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ARTICLE INFO ABSTRACT

Keywords: Recommender systems have become a fundamental component of modern online platforms,
Recommender Systems significantly influencing user experiences by delivering personalized content. However, the
Explainability increasing complexity of contemporary recommendation models has raised critical concerns
Fairness regarding their transparency and fairness. This survey provides a comprehensive and unified
Trustworthy Al review of explainable and fair recommender systems, emphasizing the need to move beyond
Bias Mitigation accuracy-centric design toward trustworthy and responsible recommendation paradigms. We
Interpretable Machine Learning first introduce the core concepts of recommender systems, explainability, and fairness, and
Survey discuss their roles in building transparent and accountable systems. We then propose a multi-

dimensional taxonomy that systematically categorizes existing approaches based on objectives,
intervention stages, explanation types, and fairness perspectives. Furthermore, we present a
detailed analysis of state-of-the-art methods, including explainable recommendation techniques,
fairness-aware models, and emerging approaches that jointly address both aspects. In addition,
we examine commonly used evaluation metrics and provide a comprehensive analysis of the
trade-offs among accuracy, explainability, and fairness, highlighting the challenges of multi-
objective optimization in real-world systems. Finally, we identify key open challenges, including
data bias, methodological limitations, evaluation inconsistencies, and deployment constraints,
and outline promising directions for future research. This survey aims to provide researchers and
practitioners with a unified perspective and to support the development of recommender systems
that are not only accurate, but also transparent, fair, and trustworthy.

1. Introduction

Recommender systems have become a cornerstone of modern digital platforms, playing a crucial role in shaping
user experiences and driving business value [90]. Major services such as Netflix, Amazon, and Spotify rely heavily on
recommendation algorithms to personalize content, enhance user engagement, and increase revenue [62]. By filtering
large-scale information and presenting relevant items, these systems significantly influence user decisions across
domains such as e-commerce, entertainment, and social media [32]. As digital ecosystems continue to expand, the
economic and societal impact of recommender systems has grown substantially [46].

Despite their remarkable success, traditional recommender systems have predominantly focused on optimizing
predictive accuracy, often at the expense of other critical aspects such as transparency and fairness [69, 15]. The
increasing adoption of complex machine learning models, particularly deep learning-based approaches, has further
intensified this issue. While these models can achieve high predictive performance, they typically operate as black-
box systems, offering limited insight into how recommendations are generated [55]. This lack of interpretability can
undermine user trust, hinder system adoption, and restrict the ability of developers to debug, validate, and improve
recommendation models.

To address these limitations, explainability has emerged as a fundamental requirement in modern recommender
systems [6]. Explainable recommender systems aim to provide understandable and transparent justifications for their
recommendations, thereby enhancing user trust, satisfaction, and acceptance [59]. For example, explanations such as
“Because you watched similar movies” or “Users with similar preferences liked this item” help users better understand
the rationale behind recommendations [1, 14]. Beyond improving user experience, explainability also facilitates system
debugging, model validation, and compliance with emerging regulatory frameworks that require transparency in

*Corresponding author

Page 1 of 36



Table 1
A comparative overview of representative studies on explainability and fairness in recommender systems and related domains.

Study Year Explainability Fairness Joint Taxonomy Trade-off
[22] 2021 X v x v v
[10] 2021 v v x x v
[38] 2023 X v X v v
[9] 2023 v X X X v
[9] 2023 v X X X v
[75] 2024 X v X v v
[60] 2024 v v v X v
[61] 2025 v v v X v
[77] 2025 v X X X v
[58] 2025 X v X v v
[55] 2025 v X X v X
[70] 2026 X X X v X
[44] 2026 v X X v/ X
[24] 2026 X v X X v
[19] 2026 X v X v v

This Work 2026 v v v v v

algorithmic decision-making [87]. In addition, explanations can reveal whether recommendations are influenced by
biased patterns such as popularity effects or exposure imbalance.

In parallel, fairness has gained increasing attention as a key requirement for building responsible and inclusive
recommender systems [72]. Biases embedded in data or learned by algorithms can lead to unfair outcomes, such as
unequal exposure of items or discriminatory treatment of users [5]. Common forms of bias include user bias, item
exposure bias, and popularity bias, where frequently interacted or popular items are disproportionately recommended.
Such biases can reduce content diversity, reinforce existing inequalities, and negatively affect both users and content
providers. Moreover, fairness in recommender systems is inherently multi-stakeholder, involving users, item providers,
and platform objectives, which makes its definition and evaluation particularly challenging [51]. Ensuring fairness is
therefore essential for maintaining ethical standards and long-term system sustainability [81].

Importantly, explainability and fairness are deeply interconnected rather than independent objectives. Explainabil-
ity can serve as a powerful tool to uncover and diagnose hidden biases within recommendation models, making fairness
issues more transparent and actionable. At the same time, fairness-aware interventions may affect the interpretability of
models, introducing additional complexity in system design. Moreover, there exist inherent trade-offs among accuracy,
fairness, and explainability, where improving one dimension may come at the expense of others. This interplay
highlights the necessity of studying these aspects jointly rather than in isolation.

Although a growing body of literature has explored explainability and fairness in recommender systems, most
existing surveys focus on only one of these aspects. As a result, there is a lack of comprehensive studies that provide
a unified taxonomy and systematically analyze methods addressing both explainability and fairness. Furthermore,
limited attention has been given to approaches that jointly optimize these properties and to the trade-offs involved
in balancing them. This fragmentation not only limits a holistic understanding of trustworthy recommender systems,
but also hinders the development of unified evaluation frameworks and the systematic design of models that jointly
consider accuracy, fairness, and explainability.

To systematically highlight these limitations, Table 1 provides a comparative overview of representative survey
papers in terms of the aspects they cover, including explainability, fairness, joint consideration, taxonomy, and trade-off
analysis.

Here, “Joint” indicates whether the survey simultaneously addresses both explainability and fairness, while “Trade-
off” refers to the analysis of interactions between accuracy, fairness, and explainability.

As shown in Table 1, most existing surveys focus on either explainability or fairness in isolation, while only a limited
number of works consider both aspects jointly. Moreover, comprehensive taxonomies and analyses of trade-offs remain
underexplored.
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To bridge this gap, this paper presents a comprehensive survey of explainable and fair recommender systems.
Our survey distinguishes itself from prior work by jointly addressing explainability and fairness within a unified
and multi-dimensional framework, explicitly linking methodological design, evaluation metrics, and trade-off analysis
across these dimensions. We provide a structured perspective that integrates both dimensions and supports a holistic
understanding of trustworthy recommender systems.

The main contributions of this work are as follows:

e We propose a unified and multi-dimensional taxonomy that systematically organizes existing methods across
explainability and fairness objectives, intervention stages, and methodological perspectives.

e We systematically review and analyze state-of-the-art approaches in explainable recommendation, fairness-
aware recommendation, and joint explainability—fairness optimization.

e We examine evaluation metrics and analyze the trade-offs among accuracy, fairness, and explainability,
highlighting key challenges and design considerations.

e We identify open research challenges, including data-related issues, methodological limitations, and evaluation
gaps, and outline promising directions for future research.

The rest of this paper is organized as follows. Section 2 describes the survey methodology used in this study,
while Section 3 introduces the fundamental concepts of recommender systems, explainability, and fairness. Section 4
presents a comprehensive taxonomy of explainability and fairness from multiple perspectives. Section 5 reviews
existing methods, including explainability, fairness-aware, and joint approaches. Section 6 discusses evaluation metrics
and analyzes the trade-offs among accuracy, explainability, and fairness. Section 7 outlines open challenges and future
research directions. Finally, Section 8 concludes the paper.

2. Survey Methodology

This survey follows a structured literature review methodology to ensure systematic coverage, transparency, and
reproducibility. The overall process consists of three main stages: search strategy design, study selection, and qualitative
analysis. As illustrated in Fig. 1, the study selection procedure follows a PRISMA-inspired workflow, including
identification, screening, eligibility assessment, and final inclusion of relevant studies.

Relevant studies were identified using Boolean combinations of keywords related to recommender systems,
explainability, and fairness (e.g., “explainable recommendation”, “fairness-aware recommendation”, and “bias in
recommender systems”). The search was conducted using two widely recognized academic sources, namely Google
Scholar and Scopus, to ensure broad coverage of both journal and conference publications.

No explicit lower bound was imposed on the publication year during the search process in order to avoid excluding
potentially relevant foundational studies. However, in practice, the vast majority of the retrieved and selected papers
were published between 2019 and April 2026. This reflects the recent and rapidly growing research interest in
explainability and fairness within recommender systems.

As shown in Fig. 1, the initial set of records was obtained through database searching and subsequently refined
through a multi-stage screening process. First, duplicate records were removed. Next, title and abstract screening was
performed to eliminate clearly irrelevant studies. The remaining papers were then subjected to full-text assessment to
determine their eligibility based on predefined criteria.

Studies were included if they (i) explicitly addressed explainability or fairness in recommender systems, (ii)
presented methodological, algorithmic, or analytical contributions, and (iii) were published in peer-reviewed journals
or conference proceedings in English. Studies were excluded if they were non-scholarly (e.g., blog posts or informal
reports), tutorial papers, editorials, or not directly relevant to the scope of this survey.

After applying the above selection criteria, a total of 91 studies were retained and included in the final analysis.

The selected papers were systematically analyzed using a unified framework designed to capture key dimensions
of the literature. These dimensions include methodological approaches, types of explanations (e.g., intrinsic vs. post-
hoc), fairness perspectives (e.g., individual vs. group fairness), and evaluation strategies (e.g., accuracy, diversity, and
fairness-related metrics). This structured analysis forms the foundation for the taxonomy and comparative discussion
presented in this survey.
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Figure 1: Overview of the literature identification and selection process.

3. Background and Preliminaries

This section provides the necessary background to support the subsequent analysis of explainability and fairness in
recommender systems. We begin by introducing the fundamental concepts and modeling paradigms of recommender
systems, highlighting their evolution from traditional approaches to modern data-driven and deep learning-based
frameworks. We then discuss the concept of explainability, including its objectives, methodological foundations, and
its role in enhancing transparency and user trust. Finally, we review the notion of fairness in recommender systems,
emphasizing its multi-dimensional nature, stakeholder perspectives, and the challenges associated with defining and
measuring fairness. Together, these preliminaries establish a common conceptual foundation for understanding the
interplay between accuracy, explainability, and fairness in recommender systems, which will be further explored in the
following sections.

3.1. Recommender Systems

Recommender systems are a class of information filtering systems designed to predict users’ preferences and
provide personalized suggestions [33, 8]. These systems have been widely adopted across domains such as e-commerce,
entertainment, and scientific applications to mitigate information overload and support decision-making processes [12].

Formally, a recommender system aims to learn a function f : U X I — R, where U and I denote the sets of users
and items, respectively, and the function predicts the preference score of a user u € U for an item i € I. Depending on
the type of available feedback, recommender systems can be categorized into explicit feedback systems (e.g., ratings)
and implicit feedback systems (e.g., clicks, views, or purchases), each posing distinct modeling challenges [25].

Traditional recommender systems are generally categorized into collaborative filtering, content-based, and hybrid
approaches [63]. Among these, collaborative filtering—particularly matrix factorization—has been extensively utilized
due to its capability to model latent user—item interactions effectively [35, 27]. However, such methods rely on latent
representations that are inherently difficult to interpret, thereby limiting transparency and explainability for both users
and practitioners [76].
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To overcome limitations related to data sparsity and restricted feedback, recent research has shifted toward more
flexible models capable of handling implicit and sparse data. In this context, graph-based recommender systems have
gained significant attention. These approaches represent user—item interactions as graphs and employ techniques such
as link prediction to generate recommendations. They are particularly effective in scenarios where explicit feedback
or rich metadata is limited, as they can capture higher-order relationships and structural dependencies within the data
[35].

Furthermore, modern recommender systems increasingly incorporate additional sources of information to improve
representation learning and recommendation quality. Visually-aware recommender systems leverage visual features
extracted from item images to better model user preferences, especially in domains where visual attributes are
critical [83]. In parallel, semantic-based approaches exploit textual and contextual information using advanced natural
language processing techniques, such as BERT and topic modeling, to capture deeper semantic relationships between
users and items [54, 13].

