One of the crucial issues for TRSs is definitely that of explanations.
Research contributions in this direction have become attractive again due to the
renewed interest in eXplainable Artificial Intelligence (XAI). In order to improve the
e�ectiveness, e�ciency, persuasiveness, and user satisfaction of recommender systems,
explainable recommendation refers to the personalized recommendation algorithms that
address the problem of why – they not only give the user the suggestions but also make
the user aware of why such items are recommended by generating recommendation
explanations. We focused on post-hoc approaches, particularly the LIME-RS technique.
Our analysis aimed to demonstrate how often this type of explanation based on local
surrogate models does not prove consistent with user and item characteristics, risking
producing ine�ective explanations. Motivated by these results, we proposed a formal
approach for generating explanations from Multi-Stakeholder type RSs (MS-RSs). In
this context, we considered the point of view of counterfactual explanations. We
highlighted the pros and cons of their application in a scenario that explained the
recommendation for the consumer and the policy adopted by the system for the
considered stakeholder.
Publications. Post-hoc approaches being part of the established literature in both XAI
and explainable recommendation, the first paper analyzed the reliability of explanations
based on local surrogate models. It was presented at the 3rd Knowledge-aware and
Conversational Recommender Systems (KaRS) workshop held in conjunction with
the 15th ACM Recommender Systems Conference (RecSys) 2021 titled "Adherence
and Constancy in LIME-RS Explanations for Recommendation" [17]. The second
contribution of this analysis was proposed as a discussion for an extended abstract
at the 12th edition of the Italian Information Retrieval Workshop (IIR) 2022 entitled
"An Analysis of Local Explanation with LIME-RS" [18]. The proposed model for
generating counterfactual explanations in a Multi-Stakeholder context was presented
at the Advanced Information Systems Engineering Workshops held in conjunction
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with the 33rd International Conference on Advanced Information Systems Engineering
(CAiSE) 2021 under the title "Explanation in multi-stakeholder recommendation for
enterprise decision support systems" [63].
Role of Ph.D. Candidate. Corresponding author of all the above-mentioned
articles [17, 18, 63].

1.3 Bibliographical Notes
This section describes in depth the research articles published during the Ph.D. but
not discussed in the dissertation. Indeed, the following works have been conducted
as simultaneous topics whose research questions have been raised while studying the
literature.

Two papers were proposed for the topic regarding conversational RSs, motivated by
the possibility of generating explanations with respect to proposed recommendations
due to preferences elicited during user dialogue. The first paper has a more applied
character and was presented as a contribution to the IEEE Workshop on Evolving and
Adaptive Intelligent Systems (EAIS) 2020 with the title "GUapp: A Conversational
Agent for Job Recommendation for the Italian Public Administration" [31]. In this
paper, we present GUapp, a chatbot that aims to allow users to interact with the app
through natural language. Thanks to that, the search and recommendation process
becomes incremental, and the user can add new requirements at each stage of the
interaction. The second paper proposes a complexity analysis algorithm for CRSs. In
this research work, a dimension that has never been considered in this context was
analyzed to evaluate a priori the goodness of a dialogue strategy for a RS of this type.
This paper was published in the journal Information Science titled "Conversational
Recommendation: Theoretical Model and Complexity Analysis" [75].

Regarding the line of research on reproducibility, in addition to the already men-
tioned works, the following was presented a demonstration paper fully dedicated to
the integration of visual-based recommenders has been presented at RecSys 2021 in
the indexed article named "V-Elliot: Design, Evaluate and Tune Visual Recommender
Systems" [14]. In addition, a paper titled "On the Need for a Body of Knowledge on
Recommender Systems" [213] was presented at the 3rd Knowledge-aware and Con-
versational Recommender Systems (KaRS) workshop held in conjunction with the
15th ACM Recommender Systems Conference (RecSys) 2021 regarding a software
formalization of the pipeline for developing and evaluating a recommender model. This
contribution was made in collaboration with the research group led by Davide Di
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Ruscio at Aquila University. Completing the picture of this line of research is the
contribution for the analysis of state-of-the-art models in RSs in the privacy preserving
context. This e�ort resulted in the presentation of a hands-on tutorial presented at 15th
ACM Recommender Systems Conference (RecSys) 2021 entitled "Pursuing Privacy
in Recommender Systems: the View of Users and Researchers from Regulations to
Applications" [12].

Finally, I co-authored a paper entitled "FastSHAP explanation for Recommender
Systems" with David Wardrope and Brian Mohr. This work, developed during my
internship at Amazon.com, is currently under review. The contributions in this paper
aim to show the applicability of a Shapely Values approximation approach in a large-
scale recommendation context, and some critical user experience scenarios in specific
user modeling contexts are identified.



Chapter 2

Recommender Systems

Recommender systems can deliver recommendations to users when faced with an
extensive catalog of goods to choose from or whenever they want to obtain suggestions.
The users of recommender systems are modeled by learning from their previous
behavioral data (such as movies they have watched, ratings they have given, items
they have purchased, and websites they have visited), and they are then directed
toward newly discovered objects that are most likely to be of interest based on various
assumptions.

This chapter will first give a formal definition of the recommendation problem.
The pioneer models and architectures will be reviewed along with their taxonomy
next. Finally, we will provide an overview of performance evaluation and discuss the
measures that were employed in this dissertation in detail.

2.1 Definition
In a more formal sense, we will refer to the set of users in the system as U , and the set
of items as I (e.g., the catalog of an online shop). The user-item preference matrix may
then be denoted as R œ R|U|◊|I|. This matrix may contain either explicit feedback or
implicit feedback. In the first scenario, we can have, for example, rui œ{ÿ}fi{ 1, . . . ,5}
if the users are asked to leave a rating of up to 5 stars for a product, with ÿ denoting a
missing rating. This would be the case if the users were asked to leave a rating for a
product. In the case of implicit feedback, for instance, we are able to observe data in
the form of rui œ{ÿ}fi{ 1} with rui = 1 if u interacted with i (for example, the user
visited a webpage, clicked on a video, or purchased a product) and rui = ÿ or in the
form of rui œ{ÿ}fi{ like(1),dislike(0)} if not. The items in a catalog typically count in
the thousands or millions, and as a result, most users will naturally only rate or enjoy
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a small percentage of those items. In the majority of cases, the percentage of ratings
that are missing from well-known datasets used in recommendation research (such as
MovieLens and Netflix, for example) is greater than 95%. When a user is prompted to
provide explicit ratings, the datasets frequently display a large skew that favors values
that are either extremely high or extremely low. Notably, we define the set of items
that user u interacted with as Iu, which stands for "interacted with by user", i.e.,

Iu = {i œ I | rui ”= ÿ}. (2.1)

In general, recommendation tasks are associated with a diverse set of activities, such
as finding all of the possible good items for a user or recommending an ordered sequence
or a bundle of items. On the other hand, rating prediction and top-k recommendation [66,
183] are the two tasks that have received the greatest attention and research in the
field of literature.

Definition 1 (Rating prediction task). Given a user u œ U and an item i œ I \ Iu

not rated by u, the rating prediction task aims to predict the missing rating of u to i.
Formally, the goal is to learn a function f : U ◊ I æR, often defined as a regression
or a classification.

Definition 2 (Top-k recommendation task). Given a user u œ U , the top-k recommen-
dation task aims to provide u with a list containing k items from I \Iu most likely to
interest u, ordered by a proper utility function s : U ◊ I æR.

Often, the top-k recommendation task is solved by ranking the items of I based on
the predictions given by f , which acts as a utility function.

The solution to the above-mentioned recommendation problems heavily depends
on the selected utility function s or the prediction function f — usually, but not
necessarily, a machine learning model — and on the type of information encoded in
the data.

While the idea of utility may be often exclusively associated with user satisfaction, it
actually includes the revenue of content creators and content providers (e.g., depending
on the number and the diversity of the items sold), and the users’ loyalty to the service.
The prediction of the utility, or at least the comparison of the utility of some items, is
the core function of recommender systems for understanding whether an item is worth
recommending [210].

In the following, we present a taxonomy of the most common recommendation
approaches, along with their standard and simplest formulations, usually aiming to
predict and estimate the value of the missing ratings.
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2.2 Overview of Recommendation Approaches
Recommender systems solve the recommendation problem previously defined by relying
on di�erent assumptions. For instance, they may assume that users can make decisions
about new items based on the similarity with items already consumed. Alternatively,
they may assume that users’ decisions may rely on the behavior of similar users.

The most common recommendation strategies can be classified into collaborative
filtering, content-based filtering, and hybrid models [183]. In the following, we will
present a brief but comprehensive overview of recommendation methods along with
their taxonomy.

2.2.1 Collaborative Filtering Approaches

The core idea of collaborative filtering recommender system is that the rating of a user
for a new item is likely to be similar to that of another user who has rated other items
in a similar way [140]. Moreover, these systems assume that a user is likely to similarly
rate two items if other users have given similar ratings to these two items. The methods
using collaborative filtering approaches are able to provide recommendations to users
through the feedback of other users and can recommend items with very di�erent
content if other users have shown interest in all these di�erent items. Due to their
formulation, these algorithms’ performance highly relies on the availability of user
transactions, but they have the advantage of not needing any other data source (e.g.,
attributes of the items).

Collaborative filtering methods can be grouped into neighborhood- and model-based
methods [140]. While the former class of methods uses the collected ratings to predict
the missing ratings, the model-based approaches aim to build a predictive model able
to represent latent characteristics of the users and the items in the system.

Neighborhood-based collaborative approaches

Neighborhood-based recommender systems, also known as memory-based recom-
menders, assume that, in the user perspective, the opinion of like-minded users is useful
for evaluating the value of an item. In principle, similar users prefer similar items, and
similar items are preferred by similar users.

The k-nearest-neighbors (k-NN) approach, with its user-based and item-based
variants (e.g., [73, 74]), is the most used one in memory-based recommendation.

In this schema, the k-NN algorithm computes a similarity matrix W œ [0,1]|U|x|U|

encoding in its entries wij how similar is user i whit respect to user j. Then, the k users
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with the highest similarity wuv to a user u constitute the k-nearest-neighborhood N (u)
of u, in formula N (u) = {u œ U|wuv is the k ≠ th maximum among wu1,wu2, ...,wun}.
To estimate a missing rating rui, user-based k-NN considers the subset Ni(u) ™ N (u)
containing the neighbors of u who have rated i. Then, considering one of the simplest
formulations of the algorithm, the rating rui can be estimated as:

r̃ui =
q

vœNi(u) wuvrvi
q

vœNi(u) |wuv| (2.2)

Intuitively, user u asks the like-minded users in Ni(u) their opinion about i, and
considers it for making a decision.

With item-based k-NN, the core idea is to find similarities between items by looking
at the ratings they have received. Similar to the previous formulation, once the item
similarity matrix W has been computed, each item can be associated with a set of
neighbors N (i). To estimate a missing rating rui, only the items in Nu(i) (i.e., similar
to i that have been rated by u) are considered:

r̃ui =
q

jœNu(i) wijruj
q

jœNu(i) |wij |
(2.3)

The similarity between two users in user- based methods, which determines the
neighbors of a user, is normally obtained by comparing the ratings made by these users
on the same items. Conversely, in item-based methods, the similarity between two
items is obtained by comparing the ratings they have received from di�erent users. The
computation of the similarity weights is one of the most critical aspects of building a
neighborhood-based recommender system, as it can have a significant impact on both
its accuracy and its performance. Among the most used approaches, it is common to
find Cosine similarity, Dot similarity,Pearson correlation, Jaccard index, and Euclidean
distance [140].

There are several factors to be considered when choosing between user- and item-
based k-NN. In terms of recommendation performance, a small number of high-
confidence neighbors is preferable to a large number of neighbors for which the similarity
weights are not trustable. Thus, where the number of users is much greater than
the number of items, item-based methods are preferred [86]. Conversely, user-based
methods usually provide more original recommendations, which may lead users to a more
satisfying experience [81]. The choice is also a�ected by memory and computational
e�ciency requirements since similarity estimation complexity grows quadratically with
the number of users in user-based models and with the number of items in item-
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based models [183]. More e�cient approaches to digging all neighbors exist in the
literature [62, 92, 247] but have not been applied to the area of RSs.

Overall, neighborhood-based collaborative approaches are intuitive and simple,
produce explainable recommendations, and are e�cient in prediction (once the similarity
matrix has been computed), albeit they can su�er from problems like limited coverage
of items (when users have no common ratings, they are necessarily classified as non-
neighbor users, thus causing some their favorite items not to be recommended to each
other) and high-performance sensitivity to the lack of available data.

Model-Based Collaborative Approaches

Model-based collaborative filtering approaches use the ratings in the matrix R to learn
a predictive machine learning model representing latent characteristics of the users and
the items in the system able to explain the ratings.

These approaches are numerous and have shown improved performance with respect
to memory-based collaborative filtering algorithms, especially in the context of the
million-dollar prize competition opened by Netflix in October 2006 [37], where they
gain significant attention. Thanks to that competition, the research community gained
access to a large-scale, industrial-strength dataset of 100 million movie ratings that
encouraged the rapid development of model-based recommender systems.

Typical model-based approaches include Bayesian Clustering, Latent Semantic Anal-
ysis, Latent Dirichlet Allocation, Support Vector Machines, and neural networks [140].
However, the most popular models are the ones induced by factorization of the user-
item rating matrix, thanks to their attractive accuracy and scalability. Singular Value
Decomposition is one of the most established techniques for decomposing a matrix
and identifying latent factors [141]. Nevertheless, the high portion of missing values
leads to di�culties that force to train the model on the few available data and to use
regularization for averting the risk of overfitting.

Matrix factorization aims to represent both items and users as vectors in a latent
space Rf . The latent space tries to explain ratings with latent factors, automatically
inferred from user feedback, representing properties (e.g., the genre of a movie) that
cannot be directly interpreted by a human being observing the decomposed matrix.
The value assumed by each latent factor represents, in the user vector, her interest
towards that property, while, in the item vector, the extent to which the item possesses
the same property. The dot product between a user vector and an item vector will
capture the user’s estimated interest in that item.
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Notably, given the vector qi representing the item i in the latent space Rf , and the
vector pu representing the user u in the same space, we estimate a missing rating as:

r̃ui = µ+ bu + bi +qT
i pu, (2.4)

where µ,bu, and bi are the overall rating average, the user u’s rating average, and item
i’s rating average, respectively. These three terms constitute the baseline predictor
for rui, which has a detrimental impact on collaborative filtering since feedback data
usually exhibit large biases (e.g., some users have systematic tendencies to give very
high or low ratings and some items to receive very high or low ratings). The vectors of
all the users and items in the system can be learned with techniques like stochastic
gradient descent and alternating least squares by exploiting the available ratings.

The prediction in Eq. 2.4 can be extended and used as a building block for more
complex models (e.g., to take into account other types of feedback or to build time-aware
factor models).

Generally, model-based approaches exhibit prediction accuracy superior to other
collaborative filtering techniques [140] with a relatively memory-e�cient and easy-
to-train compact model. Moreover, these techniques are also convenient thanks to
the possibility of injecting multiple forms of user feedback and modeling specific
behaviors [139, 189, 218]. Once the rating prediction estimation has been modeled,
based on the task and the assumptions, the loss function to minimize can be di�erently
written (e.g., BPR [197]). Then, we can also choose among various training strategies
for learning the model parameters (e.g., stochastic gradient descent [89] and alternating
least squares [119]).

However, the linearity of MF approaches is the primary point of criticism regarding
these methods. Using deep neural architectures with deep neural networks that are able
to model the non-linearity in data through the use of nonlinear activation functions
has recently become a popular trend in the community of recommender systems.
This trend was recently popularized to address this concern. In this respect, Neural
Collaborative Filtering [113] and Neural Factorization Machines [108] have been recently
proposed to overcome the inability of MF to capture non-linearities. He et al. [113]
proposes exploiting Artificial Neural Networks to learn the a�nity between p and
q. Let �(·) be the transformation function of the deep neural network defined as
� : Rdim(p)+dim(q) æ Rd, He et al. propose to concatenate the two embeddings and
predict the score as follows:

Â
MLP(p,q) :=�([ p,q]). (2.5)
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We give more details about these models in Chapter 3, where we propose an RSs
framework for rigorous evaluation experiments.

2.2.2 Content-Based Filtering Approaches

Recommender systems with content-based filtering exploit attributes of items and
users to produce recommendations by matching up the characteristics of a target user
with the attributes of the items [183]. Characterizing items with content information
that can e�ectively feed the recommendation process is usually a non-trivial task. In
most cases, the items’ attributes are simple keywords that are extracted from their
description or metadata, albeit an increasing number of works has moved from a
keyword-based to a concept-based approach by characterizing the items with semantic
information extracted from structured knowledge sources, such as Wikipedia, DBpedia,
Freebase, and BabelNet.

The steps to perform a content-based recommendation include [97] i) a content
analyzer that uses information coming from the most diverse sources to represent the
items in a specific description space (e.g., vector space model); ii) a profile learner that
collects all the users’ preference data, and with a chosen strategy (e.g., probabilistic
methods, relevance feedback, and k-nearest neighbors) tries to generalize this data in
order to build the user profile; iii) a filtering component that suggests relevant items
by matching the profile representations against the item descriptions.

Content-based recommender systems provide several advantages, including the
possibility to explain the produced recommendation based on the attributes, and the
absence of the cold-start problem for the items, since no collaborative information is
needed to feed the recommender. Content-based filtering recommenders also present
some shortcomings [97]: they include the cold-start problem for new users, because of
the dependence of their profile on their rating history. Moreover, often these systems
tend to su�er from an overspecialization problem (or lack of serendipity) since they
tend to suggest merely items homogeneous with the ones experienced in the past [123].
Finally, another known problem is the scarse availability of structured knowledge about
the domain, which would consistently improve the recommendation performance.

2.2.3 Hybrid Approaches

In some cases, the limitations of collaborative filtering methods and content-based
filtering methods can be partially overcome by realizing a hybrid combination of
the two approaches. Hybrid recommenders aim to improve the performance of the
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system by exploiting the best of both techniques. Some ways to implement hybrid
recommenders consider implementing both the approaches separately and then using
an aggregation function to merge the results, or injecting content information into a
collaborative-filtering method, or vice versa, or building a system exploiting both the
sources of information [9].

2.2.4 Evaluation

We have already seen how many algorithms and approaches can be used to build a
recommender system. Its choice depends on a large and variable number of factors,
including a wide range of properties of the dataset (e.g., its sparsity, the ratio between
users and items). Indeed, all these factors jointly impact di�erent dimensions of
the performance of the recommender system. All these dimensions, in turn, may
enormously impact the user experience and the acceptance of both the recommendation
and the whole system. This makes the evaluation of a recommender system a complex
task that focuses on both users and items [98].

It is noteworthy that the evaluation of a recommender system should follow an
online protocol, proposing recommendations to the users and waiting for their feedback.
Practically, this is not feasible for most researchers due to the limited number of users
they can involve in an experiment. To perform an o�ine evaluation, the set of available
feedback is divided into a training set used for learning the utility function and a test
set for assessing the quality of the learned function. Generally, the interactions of
each user are independently split, thus generating for each of them the training set
of items with an interaction Itrain

u µ Iu and the test set of items with an interaction
Itest

u µ Iu. Depending on the strategy, a user can be provided with a recommendation
list containing only items present in the test set (i.e., already liked in the past) or
containing only items not present in the training set (also items without ratings in the
test set could be recommended) [230]. In the former case, we refer to rated test-items
protocol, in the latter to all unrated items protocol. In this dissertation, we perform
o�ine tests on all unrated items since they reflect much better the situation in many
real-world recommendation tasks [230].

In the following, we briefly survey the metrics used along with this dissertation.
Hereinafter, we mainly consider the recommendation problem in the form of top-
k recommendation task, which is the mainstream of recommender system research.
Indeed, our evaluation is oriented to assessing the quality of the ranking rather than
evaluating the prediction score. Thus, the metrics in the following are presented with
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their definition specifically designed for evaluating the top-k/ranking task with the
all-unrated-items protocol.

Accuracy Metrics

Accuracy metrics in top-k recommendation look for the presence of relevant items
in the top-k elements of the recommended list, with k usually in {1,5,10,50,100}.
Datasets with implicit feedback have an inherent definition of relevance (e.g., positive
feedback as clicks, purchases, likes). Explicit feedback data like ratings, instead, have
to be discretized into binary values according to a relevance threshold. Thus, I+

u ™ Iu

is the set of items relevant to user u, and I+,test
u ™ Itest

u contains the relevant items in
the test set.

Definition 3 (Precision). For each user u œ U , let Lu be a recommendation list ranked
according to Eq. 2, and L(1,...,k)

u its top-k. Then, the precision P@k is defined as the
average, over all the users, of the proportion of items in the top-k of each user that are
also relevant to the user.

P@k = 1
|U|

ÿ

uœU

|L(1,...,k)
u flI+,test

u |
k

(2.6)

Intuitively, precision measures the system’s ability to reject any non-relevant item
in the retrieved set. Recall, instead, aims to measure the system’s ability to find all
the relevant items.

Definition 4 (Recall). Given the premises in Definition 3, the recall R@k is defined
as the average of the proportion of relevant items that are retrieved in top-k of each
user.

R@k = 1
|U|

ÿ

uœU

|L(1,...,k)
u flI+,test

u |
|I+,test

u |
(2.7)

To o�er an aggregate measure of the accuracy, precision and recall are sometimes
combined with each other in the F1@k measure [212] computed as their harmonic
mean:

F1@k = 2 P@k ·R@k
P@k +R@k (2.8)

Finally, a widely used accuracy metric is the discounted cumulative gain [128] from
information retrieval, which assesses the quality of a ranking based on the position of
the ranked elements.
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Definition 5 (Normalized Discounted Cumulative Gain). For each user, let lu(i) œ
L(1,...,k)

u the recommended item in position i Æ k, and vlu(i) = 1 if lu(i) œ I+,test
u , 0

otherwise. Then, define:

nDCG@k = 1
|U|

ÿ

uœU

kÿ

i=1

2vlu(i) ≠1
log2(i+1) (2.9)

In nDCG@k, the numerator represents the gain that u has from being recommended
item lu(i), with its relative positions in the list discounted logarithmically.

Beyond-Accuracy Metrics

The presence of relevant items in the recommended list may not be su�cient for the
evaluation of a recommender system. We have already mentioned that, among the
other things, recommendations should be engaging for the users, should increase their
trust and serendipity, and should generate revenue for content providers.

Some algorithms may provide accurate recommendations, but may polarize and
homogenize users’ interest towards a small portion of the items (the short head), i.e.,
the ones rated by the majority of users. This is usually caused by popularity bias since
recommender systems often exacerbates and perpetuates social biases present in the
rating data by reinforcing the popularity of already popular products (rich-get-richer
e�ect). This behavior is often referred to as the long tail problem, since the unpopular
items, which represent the vast majority of the items, are not recommended at all.

As a consequence, there is a need for item diversity in recommendation lists to
encourage serendipity, and increase users’ satisfaction and sales. In the following, we
introduce three sales diversity metrics widely employed in recommender systems.

Definition 6 (Item Coverage). Given the premises in Definition 3, the item coverage
computes the number of items that are shown to at least one user.

IC@k = |t
uœU L(1,...,k)

u |
|I| (2.10)

A higher value of item coverage implies high diversity of the recommendation lists,
which may suggest a good performance in terms of personalization with respect to the
users.

The other diversity measures considered in this dissertation are Gini Index (G) and
Shannon Entropy (SE), that measure the distributional inequality [51], i.e., in this
context, how unequally di�erent items are recommended to the users. A recommender
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system equally recommending its items is likely providing diverse recommendations
and equally favoring all the elements in the catalog.

Definition 7 (Gini Index). Given the premises in Definition 3, let (Lk
,m) be a multiset,

with Lk = t
uœU L(1,...,k)

u being the set of all the recommended items and m : Lk æ N a
function giving the number of times an item is recommended. Suppose that the elements
l œ Lk are in ascending order by the value of m(l) and l

(i) denotes the item in the i-th
position. Then, the Gini Index is defined as:

Ĝ@k = 1
|Lk|≠1

q|Lk|
i=1 (2i≠ |Lk|≠1)m(l(i))

q|Lk|
i=1 m(l(i))

(2.11)

A value of Ĝ@k close to 0 reflects diversity and means that the items are equally
recommended (all products have equal sales), whereas 1 represents concentration (a
single item is recommended to all users). In the remainder of this dissertation, the values
of Gini Index will be always provided in their higher is better version G@k = 1 ≠ Ĝ@k.

Definition 8 (Shannon Entropy). Given the premises in Definition 7, the Shannon
entropy is defined as:

SE@k = ≠
|Lk|ÿ

i=1

m(l(i))
q|Lk|

i=1 m(l(i))
log

Q

a m(l(i))
q|Lk|

i=1 m(l(i))

R

b (2.12)

The entropy is 0 when a single item is always recommended, and log(|Lk|) when
all the items are recommended equally often.

The presence in the user’s recommendation list of items that are completely foreign
to the user is a way to define the concept of novelty in recommendations. There is
no agreed-upon definition of what constitutes novelty. Indeed, di�erent recommender
systems use various interpretations of the term novelty. On the other hand, in most
cases, it is considered to be a measurement of the number of new things that are
recommended. Measuring the number of recommended items that originate from the
long tail is a common approach. It is a sign that the system is capable of recommending
to users things that they would have never been able to find on their own. As a result,
the ability to accurately measure novelty is essential for a successful recommender [251].

Definition 9 (Entropy-Based Novelty). Let us define the top-k recommendation list
again as L(1,...,k)

u . Entropy-Based Novelty EBN@k is a metric that measures the
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capability of the system to suggest long-tail items.

EBNu@k = ≠
ÿ

iœL(1,...,k)
u

pi · log2 pi (2.13)

where
pi = | {u œ U | i is relevant for user u} |

|U | (2.14)

A small value of EBNu@k reflects an high level of novelty in recommendation
lists [32].

Another novelty metric is Expected Popularity Complement which corresponds to
the expected number of relevant items that come from the long tail [251].

Definition 10 (Expected Popularity Complement). Given a discount function disc(k),
a relevance index for a specific item to the user defined as p(rel|ik ,u) and (1≠p(seen|ik))
as factor of item novelty Expected Popularity Complement (EPC ) is defined as:

EPC = C
ÿ

ikœR
disc(k)p(rel|ik ,u)(1≠p(seen|ik)) (2.15)

Moreover, if we excluded rank and relevance from the formula 2.15 and considered
a measure that is somehow related to the concept of self-information – coming from
the field of information theory – we would have a new measure of novelty more closely
related to the concept of catalogue exploration [296].

Definition 11 (Expected Free Discovery). Given a top-k recommendation list L(1,...,k)
u ,

and the log of the inverse discovery distribution p(i|seen) it is possible to compute the
Expected Free Discovery (EFD) (or expected inverse collection frequency) of relevant
and seen items as follow:

EFD = ≠ 1----L
(1,...,k)
u

----

ÿ

iœL(1,...,k)
u

log2 p(i|seen) (2.16)

Algorithmic Bias

The problem of unfair outputs in machine learning applications is well studied [46,
76] and it has been extended also to recommender systems [172]. Indeed, bias and
fairness analysis is gaining momentum in the last years [71, 195], since it unveils several
essential aspects of the recommenders’ behavior.

One of the possible fairness problems with recommender systems, which has al-
ready come up in the previous sections, is connected to the popularity bias [34, 44].
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Collaborative filtering recommenders, which will be used along this thesis, typically
emphasize popular items and leave the long-tail items underrepresented. Unfortunately,
delivering only popular items does not enhance new item discovery and may be unfair
to the creators of less popular or newer items since a small set of users rates them.

Three bias metrics will be used in this dissertation to evaluate the degree of
underrepresentation of items from the long-tail. The first metric, whose abbreviation
is ACLT, measures the fraction of the long-tail items the recommender has covered.

Definition 12 (Average Percentage of Long Tail Items [6]). Given the premises in
Definition 7, it is defined as:

ACLT@k = 1
|U|

ÿ

uœU
|L(1,...,k)

u fl�|, (2.17)

where � is the set containing the long-tail items.

Alongside this metric, we can define two other metrics that analyze the exposure of
items in the long tail: Average Percentage of Long Tail (APLT)[6] Items and Average
Recommendation Popularity (ARP) [283]. The former is directly related to ACLT
formulation and expresses the measures of the average popularity of long-tail items in
the top-k recommendations of users, the latter calculates the popularity of items in a
list of recommendations based on the number of interactions of each item in training.

Moreover, we have also evaluated PopREO and PopRSP, which are specific appli-
cations of RSP and REO [300]. PopREO estimates the equal opportunity of items,
encouraging the true positive rate of popular and unpopular items to be the same.
PopRSP is a measure of statistical parity, assessing whether the ranking probability
distributions for popular and unpopular items are the same in a recommendation. For
both measures, lower values indicate that the recommendations are less biased.

Another factor that may impact fairness is the bias disparity, which represents the
degree to which a group’s preferences on various item categories fail to be reflected
in the recommendations they receive [47]. This disparity among users will degrade
users’ satisfaction, loyalty, and e�ectiveness of recommender system. In detail, in this
dissertation, we are sometimes interested in checking whether the recommendation list
deviate from the users’ original preferences towards di�erent item categories. In order
to do that, we measure the bias disparity defined in Mansoury et al. [172] considering
a unique group of users.
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Definition 13 (Bias disparity). Let {C1, . . . ,CP } a partition of I into P categories of
items. Then, the bias disparity on a category of items Ci is defined as:

BD(Ci) = BR(Ci)≠BT (Ci)
BT (Ci)

, (2.18)

where BT (Ci) is the source bias on category Ci, i.e., how much users were biased towards
category Ci in the training set, and BR(Ci) is the bias on Ci in recommendation lists.
In detail:

BT (Ci) =
q

uœU |Ci flI+,train
u |

q
uœU |I+,train

u |
1

|Ci|
|I|

, (2.19)

where the first term is the preference ratio of users on category Ci, and the denominator
of the second term is the ratio of item category Ci in the dataset. Analogously:

BR(Ci) =
q

uœU |Ci flLu|
q

uœU |Lu|
1

|Ci|
|I|

. (2.20)

Bias disparity shows positive or negative values if the recommender systems deviate
the users respectively towards or away from a certain category. Thus, the closer to 0,
the more the recommendation lists reflect the users’ behavior encoded in the data.



Chapter 3

ELLIOT a rigorous and robust
framework for Recommender
Systems evaluation

It has been demonstrated that recommender systems are an e�cient method to alleviate
the problem of having too many options to choose from and to provide accurate and
personalized recommendations. On the other hand, due to the extraordinary number
of recommendation algorithms, splitting strategies, evaluation protocols, metrics, and
tasks that have been proposed, rigorous experimental evaluation has proven to be
an especially di�cult endeavor. Because we were perplexed and frustrated by the
constant need to recreate relevant evaluation benchmarks, experimental pipelines,
hyperparameter optimization, and evaluation procedures, we decided to develop an
exhaustive framework to meet such needs. In this section we present Elliot, a
comprehensive recommendation framework that aims to run and reproduce an entire
experimental pipeline by processing a simple configuration file. This goal can be
accomplished through the use of the Elliot system. The data are loaded, filtered,
and divided by the framework while taking into consideration a very large number of
di�erent strategies (13 splitting methods and 8 filtering approaches, from temporal
training-test splitting to nested K-folds Cross-Validation). Elliot1 optimizes the
hyperparameters (51 strategies) for a number of di�erent recommendation algorithms
(more than 60 to date), selects the best models, compares them with the baselines
providing intra-model statistics, computes metrics (36 possible choices) spanning from

1https://github.com/sisinflab/elliot

https://github.com/sisinflab/elliot
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accuracy to beyond-accuracy, bias, and fairness, and conducts statistical analysis
(Wilcoxon and Paired t-test).

