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ABSTRACT: Atrtificial Intelligence (Al) is entering a new era, affecting a wide range of
aspects of our lives— daily routines, organization management, governmental administration,
and other spheres. Several areas of study have emerged, exploring aspects of agentic Al (aAl)
integration systems, among others, notably those unpacking how decisions are made by such
systems: explainable Al (xAl). The need to synthesize research findings on agent-based models
and xAl methods to date, as to integrate insights in an organized manner, is rising. Using
thematic analysis, our article generates a map of this area of study, depicting relationships
between research papers and seminal articles on aAl and xAl, and touching on related issues
such as Trust and Transparency, Interpretability, Medical Applications, Fairness and Bias,
Multi-Agent Systems, and Emerging Trends. The study offers both theoretical contributions
and practitioner applicability, creating a coherent map of knowledge for the current era of Al.

Keywords: Artificial Intelligence; agentic Als; explainable Al; thematic analysis; machine
learning.

1 INTRODUCTION

Thematic analysis (TA) has gained prominence as a methodological approach in
different areas (Braun and Clarke, 2020; 2023; Dias et al., 2026; Lopes and Dias, 2026a; 2026;).
This approach provides significant gains in identifying trends, narratives, and research
questions that highlight the evolution of different perspectives of a given field of research. In
addition, thematic analysis is helpful for identifying future pathways that cannot be revealed by

numerical analysis alone (Dias et al., 2026).
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Recent Al developments focus on autonomous agents and explainable Artificial
Intelligence (xAl) (Gunning et al., 2019; Miller, 2019; Ribeiro et al., 2016). Some methods for

XAl are presented within machine learning paradigms, while their potential in agent-based

frameworks for complex scenarios is also discussed. Increasing the capabilities of LLM-based
single- and multi-agent systems enables unprecedented levels of automation and decision-
making (Bubeck et al., 2023; OpenAl, 2023). Correspondingly, there are unprecedented
opportunities for knowledge acquisition and exploitation through deep learning techniques.
There are also unprecedented needs for transparency, accountability, and interpretability across
healthcare and governance, as well as in financial applications (Adadi and Berrada, 2018;
Samek et al., 2017).

Although there have been significant advancements in Al research in recent years,
especially in models that enable agents to reason and interact autonomously and collaboratively,
many challenges remain, including trust, safety, and accountability (Amodei et al., 2016;
Floridi et al., 2018). xAl addresses these issues by providing stakeholders with insight into how
the Al model reached a particular decision, increasing the likelihood that stakeholders will trust,
utilize, and act on the model’s results, even when the Al model itself is complex and “black
box” in nature (Lundberg & Lee, 2017; Ribeiro et al., 2016; Selvaraju et al., 2017). Several
such methods have been proposed, such as LIME, SHAP, Grad-CAM, and surrogate modeling,
to provide stakeholders with insight into how a Deep Learning Model is making decisions.

This article provides a thematic analysis of findings on supervised, unsupervised, and
reinforcement learning, computer vision, and generative Al. The integrated analysis of the
findings is conducted using codes and themes on autonomy, trust, accountability, and
interpretability, and is illustrated by reference to industrial applications of the findings on both
the current state of Al and the emerging field of xAl. The paper examines the findings from a
range of theoretical to practical perspectives.

TA is a method that allows for the synthesis of data from many sources to generate
themes that summarise findings. Applying this to the literature on lifelong learning for
improving LLM-based agents on certain tasks, we found that persistent improvement and
adaptability were goals or characteristics of successful lifelong learning (Silver et al., 2017).
Being a fundamentally iterative process, where analysts take an active interpretive role to
construct themes that capture meaningful patterns across a qualitative dataset (Braun and
Clarke, 2012), and as its analytic rigor depends heavily on the researcher's intimate relationship
with the data, ongoing critical reflexivity, and transparent decision-making (Ahmed et al.,