In addition, recent advances in deep learning have led to the development of neural recommender systems, including
sequential and session-based models that capture temporal dynamics of user behavior. These models, often based on
recurrent neural networks or transformer architectures, enable more accurate modeling of user preferences over time
but further increase model complexity and reduce interpretability.

In addition to multimodal learning, knowledge graph-based recommender systems have emerged as a powerful
paradigm for modeling heterogeneous relational data. By incorporating entities and their relationships into a unified
graph structure, these systems can capture rich semantic connections. In particular, graph attention mechanisms
enable the model to focus on the most informative relations, thereby improving both recommendation accuracy and
interpretability [89].

Beyond model development, recent studies have highlighted the importance of understanding how data charac-
teristics influence recommendation outcomes. Explanatory frameworks based on statistical and regression analysis
have been proposed to quantify the impact of various data properties on system performance, including accuracy and
fairness. These approaches provide valuable insights into why certain models perform better under specific conditions
and contribute to more informed model selection and evaluation [21].

Moreover, recent survey studies indicate that recommender systems are increasingly being applied in complex,
data-intensive environments where heterogeneous data sources, uncertainty, and multi-criteria decision-making play
a critical role [7]. In such contexts, hybrid and knowledge-based approaches are often preferred due to their ability to
integrate diverse information sources and provide more robust recommendations.

Additionally, emerging research directions emphasize the role of recommender systems in broader societal contexts,
including sustainability and ethical Al. Recent studies distinguish between designing recommender system to promote
sustainable behaviors and developing recommender system that are themselves sustainable in terms of fairness,
transparency, and resource efficiency [20]. These perspectives highlight the expanding scope of recommender systems
beyond traditional accuracy-oriented objectives.

Despite these advancements, the increasing integration of heterogeneous data sources and sophisticated learning
paradigms has led to more complex models. While such complexity often improves recommendation performance,
it also introduces significant challenges in terms of transparency, interpretability, and computational cost. Moreover,
these challenges are closely related to issues of explainability and fairness, as opaque models may obscure biased
decision patterns and hinder accountability.

Consequently, designing recommender systems that achieve a balance between accuracy, explainability, fairness,
and efficiency remains an open and critical research challenge.

3.2. Explainability in Recommender Systems

Explainability in recommender systems refers to the ability of a system to provide understandable and meaningful
reasons for why a particular item is recommended to a user [86]. In contrast to purely accuracy-driven approaches,
explainable recommender systems aim to enhance transparency, interpretability, and user trust by exposing the rationale
behind recommendations [4, 66]. However, explainability is not a single, unified concept; rather, it encompasses
multiple dimensions related to the purpose of explanations, the knowledge sources used, the generation mechanisms,
and the presentation of explanations to users [11, 64].

To address this complexity, Caro-Martinez et al. proposed an ontological formalization that organizes explainability
into key components such as motivation, knowledge source, generation process, presentation format, argumentation
style, level of detail, and interaction mode [11]. This perspective is particularly important because it distinguishes
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between an explanation as an artifact presented to users and explainability as a broader system property that
supports understanding, trust, and decision-making. Moreover, explanations in recommender system can serve different
stakeholders, including end users, developers, and regulators, each requiring different forms of transparency and levels
of detail [18].

From a functional standpoint, explanations can fulfill multiple objectives beyond simple justification [2]. They
can improve user trust, enhance satisfaction, support persuasion, and enable users to scrutinize or refine the recom-
mendation process. Additionally, explanations may rely on diverse types of knowledge, including item attributes, user
preferences, contextual signals, and social or collaborative information, highlighting the richness of the explainability
design space [11].

One important line of research focuses on semantic or knowledge-based explanations. In this paradigm, recom-
mendations are justified through explicit relationships between items previously preferred by the user and newly
recommended items. Musto et al. proposed a framework based on Linked Open Data, where semantic properties
extracted from knowledge bases such as DBpedia are used to construct graph-based explanation patterns [56]. These
patterns connect user interests with candidate items and can be transformed into natural-language explanations
independently of the underlying recommendation algorithm. This characteristic makes the approach particularly
suitable for black-box models, where internal decision processes are not directly accessible.

Another prominent direction is aspect-based explanation, which provides fine-grained justification by identifying
specific item aspects that match user preferences. Hou et al. introduced an Aspect-based Matrix Factorization (AMF)
model that incorporates aspect-level information extracted from user reviews into the recommendation process [34].
Their approach defines quantitative measures such as User Aspect Preference and Item Aspect Quality to capture user
interests and item characteristics at a finer granularity. By integrating these signals into the recommendation model, the
system not only improves prediction accuracy but also generates more detailed and persuasive explanations grounded
in interpretable item features.

Despite these advances, many widely used recommendation models remain inherently difficult to interpret. In
particular, latent factor models such as matrix factorization learn hidden user and item representations that are not
directly understandable to humans. As highlighted by Vlachos et al., such latent representations limit transparency and
motivate the development of intrinsically interpretable recommendation approaches [76].

To address this limitation, several works attempt to incorporate interpretability directly into the model. For instance,
Vlachos et al. proposed a co-clustering-based method that identifies overlapping groups of users and items, enabling
recommendations to be explained through explicit and human-readable structures [76]. This approach provides a
transparent alternative to black-box models while maintaining competitive performance and supporting cold-start
scenarios [39].

Beyond model design, recent research emphasizes that explainability must also be systematically evaluated. In
practice, assessing explanation quality remains challenging due to the lack of standardized metrics and benchmarks. To
address this issue, Coba et al. introduced RecoXplainer, a unified framework for developing and evaluating explainable
recommender systems [17]. The framework integrates recommendation algorithms, explanation techniques, and eval-
uation metrics within a complete pipeline, enabling reproducibility and fair comparison across different approaches.

RecoXplainer further highlights that explainability should be treated as a measurable property of recommender
systems, evaluated through metrics such as fidelity, explainability precision, and explanation quality. This perspective
reinforces the importance of rigorous evaluation methodologies and standardized experimental settings in advancing
the field [17].

Another emerging direction focuses on reducing reliance on external knowledge sources while preserving inter-
pretability. Many explainable approaches depend on auxiliary data such as knowledge graphs or textual descriptions,
which may not always be available. To address this limitation, Caro-Martinez et al. proposed a graph-based approach
that constructs explanations solely from user—item interaction data [12]. By representing interactions as a bipartite
graph and applying link prediction techniques, the model generates recommendations that can be explained through
observable graph structures such as shared neighbors.

This approach is particularly effective in minimal knowledge scenarios, where explicit metadata is limited. Despite
its simplicity, the graph-based representation enables intuitive relational explanations, improving transparency without
requiring complex external knowledge sources [12].

More recently, explainable recommender systems have increasingly incorporated structured knowledge and deep
learning techniques. Knowledge graph-based models have gained attention due to their ability to capture rich semantic
relationships between users, items, and auxiliary entities. In particular, Zhang et al. proposed HKGAT, a heterogeneous
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knowledge graph attention network that leverages attention mechanisms to identify informative reasoning paths for
recommendation [89]. These paths can be used to generate interpretable explanations that trace how user preferences
propagate through the graph.

Such approaches reflect a broader trend toward combining representation learning with symbolic reasoning,
enabling systems to achieve both high accuracy and meaningful explanations. By assigning attention weights to
different relations, knowledge graph-based models provide a transparent mechanism to highlight the most influential
factors in the recommendation process [89].

In parallel with these algorithmic developments, there is a growing recognition that explainability is fundamentally
a human-centered property. Traditional systems often adopt a one-size-fits-all approach, providing the same explana-
tion to all users regardless of their needs or expertise. However, recent work by Guesmi et al. emphasizes the importance
of interactive and user-controlled explanations [29].

In their approach, explanations are presented at multiple levels of detail, allowing users to progressively explore
the reasoning behind recommendations. Users can also interact with explanations through different perspectives, such
as what, why, how, and what-if, thereby actively shaping their understanding of the system. This interactive paradigm
enables a balance between explanation completeness and cognitive load [29].

Empirical findings further indicate that providing controllable and interactive explanations can significantly
improve transparency, trust, user satisfaction, and overall user experience. By allowing users to decide how much
information they want to access and when, these approaches move beyond static explanations toward adaptive and
user-centric explainability [29].

Overall, explainability in recommender systems spans multiple complementary dimensions, including conceptual
modeling, semantic and aspect-based explanations, interpretable model design, evaluation frameworks, graph-based
methods, and knowledge graph-driven approaches. At the same time, the shift toward human-centered and interactive
explanations highlights the importance of aligning technical solutions with user needs. These perspectives provide a
comprehensive foundation for the taxonomy and methodological analysis presented in the following sections.

3.3. Fairness in Recommender Systems

Fairness in recommender systems has recently emerged as an important research direction, driven by the increasing
societal impact of recommendation technologies [80]. While traditional recommender systems have primarily focused
on optimizing predictive accuracy, a growing body of literature suggests that such optimization may lead to biased
outcomes that disproportionately disadvantage certain users or item providers. As a result, fairness is increasingly
recognized as a key component in the design of trustworthy and responsible recommender systems.

Despite its importance, fairness in recommender system remains difficult to define and operationalize. Unlike accu-
racy, fairness is inherently multi-dimensional and context-dependent, with no universally accepted definition [84, 85].
Prior studies emphasize that fairness depends on several factors, including the stakeholders involved, the type of benefit
being distributed (e.g., relevance, exposure, or utility), and the specific application scenario [5]. Consequently, different
fairness notions may coexist, and in some cases, they may even conflict with one another.

A commonly adopted perspective in the literature is to distinguish between different stakeholders affected by
recommendation outcomes. Early work primarily focuses on user (consumer) fairness and item or provider fairness.
User fairness generally aims to ensure that recommendation quality is equitably distributed across different user
groups, particularly those defined by sensitive attributes or activity levels. In contrast, provider fairness focuses
on the fair allocation of exposure among items belonging to different providers, aiming to mitigate issues such as
popularity bias that favor already dominant items [31]. More recent studies extend this view by considering fairness in
a multi-stakeholder setting, where users, providers, and items are simultaneously taken into account, providing a more
comprehensive understanding of fairness in recommender systems. [5].

To formalize the diverse notions of fairness, several unified frameworks have been proposed. Among them, the work
of Amigo et al. introduces an information-theoretic perspective that models recommendation outcomes as probability
distributions and measures fairness using metrics such as Kullback-Leibler divergence and mutual information [5]. This
formulation provides a general and flexible approach to capturing different fairness criteria, while also highlighting
key dimensions such as the level of comparison (individual versus group), stakeholder perspective, and type of utility
being evaluated.

In addition to conceptual definitions, a substantial body of research highlights the role of data characteristics in
shaping fairness outcomes. User—item interaction data often exhibit various forms of bias, including imbalanced user
activity, skewed rating distributions, and popularity effects. These biases can be amplified by learning algorithms,
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resulting in systematic disparities across groups. Empirical analyses suggest that, while data properties can explain
variations in recommendation accuracy, fairness is significantly more difficult to model and predict, indicating a
complex interplay between data, user behavior, and model design [21].

One of the most widely discussed forms of unfairness in recommender system is exposure bias. In many practical
scenarios, frequently interacted or popular items receive disproportionately high visibility, while less popular or
minority-group items are underrepresented. This imbalance can reinforce existing inequalities and reduce content
diversity. For example, Gémez et al. show that provider groups from dominant regions tend to receive higher exposure
compared to those from underrepresented regions, highlighting the impact of data imbalance on recommendation
outcomes [31]. To address such issues, many fairness-aware approaches rely on re-ranking strategies that adjust
recommendation lists to better balance exposure across groups.

Beyond exposure-based fairness, recent studies explore fairness-aware representation learning techniques. Since
modern recommender systems often rely on latent representations, biases present in the data may be encoded into
these representations. To mitigate this effect, approaches based on self-supervised learning and adversarial training
have been proposed to learn unbiased representations by removing sensitive information from latent spaces. These
methods aim to reduce group-based disparities while maintaining recommendation performance [21].

Another important direction in the literature concerns contextual fairness. Several studies argue that fairness should
not always be interpreted as strict equality, particularly in real-world applications where different users or items may
have different roles or expectations. For instance, in premium service scenarios, users or providers who contribute
additional value to the platform may reasonably expect differentiated treatment. In this context, fairness is defined
relative to a desired distribution of outcomes rather than uniform allocation. Context-aware fairness frameworks have
been proposed to model such scenarios by incorporating application-specific constraints and adjusting recommendation
outputs accordingly [31].