3.1 Introduction
In the last decade, Recommendation Systems (RSs) have gained momentum as the
pivotal choice for personalized decision-support systems. Recommendation is essentially
a retrieval task where a catalog of items is ranked and the top-scoring items are presented
to the user [143]. Once it was demonstrated their ability to provide personalized items
to clients, both Academia and Industry devoted their attention to RSs [28, 37, 163, 164].
This collective e�ort resulted in an impressive number of recommendation algorithms,
ranging from memory-based [221] to latent factor-based [66, 90, 140, 196], and deep
learning-based methods [156, 270]. At the same time, the RS research community
realized that focusing only on the accuracy of results could be detrimental and started
exploring beyond-accuracy evaluation [251]. The community became conscious that
accuracy was not su�cient to guarantee user satisfaction [177]. Novelty and diversity [51,
122, 250] came into play as new dimensions to be analyzed when comparing algorithms.
However, this was only the first step in the direction of a more comprehensive evaluation
of RSs. Indeed, more recently, the presence of biased [30, 298] and unfair [70, 79, 80]
recommendations towards user groups and item categories has been widely investigated.
This flourishing of metrics added several degrees of freedom to the recommendation
evaluation. Models and evaluation aspects notwithstanding, a researcher has many
other decisions to ponder. In fact, RSs have been widely studied and applied in various
domains and tasks, with di�erent (and often contradicting in their hypotheses) splitting
preprocessing strategies [49] fitting the specific scenario. Moreover, machine learning
(and recently also deep learning) techniques are prominent in algorithmic research and
require their hyperparameter optimization strategies and procedures [25, 248].

The abundance of possible choices generated much confusion about choosing the
correct baselines, conducting the hyperparameter optimization and the experimental
evaluation [214, 215], and reporting the details of the adopted procedure. Consequently,
two major concerns arose: unreproducible evaluation and unfair comparisons [236].
On the one hand, the negative e�ect of unfair comparisons is that various proposed
recommendation models have been compared with suboptimal baselines [69, 205].
On the other hand, in a recent study [69], it has been shown that only one-third of
the published experimental results are, in fact, reproducible. Moreover, providing
trained models, recommendation lists, and results to reviewers is impractical. The
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problem of reproducing the experiments recurs when the need to recompute the whole
set of experiments (e.g., the addition of a model) emerges. Whether or not it is
a new experiment, it opens the doors to another class of problems: the number of
possible design choices often imposes the researcher to define and implement only the
chosen setting. As a result, any variation imposes the implementation of other models,
experimental settings, and metrics.

Progressively, the RS community has welcomed the emergence of recommenda-
tion, evaluation, and even hyperparameter tuning frameworks [41, 78, 94, 236, 250].
However, facilitating reproducibility or extending the provided functionality would
typically depend on developing bash scripts or programming on whatever language
each framework is written. This, together with other issues mentioned before (e.g., too
specific experimental settings, small sets of algorithms or metrics) make most of these
frameworks not flexible enough in a fast moving environment such as RS research.

This work introduces Elliot, a novel kind of recommendation framework, to
overcome these obstacles. The framework analyzes the recommendation problem from
the researcher’s perspective. Indeed, Elliot conducts a whole experiment, from dataset
loading to results gathering. The core idea is to feed the system with a simple and
straightforward configuration file that drives the framework through the experimental
setting choices. Elliot untangles the complexity of combining splitting strategies,
hyperparameter model optimization, model training, and the generation of reports of
the experimental results. The rationale is to keep the entire experiment reproducible
and put the user (in our case, a researcher or RS developer) in control of the framework.
Elliot natively provides for widespread research evaluation features, like the analysis
of multiple cut-o�s and several RSs (50). According to the recommendation model, the
framework allows, to date, the choice among 27 similarities, the definition of multiple
neural architectures, and 51 hyperparameter tuning combined approaches, unleashing
the full potential of the HyperOpt library [41]. To enable the evaluation for the diverse
tasks and domains, Elliot supplies 36 metrics (including Accuracy, Error-based,
Coverage, Novelty, Diversity, Bias, and Fairness metrics), 13 splitting strategies, and 8
prefiltering policies. The framework can also measure to what extent the RS results
are significantly di�erent from each other, providing the paired t-test and Wilcoxon
statistical hypothesis tests. Finally, Elliot lets the researcher quickly build their
models and include them in the experiment.
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3.2 Related Works and Frameworks
RS evaluation is an active, ever-growing research topic related to reproducibility, which
is a cornerstone of the scientific process as identified by Konstan et al. [137]. Recently
researchers have taken a closer look at this problem, in particular because depending
on how well we evaluate and assess the e�cacy of a system, the significance and impact
of such results will increase.

Some researchers argue that to enhance reproducibility, and to facilitate fair com-
parisons between di�erent works (either frameworks, research papers, or published
artifacts), at least the following four stages must be identified within the evaluation
protocol [214]: data splitting, item recommendations, candidate item generation, and
performance measurement. In a recent work [35], these stages have been completed with
dataset collection and statistical testing. Some of these stages can be further categorized,
such as performance measurement, depending on the performance dimension to be
analyzed (e.g., ranking vs error, accuracy vs diversity, and so on).

In fact, the importance and relevance of the aforementioned stages have been
validated in recent works; however, even though most of the RS literature has been
focused on the impact of the item recommendation stage as an isolated component, this
is far from being the only driver that a�ects RS performance or the only component
impacting on its potential for reproducibility. In particular, Meng et al. [179] survey
recent works in the area and conclude that no standard splitting strategy exists, in
terms of random vs temporal splits; furthermore, the authors found that the selection
of the splitting strategy can have a strong impact on the results. Previously, Campos
et al. [49] categorized and experimented with several variations of random and temporal
splitting strategies, evidencing the same inconsistency in the results. Regarding the
candidate item generation, it was first shown [33] that di�erent strategies selecting the
candidate items to be ranked by the recommendation algorithm may produce results
that are orders of magnitude away from each other; this was later confirmed [214] in
the context of benchmarking recommendation frameworks. Recent works [143, 154]
evidenced that some of these strategies selecting the candidate items may introduce
inconsistent measurements which should, hence, not be trusted.

Finally, depending on the recommendation task and main goal of the RS, several
performance dimensions, sometimes contradicting, can be assessed. For a classical
overview of these dimensions, we refer the reader to Gunawardana et al. [98], where
metrics accounting for prediction accuracy, coverage, confidence, trust, novelty, diversity,
serendipity, and so on are defined and compared. However, to the best of our knowledge,
there is no public implementation providing more than one or two of these dimensions.
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Moreover, recently the community has considered additional dimensions such as bias
(in particular, popularity bias [1]) and fairness [80]. These dimensions are gaining
attention, and several metrics addressing di�erent subtleties are being proposed, but no
clear winner or standard definition emerged so far – as a consequence, the community
lacks an established implementation of these novel evaluation dimensions.

Reproducibility is the keystone of modern RSs research. Dacrema et al. [69] and Ren-
dle et al. [201] have recently raised the need of comprehensive and fair recommender
model evaluation. Their argument on the outperforming recommendation accuracy
of latent-factor models over deep-neural ones, when an extensive hyper-parameter
tuning was performed, made it essential the development of novel recommendation
frameworks. Starting from 2011, Mymedialite [94], LensKit [78, 82], LightFM [145],
RankSys [250], and Surprise [121], have formed the basic software for rapid prototyping
and testing of recommendation models, thanks to an easy-to-use model execution and
the implementation of standard accuracy, and beyond-accuracy, evaluation measures
and splitting techniques. However, the outstanding success and the community inter-
ests in deep learning (DL) recommendation models, raised need for novel instruments.
LibRec [99], Spotlight [146], and OpenRec [277] are the first open-source projects that
made DL-based recommenders available – with less than a dozen of available models
without filtering, splitting, and hyper-optimization tuning strategies. An important
step towards more exhaustive and up-to-date set of model implementations have been
released with RecQ [281], DeepRec [101], and Cornac [217] frameworks. However,
they do not provide a general tool for extensive experiments on the pre-elaboration
and the evaluation of a dataset. Indeed, after the reproducibility hype [69, 201],
DaisyRec [236] and RecBole [292] raised the bar of framework capabilities, making
available both large set of models, data filtering/splitting operations and, above all,
hyper-parameter tuning features. However, we found a significant gap in splitting
and filtering capabilities, in addition to a complete lack of two nowadays popular
(even critical) aspects of recommendation performance: biases and fairness. Reviewing
these related frameworks, emerged a striking lack of an open-source recommendation
framework able to perform by design an extensive set of pre-elaboration operations, to
support several hyperparameters optimization strategies and multiple sets of evaluation
measures, which include bias and fairness ones, supported by statistical significance
tests – a feature absent in other frameworks (as of February 2021). Elliot meets all
these needs. Table 3.1, table 3.2, and table 3.3 give an overview of the frameworks and
to which extent they satisfy the mentioned requirements 2.

2Statistics available in these tables are updated to the beginning of March 2022
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Table 3.3 Overview of the Elliot and related frameworks functionalities for evaluation step.
EVALUATION OF RECOMMENDATION PERFORMANCE

Metric Families Stat.
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LensKit Java [82] 2 2 1 1 6 0
Mymedialite [94] 6 2 8 0
RankSys [250] 7 3 6 18 34 0
LibRec [99] 6 4 10 0
Implicit [87] 0 0
OpenRec [277] 4 4 0
RecQ [281] 6 2 8 0
DeepRec [101] 6 2 8 0
LensKit Python [78] 4 2 6 0
Surprise [121] 4 4 0
Cornac [217] 8 3 11 0
RecBole [292] 8 3 11 0
DaisyRec [236] 8 8 0
Elliot 11 3 3 2 3 10 4 36 X X 2

Fig. 3.1 Overview of Elliot.

3.3 Framework details
Elliot is an extensible framework composed of eight functional modules, each of
them responsible for a specific step of an experimental recommendation process. What
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happens under the hood (Figure 3.1) is transparent to the user, who is only expected to
provide human-level experimental flow details using a customizable configuration file.
Accordingly, Elliot builds the overall pipeline. The following sections deepen into the
details of the eight Elliot’s modules and outline the preparation of a configuration
file.

3.3.1 Data Preprocessing

The data module is devoted to handle and manage the input of the experiment, e.g., the
user-item rating matrix. Elliot supports two types of data inputs: standard user-item
preference scores, e.g., ratings and users, and items side information, e.g., movie genres.
After the loading stage, the input data go through two modules: filtering and splitting.
For instance, the former can drop o�cold users— users with less than k-feedback— the
latter can split the dataset in training, validation, and test by specifying the splitting
ratios, e.g., 8:1:1. Next, we provide mode details on the Elliot loading, filtering, and
splitting modules.
Loading. As stated before, RSs experiments could require multiple data sources such
as user-item feedback, e.g., ratings, or additional side information, e.g., the visual
features of items’ images. The framework provides a dedicated module to manage the
data loading to fulfill these requirements, referred to as DataLoader (DL). DL loads the
standard user-item interaction files as wither a single file to be filtered and split later
or already pre-elaborated ones, e.g., the system user might pre-filter and split the data
with custom procedures. Users and items additional data handling is performed by
data-driven extension of DL. For instance, the VisualDataLoader performs the loading
of item visual features, e.g., extracted by a convolutional neural network, to build
visually-aware recommender models [57, 134]. Besides, the KnwoladgeDataLoader

manages semantic features extracted from knowledge graphs to be integrated into
knowledge-aware recommenders [26]. Note that, in the case of recommender models
that utilize side information, the DataLoader will filter out all the users and items
without it, e.g., an item will be filtered out if it is missing its visual feature in the case
of experiments involving visual recommenders.
Prefiltering. After the loading of data, Elliot provides data-filter operations. We
will refer to this framework feature as DataFilter (DF). DF makes available two
filtering strategies: filter-by rating threshold (Rating Thld.) and k-core filtering.
Rating Thld. drops o�a user-item interaction if the rating/preference score is smaller
than the threshold (t). It is possible to set t specifying (i) a Numerical value, e.g.,
3.5, (ii) a Distributional detail, e.g., global rating average value, and (iii) a user-
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based distributional (Dist-User) values, e.g., user’s average rating value. The k-core

strategy filters out the users and/or items will less than k recorded interactions. It
can be specified whether the filtering is employed on either or both of User and Item

by optionally specifying to iterate (Iterative) until the k-core filtering is achieved,
e.g., all the users and items have at least k recorded interaction. Since the reaching of
the k-core conditions might be intractable, there are not cases where users and items
have at least k recorded, Elliot allows to specify the maximum number of iterations
(Iter-n-rounds), e.g., n = 10. Finally, the system users could also specify to filter
out, or not, the cold-users by choosing the Cold-Users filtering feature.
Splitting. If needed, the data is served to the Splitting module. In detail, Elliot
provides (i) Temporal, (ii) Random, and (iii) Fix strategies. The Temporal strategy
splits the user-item interactions based on the transaction timestamp, i.e., fixing the
timestamp, finding the optimal one [27, 36], or adopting a hold-out (HO) mechanism.
The Random strategy includes hold-out (HO), K-repeated hold-out (K-HO), and
cross-validation (CV ). Table 3.1 provides further configuration details. Finally, the
Fix strategy exploits a precomputed splitting.

3.3.2 Recommendation Models

fter data loading and pre-elaborations, Recommendation module (Figure 3.1) provides
the functionalities to train (and restore) the Elliot recommendation models and the
new ones integrated by users.
Implemented Models. Elliot integrates, to date, more than 50 recommendation
models (see Table 3.2) partitioned into two sets. The first set includes 38 popular
models implemented in at least two of frameworks reviewed in this work (i.e., adopting
a framework-wise popularity notion). Table 3.2 shows that Elliot is the frame-
work covering the largest number of popular models, with 30 models out of 38, i.e.,
79%. The second set comprises other well-known state-of-the-art recommendation
models implemented in less than two frameworks, namely, BPRSLIM [184], Con-
vNCF [110], NPR [185], MultiDAE [156], and NAIS [112], graph-learning based, i.e.,
NGCF [261], and LightGCN [109], visual-based, i.e., VBPR [107], DeepStyle [161],
DVBPR [134], ACF [57], and VNPR [185], adversarial-robust, i.e., APR [111] and
AMR [239], generative adversarial network (GAN)-based, i.e., IRGAN [257] and CF-
GAN [52], content-aware, i.e., Attribute-I-kNN and -U-kNN [94], VSM [23, 187], Wide
& Deep [60], and KaHFM [26] recommenders.
Hyper-parameter Tuning. Hyperparameter tuning is an ingredient of the recom-
mendation model training that definitely influences its performance [201]. Elliot



3.3 Framework details 33

provides Grid Search, Simulated Annealing, Bayesian Optimization, and Random Search
strategies. Furthermore, Elliot allows performing four traversing strategies across
the search space defined in each recommendation model configuration. When the user
details the possible hyperparameters (as a list) without specifying a search strategy,
Elliot automatically performs an exhaustive Grid Search. Besides the Grid Search,
Elliot exploits the full potential of the HyperOpt [41] library, considering all its
sampling strategies. Table 3.1 summarizes the available Search Strategies and Search
Spaces.

3.3.3 Performance Evaluation

After the training phase, Elliot continues its operations, evaluating recommendations.
Figure 3.1 indicates this phase with two distinct evaluation modules: Metrics and
Statistical Tests.
Metrics. As shown in Table 3.3, 36 evaluation metrics are available in Elliot
partitioned into seven families: Accuracy [223, 294], Error, Coverage, Novelty [251],
Diversity [282], Bias [5, 6, 245, 279, 300], and Fairness [70, 299]. It is worth mentioning
that Elliot is the framework that exposes both the largest number of metrics and
the only one considering bias and fairness measures. Moreover, the user can choose
any metric to drive the model selection and the tuning. Furthermore, it can be seen
that Elliot is the model that exposes both the largest number o metrics and the only
one considering the biases and fairness measures. Here, it is fundamental to mention
that it is possible to specify one of these measures as the validation metric used to find
the best parameters configuration during the hyper-optimization procedure. The best
configuration is used by Elliot as the model from which extracts the recommendation
lists and eventually performs the statistical test detailed below.
Statistical Tests As shown in Figure 3.1, Statistical Tests is the last optional module
of Elliot before the Output module described in the following section. Table 3.3 shows
that the reviewed related frameworks completely miss any statistical test procedure to
support the experimental results statistically. In detail, Elliot brings the opportunity
to compute two statistical tests, i.e., Paired t-Test and Wilcoxon. The test is
performed between each pair of models, or best-tuned models, in the recommender
models’ set defined by the user using Elliot. Particularly, the Statistical Tests module
activation involves only the activation of a flag in the configuration file.



34 ELLIOT a rigorous and robust framework for Recommender Systems evaluation

3.3.4 Framework Outcomes

The last Elliot module deals with storing the output of the whole configured experi-
ment. Elliot comes with a set of preconfigured output files which we expect to meet
all users’ requirements. In the following, we briefly survey the details of the files stored
by Elliot.

Elliot gives the possibility to store three classes of output reports: (i) Performance
Tables, (ii) Model Weights, and (iii) Recommendation Lists. The former consist of
spreadsheets (in a tab-separated-value format) with all the metric values computed
on the test set for every recommendation model specified in the configuration file.
The tables comprise cut-o�specific and model-specific tables (i.e., considering each
combination of the explored parameters). The user can also choose to store tables with
the triple format, i.e., <Model, Metric, Value>. Tables also include cut-o�-specific
statistical hypothesis tests and a JSON file that summarizes the best model parameters.
Optionally, Elliot saves model weights to avoid future re-training of the recommender.
Finally, Elliot stores the top-k recommendation lists for each model adopting a
tab-separated <User, Item, Predicted Score> triple-based format.

3.3.5 Preparation of the Experiment

The operation of Elliot is triggered by a single configuration file written in YAML.
Configuration 3.1 shows a toy example of a configuration file. The file sections reflect
module colors in Figure 3.1 to ease the understanding. The first section details the data
loading, filtering, and splitting information as defined in Section 3.3.1. The models

section represents the recommendation models configuration, e.g., Item-kNN, described
in Section 3.3.2. Here, the model-specific hyperparameter optimization strategies are
specified, e.g., the grid-search in Configuration 3.1. The evaluation section details the
evaluation strategy with the desired metrics, e.g., nDCG in the toy example. Finally,
save_recs and top_k keys detail, for example, the Output module abilities described
in Section 3.3.4. It is worth noticing that, to the best of our knowledge, Elliot is the
only framework able to run an extensive set of reproducible experiments by merely
preparing a single configuration file. The next section exemplifies two real experimental
scenarios commenting on the salient parts of the configuration files.
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Listing 3.1 hello_world.yml

experiment:

dataset: movielens_1m

data_config:

strategy: dataset

dataset_path: ../data/movielens_1m/dataset.tsv

splitting:

test_splitting:

strategy: random_subsampling

test_ratio: 0.2

models:

ItemKNN:

meta:

hyper_opt_alg: grid

save_recs: True

neighbors: [50, 100]

similarity: cosine

evaluation:

simple_metrics: [nDCG]

top_k: 10

3.4 Experimental Scenarios
This section illustrates how to prepare, execute and evaluate two comprehensive
experimental scenarios with Elliot for a basic and a more complex experimental
setting.

3.4.1 Basic Configuration

Experiment. In the first scenario, the experiments require comparing a group of RSs
whose parameters are optimized via a grid-search. Configuration 3.2 specifies the data
loading information, i.e., semantic features source files, in addition to the filtering and
splitting strategies. In particular, the latter supplies an entirely automated way of
preprocessing the dataset, which is often a time-consuming and non-easily-reproducible
phase. The simple_metrics field allows computing accuracy and beyond-accuracy
metrics, with two top-k cut-o�values (5 and 10) by merely inserting the list of desired
measures, e.g., [Precision, nDCG, ...]. The knowledge-aware recommendation
model, AttributeItemKNN, is compared against two baselines: Random and ItemKNN,
along with a user-implemented model that is external.MostPop. The configuration
makes use of Elliot’s feature of conducting a grid search-based hyperparameter
optimization strategy by merely passing a list of possible hyperparameter values,
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Listing 3.2 basic_configuration.yml

experiment:

dataset: cat_dbpedia_movielens_1m

data_config:

strategy: dataset

dataloader: KnowledgeChainsLoader

dataset_path: <...>/dataset.tsv

side_information:

<...>

prefiltering:

strategy: user_average

splitting:

test_splitting:

strategy: temporal_hold_out

test_ratio: 0.2

<...>

external_models_path: ../external/models/__init__.py

models:

Random:

<...>

external.MostPop:

<...>

AttributeItemKNN:

neighbors: [50, 70, 100]

similarity: [braycurtis, manhattan]

<...>

evaluation:

cutoffs: [10, 5]

evaluation: [nDCG, Precision, ItemCoverage, EPC, Gini]

relevance_threshold: 1

top_k: 50

github.com/sisinflab/elliot/blob/master/config_files/basic_configuration.yml

e.g., neighbors: [50, 70, 100]. The reported models are selected according to
nDCG@10.
Results. Table 3.4 displays a portion of experimental results generated by feeding
Elliot with the configuration file. The table reports four metric values computed
on recommendation lists at cuto�s 5 and 10 generated by the models selected after
the hyperparameter tuning phase. For instance, Attribute-I-kNN model reports values
for the configuration with neighbors set to 100 and similarity set to braycurtis.
Table 3.4 confirms some common findings: the item coverage value (ICov@10) of an
Attribute-I-kNN model is higher than the one measured on I-kNN, and I-kNN is the
most accurate model.

github.com/sisinflab/elliot/blob/master/config_files/basic_configuration.yml
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Table 3.4 Experimental results for Configuration 3.2.
Model nDCG@5 ICov@5 nDCG@10 ICov@10
Random 0.0098 3197 0.0056 3197
MostPop 0.0699 68 0.0728 96
I-kNN 0.0791 448 0.0837 710
Attribute-I-kNN 0.0464 1575 0.0485 2102

3.4.2 Advanced Configuration

Experiment. The second scenario depicts a more complex experimental setting.
In Configuration 3.3, the user specifies an elaborate data splitting strategy, i.e.,
random_subsampling (for test splitting) and random_cross_validation (for model
selection), by setting few splitting configuration fields. Configuration 3.3 does not
provide a cut-o�value, and thus a top- k field value of 50 is assumed as the cut-o�.
Moreover, the evaluation section includes the UserMADrating metric. Elliot considers
it as a complex metric since it requires additional arguments (as shown in Configura-
tion 3.3). The user also wants to implement a more advanced hyperparameter tuning
optimization. For instance, regarding NeuMF, Bayesian optimization using Tree of
Parzen Estimators [39] is required (i.e., hyper_opt_alg: tpe) with a logarithmic
uniform sampling for the learning rate search space. Moreover, Elliot allows consider-
ing complex neural architecture search spaces by inserting lists of tuples. For instance,
(32, 16, 8) indicates that the neural network consists of three hidden layers with 32,
16, and 8 units, respectively.
Results. Table 3.5 provides a summary of the experimental results obtained feeding
Elliot with Configuration 3.3. Even here, the columns report the values for all
the considered metrics (simple and complex metrics). Configuration 3.3 also requires
statistical hypothesis tests. Therefore, the table reports the Wilcoxon-test outcome
(computed on pairs of models with their best configuration).

Table 3.5 Experimental results for Configuration 3.3.
Model nDCG@50 ARP@50 ACLT@50 UMADH@50
BPRMF 0.2390 1096 0.0420 0.0516
NeuMF 0.2585 919 0.8616 0.0032
MultiVAE 0.2922† 755† 3.2871† 0.1588
†p-value Æ 0.001 using Wilcoxon-test
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3.5 Summary
Elliot is a framework that examines the recommendation process from an RS re-
searcher’s perspective. It requires the user just to compile a flexible configuration
file to conduct a rigorous and reproducible experimental evaluation. The framework
provides several loading, prefiltering, splitting, hyperparameter optimization strategies,
recommendation models, and statistical hypothesis tests. Elliot reports can be
directly analyzed and inserted into research papers. We reviewed the RS evaluation
literature, positioning Elliot among the existing frameworks, and highlighting its
advantages and limitations. Next, we explored the framework architecture and how
to build a working (and reproducible) experimental benchmark. To the best of our
knowledge, Elliot is the first recommendation framework that provides a full multi-
recommender experimental pipeline based on a simple configuration file. We plan
to extend soon Elliot in various directions to include: sequential recommendation
scenarios, adversarial attacks, reinforcement learning-based recommendation systems,
di�erential privacy facilities, sampled evaluation, and distributed recommendation.
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Listing 3.3 advanced_configuration.yml

experiment:

dataset: movielens_1m

data_config:

strategy: dataset

dataset_path: <...>/dataset.tsv

prefiltering:

strategy: iterative_k_core

core: 10

splitting:

test_splitting:

strategy: random_subsampling

test_ratio: 0.2

validation_splitting:

strategy: random_cross_validation

folds: 5

models:

BPRMF:

<...>

NeuMF:

meta:

hyper_max_evals: 5

hyper_opt_alg: tpe

lr: [loguniform, -10, -1]

mf_factors: [quniform, 8, 32, 1]

mlp_hidden_size: [(32, 16, 8), (64, 32, 16)]

<...>

MultiVAE:

<...>

evaluation:

simple_metrics: [nDCG, ARP, ACLT]

wilcoxon_test: True

complex_metrics:

- metric: UserMADrating

clustering_name: Happiness

clustering_file: <...>/u_happy.tsv

relevance_threshold: 1

top_k: 50

github.com/sisinflab/elliot/blob/master/config_files/advanced_configuration.yml

github.com/sisinflab/elliot/blob/master/config_files/advanced_configuration.yml




Chapter 4

Reproducibility analysis on
State-Of-The-Art Collaborative
Filtering models

Research on RSs algorithms, much like research in other fields of applied machine
learning, is primarily driven by attempts to enhance the state-of-the-art, most often in
terms of accuracy measurements. However, some recent research studies reveal that
the purported advances that have been made over the years frequently "don’t add up",
and that approaches that were published several years ago often perform better than
the most current models when they are independently reviewed. Several variables,
including the fact that some researchers presumably just fine-tune their own models
and do not adjust the baselines, contribute to this issue.

The contribution of this chapter is twofold: on the one hand, we will show how
it is possible to correctly replicate an experiment with the Elliot framework when
the set-up is clear and well-defined. On the other hand, we will carefully study the
performance of the major RSs, belonging to the CF family, which currently represent
the state of the art for this research area. In addition, we will integrate an analysis on
novelty/diversity and bias/fairness measures in both of these study phases. Through
this investigation we will verify how often there is no clear predominance of neural
network-based models. Furthermore, we can confirm that there is no absolute ranking
of recommendation algorithms for all case histories, but the ranking varies according
to the metrics and dataset under investigation. However, what we can see is how
traditional matrix factorization, linear models, and nearest neighbor-based models
often dominate the leaderboard across datasets and metrics.
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4.1 Introduction
In today’s world, recommender systems are becoming more common in online applica-
tions. These systems are designed to assist users in discovering valuable information
when approached with an overwhelming amount of data. Research in this area is
thriving as a result of the high practical significance of such systems, notably in the
fundamental machine learning (ML) techniques required to develop individualized
item recommendations. O�ine experimentation, in which the predictive or ranking
accuracy of several machine learning models is evaluated, has been the technique of
choice in recent years. The common objective of these types of research projects is to
advance the "state of the art," and proof is then o�ered by reporting improvements
over previously established models that were acquired in those studies.

Unfortunately, a number of recent research works published in the field of recom-
mender systems and other related areas of applied ML research, such as information
retrieval, indicate that some of these improvements that have been reported over the
years "don’t add up" [29]. Ferrari Dacrema et al. [85] for example, compares a number
of recently developed "top-n" recommendation models against models developed in
the past, which are often more straightforward. Since a result of their research, they
discovered that a significant portion of the improvement that has been claimed seems
to be simply "virtual," as the most recent models are nearly always surpassed by
approaches that have already been developed (for a similar study, see also Rendle et al.
[199]). This puzzling occurrence may have been caused by a number of factors, such as
the selection of baselines that are (insu�ciently) weak ([150, 157]) or the absence of
baselines that have not been tuned appropriately. In addition, it often turns out that
there is no obvious winner across datasets and accuracy metrics when such assessments
are conducted independently, which means that they are not carried out by the authors
of the techniques that are being compared. Given that the ranking of algorithms
appears to depend on the particular experimental configuration in terms of baselines,
accuracy measures, or datasets, it is still unclear what exactly represents the actual
state-of-the-art in this field. Consequently, it is still unclear what constitutes the actual
state-of-the-art in this field.

Our goal is to provide insights regarding what represents the state-of-the-art for
"top-n" recommendation tasks, at least for those experimental settings that are common
in the recent literature. Specifically, our focus will be on evaluating the performance
of a number of di�erent methods. Similar to what was done in Ferrari Dacrema
et al. [85], we take into account a wide variety of collaborative filtering algorithms.
These algorithms include both more traditional approaches based on nearest-neighbors,
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various approaches to matrix factorization, linear models, as well as more contemporary
methods based on deep learning. In contrast to earlier evaluations such as Ferrari
Dacrema et al. [85], however, we benchmarked all of the algorithms under the exact same
experimental conditions, that is, with the same datasets and utilizing the exact same
evaluation protocol. This was done after methodically adjusting the hyperparameters
of each model to achieve their highest level of e�ciency.

The results of our studies indicate that none of the two latest neural approaches
was the algorithm with the greatest performance in any of the scenarios that were
taken into consideration. In addition, the ranking of the algorithms di�ers among
datasets and assessment metrics, which is to be anticipated based on the research that
has been done. We were caught o�guard when we saw that linear models, closest
neighbors, and classical matrix factorization are at the top of the leaderboard for all of
the datasets and performance measures that we looked at. As a result of this, one of
the takeaways from our study is that the non-neural approaches that ranked highest
in our analysis should be taken into consideration as baselines in any future research
conducted on recommendation algorithms.

It is important to point out that the datasets that were utilized in our studies were
selected on the basis of the standard procedure that is currently being followed in
the academic literature. However, in our opinion, these datasets are on the smaller
side, and it is possible that bigger datasets will provide a di�erent set of findings. Our
current study, which intends to give insights on the state-of-the-art in regularly used
assessment settings, does not concentrate on doing an analysis of this kind, however;
rather, its primary objective is to do so. However, with this study, we present a
collection of models that are fine-tuned for these typical datasets. As a result, the
amount of e�ort that other researchers need to put in to adjust these baselines for
their own studies is reduced. Our comprehension of the current state of the art in this
field will be continually expanded as a result of our plans to produce fine-tuned models
in the future that are also applicable to bigger datasets.

