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Abstract
As artificial intelligence becomes more widespread, ensuring its trustworthiness is increasingly important. This
work focuses on enhancing transparency in recommender systems by analyzing key fairness dimensions and
their trade-offs, aiming to improve user trust. We also propose a novel synthetic data generation method to
study changes in internal representations, offering insights into system behavior and decision-making. Ongoing
work explores explainability, potentially via argumentation frameworks, to further support transparent and
accountable recommendations.
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1. Introduction

With the growing ubiquity of artificial intelligence, concerns around its trustworthiness grow accord-
ingly. The European Union’s Artificial Intelligence Act [1] recognizes these risks by classifying certain
types of recommender systems as high-risk AI.

Recommender systems are widely used in online platforms to personalize content and reduce informa-
tion overload. Given their growing impact, ensuring their trustworthiness is essential. Eliminating these
systems is not feasible, making it crucial to address associated ethical challenges such as transparency.

Trustworthiness in AI is the focus of a dedicated research community. Two critical pillars of trust-
worthiness are explainability and fairness. Explainability enables stakeholders to understand and
evaluate system decisions, fostering trust. Fairness ensures equitable treatment of different user groups,
preventing bias and supporting ethical AI adoption.

Due to the complex, multi-stakeholder nature of recommendation tasks, fairness often involves
trade-offs between competing criteria. Additionally, real-world datasets used for evaluating fairness
are often limited or biased. To address this, we explore the fairness-accuracy tradeoffs and introduce a
method for generating synthetic data, which allows for controlled experiments on system behavior and
fairness interventions.

The main goal of this work is to enhance the trustworthiness of recommender systems. This is
achieved by:

• developing a synthetic data generation method for evaluating changes in internal representations;
• analyzing fairness dimensions and their trade-offs;
• improving system interpretability to strengthen user trust.

The outcomes contribute toward more transparent, fair, and explainable recommender systems.
To improve system interpretability, current efforts are exploring explainability through potential

integration with argumentation-based frameworks.
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2. Related Work

Recent research has shifted from purely accuracy-oriented recommender systems towards more trust-
worthy models that incorporate principles such as fairness, transparency, explainability, and robust-
ness [2]. A trustworthy recommender system must not only deliver relevant results but also be secure,
responsible, and understandable to stakeholders. Transparency and explainability are especially critical,
as they improve user confidence and system accountability [3].

The development of trustworthy systems spans multiple stages, including robust and explainable data
representation, fair and transparent recommendation generation, and ethically grounded evaluation
practices. Challenges such as noisy or biased data remain significant, and synthetic data generation has
emerged as a potential solution for controlled experimentation and improving reliability [4].

This growing body of work highlights the importance of designing recommendation pipelines that
are not only effective, but also aligned with broader ethical and regulatory frameworks, such as the
EU’s Artificial Intelligence Act.

2.1. Fairness

Fairness in recommender systems has emerged as a critical aspect of trustworthy AI, aiming to mitigate
various forms of bias embedded in the data, models, and feedback loops [5]. These biases can take the
form of data (e.g., exposure, cold-start, popularity), model (e.g., ranking), or feedback biases [6]. While
fairness-aware techniques can reduce discrimination and improve the treatment of underrepresented
groups, they may introduce trade-offs with traditional accuracy metrics [2]. In some cases, fairness
efforts also lead to beneficial side effects, such as improved diversity or better coverage of the long
tail [7].

The concept of fairness is highly contextual and multi-dimensional [8]. Numerous definitions have
been proposed, including group fairness, individual fairness, process fairness, and outcome fairness [9].
However, most research focuses on a single, static definition of fairness, often failing to reflect the
complexity of real-world deployments with multiple stakeholder groups. Fairness considerations
typically focus more on providers (e.g., item suppliers) than consumers (e.g., users), even though
both perspectives are necessary for holistic assessment [9]. While some studies consider personalized
fairness based on users’ preferences or histories [10], these approaches rarely combine multiple fairness
definitions or adapt to dynamic user contexts.