Overall, existing research suggests that fairness in recommender systems is a complex and multi-faceted concept
that involves multiple stakeholders, data-related biases, and algorithmic considerations. The diversity of definitions and
evaluation criteria highlights the need for flexible frameworks and comprehensive methodologies. As recommender
systems continue to evolve, balancing fairness with other objectives such as accuracy and explainability remains an
open and challenging research problem.

4. Taxonomy of Explainability and Fairness in Recommender Systems

To systematically organize the diverse body of research on explainable and fair reccommender systems, this section
introduces a unified taxonomy that captures the main conceptual and methodological dimensions of the field. As
discussed in previous sections, explainability and fairness are multi-faceted properties that can be analyzed from
different perspectives, including system objectives, stages of intervention, explanation mechanisms, and fairness
definitions.

Rather than treating these aspects in isolation, the proposed taxonomy provides a structured view that highlights
how existing approaches can be categorized along multiple complementary dimensions. Specifically, we organize
the literature based on four key perspectives: (i) objective-oriented categorization, which focuses on the primary
goals of the methods; (ii) intervention-stage categorization, which considers where fairness or explainability is
incorporated in the recommendation pipeline; (iii) explanation-type categorization, which classifies methods based
on how explanations are generated and presented; and (iv) fairness-perspective categorization, which reflects different
stakeholder and bias considerations.

Fig. 2 presents an overview of the proposed taxonomy, illustrating the relationships between the main dimensions
and their corresponding subcategories. This structured representation serves as a conceptual map for the remainder of
this section, where each dimension is discussed in detail.
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4.1. Based on Objective

Existing studies on explainable and fair recommender systems can be categorized according to their primary
objectives [43]. While these objectives are often interrelated, the literature reveals several dominant directions,
including transparency and interpretability, explanation generation, fairness measurement, bias mitigation, and multi-
objective optimization.

A first group of studies focuses on transparency and interpretability. These works aim to make the internal logic of
recommender systems understandable to different stakeholders. Conceptual frameworks highlight that explainability
is a multi-dimensional process involving motivation, knowledge sources, generation mechanisms, and presentation
strategies, thus extending beyond simple justification generation. Such approaches emphasize that transparency plays
a critical role in improving user trust, satisfaction, and decision support.

A second category targets explanation generation. These approaches aim to provide explicit and meaningful
justifications for recommendations. Recent works move beyond heuristic explanations by incorporating fine-grained
semantic information into the recommendation process. For instance, aspect-based models extract features from user
reviews and quantitatively model both user preferences and item quality at the aspect level, enabling more persuasive
and personalized explanations while improving recommendation accuracy.

Another major objective is fairness measurement and evaluation. Traditional recommender systems have primarily
focused on accuracy; however, recent research emphasizes the need to evaluate fairness as a complementary dimension.
In this context, explanatory frameworks have been proposed to analyze how data characteristics influence both accuracy
and fairness. Notably, empirical studies show that data properties can explain a significant portion of accuracy variation,
while fairness outcomes are more complex and harder to predict, highlighting the intrinsic difficulty of modeling
fairness in recommendation systems [21].

A further line of work focuses on bias mitigation and fairness-aware recommendation. These approaches aim to
reduce disparities arising from data imbalance, popularity bias, or unequal exposure. A key insight from the literature is
that recommender systems operate in multi-stakeholder environments, where fairness must be considered not only for
users (consumers) but also for providers and items. Recent studies explicitly distinguish between these stakeholders
and demonstrate that fairness should ensure equitable treatment across all of them, including equal opportunity for
exposure and balanced recommendation quality [5].

More specifically, fairness-aware approaches can target different stakeholders, including consumer fairness
(equal recommendation quality across user groups) and provider fairness (equal exposure for item providers). For
example, provider fairness studies show that imbalances in data—such as geographic dominance of certain content
producers—can lead to systematic under-exposure of minority groups. Re-ranking techniques have been proposed to
redistribute visibility and exposure across groups while maintaining acceptable recommendation accuracy [31].

Finally, recent works increasingly focus on multi-objective optimization, where accuracy, fairness, and sometimes
explainability are jointly considered. These approaches recognize that optimizing only for accuracy can lead to unfair
outcomes, and therefore introduce optimization frameworks that balance multiple objectives. For instance, fairness-
aware frameworks such as CP-Fairness models enable joint optimization of consumer and provider benefits through
re-ranking and constrained optimization techniques, demonstrating that fairness can be improved without significantly
sacrificing accuracy [57].

Overall, this objective-based taxonomy highlights a clear shift in recommender systems research—from purely
accuracy-driven optimization toward broader goals such as transparency, fairness, accountability, and trustworthiness.
Moreover, it emphasizes the need to design systems that balance multiple, often competing, objectives in a principled
and systematic manner.

4.2. Based on Intervention Stage

Another important dimension for categorizing explainable and fair recommender systems is the stage at which
explainability or fairness mechanisms are incorporated into the recommendation pipeline. From this perspective,
existing approaches can be broadly classified into four categories: pre-processing, in-processing, post-processing, and
post-hoc explanation. Each stage reflects a different level of intervention, ranging from data preparation to model
interpretation.

Pre-processing approaches aim to mitigate bias at the data level before model training. These methods typically
involve filtering, reweighting, sampling, or restructuring the input data to reduce the impact of skewed interactions and
imbalanced distributions. Although relatively fewer studies explicitly focus on this stage, prior work shows that data
characteristics—such as sparsity, imbalance, and rating distributions—play a crucial role in shaping both accuracy and

Page 10 of 36



fairness outcomes [21]. Consequently, understanding and addressing data bias is an essential prerequisite for building
fair and reliable recommender systems, even before applying algorithmic interventions.

In-processing approaches incorporate fairness or explainability directly into the model training process by modify-
ing the learning objective, representation space, or underlying causal assumptions. In fairness-aware recommendation,
a prominent direction is representation-level debiasing, where models aim to learn user—item embeddings that are less
sensitive to group-specific or biased signals. For instance, self-supervised and adversarial learning techniques can be
used to remove sensitive attributes from latent representations while preserving recommendation performance [49].
Another important line of work focuses on causal debiasing, where methods attempt to disentangle true user preferences
from confounding factors such as popularity bias or latent variables through techniques such as instrumental variable
learning or multi-view representation modeling [37, 16].

In the context of explainability, in-processing approaches are often associated with intrinsically interpretable
models, where explanations are generated as part of the model itself. Examples include knowledge graph-based models
that provide reasoning paths, attention-based architectures that highlight influential features, and interpretable latent
factor models that expose meaningful structures in user—item interactions [89, 17]. Compared to other stages, in-
processing methods offer tighter integration of fairness and explainability, but often at the cost of reduced flexibility
and increased model complexity.

Post-processing approaches operate after the recommender system has generated its initial outputs. These methods
are particularly popular in fairness-aware recommendation because they allow modifying recommendation lists without
altering the underlying model. A common strategy is re-ranking, where items are reordered to achieve a more balanced
distribution of exposure across users, providers, or item groups. For example, equity-based re-ranking techniques have
been proposed to improve provider fairness by aligning item visibility with group representation [31]. Similarly, model-
agnostic frameworks such as PyCPFair optimize fairness for both consumers and producers through post-processing
adjustments [57]. More recent approaches extend these techniques to multi-stakeholder settings, balancing fairness
across users, providers, and items simultaneously [67]. While post-processing methods are flexible and easy to deploy,
they may introduce trade-offs with recommendation accuracy.

Post-hoc explanation approaches focus on interpreting the outputs of recommender systems after they have been
generated, typically treating the underlying model as a black box. These methods aim to provide transparency without
modifying the internal structure of the recommender. One line of work relies on semantic reasoning, where external
knowledge sources such as Linked Open Data are used to construct interpretable connections between user preferences
and recommended items, enabling natural language explanations independent of the recommendation algorithm [56].
Another line of work focuses on model diagnostics, including deletion-based analysis and counterfactual sensitivity
methods, which evaluate how removing users, items, or interaction patterns affects recommendation outcomes [6, 65].
These approaches provide high-fidelity insights into model behavior and are particularly useful for debugging and
auditing, although they can be computationally expensive.

Overall, the intervention-stage taxonomy highlights that explainability and fairness can be incorporated at different
points in the recommendation pipeline. Pre-processing focuses on improving the data, in-processing integrates
constraints into model training, post-processing adjusts recommendation outputs, and post-hoc methods interpret
already generated recommendations. Each stage presents distinct trade-offs in terms of flexibility, scalability, model
dependence, and ease of deployment, suggesting that the choice of intervention should depend on application
requirements and system constraints.

4.3. Based on Explanation Type

Explainable recommender systems can also be categorized according to the type of explanations they provide.
In the literature, explanation types are generally distinguished based on the source of information, the generation
mechanism, and the way explanations are presented to users. Common categories include feature-based, aspect-based,
graph/path-based, natural language, visual, interactive, counterfactual, and model-level explanations.

Feature-based explanations describe recommendations by highlighting the contribution of input features. Tech-
niques such as LIME and SHAP are widely used to provide local explanations by estimating feature importance [82, 88].
These methods are intuitive and model-agnostic, making them suitable for structured data; however, they may struggle
to capture complex feature interactions in highly non-linear models.

Aspect-based explanations focus on item-level aspects (e.g., quality, price, or attributes extracted from user
reviews) to justify recommendations. By modeling both user preferences and item characteristics at the aspect level,
these approaches provide fine-grained and personalized explanations. For instance, aspect-based matrix factorization
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integrates aspect importance into the recommendation process, improving both interpretability and recommendation
quality [34].

Graph- and path-based explanations leverage relationships between users, items, and auxiliary entities. In
particular, knowledge graph-based approaches explain recommendations through semantic paths that connect user
preferences to recommended items [89, 56]. These methods are effective in capturing rich relational information and
generating reasoning paths, but their performance and interpretability depend heavily on the completeness and quality
of the underlying graph.

Natural language explanations present recommendations in human-readable textual form. Recent approaches
employ deep learning models and large language models to generate personalized explanations alongside recommen-
dations [47, 91, 73]. While these explanations are highly persuasive and user-friendly, they raise challenges related to
controllability, faithfulness, and objective evaluation.

Visual explanations rely on images or visual features to justify recommendations, particularly in domains such
as fashion and multimedia. For example, systems may highlight representative images or visual regions that align
with user preferences [59]. These explanations are intuitive but are typically domain-dependent and less applicable to
non-visual settings.

Interactive explanations allow users to explore recommendations dynamically by providing multiple levels of
detail and user control. Users can refine, query, or navigate explanations based on their needs, leading to improved
transparency and user satisfaction. However, such approaches introduce additional design and usability challenges [29].

Counterfactual and influence-based explanations explain recommendations by analyzing how changes in the input
data affect model outputs. Techniques such as deletion-based diagnostics evaluate the impact of removing users, items,
or interactions on recommendation results [6, 65]. These methods provide high-fidelity insights into model behavior
but are often computationally expensive.

Finally, model-level explanations are provided by intrinsically interpretable models, where transparency is
embedded into the model design. Examples include co-clustering methods and interpretable matrix factorization
techniques [76, 35, 11]. While these approaches offer strong interpretability and high fidelity, they may sacrifice
flexibility and predictive performance compared to complex black-box models.

Overall, different explanation types provide complementary perspectives on transparency. Their effectiveness
depends on factors such as data characteristics, application domain, and user requirements. Moreover, these explanation
types differ in their ability to support tasks such as user trust enhancement, system debugging, and bias detection,
highlighting the importance of selecting appropriate explanation strategies in practice.

4.4. Based on Fairness Perspective

Fairness-aware recommender systems can be categorized according to the perspective from which fairness is
defined and evaluated. Unlike accuracy, fairness is inherently multi-dimensional and context-dependent, and thus
different perspectives emphasize different stakeholders, objectives, and sources of bias. The literature generally
distinguishes several key perspectives, including user fairness, provider fairness, item fairness, multi-stakeholder
fairness, contextual fairness, causal debiasing, and data-centric fairness.