The starting point of this contribution is comparing Neural Networks (NNs) tech-
niques against classical personalized algorithms — mostly matrix factorization or
nearest neighbors —, emphasizing the lack of well-tuned baselines or incorrect, incom-
plete, or even unfair experimental conditions evidenced in the literature. Nonetheless,
while these conclusions are useful to move forward on understanding when NNs should
be applied in recommendation, they neglect evaluation dimensions that are important
in the RS community, such as diversity, novelty, coverage, and so on [98], since most of
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the authors have focused, so far, on the precision/accuracy of the recommended items
produced by those methods.

In this context, we aim to bridge this gap and compare NNs against classical RSs
under several evaluation dimensions. With this goal in mind, we focus on a recent
paper [200] where the authors showed how proper hyperparameter selection could make
simple operations like a dot product outperform similarity learning through NNs. In this
respect, we have the following two main goals: first, replicating the aforementioned
paper, since it has a salient characteristic where the authors used in their tables results
from other papers (claiming they used comparable evaluation settings and tuning,
something that too often is not true as it is di�cult to do properly [214]); once we
are able to replicate these results, we reproduce them under di�erent situations. In
particular, we report beyond-accuracy evaluation metrics, to explore the extent these
methods behave on complementary dimensions they have not been optimised for, or
whose results have not been reported.

4.2 Replication of prior experiments: settings and
results

This section focuses on describing how the replication of the experiments from pa-
pers Dacrema et al. [68], He et al. [113], and Rendle et al. [200] has been set up. It
starts by defining the background of the recommendation problem and later reviews
Matrix Factorization and Neural Collaborative Filtering approaches. Following this
first part, the evaluation protocol applied to compare Neural Collaborative Filtering
(NCF) and Matrix Factorization (MF) against the baselines in their respective works
is contextualized.

4.2.1 Background and Formulation

The notation used herein is summarised as follows. Matrices are denoted by uppercase
letters A, vectors by lowercase bold letters b, scalars by lowercase letters a. We denote
the concatenation of the vectors b and c by [b,c]. Let there be a pool of users (U)
to recommend to and a catalog of items (I) to recommend from. A recommendation
algorithm returns a score for a given user-item pair that corresponds to the estimated
degree of satisfaction for the user enjoying that item. In this work we focus on a specific
kind of recommendation algorithms, where two d-dimensional embedding vectors, p

and q, are combined into a single score. Conventionally, p represents the embedding of
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a user, q the embedding of an item, and „(p,q) („ : Rd ◊Rd æ R) the similarity of the
user to the item.

Matrix Factorization (MF) is a famous and classical example of model-based
Collaborative Filtering methods [140]. The algorithm learns a latent representation
of items and users, whose linear interactions aim to explain the observed feedback.
There are several variations of MF proposed in the literature, and a comprehensive
review would deserve a specific study that is out of the scope of this work. However,
to provide the reader an intuition of how much the factorization strategy has been
disruptive in recent years, we briefly review the works that are, in our humble opinion,
the most representative or the ones that can show the myriad of possible applications
of factorization models.

The first examples of factorization models were soon recognized as state-of-the-art
models. Among these pioneering works, there could be found SVD [140], PureSVD [66],
SVD++ [139], PMF [218, 219], NNMF [166], and SLIM [184]. Among the several
methods on matrix factorization, Rendle’s work has heavily influenced the evolution
of the factorization models (e.g., PITF [204], FPMC [198]). In detail, BPR-MF [197]
deserves particular attention because it boosted the MF research, and it is still consid-
ered as a state-of-the-art model. For completeness, Rendle also proposed Factorization
Machines [196] that generalize the factorization approach. The biggest criticism of
MF approaches, however, lies in their linearity. To address this concern, a recently
popularized trend in the community of recommender systems is using deep neural
architectures with deep neural networks that can model the non-linearity in data
through nonlinear activation functions. In this respect, Neural Collaborative Filter-
ing [113] and Neural Factorization Machines [108] have been recently proposed to
overcome the inability of MF to capture non-linearities. Furthermore, Attentional Fac-
torization Machines [273] use an attention network to learn the importance of feature
interactions. Factorization models have been specialized for a variety of tasks such as
Active-Learning [297], Context-aware [131], Cross-domain [84], Knowledge-aware [24,
26], and even explainable [290] recommendation.

In particular, Neural Collaborative Filtering [113] is one of the most representative
recommendation approaches, which aims to estimate unknown user-item preference
scores by exploiting deep neural networks [288]. Since Artificial Neural Networks
(NNs) can approximate any continuous function on a compact set as long as the ANN
has enough hidden states [67], He et al. [113] propose to exploit NNs to learn the
a�nity between p and q. Let �(·) be the transformation function of the deep neural
network defined as � : Rdim(p)+dim(q) æ Rd, He et al. propose to concatenate the two
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embeddings and predict the score as follows:

Â
MLP(p,q) :=�([ p,q]). (4.1)

Additionally, He et al. defines a generalized matrix factorization model, in which p and
q are combined using element-wise multiplication (§):

Â
GMF(p,q) := p§q, (4.2)

Finally, He et al. propose a comprehensive model, named NeuMF, that combines the
two previous approaches together:

Â
NeuMF(p,q) := Â

MLP(p,q)+Â
GMF(pÕ

,qÕ), (4.3)

where the prime symbol (Õ) suggests that those embeddings might have a di�erent size
and are, in fact, di�erent from the former ones. Finally, a careful reader may have
noticed that Â has an output dimension of d. This is correct, since He et al. applies a
final prediction layer on top of them:

„
NCF := ‡(W ·Â(p,q)) (4.4)

where ‡ is an activation function, and W is an additional weight matrix that is learned
along with the other model parameters.

More recently, Rendle et al. [200] define the embeddings as model parameters, and
the a�nity between p and q is modeled by means of a dot product:

„
dot(p,q) := bg + bp + bq +

dÿ

f=1
pf qf , (4.5)

where gb, bp, and bq denote the global, user, and item bias, respectively. In this way,
[200] presents a direct comparison between NNs and MF by changing the underlying
operation between the embeddings, while keeping everything else comparable.

4.2.2 Settings

Although this study involves the replication of the results from three di�erent studies,
this paper mainly aims to replicate the results from Rendle et al. [200]. In Rendle
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et al., the authors retrieve the already split datasets from the original NCF repository1.
Specifically, He et al. [113] provide a split version of MovieLens and Pinterest. To
split these well-known datasets, the authors adopt a temporal leave-one-out policy,
moving the last user interaction into the test set. Furthermore, they binarize MovieLens

to make the two datasets coherent with implicit feedback. Finally, they evaluate the
methods on a shortlist of 101 candidate items for each user. This list comprises one
relevant item (i.e., the transaction in the test set) and 100 negative items randomly
sampled from not consumed items. In He et al. [113] and Rendle et al. [200], the
authors evaluate the performance on top-10 recommendation lists computing Hit-Rate
(HR) and Normalized Discounted Cumulative Gain (nDCG). The first estimates how
many users have the withheld item in the top-10. The second measures the capability
of the methods to rank the relevant item. In the following, the formulation of nDCG as
presented in Krichene et al. [143] is adopted since it is the same one adopted in Rendle
et al. [200]. Moreover, He et al. [113] and Rendle et al. [200] select the best models, for
each recommendation system, according to HR@10. In this paper, the model selection
follows the same strategy.

The present study involved the implementation of seven recommendation methods.
MF implementation was designed accordingly to Rendle et al. [200] (also provided
as a public repository2). Regarding NeuMF, the implementation refers to He et al.
[113]. Finally, for the five remaining baselines, the implementation refers to Dacrema
et al. [68] since it is the source for some of the results reported in Rendle et al.
[200]. More specifically, the five implemented baselines are Slim [184], iALS [119],
PureSVD [66], EASER [231], and RP3

— [190]. According to the investigation provided by
the authors [68], we replicate the baseline training exploiting the best hyperparameters
found in the additional material3.

4.2.3 Results

The first set of experiments aims to replicate Table 1 from Rendle et al. [200]. In
that table, the authors compare Neural Matrix Factorization (NeuMF) and MF with
a shortlist of baselines: Popularity, SLIM, and iALS. In detail, the authors report
from Dacrema et al. [68] the results for Popularity, SLIM, NeuMF, and iALS. Instead,
MF is trained using the publicly available implementation they provide. Overall, this

1https://github.com/hexiangnan/neural_collaborative_filtering
2https://github.com/google-research/google-research/tree/master/dot_vs_

learned_similarity
3https://github.com/MaurizioFD/RecSys2019_DeepLearning_Evaluation/blob/

master/DL_Evaluation_TOIS_Additional_material.pdf

https://github.com/hexiangnan/neural_collaborative_filtering
https://github.com/google-research/google-research/tree/master/dot_vs_learned_similarity
https://github.com/google-research/google-research/tree/master/dot_vs_learned_similarity
https://github.com/MaurizioFD/RecSys2019_DeepLearning_Evaluation/blob/master/DL_Evaluation_TOIS_Additional_material.pdf
https://github.com/MaurizioFD/RecSys2019_DeepLearning_Evaluation/blob/master/DL_Evaluation_TOIS_Additional_material.pdf
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Table 4.1 Comparison of NeuMF and MF with various baselines with cuto�@10. The table
replicates (and compare with) the results from Dacrema et al. [68] and Rendle et al. [200].
The best results are highlighted in bold, the second best results is underlined. The columns
with the � symbol indicate the absolute variation (for each metric) between the values of
the experiments reproduced and those reported in the articles by Dacrema et al. [68] and
Rendle et al. [200].
Algorithms MovieLens MovieLens [68, 200] � MovieLens Pinterest Pinterest [68, 200] � Pinterest

nDCG HR nDCG HR nDCG HR nDCG HR nDCG HR nDCG HR
MostPop 0.2542 0.4535 0.2543 0.4535 ≠1 ·10≠04 0 0.1410 0.2743 0.1409 0.2740 1 ·10≠04 3 ·10≠04

SLIM 0.4480 0.7164 0.4468 0.7162 1.2 ·10≠03 2 ·10≠04 0.5615 0.8696 0.5601 0.8679 1.4 ·10≠03 1.7 ·10≠03

iALS 0.4385 0.7123 0.4383 0.7111 2 ·10≠04 1.2 ·10≠03 0.5587 0.8766 0.5590 0.8762 3 ·10≠04 4 ·10≠04

NeuMF 0.4211 0.6952 0.4349 0.7093 ≠1.38 ·10≠02 ≠1.41 ·10≠02 0.5480 0.8704 0.5576 0.8777 ≠9.6 ·10≠03 ≠7.3 ·10≠03

MF 0.4545 0.7310 0.4523 0.7294 2.2 ·10≠03 1.6 ·10≠03 0.5776 0.8898 0.5794 0.8895 1.8 ·10≠04 3 ·10≠04

EASER 0.4494 0.7192 0.4494 0.7192 0 0 0.5605 0.8684 0.5604 0.8684 0 0
RP3

— 0.4011 0.6758 0.4011 0.6758 0 0 0.5685 0.8796 0.5685 0.8796 0 0
PureSVD 0.4299 0.6926 0.4303 0.6937 ≠4 ·10≠04 ≠1.1 ·10≠03 0.5233 0.8261 0.5241 0.8268 ≠8 ·10≠04 ≠7 ·10≠04

table questions the prominence of NeuMF and shows the high performance achieved
by MF.

Hence, Table 4.1 replicates and extends the results provided in Table 1 from Rendle et
al. [200]. In this study, all the recommendation algorithms have been retrained according
to the best hyperparameters provided in Dacrema et al. [68]. Specifically, Table 4.1
reports HR and nDCG values for MovieLens and Pinterest datasets, respectively.
The careful reader may have noticed that, for each dataset, both replicated and original
results are reported. Original results columns are marked with references to the source
papers. Dacrema et al. [68] also consider other recommendation algorithms. Interested
in a more comprehensive comparison, we have selected EASER, RP3

—, and PureSVD
for further replication. Finally, since Dacrema et al. [68] do not consider Matrix
Factorization, no confusion arises regarding the origin of the results. Interestingly,
Table 4.1 further confirms the findings of the original experiments showing that MF
consistently overcomes the other baselines. It is worth mentioning how well the new
experiments approximate the original ones.

Nonetheless, Rendle et al. [200] clearly state, in Table 1, that MF results are reported
from (their) Figure 2. That figure compares MF, Learned Similarity (MLP), NeuMF,
and pretrained NeuMF, considering di�erent embedding sizes. However, the results
reported from Rendle et al. (except for MF) are from He et al. [113]. Therefore, to
conduct a thorough replication, we herein replicate some pivotal experiments reported
in that figure. In detail, we have decided to replicate six MF experiments (three
embedding sizes for each dataset) and eight NeuMF experiments (four embedding sizes
for each dataset). For MF, we considered 32, 128, and 192 as embedding sizes. For
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NeuMF, we considered 24, 48, 96, and 192 as embedding sizes (according to Appendix
3 from Rendle et al. [200]).

Thus, Figure 4.1 reports the original values from He et al. [113] regarding Learned
Similarity (MLP) and pretrained NeuMF and reports our replicated experiments’
results for MF and NeuMF. It is noteworthy mentioning that our MF experiments
overlap with Rendle et al. showing that the MF curves dominate the others. However,
the NeuMF curve shows di�erent behavior from He et al. It is even more interesting
to notice that the NeuMF experiment with 48 as the embedding size is also reported
by Dacrema et al. [68], and the results are very close to ours.

Reviewing Pinterest results, MF confirms to be the best model in terms of HR
and nDCG. Even in this context, NeuMF never overcomes the MF models. Actually,
NeuMF reaches the best performance in terms of HR and nDCG for the NeuMF model
with a number of factors equal to 16, according to the findings provided by Dacrema
et al. [68]. Nonetheless, increasing that number of factors, we witness a performance
decrease: both HR and nDCG decrease as the number of factors increases. Furthermore,
Table 4.1 reports the overall results for the methods involved in the investigation. These
outcomes confirm the evidence shown by Rendle et al. [200]: also other MF-based
methods, like SLIM and iALS, outperform NeuMF. Beyond MF, also EASER provides
a very notable performance. PureSVD behaves similarly to NeuMF. Finally, RP3

—

does not appear competitive as the other models in the investigation: its performance
is consistently worse than the others. All these findings further confirm the results
provided in Dacrema et al. [68]. Another finding (from Dacrema et al. [68]) the careful
reader can rediscover in our experiments is the RP3

— performance on the Pinterest

dataset: although MF again demonstrates its higher accuracy, RP3
— demonstrates

competitive performance overcoming all the remaining baselines. Overall, the general
take-home message of Dacrema et al. [68] experiments is confirmed: NeuMF is often
not better than relatively simple and well-known techniques.

Finally, Table 4.2 compares, for the sake of completeness, our experiments on
NeuMF without pretraining with the same configuration from He et al. [113]. The
results in columns marked with the reference are from Table 2 in He et al. [113] and
correspond to the results for the NeuMF model without pretraining. As shown before
qualitatively, the replicated results obtained through the benchmark framework overlap
the original ones. However, considering 64 factors on Pinterest, an appreciable
di�erence can be observed that regards the nDCG value. This is probably due to the
non-deterministic initialization of the model that leads to slightly di�erent results. The
e�ect seems to be more evident in the models with a greater embedding size, suggesting
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Fig. 4.1 Comparison of learned similarities (MLP, NeuMF) with a dot product: The results
for MLP and pretrained NeuMF are from He et al. [113] and Rendle et al. [200]. MF
substantially outperforms MF, NeuMF, and pretrained NeuMF. Nonetheless, on MovieLens,
when considering large embeddings, pretrained NeuMF is competitive.
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Table 4.2 Performance of NeuMF without pre-training. The table compares replicated
experiments (on the left) with prior experiments He et al. [113]. Di�erently from He et al.
[113], the results on Pinterest show a performance decrease with 64 factors. All metrics are
with cuto�@10.

Factors MovieLens MovieLens [113] Pinterest Pinterest [113]

nDCG HR nDCG HR nDCG HR nDCG HR

8 [113] - 24 [200] 0.409 0.688 0.410 0.688 0.547 0.868 0.546 0.869
16 [113] - 48 [200] 0.416 0.691 0.420 0.696 0.548 0.870 0.547 0.871
32 [113] - 96 [200] 0.418 0.699 0.425 0.701 0.541 0.869 0.549 0.870
64 [113] - 192 [200] 0.421 0.695 0.426 0.705 0.536 0.861 0.551 0.872

that the model accumulates the initial uncertainties. Remarkably, the deviation in the
results exhibits a di�erent trend (from the original model). Even though this could be
a signal of lack of robustness of the model, further investigation is needed to shed light
on this behavior.

An extended Accuracy evaluation

The existence of a high correlation between the accuracy metrics has been recently
shown [249]. Nevertheless, an evaluation that examines only HR and nDCG could be
quite limited. Therefore, we further extend the previous analysis considering other five
metrics: F1-measure (F1) [98], Limited Area Under the Curve (LAUC) [223], Mean
Average Precision (MAP) [98], Mean Average Recall (MAR) [98], and Mean Reciprocal
Rank (MRR) [255].

Table 4.3 reports the results for the extended accuracy evaluation. Observing
the big picture, MF is still one of the most competitive models, consistently being
the best model regarding all the considered metrics on Pinterest. However, the
situation is quite di�erent on MovieLens, since EASER shows the best performance
in terms of MAP, MAR, and MRR. Another interesting confirmation is the RP3

—

performance on Pinterest. For all the considered metrics, it shows to be the second-
best model. However, if we observe the outcomes on MovieLens, the situation is much
more confusing. Previous experiments showed that MF was the most accurate method,
followed by EASER. Table 4.3 shows a quite di�erent scenario, with EASER being
the best model regarding MAP, MAR, and MRR, and the second best concerning the
remaining metrics. Conversely, MF still shows competitive results, but regarding MAP
and MRR, it is not in the first two places. Overall, MF, Slim, and iALS outperform
NeuMF on these two datasets, hence confirming the most important finding of the
previous experiment.
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Table 4.3 Comparison of NeuMF and MF with various baselines on an extended set of
accuracy metrics with cuto�@10. The best results are highlighted in bold, the second-best
result is underlined.

Alghoritms MovieLens Pinterest

F1 LAUC MAP MAR MRR F1 LAUC MAP MAR MRR

MostPop 0.0825 0.4531 0.0647 0.3072 0.1937 0.0499 0.2742 0.0341 0.1717 0.1009
SLIM 0.1303 0.7159 0.1204 0.5372 0.3648 0.1581 0.8694 0.1535 0.6757 0.4649
iALS 0.1295 0.7117 0.1172 0.5288 0.3537 0.1594 0.8764 0.1525 0.6786 0.4587
NeuMF 0.1264 0.6947 0.1120 0.5106 0.3363 0.1583 0.8702 0.1487 0.6653 0.4472
MF 0.1316 0.7232 0.1188 0.5383 0.3573 0.1618 0.8896 0.1584 0.6958 0.4796

EASER 0.1308 0.7187 0.1210 0.54202 0.3655 0.1579 0.8682 0.1532 0.6752 0.4639
RP3— 0.1229 0.6753 0.1053 0.4853 0.3166 0.1599 0.8794 0.1554 0.6836 0.4710
PureSVD 0.1259 0.6921 0.1153 0.5178 0.3486 0.1502 0.8259 0.1422 0.6339 0.4286

Statistical hypothesis tests

To complete the study regarding the accuracy evaluation, we investigated whether
the di�erences between the accuracy results of the various methods are statistically
significant. Figure 4.2 shows eight heatmaps of statistical significance calculated with
the Student’s paired t-test. Statistically significant di�erences (with a p-value lower
than 0.05) are drawn in green. In contrast, p-values greater than or equal to the 0.05
threshold value are colored by shades of red.

Figure 4.2 confirms that MF significantly overcomes the other methods regarding
nDCG and HR on both MovieLens and Pinterest. Besides MF, and considering
the same metrics, the di�erences between EASER, iALS, and Slim are not always
statistically significant. Moreover, when analyzing MAP and MRR, it is noteworthy
that the di�erence between EASER, Slim, and MF are not significant. For what
concerns NeuMF, the situation is di�erent. Indeed, the di�erences with EASER,
PureSVD, and Slim are not always significant. Finally, RP3

— deserves a concluding
remark since all the di�erences with the other models are statistically significant, thus
confirming its positive performance on Pinterest and the below-the-average one on
MovieLens.

4.2.4 Novelty and Diversity

Once it is established how accurate the various methods are, our study expands beyond
the accuracy evaluation. This section focuses on the ability of the recommendation
algorithms to propose unknown items (Novelty), on overall item coverage, and on
the ability to suggest highly diversified recommendation lists. For what concerns
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nDCG HR MAP MRR
MovieLens

nDCG HR F1 LAUC
Pinterest

Fig. 4.2 Statistical hypothesis tests using Student’s paired t-test with a threshold value (light
red) of p=0.05. Algorithm pairs which results are statistically significant are in green, the
results that are not statistically significant are in red.

Novelty, we measure Expected Free Discovery (EFD) [251] and Expected Popularity
Complement (EPC) [251], which measure the ability of a recommendation system
to recommend items from the long tail. Concerning aggregate diversity metrics, we
adopt Item Coverage [98] that measures the overall number of items the recommender
suggests to the population. Finally, to measure how diversified the recommendation
lists are, we exploit two popular distributional inequality metrics, the Gini Index
(Gini) [98] and Shannon Entropy (SE) [98]. The Gini Index is defined as 1 - Gini Index
from Gunawardana et al. [98], so that a higher value corresponds to a greater degree
of diversification.

Figure 4.3 and figure 4.4 show twelve bar charts that compare MF and NeuMF with
the other baselines regarding the six observed metrics on the two datasets. Let the
analysis focus on Novelty. It is worth noticing that, even here, MF outperforms NeuMF
and the other baselines since it generates recommendation lists with a larger number
of items belonging to the long tail. Conversely, NeuMF shows poor performance, and
only RP3

— and Most Popular behave worse. In general, also other matrix factorization
models such as iALS and SLIM are shown to be competitive against the other baselines
under analysis. However, under the perspective of recommendation Diversity, the
scenario dramatically changes. In fact, regarding Item Coverage, NeuMF is the best
performing model on MovieLens, and a very competitive one on Pinterest (the best
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Fig. 4.3 Novelty and Diversity comparison of NeuMF and MF with various baselines (higher
is better) for MovieLens dataset.

one is RP3
—), suggesting a higher overall number of items present in the catalog.

Conversely, MF (and the other MF-based models) are not able to win the comparison.
For what regards recommendation list diversification, the Gini bar chart reveals a more
clear ranking of the methods. Again, MF fails to be e�ective in terms of diversity,
and, on MovieLens, only EASER and RP3

— show lower results. NeuMF shines neither
on MovieLens dataset nor on Pinterest dataset. However, in both cases, it shows
a greater propensity to generate personalized lists than MF. Interestingly, on both
datasets, the iALS model is particularly competitive regarding the two distributional
inequality metrics. Finally, even here, the reader may appreciate how di�erent the
RP3

— performance is on the two datasets.

4.2.5 Analysis of Recommendation Biases

In the final part of the study, we focus on how the recommendation algorithms induce
or amplify bias into the recommendation lists. Indeed, user-item interactions are
often distributed unevenly over di�erent groups of users and categories of items. This
could be due to various reasons ranging from the naturally varying user preferences
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Fig. 4.4 Novelty and Diversity comparison of NeuMF and MF with various baselines (higher
is better) for Pinterest dataset.

to the existence of a recommendation system in the preference collection system.
Recommendation algorithms can inherit or even amplify this imbalanced distribution,
leading to various kinds of bias. To examine the bias e�ect we consider five di�erent
metrics: Average Coverage of Long Tail items (ACLT) [6], Average Percentage of
Long Tail Items (APLT) [5, 6], Average Recommendation Popularity (ARP) [6, 279],
Ranking-based Statistical Parity (RSP) [300], and Ranking-based Equal-Opportunity
(REO) [300].

Figure 4.5, and figure 4.6 show ten bar charts that compare MF and NeuMF
against the other baselines regarding these five bias measures on the two datasets.
The most straightforward metric to analyze is ARP. This metric measures the average
popularity of the recommended items in each list. Interestingly, MF and NeuMF
behave similarly on MovieLens, while EASER and RP3

— are more prone to suggest
popular items. In contrast, the other MF-based methods, iALS, Slim, and PureSVD,
show the best performance. However, on Pinterest, the ranking is less clear since
all the methods behave in a similar way. Let the analysis focus on ACLT and APLT.
APLT measures the average percentage of long-tail items in the recommended lists,
while ACLT measures how much exposure long-tail items get in the recommendations.
These two metrics exhibit three interesting behaviors: (i) both iALS and NeuMF seem
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to be less prone to these kinds of biases, (ii) MF, EASER, and PureSVD show to
be heavily a�ected by them, (iii) the di�erence of RP3

— performance on the datasets
influences the bias of the generated recommendations.

Finally, we focus our investigation on RSP and REO. RSP measures whether
items in di�erent groups have the same probabilities of being recommended. Poor
RSP means one or more groups have lower recommendation probabilities than others.
REO measures the bias that items in one or more groups have lower recommendation
probabilities given the items enjoyed by users. Di�erently from RSP, REO-based bias
does not depend on sensitive attributes.

In this study, even though additional information could be retrieved to form item
groups, the purpose is to conduct the investigation based on the same information
available to the original authors. Therefore we formed two distinct groups of items
based on the popularity signal. One group comprises the 20% most popular items,
while the other includes the remaining items. For this reason, in the following, we refer
to them as PopRSP and PopREO.

On MovieLens dataset, iALS and SLIM exhibit the best performance regarding both
metrics. Even here, NeuMF demonstrates to be less prone than MF to this type of bias.
MF does not show unsatisfactory results regarding both statistical parity and equal
opportunity, but it never overcomes NeuMF. Finally, EASER, RP3

—, and PureSVD
are a�ected by the bias and under-recommended items from minority groups, even
though these items are present in the user history. In contrast, on Pinterest, RP3

—

shows leading performance, along with iALS and NeuMF. As detailed in Section 4.2.2,
following He et al. [113] and Rendle et al. [200], all the recommenders were optimized
for accuracy. It is left as future work an extended analysis where the e�ect of di�erent
optimization goals could have on the recommendation accuracy and beyond-accuracy
dimensions, as in Kaminskas et al. [133].

4.2.6 Summary

Understanding how the di�erent recommendation algorithms work under unique eval-
uation dimensions is critical to advance the field. In this work, we aimed to shed
some light on this aspect, by contrasting recent models that are competitive against
Neural Network approaches under complementary dimensions — not only accuracy,
but novelty, diversity, coverage, and bias. In particular, we focus on the methods
presented in He et al. [113] and Rendle et al. [200], and complemented our experimental
exploration with the extensive analysis done in Dacrema et al. [68]. We have been able
to replicate most of the results reported in those papers, where NeuMF is outperformed
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Fig. 4.5 Analysis of Bias for NeuMF, MF and various baselines on the MovieLens dataset.
For ACLT, and APLT, higher is better; for ARP, PopREO, and PopRSP, smaller is better.
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Fig. 4.6 Analysis of Bias for NeuMF, MF and various baselines on the Pinterest dataset.
For ACLT, and APLT, higher is better; for ARP, PopREO, and PopRSP, smaller is better.
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by the MF variation presented in Rendle et al. [200]. Moreover, when reproducing
these approaches in new contexts, such as other evaluation dimensions or more accu-
racy metrics, baselines like EASER and RP3

— are confirmed as solid candidates to be
included in any comparison in the future, as their performance in terms of accuracy,
diversity, and novelty is sometimes better than those of neural network approaches.
However, it is important to highlight that the trend obtained for NeuMF is slightly
di�erent than from the original paper and, in particular, our extended analysis on
accuracy evidences that the di�erence between this method and other baselines are
not always statistically significant.

Our experiments have summarized and re-evaluated results from 3 recent papers,
but they can be complemented in several ways. For example, one direction that has
been unexplored so far is the e�ect that the splitting methodology or the item selection
strategy could have in all these methods. Recent research has evidenced that how
items are selected may a�ect the evaluation results [50]; however, because we wanted
to replicate the exact conditions of these papers, we did not change these experimental
settings. It will be interesting to analyze this aspect and how it (may) change the
ranking of the methods. Another potential venue to improve this comparison is on the
selection of datasets. Again, as we wanted to replicate the original papers, we were
limited to use MovieLens and Pinterest, however, it is crucial to understand how
these methods work in other domains and under a wide array of evaluation dimensions,
such as those explored here.

4.3 Benchmarking Collaborative Filtering Recom-
mendation models

Evaluation of the e�cacy of a variety of various approaches is the primary focus of this
contribution. In a style analogous to that which was carried out in Ferrari Dacrema
et al. [85], we carefully consider a bunch of di�erent collaborative filtering methods.
These techniques include more classic approaches based on nearest-neighbors, di�erent
approaches to matrix factorization, linear models, as well as more recent methods
based on deep learning.

4.3.1 Background

The purpose of this investigation is to analyze several algorithms using very common
experimental conditions seen in the present body of research. This includes evaluating
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them using very common datasets, evaluation criteria, and procedures. The follow-
ing factors served as primary considerations in the process of selecting appropriate
environments for the experiments described in this study. The work that Sun et al.
[237] did, in which they methodically examined a variety of algorithms under a vast
range of experimental setups, was the first source of motivation for our own research.
Second, in order to pick certain experimental setups for the aim of our study, we looked
through the most recent research to find examples of settings that are quite prevalent.
Because of this, a number of more current models and simpler procedures that have
been shown to be successful in recent research were included into Sun et al.’s study.
Some of these approaches were not taken into account previously.

In a significant way, the overarching purpose of our current study diverges signifi-
cantly from that of Sun et al. One of the primary goals of the research carried out by
Sun et al. was to evaluate the degree to which certain features of the experimental
approach, such as negative sampling, split-ratio, or dataset preprocessing, had an e�ect
on the correctness of the results. On the other hand, the primary objective of our
research is to provide a performance comparison of algorithms from several families
for fairly typical experimental settings. Therefore, we have high hopes that our work
will contribute to the establishment of a benchmark setting that is both universally
accepted and continually updated. This setting will allow researchers to test their
newly developed models against previously established models in a context that has
been predetermined.

4.3.2 Settings

Datasets and Preprocessing

We discuss the findings that we acquired for three datasets that are often utilized in
the most recent research: MovieLens-1M, Amazon Digital Music, and Epinions. All
three of these datasets were collected from the internet:

• MovieLens-1M (ML-1M): The MovieLens datasets have been used extensively in
the recommender systems literature for a significant amount of time [104], and
several copies of the datasets can be found on the internet4. The ML-1M dataset
was gathered on the MovieLens website between the years 2000 and 2003 and
provides ratings for movies based on a scale of one to five. This dataset was used
in our research. The dataset is very dense, and there are at least 20 ratings.

4https://grouplens.org/datasets/movielens/

https://grouplens.org/datasets/movielens/


60 Reproducibility analysis on State-Of-The-Art CF models

• Amazon Digital Music (AMZm): This dataset was first developed in the context
of image-based recommendation [175], and it is now included in a broader public
collection of datasets5 that was made available to the public. The data collection
referred to as "Digital Music" includes reviews scraped from the Amazon website
as well as ratings for each item on a scale from one to five.

