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> Automated book recommendation is a compelling application given the rich and long-standing human tradition of writing
and reading. The documented discrimination in the publishing world raises questions on the types of bias that can arise
when algorithms are trained on user-book interactions. Various papers have studied recommender systems bias based on
datasets from platforms where users share their opinions on books. In this paper, we conduct the first survey of computer
science research on bias in book recommender systems. We survey 40 papers from top conferences and journals using the
structured PRISMA methodology and provide an overview of the field. We map the existing literature into bias types, subjects
and actions, and present key metrics and bias mitigation methods. We find that there is limited targeted research, fragmented
evaluation practices, and a lack of engagement with the unique characteristics of the literary domain. Finally, we propose
avenues for future work and make concrete suggestions for interdisciplinary research.
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1 Introduction

Online book recommendation has existed for a long time and influences worldwide consumption patterns.
For example, Amazon-owned Goodreads is a book-centric social media platform very popular among readers
internationally. The datafication of reading patterns which drives their recommender system also has a strong
commercial interest for authors, publishers and booksellers [2]. Recently, virality seems to be an important factor
in the book market, with the rise of online communities hosted in social media such as TikTok and YouTube that
often decide which books will be chosen for publication [11]. In the public library sector, there are attempts to
utilize Al systems that recommend books to users while ensuring that central library values are being adhered to
[73]. In this context, there have been multiple calls to promote diverse books from librarian associations and
Library & Information Science (LIS) researchers [12]. It is, therefore, pertinent to investigate what is the effect of
automated suggestion systems on book consumption. Do they propagate the status quo in the book market? Do
they expose users to options they would otherwise not be aware of?

Bias in book recommender systems has received some attention in computer science research, but to our
knowledge no comprehensive literature review on this topic currently exists. There are general surveys of bias
in either machine learning (e.g., Mehrabi et al. [41]) or recommender systems in particular (e.g., Chen et al.
[7]). These surveys provide valuable frameworks that establish how bias emerges as a result of the interaction
between various system components. However, book recommendation warrants targeted analysis distinct from
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these broader surveys, especially in order to support researchers who study book recommendation bias by
providing a structured map of the research landscape. Recommender systems are an explicitly applied discipline,
and conclusions are dependent on the unique characteristics of the domain at hand. Previous surveys cover a
wide ground, and thus do not facilitate readers in recognizing what has been studied, what remains fragmented
and where gaps exist when it comes to book recommendation specifically It is very relevant, for example, to
examine whether some types of biases are more prevalent in book-specific research while others have never
been systematically studied, and this information is not immediately discernible in existing surveys due to their
generality. Bias needs to be considered on a domain basis, especially since it is a complex term that is known to be
inconsistently used. This is regardless of whether the method proposed to measure or mitigate bias explicitly takes
into consideration characteristics of the dataset that are beyond statistical properties. Even statistical properties
like popularity manifest differently between domains. A movie being popular among general audiences is not
equivalent to a book being popular given the difference in time dedication between the two and the downward
trends of reading [21]. It follows that to ensure scientific advancement, it is beneficial to monitor the research
output of measuring and mitigating recommendation bias as it pertains to the unique characteristics of the book
domain.

In this survey, we aim to contribute to the field of bias in book recommender systems by presenting and
summarizing the latest research, as well as highlighting what is missing and what avenues future research could
follow:.

Our research questions are as follows:

(1) What is the current state of research on bias perpetuated by algorithmic systems that recommend books?
(2) What are the challenges, research gaps, and future paths related to this research?

To answer these questions, we survey 40 papers from top-tier computer science venues (journals and conference
proceedings) that study bias in book recommender systems. We present the process followed to collect these
papers in a structured way with the help of the PRISMA methodology [53]. We provide general statistics across
a set of dimensions such as publication details, prediction task, and type of feedback. We then categorize the
papers based on the type of bias they investigate, interaction-based or attribute-based; the bias subject, item
or user; and the action they perform, bias measurement or mitigation. Finally, we discuss insights, gaps, and
future work that is relevant for the domain. Published research on bias in book recommender systems is limited
compared to other media applications. In recent years the field has expanded, with significant attention being
given to popularity bias. However, we notice that studies often do not sufficiently engage with the fact that they
are studying bias in a book dataset and rather usually treat it as one more benchmark dataset frequently used by
the recommender systems community. Additionally, computer science research does not seem to build on LIS
work around what the risks of automated systems that recommend books are. This observation leaves a lot of
room for fruitful between-fields collaborations in the future.

The paper is structured as follows. In section 2, we provide background on recommender systems, bias, and
recommendation in the library. In section 3, we discuss other surveys in recommender systems. In section 4, we
describe our methodology for collecting and analyzing papers. In section 5, we present the results of our survey.
In section 6, we discuss our insights into gaps and challenges of the domain. In section 7, we provide a short
summary and conclusion.

2 Background
2.1 Recommender systems research

In the vast and ever-expanding information space, users struggle with finding items relevant or useful to them.
Recommender systems’ main role is to automate the process of suggesting items to users in a given context.
Various features of a system are considered when such a process takes place, from characteristics of the items
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to user demographics and consumption history to requirements of the platform that hosts them. Research into
recommender systems often operates by simulating and studying one or more systems, due to the often limited
access to real systems. Adopting a simulation process assumes the existence of features that an algorithm can
exploit to make recommendations. Researchers employ various strategies to construct datasets with features: they
scrape web applications, access APIs set up by these applications, do user studies, and more [93]. These datasets
in practice often take the form of user - item - interaction, with interaction being click, score, purchase, or other.
Depending on the domain and source, further knowledge is sometimes available, such as information on the
user (e.g., gender, age) and item (e.g., publication year, genre, creator). Algorithms are trained to construct high-
dimensional relationships between users and items in the dataset via computational techniques such as encoding
user history (collaborative filtering), analyzing item features (content-based filtering), or hybrid combinations [62].
Given access to a dataset, researchers evaluate a set of algorithms usually by training them on one part of the
dataset and testing them on another, as is commonly done in machine learning. Finally, researchers report on
the algorithm’s ‘success’ in modeling the dataset based on calculating a set of metrics in the recommended lists
produced by the algorithm [25].

2.2 Bias in recommendation

Algorithmic success in recommendation is relative. Traditionally, algorithms have been trained to accurately
predict the structure of the test set by, for example, producing ranked lists of recommendations that closely
resemble what users have actually interacted with in the test set. As the field progressed, various beyond-accuracy
metrics have been proposed with the goal of encapsulating more than what accuracy metrics do [40]. Criteria
such as diversity and novelty are considered equally critical components of success, both with user satisfaction
and business interests in mind. At the same time, the concept of bias has received attention recently, both in
recommender systems and Al applications in general. According to Ferrara [19], bias is defined as a “systematic
error in decision-making processes that results in unfair outcomes” that stems from Al systems learning biased
patterns in the training data and accordingly replicating them in their outcomes.

In recommender systems, bias can appear in various stages of the process. Chen et al. [7] distinguish three
points where bias occurs: in the data, in the model, and in the results. Data bias occurs due to the fact that
data is usually collected observationally, and it therefore does not necessarily match the underlying preference
distribution of the users (e.g., selection bias, position bias). Model bias is a result of the assumptions made by a
model to generalize beyond the training data. Finally, result bias refers to the discrimination towards a group of
users or items in the output of the recommendation. Measuring result bias involves the estimation of whether a
system malfunctions for a set of users or items that have common properties. There are multiple ways to view
said bias, such as underrepresentation, inability to provide satisfactory recommendations, and stereotyping. Chen
et al. [7] propose that two important types of result bias have been studied, namely popularity bias and unfairness.
They define them as follows:

» Popularity Bias. Popular items are recommended even more frequently than their popularity would
warrant.

« Unfairness. The system systematically and unfairly discriminates against certain individuals or groups of
individuals in favor of others.

There are various ways to categorize bias in recommender systems research. In this survey, we are interested in
bias in the results and we build on Chen et al’s categorization by generalizing it into interaction-based bias and
attribute-based bias based on measurement strategy (see Section 5.1). Interaction-based bias relates to patterns
within the user-item interaction data. It is based on properties like item popularity, user activity level, or rating
distributions that can be observed directly from the interaction data without adding external information. For
example, a system suffering from popularity bias recommends popular books disproportionately often. In contrast,

ACM Trans. Recomm. Syst.



4 « S.Daniil et al.

attribute-based bias involves characteristics external to the interaction data, such as author gender or user age,
which must be added separately to measure. For instance, a system might produce worse recommendations for
younger users. Bias impacts multiple stakeholders; for example, a system that suffers from popularity bias might
recommend popular items even to users who prefer niche items [1]. In this survey, we distinguish between item
and user bias subjects.

2.3 Recommendation in the library

Libraries have always served as institutions dedicated to knowledge dissemination and cultural preservation,
ensuring equal access to information through carefully structured classification systems, catalogs, and personalized
librarian recommendations [58]. As digital technologies increasingly mediate the way users access information
and knowledge, libraries have adapted by integrating information technology while upholding their core values
of transparency, fairness, and inclusivity [67, 94]. The expansion of digital library collections and user-driven
discovery tools has prompted technological interventions that balance traditional library functions with modern
user expectations and needs [60].

One significant shift has been the transformation of book discovery processes. Users accustomed to commercial
platforms like Goodreads now anticipate similar recommendation services from libraries [46]. Traditionally,
recommendations in libraries relied on expert curation, classification frameworks, and reader advisory services,
which helped users find materials suited to their interests, academic level, or thematic preferences [64]. However,
these methods were inherently constrained by collection size and human effort. The introduction of Online Public
Access Catalogs (OPACs) improved book retrieval through structured metadata but lacked the ability to offer
personalized suggestions. Al-driven recommender systems showed the possibility to transform the process into
a more dynamic and user-centric experience [74]. Libraries contain extensive user data, maintaining detailed
records of patrons, including demographic information and reading habits which can collectively amount to
millions of records [52, 59]. Because of such extensive and rich data they are in a unique position to develop
personalized recommendation systems. The implementation of such systems in libraries has several advantages,
top most among them being improved accessibility. Personalized book discovery can help users navigate extensive
collections more efficiently and engage with materials that align with their interests [47]. Librarians also benefit
from these systems, as they get assistance in curating personalized reading lists for patrons, streamlining the
advisory process [68]. Moreover, automated recommendation models can facilitate the discovery of lesser-known
works, ensuring that underrepresented authors and forgotten titles gain visibility within library collections.