User fairness focuses on whether different user groups receive comparable recommendation quality. In this
perspective, protected or group attributes such as gender, age, or activity level are used to examine disparities in ranking
performance or utility. For instance, Deldjoo et al. show that fairness variations across user groups are more difficult
to explain than accuracy variations [21]. To mitigate such disparities, representation learning approaches—such as
self-supervised and adversarial methods—aim to remove group-specific information from latent representations [49].

Provider fairness considers whether item providers receive equitable exposure in recommendation lists. This
perspective is particularly relevant in multi-sided platforms where recommendations directly affect the visibility and
opportunities of sellers, authors, or content creators. Gdmez et al. demonstrate that data imbalance and popularity
bias may lead to over-exposure of dominant provider groups [31]. To address this issue, re-ranking strategies and
exposure-aware methods have been proposed to better align visibility with fairness objectives [31].

Item fairness shifts the focus from providers to individual items. The goal is to prevent scenarios where a
small subset of popular items dominates recommendation lists while long-tail items remain underrepresented. This
perspective is closely related to popularity bias and exposure imbalance and is often treated as a distinct fairness
dimension in recommendation outcomes [67].

Multi-stakeholder fairness extends fairness considerations to multiple parties simultaneously. In such settings,
users, providers, items, and platforms may have competing objectives, making fairness inherently a multi-objective
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problem. Frameworks such as PyCPFair enable joint optimization of consumer and provider fairness through model-
agnostic re-ranking techniques [57]. Other approaches further incorporate additional stakeholders, emphasizing that
fairness should be evaluated across all affected entities [26, 67].

Contextual fairness argues that fairness should be defined relative to the application context rather than as strict
equality. In some scenarios, such as premium services, differentiated treatment of users or items may be expected.
Context-aware frameworks model fairness as alignment with a desired distribution of outcomes, taking into account
business rules, platform policies, and domain-specific constraints [45].

Causal and debiasing perspectives focus on identifying and mitigating the root causes of unfairness rather than
only adjusting final outputs. These approaches aim to disentangle true user preferences from confounding factors such
as popularity bias, social influence, or selection bias. For example, causal representation learning methods leverage
techniques such as instrumental variables and multi-view modeling to remove latent confounders and improve fairness
and robustness [37, 16, 78].

Data-centric fairness emphasizes the role of dataset characteristics in shaping fairness outcomes. Instead of treating
unfairness solely as an algorithmic issue, this perspective examines how properties such as sparsity, imbalance, skewed
activity distributions, and sensitive attributes influence both accuracy and fairness. Information-theoretic frameworks
provide a unified way to quantify fairness under different conditions [5], while empirical studies show that fairness is
often harder to explain than accuracy due to complex interactions between data and model behavior [21].

Overall, these perspectives highlight that fairness in recommender systems is not a single objective but a collection
of complementary and sometimes conflicting criteria. Selecting an appropriate fairness notion depends on the target
stakeholders, the type of bias being addressed, and the specific application context. This diversity further underscores
the importance of flexible and multi-objective approaches in designing fair recommender systems.

5. Explainability and Fairness Methods in Recommender Systems

This section provides a comprehensive overview of the main methodological approaches developed to improve
explainability and fairness in recommender systems. While traditional recommender models primarily focus on
predictive accuracy, recent research has introduced a wide range of techniques to enhance transparency, interpretability,
and equitable outcomes.

To organize this diverse body of work, we categorize existing methods into three main groups: explainability
methods, fairness-aware approaches, and joint explainability—fairness models. This categorization highlights both the
methodological differences and the increasing trend toward integrating multiple objectives within unified recommen-
dation frameworks.

5.1. Explainability Methods

Explainability methods in recommender systems aim to make recommendation processes and outputs more
understandable to users, domain experts, and system developers. Existing approaches differ in terms of whether
explanations are generated as part of the recommendation model itself or produced after recommendations have been
generated. Accordingly, explainability methods can be broadly grouped into intrinsically interpretable models, post-
hoc explanation techniques, knowledge- and graph-based methods, natural language explanation models, interactive
explanation interfaces, and domain-specific explainable recommender systems [53].

A major line of research focuses on intrinsically interpretable recommender models, where transparency is
embedded into the model design. These methods attempt to avoid purely black-box recommendation mechanisms by
introducing interpretable structures, factors, or representations. For example, co-clustering-based matrix factorization
methods provide explanations through overlapping user—item groups, enabling recommendations to be associated with
meaningful clusters rather than opaque latent factors [76].

In such models, user—item interactions are often formulated through interpretable co-cluster affiliations. Specifi-
cally, the probability of interaction between a user u and an item i can be expressed as:

P(rui = 1) =1- e_<fu’fi> (1)

where f, and f; denote the co-cluster affiliation vectors of users and items, respectively, and (f,, f;) captures
their shared cluster memberships. This formulation provides a direct interpretation of recommendations based on
overlapping group structures.
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Similarly, physically interpretable recommender systems incorporate domain-specific physical process features
into matrix factorization, allowing learned parameters to correspond to meaningful concepts in computational model
selection [36]. In healthcare and scientific domains, interpretable deep or causal models have also been used to support
decision-making, such as causal Bayesian networks for treatment recommendation [79] and biologically interpretable
neural recommender models for drug response prediction [40]. These methods offer high explanation fidelity because
the explanation is directly tied to the internal structure of the model, although they are often domain-dependent and
may require carefully designed features or expert knowledge.

Another important group consists of feature- and attribution-based explanation methods. These approaches explain
recommendations by identifying the input features that most strongly influence model predictions. Model-agnostic
methods such as LIME and SHAP are widely used in this category because they can explain black-box models without
requiring access to internal model parameters. For instance, LIME has been applied to crop recommendation systems
to provide local feature-level explanations for individual recommendations [82]. SHAP and LIME have also been
combined in clinical recommender systems to provide both local and global explanations for diagnosis and treatment
support [23, 88].

Among these methods, SHAP provides a theoretically grounded approach based on cooperative game theory [88].
The contribution of each feature j to a prediction is quantified using Shapley values:

SINIF| =S| =D)!
1S4 ||F||! =D fSU{j}) = f(S)] (2)

¢j=

SCF\{j}

where F denotes the set of all features and .S represents a subset excluding feature j. This formulation captures
the marginal contribution of each feature across all possible feature combinations, enabling both local and global
interpretability.

Similar SHAP-based explanation strategies have been used in federated knowledge graph recommender sys-
tems [41], mobile application recommendation [74], and other security- or healthcare-oriented decision-support
scenarios. These methods are useful for improving transparency and trust, but they may provide limited insight into
complex feature interactions and are often evaluated qualitatively rather than through standardized explanation metrics.

Review- and aspect-based explainable recommendation represents another well-established direction. These
methods exploit user reviews, item attributes, or textual feedback to generate fine-grained explanations. Aspect-based
matrix factorization models integrate user aspect preferences and item aspect quality into the recommendation process,
allowing recommendations to be justified in terms of specific item aspects [34]. Neural models further combine reviews,
attributes, and attention mechanisms to identify important textual or attribute-level signals behind predictions [52].
Such methods are particularly effective in domains where rich textual reviews are available, as they can generate
explanations that are more specific and persuasive than general feature-importance scores. However, their performance
depends strongly on the quality of aspect extraction, review availability, and textual representation learning.

Graph-based and knowledge-based methods provide explanations by leveraging relationships among users, items,
and auxiliary entities. In minimal-knowledge scenarios, interaction graphs can be used to generate interpretable
recommendations through link prediction and neighborhood-based reasoning [12]. Knowledge graph-based methods
extend this idea by incorporating semantic entities and relations, enabling recommendations to be explained through
reasoning paths. For example, heterogeneous knowledge graph attention networks use attention mechanisms over graph
paths to identify influential relations for recommendation [89].

Figure 3 illustrates a representative knowledge graph-based explainable recommender framework, where user
preferences are propagated over a heterogeneous graph and aggregated via attention mechanisms to identify informative
relational paths.

Linked Open Data-based explanation frameworks similarly construct semantic connections between items previ-
ously liked by a user and newly recommended items, producing algorithm-independent explanations [56]. Visually-
aware heterogeneous information networks also use meta-path-based reasoning to generate scalable and explainable
recommendations in visual domains [54]. These approaches are powerful for relational and semantic explanation, but
their quality depends on the completeness, accuracy, and scalability of the underlying graph structure.
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Figure 3: Framework of a heterogeneous knowledge graph attention network (HKGAT), where user preferences are propa-
gated over a knowledge graph and aggregated using attention mechanisms to generate explainable recommendations [89].
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Natural language explanation methods have gained increasing attention due to their ability to present recom-
mendations in user-friendly textual form. Early and recent neural approaches jointly model rating prediction and
explanation generation, often using encoder—decoder architectures or multi-task learning frameworks [91]. More
recent methods employ large language models and pretrained language models to generate personalized explanations
for sequential recommendation [47]. Reinforcement learning and simulated human feedback have also been used to
optimize explanation quality according to criteria such as informativeness, persuasiveness, and personalization [73]. In
reinforcement learning-based recommendation scenarios, large language models can further translate policy decisions
into understandable textual explanations [71]. Although natural language explanations improve user understanding
and persuasiveness, they raise important challenges related to faithfulness, controllability, hallucination, and objective
evaluation.

Interactive explanation methods shift the focus from static explanations to user-controlled explanation processes.
Instead of presenting a single fixed explanation, these systems allow users to explore recommendations at different
levels of detail and from different perspectives. For example, interactive scientific literature recommendation systems
provide explanations based on “what”, “why”, “how”, and “what-if” questions, enabling users to inspect and refine
the recommendation rationale [29]. Online explainable recommender systems also integrate explanation generation
with online learning, allowing the system to adapt recommendations and explanations based on user feedback over
time [48]. These approaches are valuable for improving transparency, trust, and user engagement, but they introduce
additional challenges related to interface design, cognitive load, and evaluation complexity.

Post-hoc diagnostic and counterfactual explanation methods aim to explain recommender systems after the recom-
mendation model has already been trained. Unlike user-facing textual or visual explanations, these methods are often
designed for developers and auditors. Deletion-based diagnostics measure how removing users, items, or interactions
affects recommendation performance, thereby identifying influential data points and model sensitivities [6]. To improve
scalability, spectral biclustering-based approaches group users and items into blocks and perform block-level deletion
analysis, offering a more tractable form of counterfactual explanation [65]. Such approaches are useful for debugging,
robustness analysis, and accountability, but they are computationally expensive and are not always suitable for direct
end-user explanation.

Several explainability methods are also tailored to specific domains and modalities. In visual recommendation,
Bayesian ranking methods select representative images as explanations, making recommendations more intuitive
in domains such as fashion and multimedia [59]. In academic recommendation, semantic models based on BERT
and LDA extract explainable keywords to justify research-related recommendations [83]. In legal recommendation,
interpretable hand-crafted features are used to model case—statute relations for statute ranking [42]. In clinical
recommender systems, explainability is often achieved through causal graphs, feature importance, dashboards, or
biologically meaningful latent factors [79, 23, 40, 88]. These domain-specific methods demonstrate that explanation
design should be aligned with the needs, knowledge, and decision-making context of target users.

Finally, toolkits and conceptual frameworks have been proposed to support the systematic development and
evaluation of explainable recommender systems. Ontological models provide a structured vocabulary for describing
explanation components, including explanation goals, knowledge sources, generation mechanisms, and presentation
formats [11]. RecoXplainer offers a unified library for developing and evaluating explainable recommender systems,
integrating recommendation algorithms, explanation methods, and offline evaluation metrics such as fidelity and
explainability precision [17]. These frameworks are important because they address the lack of standardization and
reproducibility in explainable recommendation research.

Overall, explainability methods in recommender systems span a broad methodological spectrum, ranging from
intrinsically interpretable models and feature-attribution techniques to graph-based reasoning, natural language
generation, interactive interfaces, and post-hoc diagnostics. Each method offers different strengths: intrinsic models
provide high fidelity, attribution methods are flexible and model-agnostic, graph-based methods support semantic
reasoning, natural language methods improve user understanding, and diagnostic methods help developers audit model
behavior. However, major challenges remain, including the lack of standardized evaluation protocols, limited user
studies, scalability issues, and the difficulty of ensuring that explanations are faithful to the actual recommendation
process.