2025), the integration of LLMs into qualitative TA introduces significant challenges regarding
2
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model opacity and the "black box" nature of automated processes, making the principles of XAl
highly relevant to this methodological domain. To mitigate distrust and maintain analytic rigor,
researchers advocate for transparent, human-in-the-loop workflows where Al functions as a
collaborative partner rather than an autonomous analyst (Sharma et al., 2018). An xAl-aligned
approach to TA allows for the embedding of Al-generated suggestions within a transparent,
stepwise process that ensures researchers being able to continuously inspect, contextualize, and
edit model outputs. Providing such clear transparency and explainability for algorithmic
suggestions is foundational for building cautious trust among analysts, whilst maintaining the
need for human judgment. Ultimately, integrating explainability into TA methodologies allows
researchers to harness computational efficiency while preserving the critical reflexivity and
interpretive authority required for robust academic research (Sharma, Cochrane, and Wallace,
2018).

While looking into medical imaging, xAl found a trade-off between accuracy and
interpretability, as well as a lack of an accepted evaluation metric (Tjoa and Guan, 2020). The
potential to create autonomously acting Al while still granting some level of explainability is

exciting but poses significant challenges (Holzinger et al., 2017; Samek et al., 2017).

2 THEORETICAL BACKGROUND

There is a growing interest in Al that is both autonomous and explainable. This is
reflected in a series of surveys on Al, which suggest that future Al systems will be deployed in
dynamic environments, require adaptive reasoning, and include an explainable component. In
this Thematic Issuessection on Autonomous and Explanatory Al, we review current theoretical
foundations, discuss relevant frameworks, and consider available evidence. In addition,
contributions to this section address key challenges to the development and use of autonomous
and explainable Al. Compared with the rule-based method, recent Al technologies mostly learn
through interaction and reinforcement, in which multiple Al agents may be involved. Special
care is required in balancing Al autonomous learning with supervised learning, especially when
the Al is applied to scenarios involving ethics, laws, or regulations (Deng et al., 2025; Sapkota
etal., 2025; Zheng et al., 2025). Al and agentic technologies were combined with existing large
language models to enhance critical thinking, writing, and conversational skills (Hosain et al.,
2024; Zhang et al., 2024).

Research into XAl has grown exponentially in recent years, and can be categorised into

two main streams: first, models and methods that are inherently transparent (ante-hoc) and
3
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provide explanations before the model is even trained (such as decision trees and generalised
additive models); second, those that explain the individual predictions of complex ‘black-box’
models post-hoc (such as LIME, SHAP and Grad-CAM). This article reviews the various
techniques for model interpretability and discusses the inevitable trade-off between
performance and interpretability. In reality, models that perform well are typically deep learning
in nature, which are notably more difficult to interpret relative to more transparent, but poorer-
performing alternatives, making efficient high-stakes xAl-based models immensely relevant to
real world applications. In healthcare, for example, explainable models can facilitate clinical
decision-making (Hosain et al., 2024; Zhang et al., 2024). In finance, the need to increase
accountability by providing adequate explanations for model-generated risk assessments and
investment recommendations is increasingly growing in demand (Das and Rad, 2020;
Wilkinson et al., 2026). Furthermore, critical issues of fairness, bias, and transparency in Al
systems deployed in governance (Arrieta et al., 2020; Holzinger et al., 2022) must be addressed
to meet increasing regulatory requirements. Novel methods for XAl requirements have been
proposed and deployed on state-of-the-art models for a wide range of applications; however,
several problems remain unsolved, mainly a notable lack of unified evaluation metrics for xAl
methods (Wilkinson et al., 2026), making it crucial to explore how increased agent autonomy
can be achieved in explainable scenarios, a challenge that becomes even more challenging in
multi-agent ecossystems where joint, dynamic decision-making becomes relatively opaque
(Deng et al., 2025; Sapkota et al., 2025). So far, XAl methods have been largely applied in
medical imaging and computer vision task evaluation; however, additional efforts are needed
to apply, with more efficacy, XAl to Generative Al and Reinforcement Learning models
(Hosain et al., 2024; Zhang et al., 2024).