Despite these advantages, such systems also raise concerns regarding bias, inclusivity, and fairness. Libraries, as
institutions are fundamentally committed to equal access and being fair to all [4]. Hence they need to be especially
mindful of the biases that can emerge when automating the recommendation process. One key issue is bias in
training data. Many recommendation systems rely on a subset of a big dataset containing metadata, indexing,
lending data, user ratings, and reviews, which may already reflect existing disparities [27]. A study on the Library
of Congress subject headings found that, while online catalogs improved discoverability, subject headings still
failed to adequately represent African American Studies resources [9]. If similar metadata and subject headings
are used in training recommender systems, they may perpetuate the same biases, leading to underrepresentation
or misrepresentation of certain works. Biases of this nature are not new to libraries. Collection bias arises when
certain voices and perspectives are underrepresented in library holdings, often due to historical publishing
trends and selection practices [27]. Cataloging bias manifests in the way books are classified and indexed, with
traditional systems like the Dewey Decimal Classification (DDC) and Library of Congress Classification (LCC)
reflecting Eurocentric structures that can marginalize non-Western and diverse knowledge systems [38]. Bias can
be implicit when it is unconsciously introduced by library staff during collection development and cataloging.
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This bias stems from their own cultural and social influences, which can shape the materials they select and how
they categorize them, even without intentional prejudice [70].

A real-world example of the risks associated with biased Al-driven book recommendation systems can be seen
in the 2024 Fable Al controversy [20, 24]. Fable, a reading, tracking, and social media app similar to Goodreads,
deployed an OpenAl software to generate personalized end-of-year reading summaries for users. However, the
Al exhibited significant racial and gender biases, producing offensive and exclusionary remarks such as:

“Your journey dives deep into the heart of Black narratives and transformative tales, leaving mainstream stories
gasping for air. Don’t forget to surface for the occasional white author, okay?”

Given that Fable has been integrated into multiple public library memberships in the United States!, this
incident underscores the potential risks of unchecked bias in library book recommendation systems. It highlights
how biases in training data and algorithmic decision-making can lead to stereotyping and exclusion, reinforcing
dominant literary trends rather than supporting diverse narratives. To avoid similar pitfalls it is important to
consider not only technical adjustments but also the documented biases and non-inclusive practices. Fortunately,
libraries have studied these biases and challenges extensively: for example, Warburton et al. [79] discussed
the structural biases in the traditional hierarchical library classification systems. Cirasella [8] identified four
structural barriers that inhibit equitable representation in collections, while Olson [50] has examined how naming
in indexing systems can marginalise certain identities and worldviews. To address these issues, libraries have
developed structured frameworks and tools to evaluate and reduce bias. Resources such as the Anti-racist Library
Collection Building Workbook by the University of Colorado Boulder Libraries [72] provide guidelines to help
professionals assess their collections for inclusivity. Such a framework can be directly applied to enhance the
fairness of recommendation algorithms. For instance, questions such as “Are selection filters potentially eliminating
materials that don’t conform to a white scholarly worldview?” can be adapted to identify and address biases in Al
systems. Various frameworks of enacting inclusivity and justice within library services have been proposed by
LIS scholars [28, 37, 39, 86].

Even though the LIS research provides valuable insights into the challenges of delivering inclusive book
recommendations [64] and can highlight the potential risks [10], the intersection between LIS and computer
science research appears narrow. We hypothesize that this is due to difference in terminologies used to describe
similar concepts. For example, LIS researchers may use terms like “injustice, “inequality”, “disparity” to talk about
”bias”, or "library discovery,” “information seeking,” to describe “recommender systems”. We used LIS-specific
terminology in our searches such as library discovery, discovery system, cataloging bias, and Al in libraries,
but the results focused on broad or conceptual treatments of Al rather than studies isolating recommendation
bias as a research topic. Our searches showed that very little of this scholarship focuses specifically on bias in
book recommender systems. Even when Al or algorithmic tools are mentioned, recommender systems typically
appear only as one illustrative case of technological change, rather than as a primary subject of study. This
reflects a disciplinary difference in scope and vocabulary and for this reason we incorporated LIS scholarship
through a targeted, unstructured synthesis, that highlights its conceptual foundations and demonstrate how
these insights can inform interdisciplinary work. In Section 9.3, we provide concrete recommendations towards
interdisciplinarity in bias in book recommendation research.

3 Surveys in recommender systems

In this section, we discuss papers that either survey work on book recommender systems, or on bias in recom-
mender systems, either generally or in a media-related domain. We focus on how they conduct paper collection
and analysis, when explicitly described, as well as their main findings and conclusions.

Thttps://smcl.org/blogs/post/join-us-on-fable-a-book-club-app-for-social-reading/ (accessed 26 March 2025)
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Two papers conduct surveys on book recommender systems more broadly. Alharthi et al. [3] survey over 30
published papers that address book recommendation. They classify book recommender systems into 6 categories
based on which book features they take into account. They list the following challenges and future research for the
field in general: recommending textual items, the effect of mood, recommending books to non-readers, the long-
tail problem, recommending audiobooks, assuming a reading model when recommending books, the confusion
that translated books might cause, and others. Anwar et al. [5] specifically focus on machine learning-based
book recommendation. They survey several databases such as Google Scholar and Scopus by querying terms
like ‘book recommender systems’. Out of the resulting 100 papers, they go through abstracts and conclusions to
choose those where machine learning is used. They classify these papers into the following 6 categories based on
the type of machine learning that is used: classification-based, KNN-based, SVM-based, neural network-based,
association rule mining-based, and clustering-based. They trace the following future research perspectives: user
privacy, incorporation of contextual information such as mood, and exploration of additional machine learning
techniques. These surveys provide valuable insight into automated book recommendation, but do not examine
issues of bias that arise from the process.

Topics such as bias and fairness have been the focus of recent surveys in recommender systems. Chen et al. [7]
extensively review the topic of bias and debias in recommender systems, motivated by the field’s fragmentation
and the inconsistent ways in which researchers use the term ‘bias’ and its subcategories. They survey over 180
papers between 2010 and 2021 by querying top-tier recommender systems venues with keywords related to bias
and recommendation, and traversing the citation graphs afterwards. They classify the papers into the following
categories: data bias, which is present in the data, model bias, which is induced by the model itself, and result
bias, which is present in the recommendation. They further break down the category of data bias into selection,
exposure, conformity, and position bias, and result bias into popularity bias and unfairness, and present common
debiasing methods for each subcategory. Finally, they discuss open issues relevant for future work, such as
issues with evaluation, the fact that bias is not always a negative phenomenon, and trade-offs between accuracy
and fairness in recommendation. Wang et al. [77] are prompted by the scatteredness of research on fairness in
recommendation. They survey more than 60 papers on fairness in recommender systems published between
2017 to 2022 at top-tier information retrieval venues and group fairness definitions into process and outcome
fairness, which they further group based on the target and concept. They also classify fairness issues based on the
following concepts: subjects (user, item, joint), granularity (single, amortized), and optimization object (treatment,
impact). They proceed to list various ways that researchers measure and implement fairness, as well as datasets
commonly used in literature (they do not mention any book datasets). Finally, they pinpoint future directions
for fairness research which they group into 4 pillars: definition, evaluation, algorithm design, and explanation.
We are inspired by the frameworks constructed by these surveys to track the different kinds of bias and bias
mitigation. Our added contribution is the emphasis on book datasets, as well as issues that specifically concern
the book domain.

As we mentioned already, to our knowledge no survey on bias in book recommender systems has been
published. However, there are papers that review bias in a different subdomain of media recommendation, namely
music. Ospitia-Medina et al. [51] review literature around music recommendation to summarize how and why
bias occurs in such systems, as well as put forward relevant guidelines. They perform two separate queries: one
over the whole literature for mostly recent papers that are about (bias in) music recommender systems, and one
for papers after 2022 that relate to musical datasets. They discuss recommendation techniques that have been
used in music recommendation, and then zoom in on bias for which they collected 9 papers and which they
categorize as preexisting, technical, and emergent in accordance with Friedman and Nissenbaum [22]. For each
category of bias, they provide a list of guidelines on how it should be handled. In a mini review, Dinnissen and
Bauer [16] adopt a stakeholder-centered perspective when surveying literature that addresses fairness in music
recommender systems by classifying it based on the relevant stakeholder: user, provider, or multi-stakeholder.
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They also make a note of whether each paper was improvement-focused, what kind of methodology they used,
what was the topic, which fairness attributes they considered, and which dataset they employed. As main findings,
they highlight the abundance of work that only analyzes fairness instead of proposing improvements, the focus on
gender bias despite a limiting binary view, the relevance of popularity bias, as well as the overuse of datasets that
stem from Last.fm. Similarly to these surveys, we focus on a domain and distill the unique gaps and challenges.

4 Paper selection and analysis methodology

In this section, we describe the process followed for paper selection, as well as the difficulties we faced and the
strategies that we eventually abandoned. Additionally, we present the dimensions that we defined in order to
efficiently analyze the selected papers.

The field of recommender systems has a large body of work. A general search on Google Scholar for the term
‘bias in book recommendation’ yields more than one million results, the majority of which are irrelevant to
our topic of interest; the terms ‘book’, ‘bias’ and ‘recommend’ are common enough due to polysemy and can
therefore appear in many different scientific contexts. Our first attempt at addressing this issue was by restricting
the terms ‘book’, ‘bias’ and ‘recommend’ (and their variants) to appear in the title of the paper when querying
Google Scholar and Scopus, which resulted in 252 documents. However, after careful consideration of the results,
we only came up with 5 papers; the rest were either duplicates, not retrievable, not related to the topic of bias in
book recommendation, not a full scientific paper but rather a poster or slide deck, etc.