• Epinions: The data for this dataset came from the now-defunct customer review
website epinions.com

6, which was scraped in 2003. On the website Epinions,
members were compensated according on how helpful their reviews were seen to
be by other users. This was an unusual feature of the service. Because of this,
Epinions has become more popular as a study tool for investigating confidence
in recommender systems. The Epinions collection is comprised of two di�erent
datasets: the first one stores item ratings on a scale of one to five stars, while
the second one compiles trust assertions made by users in a unary format. We
would like to point out that in our research, rather than defining a specific (and
in some ways arbitrary) threshold to binarize the rating dataset, we make use of
the second dataset and consider the "trustable" people to be the target of the
recommendation job.

It is important to emphasize that for the sake of our study, all three datasets are
freely accessible to the public. Additionally, these datasets were chosen such that
they represent a wide range of application areas associated with recommender systems.
Other datasets, such as those from the Netflix Prize, were also quite popular for a
period of time; but, in modern times, they are only utilized seldom, as shown by Liang
et al. [156], and they are no longer publicly available to the public. In addition, in
contrast to the competition for the Netflix Prize, rating prediction is no longer regarded
as the most essential aspect of recommendation. Instead, the most prevalent objective
these days is to determine the ranks of the items. As a further point of interest, the
landscape is now being dominated by suggesting based on implicit feedback signals.
This is due to the normal absence of explicit rating information present in a great
number of apps. As a consequence of this, datasets that formerly included item ratings
are often transformed into unary (like) signals. In our review, we also follow this
method, and we transform the rating datasets from MovieLens and Amazon Digital
Music to unary datasets by treating any rating over 3 as a positive signal7. In the case

5https://jmcauley.ucsd.edu/data/amazon/
6http://www.trustlet.org/epinions.html
7Alternative approaches exist in the literature for this conversion, e.g., considering every rating as

positive in case it is higher than the user’s average. Often, we also see that all ratings are converted

https://jmcauley.ucsd.edu/data/amazon/
http://www.trustlet.org/epinions.html
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of the Epinions dataset, a conversion of this kind is not required since the data are
already presented in the unary form.

In the real world, datasets are often relatively limited in scope. Therefore, another
common pre-processing step in the literature is to create a more dense version of the
datasets in order to ensure that there is a minimum number of interactions per user
and item in the dataset, for example to allow for e�ective personalization. This can
be done in order to ensure that there is a minimum number of interactions per user
and item in the dataset. Because the datasets di�ered in so many ways, we came up
with unique p-cores for each one. We verify that there are at least p interactions for
each item and at least p interactions for each user in a p-core dataset. This ensures
that the dataset is complete. In the context of our research, the generation of these
p-core datasets was accomplished by an iterative process. During each iteration, the
mentioned restrictions were applied until there were no longer any discernible changes
in the dataset. For each of the datasets that were provided, a di�erent value for p was
determined by taking into account its size and density. While we utilized the most
common value of p for Movielens 1M and Amazon Digital Music (p=10 for ML-1M and
p=5 for AMZm, see Sun et al. [237]), we chose a p-core value for Epinions in order to
get a similar density of the final matrix in comparison to the other two datasets. Due
to the high sparsity of the dataset, in this particular instance, only a 2-core subset was
used to calculate the results. Table 4.4 presents the results of the analysis in terms
of the features of the dataset. It has come to our attention that doing away with
unfavorable ratings and computing p-cores resulted in a sizeable decrease of the ML-1M

dataset, and that doing the same thing for the AMZm dataset led to an even more
significant reduction in the size of the dataset.

Table 4.4 Dataset characteristics before and after pre-processing
Dataset p-core #interactions #users #items #interactions #users #items

before pre-processing after pre-processing
Movielens 1M 10-core 1,000,209 6,040 3,706 571,531 5,949 2,810
Amazon Digital Music 5-core 1,584,082 840,372 456,992 145,523 14,354 10,027
Epinions 2-core 300,548 8,514 8,510† 300,475 8,485 8,463†

†: The Epinions dataset focuses on “trustable” user recommendation. Note that not all users are
trustable candidates according to the historical transactions, which is why the number of users as
recommendable items is lower than the number of users.

It is interesting to note that many of the datasets that are used now are not only
over twenty years old but also rather tiny. For instance, the Netflix Prize dataset

to positive signals. This is however questionable as (i) a low rating, e.g., one star, is not a positive
signal and (ii) it changes the problem into predicting who will rate what.
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has 100 million ratings, but most of the datasets that are utilized today only have
a few million ratings. Our working hypothesis is that the computational burden of
several contemporary models discourages researchers from testing their hypotheses on
more extensive data sets. The 20M version of the MovieLens datasets is one of the
bigger public datasets, and it is occasionally utilized in the research that has been
published [156]. However, the 1M version is used for assessments more commonly [237],
which is the primary reason why we take into consideration in our research the 1M
version. In addition, we found that systematically tweaking the hyperparameters for
all of the datasets and models may be a computational challenge for certain models,
even for the datasets of moderate size that are given in Table 4.4. This was something
that we had seen.

Algorithms

Given the goals described above, we considered algorithms from di�erent families
in our analysis. All non-neural methods, except Bayesian Personalized Ranking
(BPRMF) [197], were also considered as baselines in the recent analysis of recommen-
dation algorithms presented in Ferrari Dacrema et al. [85]. Specifically, we considered
the following techniques in our evaluation:

• Non-personalized baseline: Popularity-based recommendation (MostPop).

• Neighborhood-based and simple graph-based models: UserKNN [207], ItemKNN
[220], RP3

— [190].

• Linear models: SLIM [184], EASER [231].

• Matrix factorization models: BPRMF [197], MF2020 [199], iALS [119].

• Neural models: NeuMF [115], MultiVAE [156].

Table 4.5 provides more details for the compared algorithms and explains why we
considered them for our study.

Evaluation Settings and Metrics

In this section, we provide details about the applied evaluation protocol, the evaluation
metrics, and the hyperparameter tuning process.

8https://sifter.org/simon/journal/20061211.html

https://sifter.org/simon/journal/20061211.html
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Table 4.5 Overview of compared algorithms
Family Algorithm Description
Non-personalized
Baselines

MostPop Recommends the most popular items to each user, where popularity
is defined by the number of observed interactions in the training data.

Random Creates random recommendations for users. Mainly useful to provide
a reference point for beyond-accuracy measures.

Neighbors and
Graphs

UserKNN A user-based nearest neighbor scheme proposed by Resnick et al.
[207] in 1994 in an early paper on the GroupLens system. In general,
we include early nearest-neighbor techniques here because (i) they
let us gauge the progress on small datasets over time and (ii) they
proved surprisingly e�ective in recent research [85].

ItemKNN Item-based nearest-neighbor algorithms were discussed in 2001 [220]
and later successfully applied in industry around 2003 [159].

RP3— This method (RP3—) is a simple graph-based method [190] from
2017, which is conceptually similar to the ItemKNN method and can,
despite its simplicity, lead to good performance [85].

Linear Models SLIM This regression-based method was proposed for top-n recommenda-
tion tasks in 2011 [184]. Like in a recent analysis [85], we use the
ElasticNet version of the method [152], as it often leads to competitive
results.

EASER Another linear model, proposed in 2019 [231], which works like a
shallow autoencoder. We include this method because it often leads
to good results despite its simplicity.

Matrix
Factorization

MF2020 Matrix factorization methods were initially explored using Singular
Value Decomposition in 1998 [42]. Later, in particular during and
after the Netflix Prize, various machine learning approaches were
proposed to learn latent factors8. A recent analysis shows that these
methods from the late 2000s are still competitive. In our study, we
use a very recent MF model from Rendle et al. [199] proposed in
2020, dubbed MF2020.

iALS This method from 2008 uses an Alternating Least Squares approach
and is particularly designed to learn factor models for implicit feed-
back datasets [119]. The method is widely used as a non-neural
baseline in the literature.

BPRMF This method from 2009 was also designed for implicit feedback and
introduces a novel optimization criterion. We use the MF variant
in our experiments, which is also frequently used as a non-neural
baseline in the literature [197].

Neural Models NeuMF NeuMF was proposed in 2017 [115] and is an early and influential
deep learning model used for recommendation. It generalizes matrix
factorization and replaces the inner product with a neural architecture.
The method is widely used as a neural baseline in the recent literature.

MultiVAE This model was designed for implicit feedback data, published in
2018, and is based on variational autoencoders [156]. According to
the analysis in Ferrari Dacrema et al. [85], this method outperformed
existing non-neural baselines in an independent evaluation.

Evaluation Protocol. We used a common repeated 80-20 hold-out splitting pro-
cedure in our experiments [199]. Correspondingly, each dataset is randomly split to
sample chunks containing around 20% of the data. In each evaluation round, 20% of
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the data are used for testing and the remaining 80% are for training. Each experiment
is repeated five times. Later in Section 4.3.3, we report the mean of the observed values
of the cross-validation runs.

We note that in the recent literature often only the results of one single training-test
split are reported. While this data-splitting is typically done randomly in previous
studies, we argue that cross-validation usually leads to more reliable results.

Metrics. We collect a rich variety of accuracy metrics as well as a number of “beyond-
accuracy” measures that are commonly used in the literature to assess additional quality
aspects of recommendation lists.

• In terms of accuracy metrics, we measure Normalized Discounted Cumulative
Gain (nDCG), Mean Reciprocal Rank (MRR), Precision, Recall, Mean Average
Precision (MAP), and F1 at common list lengths of 10, and 20. For F1, note
that we compute it on a per-user basis and not simply as a harmonic mean of the
averages of Precision and Recall across users. Thus, we have both metrics that
take the position of the correct items into account and metrics that are agnostic of
this aspect. Note here that we do not collect “sampled” metrics in our evaluation.
In a sampled metrics approach, one test item is ranked within an often small list
of “negative samples”. Such a procedure, while widely used, was recently found to
be unreliable [144]. Note that historically the majority of the literature considered
error metrics (RMSE, MAE) for evaluation purposes. However, “such classical
error criteria do not really measure top-N performance” [66]. Consequently,
several ranking metrics have been proposed in the last two decades and were
adopted to evaluate top-n recommendation tasks. The present work shows the
evaluation results for the most commonly used ranking metrics.

• Considering beyond-accuracy metrics, we measured a broader range of metrics
regarding popularity bias, novelty, fairness, and item coverage and concentration.
The details of the considered metrics are provided in Table 4.6. We note that also
the novelty and fairness metrics used here are based on popularity distributions
of items. Specifically, for the PRSP and the PREO metrics, we consider the 20%
most popular items as the “short head” and the rest as long-tail items.

• Running times: Modern machine learning models can be computationally expen-
sive. Therefore, we measured the computation times required for each algorithm
for training and testing.
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Table 4.6 Overview of beyond-accuracy metrics
Aspect Metric Description

Coverage and
Concentration

IC Item Coverage (IC) measures how many items ever appear in the top-n
recommendations of users.

Gini A measure of statistical dispersion, used to express the inequality of a
distribution. A higher Gini index value (Gini œ [0, . . . ,1]) indicates a
stronger concentration of the recommendations, e.g., on popular items
[125]. To ease the interpretation of the results and associate higher values
with better results in terms of non-concentrated recommendations, in
Tables 4.12, 4.13, and 4.14 we report the value (1≠Gini).

Novelty EFD Expected Free Discovery: A novelty measure proposed in [250] based on
the inverse collection frequency. Like EPC, this measure expresses the
ability of an algorithm to recommend relevant long-tail items.

EPC Expected Popularity Complement: This metric expresses the expected
“number of seen items not previously seen” [250].

Fairness
PREO The Popularity-based Ranking-based Equal Opportunity (REO) recom-

mendation metric for assessing bias (fairness) was proposed in [300].
Lower values mean less biased recommendations.

PRSP Popularity-based Ranking-based Statistical Parity [300], to assess poten-
tial bias and thus fairness of the recommendations. Again, lower values
mean less biased recommendations.

Popularity Bias APLT Average Popularity of Long-Tail Items: Measures the average popularity
of long tail items in the top-n recommendations of users [6].

ARP Average Rating-based Popularity: This metric computes the popularity
of the items in a recommendation list based on the number of interactions
of each item in the training data [125].

ACLT Average Coverage of Long-Tail Items: Measures how many items from
the long tail are covered in the top-n recommendations of users [6].

Hyperparameter tuning. We performed extensive hyperparameter tuning for all
algorithms in our comparison, which is essential to understand what represents the
state-of-the-art. Previous research [65] has identified that the lack of proper tuning
of baseline algorithms may easily lead to a certain stagnation in the field, where new
models are carefully tuned, whereas only limited e�ort sometimes goes into tuning
existing baseline models.

For hyperparameter tuning, we relied on the HyperOpt library9 and used Tree
of Parzen Estimators (TPE) as an algorithm to find the best hyperparameters [40].
We determined suitable hyperparameter ranges for each algorithm from the literature,
using, e.g., ranges that were earlier used in Ferrari Dacrema et al. [85] and other works.
Depending on the number and ranges of the hyperparameters of each algorithms, we
explored between 20 and 50 hyperparameter combinations for each model. Hyperpa-
rameter tuning was conducted on a validation set for each dataset, and nDCG@10 was
used as an optimization target. As suggested by Anelli et al. [25], the nDCG metric

9http://hyperopt.github.io/hyperopt/

http://hyperopt.github.io/hyperopt/
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represents a reasonable choice for hyperparameter tuning. All hyperparameter ranges
and the optimal values for each dataset and algorithm are reported in the provided
online material for reproducibility.

4.3.3 Results

Accuracy Results

The results of the accuracy measurements for commonly used cuto�thresholds of 10
and 20 are shown in Table 4.7 (MovieLens-1M), Table 4.8 (Amazon Digital Music),
and Table 4.9 (Epinions). The results for the cuto�threshold of 50 are provided in the
online material. We mark the best-performing method for each metric in bold font;
the second-best result is underlined. The following main observations can be made.

• Top-performing methods: Considering nDCG as our main performance measure—
most other metrics are correlated except for Recall in some situations—we find
that the top three positions across all metrics and cuto�lengths are taken by five
algorithms: EASER, MF2020, SLIM, RP3

—, and, a bit surprisingly, UserKNN.
Di�erences across the datasets exist, but the ranking at least at top places is
quite consistent across the datasets. For ML-1M, EASER, MF2020, and SLIM are
the best methods, whereas RP3

—, EASER, and SLIM are best for AMZm. These
methods also work well in Epinions. For the Epinions dataset, however, UserKNN
works even slightly better than EASER. Generally, the performance of the five
top-performing methods is quite consistent, with EASER always taking a top rank.
The MF2020 technique, in contrast, mainly seems to work particularly well for
the dense ML1M dataset. We note here that UserKNN for the given datasets was
always favorable over ItemKNN. It is noticeable that this evidence di�ers from
some prior literature. In 2004 [74], it was suggested that item-based algorithms
provide comparable or better quality recommendations than traditional user-
neighborhood-based recommender systems. In 2011, researchers reported [184]
that in their experiments item-based schemes outperform user-based ones. Similar
observations were made in 2011 by Ekstrand et al. [82] for rating prediction
tasks. In 2016, Christakopoulou et al. [61] generally assumed that the item-
based methods had been shown to outperform the user-based schemes for the
top-n recommendation task. In the analysis from 2021 [85], however, a general
dominance of ItemKNN over UserKNN was not reported. There were cases where
ItemKNN was better, but in the majority of the reported experiments UserKNN
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was favorable, which suggests that the ranking of the methods may depend on
dataset characteristics and specifics of the evaluation protocol.

• Performance of neural methods: The two neural methods considered here, NeuMF
and MultiVAE, only led to medium performance on these datasets. While Multi-
VAE performed very well in an earlier comparison with traditional methods [85],
we may assume that the modest size of the datasets might limit the power of this
method in our experiment to a certain extent, see also the report on the use of
deep learning methods at Netflix [232] or the discussions in Jannach et al. [126].

• Fine-tuning opportunities: The iALS and BPRMF methods often led to medium
to modest performance in this comparison. Recent work indicates that further
enhancing and fine-tuning methods like iALS for specific datasets may lead
to additional performance improvements [203]. Note, however, that the goal
of our work was to assess the performance of di�erent algorithms under equal
opportunities, i.e., by using a systematic but generic hyperparameter optimization
procedure. Fine-tuning individual algorithms, e.g., by exploring rather uncommon
ranges for the size of the latent factors, is of course possible, but not the focus
of our work, which is about establishing a set of baselines (state-of-the-art) to
consider in future works. Similar considerations apply for the neural methods,
which may also be further tuned for individual datasets.

We note that the di�erences between the top-performing methods are sometimes
small, often between one and a few percent. In papers that propose new models, we
would therefore commonly expect statistical significance tests. For the evaluations
reported in our study, we omit such tests as we have no prior hypotheses regarding which
model would “win”. Instead, the goal of our work is to provide guidance for researchers
about which methods they might want to consider as baselines for comparison. We note
that in many published papers no exact details are provided about how the significance
tests are applied and prerequisites were validated. Also, in case of per-user comparisons
of means, significance at common –-levels may be easy to achieve due to the large
sample sizes [158].

Comparing our algorithm ranking with earlier works [85, 237], we find both common-
alities and di�erences. A general commonality of these studies is that more traditional
methods, including linear models, matrix factorization, or nearest neighbors frequently
take the top positions of the rankings. For example, the innovative combination of
Factorization Machines with BPR loss worked particularly well in [237]. Also SLIM
and MF were in top positions for some datasets. Di�erently from our findings, NeuMF
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Table 4.7 Accuracy Results for MovieLens-1M. The tables are sorted by nDCG in descending
order. The notation @N indicates that the metrics are computed considering recommendation
lists of N elements.

Algorithm Top@10

nDCG MAP MRR Pre Rec F1

EASER 0.336 0.335 0.583 0.274 0.194 0.190
SLIM 0.335 0.337 0.580 0.275 0.189 0.188
MF2020 0.329 0.327 0.563 0.272 0.190 0.192
UserKNN 0.315 0.314 0.554 0.256 0.183 0.179
RP3— 0.315 0.313 0.556 0.256 0.184 0.179
iALS 0.306 0.304 0.542 0.252 0.179 0.176
MultiVAE 0.294 0.284 0.514 0.243 0.183 0.175
ItemKNN 0.292 0.293 0.518 0.242 0.163 0.163
NeuMF 0.277 0.275 0.494 0.232 0.157 0.158
BPRMF 0.275 0.271 0.502 0.226 0.166 0.161
MostPop 0.159 0.159 0.317 0.137 0.084 0.086
Random 0.008 0.007 0.020 0.007 0.004 0.004

Algorithm Top@20

nDCG MAP MRR Pre Rec F1

EASER 0.335 0.287 0.587 0.216 0.289 0.206
SLIM 0.332 0.288 0.584 0.216 0.283 0.204
MF2020 0.329 0.283 0.568 0.216 0.286 0.207
RP3— 0.315 0.269 0.561 0.203 0.277 0.195
UserKNN 0.314 0.268 0.559 0.201 0.273 0.192
iALS 0.309 0.263 0.547 0.202 0.272 0.194
MultiVAE 0.304 0.250 0.519 0.199 0.281 0.195
ItemKNN 0.289 0.252 0.523 0.192 0.247 0.180
BPRMF 0.280 0.235 0.508 0.181 0.253 0.176
NeuMF 0.280 0.240 0.500 0.188 0.245 0.195
MostPop 0.161 0.141 0.326 0.114 0.137 0.103
Random 0.009 0.007 0.024 0.007 0.007 0.006

Table 4.8 Accuracy Results for Amazon Digital Music. The tables are sorted by nDCG in
descending order.

Algorithm Top@10

nDCG MAP MRR Pre Rec F1

RP3— 0.085 0.040 0.115 0.023 0.104 0.036
EASER 0.083 0.038 0.108 0.023 0.106 0.035
SLIM 0.081 0.037 0.106 0.022 0.104 0.035
UserKNN 0.081 0.037 0.105 0.022 0.104 0.035
iALS 0.073 0.032 0.093 0.021 0.099 0.033
ItemKNN 0.071 0.033 0.095 0.018 0.085 0.029
MF2020 0.057 0.024 0.067 0.017 0.083 0.028
NeuMF 0.056 0.024 0.068 0.015 0.074 0.025
MultiVAE 0.054 0.023 0.062 0.016 0.077 0.025
BPRMF 0.020 0.008 0.023 0.007 0.031 0.010
MostPop 0.012 0.005 0.016 0.004 0.016 0.006
Random 0.000 0.000 0.000 0.000 0.001 0.000

Algorithm Top@20

nDCG MAP MRR Pre Rec F1

RP3— 0.094 0.029 0.118 0.015 0.132 0.026
EASER 0.092 0.028 0.111 0.015 0.136 0.026
SLIM 0.090 0.027 0.109 0.014 0.134 0.025
UserKNN 0.090 0.027 0.108 0.014 0.133 0.025
iALS 0.084 0.025 0.096 0.014 0.132 0.025
ItemKNN 0.078 0.023 0.098 0.012 0.108 0.021
MF2020 0.067 0.019 0.071 0.012 0.116 0.022
NeuMF 0.063 0.018 0.071 0.010 0.096 0.019
MultiVAE 0.062 0.017 0.066 0.011 0.105 0.019
BPRMF 0.025 0.007 0.025 0.005 0.047 0.009
MostPop 0.014 0.004 0.017 0.003 0.025 0.005
Random 0.001 0.000 0.001 0.000 0.001 0.000

more often worked very well for some of the datasets examined in Sun et al. [237]. A
competitive performance of NeuMF was also observed in Ferrari Dacrema et al. [85],
where it was, however, usually slightly outperformed by various non-neural methods.
These di�erences may be attributed to di�erent causes, including specifics of data-
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Table 4.9 Accuracy Results for Epinions. The tables are sorted by nDCG in descending order.

Algorithm Top@10

nDCG MAP MRR Pre Rec F1

UserKNN 0.164 0.131 0.266 0.157 0.102 0.100
EASER 0.164 0.132 0.268 0.154 0.104 0.100
RP3— 0.163 0.129 0.260 0.159 0.102 0.100
SLIM 0.156 0.126 0.254 0.148 0.101 0.096
MultiVAE 0.149 0.116 0.240 0.148 0.094 0.094
ItemKNN 0.138 0.111 0.224 0.133 0.090 0.087
MF2020 0.125 0.104 0.219 0.114 0.084 0.079
NeuMF 0.118 0.098 0.206 0.108 0.080 0.075
BPRMF 0.113 0.093 0.200 0.106 0.076 0.071
iALS 0.110 0.091 0.192 0.101 0.074 0.084
MostPop 0.045 0.037 0.093 0.036 0.029 0.025
Random 0.001 0.001 0.003 0.001 0.001 0.001

Algorithm Top@20

nDCG MAP MRR Pre Rec F1

UserKNN 0.178 0.108 0.272 0.076 0.219 0.093
EASER 0.177 0.110 0.274 0.078 0.216 0.094
RP3— 0.176 0.107 0.266 0.075 0.218 0.092
Slim 0.170 0.106 0.260 0.076 0.210 0.091
MultiVAE 0.165 0.099 0.247 0.072 0.212 0.089
ItemKNN 0.151 0.094 0.230 0.068 0.190 0.084
MF2020 0.138 0.088 0.225 0.065 0.170 0.079
NeuMF 0.131 0.084 0.212 0.063 0.162 0.075
BPRMF 0.126 0.079 0.207 0.060 0.160 0.072
iALS 0.121 0.077 0.198 0.057 0.149 0.079
MostPop 0.052 0.032 0.100 0.025 0.061 0.029
Random 0.002 0.001 0.003 0.001 0.002 0.001

preprocessing and the evaluation procedures10. Di�erently from many earlier works,
we apply cross-validation and compute p-cores iteratively instead of only filtering “cold”
users and items once. Moreover, for some algorithms we explore a larger number of
hyperparameter optimization trials than was done in some earlier works.

Finally, to obtain an overall picture of our accuracy results, we applied a Borda
count ranked voting scheme to aggregate the outcomes of our experiments. To that
purpose, we consider each observed ranking for each dataset and metric as a vote. When
applying the original Borda count scheme, each candidate (i.e., algorithm) receives
more points when it is placed higher in the ranking. In our lists of 12 candidates, the
first candidate receives 11 points and the last-ranked candidate 0 points. Applying
this scheme across all accuracy measures at list length 10 leads to the ranking shown
in Table 4.10a.11

We emphasize that such a rank-based aggregation should be interpreted with great
care as it might, for example, favor methods that work particularly well on a set of
correlated metrics.

In agreement with the analysis presented by Valcarce et al. [248], we observed high
correlation between ranking metrics and for the same metric using di�erent cuto�s. For

10In the original paper proposing NeuMF, the authors for example used a leave-one-out procedure
where only the last item of each user was retained in the test set [115].

11The maximum possible value for a method in Table 4.10a is 198, as we rank 12 algorithms
according to 6 metrics for 3 datasets; 198=(12-1) ◊ 1 ◊ 3. For Table 4.10b and Table 4.10c, the
maximum is correspondingly 33. Although Tables 4.7 to 4.9 report rounded values for the sake of
clarity, rankings are assessed considering exact metric values.
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Table 4.10 Algorithm ranking based on Borda count at cuto�length 10.

Rank Algorithm Count

1 EASER 185
2 RP3— 169
3 SLIM 160
4 UserKNN 154
5 MF2020 115
6 ItemKNN 99
7 MultiVAE 92
8 iALS 90
9 NeuMF 61
10 BPRMF 45
11 MostPop 18
12 Random 0

(a) Overall

Rank Algorithm Count

1 EASER 31
2 UserKNN 27
3 RP3beta 27
4 SLIM 27
5 MF2020 19
6 ItemKNN 16
7 MultiVAE 15
8 iALS 13
9 NeuMF 12
10 BPRMF 7
11 MostPop 3
12 Random 0

(b) nDCG

Rank Algorithm Count

1 EASER 31
2 RP3— 29
3 SLIM 26
4 UserKNN 25
5 MF2020 20
6 MultiVAE 17
7 ItemKNN 15
8 iALS 14
9 NeuMF 9
10 BPRMF 9
11 MostPop 3
12 Random 0

(c) Recall

example, in that work, when computing the correlation between cuto�s ranging from 5
to 100, the lowest one was 0.9, which still represents a very strong correlation. Because
of this, we only considered one threshold for the measurement shown in Table 4.10a.
Another known limitation of the Borda count scheme is that the ranking might change
if a candidate is removed from the lists. Despite these limitations, we believe that the
Borda count may represent a helpful summarization approach for the experiments in
this paper. More fine-grained applications of the Borda count are possible as well to
account for such correlations. In Table 4.10b and Table 4.10c, we report the Borda
count rankings when considering only one specific measure, nDCG@10 and Recall@10,
respectively. We select Recall as an example here, because all other metrics are usually
more correlated with nDCG than Recall. The analysis in Table 4.10c actually shows
that RP3

— and SLIM work particularly well for Recall and are ranked higher than
UserKNN for this metric.

Beyond-Accuracy Results

Table 4.12 shows the beyond-accuracy metrics results for the MovieLens dataset for
the top-10 and top-20 recommendations12. The rows in the table are again sorted by
accuracy (nDCG). We highlight the best values for each metric, not considering the
Random and MostPop baselines, which only serve as reference points. Recommending
random items will, for example, lead to high item coverage, but not to many relevant
item suggestions.

12Detailed results for other datasets and cuto�thresholds can be found in the online material.
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Table 4.11 Summary of Metric Correlations. A 3 in a cell indicates a correlation of more
than 0.9 (or beyond -0.9 vice versa) for one of the datasets. Two or three 3 symbols mean
that such a high correlation was also found for the second or the third dataset.

PPMCC Gini EFD EPC PREO PRSP ACLT APLT ARP

IC 3 – – 3 – – – 3
Gini – – 3 33 3 3 –
EFD 3 – 3 3 3 –
EPC 3 – 3 3 –
PREO 3 3 3 –
PRSP 333 333 –
ACLT 333 –
APLT –

In our analysis we found that some of our beyond-accuracy can be highly correlated,
which is to some extent expected as many of them are based on item popularity
characteristics, as discussed above. Table 4.11 shows the outcomes of an analysis of
metric correlations. In this table, we report how many cases (datasets) a metric is
correlated with another one with a Pearson product-moment correlation coe�cient
(PPMCC) higher than 0.9 or lower than -0.9. We can observe that both the ACLT
and the PRSP metrics correlate consistently with the APLT metric. For the sake of
conciseness, we therefore only report the APLT metric here and omit ACLT and PRSP
from the tables.

Generally, we observe that the ranking of the algorithms is not entirely consistent
across the datasets. Here, we summarize a number of patterns that we observed, having
in mind that beyond-accuracy measures are only of secondary interest in this study.

• For ARP, which reports the average item popularity in the top-n lists, we find
that BPRMF often has the strongest tendency to recommend popular items on
all datasets. MF2020 and EASER are also often at the higher end regarding the
popularity bias. The ranking of the algorithms, however varies across datasets.
The di�erences between algorithms on the ML-1M dataset are also generally smaller
than for other datasets. On the other end of the spectrum, we observe that
the neural methods NeuMF and MultiVAE sometimes succeed in including less
popular items in the recommendation lists. RP3

— and ItemKNN are similarly
successful on the Epinions and AMZm in this respect. The APLT metric, which
considers the popularity and coverage of long-tail items are negatively correlated
with the ARP metric, i.e., the more popular items are recommended, the fewer
from the long tail.
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Table 4.12 Beyond Accuracy Results for MovieLens-1M. The tables are sorted by nDCG in
descending order. The notation @N indicates that the metrics are computed considering
recommendation lists of N elements. To ease the interpretation of the results and to associate
higher values with more diversified recommendation lists, we report the value of 1≠Gini†.

Algorithm Top@10

IC Gini EFD EPC PREO APLT ARP

EASER 838.0 0.068 2.690 0.583 0.978 0.003 1,062.73
SLIM 654.2 0.052 2.672 0.244 0.995 0.001 1,121.38
MF2020 920.2 0.077 2.672 0.244 0.968 0.005 1,042.37
UserKNN 1075.2 0.067 2.489 0.227 0.971 0.010 1,085.55
RP3— 854.4 0.048 2.461 0.223 0.959 0.011 1,181.64
iALS 712.2 0.080 2.516 0.232 0.997 0.000 935.91
M-VAE 1625.2 0.136 2.422 0.221 0.828 0.042 871.87
ItemKNN 1054.8 0.066 2.346 0.214 0.952 0.011 1,090.93
NeuMF 1367.2 0.111 2.292 0.209 0.910 0.028 938.86
BPRMF 1137.8 0.091 2.226 0.203 0.928 0.010 1,047.23
MostPop 56.2 0.005 1.187 0.103 1.000 0.000 1,746.69
Random 2810.0 0.876 0.074 0.006 0.039 0.696 151.05

Algorithm Top@20

IC Gini EFD EPC PREO APLT ARP

EASER 1093.0 0.091 2.264 0.207 0.963 0.006 949.86
SLIM 854.0 0.069 2.239 0.205 0.986 0.003 1,017.37
MF2020 1128.8 0.095 2.257 0.207 0.946 0.009 969.26
RP3— 1207.2 0.073 2.085 0.190 0.937 0.018 1,024.41
UserKNN 1465.8 0.092 2.090 0.191 0.947 0.017 970.26
iALS 901.000 0.105 2.138 0.197 0.983 0.002 838.66
M-VAE 1924.8 0.156 2.082 0.190 0.792 0.052 821.85
ItemKNN 1346.0 0.082 1.977 0.181 0.939 0.015 1,006.98
BPRMF 1386.2 0.111 1.893 0.173 0.890 0.017 968.78
NeuMF 1679.4 0.135 1.965 0.179 0.867 0.038 868.45
MostPop 92.0 0.010 1.039 0.092 1.000 0.000 1,570.67
Random 2810.0 0.911 0.075 0.007 0.037 0.693 151.35

• The novelty metrics EPC and EFD, like all remaining beyond-accuracy metrics
considered here, are generally negatively correlated with the ARP metric as well.
An interesting pattern here is that models that perform well on the nDCG are
also mostly highly ranked in terms of the novelty metrics.