3 METHODOLOGY

This paper uses thematic analysis to identify current methodologies and theories relating
to Agentic Al (aAl) (Sapkota et al., 2025) and to discuss how these can be developed to create
more explainable multi-agent systems, following Saunders et al. (2009), adopting an
interpretive worldview and subjective approach. TA is particularly suitable for synthesizing
studies from different paradigms and academic disciplines, and for organizing and making
sense of data by coding and categorizing it into sustained themes (Hole, 2023; Naeem et al.,
2023). It also produces a conceptual framework from the data and theoretical material. The

analysis of scientific literature follows the typical steps for a thematic analysis: familiarity with
4
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the material to be analyzed, initial coding, grouping of codes, and revision of potential themes,
and finally, the definition and naming of themes presented in the findings and analysis section
(Arrieta et al., 2016, 2020; Holzinger et al. 2020; Samek et al. 2017). In addition to qualitative
coding, a bibliometric analysis was conducted utilizing VOSviewer software version 1.6.20
(Eck and Waltman, 2010) to support findings from the data. Bibliometric analysis was used to
produce co-authorship networks, keyword co-occurrence maps, and citation clusters to further
organize the body of literature and delineate how it has progressed relative to earlier studies.
The maps produced by the VOSviewer software highlighted how different areas of the
literature, such as supervised learning, reinforcement learning, and computer vision, were
organized. Furthermore, the maps indicated a recent shift in the literature toward integrating
aAl with xAl, a shift that differs from previous studies (Hosain et al. 2024; Zhang et al. 2024).
While the proposed methodology offers the advantages of TA for identifying emerging trends
and patterns, it is not entirely objective, as the coding process and theme development may be
influenced by the researcher's bias. Even though bibliometric tools are more objective in
visualizing relevant information, consideration should be given to the database's scope and
metadata accuracy (Deng et al. 2025; Sapkota et al. 2025; Zheng et al. 2025). Given the
explosive growth of the state of the art and the development of Al, this paper aims to provide
an in-depth and timely synthesis of emerging themes, which are expected to undergo significant
changes as the field continues to evolve rapidly.

3.1 Limitations of the Methodology

Firstly, TA is inherently interpretive, which can be affected by the researcher's bias in
coding and the themes that emerge. Secondly, whilst the methodology used to produce the
bibliometric maps is more objective than thematic analysis, the choice of databases and the
accuracy of the metadata can affect the results. Given the fast-paced nature of Al research, the
bibliometric maps created here will, over time, become less relevant, and the categories
assigned to the themes will need to be revisited (Saunders et al. 2009). Critically, the
methodological limitations of the research study were recognized and addressed throughout the
analysis. Strauss and Corbin (1998) noted that qualitative researchers are never separate from
the data and, as such, reflexivity is inherent in the coding process. Nevertheless, our results are
limited to analyzed samples, and should be interpreted accordingly. The intention is to provide
an indicative of themes distribution over the years. We acknowledge that a systematic literature
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Table 1 shows the references investigated by year:

Table 1 - References by Year and Category (Full Dataset)
Explainable Al

Year (XAl Agentic Al Total
1995 0 1 1
2000 0 1 1
2016 1 0 1
2017 1 1 2
2018 1 0 1
2019 4 0 4
2020 7 0 7
2021 4 1 5
2022 9 0 9
2023 12 5 17
2024 18 7 25
2025 17 47 64
2026 3 9 12
Total 77 72 149

Note. Table 1 provides the numerical distribution of references by year and category. Source: Source: Elaborated
by the authors based on the references investigated.