In order to appropriately (but not overly) restrict the literature space, as well as obtain high-quality research, we
looked into a set of reputable registries that often publish research on recommender systems. Between October 9th
and November 7th of 2024, we queried the following sources: the journals Information Processing & Management
(Elsevier), Transactions on Knowledge and Data Engineering (IEEE), User Modeling and User-Adapted Interaction
(Springer), and Data Mining and Knowledge Discovery (Springer), the proceedings of the International Workshop on
Algorithmic Bias in Search and Recommendation (Springer) and the European Conference on Information Retrieval
(Springer), and the entire ACM digital library. To target research into bias in book recommendation systems, we
looked for papers that contained the terms ‘bias’ and ‘recommender’ as well as mentioned at least one of the
following datasets with user-book interactions: Goodreads, Book-Crossing, Amazon-books, and LibraryThing.
To our knowledge, most datasets with user-book interactions come from these web sources. We were inspired
by PRISMA (Preferred Reporting Items for Systematic reviews and Meta-Analyses) [53] to follow a structured
approach for the paper retrieval documentation. See figure 1 for how we reached the final number of 40 studies
included in this survey.

The search on the selected sources resulted in 357 papers, which we combined with the 5 papers from Google
Scholar and Scopus, and removed 2 duplicates. We then screened the papers by reading the title and abstract, as
well as noting in what context they used each of the queried terms (i.e., ‘bias’ and ‘recommender’). Accordingly,
we discarded papers for being entirely out of scope (e.g., not being at all about bias). We could retrieve all 54
remaining papers. After carefully reading through them, we discarded 14 for the following reasons:

« 3 are earlier versions of papers also in the set (i.e., conference papers prior to becoming journal papers)
+ 3 are not about bias in recommender systems

+ 4 mention bias as a topic only tangentially related to their research

+ 2 are not about model bias

+ 11is only tangentially related to recommender systems

« 1 includes all book dataset-related results only in the Appendix

Our final set includes 40 papers. To study these papers, we annotated them along the following set of dimensions:

« Basic: Title, Author(s), Link, Year of publication, Venue, Publisher
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Fig. 1. PRISMA 2020 flow diagram for systematic reviews showing how an initial collection of 362 studies were reduced to
the final 40 studies included in this survey.
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« Bias: Problem statement, Bias definition, Bias subject(s) (User and/or Item), Bias type(s) (Interaction-based
or Attribute-based), Acknowledgment of book domain

« Data: Dataset(s) used, Dataset preprocessing, Type(s) of feedback (Implicit or Explicit)

« Algorithmic: Algorithm(s) used, Prediction task(s) (Rating or Ranking), Framework (e.g., Python library
or Original implementation), Hyperparameter tuning, Code availability

+ Methodology: Action (Measuring or Mitigating bias), Method, Metric(s)

 Results: Result(s) on the book dataset
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Since the bias dimension is the main topic of this survey, we will further explain its subcategories. Problem
statement refers to the main issue that each paper attempts to address. Bias definition corresponds to whether the
authors explicitly define (with their own words or through a citation) what bias means in the given system and
what the definition is. Bias subject is equivalent to the stakeholder that is subject to the bias in question, which
could be the user, the book, or more specifically the author, publisher, topic etc of the book. Bias type is the kind of
bias that the paper addresses, either Interaction-based bias or Attribute-based bias. Additionally, for this dimension
we keep track of which interaction or external aspect is of relevance, for example, book popularity, user activity
(interaction-based bias), author gender, book topic (attribute-based bias) etc. Finally, Acknowledgment of book
domain is used to note whether a given paper engages with the fact that the items at hand are books, either
passively or actively.

The repository where we kept track of the collection and analysis process, including the final table with all
papers and dimensions filled, has been made publicly available?.

5 A framework for bias in book recommendation

This section presents a structured overview of the 40 papers included in this survey. Table 1 lists all the papers
along with their main features. The majority of computer science research on bias in book recommender systems
is within the last few years, and the papers we included are scattered across conferences and journals. Most
papers study interaction-based bias, especially with item as a subject, and present a mitigation strategy. Figures 2,
3 and 4 show basic statistics about the papers included in the survey and can be found in the Appendix.

To systematize our analysis and identify research gaps, we organize bias in book recommender systems research
across three of the dimensions listed in the previous section:

(1) Bias type. What kind of bias does the paper address?
(2) Bias subject. Which stakeholder suffers from said bias?
(3) Action. How does the paper engage with said bias?

In table 2, we divide the papers into categories across the dimensions of this framework.

5.1 Bias type

We categorize bias in book recommendation into interaction-based and attribute-based bias based on the type
of feature it targets.

5.1.1 Interaction-based bias occurs when a recommendation algorithm is found to systematically produce
unfair outcomes based solely on measurable properties of the user-item interaction matrix such as item popularity,
user activity level, or ratings distribution. The key characteristic is that these properties are inherent to or directly
derived from the interaction data and hence the presence and degree of bias can be assessed without adding any
external labels or attributes.

This category is an extension of the popularity bias category recognized by Chen et al. [7]. While popularity is
a crucial characteristic of the interactions, we found that in literature other interaction-related biases have also
been studied. Accordingly, we propose that four types of interaction-based bias have so far been addressed in
book recommendation: popularity bias, blockbuster bias, activity level bias and popularity affinity bias.?

Popularity bias is often defined as the phenomenon where items are recommended more frequently than
their popularity would warrant [7]. Klimashevskaia et al. [30] propose that a system suffers from popularity bias
when “the recommendations provided focus on popular items to the extent that they limit the value of the system

2https://github.com/SavvinaDaniil/BiasInBookRecommendationSurvey
3Note that these are the types of bias that have been studied so far in book recommender systems and not an exhaustive list of all
potential biases.
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Paper Bias Type Bias Subject Action Venue Year
Interaction-based Attribute-based | User Item Joint | Measurement Mitigation
[63] X X X BIAS@ECIR 2025
[49] K X X IPM 2024
[57] X X X ECIR 2024
[82] X X X RecSys 2024
[14] X X X TORS 2024
[78] K X X TOIS 2024
[55] X X X TORS 2024
[6] X X X RecSys 2024
[85] X X X WWW 2024
[84] K K X TOIS 2024
[18] X X X UMAP 2024
[35] X X X TKDD 2024
[91] X X X WWW 2024
[66] X X X Computer Science | 2024
[65] X X X JIIS 2024
[43] X X X UMUALI 2023
[88] X X X BIAS@ECIR 2023
[36] X X X RecSys 2023
[80] X X X SIGKDD 2023
[90] X X X SIGKDD 2023
[26] X X X IPM 2022
[34] X X X TKDE 2022
[83] K X X DMDK 2022
[45] X X X BIAS@ECIR 2022
[31] X X X BIAS@ECIR 2022
[61] X X X RecSys 2022
[81] X X X SIGKDD 2022
[54] X X X SIGIR 2022
[33] K K X TIST 2022
[69] X X X WI-IAT 2022
[56] X X X SIGIR 2022
[13] X X X arXiv 2022
[42] X X X X IPM 2021
[15] X X X IPM 2021
[17] X X X UMUAI 2021
[23] X X X SAC 2021
[71] X X X WSDM 2021
[89] X X X WWW 2021
[29] X X X WWW 2021
[44] K K X TIST 2016

Table 1. Paper lookup table.
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Bias Dimensions Related Work
Divided by Type Interaction-based | [6, 14, 23, 31, 34, 36, 43-45, 49, 54, 55, 61, 63, 66, 69, 71, 78, 80,
82-85, 88—90]
Attribute-based [13, 15, 17, 18, 26, 29, 33, 35, 42, 56, 57, 65, 81, 91]
Item [6, 13, 17, 18, 23, 26, 29, 34, 56, 57, 61, 63, 65, 66, 69, 78, 80, 83, 89,
Divided by Subject 90]
User [15, 33, 35, 42, 44, 54, 81, 84, 85, 88, 91]
Joint [14, 31, 36, 43, 45, 49, 55, 71, 82]
.. . Measurement [13-15, 29, 31, 36, 42, 44, 45, 56, 63, 83, 88]
Divided by Action =g on [6, 17, 18, 23, 26, 33-35, 43, 49, 54, 55, 57, 61, 65, 66, 69, 71, 78,
80-82, 84, 85, 89-91]

Table 2. Lookup table of bias dimensions.

or create harm for some of the involved stakeholders”. These definitions are intentionally broad and encompass
multiple views.

In book recommender systems research, a system is considered biased in favour of popular items in three
different cases:

(1) If an item’s recommendation frequency depends on its popularity [14, 31,45, 61, 69]. This is the most direct
manifestation: popular books appear in recommendations disproportionately often. When training on
historical data, an algorithm may learn that popular books are “safe” choices that many users have interacted
with. It therefore optimizes for these high-frequency items and neglects low-frequency ones.

(2) If an item’s recommendation accuracy depends on its popularity [6, 23, 36, 43, 49, 80, 90]. This occurs when
an algorithm performs better (in accuracy, recall, etc.) for popular items than for unpopular items. Popular
books have more training examples, so-a model might learn them better than unpopular books that have
sparse data.

(3) Based on other performance metrics that are considered sensitive to popularity bias [14, 49, 69, 71, 78, 82].
The interpretation is that popularity bias reduces recommendation diversity, novelty, and coverage thus
harming the overall system functionality.

Blockbuster bias is a specialized form of popularity bias proposed by Yalcin [83] that favours both popular
and highly rated items. While characterizing an item as popular only considers how many interactions it has
received, blockbuster status extends to how universally liked those interactions are. A book with 100 five-star
ratings is a “blockbuster”, while one with 100 mixed ratings is “popular” but not blockbuster.

In book recommender systems research, a system is considered biased in favour of blockbuster items in one
primary case:

(1) If an item’s recommendation frequency depends on its blockbuster status [83]. In practice, a model might
learn that frequently and highly rated items are “safe” and optimizes to disproportionately recommended
them to users.

Popularity affinity bias is the phenomenon where users are treated unfairly based on their affinity for
popular items. It captures a discrepancy between users that is common in many domains including books: some
users prefer mainstream items, while others tend to consume more niche material. Bias occurs when a model
performs differently for users with different propensities for popular items.

In book recommender systems research, a system is considered biased against users with affinity for niche
items in two different cases:
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(1) If a user’s recommendations consist of items more popular than their preferences [14, 45, 54]. Because of
popularity bias, popular books might be globally recommended even to users who tend to prefer niche
material. This misalignment harms their system experience.

(2) If a user’s recommendation accuracy depends on their popularity affinity [14, 31, 49, 54, 88]. When a system
more accurately recommends popular books to users than niche books, it follows that users with mainstream
tastes receive better recommendations.