• Looking at the fairness metric PREO, which is also based on item popularity
and where lower values are better, the picture is not so clear. The neural
MultiVAE method, for example, seems to rather consistently produce relatively
fair recommendations according to this metric. ItemKNN leads to very good
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Table 4.13 Beyond Accuracy Results for Amazon Digital Music. The tables are sorted by
nDCG in descending order.

Algorithm Top@10

IC Gini EFD EPC PREO APLT ARP

RP3— 10016.0 0.609 0.293 0.024 0.318 0.299 22.35
EASER 9441.0 0.233 0.267 0.022 0.542 0.071 47.99
SLIM 9659.4 0.253 0.263 0.022 0.548 0.086 43.34
UserKNN 9294.2 0.237 0.264 0.022 0.543 0.073 45.83
iALS 5941.6 0.177 0.243 0.020 0.700 0.015 37.52
ItemKNN 9976.2 0.528 0.247 0.019 0.121 0.546 9.87
MF2020 6389.4 0.135 0.187 0.016 0.661 0.014 51.48
NeuMF 8533.2 0.266 0.180 0.015 0.468 0.075 27.42
MultiVAE 9161.4 0.329 0.178 0.015 0.519 0.094 33.59
BPRMF 4283.0 0.034 0.064 0.006 0.787 0.002 108.30
POP 29.2 0.002 0.033 0.004 1.000 0.000 148.84
Random 10025.8 0.895 0.002 0.000 0.158 0.460 9.84

Algorithm Top@20

IC Gini EFD EPC PREO APLT ARP

RP3— 9959.0 0.542 0.409 0.033 0.308 0.299 23.76
EASER 7789.0 0.178 0.368 0.031 0.537 0.054 56.16
SLIM 8215.4 0.197 0.361 0.030 0.552 0.067 49.29
UserKNN 7703.8 0.181 0.363 0.030 0.552 0.056 51.91
iALS 4516.2 0.136 0.325 0.027 0.766 0.009 41.94
ItemKNN 9686.2 0.478 0.345 0.027 0.097 0.550 9.88
MF2020 4722.8 0.099 0.242 0.021 0.687 0.009 59.95
NeuMF 7365.2 0.228 0.245 0.020 0.455 0.058 30.24
MultiVAE 6043.0 0.189 0.235 0.020 0.578 0.045 40.48
BPRMF 3050.0 0.024 0.078 0.007 0.784 0.001 130.81
POP 15.6 0.001 0.039 0.004 1.000 0.000 182.80
Random 10025.8 0.852 0.002 0.000 0.229 0.460 9.84

results on the Epinions and Amazon dataset, and to average performance on the
ML-1M dataset. For this latter dataset, the spread of values is however not too
high.

• Finally, considering the Gini index, MultiVAE generally leads to lower con-
centration levels on ML-1M, and ItemKNN and RP3

— have lower concentration
e�ects for the Epinions and AMZm datasets. Looking at Item Coverage, both
nearest-neighbor methods and the neural approaches are typically better than
the matrix factorization techniques iALS and BPRMF. The patterns are however
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Table 4.14 Beyond Accuracy Results for Epinions. The tables are sorted by nDCG in
descending order.

Algorithm Top@10

IC Gini EFD EPC PREO APLT ARP

UserKNN 3402.2 0.073 1.198 0.112 0.398 0.080 315.724
EASER 2765.0 0.055 1.197 0.114 0.501 0.046 341.486
RP3— 6009.0 0.197 1.237 0.112 0.198 0.275 226.165
SLIM 3361.0 0.081 1.197 0.110 0.452 0.061 246.216
M-VAE 3386.8 0.089 1.105 0.102 0.364 0.105 293.641
ItemKNN 5832.8 0.160 1.084 0.097 0.171 0.267 214.681
MF2020 1235.2 0.028 0.921 0.090 0.786 0.008 368.003
NeuMF 3595.0 0.084 0.905 0.085 0.495 0.096 322.865
BPRMF 1322.8 0.018 0.824 0.081 0.651 0.012 475.629
iALS 1613.4 0.064 0.891 0.081 0.707 0.010 214.989
MostPop 41.6 0.001 0.273 0.030 1.000 0.000 719.301
Random 8443.0 0.823 0.011 0.001 0.142 0.738 27.565

Algorithm Top@20

IC Gini EFD EPC PREO APLT ARP

UserKNN 4594.6 0.095 0.962 0.090 0.442 0.083 275.265
EASER 3705.0 0.071 0.965 0.091 0.522 0.047 297.062
RP3— 7010.8 0.232 0.983 0.089 0.262 0.268 198.240
SLIM 4401.2 0.098 0.965 0.089 0.493 0.063 228.155
M-VAE 4249.6 0.112 0.900 0.083 0.426 0.112 255.457
ItemKNN 7100.2 0.188 0.875 0.079 0.272 0.262 199.488
MF2020 1631.2 0.040 0.766 0.074 0.776 0.009 320.867
NeuMF 4647.0 0.108 0.756 0.071 0.542 0.105 276.817
BPRMF 1793.6 0.026 0.693 0.067 0.640 0.012 409.832
iALS 2052.0 0.078 0.730 0.066 0.654 0.016 202.718
MostPop 72.0 0.002 0.244 0.027 1.000 0.000 629.745
Random 8443.6 0.875 0.011 0.001 0.079 0.738 27.654

not consistent across datasets. EASER, for example, leads to relatively high item
coverage on AMZm, but not on the other datasets.

Overall, not many consistent patterns regarding beyond-accuracy measures across
all three datasets can be observed. One example of such a pattern is a certain popularity
bias of the BPRMF method, which was previously observed [125]. Some patterns,
like good item coverage for ItemKNN, are only found for the AMZm and Epinions
datasets, which suggests that the widely used ML-1M dataset may be to some extent
unique and it stands to question how representative this dense dataset is for other
typical application scenarios, e.g., for e-commerce settings.
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Time Measurements

We carried out all experiments on a computing cluster of our organization. The used
cluster is based on IBM Power9 processors and has 980 nodes. Each node is equipped
with 32 cores and 4 NVIDIA Volta GPUs. One cluster node with 200GB of RAM with
4 logical CPUs was reserved for each experiment. In addition, one NVIDIA Volta GPU
with 16GB of RAM has been allocated for the experiments with the neural models
NeuMF and MultiVAE. Table 4.15 shows the time measurements obtained for the
three datasets, using the optimal parameters (e.g., number of latent factors) that were
determined through hyperparameter tuning. The numbers reported in the table refer
to the time needed (in seconds) to train the model once, and to create and evaluate
the recommendation lists for all users in the test set.

Table 4.15 Training and evaluation time

Algorithm Time (s)

MF2020 1.53◊104

NeuMF 7.97◊103

BPRMF 3.97◊103

iALS 331.93
UserKNN 87.29
EASER 85.93
SLIM 73.19
MultiVAE 67.03
RP3— 47.06
ItemKNN 42.74
Random 27.49
MostPop 24.63

(a) MovieLens-1M

Algorithm Time (s)

NeuMF 3.57◊104

iALS 2.90◊104

MF2020 2.65◊104

MultiVAE 1.37◊104

EASER 1.85◊103

BPRMF 1.51◊103

SLIM 403.29
RP3— 270.78
ItemKNN 257.96
UserKNN 247.68
Random 50.86
MostPop 45.58

(b) Amazon Digital Music

Algorithm Time (s)

iALS 3.27◊104

MF2020 1.97◊104

NeuMF 3.46◊103

BPRMF 2.26◊103

EASER 1.12◊103

SLIM 344.69
MultiVAE 215.43
RP3— 148.24
UserKNN 144.05
ItemKNN 139.42
Random 47.99
MostPop 44.24

(c) Epinions

The results show that there is a substantial spread between the algorithms. While
there are some models that complete training and testing within one minute, training
the MF2020 method on the ML1M dataset, where it performed well, took several days.
We note here that more e�cient implementations of matrix factorization techniques have
been proposed [202]. Also the NeuMF model needed substantial time to complete the
computations. In contrast, the MultiVAE model, which was also originally evaluated on
larger datasets in Liang et al. [156] was among the fastest models. The neighborhood-
based models and RP3

— were also implemented for high e�ciency. For the other
datasets, Epinions and Amazon, the results are similar with NeuMF and the matrix
factorization models often taking substantial computation time. For this latter class of
models, the e�ciency also largely depends on the optimal number of latent factors.
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Generally, combining the timing results with accuracy results from above, we see
no clear indication for the given datasets that computationally more complex models
are favorable in terms of prediction accuracy.

4.3.4 Summary

In recent years, several researchers have identified major challenges with respect
to reproducibility and progress in recommender systems research. Various factors
contribute to these phenomena, in particular (a) that a larger fraction of published
research is not reproducible because authors do not share the required artifacts and
(b) that the experiments in published research mainly aim to highlight the superiority
of a new model. In the context of this latter aspect, this practically often means that
only the new method is carefully fine-tuned but not the compared baseline methods.
Furthermore, the choice of the baselines is sometimes limited to very recent models,
thus probably missing strong baselines that were published earlier.

With this work, our goal is to address these open issues in di�erent ways. First, we
conducted a large number of reproducible experiments on di�erent datasets and involv-
ing a variety of algorithms from di�erent families in order to provide an independent
evaluation of existing techniques along di�erent quality and performance measures.
The outcomes of these experiments shall help guide researchers in the choice of baseline
algorithms to consider in their own research. In particular we found that one should
consider algorithms of di�erent types in any evaluation, as there appears to be no
single method that is better than all others in all experimental configurations. Second,
we ran these experiments with the help of a recent general evaluation framework for
recommender systems [15], thus allowing other researchers to benchmark their new
models within a defined environment and against already well-tuned baselines.

In terms of the outcomes of the experiments, our reproducibility study confirmed
earlier findings that the latest models are not often the best performing ones, in
particular for the modest-sized datasets that we considered in our evaluation. In our
ongoing and future work, we plan to fine-tune our models also on larger datasets
and to share these tuned models publicly. Thereby, we hope to reduce the often
huge computational e�ort that other researchers would otherwise need to fine-tune all
baseline models whenever they propose a new model. Over time, this collection of fine-
tuned models for various datasets may represent a step towards a shared understanding
of what represents the “state-of-the-art” in algorithms research. For these larger
datasets, we also expect a more consistent and strong performance of deep learning
models.
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Besides accuracy metrics, our experiments included a number of beyond-accuracy
metrics relating to popularity bias, novelty, fairness, and item coverage. Our results
confirm earlier findings that there can be substantial di�erences between algorithms,
e.g., in terms of their tendency to recommend popular items. Such algorithm tendencies
can be of high relevance in practical application settings, e.g., when the goal is to
support item discovery through the recommendations. An important observation in
our research is that common metrics for novelty and fairness are tightly coupled and
correlated with general popularity biases13. Future research might therefore strive to
find alternative metrics that more often go beyond popularity as indicators for novelty,
diversity, fairness, or serendipity.

In addition to this, a careful analysis on the e�ect of the optimization goals for
hyperparameter tuning is missing in the literature. The results presented herein
considered methods optimized for one specific accuracy-oriented metric, i.e., nDCG.
But what would happen if other metrics are used for this optimization? It is true that
there are strong correlations between some metrics, as discussed before, but it is also
well-known that accuracy and beyond-accuracy measurements are typically inversely
related, hence, the question of what “state-of-the-art” means in terms of these other
metrics remains open and should be addressed in the future.

Finally, another aspect regarding the splitting strategy has to be taken into con-
sideration. Here, we adopted a random hold-out splitting strategy with repeated
experiments that became popular in recent literature. Together with k-folds cross-
validation, they are representative of the evaluation protocols adopted in recent works.
Nevertheless, random-based splitting strategies undoubtedly favor some methods since
information regarding the future general users’ behavior is exploited in the training
phase. More realistic time-aware splitting strategies should be investigated to study
how much they impact the overall ranking of recommendation systems.

4.4 Summary
In this chapter, a more rigorous investigation of the issue of repeatability in recommender
systems was carried out. Our research went in two di�erent directions: on the one
hand, we demonstrated that it is possible to ensure the full reproducibility of the
results obtained by stating the set-up and thanks in our study in a very careful manner.
These results had previously been deemed significant by the community. On the other

13In theory, the Gini index is not necessarily tied to popularity biases, but with the typical long-tail
distributions it usually captures a concentration of items in the “short head”.
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hand, state-of-the-art collaborative filtering family models, datasets that are commonly
utilized in common experimental set-ups, and assessment techniques that are routinely
applied were investigated in more depth. This attempt was undertaken in order to
study the dominance of certain models over others in an assessment scenario common
for this research field. The purpose of this investigation was to determine which models
were more successful than others. In both of these insights, we added a piece that was
missing from the puzzle of evaluating these models in the relevant scientific literature.
Specifically, we added an in-depth analysis of these models with respect to novelty,
diversity, and bias metrics. This was the piece that was missing from the puzzle. In
light of these investigation presumptions, we demonstrated how the most recent models
are not always the ones with the highest performance levels. In addition to this, there
is not an in-depth study that examines the influence of the optimization objectives
on the process of hyperparameter tuning anywhere in the published research. The
findings that were provided here took into account approaches that were optimized for
one particular accuracy-oriented parameter, which was nDCG. But what would occur
if other measures were used for this process of optimization? It is true that there are
strong correlations between some metrics, as was previously discussed, but it is also
common knowledge that accuracy and beyond-accuracy measurements are typically
inversely related. As a result, the question of what "state-of-the-art" means in terms of
these other metrics remains open, and it is something that should be addressed in the
future.



Chapter 5

On the trade-o�between accuracy
and beyond accuracy in modern
recommender systems

RSs have shown to be extremely useful in understanding the preferences of users
and finding the goods that are most interesting to them depending on their choices.
Latent factor models have dominated the RSs landscape and contributed to their
widespread adoption. With the advent of neural approaches (see Section 3), proposed
new models have been tried to overcome the stumbling block of linearity inherent in
those models. These models have been proposed in an e�ort to overcome this inherent
linearity. We put graph-based methods among the most promising new approaches
that have been developed. These approaches look at the information contained in
RSs via the lens of graphs. When describing people and items as nodes with latent
representations and their interaction as edges, the data may be naturally represented as
a user-item bipartite graph. This can be accomplished by modeling the data as follows:
The so-called message-passing schema successfully distills the collaborative signal by
updating the initial photos of nodes by pooling contributions from both nearby and
far-away neighbors [261].

In this chapter, we will evaluate the performance of graph-based RSs with a
particular emphasis on beyond accuracy and the part that hyperparameters in these
models play in determining how these dimensions are a�ected. We will examine how
well various graph-based approaches can o�er suggestions that are free from bias and
concerns about fairness for various users. We will do this by revisiting the traditional
methodology of forwarding messages and making an appropriate inquiry. In addition,
we present a strategy that, by expanding on our recently developed formulation of the
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message-passing process, can consistently suggest diverse and novel recommendations
without sacrificing accuracy.

5.1 Introduction
Recommender systems (RSs) are ubiquitous and utilized in a wide range of domains from
e-commerce and retail to media streaming and online advertising. Personalization, or
the system’s ability to suggest relevant and engaging products to users, has long served
as a key indicator for gauging the success of RSs. In recent decades, collaborative
filtering (CF) [83], the predominant modeling paradigm in RSs, has shifted from
neighborhood techniques [83, 206, 221] to frameworks based on the learning of users’
and items’ latent factors [141, 201, 270]. The former methods directly suggest products
to users based on similarities encoded in the historical interactions. The alternative
representation learning approach represent users and items as continuous vectors (also
known as embeddings) in a shared space, making them readily comparable. A notable
example of the latter category is BPR-MF, which uses a rank-optimization framework
based on personalized Bayesian ranking (BPR) to learn user and item embeddings [197].
More recently, deep learning (DL) models have been proposed to overcome the linearity
of traditional latent factors approaches making them a popular tool for representation
learning in academic research and industry. However, data sparsity and cold-start
problems are common in such methods, because users often interact with a subset of
the catalog’s items.

Among these DL algorithms, graph-based methods view the data in RSs from
the perspective of graphs. By modelling users and items as nodes with latent repre-
sentations and their interaction as edges, the data can be naturally represented as a
user-item bipartite graph. By iteratively aggregating contributions from near- and
long-distance neighborhoods, the so-called message-passing schema updates nodes’
initial representations thus e�ectively distilling the collaborative signal [261]. Early
works [38, 280] adopt the vanilla graph convolutional network (GCN) [136] architecture,
paving the way to advanced algorithms lightening its message-passing schema [58,
109] and exploring di�erent settings of graph sampling strategies [267], while recent
approaches propose simplified formulations [173, 192] that optionally transfer the graph
CF paradigm to di�erent spaces [226, 234]. As some graph edges may provide noisy
contributions to the message-passing schema [252], a parallel research path learns
meaningful user-item interactions [241, 260, 264]. In this context, explainability is the
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natural next step [169] towards the disentanglement of user-item connections into a set
of possible user intents [262, 268].

Graph CF techniques have historically centered on the enhancement of system
accuracy. The various strategies have pushed the performance in terms of accuracy
without focusing on the beyond-accuracy dimensions. Conversely, recent works [173,
226] highlight critical limitations in the adoption of graph convolution to explore
users’ and items’ neighborhoods. Starting from the idea described in [109], they
propose alternative reformulations of GCN for the recommendation task, providing
simplified and lighter versions which go beyond the traditional concept of multi-
hop message-passing. By comparing these latter approaches to the ones described
earlier, we might categorize them all into two families, namely, graph recommendation
techniques performing explicit (e.g., [58, 109, 261, 262]) and implicit (e.g., [173, 226])
message-passing.

On the other side, the adoption of DL approaches to the recommendation task
has raised the issues connected to fairness of RSs. There is a rising awareness of
the fairness of machine learning (ML) models in automated decision-making tasks,
such as classification [45, 155] and ranking tasks [53, 56], with RSs acting as a
prominent example of the latter. The concept of fairness in recommendation is
multifaceted. Specifically, the two core aspects to categorize recommendation fairness
may be summarized as (1) the primary parties engaged (consumers vs. producers)
and (2) the type of benefit provided (exposure vs. relevance). Item suppliers are more
concerned with exposure fairness than customers because they want their products to
be more well-known and visible (Producer fairness). However, from the customer’s
perspective, relevance fairness is of utmost importance, and hence system designers
must ensure that exposure of items is equally e�ective across user groups (Consumer
fairness). According to a recent study, nine out of ten publications on recommendation
fairness have concentrated on either C-fairness or P-fairness [181], disregarding their
joint evaluation between C-fairness, P-fairness, and the system accuracy. Some recent
works have addressed producer fairness [43, 170, 171, 235, 291, 293] and consumer
fairness [88, 153, 194, 254, 258, 269] in RSs area. However, there is a notable knowledge
gap in the literature about the e�ects of graph characteristics on the three objectives
of C-fairness, P-fairness, and system accuracy.

This chapter aims to complement the previous research and provide answers to
pending research problems in graph CF, such as, how di�erent graph CF perform with
respect to the three evaluation objectives. By measuring them in terms of overall
accuracy, user fairness, and item exposure, we will look at these aspects in further
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detail1. We seek to understand how and why the neighborhood exploration strategy
and (optionally) depth may influence novelty and diversity recommendation metrics in
graph collaborative filtering. To this aim, we run extensive experiments by training
and evaluating six state-of-the-art graph CF models on three popular recommendation
datasets.

5.2 Related Work
The approach proposed by Berg et al. [38] is the first attempt to address the recom-
mendation task through a graph-based architecture. The authors implement a graph
autoencoder that labels its edges with users’ ratings to perform link prediction. Ying
et al. [280] design a graph convolutional network for a web-scale recommendation to
produce high-quality image recommendations for the Pinterest platform, e�ciently ex-
ploiting random walk and item’s multimodal side information. Wang et al. [261] present
neural graph collaborative filtering (NGCF), whose propagation layer aggregates the
messages from the neighborhood considering the similarity between each neighbor node
and its ego node. While providing higher performance to previous state-of-the-art
solutions, NGCF (and GCN more generally) show limitations later addressed by He
et al. [109]. Their idea is to lighten GCN’s traditional layer structure and reach superior
accuracy performance by removing non-linearities and node embedding transformation
in the propagation layer (LightGCN). The latest approaches try to take a step further to
the LightGCN strategy by allowing theoretically unlimited propagation layers [173] and
revisiting the concept of graph convolution for recommendation and node embedding
smoothness under the lens of graph signal processing [226].

While aggregating messages from neighbor nodes into the ego node, not all received
contributions have the same importance. The pioneering work by Velickovic et al.
[252], called graph attention network (GAT), takes advantage of attention mechanisms
to weigh the di�erent influences of neighbor nodes on the ego node. Inspired by
this rationale, several recent works in recommendation seek to assess the relative
importance of interacted items on users who are involved in those interactions. In
the last few years, recommendation tasks such as session-based recommendation [228,
274, 275] and sequential recommendation [271, 286] have been widely addressed by
using attention mechanisms on graphs. Attention mechanisms may be also beneficial
when the informative content conveyed by the bipartite user-item graph is enhanced

1In the rest of the chapter, when no confusion arises, we will refer to C-fairness with user fairness,
to P-fairness with item exposure, and to their combination as CP-fairness.
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by additional side information, like knowledge graphs [260], heterogeneous information
networks [264], or multimodal items’ content [241]. Exploiting attention to disentangle
the aspects underlying node interactions may represent a fundamental step toward
explainability [169]. Following this direction, the work by Wang et al. [262], named
disentangled graph collaborative filtering (DGCF), and the method presented in Wu
et al. [268], propose to disentangle user-item connections into a set of possible user
intents.

The above-cited works leverage what we might define as an explicit message
aggregation, meaning that it is always possible to derive a formulation where user
and item node embeddings are explicitly updated through their multi-hop neighbors.
Conversely, following a di�erent rationale, more recent approaches take a step further
and try to rethink the message-passing schema by allowing theoretically unlimited
propagation hops [173] and revisiting the concept of graph convolution and node
embedding smoothness through the lens of graph signal processing [226]. To distinguish
such techniques from the explicit ones, in this work, we introduce the concept of implicit
message-passing, where message aggregation is replaced and improved through ad-hoc
mathematical proxies.

5.3 Graph Collaborative Filtering: Overview and
Formal Taxonomy

5.3.1 Preliminaries

Let U be the set of N users, and I the set of M items in the system, respectively. We
represent the observed interactions between users and items in a binary format (i.e.,
unary feedback). Specifically, let R œ RN◊M be the user-item feedback matrix, where
ru,i = 1 if user u œ U and item i œ I have a recorded interaction, ru,i = 0 otherwise.
The R matrix is used to build the adjacency matrix A œ R(N+M)◊(N+M) that encodes
the bi-directional user-item connections but not their self-connections.

A =
S

U 0 R
R€ 0

T

V (5.1)

Following the above preliminaries, we introduce G = (U ,I,R) as the bipartite and
undirected graph connecting users and items (the graph nodes) when there exists a
recorded bi-directional interaction among them (the graph edges). Nodes features for
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user u œ U and i œ I are suitably encoded as the embeddings e(0)
u œ Rd and e(0)

i œ Rd,
with d << N,M . As the item version is dual-derived, we report user-side formulas in
the following sections.

5.3.2 Updating node representation through message-passing

We seek to update the initial representation of users’ and items’ nodes by leveraging
the graph topology from G. In this respect, the message-passing schema has recently
gained attention in the literature. The algorithm works by aggregating the information
(i.e., the messages) from the neighbor nodes into the ego node, and the process is
recursively performed for multiple hops thus exploring wider neighborhood portions.

In general, the message-passing for l hops is:

e(l)
u = Ê

1Ó
e(l≠1)

iÕ ,’iÕ œ N (u)
Ô2

, e(l)
i

= Ê
1Ó

e(l≠1)
uÕ ,’uÕ œ N (i)

Ô2
. (5.2)

where Ê(·) and N (·) are the aggregation function and neighborhood node set, respec-
tively. A reworking of Equation (5.2) for l œ {2,3} would allow same- and di�erent-type
node interactions explicitly emerge:
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Y
]
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(user)

,’uÕÕ œ N (iÕ)\{u}
Ô2

,’iÕ œ N (u)
Ô2
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___]
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Ê
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Ô2

,

’uÕÕ œ N (iÕ)\{uÕÕ}
Ô2

,’iÕ œ N (u)
Ô2

.

(5.3)

To generalize Equation (5.3), ego node updates after an even and an odd number
of explored hops adopt same- and di�erent-type node connections, respectively
(e.g., user-user/item-item and user-item/item-user as evident from the Equation (5.3)).
Under such a reformulation, and di�erently from other works in the literature, we will
count the number of explored hops as follows: e(2h)

ú ,’h œ {1,2, . . . ,H} as h same-type
node connections, and e(2h≠1)

ú ,’h œ {1,2, . . . ,H} as h di�erent-type node connections.
In the following, we use the general message-passing formulation to introduce the
standard graph convolutional network (GCN), and then its recent CF applications.

The baseline: graph convolutional network (GCN). The standard graph convo-
lutional network from [136] performs feature transformation, message aggregation, and
non-linearity application through a one-layer neural network, the element-wise addi-
tion, and the ReLU activation function, respectively. Let us consider W(l) œ Rdl≠1◊dl
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and b(l) œ Rdl as the weight matrix and the bias for the l-th explored hop. The
message-passing for user u is:

e(l)
u = ReLU

Q

a
ÿ

iÕœN (u)

1
W(l)e(l≠1)

iÕ +b(l)
2

R

b . (5.4)

GCN for collaborative filtering. Inspired by the vanilla GCN message-passing
approach, the authors from [261] propose neural graph collaborative filtering (NGCF).
At each hop exploration, the model aggregates the neighborhood information as well
as the inter-dependencies among the ego and the neighborhood nodes. More formally,
the aggregation could be formulated as follows:

e(l)
u = LeakyReLU

Q

a
ÿ

iÕœN (u)

1
W(l)

neighe(l≠1)
iÕ +W(l)

inter
1
e(l≠1)

iÕ §e(l≠1)
u

2
+b(l)

2
R

b . (5.5)

where LeakyReLU is the activation function, W(l)
neigh œ Rdl≠1◊dl and W(l)

inter œ Rdl≠1◊dl

are the neighborhood and inter-dependencies weight matrices, respectively, while § is
the hadamard product.

He et al. [109] propose a light convolutional network, namely LightGCN, with the
rationale to simplify the message-passing schema from GCN and NGCF by dropping
feature transformations (i.e., the weight matrices and biases) and the non-linearity
applied after the message aggregation. Specifically, they implement:

e(l)
u =

ÿ

iÕœN (u)
e(l≠1)

iÕ . (5.6)

This variation shows superior accuracy performance to the state-of-the-art. A slightly
di�erent solution [58] is able to outperform LightGCN on accuracy level.

5.3.3 Weighting the importance of graph edges

The message-passing schema is inherently designed to aggregate into the ego node
all messages coming from its neighborhood. Nevertheless, the binary nature of the
user-item feedback (i.e., 0/1) would suggest that not all recorded user-item interactions
necessarily hide the same importance to the nodes they involve.

In general, let a
(l)
y≠æx be the importance of the neighbor node y on its ego node

x after l explored hops. We re-write the formulation of the message-passing after l

explored hops (presented in Equation (5.2)) as:

e(l)
u = Ê

1Ó
a(l)

iÕ≠æu
e(l≠1)

iÕ ,’iÕ œ N (u)
Ô2

. (5.7)
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The baseline: graph attention network (GAT). Attention mechanisms weighting
the contribution of neighbor messages before aggregation have reached considerable
success in the GCN-related literature. The original study [252] proposes the following
message-passing formulation:

e(l)
u =

ÿ

iÕœN (u)

1
a(l)

iÕ≠æu
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–

1
e(l≠1)

iÕ ,e(l≠1)
u

2
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2
.

(5.8)

where a
(l)
iÕ≠æu = –

3
e(l≠1)

iÕ ,e(l≠1)
u

4
is the importance function depending on the lastly-

calculated embeddings of the neighbor and the ego nodes.

GAT for collaborative filtering. The authors from [262] design a message-passing
schema which calculates the importance of neighborhood nodes on their ego nodes by
disentangling the various intents underlying each user-item interaction. Specifically,
similarly to [109] and [58], they propose the following embedding update formulation:

e(l)
u =

ÿ

iÕœN (u)
a(l)

iÕ≠æu
e(l≠1)

iÕ

=
ÿ

iÕœN (u)
–

1
e(l≠1)

iÕ ,e(l≠1)
u ,K,T

2
e(l≠1)

iÕ .
(5.9)

where a
(l)
iÕ≠æu = –

3
e(l≠1)

iÕ ,e(l≠1)
u ,K,T

4
is the importance function depending on the

lastly-calculated embeddings of the neighbor and the ego nodes, the total number of
intents K, and the total number of routing iterations T to repeat the disentangling
procedure.

5.3.4 Reformulating Explicit message-passing

Starting from the novel model classification for graph collaborative filtering outlined
in this chapter (i.e., neighborhood exploration approaches leveraging explicit or implicit
message-passing), in this section we propose a simple (but useful) reformulation for the
former family where same- and di�erent-type node interactions (e.g., user-user and
user-item, respectively) are formally highlighted.
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The two-hop node update in Equation (5.3) is further expanded through the one-hop
node update in Equation (5.2):

e(2)
u = Ê

3;
Ê

3;
e(0)

uÕÕ ,’u
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¸ ˚˙ ˝
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Ê

3;
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¸ ˚˙ ˝
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<4
,’u

Õ œ N (i)
¸ ˚˙ ˝

1-hop

<4 (5.10)

where set di�erences are used to avoid node duplicates. After two hops, the node
embeddings of user u and item i get the contributions of those users u

ÕÕ and items i
ÕÕ for

whom there exists a user-item-user path connecting u with u
ÕÕ, and an item-user-item

path connecting i with i
ÕÕ, respectively (Figure 5.1a). Such paths link same-type nodes.

In a similar manner, let us apply the general formula from Equation (5.2) to the
three-hop node update:

e(3)
u = Ê

3;
e(2)

iÕ ,’i
Õ œ N (u)

<4
, e(3)

i = Ê

3;
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<4
(5.11)

which we expand through Equation (5.10):
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After three hops, the node embeddings of user u and item i get the contributions of
those items i

ÕÕÕ and users u
ÕÕÕ for whom there exists a user-item-user-item path con-

necting u with i
ÕÕÕ, and an item-user-item-user path connecting i with u

ÕÕÕ, respectively
(Figure 5.1b). In this case, such paths link di�erent-type nodes.