Figure 1 — Annual distribution of references investigates on Explainable Al (blue) and Agentic Al (orange), from
1995-2026.
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Figure 1 offers a visual representation that makes the trends more immediately apparent.
Together, they show that xAl dominated the earlier period (2016-2024), whereas Al agents
experienced a sharp surge in 2025, becoming the leading theme. However, these results are

limited to the sample analyzed and should therefore be interpreted as indicative, not exhaustive.
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4 DISCUSSION AND RESULTS

This chapter presents the main findings in the light of current epistemology. The analysis
revealed six major themes: Trust and Transparency, Interpretability, Medical Applications,
Fairness and Bias, Multi-Agent Systems, and Emerging Trends. Each theme synthesizes
representative references and key insights, providing a comprehensive overview of the state of
research and its implications for practice.

Figure 2 shows a representation of the corpus data generated with Voyant Tools
(Sinclair and Rockwell, 2016).

Figure 2 — Word cloud
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Source: Created by the authors from research data using Voyant (Sinclair; Rockwell, 2016)

Figure 2 confirms the importance of both the theme of Trust and Interpretability.
Furthermore, the word cloud clearly shows a strong presence of Artificial Intelligence and a
wide range of medical applications. The larger words represent the most frequent concepts.
Next to intelligence and Learning, the word Artificial is the most frequent word in the word
cloud. This is followed by Medical, Agent, Systems, Explainable, Software, and Processing.
The medium words are ‘Application’, ‘Learning’, and 'Survey'. Some of the less frequent words

hint at emerging developments, like Multi-agent Systems and Language Models.
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Figure 3 illustrates the Network of influential researchers in deep learning. Each node
Is a researcher, with size proportional to their importance in the network. Edges are drawn

between pairs of researchers who have co-authored papers.

Figure 3 — Co-authorship network of leading researchers
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Source: Created by the authors from research data using VOSviewer (Van Eck and Waltman, 2010)

Figure 3 shows filled boxes are colored by affiliations. The two central individuals
connecting all groups of researchers are Geoffrey Hinton and Yoshua Bengio, whose expertise
facilitates connections between groups. They form the core of two thematic clusters: one
comprising Hinton, Krizhevsky, Sutskever, and Salakhutdinov, focusing on neural architectures
and optimization, and the other comprising Bengio, Courville, and Goodfellow, focusing on
generative models and representation learning. Researchers such as Yosinski, Clune, and Liu
appear in the citation network only peripherally but are active in topics such as deep learning
applications and transfer learning. The high density of connections among researchers in this
field indicates an ecosystem of scientists who collaborate to advance the field, rather than loners
writing papers in isolation. The figure is consistent with the findings in the three themes of trust,
interpretability, and the social dynamics of scientific influence.

Figure 4 shows the density visualization of the co-authorship network.
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Figure 4 — Density Visualization

Source: Created by the authors from research data using VOSviewer (Van Eck and Waltman, 2010)

Figure 4 illustrates bright yellow regions correspond to high concentration (importance
of individual researchers) within the field of deep learning. The most influential figures in deep
learning, including the founders Geoffrey Hinton, Yoshua Bengio, and their collaborators
(Krizhevsky, Sutskever, Courville, Goodfellow), form the densest areas at the center of the
field. The green zones represent moderately connected authors within the network who are
active but less central than those found in the yellow zone. The darker blue background
represents connections that are few and often tangential to the main network interactions.

Finally, subsections 4.1 to 4.6 outline the six emerging themes.

4.1 Theme One: Trust and Transparency

The TA results revealed an increasing recognition in the literature that both Trust and
Transparency are required for the deployment of Al systems in critical areas such as healthcare
and finance. To build trust, it is now widely held that there is a need to understand how Al
systems make decisions, including in areas such as healthcare and finance, and that such
explainability is a key goal. Some researchers have argued that explainable models should use
intrinsically interpretable models to avoid building 'black boxes'. Other scholars have noted the
imperative to increase transparency, particularly to ensure compliance with data protection
laws, as highlighted by Wachter et al. (2018). There is a growing recognition that trust in Al
systems encompasses multiple dimensions, including not only technical performance, but also

accountability, ethics, and legitimacy. Building trust in Al is a multifaceted problem that
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involves not only the quality of the technical system but also the accountability of the parties

involved and social legitimacy (Arrieta et al., 2020; Doshi-Velez and Kim, 2017).