Activity level bias occurs when users are treated unfairly based on their activity level, i.e., the number of
interactions they have in the training data. It is a known problem that recommender systems tend to underperform
for cold start users due to lack of sufficient information on their preferences.

In book recommender systems research, a system is considered biased against users with affinity for niche
items in three different cases:

(1) If a user’s recommendation accuracy depends on their activity level [36, 43, 44, 54, 71, 84, 85]. Active users
have rich histories which allows the model to better personalize their recommendations, while inactive
users might get default generic recommendations.

(2) If a user’s recommendations consist of items more popular than their preferences [54]. In practice, this occurs
when a model falls back to recommending “safe” popular items to all sparse users, even those who tend to
prefer niche items.

(3) If system fairness is indirectly impacted [55, 82].

5.1.2 Attribute-based bias occurs when a recommendation algorithm systematically produces unfair
outcomes based on attributes of items or users such as author gender, author nationality, or user age, that must
be enriched from external sources. The key characteristic is that these attributes exist outside the interaction
matrix and require additional data to measure.

Both interaction-based and attribute-based biases emerge from the same mechanism: algorithms learn patterns
from interaction data. The distinction is what we measure, not how the bias arises. In the case of protective or
sensitive attributes, this alludes to what Mehrabi et al. [41] refer to as indirect discrimination which occurs when
“protected groups, or individuals, still get to be treated unjustly as a result of implicit effects from their protected
attributes”. When a collaborative filtering system learns “popular items are good”, it doesn’t explicitly know
author nationality labels. Yet if popular items have largely been authored by a given nationality, nationality bias
emerges when we measure it. The bias mechanism is the same, but the measurement lens differs.

This category is an extension of the unfairness category recognized by Chen et al. [7]. While in practice most
relevant bias is targeted towards human attributes, we keep it more general to account for other types of attributes.
We propose that five types of attribute-based bias have so far been addressed in book recommendation: author
nationality bias, author gender bias, publisher location bias, user age bias and user gender bias.

Author nationality bias occurs when authors of certain nationalities are discriminated against in the
recommendation process. This bias typically arises when popular items in datasets are predominantly written
by authors from the country where these datasets stem from. When algorithms learn popularity patterns, they
incidentally learn to over-recommend these authors.

A system is considered biased against certain author nationalities in one primary case:

(1) If authors of a particular nationality are under-represented in recommendations compared to their presence in
the training data [13]. For example, if 30% of books in the dataset are by non-US authors but only 15% of
recommendations feature non-US authors, the system exhibits author nationality bias.

Author gender bias can similarly be defined as discrimination against an author’s gender in the recommenda-
tion process.
A system is considered biased against certain author genders in two different cases:
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(1) If authors of a particular gender are under-represented in recommendations relative to the training data
[17, 29, 56, 57]. For example, if a user has rated books by both male and female authors equally, but the
recommendations skew heavily toward male authors, this indicates bias against female authors.

(2) If authors of a particular gender are under-represented in recommendations relative to other gender groups
[17, 18, 56]. This captures discrimination at the system level: the algorithm systematically favors one
gender’s books over another’s.

Publisher location bias occurs when the recommendation system discriminates based on where a book
was published or the publisher’s geographic location. Publishers from certain regions or continents receive
disproportionate visibility or lack thereof.

A system is considered biased against certain publisher locations in one primary case:

(1) If books from publishers in certain geographic groups are under-represented relative to other groups [26].
This expresses the extent to which publishers from a given region dominate historic interactions which
propagates in the recommendations.

User age bias occurs when the recommendation system provides systematically worse service to users of
certain ages.

In book recommender systems research, a system is considered biased against certain user age groups in three
different cases:

(1) If recommendation performance varies across user age groups [15, 35, 81, 91]. Some age groups might receive
better recommendations than others, suggesting the system is optimized for certain demographics.

(2) If the recommendation outcomes differ depending on user age [35]. For example, an algorithm might recom-
mend more literary fiction to older users and more young adult fiction to younger users, regardless of what
they actually want which is akin to stereotyping.

(3) If certain age groups’ preferences dominate the overall recommendation output [33]. In practice, this might
stem from the system implicitly optimizing for the most common user demographic while neglecting
others.

User gender bias occurs when the recommendation system underserves users based on their gender.
In book recommender systems research, a system is considered biased against certain user genders in two
different cases:

(1) If recommendation accuracy varies across user gender groups [15]. Some genders receive higher quality
recommendations than others, indicating optimization for a particular demographic.
(2) If certain user genders’ preferences dominate overall recommendations [33].

The categorization between interaction-based and attribute-based bias is very relevant for book recommendation.
On the one hand, as discussed in Section 2.3, practices that are discriminatory towards users or authors based on
their demographic characteristics are unwanted in book recommendation. On the other hand, such information is not
generally publicly available, which often limits research to studying interaction properties as they are inherent to the
datasets. As figure 4b shows, most papers study interaction-based bias, which can be attributed to the aforementioned
limitation.

5.2 Bias subject

In line with other research on recommender systems values [77], we additionally categorize bias in book
recommendation into user, item, and joint based on the subject it targets.

« User bias targets the users of a book recommender system, which corresponds to the book consumers,
loaners, or cataloguers depending on the source of the dataset.
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« Item bias targets the books themselves, which corresponds to the authors, topics, characters, publishers,
or other book properties.
» Joint bias targets the users and books simultaneously.
As seen in table 2, the majority of papers deal with item bias. This result is in line with Wang et al. [77] who
found that most papers on fairness in recommendation approach the topic from an item perspective.

5.3 Action
We finally categorize bias research based on the goal into measurement and mitigation.

» Measurement includes studies that mainly measure bias, often by proposing a new metric or view of bias.
« Mitigation includes studies that, besides measuring a type of bias, additionally experiment with mitigation
methods against it.

6 Findings on interaction-based bias

In this section, we discuss the findings of papers that examine interaction-based bias in book recommendation,
either from a user or item perspective. Table 3 includes a summary of the different types of interaction-based bias
along with their different views and metrics.

Bias Type View / Description Metrics
Item Biases
Recommendation frequency is influenced by item pop- correlation [14, 31, 45], PopQ@1 [61], LT frequency
ularity [14, 31, 45, 61, 69]. [69], LT coverage [69]
Recommendation performance varies across items  recall per group [49], estimation error per group [43],
Popularity bias with different popularity levels [6, 23, 36, 43, 49, 80, LT HR [6, 80, 89, 90], LT NDCG [6, 80, 89, 90], LT
P ¥y 89, 90]. precision [23], LT recall [23]
Indirect impact of popularity bias on recommendation  coverage [14, 69, 71], novelty [49], NDCG [78], MRR
outcomes [14, 49, 69, 71, 78, 82] [78], recall [78], P-fairness [82]
Blockbuster bias Recommendation frequency is influenced by an item’s  frequency per group [83]
blockbuster status [83].
User Biases
Recommendation performance varies across user estimation error per group [43], prediction difficulty
Activity level bias groups with different activity levels [36, 43, 44, 54, 71, per group [36], NDCG difference per group [54, 84],
84, 85]. recall difference per group [44, 71, 84], coverage per
group [44], IA MRR [85], IA HR [85], IA NDCG [85]
Popularity of recommended items varies with user ~%AGAP [54]
activity level [54].
Indirect impact of activity level bias on recommenda- C-fairness [82]
tion outcomes [82].
Popularity affnity bias Recommendation performance varies across users with  recall per group [49], MAE per group [31], NDCG per

different popularity affinity [14, 31, 49, 54, 88].

group [14, 54, 88]

Popularity of recommended items varies with users’
popularity affinity [14, 45, 54]

%NGAP [14, 45, 54]

Table 3. Interaction-based bias views and metrics grouped into item/user categories. ‘LT’ means long-tail (items) and ‘IA’

inactive (users).
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6.1 Item
6.1.1 Popularity bias.

Measurement. A common metric of popularity bias based on the frequency of recommendation view is the
correlation between popularity in profile and in recommendation. Naghiaei et al. [45] measure popularity bias
as a result of a set of collaborative filtering algorithms trained on a subset of Book-Crossing. They visually
evaluate said correlation and find that certain algorithms do propagate popularity bias and others do not. On
the contrary, Kowald and Lacic [31] on the same dataset and using some of the same algorithms find that all
algorithms propagate popularity bias using the same visual evaluation. Daniil et al. [14] notice that different
studies report different results when measuring popularity bias in a set of datasets from different domains,
including Book-Crossing. They reproduce the studies and find that the divergence in findings is a result of
many factors, such as evaluation strategy, that lead to different conclusions even based on the same dataset.
Regardless, the characteristics of the domain play a role: compared to datasets from the other domains, Book-
Crossing is more prone to popularity bias, according to correlation. Another relevant metric is the coverage and
recommendation frequency of long-tail items [69], as well as PopQ@1 which expresses the average popularity
quantile of the first recommended item of each user [61]. Other metrics attempt to capture the impact of item
popularity on recommendation performance. Liu et al. [36] borrow item response theory (IRT) from psychometric
assessment practices to estimate whether traditional rank-based metrics reflect an algorithm’s ability to model
user preferences and assess the relationship between item difficulty and popularity. Unlike the other datasets, for
the book dataset, they do not find any relationship between item difficulty and popularity, which they attribute
to sparsity. Some studies divide items into groups based on their popularity and calculate accuracy metrics for
each group, such as recall [49] and estimation error [43], while others especially highlight the system’s accuracy
on the long-tail items, with various accuracy metrics having been used [6, 23, 80, 89, 90]. Finally, many studies
(additionally) indirectly measure popularity bias by assuming it has a negative impact on novelty [49], coverage
[14, 69, 71], or accuracy in general [78].

Mitigation. A relatively large number of papers propose methods for mitigating popularity bias in book
recommendation. Some studies focus on increasing the recommendation frequency of long-tail items. Rhee et al.
[61] introduce a method called Zerosum that reduces popularity bias by regularizing the predicted scores to be
equal across items a user prefers via an extension of BPR loss with a regularizer. For the book dataset, their
method performs better (higher accuracy and lower PopQ@1) for most algorithms than other debiasing methods.
Tang and Zhang [69] emphasize that it’s not sufficient to recommend long-tail items, but also that the users don’t
receive the same recommendations again and again; the long-tail items recommended should be sufficiently diverse.
They present CADDP, a long-tail item recommendation approach that extracts important feature embeddings
to capture the.common characteristics of multiple items clicked by users and ensures that they are relevant
and diverse. CADDP achieves the best performance among the baselines in terms of presence and diversity of
long-tail books in the recommendation.