This reformulation outlines two neighborhood exploration types, propagating mes-
sages through same- and di�erent-type nodes after an even and an odd number of
hops, respectively. While previous works assess recommendation performance when
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Fig. 5.1 User and item neighborhood exploration after (a) 2 and (b) 3 hops. Contributions
to the ego node update are highlighted through dashed ovals. Edge direction indicates the
message propagation from neighbor to ego nodes.

indistinctly increasing the hop numbers, we provide a finer evaluation based on the
type of the explored nodes. In the next sections, we will count hops following the
introduced categorization. For example, same-type node explorations after 1 and 2
hops refer to the paths user-item-user and user-item-user-item-user, respectively, while
di�erent-type node explorations after 1 and 2 hops refer to the paths user-item and
user-item-user-item, respectively.

5.3.5 Going beyond message-passing

The recent graph learning literature [55, 295] has outlined the phenomenon of over-
smoothing, that leads node representations to become more similar as more hops are
explored. The issue is generally tackled by limiting the neighborhood exploration to
(maximum) three hops, and to two hops when attention mechanisms are introduced.
Noteworthy, the idea of improving accuracy by restricting the number of explored
neighborhoods conflicts with the rationale behind collaborative filtering and is counter-
intuitive. This awareness led works such as [173] and [226] to surpass and simplify the
traditional concept of message-passing. UltraGCN [173] adopts negative sampling to
contrast over-smoothing and additional objective terms to (i) approximate the infinite
neighborhood exploration and (ii) mine relevant “unexpected” node-node interactions
such as the item-item ones. Conversely, GFCF [226] translates the graph-based
recommendation task into the graph signal processing domain to obtain a closed-form
formulation.
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5.3.6 A taxonomy of graph CF approaches

The model formalization from the previous sections allows to design a general pipeline
of recommendation stages in graph collaborative filtering (Figure 5.2): 1) the input
data, represented in the form of the user-item bipartite and undirected graph and
the adjacency matrix; 2) users’ and items’ nodes are associated with an initial latent
representation (embeddings); 3) such nodes representations are iteratively updated
through message-passing leveraging same- and di�erent-type node connections, and the
schema could involve the weighting of the neighborhood before message aggregation; 4)
after the node representation refining, node latent representations are used to predict
the final user-item score, and build the top-k list of items for each user. It is worth
underlining that the node latent representation updating stage (i.e., explicit message-
passing) may be replaced (or complemented) via other mathematical re-formulations
and proxies of the usual schema (i.e., implicit message-passing).

The outlined recommendation stages in graph collaborative filtering suggest a
taxonomy of approaches. Specifically, we recognize two main dimensions adopted
during the design of a graph-based recommendation system, namely:

• Nodes representation: indicates the latent representation strategy to model
users’ and items’ nodes. It involves the dimensionality of node embeddings, and the
possibility of weighting the contribution of each neighbor node before the aggregation
into the ego node.

• Neighborhood exploration: refers to the procedure to explore the multi-hop
neighborhoods of the ego node during latent representation updating of nodes. It
involves the type of node-node connections which are explored, and the message-
passing schema (i.e., explicit or implicit as previously defined).

In the following, we will leverage the introduced taxonomy to provide a novel evaluation
on state-of-the-art models in graph collaborative filtering.

5.4 Motivating example and Trade-o�Analysis
An in-depth comparison of eight leading graph CF models is carried out to provide
context for our study. The graph-based models selected include: GCN-CF [136], GAT-
CF [252], NGCF [261], LightGCN [109], DGCF [262], LR-GCCF [58], UltraGCN [173],
and GFCF [226], which are tested against four classical CF baselines, namely, UserKNN,
ItemKNN, BPRMF, and RP3

— [190], on the Baby, Boys & Girls, and Men datasets
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Fig. 5.2 Recommendation stages in graph CF. Starting from the user-item graph and the
adjacency matrix (1), a latent representation of the users’ and items’ nodes is initialized (2a).
Afterwards, the node embeddings are iteratively updated by exploring same- or di�erent-
type node-node connections through an explicit message-passing schema, which might be
optionally weighted (3a). The final outcome is the predicted user-item score, which allows to
build a ranked list of items (4). Note that the latent representation and explicit message-
passing stages may be substituted (or complemented) through mathematical proxies (i.e.,
implicit message-passing).

from the Amazon catalog [182]. We train each baseline using a total of 48 unique
hyper-parameter settings and then select the optimal configuration for each baseline
that achieves the highest accuracy based on the validation set’s results (following
the original papers). Three evaluation objectives are analyzed: overall accuracy, user
fairness, and item exposure. The values are scaled between 0 and 1 using min-max
normalization. Then, for representation purposes, we exploit the 1’s complement of
UMADrank to adhere to the “higher is better” semantics. As a result, in each of the
three dimensions, the values lay between [0,1] with higher values indicating the better.
Please note that this experimental evaluation is not the main focus of this work but it
is the starting point for the analysis we present here.

5.4.1 Reproducibility and Evaluation Protocol

As a pre-processing stage, we randomly sample 60k interactions and drop users and
items with less than five interactions to avoid the cold-start e�ect [106, 107]. The
dataset statistics are: (1) Baby has 5,842 users, 7,925 items, 35,475 interactions; (2)
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Fig. 5.3 Kiviat diagrams indicating the di�erent performance of selected pure and graph CF
recommender models on overall accuracy (i.e., O-Acc, calculated with the nDCG@20), item
exposure (i.e., I-Exp, calculated with the APLT@20), and user fairness (U-Fair, calculated
with the UMADrat@20). For all dimension the higher values means the better in that
dimension.

Boys & Girls has 3,042 users, 12,912 items, 35,762 interactions; (3) Men has 3,909 users,
27,656 items, 51,519 interactions. Datasets are split using 70-10-20 train/validation/test
hold-out strategy. Baselines are trained through grid search, with a batch size of 256
and a number of epochs of 400.

As for the overall accuracy, we use the recall (Recall@k) and the normalized
discounted cumulative gain (nDCG@k). Concerning the item exposure, we focus on:
(1) item novelty [250, 251] through the expected free discovery (EFD@k) measuring
the expected number of recommended known items which are also relevant; (2) item
diversity [225] with the 1’s complement of the Gini index (Gini@k) which estimates how
unequally a recommender system suggests heterogeneous items to users; (3) the average
percentage of items from the long-tail (APLT@k) which are recommended in users’
lists [5] to calculate how recommendation is biased towards popular items. User fairness
indicates how equally each user group receives accurate recommendations. Users are
split into quartiles based on their engagement level –i.e., the number of items each user
interacted with. We then measure UMADrat@k [71] and the UMADrank@k [71], where
the former stands for the average deviation in the predicted ratings among users groups,
while the latter represents the average deviation in the recommendation accuracy
(calculated in terms of nDCG@k) among users groups. The best hyper-parameter
configurations are found by considering Recall@20 on the validation.

According to the results presented in Figure 5.3, we observe that graph CF models
are significantly more accurate than pure CF models, even if the latter perform far
better in terms of item exposure. Moreover, there is no clear winner on the user
fairness dimension: pure CF models show promising performance while some graph CF
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models do not achieve remarkable results. It is evident that there is a trade-o�between
the three evaluation goals. This encourages research to tailor our investigation to
the cause in terms of the di�erent strategy patterns recognized in the graph CF
literature.

5.4.2 Trade-o�Analysis

We study how the graph CF baselines can balance the trade-o�among overall accuracy,
item exposure, and user fairness. Specifically, we oppose nDCG/APLT and nDCG/U-
MADrank for assessing the overall accuracy/item exposure and overall accuracy/user
fairness trade-o�s, respectively. Indeed, the Pearson correlation (PC) for Amazon Men
(i.e., -0.042, and -0.392, respectively) suggests that searching for a trade-o�is feasible.
Moreover, we evaluate the trade-o�between the two fairness sides (i.e., consumer
and producer) by contrasting APLT and UMADrank (i.e., -0.177 PC). We select the
message-passing and weighting of graph edges. Overall, we identify: (1) models
with implicit message-passing (implicit); (2) models with explicit message-passing and
neighborhood weighting (explicit/weighted); (3) models with explicit message-passing
without neighborhood weighting (explicit/unweighted). For each pair of objectives,
we consider the Pareto optimal solutions of the baselines laying on the model-specific
Pareto frontier – a solution is Pareto optimal if no other solution can improve an
objective without hurting the other one. Figure 5.4 plots graph models Pareto frontiers
in the common objective function spaces related to the considered dimensions for
the Amazon Men dataset. Please notice the di�erent axis’ scales across the graph-
ics. The colors of Pareto optimal configurations refer to each model, while the lines
style is used to distinguish the categories: dotted lines for implicit, dash dot lines for
explicit/weighted, and dashed lines for explicit/unweighted.

• Accuracy/Item Exposure. By considering Figure 5.4a, we observe that the
explicit/weighted models exhibit a trade-o�, as they maximize either nDCG (i.e.,
DGCF) or APLT (i.e., GAT-CF), but not both. This is expected since DGCF is
designed to improve GAT-CF precision. Unfortunately, DGCF succeeded in it at the
expense of item exposure. In contrast to these models, explicit/unweighted baselines
can accommodate the trade-o�because they do not prioritize accuracy or item
exposure exclusively. On the one hand, LR-GCCF provides the best performance
in terms of nDCG and APLT simultaneously. Visually, this observation suggests
LR-GCCF’s Pareto frontier dominates those of the other explicit/unweighted models.
GCN-CF, on the other hand, is the worst in relation to the trade-o�because it
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Fig. 5.4 Overall Accuracy/Item Exposure, Overall Accuracy/User Fairness, and Item Expo-
sure/User Fairness trade-o�s on Amazon Men, assessed through nDCG/APLT, nDCG/U-
MADrank, and APLT/UMADrank, respectively. Each point depicts a model hyper-parameter
configuration set belonging to the corresponding Pareto frontier. Colors refer to a particular
baseline, while lines styles discern their technical characteristics based on the proposed
taxonomy. Arrows indicates the optimization direction for each metric on x and y axes.



94 On the trade-o�between accuracy and beyond accuracy in modern RSs

is neither ideal for nDCG nor APLT. As for the implicit models, they appear to
prioritize precision over the provision of long-tail items. Under this lens, the latest
approaches seem to work towards increasing recommendation accuracy, even if at
the detriment of the niche items exposure.

• Accuracy/User Fairness. Regarding the investigated trade-o�, both measures
incorporate the end-user perspective. Using Figure 5.4b as a reference, we observe
that all baselines perform well from the UMADrank perspective. However, their
recommendation accuracy performance varies. When dealing with this trade-o�,
there is no emerging graph CF strategy. This indicates that solutions working
towards the improving of recommendation accuracy may be preferred by systems
designers.

• Item Exposure/User Fairness. Here we assess to what extent graph CF models
can treat final users fairly and recommend items from the long-tail. Similarly to
above, Figure 5.4c shows the e�ciency of all baselines from the users’ viewpoint. The
same observation does not hold for APLT. In this regard, it is possible to identify
two sets of baselines: on the one hand, models that show poor performance in terms
of item exposure (UltraGCN, DGCF, GCN-CF, and GFCF) and, on the other hand,
models that exhibit an acceptable exposure for long-tail items (LightGCN, NGCF,
LR-GCCF, and GAT-CF). Noteworthy, as for the latter group, NGCF, LR-GCCF,
and LightGCN are explicit/unweighted models. In addition, the remaining model
(i.e., GAT-CF) achieves better APLT values at the detriment of accuracy (as already
outlined for the accuracy/item exposure trade-o�). Furthermore, the same approach
definitely provides the optimal solution for this trade-o�. The leftover set of models
appears to perform below the 50% of the APLT value reached by the best model
on item exposure. Among them, the implicit baselines evidently confirm their trend
to suggest popular items even more, as already noticed in the first part of this
discussion. To summarize, since all models perform well on UMADrank, also in this
case a system designer could be more interested in promoting models guaranteeing
the best value for APLT. However, explicit/unweighted technical characteristics of
the models can generally ensure a satisfactory trade-o�between user fairness and
item exposure.
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5.5 The role of Neighborhood Exploration
Literature has widely shown the recommendation accuracy boost of such models to
traditional (i.e., non-graph) CF baselines, their ability to produce novel and diverse
recommendation lists [250, 251] remains poorly investigated. While the topic of multi-
objective recommendation has been addressed only recently by few works in graph
CF [235, 293], modern recommender systems are more and more required to reach
a su�cient trade-o�between accurate and novel/diverse recommendations [ 149, 229,
278], as a renewed need from both user’s and business’s perspectives [3, 7, 148].

Our contributions are threefold: (i) to the best of our knowledge, no previous work
has evaluated approaches from the two recognized graph recommendation families
(i.e., explicit and implicit message-passing) on a grid of accuracy/novelty/diversity
recommendation metrics, (ii) to provide a fair comparison, we train all explicit message-
passing models exploring the whole hop range 1-4, which also allows examining the
accuracy/novelty/diversity trade-o�on the neighborhood size, and (iii) we propose a
simple reformulation of the explicit message-passing schema where same-type node
connections (e.g., user-user) and di�erent-type node connections (e.g., user-item) are
formally highlighted, in an e�ort to unveil their influence on the metrics’ trade-o�.

In the following, we describe datasets, baselines, reproducibility details, evaluation
protocol, and results of our work.

5.5.1 Reproducibility and Evaluation Protocol

Datasets. We adopt Movielens-1M [105], Amazon Digital Music [176], and Epin-
ions [211]. Following a similar approach to [19], these datasets are binarized by retaining
interactions with a score greater than 3 (Epinions already has an implicit version) and
filtered through the p-core to avoid the cold-start e�ect [106, 107] which is out of the
scope of this paper. Movielens-1M counts 5,915 users, 2,753 items, and 570,622 interac-
tions, Amazon Digital Music counts 8,328 users, 6,275 items, and 99,400 interactions,
and Epinions counts 14,341 users, 13,145 items, and 269,170 interactions. All datasets
statistics are fully reported in Table 4.4.
Baselines. We evaluate graph recommendation models adopting explicit and implicit
message propagation. Among the former we consider NGCF [261], LightGCN [109],
DGCF [262], and LR-GCCF [58]. Regarding implicit message-passing we consider
UltraGCN [173] and GFCF [226]
Reproducibility. Datasets are split into train/validation/test with the 80/10/10
hold-out. Models are trained by searching the best hyperparameters as in [39] and
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setting search spaces according to the original works while fixing the number of epochs
to 400 and batch size to 1024. Our implementation is based upon the Elliot framework
for reproducible recommender systems [15]. To foster the future reproduction of our
work, datasets, codes, and configuration files are made accessible to a public GitHub
repository2.
Evaluation. First, we use the recall (Recall@k) and the normalized discounted
cumulative gain (nDCG@k) to measure the recommendation Accuracy of the baselines.
Then, following [250, 251], we select the expected popularity complement (EPC@k)
and the expected free discovery (EFD@k) as Novelty metrics [251], along with
the 1’s complement of the Gini index (Gini@k) and the Shannon entropy (SE@k) as
Diversity metrics [225]. Both the EPC@k and the EFD@k account for long-tail items
and measure the expected number of recommended unknown and known items, which
are also relevant, respectively. The Gini@k and the SE@k calculate how unequally a
recommender system shows di�erent items to users. We set the Recall@20 as validation
metric to follow the original papers. For each recommendation metric, higher values
stand for better performance.

5.5.2 Results and Discussion

This section shows the recommendation performance of the tested baselines from a
general and a finer evaluation of the accuracy/novelty/diversity trade-o�s. All reported
results refer to the top-20 recommendation lists.
Overall Performance. Table 5.1 depicts recommendation performance on accuracy,
novelty, and diversity, when comparing explicit to implicit message-passing graph
approaches in their best configuration.

Coherently with the literature, DGCF and LR-GCCF are steadily the best or the
second-to-best models on accuracy (e.g., DGCF reaches the second-to-best Recall on
Amazon Digital Music, while LR-GCCF obtains the best nDCG on Movielens-1M).
Approaches with implicit message aggregation (i.e., UltraGCN and GFCF) still compete
with the other baselines on accuracy (e.g., GFCF is the best model on Amazon Digital
Music for the Recall and the nDCG, and UltraGCN is the best technique on Epinions
for the nDCG).

As for the accuracy/novelty/diversity trade-o�, we see that, independently of the
adoption of message-passing, accurate approaches can also produce novel recommen-
dations (e.g., LR-GCCF and DGCF are the best and second-to-best approaches for

2https://github.com/sisinflab/Novelty-Diversity-Graph.

https://github.com/sisinflab/Novelty-Diversity-Graph
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Table 5.1 Overall recommendation performance on accuracy, novelty, and diversity metrics for
top-20 recommendation lists, when comparing explicit to implicit message propagation.
Bold and underline stand for best and second-to-best values, respectively.

Models Movielens-1M Amazon Digital Music Epinions

Accuracy Novelty Diversity Accuracy Novelty Diversity Accuracy Novelty Diversity

Recall nDCG EPC EFD Gini SE Recall nDCG EPC EFD Gini SE Recall nDCG EPC EFD Gini SE

MostPop 0.1380 0.1099 0.0473 0.5365 0.0105 5.2156 0.0319 0.0154 0.0029 0.0263 0.0031 4.3832 0.0467 0.0224 0.0054 0.0489 0.0015 4.4358
Random 0.0077 0.0060 0.0036 0.0414 0.9105 11.4085 0.0017 0.0007 0.0002 0.0021 0.8929 12.5890 0.0015 0.0006 0.0002 0.0024 0.8789 13.6486

Explicit message-passing

NGCF 0.2535 0.1985 0.0929 1.0214 0.1479 8.9930 0.1127 0.0606 0.0109 0.1270 0.4130 11.6953 0.0792 0.0394 0.0096 0.1079 0.2107 11.6255
LightGCN 0.2712 0.2167 0.1013 1.1129 0.1465 9.0079 0.1189 0.0628 0.0113 0.1310 0.3148 11.2940 0.0914 0.0466 0.0115 0.1217 0.0759 9.7898
DGCF 0.2791 0.2231 0.1047 1.1490 0.1462 9.0111 0.1264 0.0674 0.0123 0.1400 0.2483 10.8904 0.1046 0.0536 0.0132 0.1407 0.0599 9.6502
LR-GCCF 0.2876 0.2274 0.1056 1.1589 0.1245 8.7438 0.1246 0.0664 0.0119 0.1388 0.4037 11.6542 0.0990 0.0504 0.0124 0.1377 0.1367 10.8977

Implicit message-passing

UltraGCN 0.2540 0.2045 0.0901 0.9921 0.0766 8.0334 0.1256 0.0675 0.0123 0.1382 0.1737 10.0458 0.1041 0.0541 0.0131 0.1397 0.0586 9.0948
GFCF 0.1685 0.1398 0.0583 0.6577 0.0117 5.4064 0.1287 0.0744 0.0137 0.1544 0.2392 10.4923 0.0946 0.0496 0.0115 0.1158 0.0277 7.5926

accuracy and novelty on Movielens-1M, and GFCF and UltraGCN provide superior
accuracy performance on Amazon Digital Music and Epinions, respectively, with GFCF
outperforming all other baselines on novelty, and UltraGCN getting slightly lower
EPC and EFD values than DGCF). Unexpectedly, NGCF settles as the approach
producing the most diverse lists of recommended items on all datasets (i.e., see Gini

and SE) but cannot cope with the other baselines in terms of Recall and nDCG

(similarly to Random). Other graph models with explicit message-passing (especially
DGCF and LR-GCCF) are placed in the best accuracy/diversity trade-o�spot, as they
are often the second-to-best approaches on diversity, with limited observable drops in
the accuracy. Contrarily, techniques with implicit message aggregation always show
the lowest diversity.
Observation 1. While the accuracy/novelty trade-o�does not depend on the explic-
it/implicit message-passing, the accuracy/diversity trade-o�is preserved only when
explicitly propagating messages, at the expense of (limited) recommendation accuracy
drops.
A finer trade-o�s evaluation. Figure 5.5 shows the accuracy/novelty/diversity trade-
o�on Amazon Digital Music by varying the message-passing strategy (i.e., explicit and
implicit) and neighbor exploration depth only for the former case. Specifically, we use
the reformulation from Section 5.3.4 to separate explicit message propagation results
into same- and different-type node explorations at 1/2 hops.

We confirm that, while UltraGCN and GFCF can compete well on the accura-
cy/novelty trade-o�with the other baselines (whatever the explored number of hops
and node type), the opposite occurs on the accuracy/diversity trade-o�. Indeed, higher
accuracy values for UltraGCN and GFCF are obtained at the expense of significant
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drops in their diversity, even compared to message propagation at 1 hop (e.g., DGCF
surpasses them on diversity at the expense of a slightly lower accuracy in the same-node
setting).

As for the influence of same- and different-type node explorations, wider explo-
rations of the neighborhood almost always lead to improved accuracy/novelty and
accuracy/diversity performance, independently of the explored node types (apart from
the same-type settings for NGCF on the Recall and LR-GCCF on the Recall and the
EPC). Noticeably, the exploration of 1 hop in the same-type node setting leads to a
better trade-o�in accuracy/novelty/diversity than the exploration of 2 hops in the
different-node setting (e.g., LightGCN increases the Recall and the EPC without
a significant variation of Gini, and DGCF slightly decreases the Recall and the EPC,
but improves Gini).
Observation 2. To confirm observation 1, explicit message propagation (even at 1 hop)
can reach a better accuracy/diversity trade-o�than implicit propagation; then, same-
type node explorations may lead to improved accuracy/novelty and accuracy/diversity
trade-o�s.

5.6 The showcase: Edge Graph Collaborative Filter-
ing and Customer Reviews

In this section, we firt recall the causes of node error representation in graph collabora-
tive filtering (see section 5.3.4) and demonstrate how existing neighborhood weighting
procedures (e.g., attention mechanisms) may alleviate the issue at the expense of limited
hop exploration. Second, we correct the representation error through an additional
graph network where we enrich graph edge embeddings through opinion-aware review
embeddings to smooth each neigh- bor node’s importance on its ego node. We call our
solution Edge Graph Collaborative Filtering (EGCF). Extensive experiments on three
e-commerce datasets show that EGCF competes successfully with traditional, graph-
and review-based approaches on accuracy and beyond-accuracy objectives, while a
study on the number of ex- plored hops justifies the adopted configuration for EGCF.

5.6.1 A limitation in the message-passing schema

The user formulation in Equation (5.2) can be expanded as follow:

e(2)
u = Ê

1Ó
Ê

1Ó
euÕ ,’u

Õ œ N (i)\{u}
Ô2

,’i œ N (u)
Ô2

(5.13)
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Fig. 5.5 Accuracy/Novelty (a) and Accuracy/Diversity (b) trade-o�s of graph models with
explicit (i.e., filled bar plots) and implicit message-passing (i.e., patterned bar plots)
on Amazon Digital Music for top-20 recommendation lists. As for explicit message-passing,
results are further categorized into different- and same-node type explorations (i.e., the
leftmost and central tabs in each plot, respectively), when varying the number of hops from 1
to 2. Accuracy, novelty, and diversity are assessed through Recall (in teal blue), EPC (in
lime green), and Gini (in melon), respectively. Best viewed in color.



100 On the trade-o�between accuracy and beyond accuracy in modern RSs

What emerges from the above formula is that, by propagating messages at two hops,
the node embedding of user u is eventually refined through the contributions from
other users who interacted with the same items as u. In other words, after two hops,
each user profile is influenced by the profiles of other users who rated the same items.

Indeed, this assumption is aligned with the rationale behind collaborative filtering,
i.e., similar users are likely to interact with the same items. However, not all user-item
interactions (i.e., graph edges) may be equally important to the users and items involved.
Thus, indiscriminately aggregating neighbor node embeddings into the ego node could,
after multiple hops, harm the node updating process by bringing all contributions from
the neighborhood, even the noisy ones. We interpret this as a node representation
error, propagating with the exploration hops in the graph.

For this reason, contributions coming from each neighbor node are usually weighted
before aggregating them into the ego nodes, modifying the presented formula as follows:

e(2)
u = Ê

3
–

(2)
iæu

;
Ê

3;
–

(1)
uÕæieuÕ ,’u

Õ œ N (i)\{u}
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,’i œ N (u)
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(5.14)

where –
(l)
jæk stands for the importance that the neighbor node j has on the ego node k

after l hops. These weights are generally calculated by means of attention mechanisms,
and depend on the embeddings of the neighbor and the ego nodes they refer to, e.g.,
–
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jæk = Ï
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that is, e(2)
u depends on (⇤) the importance each neighbor item node i has on the ego

user node u after one hop, and (—) the importance all users interacting with the same
items as u have on their items. Note that (⇤) may be further expanded:
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By making importance weights explicit, we get:
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When merging Equation (5.15) and Equation (5.17), it derives that:
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The node embedding for user u after two hops depends on (⇤) the importance of all
users interacting with the same items as u on those items, and (—) the importance of
all items interacted by u on user u. In other words, weighting the importance of each
neighbor node on the ego node before the aggregation allows, after two propagation
hops, to calculate to what extent each user profile is influenced by the profiles of the
other users who rated the same items. Without loss of generality, a similar consideration
could be made after a number of hops greater than two.

5.6.2 Enhancing neighborhood weighting through reviews

As known, graph-based models in machine learning are a�ected by oversmoothing [55,
295]. This phenomenon leads node embeddings, after multiple propagation hops,
to become closer and closer in their representation in the latent space, eventually
flattening their existing di�erences. As this behavior would profoundly weaken models’
performance, exploration of the neighborhood generally tends to be constrained to
very few hops (e.g., a maximum of two hops in attention-based weighting). However,
in recommendation scenarios, limiting the exploration of the user-item bipartite graph
may represent an inconsistency to the idea of collaborative filtering, where users are
supposed to eventually be connected to share preferences and tastes for similar items.

Under this assumption, we believe the neighborhood weighting process could be
further enhanced by exploiting other sources of information that are not usually taken
into account. In the majority of popular online platforms for e-commerce (e.g., Amazon),
reviews are fundamental tools to share opinions and comments about interacted items,
as they convey the multi-faceted aspects that drove a user to interact with an item.
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Leveraging such side information on the connections existing among users and items
in the bipartite graph (i.e., graph edges) can improve the learning of the importance
weights by reducing the oversmoothing e�ect because each user/item node embedding
is conditioned on the informative and impression (i.e., opinion) conveyed by the review.

Let Wui = {w1,w2, . . . ,wR} be the set of R words that compose the review written
by user u about item i. After an initial tokenization step, the sets of tokens for Wui

is defined as Tui = {t1, t2, . . . , tT }. Tokens are mapped to word embeddings, which are
injected into an opinion-based model pretrained to predict the rating expressed by
the user through specific terms in the review. While the output model carries the
single information about the predicted review score, the activation of a hidden layer
would unveil a richer source of textual features (i.e., an embedding) which drove the
opinion-based model to predict that score. High-level features extracted from pretrained
deep learning models can boost the recommendation performance of recommender
systems leveraging items’ side information (e.g., visual-based recommender systems [72,
107, 178]). We deem these textual features to deserve a pivotal role in this weighting
process.

Let rui œ Rf be the textual embedding extracted from the review of user u about
item i through the pretrained opinion-based model. First, we project rui œ Rf to the
same latent space as eu œ Rd and ei œ Rd with a one-layer neural network:

pui = LeakyReLU(Wrui +b) (5.19)

where pui œ Rd is the projected review embedding, while W œ Rf◊d and b œ Rd are
the projection matrix and the bias, respectively. We seek to retain only those textual
features of review rui which can be significant to later calculate the interdependence
between this embedding and user/item ones.

Then, we propose to enhance the neighborhood weighting procedure at hop l by
conditioning the importance weights also on the projected embedding of the review
connecting user u and item i. For instance, the importance of the neighbor item node
i on the ego user node u after l hops is calculated as:

–
(l)
iæu = Ï

3
e(l≠1)

i ,e(l≠1)
u ,pui

4
(5.20)

Note that, since pui cannot increase the impact of the oversmoothing e�ect (because it
is not dependent on the hop l), its usage in the importance weight formula becomes
even more beneficial. Let us focus on the weighting function Ï(·, ·, ·). Many approaches
from the literature propose to leverage attention mechanisms, usually implemented
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as a neural network trained in the downstream task to predict the importance of
the neighbor node on the ego node. In our solution, we opt for a simplified and
lightweight formulation that seeks to calculate the similarity between the neighbor and
the ego nodes, conditioned on the opinion embedding of the review connecting them.
Specifically:

–
(l)
iæu = cos

3
e(l≠1)

i §pui,e(l≠1)
u §pui

4
(5.21)

where § is the element-wise multiplication, and cos(·, ·) is the cosine similarity.
Note that we suppress negative similarities to zero as such weights are usually non-
negative [285]. Multiplying both node embeddings by the review opinion embedding
provides the interplay between each node feature and the opinion features, thus pro-
ducing a modified version of the node representation that conveys a richer source of
information. It is worth pointing out that no trainable projection weight is learned in
the presented formulation since the contribution of the review embedding is meaningful
enough.

5.6.3 A double message-passing schema

The proposed neighborhood weighting procedure can help correct the representation
error generated in the traditional message-passing schema. However, the idea is not to
completely replace it, as several recent works from the literature have demonstrated
its e�cacy, especially in producing accurate recommendations [109]. The proposed
approach involves a double message-passing schema, where two graph models are trained
to refine their own user/item node representations. While the first one aggregates the
contributions coming from the neighbor nodes into the ego nodes by weighting the
neighborhood importance on the ego node statically, the second one aggregates the
neighborhood’s messages which are also weighted through the opinion embeddings
from reviews.

We define the two graph convolutional networks as GCNe (error-a�ected) and GCNc

(correction) and assign the node embeddings eú to GCNe, and the node embeddings cú

to GCNc. As for the aggregation function, in both cases, we sum the weighted messages
coming from the neighbor nodes. As such, the update of the user node embedding u
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after l hops is calculated as:
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Note that –iæu is static and only depends on the topology of the bipartite graph,
while –

(l)
iæu varies along with the exploration hop and depends on the embeddings of

ego/neighbor nodes, and the opinion review embedding. After L propagation hops,
the final embedding representation is obtained as:
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where we apply the scaling factor 1/(1 + l) to further alleviate the oversmoothing
problem. A schematic overview of the node refining algorithm proposed for EGCF is
displayed in Figure 5.6.

Given the learned error-a�ected and correction embeddings from above, EGCF
predicts if a user u may interact with item i through the following formulation:

ŷui = e€
u ei¸ ˚˙ ˝

error-a�ected

+ c€
u ci¸ ˚˙ ˝

correction

(5.24)

Thus, we apply the error correction to the user/item embedding representation only
when predicting the user/item interaction. We optimize EGCF with the state-of-the-art
Bayesian Personalized Ranking (BPR) [197].

5.6.4 Experimental Setup

Datasets. We use three popular [59, 162, 265] datasets from Amazon’s Baby, Boys
& Girls, and Men categories [182] which contain historical user-item interactions and
reviews. We retain only interactions with non-empty reviews, then keep the 20k and
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Fig. 5.6 Overview of the node refining algorithm proposed for EGCF. A statically-weighted
GCN network a�ected by node representation error (a) is corrected through another GCN
network (b), where an opinion-based embedding is extracted from each review as edge side
information to weight the importance of the neighbor nodes on their ego nodes.

10k most popular items for Baby and Boys & Girls/Men, respectively. Finally, we apply
the 5- and 15-core on items and users on Baby/Boys & Girls and Men, respectively.
Final statistics are reported in Table 5.2.