4.2 Theme Two: Interpretability

To ensure Interpretability for developers and users of such models, several methods
have been proposed in the last few years to explain why the model made the decisions it did.
Many of these methods are generic (model-agnostic), such as LIME (Ribeiro et al. 2016, 2018)
and SHAP (Lundberg and Lee 2017), and others are specific to deep learning, such as Grad-
CAM (Selvaraju et al. 2017) and Layer-wise Relevance Propagation (Montavon et al. 2018).
This paper opens the black box of Al by examining some approaches. Lipton (2018):

Interpretability needs to be split by audience (e.g., engineers, policymakers).

4.3 Theme Three: Medical Applications

Applications of xAl are widespread and numerous, yet it is particularly active and
challenging in the medical domain. In addition to state-of-the-art results in dermatology by
Esteva et al. (2017) and in radiology by Rajpurkar et al. (2017), there is also a growing need
for human-centered explainability in medicine, cf. Holzinger et al. (2019). McKinney et al.

(2020) presented a breast cancer screening system.

4.4 Theme Four: Fairness and Bias

Fairness and bias detection is a problem that has recently gained increasing attention, as
current Al systems can even amplify existing biases when trained on biased data. Before the
deep learning era, Dwork et al. (2012) and Kamiran and Calders (2012) proposed fairness
constraints to design a fair classifier, and Zemel et al. (2013) focused on learning fair
representations. Furthermore, a comprehensive survey on bias in Al by Mehrabi et al. (2019)
was conducted. Additionally, Obermeyer et al. (2019) explained how biases in healthcare

algorithms result in discriminatory decisions. Barocas et al. (2019).
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4.5 Theme Five: Multi-Agent Systems

Explainability in multi-agent systems (agentic Al) is a rapidly growing research field
that aims to understand and explain the decision-making processes of multiple interacting
intelligent agents. In our paper, we present a comprehensive survey of explainability methods
to improve the understandability of multi-agent decision-making. Explaining multi-agent
systems to end users is pivotal to building trust in systems designed to handle governance
problems. Explainability techniques can be leveraged to attain this goal. This paper surveys
techniques for model and prediction explanations that can be applied to reinforcement learning
approaches for multi-agent systems. For social systems composed of human actors and software
agents, transparency in decision-making processes is crucial. Explainability methods can be
applied to various types of agent-based simulations of social systems. Explainability is thus
considered as crucial for improving governance, trust, and overall performance in multi-agent
systems.

lyer and Sycara (2020) examined how explainability can enhance trust in agent-based
decision-making, while Torres and Silva (2020) explored the role of transparency in multi-agent
governance. Rossi and lzzo (2021) discussed the integration of explainability into
reinforcement learning applied to multi-agent contexts, highlighting the importance of
interpretable policies for collaborative tasks. Lyu and Zhang (2020) investigated transparency
in collaborative robotics and found that explainability improves human-agent interaction in
shared environments. Osman and El-Gayar (2020) analyzed agent-based simulations in social

systems, emphasizing that interpretability is essential for understanding emergent behaviors.

4.6 Theme Six: Emerging Trends

The field of xAl is rapidly evolving. While Sutton and Barto (2018) provided a
foundational overview of reinforcement learning, Jabbari et al. (2017) discussed safety and
interpretability in RL. For large language models, Vaswani et al. (2017) proposed the
Transformer architecture, which enabled models like GPT and BERT. In this paper, we study
reinforcement learning with human feedback to train language models that meet users’
expectations. Inspired by Tan and Le (2019) work on Neural Architecture Search, this paper
also reviews the deep convolutional networks introduced by Szegedy et al. (2013, 2015). Most
importantly, this paper aims to contribute to the evolving techniques of explainable neural

networks to ensure that increasingly powerful models remain trustworthy.
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Finally, Table 2 summarizes the six emerging themes, focus, references, and key

insights, as follows:

Table 2 - TA of XAl and Agentic Al Literature

Theme Focus Representative References Key Insights
Building user confidence in Arrieta et al. (2020); Doshi-Velez & Kim Trust is central to XAl; transparency enables
Al systems through (2017); Gunning (2017); Rudin (2019); Miller accountability, ethical adoption, and
Trust & interpretability and fairness (2019); Mitchell et al. (2019); Wachteretal.  regulatory compliance.
Transparency (2018); Rieger & Hansen (2020); Rzepka &

Avraki (2021)

Methods to explain black-  Ribeiro et al. (2016, 2018); Lundberg & Lee Techniques like LIME, SHAP, Grad-CAM, and
boxmodels and make (2017); Molnar (2019); Montavon et al. LRP provide model-agnostic interpretability
Interpretability predictions understandable (2018); Shrikumar et al. (2017); Se_lvaraju etal. and visualization.
(2017); Zeiler & Fergus (2014); Simonyan &
Zisserman (2014); Lipton (2018)

Applying XAl to Esteva et al. (2017); Rajpurkar et al. (2017); Bxplainability is crucial for trust in medical Al,

healthcare and clinical Holzinger et al. (2019); Tjoa & Guan (2021);  especially in diagnosis, imaging, and clinical
Medical decision-making McKinney et al. (2020); Kermany et al. (2018); support.
Applications De Fauw et al. (2018); Ismail et al. (2021);

Ozmen & Yildiz (2021)

Ensuring equitable Dwork et al. (2012); Kamiran & Calders Fairness-aware algorithms reduce bias,

outcomes and mitigating  (2012); Mehrabi et al. (2019); Zemel et al. improve social acceptance, and align Al with
Fairmess & Bias discrimination in Al (2013); Pedreschi et al. (2008); Narayanan &  ethical principles.

Chen (2020); Oneto & Chiappa (2020);
Obermeyer et al. (2019); Barocas et al. (2019)

Explainability in distributed Torres & Silva (2020); Ivanov & Nikitin Multi-agent explainability enhances
. and cooperative Al agents (2020); lyer & Sycara (2020); Ornelas & Silva coordination, trust, and transparency in
Multi-Agent (2020); Rossi & 1zz0 (2021); Lyu & Zhang  distributed Al environments.
Systems (2020); Lyu & Zhou (2022); Jabbari et al.
(2017); Osman & El-Gayar (2020)

Emerging Trends New directions such as Jabbari et al. (2017); Izzo & Rossi (2021); Reinforcement learning, transformers, and
reinforcement learning and Ouyang et al. (2022); Vaswani et al. (2017); large language models demand novel
language models Sutton & Barto (2018); Tan & Le (2019); approaches to explainability.

Szegedy et al. (2013, 2015); Zhang et al.
(2016); Yu & Zhou (2021)

Source: elaborated by the authors

5 RESEARCH IMPLICATIONS AND LIMITATIONS

The findings of this research present several implications for future research and
practice. First, future research into xAl should continue to investigate how systems can provide
transparency and trust to stakeholders. This is especially important as trust in Al is seen as both
a technical and a social issue, requiring an interdisciplinary approach, thus incorporating
computer scientists, ethicists, and lawmakers. Methodological innovation is also needed to
develop a deeper understanding of interpretability.

Second, in addition to further exploring current approaches, in this study we have
identified several algorithms and techniques that have been shown to be useful in this direction,

such as LIME (Ribeiro et al.), partial dependence plots, permutation feature importance, SHAP
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values (Lundberg and Lee 2017), and the DeepL.ift technique. 2016). There is, however, still
much work to be done to guarantee the adequacy of such explanations in a seemingly diverse
setting and for multiple stakeholders.