5.2. Fairness-aware Methods
Fairness-aware recommender systems aim to mitigate biases and ensure equitable treatment of different stakehold-
ers, including users, item providers, and platforms. Unlike traditional recommender systems that primarily optimize
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accuracy, fairness-aware approaches explicitly incorporate fairness constraints, objectives, or evaluation criteria into
the recommendation process. Existing methods can be broadly categorized into fairness measurement frameworks,
re-ranking and post-processing approaches, causal and debiasing models, multi-stakeholder fairness methods, and
learning-based fairness-aware representations.

A fundamental line of research focuses on fairness definition and measurement. Since fairness is inherently context-
dependent and multi-dimensional, several works aim to unify its conceptualization and evaluation. For instance,
an information-theoretic framework based on Kullback-Leibler divergence provides a generalized formulation that
unifies different fairness notions across recommender systems [5]. Such approaches measure fairness as the divergence
between the observed and desired benefit distributions:

Py(x)
o(x)

D (Py Q)= ) Py(x)log ©)

XEAy

where P, denotes the observed distribution of exposure, utility, or effectiveness across groups, and Q represents
the target fair distribution. This formulation allows different fairness criteria, such as parity or proportionality, to be
expressed within a unified framework.

Similarly, data-centric analyses show that fairness outcomes are strongly influenced by data characteristics such
as sparsity, imbalance, and user-item distributions, often making fairness more difficult to explain and control than
accuracy [21]. These studies highlight that fairness is not a single objective but a family of metrics that must be
carefully selected depending on the application context and stakeholders involved.

Another major category includes re-ranking and post-processing fairness methods, which adjust recommendation
outputs to improve fairness without modifying the underlying model. These approaches are widely used due to their
flexibility and model-agnostic nature. For example, provider fairness can be achieved by re-ranking items to align
exposure with user preference distributions while minimizing accuracy loss [28]. Equity-based re-ranking methods
further ensure fair visibility across different provider groups, such as geographic regions, by reducing exposure
disparities [31]. Optimization-based frameworks such as PyCPFair extend this idea to multi-stakeholder settings by
jointly optimizing consumer and provider fairness using mathematical programming techniques [57]. Although these
approaches are effective and easy to integrate, they typically operate as post-processing steps and may not fully address
biases embedded in learned representations.

Context-aware and constrained fairness methods extend traditional fairness models by considering real-world
constraints and contextual factors. In premium recommendation scenarios, fairness may depend on contextual variables
such as user subscription level or item status, requiring different fairness distributions rather than strict equality [45].
Similarly, in environments with limited item availability, fairness-aware allocation models explicitly consider supply
constraints and optimize exposure across multiple stakeholders using inter- and intra-group fairness metrics [68]. These
approaches emphasize that fairness must be adapted to practical constraints and domain-specific requirements, rather
than being defined as a uniform objective.

A rapidly growing direction involves causal and debiasing-based fairness methods, which aim to identify
and remove bias at its source rather than correcting it after recommendation. Causal disentanglement techniques
separate user preferences from confounding factors such as social influence, enabling more accurate and less biased
recommendations [78]. Instrumental variable-based representation learning further addresses latent confounding by
learning surrogate variables that isolate causal effects from spurious correlations [37]. Multi-view causal representation
learning methods extend this idea by leveraging multiple data sources to mitigate confounding, selection, and popularity
biases simultaneously [16]. These approaches provide strong theoretical grounding for fairness but often require
complex modeling assumptions and may lack interpretability for end users.

Another important class includes learning-based fairness-aware models, which incorporate fairness objectives
directly into the training process. For example, self-supervised learning combined with adversarial debiasing can
learn unbiased user representations by removing sensitive attribute information such as gender, thereby improving
both fairness and accuracy [50]. These models typically optimize a joint objective that balances recommendation
performance with fairness constraints, making them more robust than post-hoc methods. However, they often require
access to protected attributes and involve complex training procedures.

Multi-stakeholder fairness has also gained significant attention, as recommender systems often impact multiple
parties simultaneously. Hypergraph-based ranking models address this challenge by modeling higher-order relation-
ships among users, items, and providers, enabling fair exposure for under-represented stakeholders while maintaining
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recommendation quality [26]. More comprehensive frameworks explicitly distinguish between consumer, provider,
and item fairness, and optimize them jointly using entropy-based or exposure-based objectives [67]. These approaches
reflect the growing recognition that fairness must be considered from a holistic perspective rather than focusing solely
on users or items.

Finally, several studies focus on bias analysis and fairness from behavioral and systemic perspectives. Research on
cognitive and behavioral bias demonstrates that recommender systems can amplify phenomena such as confirmation
bias, especially when recommendations are presented as conclusive decisions [16]. Similarly, analyses of social
and interaction data reveal that factors such as hyperactive users or popularity dynamics can significantly distort
recommendation outcomes [31]. These works highlight that fairness issues are not only algorithmic but also influenced
by user behavior, system design, and data generation processes.

Overall, fairness-aware methods in recommender systems encompass a wide range of techniques, from metric
design and post-processing adjustments to causal modeling and fairness-aware learning. Each category offers distinct
advantages: re-ranking methods are flexible and easy to deploy, causal models address bias at its root, and learning-
based approaches integrate fairness into model training. However, key challenges remain, including the trade-
off between fairness and accuracy, the need for context-aware and multi-stakeholder fairness definitions, limited
availability of protected attributes, and the lack of standardized evaluation protocols. Future research is expected to
focus on integrating fairness with explainability, developing dynamic and context-aware fairness models, and enabling
real-world deployment of fair recommender systems.

5.3. Joint Explainability and Fairness Approaches

Joint explainability and fairness approaches aim to address transparency and equity simultaneously in recommender
systems. Compared with studies that focus exclusively on either explainability or fairness, this research direction is still
relatively limited. Most existing works do not optimize explainability and fairness as two explicit objectives at the same
time; rather, they combine fairness-aware learning or debiasing with interpretable mechanisms, or use explainability
as a tool to analyze fairness-related behavior.

One important direction is explainable debiasing, where interpretable or semi-interpretable representations
are used to separate useful preference signals from biased signals. For example, causal disentanglement methods
separate user interest from social influence in social recommendation, helping regulate social influence bias while
improving recommendation performance [78]. Similarly, self-supervised and adversarial learning approaches aim to
remove group-specific information from learned representations, thereby improving user fairness while providing a
representation-level view of how bias is mitigated [50]. Although these methods are not always user-facing, they
contribute to model transparency by making the debiasing process more structured and analyzable.

Another group of studies combines fairness-aware recommendation with multi-stakeholder modeling. Hypergraph-
based ranking methods model high-order relationships among users, items, and providers, allowing the system to
improve the coverage of under-represented stakeholders while preserving recommendation utility [26]. Model-agnostic
re-ranking frameworks such as PyCPFair further support joint optimization of consumer and producer fairness,
making fairness interventions explicit and easier to inspect [57]. More recent multi-stakeholder frameworks extend this
perspective by distinguishing consumers, providers, and items as separate fairness dimensions [67]. These approaches
are particularly relevant to joint explainability—fairness research because they make fairness objectives visible at the
ranking or allocation level.

Post-hoc analytical approaches also play an important role in connecting explainability and fairness. Data-centric
analysis can explain variations in both accuracy and fairness by relating model behavior to dataset characteristics such
as sparsity, imbalance, and sensitive attributes [21]. Such methods do not directly mitigate unfairness, but they provide
diagnostic insight into why fairness disparities arise. In this sense, explainability serves as an auditing mechanism for
fairness.

Recent work has also explored broader ethical recommender systems, where explainability is treated as a prereq-
uisite for fairness, accountability, and trustworthiness [30]. In addition, explainable reciprocal recommender systems
incorporate transparency mechanisms such as SHAP-based explanations together with diversity- or fairness-oriented
ranking components, illustrating how explainability and bias mitigation can be integrated in practical two-sided
recommendation scenarios [3].LLM- and reinforcement learning-based explainable recommendation methods also
introduce multi-objective optimization strategies for balancing recommendation quality and explanation quality [73].
Although fairness is not always explicitly measured, such frameworks provide a foundation for future joint optimization
of fairness, accuracy, and explainability.
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These approaches typically formulate explanation generation as a reinforcement learning problem, where model
parameters are updated based on feedback signals that reflect explanation quality. Specifically, policy-based optimiza-
tion can be expressed as:

0,1 =6, +aViogmy(als)r )

where 74(als) denotes the policy for generating explanations given state s, « is the learning rate, and r represents
reward signals derived from human or simulated feedback [73]. This formulation enables the model to iteratively
improve explanation quality by reinforcing actions that lead to more informative and persuasive explanations.

Overall, joint explainability and fairness in recommender systems remains an emerging research area. Current
studies mainly connect the two objectives through debiasing, fairness-aware re-ranking, multi-stakeholder modeling,
and post-hoc fairness diagnostics. A key limitation is that many methods either provide explainability without formal
fairness guarantees or improve fairness without user-facing explanations. Future research should therefore develop
unified models that jointly optimize accuracy, fairness, and explainability, provide faithful explanations for fairness
interventions, and evaluate these objectives under consistent multi-stakeholder benchmarks.

To facilitate a structured comparison of the discussed methods, Table 2 summarizes representative approaches
across explainability, fairness-aware, and joint modeling paradigms. The table highlights the diversity of method-
ological designs, ranging from intrinsically interpretable models and post-hoc explanation techniques to graph-based
reasoning, natural language generation, and fairness-aware optimization frameworks.

As shown in Table 2, explainability methods primarily focus on improving transparency through feature attribution,
semantic reasoning, and human-understandable explanations. In contrast, fairness-aware approaches aim to regulate
exposure, representation, and bias across different stakeholders. Joint approaches attempt to bridge these objectives,
often through debiasing strategies or multi-stakeholder modeling; however, they remain relatively limited compared
to standalone explainability or fairness methods.
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Table 2

Summary of representative explainability and fairness methods

Reference Method

Type

Explanation / Fairness Mechanism

[76]
[79]

[36]
[82]
[23, 88]

[34]
(89]

[56]
[47]

[73]
[29]

[6, 65]
5]

[28, 31]
[57]
[45]
[68]
[78]
[50]
(3]

[26]
[21]

Overlapping co-clustering for interpretable matrix
factorization (OCulaR)

Causal Bayesian Network for clinical recommenda-
tion

Physically interpretable matrix factorization
LIME-based local explanations for recommendation
SHAP-based explainable recommender systems

Aspect-based matrix factorization (AMF)

Heterogeneous Knowledge Graph Attention Network
(HKGAT)

Linked Open Data-based explanation framework
LLM-based sequential recommendation

RL + LLM-based explanation optimization
Interactive explainable recommender system

Post-hoc diagnostic explanation methods
Information-theoretic fairness framework

Provider fairness via re-ranking

PyCPFair framework

Context-aware fairness

Fair allocation under limited availability
Causal disentanglement for debiasing
Self-supervised adversarial debiasing
Explainable reciprocal recommender system

Hypergraph-based multi-stakeholder fairness
Data-centric fairness analysis

Explainability (Intrinsic)
Explainability (Intrinsic)

Explainability (Intrinsic)
Explainability (Post-hoc)
Explainability (Post-hoc)

Explainability (Intrinsic)
Explainability (Graph-based)

Explainability (Post-hoc)
Explainability (Intrinsic + Natural
Language)

Explainability (Joint generation)

Explainability (Interactive)

Explainability (Post-hoc diagnostic)
Fairness (Measurement)

Fairness (Post-processing)
Fairness (Optimization-based)
Fairness (Contextual)

Fairness (Multi-stakeholder)
Joint (Explainability 4+ Fairness)
Fairness (Learning-based)

Joint (Explainability + Fairness)

Fairness (Graph-based)
Joint (Analysis)

User—item co-clusters as interpretable latent factors

Graph-based causal reasoning between clinical vari-
ables

Latent factors mapped to physical process features
Local surrogate models for feature importance
Shapley value-based feature attribution (local +
global)

User preferences and item quality modeled via as-
pects

Attention over knowledge graph paths for reasoning

Semantic relations between items via LOD graphs
Textual explanations generated via pretrained lan-
guage models

Policy learning with reward signals for explanation
quality

User-controlled explanations (what, why, how, what-
if)

Deletion-based and counterfactual analysis
KL-divergence and mutual information for fairness
quantification

Exposure balancing across provider groups

Joint consumer-provider fairness optimization
Fairness defined based on contextual distributions
Exposure optimization under supply constraints
Separation of user interest and social influence
Removing sensitive attributes from representations
SHAP explanations combined with diversity-aware
ranking

Modeling high-order relations for fair exposure
Statistical analysis of fairness vs data characteristics




These methodological developments motivate the need for comprehensive evaluation frameworks that can jointly
assess accuracy, explainability, and fairness, which is discussed in the next section.