Table 5.2 Statistics of the tested datasets.

Datasets #Users #Items #Interactions Density
Average

interactions
per user

Baby 4,669 5,435 29,214 0.00115 6.3
Boys & Girls 8,806 4,165 57,928 0.00158 6.6
Men 3,218 7,605 60,299 0.00246 18.7

Baselines. We compare our approach with eight state-of-the-art models spanning
several families: (i) traditional CF (BPRMF [197] and MultiVAE [156]); (ii) review-
based CF (ConvMF [135] and RMG [266]); (iii) graph-based CF (NGCF [261] and
LightGCN [109]); (iv) graph-based CF with attention (GAT [252] and DGCF [262]).
Reproducibility. We adopt the temporal leave-one-out to split the datasets, where
the last two recorded interactions are included in the validation and test. We tune
hyper-parameters with [39] and follow the baselines papers, and fix the batch size
to 256 and epochs to 400. As for EGCF, we extract review embeddings through a
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popular pre-trained model3. Datasets and codes are publicly available4. All models
are implemented in Elliot [15], our framework for reproducible recommender systems
evaluation.
Evaluation protocol. We measure the model accuracy by adopting the recall
(Recall@k), the normalized discounted cumulative gain (nDCG@k), and the mean
average recall (MAR@k) [109, 262]. Additionally, considering the influence of novel and
diverse recommendation lists [250, 251] on both user’s and business’s interests [3, 148],
we also assess beyond-accuracy metrics such as the expected popularity complement
(EPC@k) and the expected free discovery (EFD@k), along with indices measuring
concentration and coverage, i.e., the 1’s complement of the Gini (Gini@k), the Shannon
entropy (SE@k), and the item coverage (iCov@k). Specifically, the EPC@k and the
EFD@k refer to long-tail items and stand for the expected number of recommended
unknown items which are also relevant, and the expected number of recommended
known items which are also relevant, respectively. Furthermore, the Gini@k and
the SE@k are used to assess items’ distributional inequality, i.e., how unequally a
recommender system shows di�erent items to users, and the iCov@k quantifies the
number of items that the model recommends. For all metrics, higher values mean
better recommendation performance.

5.6.5 Results and Discussion

Recommendation accuracy. Table 5.3 reports the results for accuracy measures on
the top-10 recommendation lists. Surprisingly, the sole introduction of reviews does not
seem to produce a consistent accuracy boost. For instance, the strongest review-based
method (i.e., RMG) surpasses BPRMF only for the nDCG and the MAR on Baby
(i.e., 0.0911 vs. 0.0785 and 0.1059 vs. 0.0980, respectively). Contrarily, adopting a
graph model can increase the accuracy to traditional CF. When comparing LightGCN
with MultiVAE, which obtain the best performance in their respective recommendation
families, we observe that the former improves, on Baby, the Recall of 7% and the
MAR of 9%. However, the observed di�erence even reverts on Men for the nDCG

and the MAR. The application of attention mechanisms to weight the importance of
neighbor nodes is rewarded in Baby and Boys & Girls, where GAT always outperforms
NGCF, reaching remarkable results such as the Recall on Baby (i.e., 0.1595 vs. 0.1411)
and the MAR on Boys & Girls (i.e., 0.1846 vs. 0.1783). Disentangling users’ intents on
interacted items (i.e., DGCF) produces even more accurate recommendations to NGCF

3https://huggingface.co/nlptown/bert-base-multilingual-uncased-sentiment.
4https://github.com/sisinflab/Edge-Graph-Collaborative-Filtering.

https://huggingface.co/nlptown/bert-base-multilingual-uncased-sentiment
https://github.com/sisinflab/Edge-Graph-Collaborative-Filtering
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Table 5.3 Calculated accuracy metrics, i.e., Recall, nDCG, and MAR, for top-10 lists. Best
value is in bold, while second-to-best is underlined.

Models Baby Boys & Girls Men

Recall nDCG MAR Recall nDCG MAR Recall nDCG MAR

MostPop 0.0940 0.0520 0.0627 0.1195 0.0647 0.0776 0.0702 0.0590 0.0672

BPRMF 0.1377 0.0785 0.0980 0.1821 0.1446 0.1666 0.1662 0.1314 0.1527
MultiVAE 0.1768 0.1262 0.1455 0.2224 0.1695 0.1990 0.2091 0.1656 0.1898

ConvMF 0.1230 0.0647 0.0800 0.1146 0.0831 0.0972 0.0838 0.0524 0.0584
RMG 0.1272 0.0911 0.1059 0.1512 0.1065 0.1325 0.1067 0.0727 0.0867

NGCF 0.1411 0.0916 0.1092 0.2006 0.1523 0.1783 0.1969 0.1461 0.1722
LightGCN 0.1892 0.1362 0.1590 0.2305 0.1743 0.2054 0.2124 0.1605 0.1882

GAT 0.1595 0.1051 0.1233 0.2069 0.1573 0.1846 0.1695 0.1254 0.1476
DGCF 0.1874 0.1352 0.1558 0.2249 0.1716 0.2023 0.2070 0.1554 0.1823

EGCF 0.1944* 0.1402* 0.1623* 0.2325 0.1792* 0.2089* 0.2195* 0.1703* 0.1988*
*statistically significant di�erences (p-value Æ 0.05).

on all datasets. Nevertheless, LightGCN always performs better than DGCF apart
from very few cases (i.e., nDCG and MAR on Men), even though DGCF’s calculated
accuracy values do not substantially di�er from LightGCN’s ones (e.g., see the MAR

on Baby). Noticeably, the proposed model (i.e., EGCF) outperforms the other baselines
under all settings and datasets, with near 100% statistical hypothesis tests (i.e., paired
t-test) showing that the results significantly di�er. This finding further motivates the
goodness of the solution. While we observe a substantial accuracy improvement in
traditional and review-based approaches (e.g., +12% to MultiVAE for the MAR on
Boys & Girls and +53% to RMG for the Recall on Baby), introducing an additional
GCN-like network guided by users’ reviews is even more beneficial to correct the
representation error observable in unweighted graph approaches. Particularly, results
show that such correction may lead to small accuracy improvements in some cases (e.g.,
see the Recall on Boys & Girls when correcting LightGCN) but also larger ones in
other cases (e.g., see the nDCG on Men when correcting LightGCN). Such outcomes
suggest that while keeping the error-a�ected contribution in the final prediction formula
is useful to preserve the superior performance of graph-based models to traditional and
review-based approaches, the introduced correction term is useful to gain even more
accurate preference predictions than unweighted graph architectures.
Recommendation novelty and diversity. We also assess how novel and diverse
recommendation lists are. The two novelty metrics in Table 5.4 (i.e., the EPC@k

and the EFD@k) are discussed with concentration and coverage indices in Table 5.5
(i.e., the Gini@k, the SE@k, and the iCov@k) as in an ideal recommender system, a
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Table 5.4 Calculated novelty metrics, i.e., EPC and EFD, for top-10 lists. Best value is in
bold, while second-to-best is underlined.

Models Baby Boys & Girls Men

EPC EFD EPC EFD EPC EFD

MostPop 0.0108 0.0728 0.0135 0.0913 0.0112 0.0904

BPRMF 0.0164 0.1153 0.0306 0.2282 0.0259 0.2167
MultiVAE 0.0268 0.2088 0.0360 0.2874 0.0333 0.2912

ConvMF 0.0135 0.0930 0.0174 0.1219 0.0102 0.0857
RMG 0.0193 0.1488 0.0226 0.1787 0.0144 0.1226

NGCF 0.0194 0.1463 0.0323 0.2510 0.0292 0.2531
LightGCN 0.0289 0.2271 0.0371 0.3012 0.0323 0.2856

GAT 0.0223 0.1708 0.0334 0.2616 0.0248 0.2106
DGCF 0.0287 0.2228 0.0365 0.2945 0.0311 0.2734

EGCF 0.0298* 0.2359* 0.0382* 0.3120* 0.0343* 0.3066*
*statistically significant di�erences (p-value Æ 0.05)

loosely concentrated and large set of recommended items should equally span di�erent
ranges of popularity. As previously observed, EGCF is again the best or second-to-best
technique. While NGCF is not as capable as LightGCN of proposing long-tail items
on Boys & Girls (e.g., 0.2510 vs. 0.3012 for the EFD), the former surpasses the latter
for the concentration indices on the same dataset (e.g., 10.5595 vs. 10.1586 for the
SE). Since NGCF adopts an ego-neighbor interaction component, the concentration of
explored and recommended near items gets loose. Moreover, neighborhood weighting
leads to recommend items from the long tail (e.g., comparing GAT with NGCF, we
observe a +17% for the EFD on Baby). However, such a finding is not consistent with
the trend recognized for the concentration and coverage indices (e.g., when comparing
LightGCN with DGCF, we notice 0.1304 vs. 0.2051 for the Gini on Men), as the
neighborhood weighting procedure comes at the expense of a limited hop exploration,
not allowing such models to explore wider catalog portions. Conversely, injecting
user-generated reviews brings new informative content (e.g., RMG recommends a
broader and less concentrated range of items from the catalog than DGCF on the Baby
dataset). Finally, weighting the neighborhood importance and exploring long-distant
user-item interactions through reviews-enriched content (i.e., EGCF) allows to retrieve
larger portions of heterogeneous items (e.g., EGCF outperforms LightGCN for the
Gini by +63% on Baby and DGCF for the SE by +7% on Boys & Girls), without
retaining less popular items from the long-tail (observing the same models, +3% for the
EPC on Baby and +6% for the EFD on Boys & Girls). Such outcomes demonstrate
that the content enrichment brought by the extracted review features (injected into
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Table 5.5 Calculated concentration and coverage indices, i.e., Gini, SE, and iCov, for top-10
lists. Best value is in bold, while second-to-best is underlined.
Models Baby Boys & Girls Men

Gini SE iCov Gini SE iCov Gini SE iCov

MostPop 0.0018 3.5313 18 0.0023 3.5724 18 0.0015 3.9332 32

BPRMF 0.0019 3.7819 40 0.0031 4.0921 203 0.0037 5.2991 192
MultiVAE 0.2139 9.9160 4,143 0.2671 10.2463 3,824 0.1085 9.8988 3,014

ConvMF 0.0018 3.5933 18 0.0030 3.9745 220 0.0029 4.6783 265
RMG 0.1059 9.4892 2,130 0.1567 9.7193 2,538 0.1146 10.0344 2,549

NGCF 0.0948 8.8700 2,641 0.3031 10.5595 3,668 0.1749 10.7116 3,651
LightGCN 0.1405 9.3105 3,417 0.2398 10.1586 3,647 0.2051 10.8815 4,384

GAT 0.1370 9.2024 3,102 0.2496 10.2821 3,449 0.1235 9.7802 3,530
DGCF 0.0673 8.3193 2,325 0.1800 9.7617 3,208 0.1304 10.2011 3,378

EGCF 0.2294 9.8535 4,490 0.3037 10.4545 4,030 0.2208 10.8876 4,920

the representation error correction) allows to explore user-item interactions at multiple
hops, leading to more heterogeneous recommendation lists which also include items
from the long-tail.
E�ect of hop exploration number. Figure 5.7 displays, for EGCF, the Recall@k

and EFD@k performance variation on top-10 recommendation lists when exploring
a number of hops in the range 1-4, where even numbers stand for same node type
connections (e.g., user-user), while odd numbers refer to opposite node type connections
(i.e., user-item). As evident from the histograms of Baby and Boys & Girls, the
Recall@k consistently increases from 1 to 4 hops (this is why we adopt four hop
explorations for EGCF on those datasets). The same trend is not observable for Men,
where two explored hops seem to provide the highest accuracy boost, motivating the
adoption of 2 hop explorations for EGCF on the same dataset. Such behavior could
be due to the average number of users’ interacted items in Men (approximately 19,
see Table 4.4). The node refining probably does not require a broad exploration of
its neighborhood. As for the EFD@k, the Baby and the Men datasets seem to agree
on two exploration hops to produce the most diverse item lists of recommendations
because they leverage (as previously recalled) user-user and item-item interconnections
(and similarities). The trend is also aligned with the Boys & Girls dataset, where
user-user and item-item links are exploited even at a higher depth (i.e., four exploration
hops). The emerged insights shed light on two main contributions: (i) with the
modified neighborhood weighting process, which makes use of reviews to enhance the
informative content carried by user-item interactions, EGCF is less limited in the



110 On the trade-o�between accuracy and beyond accuracy in modern RSs

1 2 3 4

0.191

0.192

0.193

0.194

R
ec

al
l

1 2 3 4

0.250

0.300

0.350

EF
D

(a) Baby
1 2 3 4

0.226

0.228

0.230

0.232

R
ec

al
l

1 2 3 4

0.304

0.306

0.308

0.310

0.312

EF
D

(b) Boys & Girls

1 2 3 4

0.217

0.218

0.219

R
ec

al
l

1 2 3 4

0.302

0.304

0.306

EF
D

(c) Men
Fig. 5.7 Recommendation performance of EGCF, i.e., Recall@k (histogram bars in teal blue)
and EFD@k (histogram bars in lime green), on top-10 recommendation lists, when varying
the number of explored hops from 1 to 4.

hop exploration, thus providing more accurate recommendations, and (ii) user-user
and item-item connections are the keystones on which building more diverse item
recommendation lists.

5.7 Summary
This chapter investigates the performance of graph collaborative filtering models on
beyond accuracy metrics showing that their superior accuracy capabilities is reached at
the expense of user fairness, item exposure, and their combination. The nodes repre-
sentation and neighborhood exploration emerge as the main dimensions to categorize
graph CF solutions, and the study complements with an analysis of their influence
on beyond accuracy measures and overall accuracy separately and simultaneously.
The analysis not only confirms the experimental results and raises concerns about
the e�ective application of recent approaches in graph CF (e.g., beyond message-
passing). Given the presented results in the first part of this chapter, we studied
the accuracy/novelty/diversity trade-o�in graph collaborative filtering for di�erent
neighborhood exploration strategies (i.e., explicit and implicit message-passing) and
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depths (i.e., number of explored hops). Results for six state-of-the-art graph models
on three e-commerce datasets reveal that the accuracy/diversity trade-o�is reachable
only when explicitly propagating messages. We show that user-user and item-item
explorations may improve accuracy/diversity/novelty trade-o�thanks to a message-
passing reformulation. We plan to expand the evaluation to recent graph models
which optimize diversity and better investigate the same-type node setting. Finally,
we propose Edge Graph Collaborative Filtering (EGCF), which incorporates users’
opinions extracted from reviews into the edges of a GCN to weight the neighborhood
importance on the ego node. Extensive experimental evaluation shows that EGCF
outperforms traditional, review- and graph-based models. The work complements with
an analysis of beyond-accuracy performance and an extensive study on the number
of layers. We plan to: (i) improve the representation of nodes via the use of di�erent
similarities, and (ii) integrate the diverse GCNs into a single hyper-GCN.





Chapter 6

Explicable Recommendations
(post-hoc): critical issues and new
proposals

Topic related to explainable recommendations is certainly not new, but it has recently
come back into vogue in part because of a growing interest in the machine learning
community with respect to this issue. In fact, the research field of eXplainable Artificial
Intelligence (XAI) has been increasingly successful influencing even neighboring fields,
not only for computer science but also social sciences, philosophy and the legal side.

In terms of influence concerning recommender systems, recent studies have focused
on making the recommendation process explainable through Rule Mining or Topic
Modeling mechanisms. In contrast, others have focused on exploiting a knowledge
base’s content to bridge this gap. Another branch of interest is the one that has
tried to obtain explainable recommendations by integrating attention mechanisms into
the models to try to justify the explanation produced by the model concerning some
characteristics of the client or some of past "actions" (click, review, purchased) or even
considering the attributes of the suggested items. In parallel, some researchers began
to wonder whether it might not be appropriate to separate the explanation task from
the recommendation task, thus drawing inspiration from Post-hoc (or model agnostic)
approaches typical of the XAI field to adapt them to the recommendation task.

Our investigation showed that this approach to generating explanations for proposed
suggestions is particularly crucial. Developing post-hoc explanations certainly does
not a�ect the recommendation model; conversely, it requires that the user modeling
underlying the recommendation process be very robust. In addition, the explanation
task must be accompanied by some constraints that may or may not be revealed by the
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system. This aspect, which goes to privacy, is often overlooked but plays a strategic
role in understanding what types of information are disclosable to the actors involved
in a recommendation process. As such, our contribution will provide a formal approach
that can support explanations for a Multi-Stakeholder recommendation context.

6.1 Introduction
Generating explanations with a Post-hoc approach makes the explanation process
independent of the actual recommendation process. It also makes the explanation
process applicable to any recommendation model that is considered as a magic box
that generates suggestions. However, applying these types of approaches introduces
additional complexity within the process. Indeed, one has to train an explanation
model separately from the recommendation model and test it separately. Often, the
applicability of well-known techniques in the XAI literature are not easily applied
to recommendation models, especially large-scale ones. Typically, the problems that
Post-hoc approaches su�er from (such as computational complexity) are amplified
when applying these approaches to recommendation systems.

Among the Post-hoc explanation approaches that have become well established in
the XAI community is definitely the SHAP approach [165] based on Shapley Values.
Although this approach is based on solid formal foundations, it has the serious limitation
of becoming computationally unviable because of the large number of elements in the
dataset or because of the high dimensionality of the recommendation model it attempts
to explain. Some attempts have been made to make this type of solution applicable
even in unfavorable cases, for example, attempts have been made to alleviate the
problem by sampling the elements involved or by adopting solutions that approximate
the Shapley value problem on which this explanation mechanism is based. Recently,
an approach called FastSHAP [129] has been proposed that aims to make the SHAP
explanation approach computationally e�cient without losing in terms of performance
(compared to the task of reconstructing the exact Shapley values).

In the context of post-hoc approaches based on surrogate models, LIME [208] indeed
represents one of the models that has found the most success in recent years. Although
attributable to a particular case of SHAP explanation, LIME is an algorithm that
can faithfully explain the predictions of any classifier or regressor by approximating it
locally with an interpretable model. As stated before, LIME belongs to the category
of post-hoc algorithms and it sees the prediction system as a black box by ignoring
its underlying operations and algorithms. Since we can consider the recommendation
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task as a particular Machine Learning task, the LIME approach can also be applied
to recommendation. LIME-RS [186] is an adaptation of the general algorithm to the
recommendation task and can be considered in all respects as a black-box explainer.
This means that it generates an explanation by drawing a huge number of (random)
calls to the system, collecting the answers, building a model of behavior of the system,
and then constructing the explanation for the particular recommended item. Given the
explanation that a system can provide to a user we identify at least two characteristics
that the explanation part should enforce [96, 180, 243]:

• Adherence to reality: the explanation should mention only features that really
pertain to the recommended item. For instance, if the system recommends the
movie “Titanic”, it should not explain this recommendation by saying “because it is
a War Movie” since it is by no means an adherent description of that movie;

• Constancy in the behavior: when the explanation is generated based on some sample,
and such a sample is drawn with a probability distribution, the entire process should
not exhibit a random behavior to the user. For instance, if the explanation for
recommending the movie “The Matrix” to the same user is first “because it is a
Dystopian Science Fiction”, and then “because it is an Acrobatic Duels Movie”,
for the same user, this behavior would be perceived as nondeterministic, and thus
reducing its trustworthiness.

While the fact of adopting a black-box approach lets LIME-RS to be applicable
for every recommender system, the way of building a model by drawing a huge
random sample of system behaviors makes it lose both adherence and constancy, as
our experiments show later on this chapter. This suggests that the direct application
of LIME-RS to recommender systems is not advisable, and that further research is
needed to assess the usefulness of LIME-RS in explaining recommendations.

6.2 Related Work
In recent years, the theme of Explanation in Artificial Intelligence has come to the
foreground, capturing the attention not only of the Machine Learning and related
communities – that deal more specifically with the algorithmic part – but also of fields
closer to Social Sciences, such as Sociology or Cognitivism, which look with great
interest to this area of research [180]. The growing interest in this area is also dictated
by new regulations of both Europe [256] and US [54] with respect to sensitive issues
in the field of personal data processing, and legal responsibility. This trend has also
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touched the research field of recommender systems [26, 188, 193, 289]. However, topics
such as explanation are by no means new to this field. In fact, we can date back to
2014 the introduction of the term “explainable recommendation” [290], although the
need to provide an explanation that accompanies the recommendation is a need that
emerged as early as 1999 by Schafer et al. [222], when people began trying to explain
a recommendation with other similar items familiar to the user who received that
recommendation.

Catalyzation of interest around the topic of explanation of recommendations co-
incides also with the awareness achieved in considering metrics beyond accuracy as
fundamental in evaluating a recommendation system [177, 250]. Indeed, all of the well-
known metrics of novelty, diversity, and serendipity are intended to improve the user
experience, and in this respect, a key role is played by explanation [96, 242]. “Why are
you recommending that?"—this is the question that usually accompanies the user when
a suggestion is provided. Tintarev et al. [243] detailed in a scrupulous way the aspects
involved in the process of explanation when we talk about recommendation. They
identified 7 aspects: user’s trust, satisfaction, persuasiveness, e�ciency, e�ectiveness,
scrutability, and transparency.

This is the starting point to define Explainable Recommendation as a task that
aims to provide suggestions to the users and make them aware of the recommendation
process, explaining also why that specific object has been suggested. Gedikli et al.
[96] evaluated di�erent types of explanations and drew a set of guidelines to decide
what the best explanation that should equip a recommendation system is. This is due
to the fact that popular recommendation systems are based on Matrix Factorization
(MF) [141]; for this type of model, trying to provide an explanation opens the way to
new challenges [59, 63, 180, 246].

There are two di�erent approaches to address this type of issue.

• On the one hand, the model-intrinsic explanation strategy aims to create a
user-friendly recommendation model or encapsulates an explaining mechanism.
However, as Lipton [160] points out, this strategy will weigh in on the trade-o�
between the transparency and accuracy of the model. Indeed, if the goal becomes
to justify recommendations, the purpose of the system is no longer to provide only
personalized recommendations, resulting in a distortion of the recommendation
process.

• On the other hand, we have a model-agnostic [263] approach, also known as
post-hoc [191], which does not require to intervene on the internal mechanisms
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of the recommendation model and therefore does not a�ect its performance in
terms of accuracy.

Most recommendation algorithms take an MF-approach, and thus the entire recom-
mendation process is based on the interaction of latent factors that bring out the level
of liking for an item with respect to a user. Many post-hoc explanation methods have
been proposed for precisely these types of recommendation models. It seems evident
that the most di�cult challenge for this type of approach lies in making these latent
factors explicit and understandable for the user [26]. Peake et al. [191] generate an
explanation by exploiting the association rules between features; Tao et al. [240] in
their work, find benefit from regression trees to drive learning, and then explain the
latent space; instead, Gao et al. [95] try a deep model based on attention mechanisms
to make relevant features emerge. Along the same lines are Pan et al. [188], who present
a feature mapping approach that maps the uninterpretable general features onto the
interpretable aspect features. Among other approaches to consider, [290] proposes an
explicit factor model that builds a mapping between the interpretable features and the
latent space. On the same line we also find the work by Fusco et al. [91]. In their work,
they provide an approach to identify, in a neural model, which features contribute
most to the recommendation. However, these post-hoc explanation approaches turn
out to be built for very specific models. Purely model-agnostic approaches include
the recent work of Tsang et al. [244], who present GLIDER, an approach to estimate
interactions between features rather than on the significance of features as in the
original LIME [208] algorithm. This type of solution is constructed regardless of the
recommendation model.

Our investigation focuses on the operation of LIME, a model-agnostic method for
a surrogate-based local explanation. When a user-item pair is provided, this model
returns as an outcome of the explanation a set of feature weights, for any recommender
system. However, the recommendation task is very specific, so there is a version called
LIME-RS [186] that applies the explanation model technique to the recommendation
domain. In this way, any recommender is seen as a black box, so LIME-RS plays the
role of a model-agnostic explainer whose result is a set of interpretable features and
their relative importance.

The goal of LIME-RS is to exploit the predictive power of the recommendation
(black box) model to generate an explanation about the suggestion of a particular
item for a user. In this respect, it exploits a neighborhood drawn according to a
generic distribution compared to the candidate item for the explanation. It seems
obvious that the choice of the neighborhood plays a crucial role within the process of
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explanation generation by LIME-RS. We can compare this sample extraction action
to a perturbation of the user-item pair we are using to generate the explanation. In
the case of LIME-RS this perturbation must generate consistent samples with respect
to the source dataset. We see that this choice represents a critical issue for all the
post-hoc models which base their expressiveness on the locality of the instance to
explain.

This trend is confirmed in several papers addressing this issue of surrogate-based
explanation systems such as LIME and SHAP [233]. In two recent works, Alvarez-Melis
et al. [11] have shown how the explanations generated with LIME are not very robust:
their contribution aims to bring out how small variations or perturbations in the input
data cause significant variations in the explanation of that specific input [10]. In
their paper, a new strategy is introduced to strengthen these methods by exploiting
local Lipschitz continuity. By deeply investigating this drawback, they introduced
self-explaining models in stages, progressively generalizing linear classifiers to complex
yet architecturally explicit models.

Saito et al. [216] also explored this issue by turning their gaze to di�erent types
of sampling to make the result of an explanation generated through LIME more
robust. In particular, in their work, they introduce the possibility of generating realistic
samples produced with a Generative Adversarial Network. Finally, Slack et al. [227]
adopt a similar solution in order to control the perturbation generating neighborhood
data points by attempting to mitigate the generation of unreliable explanations while
maintaining a stable black-box model of prediction.

6.3 Background
From a formal point of view, we can define a LIME-generated explanation for a generic
instance x œ X produced by a model f as:

›(x) = argmin
eœE

L(f,e,fix)+� (e) (6.1)

where L represents the fidelity of the surrogate model to the original f , and e represents
a particular instance of the class E of all possible explainable models. Among all the
possible models, the one most frequently chosen is based on a linear prediction. In
this case, an explanation refers to the weights of the most important interpretable
features, which, when combined, minimize the divergence from the black-box model.
The function fix measures the distance between the instance to be explained x œ X ,
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and the samples x
Õ œ X extracted from the training set to train the model e. Finally,

�(e) represents the complexity of the explanation model.
Two pieces of evidence make the application of LIME possible: (i) the existence of

a feature space Z on which to train the surrogate model of f , (ii) and the presence of
a surjective function that maps the space mentioned above (Z) to the original space of
instances (X ). Going into more detail, we consider the fidelity function L as the mean
square deviation between the prediction for a generic instance x

Õ œ X of the black-box
model and that generated for the counterpart z

Õ œ Z by the surrogate model. Starting
from these considerations we can express L with the following formula:

L(f,e,fix) =
ÿ

xÕœX ,zÕœZ
fix
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Õ
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In the formula above fix plays a fundamental role as it expresses the distance
between the instance to be explained and the sampled instance used to build the
surrogate model. From a generic perspective, we can express this function as a kernel
function like fix = exp(≠D(x,x

Õ)2
/‡

2), where D is any measure of distance.
The full impact of this distance is captured when the fidelity function also considers

the transformation of the surrogate sample in the original space. As mentioned earlier,
we consider a surjective function p that maps the original space into the feature space
p : X æ Z. We can also consider the function that allows us to move in the opposite
direction p

≠1 : X æ Z. At this point, Equation (6.2) becomes:
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From this last equation, we can grasp the criticality of the surjective mapping
function. Indeed, the neighborhood in Z-space cannot be guaranteed with the trans-
formation in X -space. Thus, some samples selected to train the surrogate model could
not satisfy the neighborhood criterion for which they were chosen.

We must therefore stress on the centrality of the sampling function: how do
we extract the neighborhood of our instance to be explained? If we look at the
application of LIME to the recommendation domain, we can compare this sampling
action to a local perturbation around our instance x; however, this perturbation
aims to generate n samples x

Õ, which might contain inconsistencies: as an example,
suppose we want to explain James’s feeling about the movie The Matrix. The original
triple of the instance to be explained associates to the user-item pair the genre of
the movie (representing the explainable space) and in this case it is of the type
ÈJames,TheMatrix,Sci-FiÍ. A perturbation around this instance could generate
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inconsistencies of the type ÈJames,TheMatrix,WesternÍ. For this reason, in LIME-
RS the perturbation considers only real and not synthetic data. This choice is dictated
by the avoidance of the out-of-sample (OOS) process phenomenon. Closely related to
this problem predicted by OOS is that the interpretation examples selected in LIME-RS
represent the ability to capture the locality through disturbance mechanisms e�ectively.
One of the disadvantages of LIME-like methods is that they sometimes fail to estimate
an appropriate local replacement model but instead generate a model that focuses on
explaining the examples and is also a�ected by more general trends in the data.

This issue is central to our work, and it involves two aspects: (i) the first one concerns
the sampling function of the samples precisely. In the LIME-RS implementation, this
function is driven by the popularity distribution of the items within the dataset. (ii)
The second critical issue concerns the model’s ability to wittily discriminate the user’s
taste from the neighborhood extracted to build the surrogate model. A model that
squashes too much on bias or is inaccurate cannot bring out the peculiarities of user
taste that are critical in building the explainable model which are, in turn, useful in
generating the explanation for the instance of interest.

These observations dictate the two questions that motivated our work: can we
consider the surrogate-based model on which LIME-RS is built to generate always the
same explanations, or does the extraction of a di�erent neighborhood severely impact
the system’s constancy? In addition, are LIME-RS explanations adherent to item
content, despite the fact that the sampling function is uncritical and based only on
popularity?

6.4 Experiments
This section is devoted to illustrating how the experimental campaign was conducted.
The datasets used for this phase of experimentation are Movielens 1M [105], Movielens
Small [105], and Yahoo! Movies1. Their characteristics are shown in Table 6.1.

Table 6.1 Characteristics of the datasets involved in the experiments.
#Users #Items #Interactions Sparsity

Movielens 1M 6040 3675 797758 0,9640
Movielens Small 610 8990 80419 0,9853
Yahoo! Movies 7636 8429 160604 0,9975

1R4 - Yahoo! Movies User Ratings and Descriptive Content Information, v.1.0
http://webscope.sandbox. yahoo.com/.
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As for the choice of the models to be used in this work is concerned, we selected two
well-known recommendation models that are able to exploit the information content of
the items to produce a recommendation: Attribute Item kNN (Att-Item-kNN) and
Vector Space Model (VSM). The two chosen models represent the simplest solution to
address the recommendation problem by exploiting the content associated with the
items in the catalog.

Att-Item-kNN exploits the characteristics of neighborhood-based models but ex-
presses the representation of the items in terms of their content and, based on this
representation, it computes a similarity between users. Starting from this similarity
and exploiting the collaborative contribution in terms of interactions between users
and items, Att-Item-kNN tries to estimate the level of liking of the items in the catalog.
VSM represents both users and items in a new space to link users and items to the
considered information content. Once obtained this new representation, with an appro-
priate function of similarity, VSM estimates which are the most appealing items for a
specific user. The implementation of both models are available in the ELLIOT [15]
evaluation framework. This benchmarking framework was used to select the best
configuration for the two recommendation models by exploiting the corresponding
configuration file2.