Fairness-aware recommendation methods span the full system pipeline, from pre-processing (e.g., data
relabeling or reweighting), in-processing (e.g., fairness constraints during training), to post-processing
(e.g., re-ranking) [6]. These methods can be static, aiming for fairness across a population, or dynamic,
tailoring fairness to each user interaction [11]. The choice between static and dynamic fairness often
depends on the application context—for example, newsletter recommendations benefit from static
batch approaches, while real-time interfaces require adaptive strategies. Evaluation metrics also vary,
including global fairness, group proportional fairness, mean reciprocal rank fairness, and others, each
capturing different trade-offs and fairness goals [8]. Despite recent progress, challenges remain due
to the multiplicity of fairness definitions, limited real-world deployments, and insufficient evaluation
across diverse stakeholder needs [12].

2.2. Explainability

Explainability plays a crucial role in fostering the user trust, enabling users and developers alike to
assess system behavior, identify biases, and ensure fair and ethical use [13].

Explainable AI (XAI) encompasses techniques that either make models inherently interpretable
(white-box models) or provide post-hoc explanations for opaque, black-box systems [14]. Techniques
such as LIME [15] and SHAP [16] offer local or global insights into decision-making processes. These
approaches serve purposes ranging from model debugging to improving user confidence and meeting
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regulatory demands [17]. Nevertheless, post-hoc explainers often come with trade-offs in fidelity and
may not fully reflect the internal model logic [18].

Within recommender systems, explainability is approached through both interpretable models (e.g.,
matrix factorization, knowledge-based approaches) and post-hoc methods (e.g., attention mechanisms,
rule extraction). A well-established taxonomy includes user-based, item-based, feature-based, and
opinion-based explanations [19]. These explanations contribute not only to transparency but also to
system persuasiveness, user satisfaction, and effectiveness [20].

These provide users with reasons why one item was recommended over another, supporting more
informed decision-making and improving user comprehension of ranking logic. By framing recommen-
dations in relative terms, these methods align system outputs with human reasoning and enhance user
interaction [21].

The continued exploration of explainability frameworks remains essential for building recommender
systems that are not only effective but also responsible and comprehensible.

Argumentation frameworks have increasingly been recognized as a powerful tool for enhancing
explainability in artificial intelligence systems. These frameworks provide a structured way to model and
evaluate conflicting information, allowing AI models to generate human-understandable explanations
by simulating argumentative dialogues or reasoning processes [22]. In the context of explainable
AI, argumentation frameworks serve to clarify decision-making processes by explicitly representing
supporting and opposing arguments related to specific predictions or recommendations [23]. This
approach not only aids transparency but also facilitates trust by enabling users to engage interactively
with the system’s reasoning, thereby improving interpretability and user acceptance.

Moreover, argumentation-based explainability has been applied to various domains, including recom-
mender systems, where it supports multi-stakeholder perspectives by incorporating diverse viewpoints
and fairness considerations into the explanation generation process [24]. Despite its potential, chal-
lenges remain in scaling argumentation frameworks to complex models and integrating them seamlessly
with existing AI architectures, highlighting ongoing research efforts to balance computational efficiency
with explanatory depth.

Overall, argumentation frameworks represent a promising avenue for advancing explainability by
enabling AI systems to provide nuanced, interactive, and context-aware justifications for their outputs.

3. Motivation

My motivation to engage deeply with this research topic stems from a strong alignment between my
personal interests and the strategic focus of my research groups. Over the past nine years, I have
cultivated extensive experience in recommender systems, beginning with my Master’s thesis and
subsequently exploring the ethical dimensions of these systems in a professional context. During this
period, I concentrated on identifying and mitigating the negative effects of recommender systems, such
as filter bubbles and related biases.

During my doctoral studies at Comenius University in Bratislava, Slovakia, I became a member of a
research group specializing in knowledge representation and explainable artificial intelligence, which
remains my primary academic affiliation. Concurrently, I had the opportunity to spend an academic year
at the University of Colorado Boulder, USA, supported by a Fulbright Award. There, I collaborated with
a research group focused on recommender systems, particularly investigating fairness considerations
from the perspectives of multiple stakeholders. Our work also emphasizes the critical need for model
transparency and effective communication regarding the rationale behind recommendations, especially
when fairness constraints influence the outcomes.