6. Evaluation Metrics and Trade-offs

Evaluation plays a central role in assessing the effectiveness, transparency, and social responsibility of recom-
mender systems. Traditional recommender-system evaluation has mainly focused on predictive accuracy, measuring
how well a model estimates user preferences or ranks relevant items. However, in explainable and fairness-aware
recommender systems, accuracy alone is insufficient, because a model may achieve high predictive performance while
remaining opaque, biased, or unsuitable for real-world deployment.

Therefore, this section reviews the main evaluation dimensions used in the literature, including accuracy metrics,
explainability metrics, fairness metrics, and multi-objective trade-off analysis. In particular, it discusses how different
metrics capture different aspects of recommender-system quality and why these dimensions should be considered
jointly rather than independently.

6.1. Accuracy Metrics

Accuracy evaluation remains a central component in recommender-system assessment because it quantifies
how effectively a model predicts user preferences, estimates interaction likelihoods, or ranks relevant items in
recommendation lists [44]. However, the notion of accuracy is not uniform across recommender-system tasks. Rating
prediction, Top- N ranking, sequential recommendation, clinical decision support, and reinforcement learning-based
recommendation each require different evaluation criteria. Therefore, accuracy metrics should be selected according
to the output structure of the recommender, the type of user feedback, and the practical decision context.

For rating prediction tasks, the most common metrics are Mean Absolute Error (MAE) and Root Mean Squared
Error (RMSE). These metrics compare the predicted rating 7,; with the observed rating r,; for a user—item pair (u, i).
MAE measures the average absolute deviation between predicted and actual values, while RMSE penalizes larger
prediction errors more strongly due to the squared loss term. They can be formally expressed as:

1 R
MAE = o0 > 1w = Pl Q)
(w,)ET
1 R
RMSE =, [-= PIRCTET S (6)
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where T denotes the test set. These metrics are particularly suitable for explicit-feedback recommender systems and
have been widely used in aspect-based and review-based explainable recommendation models [34]. Similar error-based
measures are also used in language-model-based explainable recommendation, where rating prediction and explanation
generation are optimized jointly [91].

In classification-oriented recommender systems, especially in clinical, diagnostic, and decision-support scenarios,
accuracy is often evaluated using metrics such as Accuracy, Precision, Recall, F1-score, Area Under the Curve (AUC),
and Brier Score. Precision measures the proportion of recommended or predicted positive cases that are actually
relevant, whereas Recall measures the proportion of relevant cases that are successfully retrieved. The Fl-score
combines Precision and Recall through their harmonic mean:

Fl=2. Prec.ls.lon- Recall ‘ @
Precision + Recall

Such metrics are suitable when the recommendation output corresponds to a class label, risk category, treatment option,
or diagnostic decision. For example, clinical treatment recommender systems based on causal Bayesian networks use
AUC and Brier Score to evaluate discrimination and calibration in survival-related treatment recommendation [79].
Similarly, explainable cancer-treatment recommendation models employ F1-score to assess the correctness of multi-
level clinical recommendations [23].

For Top- N recommendation, ranking-based metrics are more appropriate than rating prediction metrics because
users are typically exposed only to the highest-ranked items. Precision@ K measures the proportion of relevant items
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among the top-K recommendations, while Recall@ K measures the fraction of all relevant items that appear in the
top-K list:

|Rel, N Recfl

Precision@K = ,
K

®

|Rel, N Recfl

Recall @K =
|Rel,|

; &)

where Rel,, is the set of relevant items for user u and RecX is the set of top-K recommended items. Recall-based
evaluation is particularly common in implicit-feedback and one-class collaborative filtering settings, where the main
objective is to retrieve relevant items from a large candidate space [76].

Normalized Discounted Cumulative Gain (NDCG) is another widely used ranking metric because it accounts not
only for whether relevant items are recommended, but also for their positions in the ranked list. It assigns higher
importance to relevant items appearing at earlier ranks:

K 2}‘81]- _1
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where rel I denotes the relevance score of the item at position j, and I DCG@K is the ideal DCG value. NDCG
is especially important in sequential and knowledge graph-based recommender systems, where correctly ranking
the most relevant next item or semantically related item is central to system performance [47]. Knowledge graph-
based explainable recommender models also commonly report NDCG and Recall to evaluate ranking quality while
simultaneously producing path-based explanations [89].

Mean Average Precision (MAP) evaluates ranking performance by averaging precision values at the ranks where
relevant items occur. It is particularly useful when multiple relevant items exist and the order of their retrieval matters:

K
1
AP, = Precision@k - (i, € Rel), 12
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MAP has been used in reciprocal and two-sided recommender systems, where ranking quality must be evaluated for
matching scenarios involving multiple stakeholders [3]. In such systems, ranking accuracy is not only a matter of user
preference prediction but also affects exposure, matching quality, and downstream fairness.

Hit Ratio (HR) is also frequently used in Top-N and sequential recommendation. HR@K indicates whether at
least one relevant item appears in the top-K list:
€

HR@K = — ' I(Rel, N RecX + ). (14)
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Although HR is intuitive and easy to interpret, it provides less information than NDCG or MAP because it does not
fully account for the number or position of relevant items. Nevertheless, it remains useful in next-item prediction tasks,
where the goal is often to determine whether the ground-truth next item appears in the recommendation list [37].
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In online and reinforcement learning-based recommender systems, accuracy cannot be fully captured by static
offline metrics. Instead, evaluation often includes cumulative reward, regret, and long-term interaction utility.
Cumulative reward measures the total benefit collected by the recommendation policy over time:

T
Rr=Yr, (15)
=1

where r, denotes the reward observed at interaction step ¢. Regret compares the performance of the learned policy with
an optimal policy:

T
Regret(T) = Z(r;" —r), (16)

t=1

where r; is the reward of the optimal action at time 7. These metrics are particularly relevant for online explainable
recommender systems, where the model must balance recommendation accuracy, exploration, exploitation, and
explanation feedback over time [48]. In reinforcement learning-based recommendation with large language model
explanations, collection rate, reward, and text-generation quality may be evaluated together to assess both recommen-
dation effectiveness and explanation usefulness [71].

Accuracy evaluation also depends strongly on the experimental protocol. Random train—test splitting is common
in traditional rating prediction, but temporal splitting is more appropriate in sequential recommendation, news
recommendation, premium recommendation, and real-world deployment scenarios because it better reflects future-item
prediction [45]. In fairness-aware and debiasing studies, biased-training and unbiased-testing protocols are sometimes
used to examine whether a model generalizes beyond biased historical interactions [37]. This distinction is important
because a recommender can achieve high accuracy under random splits while still reproducing popularity bias,
exposure bias, or confounding effects.

Overall, accuracy metrics provide essential but incomplete evidence of recommender-system quality. MAE and
RMSE are appropriate for explicit rating prediction, Precision@ K, Recall@ K, MAP, HR, and NDCG are suitable for
ranked recommendation, and reward-based metrics are necessary for online or reinforcement learning-based systems.
However, high accuracy does not necessarily imply interpretability, fairness, robustness, or user trust. Therefore,
modern recommender-system evaluation must consider accuracy together with explainability and fairness metrics
rather than treating predictive performance as the sole optimization target.

6.2. Explainability Metrics

Evaluating explainability in recommender systems is inherently challenging due to its subjective, context-
dependent, and multi-dimensional nature. Unlike accuracy, which can be quantified through well-defined numerical
metrics, explainability involves both objective properties of explanations and subjective human perception. As a result,
existing evaluation approaches can be broadly categorized into intrinsic (model-oriented) metrics, proxy metrics, and
human-centered evaluation.

Intrinsic metrics aim to quantify how well explanations reflect the internal behavior of the recommendation model.
One of the most important criteria is fidelity, which measures the degree to which an explanation faithfully approximates
the true decision-making process of the underlying model. High-fidelity explanations ensure that the explanation is
not merely plausible but accurately represents the model’s reasoning. Another important concept is explainability
precision, which evaluates whether the features, aspects, or relations highlighted in the explanation are truly relevant
to the recommendation outcome [17]. In addition, consistency and stability are often considered, ensuring that similar
inputs produce similar explanations and that explanations remain robust under small perturbations.

For feature attribution methods such as SHAP and LIME, evaluation focuses on the stability, consistency, and local
faithfulness of feature importance scores. Stability refers to whether similar instances yield similar attribution patterns,
while local fidelity measures how well the explanation approximates the model in the neighborhood of a specific
instance. These properties are particularly important in high-stakes domains such as healthcare and agriculture, where
feature-level explanations must be reliable and interpretable [82]. However, such methods may suffer from sensitivity
to input perturbations and approximation errors when explaining highly non-linear models.

In graph-based and knowledge-based recommender systems, explainability is typically evaluated through the
quality of reasoning paths, relational coherence, and semantic interpretability. Path-based explanations should reflect
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meaningful connections between users and items, and their quality depends on the relevance and interpretability of
the underlying graph structure. Metrics in this setting often assess whether extracted paths correspond to plausible
semantic relationships and whether attention mechanisms correctly identify influential nodes and relations [89]. In
Linked Open Data-based approaches, explanation quality is further evaluated based on the correctness and usefulness
of semantic connections derived from external knowledge sources [56].

Natural language explanation models introduce additional evaluation challenges due to the generative nature of
explanations. Automatic text generation metrics such as BLEU, ROUGE, and BERTScore are commonly used to
measure lexical similarity, fluency, and semantic overlap between generated explanations and reference texts [47].
However, these metrics primarily capture surface-level similarity and may fail to assess whether the explanation is
faithful to the model or genuinely informative. Recent approaches attempt to address this limitation by incorporating
multi-perspective evaluation criteria, including informativeness, persuasiveness, and personalization, often optimized
through reinforcement learning frameworks [73].

Human-centered evaluation remains a crucial component of explainability assessment, as the ultimate goal of
explanations is to improve user understanding, trust, and decision-making. User studies typically measure perceived
transparency, trustworthiness, satisfaction, and cognitive effort. These evaluations often involve controlled exper-
iments, questionnaires, or interactive systems where users assess explanation usefulness in real decision-making
scenarios [29]. In addition, qualitative evaluation frameworks examine how explanations influence user behavior,
including reliance on recommendations and susceptibility to cognitive biases.

Interactive explanation systems introduce further evaluation dimensions, such as usability, controllability, and
cognitive load. Providing more detailed explanations can improve transparency but may also overwhelm users, leading
to a trade-off between explanation completeness and user effort. Evaluating such systems therefore requires considering
both system performance and human factors, including user expertise and task complexity.

Despite significant progress, a major limitation in explainability evaluation is the lack of standardized and univer-
sally accepted metrics. Different studies adopt heterogeneous evaluation protocols, datasets, and criteria, making direct
comparison across methods difficult. This fragmentation highlights the need for unified benchmarking frameworks
and reproducible evaluation pipelines that can systematically assess explainability alongside other objectives such as
accuracy and fairness.

6.3. Fairness Metrics

Fairness evaluation in recommender systems aims to quantify disparities in exposure, utility, or representation
across different users, items, or stakeholders. Unlike accuracy, fairness is not a single well-defined objective but
a family of context-dependent criteria that depend on application requirements, stakeholder priorities, and societal
considerations. As a result, fairness metrics must be carefully designed to reflect the specific notion of fairness relevant
to the recommendation scenario.

A general and theoretically grounded approach to fairness measurement is based on information-theoretic formula-
tions. In this framework, fairness is quantified as the divergence between the observed distribution of recommendation
outcomes and a predefined target distribution. Measures such as Kullback—Leibler (KL) divergence and mutual
information are commonly used to capture discrepancies between these distributions. This formulation provides a
unified perspective that can express multiple fairness notions, including statistical parity, proportional fairness, and
exposure balance within a single mathematical framework [5].