Our experiments start by selecting the best configurations based on nDCG [25, 143]
for the two models on the considered datasets. Then, we generate the top-10 list of
recommendations for each user, and we take into account the first item i1 on these lists
for each user u. Finally, each recommendation pair (u,i1) is explained with LIME-RS.
The explanation consists of a weighted vector (g,w)i where g is the genre of the movies
in the dataset – i.e., the features – and w is the weight associated to g by LIME-RS
within the explanation. Then, this vector is sorted by descending weights. In this way,
the genres of the movies which play a key role within the recommendation, as explained
by LIME-RS, are highlighted at the first positions of the vector. These operations are
then repeated n = 10 times and changing the seed each time, as 10 is likely to be a
good choice to detect a general pattern in the behavior of LIME-RS. At this point, for
each pair (u,i1), we have a group of 10 explanations ordered by descending values of
w, which we exploit to answer our questions.

2https://tny.sh/basic_limers

https://tny.sh/basic_limers
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6.4.1 Results

Empirically, since in a real scenario of recommendation a too verbose explanation is
not useful, we consider only the first five features in the sorted vector representing the
explanation of each recommendation. In order to verify the constancy of the behavior
of LIME-RS, given a (u,i1) pair, we exploit the n previously generated explanations for
this pair. Then for k = 1,2, . . . ,5, we define Gk as the multiset of genres that appear in
k-th position – for instance, if “Sci-Fi” occurs in the first position of 7 explanations,
then “Sci-Fi” occurs 7 times in the multiset G1, and similarly for other genres and
multisets. Then, we compute the frequency of genres in each position as follows: given
a position k, a genre g, and the number n of generated explanations for a given pair
(u,i1), the frequency fgk of g in k-th position is computed as:

fgk = ||{g | g œ Gk}||
n

(6.4)

where || · || denotes the cardinality of a multiset. Then, all this information is collected
for each user in five lists — one for each of the k positions — of pairs Èg,fgkÍ sorted
by frequency. One can observe that the computed frequency is an estimation of the
probability that a given genre is put in that position within the explanation generated
by LIME-RS sorted by values. Hence, the pair Èg,max(fgk)Í describes the genre with
the highest frequency in the k-th position of the explanation for a pair (u,i1). Finally, it
makes sense to compute the mean µk of the highest probability values in each position
k of the explanations for each pair (u,i1). Formally, by setting a position k, the mean
µk is computed as:

µk =
q|U |

j=1 max(fgk)j

|U | (6.5)

where U is the set of users for whom it was possible to generate a recommendation
for. Observing the value of µk, we can state to what extent LIME-RS is constant in
providing the explanations until the k-th feature: the higher the value of µk, the higher
the constancy of LIME-RS concerning the k-th feature.

By looking at Table 6.2, we can see that for Att-Item-kNN the LIME-RS explanation
model is reliable as long as it considers at most three features in the weighted vector
presented as an explanation of the recommendation. Extending the explanation to four
features, we have a constancy that falls below 65%, while arriving at an explanation
with five features is more likely to run into explanations that exhibit an unacceptably
random behavior. On the other hand, we can see that for VSM the values are much
more stable. In this case, we have a constancy that, regardless of the length of the
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Table 6.2 Constancy of LIME-RS. A value equal to 0 means that the genre(s) provided by
LIME-RS in the first k position(s) is always di�erent (worst case: completely inconstant
behavior); A value equal to 1 means that the genre(s) provided by LIME-RS in the first k
position(s) is always the same (total constancy).

µ1 µ2 µ3 µ4 µ5
Att-Item-kNN

Movielens 1M 0,9130 0,7822 0,6927 0,6288 0,5727
Movielens Small 0,8830 0,7426 0,6639 0,60459 0,5616
Yahoo! Movies 0,9230 0,8016 0,7232 0,6528 0,5830

VSM
Movielens 1M 0,8929 0,7953 0,7729 0,7726 0,7801
Movielens Small 0,9464 0,8636 0,8343 0,8138 0,8049
Yahoo! Movies 0,9732 0,9209 0,8887 0,8884 0,9056

weighted vector of the explanation, stabilizes on average around 80%. An aspect
emerges that will be discussed in detail later: LIME-RS is conditioned by the ability
of the black-box model to discriminate the user’s tastes locally.

With the aim of providing an answer about the adherence to reality of LIME-RS,
we make a comparison between the genres claimed to explain a recommended item and
its actual genres. Indeed, the explanations about an item should fit the list of genres
the item is characterized by. This means that, in an ideal case, all highly weighted
features within the explanation should match the genres of the item. From the results
in Table 6.2, we notice that using Att-Item-kNN the constancy of LIME-RS reaches a
low value after the third feature. Hence, it is a futile e�ort to go deeper in the study
of the explanation. To this aim, we intersected each explanation limited to the set Ek

of its first k genres with the set of genres Fi1 characterizing the first recommended
item, for k = 1,2,3. Upon completion of this operation for all the n explanations
generated for each (u,i1) pair, we computed the number of times we obtained an empty
intersection of these sets, normalized by the total number of explanations n ◊ |U |,
in order to understand to what extent an explanation is (not) adherent to the item.
Formally, for a given value of k, the value adherencek is computed as:

adherencek =
qn◊|U |

j=1
Ë
(Ek flFi1)j = ÿ

È

n◊ |U | (6.6)

where U is the set of users of the dataset for whom it was possible to generate a
recommendation, n is the number of generated explanations for each pair (u,i1), and
by �[· · · ] we mean that we sum 1 if the condition inside [· · · ] is true, and 0 otherwise.
One can note that adherencek œ [0,1], where a value of 1 indicates the worst case in
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which for none of the n explanations under consideration at least one genre of the
item is in the first k features of the explanation. In contrast, the lower the value of
adherencek, the higher the adherence of LIME-RS.

Table 6.3 Adherence of LIME-RS. For value equals to 1 no genre provided by LIME-RS in
the first k real genres of the movie (worst case); For value equals to 0 at least one genre
provided by LIME-RS in the first k genres is always among the real genres of the movie.

adherence1 adherence2 adherence3
Att-Item-kNN

Movielens 1M 0,2774 0,1105 0,0488
Movielens Small 0,2364 0,0651 0,0180
Yahoo! Movies 0,3597 0,1202 0,0476

VSM
Movielens 1M 0,5357 0,2539 0,1088
Movielens Small 0,4384 0,1674 0,0403
Yahoo! Movies 0,1013 0,01348 0,0021

Observing the results from Table 6.3, Att-Item-KNN performs well in terms of
adherence since, in approximately 75% of cases, even considering only the main feature
of the explanation, it falls into the set of the item genres, as for Movielens dataset
family. This performance is a 10% lower for Yahoo! Movies. In contrast with this
result, VSM shows poor performances on both dataset of the Movielens family, by
failing half the time about Movielens 1M as regards adherence. A surprising result
is achieved for Yahoo! Movies dataset because, enlarging the study to the first three
features among the explanation, the error is almost completely absent. The reasons we
found to explain this di�erence in the performances concern the characteristics and
the quality of the dataset, as we highlight later on.

6.4.2 Discussion

This work investigates how well a post-hoc approach based on local surrogates – such as
the LIME-RS algorithm – explains a recommendation. Instead of studying the impact
of explanations on users (that is a well-studied topic in the literature and is beyond
our scope), we focus on objective evidences that could emerge. In this respect, we
have designed specific experiments, which introduced two di�erent metrics, to evaluate
adherence and constancy for this kind of algorithms. For instance, Table 6.2 shows a
di�erent behavior for Att-Item-kNN and VSM. On the one hand, Att-Item-kNN seems
to guarantee a good constancy in explanations up to the third feature. This suggests
that an explanation that exploits the first three features of the list produced by LIME-
RS could be barely considered as reliable (i.e., reaching a constancy of 0.69 on Movielens
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1M). On the other hand, VSM exhibits a much more "stable" behavior, demonstrating in
all cases (except for the first feature with Movielens 1M) better performance than Att-
Item-kNN in terms of constancy, with peaks up to 97%. A straightforward consequence
of these observations could be analyzed in terms of confidence or probability. If the
constancy steadily decreases, it means that the probability that LIME-RS suggests the
same explanatory feature decreases. In practical terms, we could say that LIME-RS
is less confident about its explanation. In fact, this is the behavior of Att-Item-kNN.
Conversely, VSM shows high values of constancy, resulting in a more "deterministic"
behavior. With VSM, LIME-RS is more confident of its explanations. This could
increase user’s trustworthiness, since LIME-RS behavior is more reliable.

However, these results could also be interpreted together with the ones from
Table 6.3. They show how often at least one feature – out of k features provided by
LIME-RS– adheres to the features that describe the item being explained. In other
words, they measure the probability that LIME-RS succeeds in reconstructing at least
one feature of a specific item. Combining the results of Table 6.2 and those of Table 6.3,
Att-Item-kNN, as already mentioned, shows good performance regarding adherence
and identifies 3 times out of 4 the first fundamental feature of the explanation among
those present in the set of features originally associated with the item. As expected,
if the number k of LIME-RS-reconstructed features increases, the number of times
such a set has a nonempty intersection (with the features belonging to the item) – i.e.,
adherence – increases. It could be noted that Att-Item-kNN on Yahoo! Movies shows
the worst behavior in terms of adherence. VSM shows a di�erent behavior. Despite the
excellent performance regarding constancy, it could be observed that on both Movielens
datasets, the performance in terms of adherence is poor, and worse for Movielens 1M
than for Movielens Small. Surprisingly, on Yahoo! Movies, VSM performs much better,
and the errors are almost negligible.

The di�erence between the two models could be due to many reasons. In
the following we analyze possible relations between such behaviors and two of them:
popularity bias in the dataset and characteristics of side information. On the one
hand, if the dataset is a�ected by popularity bias, it would be a well-studied cause of
confusion for LIME-RS. On the other hand, the characteristics of the side information
associated with the datasets could dramatically influence the performance of the two
recommendation models. To assess these hypotheses, we have evaluated (see Table 6.4)
the recommendation lists produced by Att-Item-kNN and VSM considering nDCG,
Hit Rate (HR), Mean Average Precision (MAP), and Mean Reciprocal Rank (MRR).
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Table 6.4 shows that the chosen datasets are strongly a�ected by popularity bias.

Table 6.4 Results of the experiments on the models involved in the experiments. Models are
optimized according to the value of nDCG.

model nDCG Recall HR Precision MAP MRR
Movielens 1m

Random 0,0051 0,0028 0,0869 0,0098 0,0094 0,0264
MostPop 0,0845 0,0379 0,4548 0,104 0,115 0,2205
Att-Item-kNN 0,0229 0,0165 0,2425 0,0383 0,0387 0,0888
VSM 0,0173 0,0109 0,2106 0,0292 0,0306 0,0741

Movielens Small
Random 0,0030 0,0013 0,0492 0,0049 0,0068 0,0205
MostPop 0,0715 0,0389 0,3902 0,0748 0,0912 0,1961
Att-Item-kNN 0,0124 0,0068 0,1459 0,0197 0,0191 0,0484
VSM 0,0085 0,0056 0,1000 0,0111 0,0123 0.0350

Yahoo! Movies
Random 0,0005 0,0008 0,0051 0,0005 0,0005 0,0015
MostPop 0,2188 0,2589 0,596 0,1067 0,1501 0,3447
Att-Item-kNN 0,0215 0,0262 0,1198 0,0132 0,0155 0,0435
VSM 0,0131 0,0171 0,0754 0,0081 0,0092 0,0261

Indeed, MostPop is the best performing approach, and the two "personalized" models
fail to produce accurate results. This triggers the second aspect that concerns the
quality of the content. The results suggest that the side information is not good enough
to boost the recommendation systems in producing meaningful recommendations. In
fact, the three datasets seem to have an informative content that is not adequate to
generate appealing recommendations. We observe that, from an informative point
of view, the Yahoo! Movies dataset is slightly more complete: 22 genres against the
18 genres available on Movielens. Although the VSM model does not show excellent
performance, in combination with LIME-RS, it provides explanations that are very
reliable in terms of constancy (see Table 6.2) and adherence (see Table 6.3) to the
actual content of the items being explained.

From the designer perspective, there is also a pragmatic way to look at the
experimental results. Suppose a developer needs an o�-the-shelf way of generating
explanations for recommendations, and chooses LIME-RS to do that. Our results
suggest that if the explainer employs a Movielens dataset with Att-Item-kNN model,
then it is better to run the explainer several times. Indeed, the first feature obtained for
the explanation could change around 1 time every 5 trials (first column of Table 6.2),
and once such a feature is obtained, it is better to check whether this feature is really
among the ones describing the item, since 1 time out of 4 the feature can be wrong
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(first column of Table 6.3). Moreover, if the explainer employs the Yahoo! Movies
dataset with VSM model, then probably there is no need to run the explainer twice,
since its behavior is constant 97% of the times, while the feature is wrong only 10% of
the times. However, the low performance of such a model is to be taken into account.

6.5 Beyond post-hoc approach
The details that emerged in the previous section highlight how post-hoc approaches
based on local surrogate models may prove ine�ective. The explanations to the
recommendations generated by such an approach may not be calibrated to the user
profile, and one would run the risk of having unreliable justifications.

To make the explanations more e�ective for the user, several solutions have been
proposed that are more likely to meet user-experience criteria. Moreover, some recent
studies [180] straddling XAI and cognitive science have proven that causal explanations
(particularly contrastive and counterfactual ones) are the most accommodating when
it comes to providing an explanation to a generic process.

In order to introduce an approach that is capable of providing this kind of expla-
nation, we will focus this proposal on a recommendation paradigm that takes into
account not only the end user (consumer) but also the provider of the good/service
being recommended. This framework is named Multi Stakeholder RSs (MS-RSs).
Such systems are useful in a real recommendation scenario like e-commerce, where
also the provider of products is involved in the recommendation process. Another
classical scenario is dating, in which the recommendation has to be acceptable to both
kinds of users of the transaction [272]. Following this idea, group RSs were proposed,
with the aim of maximising the utility of each stakeholder in the group [174]. In this
direction, it is clear that the MS-RSs approach is to devise a strategy that includes the
utility of di�erent stakeholders (like in a multi-side approach) and this approach was
generalised to every recommendation task [3, 4]. Burke et al. [48] propose a general
model for MS-RSs, which considers three kinds of users in the loop: the consumer who
receives the recommendation, the system that supports the recommendation process,
and the provider who feeds the system catalogue. Naturally, in the MS-RSs scenario,
all involved kinds of users must be taken into account in the explanation process.
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6.5.1 Notation

In this section, we formally define the viewpoint of each stakeholder, in terms of
both her profile and the recommendation the MS-RSs gives her. This will set our
notation for a formalization of counterfactual explanations of such recommendations
in Sections 6.5.2 and 6.5.3.

In the present study, we envisage two types of stakeholders: consumers and providers
(we leave the inclusion of the MS-RSs utility for future work). We denote the set of all
consumers as C = {c1, c2, . . .}, and the set of providers as P = {p1,p2, . . .}.

Items are enumerated into a set I = {I1, I2, . . .}. To simplify the following formulas,
we represent an item just by its index in I, so that a list of items ÈI3, I7, I2Í (e.g., a
recommendation) will be just a list of natural numbers È3,7,2Í. We do not delve in
this section into the characteristics of items—i.e., their features.

In general, the MS-RSs keeps a profile for each consumer c that collects her
preferences or requirements. In this section, we consider a consumer profile as a list
of items in decreasing consumer preference order: Pc =Èi1, i2, . . .Í—i.e., an ordered
list of items the consumer has chosen (or preferred in the past) the most. The
recommendation process consists of a utility function uc : C ◊ I æ R+. Such a utility
can be represented by an accuracy, diversity, serendipity metric, or any other consumer
utility, with the constraint that uc is such that uc(c, i1) Ø uc(c, i2) Ø uc(c, i3) Ø . . ., i.e.,
the utility is coherent with the consumer’s profile. A recommendation for a consumer
c is an ordered list of items, denoted by Rc = Èi1, i2, . . .Í, meaning that the MS-RSs
suggests the consumer the new item i1 as most suitable, then item i2 as a second
choice, etc. The recommendation must be coherent with the consumer’s utility, i.e.,
uc(c, i1) Ø uc(c, i2) Ø uc(c, i3) Ø . . .

Similarly, the profile of a provider p is a collection of her requirements. In this case,
the provider’s requirements represent some strategy that could maximize e.g., profits,
stock clearance, budget allocation, some other objectives, or a combination of some of
them. Each strategy yields an ordered list of items, Pp =Èi1, i2, i3 . . .Í, with the meaning
that the provider would prefer to sell item i1 the most, then item i2, etc. Observe that
such a set of strategies could be as large as needed, taking into account all possible
choices the provider could make. Similarly to consumers, the recommender implements
a utility function up : P ◊ I æ R+, giving a value to items from the provider’s point
of view, with the constraint that such utility is coherent with the provider’s strategy,
that is, up(p, i1) Ø up(p, i2) Ø up(p, i3) Ø . . .

Considering only the user utility in the recommendation task raises a problem
called “Popularity Bias" [8] in which the RSs suggests the most popular items with
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higher probability than less frequent ones. In this case, the problem was addressed by
spreading diversity in the recommendation task [147]. Yet, approaches that promote
diversity still lack the provider’s perspective.

In a more recent work, Abdollahpouri et al. [2] propose another way to implement
the recommendation task in a MS-RSs setting by using learning-to-reranking method-
ologies. The core problem is to compose the (sometimes) diverging interests of the
two principal stakeholders: consumers and providers. Consumers want a personalized
recommendation list that maximizes their utility, whereas providers want their products
to have a higher probability of being sold. To find a new recommendation list which
reflects a possible equilibrium point between consumer and provider utility functions a
possible approach is to introduce a maximization problem of log-likelihood estimation.
Following the same direction adopted by Abdollahpouri et al. [2] the problem becomes

max
—

L(up|Rc,I) =
mÿ

j=1
log(uc(c, ij))+— ◊ log(up(p, ij))

In this formulation L denotes the loss of the log-likelihood estimation, m is the number
of items presented in the recommendation list Rc. This maximization problem aims to
fine-tune the parameter — to generate the new list of recommendation R

ú
c optimized for

both consumer and provider utility functions. Furthermore, the idea is to provide a new
recommendation list that is not disruptive from the consumer’s viewpoint. Hence, R

ú
c

is expected to be as similar as possible to Rc and this similarity could be expressed by
a distance measure like the Kendall tau. This metric operates on the relative pairwise
order of the items between the two lists to measure their di�erence.

Considering these two aspects, it is possible to introduce a new formulation for the
generation of R

ú
c in the form of

min
—,“

L(up|Rc,I) = L(up|I)+“(1≠ K̂(Rc,R
ú
c))

The first term is referred to the optimization problem for generation R
ú
c considering both

consumer- and provider utilities. The term K̂(Rc,R
ú
c) is the kernel-ized version [117]

of the Kendall tau distance that regularized the loss as a similarity-based distance
of R

ú
c from the original Rc, while — are the weights of the optimized functions and

“ is a hyper-parameter responsible for balancing the e�ect between the two terms of
optimization.
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6.5.2 Counterfactual Explanation

We now discuss counterfactual explanations in the context of MS-RSs. Counterfactual
explanations follow the causality theory by Halpern et al. [102] for generating an
explanation. Explanations depending on causality have not yet stood out in the RSs
research area, but recently they are starting to attract interest.

We consider this kind of approach as the most suitable for MS-RSs, since we
can distinguish between consumer-side and provider-side explanations, where each
explanation does not reveal to a stakeholder the other stakeholders’ preferences—as
they are seen as exogenous causes.

Depending on the granularity of events, the computation of an explanation could
change considerably. In the approach Verdeaux et al. [253], the events that cause a
change in a consumer’s recommendation list are purchases of single items; eliminating a
suitable subset of such events would cause a rearrangement in the recommendation list,
pushing lower items upwards. In that case, choosing a minimal set of purchases that
change the consumer’s preferences can be a computationally intractable problem [77].
However, for simplicity, in this study we treat the entire profile as an event, simplifying
the search for a counterfactual cause of the recommendation to a simple rearrangement
of the profile—in the simplest case, just a change in the first item. In this way, we
decouple our analysis from computational problems, which we will deal with in future
works. Explanations from the provider’s perspective follow a similar approach: the
endogenous cause of a particular recommendation to the consumer is the provider’s
strategy, that is, his profile as an ordered list of items. A counterfactual explanation
looks for another strategy the provider could have chosen, which would have changed
the recommendation.

More formally, a counterfactual explanation of a recommendation R
ú
c for a consumer

c, with profile Pc, is a pair (P Õ
c,R

úÕ
c ), where both Pc ”= P

Õ
c and R

ú
c ”= R

úÕ
c , to be interpreted

as follows: “Had Consumer c the profile P
Õ
c, the MS-RSs would recommend R

úÕ
c instead

of R
ú
c”.

In the simplest case, the recommender could focus on the first item of each list,
providing an explanation of the following form: “I recommended you Apple Phone XS
because based on your profile, you preferred Samsung Galaxy S21 the most; if your
most preferred item were Samsung Galaxy S10, I would suggest you Google Pixel 5
instead”.

On the provider’s side, supposing the provider chose the strategy Pp, a counterfactual
explanation of a recommendation R

ú
c given to a consumer c, is a pair (P Õ

p,R
úÕ
c ), where
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both Pp ”= P
Õ
p and R

ú
c ”= R

úÕ
c , to be interpreted as follows: “Had provider p a di�erent

strategy P
Õ
p, the MS-RSs would have recommended to c the new list R

úÕ
c ”.

Again, the simplest of such explanations would be to focus on one element only;
for example: “I recommended to Early adopter #1 the item Google Pixel 5 because
Google Pixel 5 was the first one in your priority list; had you chosen Strategy P

Õ
p, whose

most prominent item is Samsung Galaxy S10, I would put this item in Early adopter
#1 ’s recommendation”.

Summarizing, counterfactual explanations never reveal to a stakeholder the other
stakeholder’s preferences, since they refer always to each stakeholder’s own choices.

In their work, Halpern&Pearl identify two kinds of events, exogenous and endogenous.
The former are determined by external factors and define the context. The latter are
the factors an agent can change to influence a result and are in this way the expected
causes of that result. In our MS-RSs scenario, we consider that events are exogenous
or endogenous based on a stakeholder’s perspective: namely, each stakeholder sees
her actions as endogenous events, while all events corresponding to other stakeholder
choices are exogenous.

Clearly, in a MS-RSs scenario, the only choices stakeholders can make are about
their profile: a consumer might change her list of preferred items, while a provider
might change his strategy. Consequently, we consider as events of our causal theory of
counterfactuals the stakeholders’ profiles.

6.5.3 Contrastive explanations.

Exploiting the formal models of causation by Halpern& Pearl and extending the
causal chain definition provided by Hilton et al. [116], Miller [180] proposed contrastive
explanations in the context of classical eXplainable Artificial Intelligence (XAI) for
classification tasks. With the contrastive explanation, one wants to answer the question
”Why P and not Q?”. For example, a XAI system classifying pictures of animals should
be able to justify its outcome by answering questions like, “Why did you classify that
photo as a spider and not as a crab?” Of course, a contrastive explanation presumes
that the user of the system already knows in some way the items to be contrasted.—in
the previous example, the classes of spiders and crabs.

While this type of approach is claimed by Miller to be very e�ective in the context
of XAI, when moving to the context of MS-RSs, however, it seems unsuitable because
it may reveal indirectly other stakeholder’s preferences. To make an example, suppose
that a consumer already knows items Apple Phone XS and Samsung Galaxy S21, and
suppose such items are completely equivalent from the consumer’s perspective; yet the



132 Explicable Recommendations (post-hoc): critical issues and new proposals

MS-RSs recommended Apple Phone XS in a privileged position over Samsung Galaxy
S21, just because this ordering meets the preferences of the provider. A contrastive
explanation to the consumer question “Why did you put Samsung Galaxy S21 so lower
than Apple Phone XS if I like them both?” would have in this case no reason to put
forward, but the provider’s preferences. No possible answer to the consumer seems
both adequate and trustworthy here. The provider’s side contrastive explanations
su�er from the same drawback: answering about the reasons of a big discrepancy
in the recommendation of very similar—from the provider’s preferences—items may
reveal some consumer’s preferences that she might have declared as private knowledge—
information that MS-RSs is not authorized to reveal, adhering to EU GDPR, or other
non-EU legislation.

6.6 Summary
In this first part of the chapter we shed a first light on the e�ectiveness of LIME-RS
as a black-box explanation model in a recommendation scenario. We propose two
di�erent measures to understand how reliable an explanation based on LIME-RS is:
(i) constancy was used to assess the impact of the random sampling phase of LIME-
RS on the provided explanation – ideally the explanation should remain constant in
spite of the sample used to obtain it; (ii) adherence was proposed to understand the
reconstructive power of LIME-RS with respect to the features that belong to the item
involved in the explanation – ideally, LIME-RS should provide an explanation that
always adheres to the actual features of the recommended item.

To test both constancy and adherence, we trained and optimized two content-based
recommendation models: Attribute Item-kNN (Att-Item-kNN), and a classical Vector
Space Model. For each model, and for all datasets exploited in the study, we generated
recommendation lists for all users. We exploited the first item of these top-10 lists to
produce the explanations that were then the subject of our investigation. It turned out
that for models built with a large collaborative input such as Att-Item-kNN, LIME-RS
produces fairly constant explanations up to a length of three features. Moreover, these
explanations turn out to be adherent with respect to the item between 65% and 75%
of the cases in which only the first feature of the weighted vector of explanations
is considered. VSM shows a di�erent behavior where explanations are much more
constant, but su�er a lot in terms of adherence, except for the Yahoo! Movies dataset
for which the explanation model showed outstanding performance despite the poor
ability of VSM to provide sound recommendations to users.



6.6 Summary 133

In our experiments, some evidence started to emerge highlighting that the adopted
explanation model is conditioned not only by the accuracy of the black-box model
it tries to explain but also by the quality of the side information used to train the
model. The latter result deserves to be adequately investigated to search for a link at a
higher level of detail. We plan to apply our experiments also to other recommendation
models, to see whether the problems with adherence and constancy that we found for
the two tested models show up also in other situations. We will also investigate what
impact structured knowledge has on this performance by exploiting models capable of
leveraging this type of content. In addition, it would also be the case to try di�erent
reference domains with richer datasets of side information to understand what impact
content quality has on this type of explainer.

Finally, the second part of this chapter was devoted to formalizing a type of
explanation derived from the causal approach, known in XAI as a counterfactual-type
explanation. To contextualize these explanations, we motivated a Multi-Stakeholder
recommendation scenario in which the di�erent actors involved in the recommendation
process are made explicit. In this scenario, each stakeholder provides the system with
private information that may not be disclosed to other stakeholders. An explanation
based on counterfactuals comes o�best since it can be based on the choices of each
stakeholder without revealing the other’s reserved information.





Chapter 7

Closing Remarks

An examination of the four themes that came up most often in our work—recommendation,
reproducibility, beyond accuracy metrics, and explanation—was the first step in the
process of writing this dissertation. In the end, we devised a synthesis of all of them and
included an additional idea called personalization. The multitude of issues that served
as the impetus for this three-year project not only provided us with the opportunity
to investigate and suggest some possible answers but also made it possible for us to
become aware of brand-new prospects.

In Chapter 3, we have first introduced Elliot, a new comprehensive framework RSs
evaluation. The initial step that encouraged us to investigate the issue of reproducibility
in RSs was the concept of having a tool that is able to manage an experimental pipeline
and rigorously assess the performance of various recommendation models in a consistent
manner. We compiled a list of the most e�ective procedures for each stage of the
pipeline after being motivated to do so by the many works that have followed this line
of inquiry over the course of the last several years. We combined them into a single
software application that is able to provide both academics and practitioners with a
straightforward user experience when they run an evaluation spanning di�erent RSs
models.

Inspired by Elliot’s massive community-wide adoption, we set out to prove, on the
one hand, how simple it is to reproduce results when the parameters of an experiment
(dataset splitting, evaluation process, and metrics) are clear and well-defined. On the
other hand, we built a comprehensive analysis of the many advanced models that
belong to the CF family. The latter analysis demonstrated that the newest models
are not always the most promising ones (in terms of accuracy), and that frequently
the most historically established approaches still perform well if the testbed is the
one that is built around best practices (dataset, splitting, and evaluation protocol),
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which are widely utilized in the academic community. These discoveries are presented
in Chapter 4, along with in-depth research into metrics that go beyond accuracy, which
is added to the accuracy analysis. From this standpoint, we can see that the accuracy
performance only occasionally weakens the performance of novelty, diversity, or bias.
On the other hand, it is still of the opinion that it is impossible to produce a definitive
ranking among all of these models to identify which is the finest.

Following this line of research regarding performance concerning beyond accuracy
metrics, we shifted our focus to the latest recommendation approaches. In chapter 5,
we introduce the family of RSs on a graph-based approach. They indeed represent one
of the latest innovations introduced in this area to increase the level of personalization
provided to users through recommendations. The investigation aimed to understand
how this race toward greater accuracy combined novelty/diversity performance and
Consumer and Provide Fairness (CP-fairness) issues. Based on this analysis and
scrupulously analyzing the working mechanism of these models, we proposed revisiting
classical message passing. This new formulation is the basis of the Edge Graph
Collaborative Filtering (EDGCF) model presented in Section 5.6, which we have
proven to be capable of generating accurate suggestions and providing low-polarized
recommendations on the most popular items in the catalog.

Finally, building on the analysis of beyond-accuracy metrics and their importance in
ensuring a better user experience for the final consumer of the suggestions, we addressed
another crucial issue in the area of RSs (and one that turns out to be one of the pillars
of Responsible AI): the generation of explanations to support the recommendations
provided to the user. This area of interest has undergirded the entire research period
of these three doctoral years and has been fundamental to my research period. We
started from the assumption that to generate good explanations, there is a need for
recommendations that are highly calibrated to the user, and how can we provide an
explanation approach if the results of a recommendation model are not replicable?
What sensible explanation can I provide to a user if I recommend a very popular item
in his or her community of neighbors? These are the questions that prompted the
outline work concerning this initial embryo of my research, which prompted me to open
the horizon toward the issues dear to Responsible AI. The last chapter of this thesis
analyzes the criticalities of a post-hoc explanation approach proposed for RSs. Through
an experimental process, we showed how it is crucial to center explanations on the user
preference model rather than the recommendation model. In addition, we proposed a
formal model for generating counterfactual-type explanations for a particular class of
RSs. This formal model embraces not only the idea of having a system with several
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actors in a play to satisfy when it comes to the recommendation process, but it also
adds an interesting perspective on handling sensitive information that should not be
revealed during the explanation. This latter aspect must be addressed or investigated
adequately in works dealing with this sphere of interest.

This is the goal that we have set out to accomplish, or more precisely, this is the
goal that I have set out to accomplish with the help, support, collaboration, and
encouragement of my collegues. I have made an attempt to contribute a little bit
to the scientific community, but I am fully aware that my e�orts are negligible in
compared to the larger body of work. Nevertheless, I will continue to make these
kinds of contributions. I am fully aware that no matter how much I study, develop,
experiment, or write, I will never be able to completely eliminate the risk that I may
make mistakes. I wouldn’t have been able to learn anything new or improve the
way I do things if I hadn’t been subjected to things like rejection and failure in the
past. Without the curiosity that pushes me and us forward, I doubt we would have
accomplished the amazing things we have, nor would our researcher e�ort have been
as powerful as it has been.
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