Other studies attempt to improve the system’s performance on long-tail books. Okamura et al. [49] note that
dealing with popularity bias is a complicated task because popularity might imply quality, and hence it might not
be desirable to mitigate it for all users. Based on some observations around the properties of the inner product
model, they develop a method called DirectMag that facilitates both platforms and users to manipulate popularity
bias post-model training with the help of a parameter y. They find that their method generally exhibits high
average novelty and accuracy. Additionally, it creates a trade-off between novelty and recall per popularity-level
item group on the one side and accuracy on the other that the y parameter helps deal with, though the trade-off
is not consistent in the book dataset. Gabbolini et al. [23] offer the following observation: matrix factorization
embeddings are very unstable, but especially so for long-tail items. They develop a variation of matrix factorization
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that mitigates instability issues and achieves better accuracy in the long-tail compared to the default version of MF
and some other algorithms. Balasubramanian et al. [6] perform ‘biased’ user history synthesis: they augment the
user profiles with a sampling strategy that is biased in favor of long-tail items and three different synthesis models.
With exceptions, they find overall improvement of accuracy in the long-tail and in general. Zhang et al. [90] claim
that despite the large amount of research around improving long-tail item recommendation, transferring these
methods to industry practice is challenging due to the dive in performance that most of them introduce, as well as
their complexity and high cost. They design Cross Decoupling Network (CDN) that reduces the difference between
training and service data for both item distribution and users’ preference given an item. CDN achieves significant
performance on long-tail items compared to the baselines, while also maintaining good performance for all
items. Zhang et al. [89] present a dual transfer learning framework that jointly learns knowledge transfer from
both model-level and item-level (i.e. from head to long-tail items), called MIRec. Based on performance metrics,
MIRec achieves the best performance on long-tail books. Wei et al. [80] focus on graph-based recommendation
and present a Meta Graph Learning (MGL) framework for long-tail recommendation that successfully employs
an auxiliary graph of item relations. MGL outperforms other methods in all performance metrics for long-tail
books (including previously mentioned MIRec). Misztal-Radecka and Indurkhya [43] develop Bias Detection Tree
(BDT), a model-agnostic technique that automatically detects combination of user-item attributes correlated
with unequal treatment. They also propose a model selection technique that improves performance for biased
attributes. For the book dataset, while several external features are considered, the most significant item bias is
associated with low item popularity.

Finally, some studies deal with popularity bias indirectly. Wang et al. [78] develop GBD, a generative framework
for bias disentanglement that constantly generates calibration perturbations during training to keep intermediate
representations from being biased. GBD can encompass various types of bias. Among those considered, on the
book dataset they only test popularity bias by employing a semi-synthetic version of the dataset that includes an
unbiased subset. They find improvements over performance metrics with GBD on the unbiased subset, therefore
reducing popularity bias. All other results are not on the book dataset. Togashi et al. [71] note that because
the cold start problem in recommender systems is often solved by selecting unobserved interaction samples
and assuming them to give a negative signal, this can lead to popularity bias. They propose KGPL, a method
that leverages unobserved samples by using a knowledge graph (KG) with side information about the books
and accordingly generates positive instances from the unobserved samples. They find that KGPL exhibits low
coverage when trained on the book dataset, presumably due to the popularity bias present in the dataset. Rahmani
et al. [55] notice that fairness-aware methods in recommender systems often address user and provider fairness
separately, even thoughiit’s a two-sided marketplace. They propose CP-FairRank, a re-ranking algorithm that
seamlessly integrates fairness constraints from both sides, with a focus on popularity from the item side. Even
though not many results on the book dataset are included, their method performs well based on a two-sided
fairness metric: On the topic of two-sided fairness, Xu et al. [82] propose Ada2Fair, a framework that extends the
accuracy objective into a controllable loss over the interaction data, which boosts the exposure of niche book
publishers. They find that their method achieves Pareto optimality over the baselines considering both accuracy
and P-fairness.

6.1.2  Blockbuster bias. Yalcin [83] measure whether a set of ranking-based algorithms exhibit blockbuster bias
and produce extensive and detailed results. They find that there is blockbuster bias in the book dataset itself, which
is also distinct from popularity bias (i.e., the well-likedness is impactful). When it comes to the recommendations,
they find that the algorithms tend to exhibit blockbuster bias when trained on the book dataset, which is not
only caused by item popularity.

6.1.3 Other. We found three papers that differ from the rest and are insightful. Shen and Jiang [66] concern
themselves with the fact that users tend to give extreme ratings when evaluating books that don’t reflect book
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quality (a property that the authors consider intrinsic to a book), which according to research is especially a
problem in children’s books where the ratings are often done by the parents. They propose a hybrid model that
combines a graph convolutional network and neural matrix factorization to accurately capture that bias. They
consider ratings from top reviewers as unbiased standard and calculate rating and ranking metrics between that
standard and their method’s ability to calculate unbiased ratings. Their method yields the lowest MSE and rank
error, as well as the best NDCG when a recommendation process is applied, compared to other methods. Rystrem
[63] attempt to empirically test the theory that companies have incentives to influence users so as to make them
more predictable and use their recommender systems accordingly. They pose that studying a real-world system
instead of performing a simulation is key to uncovering biases, as it allows validating theoretical claims about
how recommender systems cause bias. They use the Barrier-to-Exit metric and a linear mixed-effects model to
study the evolution of Amazon book ratings between 1998 and 2023. They find that it has become more difficult
for users to change preferences, which they attribute to the system’s effectiveness in enacting homogenization by
potentially limiting exposure to diverse content. Lin et al. [34] discuss Spiral of Silence: the theory that ratings are
missing in a biased way because users are more likely to submit ratings if they agree with the opinion climate. This
leads to the majority opinion receiving growing popularity, while other opinions are pushed back. They verify
the existence of the issue in Amazon-books, study its characteristics, and model the missing ratings in 4 different
ways. They find monotonic trends for books with majority opinion, as well as that hardcore users feel more
obligated to underrate a highly appreciated book than to save a criticized item. There was no recommendation
process on the book dataset.

Synthesis. Most papers about interaction-based bias from an item perspective study popularity bias [6, 23, 31,
36, 43, 45, 49, 55, 61, 69, 71, 78, 80, 82, 89, 90]. The sparsity of the book datasets is noted to impact the result,
especially in comparison with datasets from other domains [14, 36, 71, 83]. On a related note, some papers
don’t include all of the results on the book datasets in their main body, prioritizing datasets from other domains
[34, 55, 61, 71, 78, 80, 89]. Most papers that mitigate popularity bias are explicitly concerned with maintaining
good performance [49, 55, 61, 69, 78, 82], often with an additional emphasis on head items [6, 80, 89, 90]. Some
papers specifically attempt to boost tail items by synthesizing user history that is biased in favor of tail items [6],
transferring side information from knowledge graphs [71], or improving tail items’ representations [23, 80, 89].
Another type of bias studied is blockbuster bias [83].

6.2 User
6.2.1 Popularity affinity bias.

Measurement. The metric used for assessing if the users’ recommendations exceed the popularity of their
profiles is %ZAGAP, which measures relative difference between average popularity in profile and in recommen-
dation for each group of users [14, 45, 54]. The already discussed papers by Naghiaei et al. [45] and Daniil et al.
[14], other than measuring general popularity bias, also measure the unfairness of it. Unfairness in this case
refers to the fact that users with interest in niche books might get over-recommended popular books. They divide
users into three groups, those with niche interests, those who prefer popular items, and everyone in between.
Naghiaei et al. [45] find most algorithms to be unfair towards users with either niche or diverse tastes. In their
reproduction work, Daniil et al. [14] also measure %AGAP but don’t present the results on the book dataset in the
main body of the paper. To evaluate the extent to which the system performs better for mainstream users, studies
also divide the users into group and measure the accuracy per group. Naghiaei et al. [45] find that all algorithms
perform the best for the users who prefer popular items based on various performance metrics. Kowald and Lacic
[31] measure MAE per user group and find the lowest recommendation accuracy for the niche group. Zhang
et al. [88] extend a previous paper to also include user activity level in the consideration and then evaluate bias
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based on recommendation utility per user group. When it comes to the book dataset, popularity affinity seems to
play a more critical role than user activity level since mainstream users tend to be less active but still receive
better recommendations (based on NDCG), which they attribute to extreme sparsity.

Mitigation. In terms of mitigation, one paper evaluates the effect of re-ranking on %AGAP. Rahmani et al.
[54] reproduce a user-oriented fairness study and do extensive experimentation to analyze its dependence on
various aspects: domain, model, and user grouping. They find that the re-ranking method has different effect
depending on whether the users were divided based on activity level or affinity for popular books. By comparing
the datasets, they find that the higher number of average interactions per user can lead to better performance of
the fairness model. The same paper also measures the difference of NDCG between user groups to evaluate the
divergence of performance for different popularity affinity levels. Okamura et al. [49], who proposed DirectMag,
show that the y parameter can be tweaked to address the needs of users that are diverse when it comes to their
affinity for popular items according to recall per user group.

6.2.2 Activity level bias.

Measurement. Similarly to popularity affinity bias, #AGAP is used to measure whether recommendation
popularity exceeds profile popularity for a group of users, with the grouping in this case depending on activity
level [54]. Other metrics are used to capture the impact of user activity level on recommendation performance.
Most studies divide the users into groups based on their activity level and measure performance per group
[36, 43, 44, 54, 71, 84], while others especially measure the system’s accuracy on the less active users [85]. Moody
and Glass [44] provide a framework for user-centered evaluation that divides users into quadrants based on 2
dimensions: their near-neighbor-based similarity and their activity level. They find the algorithm to perform
the worst (in terms of recall) for users who have rated many books but are dissimilar to other users and best
for users who have rated few books but have high similarity with other users. The other criteria (coverage and
diversity) are not evaluated on the book dataset. The previously mentioned item response theory-inspired method
developed by Liu et al. [36] is also used to assess the relationship between user difficulty and user activity level,
but such a relationship is not found for the book dataset, which is attributed to sparsity. Yang et al. [84] claim that
measuring fairness as similarity of average performance between groups is not sufficient because the variance
might be high. Instead, they define a new type of fairness: similarity between the performance distributions across
different user groups. Finally, some studies only note the indirect impact of inactive users on C-fairness [55, 82].