Group fairness metrics are among the most widely used approaches in recommender systems. These metrics
evaluate disparities across predefined sensitive groups, such as gender, age, or geographic region. A central concept
in this setting is exposure fairness, which measures whether items or users from different groups receive comparable
visibility in recommendation lists. Typical metrics include exposure disparity, defined as the difference in exposure
between groups, and visibility-based measures such as AExposure, which quantify deviations from a fair allocation
of recommendation opportunities [31]. In provider-oriented scenarios, fairness is often assessed by comparing the
distribution of recommended items across groups to their expected or desired proportions in the catalog [28].

Beyond group-level analysis, individual fairness focuses on ensuring that similar users receive similar recom-
mendations. This notion is often formalized through similarity-based constraints, where the difference between
recommendation outputs should be bounded for users with similar preferences or profiles. However, measuring
individual fairness is challenging in practice due to the difficulty of defining appropriate similarity functions in high-
dimensional spaces. Recent approaches address this issue through causal fairness frameworks, which aim to eliminate
the influence of confounding variables and spurious correlations on recommendation outcomes. Techniques such
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as causal disentanglement separate intrinsic user preferences from external influences, enabling a more principled
evaluation of fairness through bias reduction [78]. Similarly, instrumental variable-based methods attempt to isolate
causal effects by leveraging surrogate variables, allowing fairness to be evaluated through counterfactual consistency
and robustness to latent confounding [37].

In multi-stakeholder recommender systems, fairness extends beyond users to include item providers and platform-
level objectives. In such settings, fairness metrics must simultaneously account for multiple dimensions, including
consumer fairness (fair treatment of users), provider fairness (fair exposure of items or content creators), and item
fairness (balanced representation of items). Metrics such as coverage quantify the diversity of recommended items,
while entropy-based measures capture the uniformity of exposure distributions across stakeholders. Allocation-
based disparity metrics further evaluate how recommendation opportunities are distributed under constraints such
as limited item availability or competition among providers [26]. More comprehensive frameworks explicitly model
fairness across multiple stakeholders by combining exposure-based and distributional metrics into unified optimization
objectives [67]. In constrained environments, fairness is often evaluated using inter-group and intra-group disparity
measures that reflect both global and local fairness conditions [68].

Another important class of fairness metrics focuses on bias quantification. These metrics measure the extent
to which recommendation outcomes are influenced by biases such as popularity bias, exposure bias, or activity
bias. For example, popularity bias can be evaluated by measuring the over-representation of highly popular items
in recommendation lists relative to their relevance. Similarly, exposure bias metrics assess whether certain groups
systematically receive more visibility than others, regardless of their relevance or quality. These bias-oriented metrics
are often used in conjunction with fairness-aware learning and re-ranking approaches to evaluate the effectiveness of
debiasing techniques.

Despite the diversity of existing metrics, fairness evaluation remains fundamentally challenging. Different fairness
definitions may conflict with each other, and optimizing one fairness criterion can lead to unintended consequences
for another. Moreover, fairness metrics are highly sensitive to data characteristics such as sparsity, imbalance, and user
behavior patterns, making it difficult to generalize results across datasets and domains. These challenges highlight the
need for standardized evaluation protocols and context-aware fairness definitions that can better capture the complexity
of real-world recommender systems.

To consolidate the discussion of accuracy, explainability, and fairness metrics, Table 3 summarizes the evaluation
practices reported in representative studies. The table shows how different works operationalize evaluation through
accuracy metrics, explanation-oriented criteria, fairness measures, and experimental settings.
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Table 3

Evaluation metrics used in explainable and fair recommender systems.

Year / Ref.  Evaluation focus Accuracy metrics Explainability / fairness metrics Evaluation setting
2019 [76] Accuracy—interpretability Recall@M Co-cluster interpretability Offline; industrial + public datasets
2019 [34] Rating + explanation RMSE, MAE Aspect-level explanation Offline; review datasets
2020 [52] Review-based explainability RMSE Attention-based explanation Offline; Amazon datasets
2021 [21] Fairness vs accuracy nDCG, MAP, Precision MAD, GCE, bias disparity Offline simulations
2021 [26] Multi-stakeholder fairness Precision Coverage; provider fairness Time-aware evaluation
2021 [40] Clinical interpretability Pearson, RMSE Biological interpretation Offline evaluation
2021 [48] Online recommendation Reward, regret Qualitative explanation Online + offline

2022 [45] Contextual fairness NDCG@5, HR®5 Contextual fairness Temporal split

2022 [31] Provider fairness NDCG AExposure Offline

2022 [57] Multi-stakeholder fairness Precision, Recall, nDCG GAP fairness Offline framework
2022 [17] Explainability benchmarking Precision, nDCG Fidelity, MEP Offline toolkit

2022 [50] Fair representation NDCG@©20 Fairness gap Offline

2022 [30] Ethical evaluation N/A Transparency, fairness, accountability ~ Conceptual

2022 [83] Semantic explainability Accuracy Keyword importance Offline

2023 [12] Graph explainability Recall Graph interpretability Cross-validation

2023 [36] Interpretable MF Accuracy Physical interpretability Offline expert data
2023 [29] Interactive explanations N/A Trust, usability, cognitive load User study

2023 [91] Text explanation RMSE BLEU, ROUGE Offline

2023 [54] Visual explainability Top-N accuracy Meta-path explainability score Offline

2023 [56] Knowledge-based explanation  N/A Trust, transparency User study

2024 [59] Visual explanation ranking NDCG Explanation ranking quality Offline

2025 [79] Clinical prediction AUC, Accuracy, Brier Causal interpretability Offline clinical

2025 [41] Federated XAl RMSE, MAE SHAP explanations Offline

2025 [71] RL + LLM explanation Reward, BLEU, ROUGE Expert evaluation Offline + expert

2025 [78] Causal debiasing NDCG, Recall Bias regulation Offline

2025 [23] Clinical XAl F1-score SHAP explanation Offline

2025 [47] Sequential RS HROK, NDCG@K BLEU, ROUGE Offline

2025 [28] Fair re-ranking NDCG, Recall Disparity metrics Offline

2025 [82] Local explainability N/A LIME feature importance Offline

2025 [73] LLM + RL XAl RMSE, MAE BLEU, ROUGE, BERTScore Offline

2025 [89] KG explainability NDCG@K, Recall@K Path-based explanation Offline

2025 [6] Post-hoc diagnostics MAP, Precision, Recall Influence scores Retraining protocol
2025 [88] Clinical SHAP+LIME Accuracy, AUC SHAP + LIME Offline

2026 [3] Reciprocal RS NDCG, MAP, Recall SHAP, diversity@K Offline

2026 [37] IV debiasing Recall@K, NDCG@K IOU debiasing Offline

2026 [68] Limited-item fairness N/A Fairness disparity Offline

2026 [16] Multi-view debiasing NDCG@K Bias reduction Offline

2026 [65] Scalable XAl Ranking sensitivity Counterfactual explanation Offline

2026 [67] Multi-stakeholder fairness NDCG Entropy-based fairness Offline




As shown in Table 3, evaluation practices vary considerably across recommender-system tasks. Accuracy-oriented
studies mainly rely on rating prediction or ranking metrics, whereas explainability-oriented studies use fidelity,
attribution quality, path interpretability, text-generation metrics, or user studies. Fairness-aware works, in contrast,
focus on exposure, visibility, representation, and stakeholder-level disparity. This diversity confirms that evaluation in
modern recommender systems must be aligned with the specific objective and deployment context of the model.

6.4. Multi-objective Trade-off Analysis

Modern recommender systems are inherently multi-objective, requiring the simultaneous optimization of accuracy,
explainability, and fairness. While traditional systems primarily focus on maximizing predictive performance, recent
advances highlight that improving one objective often leads to the degradation of others. This section provides a unified
analysis of these trade-offs and proposes a conceptual perspective for understanding their interactions.

A fundamental trade-off exists between accuracy and explainability. Highly accurate models, particularly deep
learning-based and graph neural network approaches, often operate as black-box systems with limited interpretability.
In contrast, intrinsically interpretable models, such as co-clustering or feature-based approaches, provide transparent
reasoning but may sacrifice predictive performance due to reduced model complexity. This tension reflects the classical
accuracy—interpretability dilemma, where increased model expressiveness typically reduces transparency [76].

Similarly, the relationship between accuracy and fairness introduces another critical trade-off. Fairness-aware
methods, especially re-ranking and exposure-balancing techniques, often modify recommendation outputs to reduce
disparities across groups. While these methods effectively improve fairness metrics, they may alter the original ranking
and lead to a measurable decrease in accuracy metrics such as NDCG or Recall [31]. More advanced approaches attempt
to mitigate this issue by jointly optimizing fairness and relevance through constrained or multi-objective optimization
frameworks, although perfect alignment between the two objectives remains difficult [57].

The interaction between explainability and fairness is more nuanced and less explored. On one hand, explainability
can serve as a diagnostic tool to identify and understand biases in recommender systems, enabling fairness auditing
and transparency in decision-making processes [21]. On the other hand, certain explanation methods may uninten-
tionally reinforce biases by highlighting spurious or popularity-driven features, thereby affecting perceived fairness.
Conversely, fairness-aware models that rely on complex debiasing or causal representations may reduce transparency
for end users, as their internal mechanisms are not always easily interpretable [78].

Recent research has begun to address these challenges through multi-objective optimization frameworks. For
example, reinforcement learning-based recommender systems model recommendation and explanation generation
as a policy optimization problem, where multiple reward signals—such as accuracy, explanation quality, and user
satisfaction—are jointly optimized [73]. Similarly, multi-stakeholder fairness models incorporate constraints or
regularization terms to balance competing objectives across users, providers, and platforms [67]. These approaches
often rely on Pareto optimality, where no objective can be improved without degrading another, providing a principled
way to analyze trade-offs in high-dimensional objective spaces.

From a methodological perspective, trade-off analysis can be categorized into three main strategies. First, post-
processing approaches adjust recommendation outputs (e.g., via re-ranking) to satisfy fairness or diversity constraints
while preserving as much accuracy as possible. Second, joint learning approaches incorporate multiple objectives
directly into the training process through multi-task learning or regularized optimization. Third, interactive and human-
in-the-loop approaches allow users to dynamically control trade-offs, for example by selecting between more accurate
or more diverse recommendations.

Despite these advances, several open challenges remain. Existing studies often evaluate trade-offs using limited
metrics and do not provide a unified framework for comparing different objectives. Moreover, trade-offs are highly
context-dependent and vary across domains, datasets, and user populations. There is also a lack of standardized
benchmarks for jointly evaluating accuracy, explainability, and fairness, which hinders reproducibility and real-world
deployment.

To address these gaps, this survey highlights the need for a unified multi-objective evaluation framework that
explicitly models the interactions among accuracy, explainability, and fairness. Such a framework should support
consistent metric definitions, enable Pareto-based comparison of methods, and incorporate user-centric evaluation
criteria. Developing such integrated evaluation methodologies represents a key direction for future research in
explainable and fair recommender systems.
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To further clarify these interactions, Tables 4 and 5 summarize the main multi-objective trade-offs identified
across the reviewed studies. These tables focus on how prior work balances competing objectives such as accuracy,
explainability, fairness, diversity, scalability, privacy, and user effort.
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Table 4
Multi-objective trade-offs in explainable and fair recommender systems (Part 1).