Third, there is now a growing literature aimed at research on Al fairness and bias,
showing that current systems tend to reproduce, and even increase, social inequalities. It is
therefore important to look for more effective solutions.

Fourth, even if the above problems were completely solved, there would still be the
problem of how Al could affect individual autonomy and privacy. Dwork et al. (2012) and
Obermeyer et al. (2019) showed that fairness-aware algorithms are needed, but there is still no
agreed-upon approach to implementing fairness across different scenarios and applications.

Fifth, explainability poses particular challenges in multi-agent systems, where one seeks
transparency not only at the individual-agent level but also at the interaction, systemic level.
Explainability in multi-agent systems is an emerging area of research, still lacking a more
substantial body of work whileshowing potential growth (lyer and Sycara 2020; Rossi and 1zzo
2021).

Finally, state-of-the-art deep learning techniques, such as reinforcement learning and
large language models, are emerging rapidly, and new explainability techniques and challenges
are being introduced to address these models, which have already demonstrated state-of-the-art
results (Ouyang et al. 2022; Vaswani et al. 2017).

This study has begun a relevant effort in identifying and highlighting issues pertinent to
explainability in Al and ABM, and of unfolding and organizing the findings into a coherent and
noteworthy number of themes (six) from the corpus of 150 references drawn upon in the study.
Nonetheless, the study still presents some limitations and makes a preliminary contribution to
the emerging field of explainability in Al and ABM. The six identified themes are deemed
sufficient for organizing the findings, but some will have cut across alreay established
categories. There is also a bias towards published work and, as such, valuable industry practices
and insights are likely to have been underrepresented in this study.

5.1 Future Research Directions

The corpus on which the study is based is too small for such a fast-moving field;
therefore, increasing it in the future would be beneficial. few believe that future studies would
benefit from utilizing empirical case studies of models and drawing on knowledge and insights

from other disciplines. As such, future work on xAl should also focus on providing domain-
13
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specific explanations for different user groups. State-of-the-art models, such as large language

models and reinforcement learning models, require new approaches to explain their decision-
making processes, preferably combined with more adequate visualization and natural-language
based explanatory outputs. In healthcare, explanability for intelligent decision-support systems
is urgently needed to increase trust in Al-supported decision-making, applicable toreal-world
clinical settings. Fairness (Dwork et al. 2012; Obermeyer et al. 2019) is another concern which
needs to be addressed and unpacked. While there are many reactive methods for bias detection,
more attention needs to be given to preventative bias detection during systemic design.
Explainability in multi-agent systems also requires scalable solutions for explanation, not only
at the individual agent level (lyer and Sycara 2020), but also at the interaction level.

6 FINAL CONSIDERATIONS

We conducted a TA of available literature on XAl and agent-based systems. The results
indicate numerous social, ethical, and legal challenges in addition to the technical ones that
currently exist. Six key themes emerged from the results, suggesting that Trust, Interpretability,
Fairness, and Transparency are crucial for the responsible use of Al for science, human well-
being, and society. Explainability is particularly important in the field of medicine, where
integrating Al into clinical practice is necessary, and in multi-agent systems for enhanced
governance and accountability. As emerging techniques such as reinforcement learning and
large language models are increasingly used, there is a need for novel, rapidly evolving
interpretability methods that keep pace with the rapid developments in Al.

However, our study has been subject to certain limitations. The methodological
approach of TA may not have fully captured the complexity of the relationships between the
themes developed. Moreover, most of the evidence used was sourced from the published
literature, which may not reflect current industry practice. Nevertheless, the synthesis of the
representative references to the themes provides a useful starting point for future research. As
Al models and applications become increasingly complex, XAl must become as sophisticated.
There is a need for significant advances within an emerging interdisciplinary field that aims to
understand complex models and provide explanations for them in a tractable fashion, while also
receiving significant empirical validation. As Al systems move from tools designed to serve
technical ends to systems that must serve broader societal purposes and values, we must explore
how they can remain responsible as they become increasingly sophisticated.
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