Mitigation. The aforementioned fairness reproduction study by Rahmani et al. [54] also estimates the impact
of grouping the users based on activity level on a previously published re-ranking method’s success in improving
%AG AP, and the results differ from the popularity affinity grouping. They also measure the difference of NDCG
between user groups to evaluate the divergence of performance for different popularity affinity levels and find
that the higher number of average interactions per user can lead to better performance of the fairness model. Yang
et al. [84] pursue the goal of enacting distributional fairness via a generative adversarial training framework called
DistFair, and theoretically and experimentally show its effectiveness. Their framework achieves the best fairness
performance for active versus non-active users in most cases, while maintaining a small performance drop. Yang
et al. [85] concern themselves with cross-domain recommendation (CDR) and pose that inconsistency in user
activity leads to user embeddings that prioritize users with more frequent interactions. They propose UCLR, a
user-aware contrastive learning framework for robust CDR, and report significant performance improvement
for users with only one or two interactions in Amazon-books compared to the baselines. KGPL, the method
developed by Togashi et al. [71] that uses a knowledge graph with side information about the books to generate
unobserved positive instances, is found to perform better for cold start users than other KG-based methods.
However, all KG methods struggle with the book dataset, which they attribute to high sparsity. The previously
mentioned Bias Detection Tree developed by Misztal-Radecka and Indurkhya [43] detects activity level as the

ACM Trans. Recomm. Syst.



Bias in book recommendation: A survey « 19

user feature that correlates the most with bias. Their model selection techniques also improve performance for
less active users. Notably, these discrimination rules are different between the training and test sets. For instance,
the least active users have the smallest training error and highest test error, which is probably an indication of
overfitting in the training set. Rahmani et al. [55] evaluate CP-FairRank with user activity as the user-fairness
concern, but there are limited results in the paper. Finally, Ada2Fair by Xu et al. [82] also boosts inactive users,
which results in Pareto optimality over the baselines considering both accuracy and fairness.

Synthesis. All papers about interaction-based bias from a user perspective group the users either on (a) level
of activity [44, 84, 85], (b) affinity for popular items [14, 31, 45, 49, 88], or (c) both [54]. Moody and Glass [44]
additionally group the users based on near-neighbor-based similarity. Bias towards users with niche tastes is
sometimes characterized as unfairness [14, 31, 45]. To measure user bias, some papers use the ZAGAP metric
that expresses an increase in average popularity [14, 45, 54], while others compare the performance across user
groups [31, 44, 49, 54, 85, 88]. Yang et al. [84] extend the notion of across-group fairness to account for differences
in distribution.

6.3 Joint

Some of the papers discussed measure or mitigate interaction-based bias from a user and item perspective
simultaneously. They either tackle popularity bias and activity level bias [36, 43, 71, 82], popularity bias and
popularity affinity bias [14, 31, 45, 49], or both [55].

7 Findings on attribute-based bias

In this section, we discuss papers that concern themselves with attribute-based bias in book recommendation,
either from a user or item perspective. Table 4 includes a summary of the different types of attribute-based bias
along with their different views and metrics.

7.1  ltem

7.1.1  Author nationality bias. This type of bias has only been studied by Daniil et al. [13], who investigate how
popularity bias translates to attribute-based bias. They observe that since popularity is not a random phenomenon,
it might be that popularity bias leads to other biases that are not obvious when additional user or item information
is not available. They enricha book dataset with author information using publicly available external resources,
apply a recommendation process using various collaborative filtering algorithms, and compare popularity bias
with bias towards author nationality. They find that popular books in the dataset are mainly written by US-based
authors, and hence US-authored books tend to be over-recommended, especially so by algorithms vulnerable to
popularity bias.

7.1.2  Author gender bias.

Measurement. Raj and Ekstrand [57] measures attention-weighted rank fairness (AWRF) which corresponds
to the difference between a group’s (in this case, gender of authors) exposure in the recommended lists compared
to a target distribution, which they set to the gender distribution in the training ratings. Kirnap et al. [29] point to
the problem of missing information when measuring bias: they observe that fair ranking metrics normally require
knowledge of membership of items in groups that relate to a protected attribute, even though this information is
rarely available or complete. To account for that issue, they propose a sampling strategy and estimation technique
for fair ranking metrics by formulating an estimator that works well even with a limited number of labeled
items. They apply their method to estimate a set of fair ranking metrics that aim for gender representation in the
recommendation equal to the entire corpus (Agigr, Agps, Agq, Axr) and the exposure of female authors (ENg), and
their estimation outperforms naive baselines. Other metrics compare the presence of male and female authors
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Bias Type

View / Description

Metrics

Item Biases

Author nationality bias

Under- or over-representation of author nationality
groups relative to the training set [13].

frequency per group [13]

Author gender bias

Under- or over-representation of author gender groups
relative to the training set [17, 29, 56, 57, 65].

gender bias [17], log-bias [65], AWRF [56, 57],
Agigr> Dabss Asq, Agq, [29], EUR, RUR, IAA, EEL [56]

Under- or over-representation of author gender groups
relative to other gender groups [17, 18, 56, 65].

gender bias [17], DP [56], BDV [18], log-bias [65], FAIR,
EED, DP [56]

Publisher location bias

Under- or over-representation of publisher location
groups relative to other groups [26].

frequency per group [26], exposure per group [26]

User Biases

User age bias

Recommendation performance varies across user age
groups [15, 35, 81, 91].

MAD NDCG [15], MAD Precision [15], GF MAE [35,
81, 91], GF MSE [91]

Recommendation outcomes differ depending on user
age [35].

Preferences of certain user age groups dominate over-
all recommendations [33].

saACC [35]

DIF [33]

User gender bias

Recommendation performance varies across user gen-
der groups [15].

MAD NDCG [15], MAD precision [15]

Preferences of certain user gender groups dominate

DIF [33]

overall recommendations [33].

Table 4. Attribute-based bias views and metrics grouped into item/user categories.

in the recommendation. Eleftherakis et al. [18] propose Bilateral Disparate Visibility (BDV), which represents
the difference between the observed probability of recommending books written by one gender and that of
recommending books written by another gender.

Raj and Ekstrand [56] perform the first empirical comparative analysis between fair ranking metrics using
various datasets, including author-gender fairness assessment on Goodreads. Some of the metrics proposed only
measure whether the genders are equally represented in the ranking(s) (FAIR, DP, EED), while others account for
utility (EUR, RUR, IAA, EEL) or gender distribution in the book dataset (AWRF). They also perform sensitivity
analysis to assess the impact of certain design choices. They generally find that metrics disagree on orderings of
different algorithms’ fairness, while they might agree for some experiments and not others. For Goodreads, they
find that parameters such as the ranked list size and weighting strategy impact whether the system is considered
fair towards authors of different genders. In an influential paper, Ekstrand and Kluver [17] apply a Bayesian
model on user profiles and recommended lists (to account for size variances) and calculate the gender tendency.
They find that, in Amazon-books, Book-Crossing, and Goodreads, female authors are less underrepresented
in user-book interactions than in the unique books, particularly among the popular books. They compare the
profile gender tendency with that in the recommended lists of a set of algorithms trained on implicit and explicit
versions of the datasets and find that average balances are comparable to user profile average balances, but the
algorithms differ when it comes to the distribution. Additionally, they find that explicit-feedback algorithms are
much less responsive to their users’ input profiles in terms of author gender distribution, likely due to the fact
that they account for rating additionally to consumption patterns. Saxena and Jain [65] measure log-bias, which
expresses the extent to which users tend to rate books written by one gender higher compared to another gender.
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They report the presence of such bias in Book-Crossing and Amazon-books in favor of male authors and compare
dataset log-bias with recommendation log-bias.

Mitigation. Some papers propose bias mitigation strategies to reduce differences in author gender distribution
in the recommendations. Ekstrand and Kluver [17] apply simple re-ranking strategies on the recommended lists
to meet gender balance goals. They find that their strategies are successful in bringing the gender distribution to
about 50-50 with minimal accuracy loss. Saxena and Jain [65] address bias towards author gender given explicit
feedback. They propose a model that quantifies gender bias in book ratings and subsequent recommendations
and, accordingly, a model-agnostic approach to provide unbiased recommendation. Additionally, they incorporate
user preference correction to maintain good model accuracy in rating and ranking prediction. They use estimated
log-bias to measure whether the predicted ratings of male authors are higher than those of female authors.
Their method achieves significant bias reduction with insignificant accuracy loss. Eleftherakis et al. [18] note
that a source of demographic bias in neighbor-based collaborative filtering is that the neighbors may foster
discriminatory patterns, and that some work that addresses this issue is of low efficiency and impacts accuracy.
They propose two new algorithms that tackle efficiency and accuracy. They measure BDV on the recommendations
based on the young adult subset of Goodreads (in this case male-written books are viewed as protected). Their
method scales better compared to other fairness-aware methods, especially for Goodreads. Their method’s
mitigation impact is not as high for Goodreads than it is for the non-book dataset, but the imbalance (in favor of
female authors) is still reduced. Raj and Ekstrand [57] attempt to reduce the difference in gender distribution
between recommendation and training set, in the context of a grid-view recommendation. They develop a grid-
aware re-ranking algorithm for provider-side fairness, which adopts existing techniques by taking into account
grid features, and test it on a book dataset. They find that AWRF is improved when the re-ranking method is
grid-aware, and the results depend on the browsing model, device size, and column size.

7.1.3  Publisher location bias. Gémez et al. [26] tackle publisher location bias based on the continent where
the book was published, prompted by the geographic imbalance in the data. They measure disparate visibility
and exposure for each continent-based group given a set of algorithms and propose a re-ranking approach that
addresses both. They find that 90% of the books were produced in North America, with these books accounting
for 93% of the ratings (similar to Daniil et al. [13] who noted the over-representation of American authors), and
that this bias is propagated in the recommendation, but their mitigation method performs well.