Currently, my research agenda prioritized advancing fairness-aware recommendation systems while
progressively shifting focus towards explainability. Having completed the initial phase centered on
fairness, I am dedicated to developing explainability techniques and refining argumentation frameworks,
ultimately aiming to complete my doctoral dissertation.

Participating in the doctoral consortium would provide invaluable feedback, particularly on aspects
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related to explainability and the integration of argumentation frameworks, thereby enriching the rigor
and impact of my research.

4. Project Proposal

My project proposal consists of several steps.
Firstly, fairness integration. Employing a hybrid multi-stage recommendation architecture where an

initial personalized recommendation list is re-ranked to incorporate fairness constraints. This approach
supports multiple, dynamic fairness definitions via allocation and choice mechanisms, enabling modular,
scalable, and partly explainable adjustments. The research investigates trade-offs between fairness and
accuracy and the joint effects of various fairness notions, including provider-side, consumer-side, group,
and individual fairness.

Secondly, developing a synthetic data generation method inspired by matrix factorization techniques
to simulate realistic user-item interactions and controlled biases. This allows systematic evaluation of
fairness-aware algorithms under diverse conditions and supports experimentation on fairness-accuracy
trade-offs with adjustable sensitive features and bias parameters.

Lastly, enhancing explainability by leveraging knowledge representation methods such as ontologies,
argumentation frameworks, and comparative explanations. The work focuses on communicating why
certain items are recommended, especially when fairness mechanisms affect rankings. Comparative
explanations provide transparency regarding deviations introduced by fairness-aware re-ranking. User
studies are planned to evaluate explanation effectiveness, assessing metrics such as trust, transparency,
and user satisfaction.

Employing the argumentation frameworks allows the system to articulate not only why certain items
were recommended but also how competing fairness considerations and stakeholder preferences were
balanced. Moreover, argumentation frameworks facilitate the generation of dynamic, context-aware
explanations that can be tailored to different stakeholder groups, thereby improving the communica-
tive clarity and relevance of explanations. Through this explicit reasoning process, users can better
comprehend the trade-offs and decisions embedded in the recommendation, which fosters acceptance
of the system’s outputs.

5. Preliminary Results

We explored the research questions through SCRUF-D, a dynamic multi-agent framework for fairness-
aware recommendation [25]. Unlike static approaches, SCRUF-D models fairness as a dynamic property,
using multiple fairness agents, each representing a different fairness objective (e.g., group proportionality,
utility). Agents are allocated using mechanisms such as Lottery, Least Fair, or Weighted, and their
preferences are aggregated through social choice methods (e.g., Borda, Copeland, Rescoring).

Our experiments on real-world (e.g., MovieLens [26], Microlending [27]) and synthetic datasets
show that SCRUF-D can effectively balance multiple, heterogeneous fairness definitions with minimal
accuracy trade-offs. Our research has shown that it supports both group and individual provider-side
fairness [27].

To enable controlled experimentation, we developed LAFS, a synthetic data generation method based
on latent factor simulation [28]. LAFS simulates user/item features, biases, and sensitive attributes,
making it well-suited for testing fairness interventions in recommendation pipelines.

SCRUF-D demonstrates strong flexibility across allocation and ranking mechanisms, enabling nuanced
fairness control across dynamic and multi-objective contexts.

6. Conclusion

This work contributes to the development of transparent and fair recommender systems by addressing
multiple aspects of trustworthiness, including fairness-aware re-ranking, dynamic multi-objective
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optimization, and synthetic data generation. The SCRUF-D framework enables modular and flexible
integration of fairness objectives, while the LAFS method allows for systematic evaluation through
controlled synthetic datasets.

While these contributions offer a foundation for fair and accountable recommendations, future work
is shifting focus toward the dimension of explainability. In particular, we are exploring argumentation-
based frameworks as a structured approach for modeling, communicating, and justifying the reasoning
behind recommendations. Argumentation offers a promising pathway for incorporating stakeholder
perspectives, resolving conflicts between competing fairness goals, and providing interactive, context-
aware explanations. Ultimately, we aim to integrate fairness and explainability into a unified framework
that supports transparent, intelligible, and socially responsible recommendation processes.

In particular, the enhancement of explainability through the incorporation of argumentation frame-
works would significantly benefit from the opportunity to participate in the KR Doctoral Consortium
and to receive expert feedback.
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