Year / Ref.  Objectives Trade-off type Key observation Implication

2021 [48] Accuracy + Adaptivity Exploration vs Exploitation Increasing exploration improves long-  Online systems must balance learn-
term reward but may reduce short-term ing and performance
accuracy

2021 [21] Accuracy + Fairness Fairness vs Accuracy Fairness varies significantly across data Data characteristics strongly influ-
distributions and may conflict with rank-  ence fairness outcomes
ing quality

2021 [26] Precision + Fairness Coverage vs Precision Increasing exposure of minority providers  Multi-stakeholder fairness requires
reduces precision slightly controlled trade-offs

2022 [45] Accuracy + Fairness Context-dependent trade-off Fairness is not uniform across contexts Fairness must be defined relative to
(e.g., premium vs non-premium users) context

2022 [31] Accuracy + Fairness Exposure vs Accuracy Improving provider visibility introduces Re-ranking is effective for practical
minor ranking degradation fairness

2022 [57] Accuracy + Fairness Multi-objective optimization Joint optimization can balance consumer  Optimization frameworks enable
and provider fairness with minimal accu-  flexible trade-offs
racy loss

2022 [50] Accuracy + Fairness Representation vs Utility Removing group bias improves fairness Representation learning impacts
but may alter ranking performance fairness-utility balance

2023 [36] Accuracy + Interpretability  Complexity vs Overfitting Increasing model complexity improves Simpler interpretable models remain
accuracy but harms interpretability and  valuable
generalization

2023 [29] Explainability + Usability Detail vs Cognitive Load More detailed explanations improve Human-centered design must bal-
transparency but increase user effort ance clarity and simplicity

2023 [91] Accuracy + Explainability Accuracy vs Text Quality Generating natural language explana-  Joint learning requires careful bal-
tions introduces noise in prediction op- ancing
timization

2023 [54] Accuracy + Explainability Explainability vs Scalability Rich explainable structures increase com-  Efficient architectures are required
putational cost for large-scale systems

2024 [59] Accuracy + Explainability Quality vs Efficiency High-quality explanation ranking im- Efficient explanation selection is
proves user experience but increases com-  critical
putational overhead

2024 [30] Ethics + Transparency +  Multi-objective conflict Ethical objectives cannot be optimized Multi-objective frameworks are nec-

Fairness simultaneously essary

2025 [79] Accuracy + Interpretability  Accuracy vs Interpretability Causal models maintain interpretability ~ Suitable for high-stakes domains
with strong predictive performance (e.g., healthcare)

2025 [41] Accuracy + Privacy + Ex-  Privacy vs Performance Federated learning preserves privacy but  Trade-offs emerge in distributed en-

plainability

may affect model performance

vironments
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Table 5
Multi-objective trade-offs in explainable and fair recommender systems (Part 2).
Year / Ref.  Objectives Trade-off type Key observation Implication
2025 [71] Reward + Explainability Reward vs Explanation Quality  RL policies optimize reward but explana-  Explanation quality is sensitive to
tion quality depends on prompt design model design
2025 [78] Accuracy + Debiasing Accuracy vs Bias Reduction Removing social bias improves fairness Bias mitigation is inherently trade-
but may alter recommendation structure  off-driven
2025 [23] Accuracy + Transparency Performance vs Transparency High explainability improves trust with- Important for clinical applications
out major accuracy loss
2025 [47] Accuracy + Explainability Joint optimization LLM-based models can generate expla- Promising direction for unified mod-
nations without degrading accuracy eling
2025 [28] Accuracy + Fairness Fairness vs Accuracy Fairness-aware re-ranking improves expo-  Practical deployment feasible
sure equity with minimal accuracy loss
2025 [73] Accuracy + Explainability Pareto trade-off Multiple explanation objectives require Advanced optimization methods
Pareto optimization needed
2025 [89] Accuracy + Interpretability — Accuracy vs Reasoning Trans- Knowledge graph reasoning improves ex- Data quality is critical for explain-
parency plainability but depends on graph quality  ability
2025 [6] Fidelity + Scalability Fidelity vs Computational Cost  Retraining-based explanations are accu- Approximation methods are needed
rate but computationally expensive
2025 [88] Accuracy + Interpretability ~ Accuracy vs Transparency SHAP and LIME improve interpretability =~ Trade-off between simplicity and in-
but increase model complexity sight
2026 [3] Accuracy + Diversity + Ex-  Multi-objective trade-off Increasing diversity improves fairness but  Balanced ranking strategies re-
plainability may reduce precision quired
2026 [37] Accuracy + Debiasing Accuracy vs Confounding Bias  Removing confounders improves causal Causal modeling is essential
validity but changes ranking outcomes
2026 [68] Fairness + Relevance Fairness vs Utility Limited item availability intensifies fair- Resource constraints amplify trade-
ness trade-offs offs
2026 [16] Accuracy + Debiasing Accuracy vs Latent Bias Multi-view learning reduces hidden bias More robust but computationally
at the cost of higher complexity intensive
2026 [65] Explainability + Scalability  Fidelity vs Scalability Block-level explanations scale better but ~ Approximate explanations are nec-
lose granularity essary
2026 [67] Fairness (Multi-  Fairness vs Accuracy Balancing consumers, providers, and Requires careful weighting of stake-

stakeholder)

items reduces overall utility

holders




Table 5 continues the summary of multi-objective trade-offs across more recent studies.

A detailed examination of Tables 4 and 5 shows that trade-offs are not marginal implementation issues, but core
characteristics of modern recommender systems. The most frequent conflict is between accuracy and fairness, espe-
cially in re-ranking, allocation, and exposure-balancing methods where improving stakeholder fairness may slightly
reduce ranking utility. Another recurring conflict appears between accuracy and explainability, where transparent or
explanation-oriented models must balance predictive performance with interpretability.

The tables also show that recent studies increasingly move beyond pairwise trade-offs toward multi-objective
settings. LLM-based, reinforcement learning-based, causal debiasing, and multi-stakeholder models introduce ad-
ditional tensions involving explanation quality, computational cost, scalability, privacy, diversity, and user effort.
Therefore, accuracy, explainability, and fairness should not be evaluated independently. Instead, they should be treated
as interacting objectives within a unified evaluation framework, ideally supported by standardized benchmarks and
Pareto-aware comparison protocols.

7. Open Challenges and Future Directions

Although explainability and fairness have received increasing attention in recommender systems, the reviewed
literature shows that the field remains fragmented and several important challenges are still unresolved. These
challenges extend beyond algorithmic design and involve data quality, conceptual ambiguity, evaluation inconsistency,
and real-world deployment constraints.

A major challenge concerns the biased and incomplete nature of recommendation data. User—item interaction
data are inherently influenced by exposure mechanisms, popularity effects, and historical system behavior, rather
than representing unbiased user preferences. Prior studies show that such data characteristics significantly affect both
accuracy and fairness outcomes, often amplifying disparities across user and provider groups [21, 31]. This feedback
loop not only leads to unfair exposure but also affects explainability, since generated explanations may reflect biased
interaction patterns rather than genuine user interests.

Another critical issue is the limited availability of sensitive attributes and high-quality side information. Many
fairness-aware approaches rely on demographic or group-level attributes, which are often unavailable or restricted due
to privacy concerns. Similarly, explainable recommender systems frequently depend on auxiliary information such as
reviews, knowledge graphs, or textual descriptions, which may be incomplete or domain-dependent [12, 89]. These
limitations highlight the need for data-efficient, privacy-aware, and domain-agnostic approaches to both fairness and
explainability.

From a methodological perspective, a key challenge is the lack of unified frameworks that jointly optimize accuracy,
fairness, and explainability. Existing methods typically focus on one or two of these objectives in isolation. While
fairness-aware models attempt to reduce disparities and explainable models improve transparency, their integration
remains limited. Moreover, explainability can help reveal bias, but may also produce misleading justifications if
explanations are not faithful to the model behavior [17]. Conversely, fairness-aware techniques such as re-ranking
or representation debiasing may increase model complexity and reduce interpretability.

The trade-off among these objectives remains one of the most challenging issues. Improving fairness often requires
modifying ranking outputs or learned representations, which can degrade recommendation accuracy [31, 57]. Similarly,
intrinsically interpretable models may sacrifice predictive performance compared to deep black-box models [76].
Recent approaches attempt to address this problem using multi-objective optimization frameworks, but achieving an
optimal balance remains context-dependent and application-specific.

Another important open issue is the faithfulness and reliability of explanations. Many explanation techniques
generate plausible and user-friendly justifications, but these explanations are not always faithful to the underlying
decision-making process. This issue is particularly evident in post-hoc and natural language explanation methods,
where explanations may be persuasive but not causally grounded [17, 73]. Ensuring that explanations accurately reflect
model behavior is essential for building trustworthy systems.

Fairness definition also remains an open challenge. As highlighted in prior work, fairness is inherently multi-
dimensional and depends on stakeholders, context, and the type of utility being distributed [5]. Different fairness
notions, such as user fairness, provider fairness, and multi-stakeholder fairness, may conflict with each other, making
it difficult to define a universally acceptable fairness objective. This complexity requires context-aware and flexible
fairness frameworks.

Page 31 of 36



Evaluation is another major limitation in current research. While accuracy metrics are relatively standardized,
explainability and fairness metrics vary significantly across studies, making comparisons difficult. Explainability
is often evaluated using proxy measures or limited user studies, while fairness is assessed using context-specific
metrics [21]. This lack of standardization hinders reproducibility and benchmarking. Developing unified evaluation
frameworks that jointly assess accuracy, fairness, and explainability is therefore an important direction for future work.

Furthermore, most existing studies rely on static offline evaluation settings, which fail to capture the dynamic nature
of real-world recommender systems. User preferences, item distributions, and platform policies evolve over time, and
fairness or explainability interventions may have long-term effects through feedback loops [45]. Future research should
consider temporal dynamics, longitudinal evaluation, and online experimentation.

Scalability and deployment also present significant challenges. Many fairness-aware and explainable methods
require additional computation, complex optimization, or access to large auxiliary data sources. For example,
knowledge graph-based explanations and causal debiasing methods can be computationally expensive and difficult to
deploy at scale [89, 37]. Developing lightweight and scalable solutions remains essential for real-world applications.

Finally, privacy and human-centered considerations introduce additional complexity. Fairness evaluation may
require sensitive attributes, while explainability often depends on user data, raising privacy concerns. At the same time,
different stakeholders require different forms of explanations and fairness guarantees. Interactive and user-centered
approaches have been proposed to address this issue, but they introduce challenges related to usability and cognitive
load [29].

In summary, future research should focus on developing unified multi-objective frameworks, improving data quality
and bias handling, designing faithful and user-centered explanations, standardizing evaluation protocols, and ensuring
scalable and privacy-preserving deployment. Addressing these challenges is essential for building recommender
systems that are not only accurate, but also transparent, fair, and trustworthy.

8. Conclusion

In this survey, we presented a comprehensive and unified review of explainability and fairness in recommender
systems, two critical dimensions for building trustworthy and responsible Al-driven platforms. While traditional
recommender systems have primarily focused on predictive accuracy, recent advances highlight the importance of
transparency and equitable outcomes as essential components of modern recommendation pipelines.

We began by introducing the fundamental concepts of recommender systems, explainability, and fairness,
emphasizing their roles in enhancing user trust, system accountability, and ethical decision-making. We then proposed
a multi-dimensional taxonomy that systematically organizes existing methods based on objectives, intervention stages,
explanation types, and fairness perspectives. This taxonomy provides a structured view of the field and clarifies how
different approaches address transparency and bias from complementary angles.

Furthermore, we reviewed state-of-the-art methods across three major categories: explainability techniques,
fairness-aware approaches, and joint models that attempt to integrate both aspects. Our analysis shows that while
significant progress has been made in each area, most existing methods still address explainability and fairness sepa-
rately, with limited work on their joint optimization. In addition, we discussed evaluation metrics and highlighted the
inherent trade-offs among accuracy, explainability, and fairness. Prior studies demonstrate that improving fairness or
interpretability may affect predictive performance, underscoring the need for multi-objective optimization frameworks.

Based on this comprehensive analysis, we identified several open challenges, including data bias and incom-
pleteness, lack of unified modeling frameworks, inconsistency in evaluation methodologies, and difficulties in real-
world deployment. These challenges indicate that achieving explainable and fair recommender systems requires not
only algorithmic innovation, but also advances in data-centric approaches, human-centered design, and standardized
evaluation protocols.

Looking forward, we argue that the next generation of recommender systems should move beyond accuracy-
centric optimization toward integrated, multi-objective frameworks that jointly consider transparency, fairness,
and performance. Promising research directions include causal and debiasing-based models, interactive and user-
adaptive explanation mechanisms, privacy-preserving fairness evaluation, and scalable solutions suitable for industrial
deployment. Moreover, developing unified benchmarks and reproducible evaluation pipelines will be essential for
advancing the field in a systematic and comparable manner.
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In conclusion, explainability and fairness are not optional add-ons but fundamental requirements for the future of
recommender systems. By bridging these dimensions within a unified framework, researchers and practitioners can
design systems that are not only accurate, but also transparent, equitable, and trustworthy in real-world applications.
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