Synthesis. Most papers about attribute-based bias from an item perspective study bias towards sensitive author
characteristics, namely author gender [17, 18, 29, 56, 57, 65] and author nationality [13], while Gomez et al. [26]
are concerned with publisher location. Some papers note the challenge of obtaining such information on the
items [13, 29], while Saxena and Jain [65] use Genderize.io to estimate author gender. To assess bias towards a
group of items; most papers measure how the algorithms treat disadvantaged versus advantaged groups, either
by means of representation in recommendation [13, 17, 18, 26, 29, 56, 57] or predicted rating [65]. Unlike the
other papers on author gender bias, Eleftherakis et al. [18] consider male authors as the disadvantaged group.

7.2 User
7.2.1  User gender.

Measurement. User gender bias based on the divergent performance view has been measured by mean
average deviation of performance for different gender groups by Deldjoo et al. [15]. They systematically track data
characteristics that may impact fairness (and accuracy) of collaborative filtering algorithms via regression-based
explanatory modeling. User gender has small explanatory power for fairness on the book dataset. To measure
whether the recommended items are fairly interacted with by users of different genders in their profiles, Li et al.

ACM Trans. Recomm. Syst.



22 .« S.Daniil et al.

[33] propose a new metric called Interaction Fairness (IF), for which they measure the difference between user
profile and recommendation.

Mitigation. Li et al. [33] specifically look into fairness in sequential recommendation. They define a fairness-
aware sequential recommendation task and propose a multi-task deep model, FairSR, which consistently produces
the highest improvement in IF for different user gender groups while maintaining or even improving on perfor-
mance metrics.

7.2.2  User age.

Measurement. Deldjoo et al. [15] measure the explanatory power of user age on fairness defined as mean
average deviation of performance for different age groups, but similarly to user gender, they find small explanatory
power on the book dataset. Other studies also measure deviation of performance metrics between user age groups,
namely MAE [35, 81, 91] and MSE [91]. To estimate the impact of user age on the recommendation, Liu et al. [35]
propose a new metric named saAAC (sensitive attribute accuracy), based on the items in the recommended list
and the latent relationship between the content attributes and the users’ sensitive attributes. Finally, Li et al. [33]
measure the difference in IF for different user age groups.

Mitigation. Papers that mitigate bias towards user age in book recommendation by improving performance
fairness are as follows. Wei and He [81] design a framework (CLOVER) that ensures fairness of meta-learned
recommendation models (individual, counterfactual, and group fairness) and try to satisfy all three via a multi-task
adversarial learning scheme. They find that meta-learning for cold start is more unfair than other cold start
alleviation methods, and with CLOVER it becomes fairer towards users of different age while not sacrificing
performance. Zhang et al. [91] are also concerned with unfairness in meta learning, however they’re specifically
interested in what is the critical factor that leads to unfairness. Through theoretical analysis, they show that the
critical factor is group proportion imbalance. Then they propose a fairness-aware adaptive sampling framework
of meta learning (FAST) which adjusts the sampling distribution for different user age groups during training, and
theoretically prove convergence. Based on group fairness metrics among users of different age, FAST generally
achieves more significant fairness improvements than other fairness methods (including CLOVER) and comparable
utility across various meta-learning paradigms. In a different approach, Liu et al. [35] attempt to filter sensitive
information so that it is not learned when constructing representations by using DALFRec, a fairness-aware
algorithm that uses adversarial learning to mitigate the effect of sensitive information on both user and item
side. They assess the algorithm’s ability to reduce discrimination with saAAC (sensitive attribute accuracy) and
additional performance fairness metrics. They measure relation between user age and item publication year and
author. When it comes to user age, they achieve better fairness over traditional recommendations and other
fairness methods. They also note that on the book dataset, the saACC of all algorithms is high, which indicates
that the item distribution in the recommendations is highly correlated with users’ age. Finally, the aforementioned
multi-task deep model FairSR developed by Li et al. [33] also improves IF for different user age groups in a
sequential recommendation task.

7.2.3  Other. To detect bias towards users, especially because minority preferences are discriminated against,
Misztal-Radecka and Indurkhya [42] design a bias-aware hierarchical clustering algorithm that clusters users
to find ones whose needs are not met by a black box recommender system. On top, they apply a post-hoc
explainer that describes the most important features of these users. Among other results, they note that (NDCG)
performance is lower for discriminated groups of smaller size than for bigger groups. However, the discriminated
user features are not presented in this paper for the book dataset.

Synthesis. Most papers about attribute-based bias from a user perspective are concerned with either user age
[35, 81, 91], or both user age and gender [15, 33]. Misztal-Radecka and Indurkhya [42] test user age and location,
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Dataset Bias-related Bias-related Num.users Num.items Num. interactions Source
user features item fea-
tures
Amazon-books activity popularity 2,330,066 22,507,155 Collected in
[36,  85], [36, 49, 69], 2018 from
popularity  author gen- Amazon
affinity [49]  der* [17, 65] [48]
Book-Crossing  activity [43, popularity 271,379 1,149,780 Collected in
44, 54, 55, [6,14,23,31, 2004 from
71, 82, 84], 43,45,55,71, the Book
popularity 78, 80, 82, 89, Crossing
affinity 90], author community
[14, 31, 45, nationality™ [92]
54, 88], user [13], author
age [15, 33, gender”
35, 81, 91], [17, 65],
user gender publisher
[15, 33] location™
[26]

GoodReads popularity 2,360,655 228,648,342 Collected in
[61], author 2017 from
gender” Goodreads
[17, 18, 29, [75, 76]

56, 57]

Goodbooks blockbuster- 53,424 10,000 5,976,479 Collected in

ness [83] 2017 from
Goodreads
[87]

Table 5. Bias-related features and properties of 4 book recommendation datasets. * means that the researchers enriched the
datasets to acquire this information.

but do not disclose which user features were found to be prone to discrimination in the book dataset. To assess
bias, some studies measure difference in performance for different user groups (i.e., group fairness) [15, 42, 91].
Relevant and case-specific metrics are also proposed [33, 35].

7.3 Joint

None of the papers surveyed deal with attribute-based bias towards items and users simultaneously.

8 Datasets and reproducibility in book recommendation

In this section, we take a closer look into the datasets that researchers use to evaluate bias. Table 5 includes
all datasets along with the features that researchers have evaluated bias towards, as well as basic information
on them. These datasets stem from three sources: Amazon, Book-Crossing and Goodreads. Book-Crossing is
widely used despite having been created more than 20 years ago. All the datasets are very sparse, which often
prompts researchers to preprocess them before use, for example, by performing k-core filtering (i.e., removing
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Dataset Bias type Measurement/Metric Mitigation/Metric
Amazon-books Popularity popularity-difficulty correlation recall per group [49], novelty [49],
[36] coverage [69], LT frequency [69],
LT coverage [69]
Activity level activity-difficulty correlation [36] IA MRR [85],IAHR [85],IANDCG
(85]
Popularity affinity recall per group [49]
Author gender gender tendency [17], log-bias
(65]
Book-Crossing  Popularity correlation [14, 31, 45] estimation error per group [43],

P-fairness [82], coverage [71], LT
precision [23], LT recall [23],
NDCG [78], MRR [78], recall [78],
LT HR [6, 80, 89, 90], LT NDCG
[6, 80, 89, 90]

Activity level

recall per group [44]

NDCG per group [54, 84], recall
per group [71, 84], %AGAP [54],
estimation error per group [43], C-
fairness [82]

Popularity affinity

%AGAP [14, 45], MAE per group
[31], NDCG per group [88]

NDCG per group [54], %AGAP
[54]

Author nationality

frequency per group [13]

Author gender

gender tendency [17], log bias [65]

Publisher location

frequency per group [26], expo-
sure per group [26]

User age

MAD NDCG [15], MAD precision
[15]

DIF [33], GF MAE [35, 81, 91]

User gender

MAD NDCG [15], MAD precision
(15]

DIF [33]

GoodReads Popularity PopQ@1 [61]
Author gender DP [56], EED [56], frequency per gender tendency [17], AWRF
group [29], exposure per group [56, 57], BDV [18], FAIR, EED,
[29] DP, EUR, RUR, IAA, EEL [56],
Adiff’ Aabs’ Asq’ AKL [29]
Goodbooks Blockbuster frequency per group [83]

Table 6. Bias types, metrics, and corresponding paper references per dataset.

interactions until all users have interacted with at least k books and all books have been interacted with by at
least k users). This practice raises questions on whether the conclusions of each study hold outside the limits of
their experimentation or can be directly compared with the conclusions of a different study on the same dataset.

Additionally, the datasets include very little information on the users and authors. Specifically, bias towards
user characteristics has only been studied on Book-Crossing. Author gender has been studied on multiple datasets,
but the enrichment is not necessarily consistent, as various sources have been used to discern gender, namely
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VIAF [17], Wikidata [18] and Genderize.io [65]. Notably, outside of author features, the only book characteristic
that has been considered is publisher location.

Table 6 shows for each dataset which types of bias have been measured, as well as based on which metrics.
Even though some papers have studied the same type of bias on a dataset, they mostly use different metrics.
Therefore, it is mostly not possible to directly compare the studies unless they explicitly use each other’s methods
as one of the baseline comparisons. We will discuss cases where the same metrics have been used across studies.

Popularity bias on Book-Crossing. Daniil et al. [14], Kowald and Lacic [31], Naghiaei et al. [45] measure
popularity-recommendation frequency correlation based on algorithms trained on Book-Crossing. Daniil et al.
[14], Naghiaei et al. [45] measure ZAGAP, yet these studies are explicitly reproductions of each other. Daniil et al.
[14] conclude that the differences in evaluation strategies among the studies is the driver behind the divergence
in conclusions, despite the use of the same metric and dataset.

Additionally, Balasubramanian et al. [6], Wei et al. [80], Zhang et al. [89, 90] measure long-tail HR and long-tail
NDCG on Book-Crossing. These studies use each other’s methods as baselines in chronological order; as they all
attempt to augment the information space of the long-tail items to empower them.

User age bias on Book-Crossing. Liu et al. [35], Wei and He [81], Zhang et al. [91] measure MAE-based group
fairness with user age being the sensitive characteristic on Book-Crossing, and they are all concerned with
meta-learning. In this case, Liu et al. [35] and Zhang et al. [91] compare their respective frameworks with CLOVER,
the framework proposed by Wei and He [81] as a baseline. However, the two studies do not report the exact same
numbers for CLOVER’s GF MAE (presumably due to experimental design differences), so comparing between
them directly is not feasible.

Activity level bias on Book-Crossing. Multiple studies measure or mitigate activity level bias on Book-Crossing
by comparing algorithm performance on groups of users with different activity levels [44, 54, 84, 90]. However,
among other differences, the studies divide the users into groups differently between them: Rahmani et al. [54]
compare the top 5% most active users with the rest, Yang et al. [84] compare the top 20% most active users with
the rest, Zhang et al. [90] rank the users based on activity level and divide them into 4 parts, and Moody and
Glass [44] compare the users with activity level above the median with the rest. We cannot conclude which
mitigation method ([54, 84, 90]) is more successful in addressing activity level bias.

Publicly available datasets with user-item interactions are invaluable for recommender systems research,
as they facilitate comparison across methods and support reproducibility. However, our analysis shows that,
in the context of bias in book recommendation, their potential to support cumulative knowledge is currently
limited. Even when the same dataset and the same bias type are studied, differences in preprocessing, user
or item grouping strategies, metric choice, and evaluation protocols often prevent direct comparison across
studies. As 4 out of 10 studies included in this survey do not grant access to a public repository with their code
and experiments (see Figure 3b in the Appendix), addressing these challenges requires more explicit reporting
of dataset preprocessing, clearer operationalization of bias-related concepts, and greater transparency around
experimental setups.

9 Discussion
9.1 General observations

There has been relatively little research specifically addressing bias in book recommender systems compared to
the extensive work done on bias in other domains, for example, music recommendation. At first glance, the limited
research is surprising given that bias is a well-known and documented issue in the book market in general [32].
One explanation is that book reading is considered a relatively niche habit compared to other media, and there
hasn’t been as strong an emphasis on personalization for the sake of increasing consumption. In recommender
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Table 7. Coverage of research dimensions. Papers are classified by general bias type, bias subject, specific bias type, and
research action according to the framework described in Section 5. Empty cells highlight critical research gaps.

Bias Type Subject Specific Type Measurement Mitigation
Popularity bias 4 13

ftem Blockbuster bias 1 0

Subtotal 5 13

Interaction-based User Activity level bias 2 7
Popularity affinity bias 4 3

Subtotal 6 10

Joint Popular%ty + Activ.ity 1 4

Popularity + Affinity 3 2

Subtotal 4 6

Author nationality bias 1 0

Item Author gender bias 2 4

Publisher location bias 0 1

Attribute-based Subtotal - J >
User User age bias 1 4

User gender bias 1 1

Subtotal 2 5

Joint User + item attributes 0 0

Subtotal 0 0

systems, research is often driven by streaming companies. Users consume music, series, and movies faster, which
might inherently require further automation and personalization and hence lead to bias propagation.

As seen in table 7, most of the papers that we include in this survey study interaction-based bias, especially
popularity. There exists varied work on popularity bias and its effect on users and items, with a notable emphasis
on mitigation while also ensuring sufficient accuracy. Given the fact that the book market is often assumed to
follow a long-tail distribution, this is not surprising. This observation aligns with Dinnissen and Bauer [16] who
found popularity bias to be a prevalent topic in fair music recommendation literature (see Section 3).

Another observation is the ubiquity of incidental and somewhat superficial studies on bias in book recommender
systems. Many of these studies seem to treat bias as a generic machine learning-related issue without critically
engaging with the book domain: Researchers often use book datasets simply because they are available rather than
because they are concerned with the specific implications of bias in literary recommendation. In most of these
papers, the book dataset was one of many. Book recommendation results are sometimes treated as an afterthought:
in some cases, book-related results are hidden in appendices, while in others, they are omitted altogether. This
raises questions about why book recommendation research is sidelined. We hypothesize that due to the book
datasets’ sparsity, the results are sometimes too inconclusive to be included in the main body of the paper
and discussed in detail. As a result, the field lacks focus and continuity. It also becomes harder for researchers,
especially outside of the field of recommender systems, to find material on bias in book recommendation and
draw conclusions.

To add to that, much of the existing research relies on the same few datasets, primarily American ones, which
fails to account for global reading habits and cultural differences. Additionally, book recommendation studies often
include very few external features, making it difficult to explore biases related to other relevant characteristics,
both for users and books. For users, the only external features tested are gender and age, presumably because
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these are the ones available in the datasets. For books, a few more characteristics are tested; however, the majority
of papers are concerned with author gender. In some cases, the studies use Linked Open Data to obtain this
information, and gender might be easier to discern than other sensitive characteristics. This observation points
to a well-known issue in quantitative research: sometimes we measure what is available rather than what is
important.

9.2 Gaps & future directions

Table 7 makes the imbalances concrete and reveals specific gaps. Interaction-based bias accounts for the bulk of
research. For example, popularity bias has been studied in 17 out of the 40 papers examined in this survey. The
only author characteristic that has received substantial attention is gender. While publishers are a very important
stakeholder in the book market, only bias towards their location has been explored. Attribute-based bias remains
largely unexplored. Notably, no paper simultaneously addresses bias affecting both users and items based on
external attributes despite recent emphasis in recommender systems research on multistakeholder solutions.

One gap in the mitigation of bias in book recommendation is effective comparison between the various methods
developed, which would determine which is the ‘best’ among them. While most of the mitigation papers compare
their method to some baselines, the emphasis is on the method rather than the effect on the book dataset result.
As discussed in Section 8, the studies included in this survey mostly use different metrics and evaluation protocols,
even when measuring the same type of bias based on the same dataset. An extensive comparative study that tests
the different mitigation methods for a set of book datasets and given different bias metrics would shed light on
what the state-of-the-art is when it comes to the book domain specifically.

User-book interaction datasets, as they are now, are limited. There is much progress to be made on improving
them, in the sense of enriching them with publicly available information. Ekstrand and Kluver [17] take advantage
of Linked Open Data sources to create a valuable dataset that includes author gender, which is used by some of
the other studies that we survey. Daniil et al. [13] follow a similar approach to supplement a smaller dataset with
author country of citizenship. While publicly available information is not complete and is known to be biased in
its own right, it would be a step towards the right direction. At the same time, book themes as a bias subject have
barely been studied. Extracting information on the themes of a book by textually analyzing the description might
be even more accessible than information on the authors’ personal characteristics. Future research on bias in
book recommendation could explore this avenue.

9.3 Recommendations for interdisciplinarity

The field of bias in book recommendation would benefit from connection between theoretical background and
practical studies. There is insight to be gained from interdisciplinary research, especially when interacting with a
field as rich asLIS. Recommender systems studies can rely on existing LIS frameworks that describe just and
inclusive library services [28, 37, 72, 86] and design metrics for bias and inclusivity for each component of the
book ecosystem accordingly. Grounding on theory can assist with interdisciplinary communication and ensure
overall progress.

A crucial step that can support the aforementioned goal is engagement with real library or commercial
literary recommenders. In simulations, researchers are limited to making assumptions regarding both how a
recommendation is done and also what is a relevant type of bias in the given use case. Practitioners in the book
domain have a more sophisticated understanding of what bias entails and can support researchers in their pursuit.
Additionally, since bias mitigation for many studies means to simply reduce bias compared to a baseline, in an
actual use case stakeholders can give input on what an ‘ideal” system would look like (e.g., appropriate level of
representation for every group of authors) [73]. Context specificity is crucial here; book reading is very much
dependent on the cultural context, even today that many of us exist in the same online world. Books are still
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produced and recommended in decentralized ways. By only studying the same few American datasets, researchers
are restricted to a one-dimensional view of bias and can only make narrow conclusions.

The differences in terminologies and research methods used by LIS and computer science professionals are a
significant hurdle in creating fair and effective recommendation systems. The lack of integration between these
fields hampers the development of systems that align with the core values of diversity, accessibility, and fairness,
which libraries uphold. An essential step forward is greater collaboration between LIS professionals and computer
scientists to establish shared terminology and research practices. Interdisciplinary projects can support the design
of recommender systems that take bias into account in a targeted and situated way. Without such intentional
safeguards, these systems risk perpetuating existing biases and further marginalizing underrepresented voices.

10 Conclusion

In this paper, we conducted a literature review on bias in book recommender systems across computer science
venues. We gathered and analyzed 40 papers from various perspectives. We found that, despite the prevalence of
book datasets with ratings in recommender systems research, studies often focus more on the ‘bias’ part rather
than the ‘book’ part. Accordingly, we proposed a set of future directions based on gaps in literature, as well as
recommendations for interdisciplinary practices. We hope that by collecting and mapping recent research, this
paper can serve as a stepping stone for researchers, computer scientists or otherwise, who wish to contribute to
the field of bias in book recommendation.
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A Appendix
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Fig. 2. Papers per publication year, venue, and publisher. “We conducted the survey in 2024 but one of the papers has official
copyright in 2025.

Figures 2, 3 and 4 show basic statistics about the papers. According to figure 2a, the big bulk of computer science
research on bias in book recommender systems is within the last few years. Figure 2b shows the paper distribution
among publishers and venues. Unsurprisingly, most of the papers come from ACM publications. Otherwise, the
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Fig. 3. Papers per dataset, code inclusion, and dataset preprocessing. Note that Goodreads and Goodbooks stem from the
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papers we included are scattered across conferences and journals. In figure 3a we see that Book-Crossing is used
in more than half of the papers, with Goodreads and Amazon-books used in the majority of the other papers.
The results across papers are not necessarily comparable even if they use the same dataset, since, as figure 3b
shows, the majority of the papers train their models in a preprocessed version of the given dataset (e.g., k-core
filtering). According to the same figure, a bit more than half of the papers provide a link to a repository where
they include their code. Figure 4a shows that roughly the same amount of papers use explicit (i.e., ratings) and
implicit (i.e., interactions) feedback as the basis of training a model. Regardless of the type of features, most of the
papers analyze bias given a ranking task. This result is in line with recent trends in recommender systems which
favor ranking rather than rating prediction. Most papers study interaction-based bias, especially from an item
perspective, as figure 4b shows. Across bias types and perspectives there is a balance between measurement and
mitigation, with the exception of interaction-based bias towards items where most papers present a mitigation
strategy.
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